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Abstract: A major goal of cancer biology is to understand the mechanisms underlying
tumorigenesis driven by somatically acquired mutations. Existing computational approaches
focus on either scoring the pathogenicity of mutations or characterizing their effects at specific
scales. Here, we established a unified computational framework, NetFlow3D, that systematically
maps the multiscale mechanistic effects of somatic mutations in cancer. The establishment of
NetFlow3D hinges upon the Human Protein Structurome, a complete repository we first
compiled that incorporates the 3D structures of every single protein as well as the binding
interfaces for all known PPIs in humans. The vast majority of 3D structural information was
resolved by recent deep learning algorithms. By applying NetFlow3D to 415,017 somatic
protein-altering mutations in 5,950 TCGA tumors across 19 cancer types, we identified 1,656
intra- and 3,343 inter-protein 3D clusters of mutations throughout the Human Protein
Structurome, of which ~50% would not have been found if using only
experimentally-determined protein structures. These 3D clusters have converging effects on 377
cellular subnetworks. Compared to canonical PPI network analyses, NetFlow3D achieved a
5.5-fold higher statistical power for identifying significantly dysregulated subnetworks. The
majority of identified subnetworks were previously obscured by the overwhelming background
noise of non-clustered passenger mutations, including portions of non-canonical PRC1, mediator
complex, MCM2-7 complex, neddylation of cullins, complement system, TRiC, etc. NetFlow3D
and our pan-cancer results can be accessed from http://netflow3d.yulab.org. This work shows
that mapping how individual mutations act across scales requires the integration of their local
spatial organization on protein structures and their global topological organization in the PPI
network.

One-Sentence Summary: Integrating the arrangement of somatic mutations on 3D protein
structures and throughout the protein-protein interaction network provides unique insights of
their multiscale mechanistic effects in cancer.
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Main Text:
Somatically acquired mutations are one of the major sources driving tumorigenesis (1).
Computational approaches have been developed to assign pathogenicity scores to given
mutations, indicating their phenotypic effects on an organism (2–8). Complementary to these
approaches, understanding the mechanisms driven by each mutation—from altering genomic
sequences to changing key amino acid residues to dysregulating relevant cellular pathways—is
key to developing effective therapeutic strategies. Efforts have been made to interpret the effects
of mutations at specific scales (9–17). Some studies focus on the molecular effects and look for
spatial clustering of mutations within critical regions of proteins (9–15, 18, 19). Others focus on
cancer-related pathways and look for significantly mutated subnetworks of proteins (16, 17, 20).
Studies at the molecular and pathway levels offer complementary insights into the underlying
mechanisms of cancer.

At the molecular scale, the spatial organization of somatic mutations on 3D protein structures can
reveal functionally important protein regions and can thus assist in identifying cancer driver
mutations (9–15, 18, 19). Given that the overwhelming majority of somatic mutations in cancer
are passengers (i.e., mutations that do not contribute to cancer development) (21), identifying
spatial clusters of mutations can narrow down potential driver mutations and thus significantly
boost the signal-to-noise ratio. However, current 3D clustering algorithms either limit their scope
to the experimentally-determined structures (9, 11, 12, 15), or specifically focus on single
proteins (10–12, 14) or protein-protein interaction (PPI) interfaces (22, 23). No approach yet
fully examines the 3D structures of every single protein as well as the binding interfaces of all
known PPIs in humans, leaving many spatial clusters yet to be identified. The bottleneck has
been the limited coverage of 3D structural information: only ~35% of single proteins and ~4% of
known PPIs in humans have experimentally-determined structures (see materials and methods).

At the pathway scale, PPI network analyses are widely used to investigate the biological
processes involved in cancer development (16, 17). These approaches integrate the topology of
PPI network with the gene-level statistics to identify significantly mutated subnetworks.
Nevertheless, the smallest unit of interest in canonical PPI network analyses is one protein or
gene. Therefore, the diverse functional effects of different mutations in the same protein were not
fully captured and reported, leading to potential dilution of statistical power by passenger
mutations. Moreover, even if the cancer proteins and pathways are known, it is still largely
unknown whether an individual patient’s mutations within these cancer pathways truly result in
corresponding pathways dysregulation. Therefore, canonical PPI network analyses leave a
translational gap between biological discoveries and clinical applications.

