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Figure 1. Inferences of mutational signatures using different approaches. (A) Targeted mutagenesis using selected agents and sequencing of clonally
derived cell populations to identify corresponding mutational signatures. (B) Perturbation of selected cellular processes in model systems (e.g. animal
models, organoids, cell lines), and then sequencing of tumors or clonally derived cell populations to identify corresponding mutational signatures. (C)
Data-driven approaches to identify mutational signatures of exo- and endogenous mutagenic processes. While the schematics above are shown for single
base substitution (SBS) signatures, similar approaches have also been adopted for doublet base substitution (DBS), small InDel and genomic rearrangement
signatures.

aspects of the complexity of environmental exposure and
deficiency in genome maintenance that are characteristics
of the mutational landscapes of human tumors and non-
malignant somatic cells.

In 2010, Pleasance et al. used whole genome sequencing
to analyze mutational patterns in cancer cell lines (15,16)
and reported that lung and skin cancer cell lines show char-
acteristic signatures of smoking and UV exposure, respec-
tively. More recently, whole genome sequencing and whole
exome sequencing of thousands of cancer genomes have
provided an opportunity to examine mutation patterns in
cancer genomes using data-driven approaches and infer
their likely etiologies (Figure 1C). Alexandrov et al. im-
plemented non-negative matrix factorization (NMF) to de-
convolve mutation patterns in cancer genomes and identi-
fied an initial set of 30 mutational signatures (17,18). More
recently, using multiple computational methods the Pan-
Cancer Analysis of Whole Genomes (PCAWG) study has
identified a total of 77 consensus mutational signatures,
comprising 49 SBS, 11 DBS, 17 InDel and 6 rearrangement
signatures (19).

A majority of computationally inferred signatures match
with the mutation profile characteristics of known muta-
genic processes. These include environmental carcinogens
[e.g. smoking, UV, etc. (19)], food-borne mutagens [e.g.
aflatoxin (20)] and those attributed to cytotoxic treatments
[e.g. cisplatin exposure (21)]. Recently, SBS17 has been at-
tributed to 5-fluorouracil treatment (22). These findings
have provided insights into cancer etiology and influenced
treatment options. Analysis of mutational patterns has also
unveiled novel mutagenic processes and established their

etiologies [e.g. kataegis (23) and chromothripsis (24)]. It ap-
pears that some mutational signatures typically arise pro-
gressively during aging processes in normal somatic cells
[e.g. the clock-like signatures (25)], whereas some other sig-
natures (e.g. signatures of burst-like APOBEC mutagenesis
and uncorrected replication error) probably arise late dur-
ing tumor progression (26,27). The PCAWG mutational sig-
nature analyses and COSMIC catalog of mutational signa-
tures provide an excellent discourse of the latest mutational
signatures, their etiologies and nucleotide-level characteris-
tics (18,19).

COMPUTATIONAL RESOURCES FOR EXTRACTION
AND ANALYSIS OF MUTATIONAL SIGNATURES

A number of computational resources have been developed
for extraction, interpretation and annotation of mutational
signatures from large-scale somatic mutation data. WTSI
(28) and Emu (29) were among the first available to identify
mutational signatures from somatic mutation data in can-
cer genomes. Since then, a number of additional tools such
as SomaticSignatures (30), SigProfiler (19), SignatureAna-
lyzer (19), sigfit (31), Helmsman (32), maftools (33), signeR
(34) and others have been developed. These tools use prob-
abilistic approaches and NMF to process and extract mu-
tational signatures de novo from cancer genomic data. A
subset of these can now identify signatures associated with
other classes of genomic alterations such as InDels, DBS
and/or rearrangements. The number of mutational signa-
tures present in somatic genomes is not known a priori;
some tools can automatically estimate an optimal number
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derived cell populations to identify corresponding mutational signatures. (B) Perturbation of selected cellular processes in model systems (e.g. animal
models, organoids, cell lines), and then sequencing of tumors or clonally derived cell populations to identify corresponding mutational signatures. (C)
Data-driven approaches to identify mutational signatures of exo- and endogenous mutagenic processes. While the schematics above are shown for single
base substitution (SBS) signatures, similar approaches have also been adopted for doublet base substitution (DBS), small InDel and genomic rearrangement
signatures.

aspects of the complexity of environmental exposure and
deficiency in genome maintenance that are characteristics
of the mutational landscapes of human tumors and non-
malignant somatic cells.