Bridging the functional effects of mutations on molecular- and pathway-scale is key to
comprehensively understanding the mechanisms of tumor development in individual cancer
patients. However, a unified computational tool that systematically maps the multiscale
mechanistic effects of somatic mutations in cancer is still missing. Here, we (i) compiled the
Human Protein Structurome–a comprehensive repository of 3D structural information that covers
every single protein as well as all known PPIs in humans–by leveraging recent
deep-learning-based protein structural information prediction strategies, and (ii) established
NetFlow3D, a systematic tool that maps the multiscale functional effects of somatic mutations by
integrating their local spatial organization on protein structures and their global topological
organization in the PPI network. Our key idea of comprehending how mutations act across scales
is based on a global view of how the submolecular spatial clusters are organized in the PPI
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network, which would not have been achieved without the 3D structural details fully covering
every protein and PPI in the network. Since the smallest unit of interest in NetFlow3D is
mutations instead of proteins, NetFlow3D can help more accurately predict which set of cancer
patients may have better responses to the treatments specific to which mechanism.

By applying NetFlow3D to a TCGA pan-cancer dataset across 19 cancer types, we generated a
multiscale functional map of somatic mutations: (i) Our analysis revealed nearly double the
number of spatial clusters across the Human Protein Structurome compared to those identified
solely on experimentally-determined structures. This expansion of scope encompasses a vast
number of potential driver mutations that have not been previously reported. (ii) By mapping the
submolecular spatial clusters across the PPI network, we were able to identify hundreds of
potentially dysregulated subnetworks. This approach yielded a statistical power that was 5.5
times higher than that of canonical PPI network analyses. The boosted power led to the discovery
of many potentially novel mechanisms that had been blurred by the overwhelming passenger
mutations, including the dysregulation of non-canonical PRC1, mediator complex, MCM2-7
complex, neddylation of cullins, complement system, TRiC, mitochondrial ribosome,
spliceosome, etc. To make both the NetFlow3D tool and the findings in our TCGA pan-cancer
study more accessible to the broader biomedical community, we built a user-friendly interactive
web server (http://netflow3d.yulab.org/) where researchers can directly apply NetFlow3D to their
own datasets and interactively browse our TCGA pan-cancer results.

NetFlow3D maps the functional effects of individual somatic mutations across different
scales
We collected and processed a TCGA pan-cancer dataset of 415,017 somatic protein-altering
mutations across 5,950 tumor samples spanning 19 cancer types (Fig. 1A; table S1; materials and
methods). Of these mutations, 86% were expected to change only one or a few amino acid
residues in the encoded proteins (i.e. missense mutations and in-frame indels), and were
therefore termed as non-truncating (NT) mutations. Without further biological contexts, it is
particularly difficult to interpret the varying downstream functional effects based on these subtle
changes to the protein sequences.

Mounting evidence has demonstrated the efficaciousness of identifying functional NT mutations
by detecting spatial clusters of NT mutations on 3D protein structures (9–15, 18, 19). However,
the majority of single proteins and PPIs in humans do not have experimentally-determined
structures. Therefore, it remains largely unknown how NT mutations are spatially organized on
those proteins and PPIs. Recent breakthroughs in deep-learning-based strategies for resolving
protein structural information are filling in the missing 3D structural details (24–26). For
instance, AlphaFold 2 generates single protein structures with atomic accuracy for all proteins in
humans as well as in some other species (25). PIONEER, our latest deep-learning framework
built upon our previous machine-learning framework ECLAIR (27) with much improved
performance, generates the binding interfaces for all known human PPIs.