In 2010, Pleasance et al. used whole genome sequencing
to analyze mutational patterns in cancer cell lines (15,16)
and reported that lung and skin cancer cell lines show char-
acteristic signatures of smoking and UV exposure, respec-
tively. More recently, whole genome sequencing and whole
exome sequencing of thousands of cancer genomes have
provided an opportunity to examine mutation patterns in
cancer genomes using data-driven approaches and infer
their likely etiologies (Figure 1C). Alexandrov et al. im-
plemented non-negative matrix factorization (NMF) to de-
convolve mutation patterns in cancer genomes and identi-
fied an initial set of 30 mutational signatures (17,18). More
recently, using multiple computational methods the Pan-
Cancer Analysis of Whole Genomes (PCAWG) study has
identified a total of 77 consensus mutational signatures,
comprising 49 SBS, 11 DBS, 17 InDel and 6 rearrangement
signatures (19).

A majority of computationally inferred signatures match
with the mutation profile characteristics of known muta-
genic processes. These include environmental carcinogens
[e.g. smoking, UV, etc. (19)], food-borne mutagens [e.g.
aflatoxin (20)] and those attributed to cytotoxic treatments
[e.g. cisplatin exposure (21)]. Recently, SBS17 has been at-
tributed to 5-fluorouracil treatment (22). These findings
have provided insights into cancer etiology and influenced
treatment options. Analysis of mutational patterns has also
unveiled novel mutagenic processes and established their

etiologies [e.g. kataegis (23) and chromothripsis (24)]. It ap-
pears that some mutational signatures typically arise pro-
gressively during aging processes in normal somatic cells
[e.g. the clock-like signatures (25)], whereas some other sig-
natures (e.g. signatures of burst-like APOBEC mutagenesis
and uncorrected replication error) probably arise late dur-
ing tumor progression (26,27). The PCAWG mutational sig-
nature analyses and COSMIC catalog of mutational signa-
tures provide an excellent discourse of the latest mutational
signatures, their etiologies and nucleotide-level characteris-
tics (18,19).

COMPUTATIONAL RESOURCES FOR EXTRACTION
AND ANALYSIS OF MUTATIONAL SIGNATURES

A number of computational resources have been developed
for extraction, interpretation and annotation of mutational
signatures from large-scale somatic mutation data. WTSI
(28) and Emu (29) were among the first available to identify
mutational signatures from somatic mutation data in can-
cer genomes. Since then, a number of additional tools such
as SomaticSignatures (30), SigProfiler (19), SignatureAna-
lyzer (19), sigfit (31), Helmsman (32), maftools (33), signeR
(34) and others have been developed. These tools use prob-
abilistic approaches and NMF to process and extract mu-
tational signatures de novo from cancer genomic data. A
subset of these can now identify signatures associated with
other classes of genomic alterations such as InDels, DBS
and/or rearrangements. The number of mutational signa-
tures present in somatic genomes is not known a priori;
some tools can automatically estimate an optimal number
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PEMSEC : modes of cancer evolution

• Differences in the activity of the pathways associated with 
proliferation, cell death etc between subclones.

• Subclonal pathway-level scores collectively consistent 
and aligned with cancer hallmarks.
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• Inference on the modes of tumor evolution and association 
with subclonal driver events.
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Figure 1. Inferences of mutational signatures using different approaches. (A) Targeted mutagenesis using selected agents and sequencing of clonally
derived cell populations to identify corresponding mutational signatures. (B) Perturbation of selected cellular processes in model systems (e.g. animal
models, organoids, cell lines), and then sequencing of tumors or clonally derived cell populations to identify corresponding mutational signatures. (C)
Data-driven approaches to identify mutational signatures of exo- and endogenous mutagenic processes. While the schematics above are shown for single
base substitution (SBS) signatures, similar approaches have also been adopted for doublet base substitution (DBS), small InDel and genomic rearrangement
signatures.

aspects of the complexity of environmental exposure and
deficiency in genome maintenance that are characteristics
of the mutational landscapes of human tumors and non-
malignant somatic cells.