In order to achieve full-coverage spatial mapping of NT mutations at the protein level, we
compiled a complete repository that contains the structures of all human proteins as well as the
binding interfaces of all known human PPIs and available multi-protein complex structures,
which we named “the Human Protein Structurome” (Fig. 1B; materials and methods).
Specifically, we collected (i) 155,902 structures of 20,813 single proteins in humans from both
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the Protein Data Bank (PDB) (28, 29) and the AlphaFold Protein Structure Database (AlphaFold
DB) (25, 30), (ii) 28,737 structures of multi-chain protein complexes from PDB (28, 29) which
cover 9,252 known human PPIs, and (iii) the binding interfaces of 146,137 known human PPIs
consisting of 528,672 non-redundant amino acid residues from PIONEER. Overall, 64% of
single proteins and 94% of known PPIs in humans completely rely on recent deep-learning
algorithms to resolve their structures and binding interfaces, respectively (Fig. 1B).

The Human Protein Structurome we compiled contains a wealth of 3D structural information
obtained from cutting-edge deep learning techniques, which were not available to previous 3D
clustering algorithms. This resource enables us to identify spatial clusters of NT mutations in an
unprecedentedly thorough manner, and thus provides us with a unique view of how the
submolecular spatial clusters are arranged in the PPI network. Unlike traditional PPI network
analyses, our unified computational framework, NetFlow3D, focuses on mutations as the
smallest unit of interest rather than proteins. Our key concept is to systematically interpret the
functional effects of individual NT mutations across multiple scales by integrating the local
spatial organization of numerous NT mutations on protein structures and their global topological
organization in the PPI network. This approach enables us to characterize the diverse functional
effects caused by different mutations on the same protein, greatly improving the resolution of
delineating cancer-driving events.

The first part of NetFlow3D is a 3D clustering algorithm that identifies spatial clusters of NT
mutations throughout the entire Human Protein Structurome (Fig. 1C; materials and methods).
Our algorithm looks for both 3D clusters within single proteins (intra-protein 3D clusters) and
3D clusters spanning interacting proteins (inter-protein 3D clusters). Unlike most existing
algorithms for similar purposes, our method (i) determines the physical contact between every
pair of amino acid residues by accounting for their varying 3D distances across all available
structures instead of solely based on a single snapshot represented by one structure, and (ii)
considers the diverse background mutability of different nucleotide contexts when determining
the significance of 3D clusters instead of assuming uniform mutability as used by most 3D
clustering algorithms (see materials and methods). Since our method makes better use of the
dynamic nature of proteins and better accounts for the heterogeneous background mutability
along the genome, we manage to thoroughly identify potential driver NT mutations with
unprecedented sensitivity and specificity, and characterize functionally important regions in
proteins.

The second part of NetFlow3D is a network propagation model that characterizes the
pathway-scale effects of the potential driver NT mutations identified in the first part (Fig. 1D;
materials and methods). Inspired by HotNet2 (16), we use a heat diffusion model to model the
effects of mutations in one protein towards other proteins, which are spread through the PPI
network. Specifically, we place heat sources at the proteins with mutations and let the heat flow
through the PPI network until equilibrium state, and then identify the subnetworks with strong
internal heat exchanges. Importantly, we made two major improvements compared to HotNet2
(16) and other PPI network analyses. First, we define the heat sources as the proteins involved in
3D clusters instead of any proteins with NT mutations. In this way, we strictly focus on a small
set of potential driver mutations instead of considering all NT mutations equivalent to each other.
Second, we force the heat to diffuse unevenly from a given protein to its neighbors by designing
a 5:1 heat delivery ratio towards the neighbors when 3D clusters are on vs. not on the
corresponding PPI interfaces. This design is inspired by recent studies (31, 32) that report a
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5-fold difference in PPI-perturbation rates when known disease mutations are on vs. not on the
binding interfaces. Taken together, our network propagation model incorporates the local spatial
organization of mutations on the 3D structures of proteins and PPIs, and therefore achieves a
higher resolution than the conventional node-and-edge view of the PPI network. In our model,
the identified subnetworks act as the converging points of different 3D clusters, and can be
interpreted as potential pathways dysregulated by these mutations. As a result, perturbation of
these subnetworks is likely to play functional roles in cancer development, and therefore can be
used to characterize the higher-level functional effects of the spatially clustered NT mutations
identified in the first part.

As a complement to the first and second parts that focus on the NT mutations, NetFlow3D also
accounts for the functional effects of loss-of-function (LOF) mutations. Specifically, NetFlow3D
identifies the proteins that are significantly enriched for LOF mutations scattered across their
entire sequences, and integrates these enrichment signals as heat sources into the heat diffusion
model in the second part (Fig. 1A and 1D; materials and methods).

Overall, NetFlow3D maps the functional effects of somatic mutations across multiple scales
(Fig. 1E): from (i) the point mutations in cancer genomes to (ii) the protein residues with
potential functional importance (suggested by 3D clusters), to (iii) the perturbation of key
proteins/PPIs, to (iv) the dysregulation of relevant cellular subnetworks. This multiscale
functional map provides rich insights for understanding the tumorigenic mechanisms driven by
the subtle genomic mutations in somatic tissues.

Significant intra- and inter-protein 3D clusters throughout the Human Protein
Structurome
We applied the 3D clustering algorithm in NetFlow3D to the 356,683 somatic NT mutations in
our preprocessed TCGA pan-cancer dataset. As a result, we identified 1,656 significant
intra-protein 3D clusters and 3,343 significant inter-protein 3D clusters throughout the Human
Protein Structurome, among which 724 (44%) and 1,709 (51%) clusters were identified based on
the deep learning-generated single protein structures and PPI interfaces, respectively (Fig. 2A;
table S2). NT mutations incorporated by these significant 3D clusters were considered
potentially functional (table S3). 98.5% of non-redundant NT mutations (“non-redundant” refers
to the amino acid residue changes) in significant 3D clusters are rare (i.e. occur in no more than
three different tumor samples), and thus can hardly be identified by recurrence-based
approaches. Identifying these likely functional rare mutations highly relies on their spatial
organization on protein structures. The increased number of single protein structures and PPI
interfaces resolved by deep learning algorithms play key roles in promoting the identification of
novel rare driver mutations. For example, a significant 3D cluster within the NRP1 protein is
identified based on the AlphaFold 2-generated structure, which consists entirely of rare NT
mutations (Fig. 2B).

Importantly, single protein structures alone (even though covering the entire human proteome)
are still not enough for the comprehensive identification of all 3D clusters. This is because many
driver mutations accumulate at the binding interfaces of cancer-related PPIs (22, 32, 33). Only
looking at individual proteins will split inter-protein 3D clusters into smaller fragments on
individual proteins, making them harder to identify. This is demonstrated by the fact that, among
the non-redundant NT mutations incorporated by the significant inter-protein clusters, 75.2%
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would not have been identified if we only searched for significant clusters within single protein
structures. Such situations are exemplified by a significant inter-protein cluster on the
PIONEER-generated PPI interface between FNTA and FNTB proteins (Fig. 2C). These results
highlight the importance of knowing PPI interfaces, which are mostly generated by our deep
learning framework PIONEER, in identifying potential driver mutations. Overall, 4,976 tumor
samples (83.6%) have at least one potential driver NT mutation incorporated by our significant
3D clusters, demonstrating the thoroughness of our 3D cluster identification.

We then evaluated the clustering performance of NetFlow3D and compared it with four
state-of-the-art 3D clustering algorithms (9–11, 13) which represent major sources of 3D cluster
identification (Fig. 2D and 2E; materials and methods). We applied each algorithm to the same
TCGA pan-cancer dataset, and compared the 3D clusters identified by different algorithms.
Considering that (i) some algorithms only focus on intra-protein clusters (10, 11) while some
others identify both (9, 13), and (ii) some algorithms only use experimentally-determined
structures (9, 11) while some others also include comparative protein structure models (10, 13),
we therefore make coherent comparisons by (i) assessing the intra- and inter-protein clusters
separately, and (ii) limiting the comparisons to the 3D clusters identified on
experimentally-resolved structures. We compared the top genes with the most significant 3D
clusters on their protein products ranked by each algorithm. As a result, among the same number
of top genes ranked by each algorithm, NetFlow3D-ranked genes consistently include more
known cancer genes (table S4) (34, 35) as well as less non-cancer-associated genes (table S5)
(36–38), demonstrating our advanced sensitivity and specificity. Therefore, NetFlow3D
significantly outperforms other algorithms for the identification of both intra- and inter-protein
3D clusters.