In 2010, Pleasance et al. used whole genome sequencing
to analyze mutational patterns in cancer cell lines (15,16)
and reported that lung and skin cancer cell lines show char-
acteristic signatures of smoking and UV exposure, respec-
tively. More recently, whole genome sequencing and whole
exome sequencing of thousands of cancer genomes have
provided an opportunity to examine mutation patterns in
cancer genomes using data-driven approaches and infer
their likely etiologies (Figure 1C). Alexandrov et al. im-
plemented non-negative matrix factorization (NMF) to de-
convolve mutation patterns in cancer genomes and identi-
fied an initial set of 30 mutational signatures (17,18). More
recently, using multiple computational methods the Pan-
Cancer Analysis of Whole Genomes (PCAWG) study has
identified a total of 77 consensus mutational signatures,
comprising 49 SBS, 11 DBS, 17 InDel and 6 rearrangement
signatures (19).

A majority of computationally inferred signatures match
with the mutation profile characteristics of known muta-
genic processes. These include environmental carcinogens
[e.g. smoking, UV, etc. (19)], food-borne mutagens [e.g.
aflatoxin (20)] and those attributed to cytotoxic treatments
[e.g. cisplatin exposure (21)]. Recently, SBS17 has been at-
tributed to 5-fluorouracil treatment (22). These findings
have provided insights into cancer etiology and influenced
treatment options. Analysis of mutational patterns has also
unveiled novel mutagenic processes and established their

etiologies [e.g. kataegis (23) and chromothripsis (24)]. It ap-
pears that some mutational signatures typically arise pro-
gressively during aging processes in normal somatic cells
[e.g. the clock-like signatures (25)], whereas some other sig-
natures (e.g. signatures of burst-like APOBEC mutagenesis
and uncorrected replication error) probably arise late dur-
ing tumor progression (26,27). The PCAWG mutational sig-
nature analyses and COSMIC catalog of mutational signa-
tures provide an excellent discourse of the latest mutational
signatures, their etiologies and nucleotide-level characteris-
tics (18,19).

COMPUTATIONAL RESOURCES FOR EXTRACTION
AND ANALYSIS OF MUTATIONAL SIGNATURES

A number of computational resources have been developed
for extraction, interpretation and annotation of mutational
signatures from large-scale somatic mutation data. WTSI
(28) and Emu (29) were among the first available to identify
mutational signatures from somatic mutation data in can-
cer genomes. Since then, a number of additional tools such
as SomaticSignatures (30), SigProfiler (19), SignatureAna-
lyzer (19), sigfit (31), Helmsman (32), maftools (33), signeR
(34) and others have been developed. These tools use prob-
abilistic approaches and NMF to process and extract mu-
tational signatures de novo from cancer genomic data. A
subset of these can now identify signatures associated with
other classes of genomic alterations such as InDels, DBS
and/or rearrangements. The number of mutational signa-
tures present in somatic genomes is not known a priori;
some tools can automatically estimate an optimal number
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PEMSEC : impact of phenotypic plasticity on evolutionary parameters
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PEMSEC : effects of tumor microenvironment on evolutionary parameters

Effects of tumor microenvironment

Effects of clonal differences

Effects of clonal differences in 
microenvironmental contexts

• Proportions of variance explained by clonal and microenvironmental attributes.
• Effects of microenvironmental makeups on cancer hallmarks.
• Revisiting inferences on neutral evolution and clonal dynamics under selection.

Sharma et al. Cell rep, 2019
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PEMSEC : effects of tumor microenvironment on evolutionary parameters

Effects of tumor microenvironment

Effects of clonal differences

Effects of clonal differences in 
microenvironmental contexts

• Microenvironmental contexts influence clonal fitness and overall makeups of intra-tumor spatial heterogeneity

Sharma et al. Cell rep, 2019
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PEMSEC : evolutionary parameters in metastatic contexts
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Non-stationarity of the mode of evolution: 
Modes of cancer evolution and parameters may be dynamically 
modulated by cellular states and microenvironment contexts.