Furthermore, we evaluated the NT mutations incorporated by the significant 3D clusters
identified by NetFlow3D, and compared these mutations with known driver and passenger
mutations (39–41) (Fig. 2F; materials and methods). Specifically, we used PolyPhen-2 (42) to
score the effects of NT mutations on protein structures and functions, and calculated the fraction
of mutations scored as “probably damaging” for five categories of mutations: (i) Known driver
mutations (table S6) (39, 40); (ii) Mutations incorporated by our significant 3D clusters on
experimentally-determined structures; (iii) Mutations incorporated by our significant 3D clusters
on deep learning-generated single protein structures and PPI interfaces; (iv) Mutations not
incorporated by any of our significant 3D clusters; (v) Known passenger mutations (table S7)
(41). As a result, the fraction of probably damaging mutations in category ii significantly
surpasses that in all other categories. The fraction in category iii is significantly higher than that
in category iv and v, although lower than that in category i. These results suggest that the
molecular effects of NT mutations incorporated by our significant 3D clusters are substantially
greater than that of non-clustered mutations as well as known passenger mutations. Our
significant 3D clusters on experimentally-resolved structures even incorporate more impactful
mutations than known driver mutations. In contrast, non-clustered NT mutations are
characterized by a much smaller fraction of probably damaging mutations. This fraction is
comparable to that for known passenger mutations, indicating that non-clustered NT mutations
are mostly non-functional. Taken together, these results further corroborate the functional roles
of the NT mutations incorporated by the NetFlow3D-identified significant 3D clusters, and thus
demonstrate the accuracy of our 3D clustering algorithm.
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NetFlow3D uncovers significantly dysregulated subworks previously blurred by
overwhelming passenger mutations
The 3D clustering part of NetFlow3D has enabled us to extract a small set of potential driver
mutations from the vast pool of somatic NT mutations that are often overshadowed by
non-functional passenger mutations, and better understand the molecular effects of nominated
driver mutations on specific proteins and PPIs. Next, we designed a network propagation model
to interpret the pathway-scale functional effects of these nominated driver mutations. The key
idea is to characterize the long-range effects of nominated driver mutations on other proteins in
the PPI network, and thus understand the converging effects of these mutations on common
cellular subnetworks. Compared to HotNet2 (16) and other canonical PPI network analyses, the
major improvement of NetFlow3D is the incorporation of the local spatial mapping of mutations
on the single protein structures and PPI interfaces. Thus, NetFlow3D defines heat source and
heat transfer rate in a 3D structurally-informed way (Fig. 3A). First, since the vast majority of
somatic mutations are passengers (21) and 3D clusters suggest the accumulation of driver
mutations (9–15, 18, 19), strictly focusing on 3D clusters can highlight cancer pathways which
are otherwise obscured by the overwhelming passenger mutations. In NetFlow3D, the heat
sources are defined as the proteins involved in 3D clusters (or LOF enrichment signals), while in
standard PPI network analyses, proteins with any mutations will be considered as heat sources.
Second, previous studies have shown a 70.6% PPI-perturbation rate for known disease mutations
on the interfaces, as well as a 13.3% rate for non-interface mutations (31, 32). Driven by this
~5-fold difference, NetFlow3D uses a 5:1 ratio of heat transfer rate through PPIs when 3D
clusters are on vs. not on the interfaces. In contrast, since standard PPI network analyses lack the
knowledge of which mutation is on the interface with which interaction partner, they generally
consider the effects of mutations on every interaction partner equivalent.

As a result, although NetFlow3D starts from only one fifth of heat sources compared to standard
PPI network analyses, it ends up with 5.5-fold discoveries of significantly dysregulated
subnetworks (Fig. 3B and 3D; materials and methods). These results highlight the boosted
statistical power when combining the local spatial organization of mutations on protein structures
and their global topological organization in the PPI network. To estimate the contributions of
NetFlow3D-defined heat source and heat transfer rate to the improvement of statistical power,
we built a mixed model where the definition of heat source is the same as that in NetFlow3D
while the heat transfer rate is defined in the same way as standard PPI network analyses (Fig. 3C;
materials and methods). As a result, the mixed model identifies 3.1-fold more significantly
dysregulated subnetworks compared to standard PPI network analyses, exhibiting the statistical
power gained by performing 3D clustering analysis (Fig. 3C and 3D). While compared to
NetFlow3D, the number of significantly dysregulated subnetworks identified by the mixed
model reduces by almost half, which further exhibits the statistical power gained from our
carefully-designed heat transfer rate (Fig. 3B and 3C).

We then evaluated the significantly dysregulated subnetworks identified by NetFlow3D (Fig. 3E;
materials and methods). As benchmarks, we collected 32 well-known cancer signaling pathways
(table S8) from NetSlim (43) as positive controls and 2,055 general biological processes (table
S9) from Gene Ontology (GO) (44–48) as negative controls. In each of these pathways, we
calculated two types of mutation enrichment: one for the mutations in 3D clusters, and the other
for all mutations. As a result, in well-known cancer pathways (43), there is a median of 4.2-fold
increase in the enrichment when switching from all mutations to the mutations in 3D clusters
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(Fig. 3E). While in general biological processes (44–48) , there is no significant difference
between the two groups of mutations (Fig. 3E). These results further demonstrate the boosted
sensitivity of identifying cancer pathways by strictly focusing on 3D clusters. Similar to the
well-known cancer pathways, the NetFlow3D-identified significantly dysregulated subnetworks
also show striking increases in the enrichment when contrasting the two groups of mutations,
with a median of 3.9-fold increase among the subnetworks containing established cancer genes
documented by the Cancer Gene Census (CGC) (34, 35), as well as a median of 3.7-fold increase
among the subnetworks without CGC genes, which likely reflect novel cellular processes or
functions involved in cancer development (Fig. 3E).

Taken together, NetFlow3D improves the statistical power of identifying significantly
dysregulated subnetworks by strictly focusing on a small set of spatially clustered mutations and
emphasizing their varying effects on different interaction partners. This improvement would not
have been achieved without knowing the comprehensive 3D structural details of the entire
human proteome and interactome. Consequently, NetFlow3D facilitates the discovery of many
previously unknown pathways and cellular functions involved in cancer development, which can
hardly be identified using canonical PPI network analyses.

A pan-cancer functional map of somatic mutations across scales
By applying NetFlow3D to the TCGA pan-cancer dataset across 19 cancer types, we generated a
multiscale functional map of somatic mutations in cancer (Fig. 4). This map starts from 44,521
potential driver mutations in 5,312 tumor samples, including 32,393 NT mutations and 12,128
LOF mutations (table S3). These mutations are mapped to 4,999 significant 3D clusters and 469
LOF enrichment signals (table S2). Furthermore, 2,139 significant 3D clusters and 131 LOF
enrichment signals converge on 377 cellular subnetworks (table S10).