PEMSEC: https://github.com/sjdlabgroup/PEMSEC
Email: subhajyoti.de@rutgers.edu
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Figure 1. Inferences of mutational signatures using different approaches. (A) Targeted mutagenesis using selected agents and sequencing of clonally
derived cell populations to identify corresponding mutational signatures. (B) Perturbation of selected cellular processes in model systems (e.g. animal
models, organoids, cell lines), and then sequencing of tumors or clonally derived cell populations to identify corresponding mutational signatures. (C)
Data-driven approaches to identify mutational signatures of exo- and endogenous mutagenic processes. While the schematics above are shown for single
base substitution (SBS) signatures, similar approaches have also been adopted for doublet base substitution (DBS), small InDel and genomic rearrangement
signatures.

aspects of the complexity of environmental exposure and
deficiency in genome maintenance that are characteristics
of the mutational landscapes of human tumors and non-
malignant somatic cells.

In 2010, Pleasance et al. used whole genome sequencing
to analyze mutational patterns in cancer cell lines (15,16)
and reported that lung and skin cancer cell lines show char-
acteristic signatures of smoking and UV exposure, respec-
tively. More recently, whole genome sequencing and whole
exome sequencing of thousands of cancer genomes have
provided an opportunity to examine mutation patterns in
cancer genomes using data-driven approaches and infer
their likely etiologies (Figure 1C). Alexandrov et al. im-
plemented non-negative matrix factorization (NMF) to de-
convolve mutation patterns in cancer genomes and identi-
fied an initial set of 30 mutational signatures (17,18). More
recently, using multiple computational methods the Pan-
Cancer Analysis of Whole Genomes (PCAWG) study has
identified a total of 77 consensus mutational signatures,
comprising 49 SBS, 11 DBS, 17 InDel and 6 rearrangement
signatures (19).

A majority of computationally inferred signatures match
with the mutation profile characteristics of known muta-
genic processes. These include environmental carcinogens
[e.g. smoking, UV, etc. (19)], food-borne mutagens [e.g.
aflatoxin (20)] and those attributed to cytotoxic treatments
[e.g. cisplatin exposure (21)]. Recently, SBS17 has been at-
tributed to 5-fluorouracil treatment (22). These findings
have provided insights into cancer etiology and influenced
treatment options. Analysis of mutational patterns has also
unveiled novel mutagenic processes and established their

etiologies [e.g. kataegis (23) and chromothripsis (24)]. It ap-
pears that some mutational signatures typically arise pro-
gressively during aging processes in normal somatic cells
[e.g. the clock-like signatures (25)], whereas some other sig-
natures (e.g. signatures of burst-like APOBEC mutagenesis
and uncorrected replication error) probably arise late dur-
ing tumor progression (26,27). The PCAWG mutational sig-
nature analyses and COSMIC catalog of mutational signa-
tures provide an excellent discourse of the latest mutational
signatures, their etiologies and nucleotide-level characteris-
tics (18,19).

COMPUTATIONAL RESOURCES FOR EXTRACTION
AND ANALYSIS OF MUTATIONAL SIGNATURES

A number of computational resources have been developed
for extraction, interpretation and annotation of mutational
signatures from large-scale somatic mutation data. WTSI
(28) and Emu (29) were among the first available to identify
mutational signatures from somatic mutation data in can-
cer genomes. Since then, a number of additional tools such
as SomaticSignatures (30), SigProfiler (19), SignatureAna-
lyzer (19), sigfit (31), Helmsman (32), maftools (33), signeR
(34) and others have been developed. These tools use prob-
abilistic approaches and NMF to process and extract mu-
tational signatures de novo from cancer genomic data. A
subset of these can now identify signatures associated with
other classes of genomic alterations such as InDels, DBS
and/or rearrangements. The number of mutational signa-
tures present in somatic genomes is not known a priori;
some tools can automatically estimate an optimal number