Among these subnetworks, 44 are significantly larger than expected (“large” refers to the number
of proteins in the subnetwork). Subnetworks of such sizes can hardly be observed if we randomly
shuffle heat sources and heat transfer rates (see materials and methods). These significantly
dysregulated subnetworks cover a broad spectrum of cellular processes and functions (Fig. 4;
table S11-S54). Some of them are portions of well-known cancer pathways such as mTOR
signaling (table S15) (49, 50) and BCL2-regulated apoptosis (table S16) (51). Some others are
supported by more recent evidence, such as the disorganization of PRC2 (table S20) (52, 53) and
non-canonical PRC1 (table S47) (53, 54). Many of these significantly dysregulated subnetworks
have been largely overlooked by existing PPI network analyses since their signals are severely
diluted by the overwhelming passenger mutations throughout the PPI network. Such
subnetworks include portions of the mediator complex (table S24 and S25), MCM2-7 complex
(table S13), neddylation of cullins (table S14), complement system (table S28), TRiC (table
S45), mitochondrial ribosome (table S50), spliceosome (table S22 and S23), etc. These
subnetworks can facilitate the discovery of potentially novel pathways and cellular functions
involved in cancer. Moreover, NetFlow3D also characterizes the relationships between different
subnetworks (see materials and methods). Specifically, some dysregulated subnetworks have
one-way effects on other subnetworks. Among these 44 significantly dysregulated subnetworks,
such one-way effects exist between 13 pairs of subnetworks (Fig. 4; table S55). The proteins
mediating the spread of effects from one dysregulated subnetwork to the other are mainly
involved in signaling, transcription regulation and protein ubiquitination. Overall, 87.4% of
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genes in the NetFlow3D-identified subnetworks have not yet been documented by CGC.
Therefore, our multiscale functional map of somatic mutations can help uncover many
previously unknown cancer mechanisms.

Moreover, among all subnetworks identified by NetFlow3D, 35 subnetworks contain proteins
targeted by FDA-approved drugs (Fig.4; table S56; materials and methods). Considering that (i)
NetFlow3D-identified subnetworks are converging points of different potential driver mutations,
and (ii) these potential driver mutations usually come from different cancer patients, NetFlow3D
results suggest that many of these cancer patients may have similar tumorigenic mechanisms
because their potential driver mutations are likely to dysregulate the same cellular pathways.
Therefore, NetFlow3D provides useful information for exploring new potential uses of existing
drugs that are effective for specific mechanisms but can only act on very few proteins.
Nevertheless, further research is still needed to fully realize the potential benefits of the
information provided by NetFlow3D, since the specific applications are still dependent on a
more detailed characterization of the pathways and a thorough understanding of how specific
drugs act.

NetFlow3D enables more accurate prediction of the converging mechanisms across patients
and cancers
The main focus of canonical PPI network analyses is to identify cancer proteins and pathways
rather than accurately pinpointing driver mutations. However, not all cancer patients with
mutations in cancer pathways have those pathways dysregulated, as many mutations don't have
functional effects. Since NetFlow3D pinpoints a small set of spatially clustered mutations for
each subnetwork, we manage to prioritize a group of most relevant cancer patients for each
potential pathway. As a result, NetFlow3D provides useful information for the accurate
prediction of which therapeutic strategies targeting a specific mechanism will be effective for
which group of patients.

As an example, we present one of the significantly dysregulated subnetworks identified by
NetFlow3D (Fig. 5A; table S47). Most proteins in this subnetwork are subunits of non-canonical
polycomb repressive complex 1 (ncPRC1), a histone ubiquitin ligase generally associated with
transcription repression by establishing H2AK119ub (53). Target genes of ncPRC1 are involved
in cell metabolism, cell cycle, regulation of gene expression, and signaling pathways (55, 56).
Recent experimental evidence has shown that knocking out ncPRC1 subunits led to
de-repression of target genes and promoted tumorigenesis (57–62). NetFlow3D identified this
subnetwork because it is the converging point of 16 significant 3D clusters and 4 LOF
enrichment signals (Fig. 5B; table S2).

In our TCGA pan-cancer dataset, there are 454 cancer patients with somatic NT mutations in this
subnetwork, among which NetFlow3D carefully prioritizes 68 patients (15%) with mutations
incorporated by significant 3D clusters (Fig. 5B). As suggested by NetFlow3D, these prioritized
patients are more likely to have dysregulated ncPRC1 compared to the rest of patients. Although
the prioritized patients have 16 types of cancer and their potential driver mutations in this
subnetwork are diverse, NetFlow3D suggests that they might share similar tumorigenic
mechanisms (Fig. 5C). The potential convergence of mechanisms across patients and cancers
suggests that similar therapeutic strategies targeting ncPRC1 dysregulation may be effective in
treating these patients.
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It is the first time that the significant dysregulation of ncPRC1 is reported by a computational
approach. There are several reasons why this subnetwork cannot be identified by using existing
recurrence-based, 3D structure-based, or PPI network-based approaches individually: (i) Every
amino acid residue in this subnetwork is rarely mutated (except for BCL6 R594 that is mutated
in four tumor samples); (ii) Only 21.8% of amino acid residues in this subnetwork are covered
by experimentally-resolved structures; (iii) The total number of spatially clustered mutations on
both experimentally- and computationally-resolved single protein structures and PPI interfaces
only account for 12.5% of all somatic NT mutations in this subnetwork, indicating that the
signals can easily be obscured by the overwhelming passenger mutations. Therefore, the Human
Protein Structurome and our NetFlow3D tool are powerful for uncovering potentially novel
mechanisms underlying tumorigenesis.

Discussion
We present a unified computational framework, NetFlow3D, to systematically interpret the
multiscale functional effects of somatic mutations in cancer. NetFlow3D helps better understand
the mechanisms underlying tumorigenesis, and thus is complementary to the approaches that
assign pathogenicity scores to given mutations. NetFlow3D maps both the molecular- and
pathway-scale effects of somatic mutations by integrating their local spatial organization on
protein structures and their global topological arrangement in the PPI network. This integration
hinges upon the Human Protein Structurome, which covers the 3D structural details of every
single protein as well as all known PPIs in humans, representing the most comprehensive
resource of 3D structural information to date. By applying NetFlow3D to the TCGA pan-cancer
dataset across 19 cancer types, NetFlow3D identified almost twice as many significant 3D
clusters throughout the Human Protein Structurome as those found on experimentally-resolved
structures. These significant 3D clusters incorporate a large number of potential driver mutations,
many of which have never been reported before. NetFlow3D further interprets the pathway-scale
effects of the potential driver mutations using a network propagation model. Unlike canonical
PPI network analyses, NetFlow3D strictly focuses on the significant 3D clusters and emphasizes
their varying PPI-perturbing effects on different interaction partners. Thus, NetFlow3D achieves
a 5.5-fold higher statistical power for identifying significantly dysregulated subnetworks. The
boosted power leads to the discovery of many potentially novel mechanisms underlying cancer,
including the dysregulation of non-canonical PRC1, mediator complex, MCM2-7 complex,
neddylation of cullins, complement system, TRiC, mitochondrial ribosome, spliceosome, etc. In
addition, since NetFlow3D zooms into mutations instead of only focusing on identifying
cancer-related proteins or pathways, it helps better distinguish the cancer patients with potential
driver mutations from those with likely passenger mutations in the same subnetwork. Thus,
NetFlow3D provides useful information for accurately predicting which set of cancer patients
may have better responses to the treatments specific to the dysregulation of which subnetwork.
NetFlow3D can also help explore new potential uses of existing drugs which target specific
mechanisms but can only act on very few proteins. Our web server enables the broader
biomedical community to access NetFlow3D and the findings of our pan-cancer study with
greater ease and accessibility.

The application of NetFlow3D is not limited to somatic mutations in cancer. Instead, NetFlow3D
can be generalized to interpret the genomically-driven mechanisms underlying other human
diseases. In addition to cancer, spatial clustering of germline variants on protein structures has
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also been observed in neurodevelopmental disorders (63, 64) as well as in large collections of
human diseases (19). Therefore, it is a generalizable idea to integrate (i) the genomic data of
specific diseases, (ii) the 3D structural information of proteins and PPIs existed in the
corresponding tissues/cell types, and (iii) the topology of tissue/cell type-specific PPI networks,
to understand the multiscale functional effects of genomic variants in specific diseases. The
growing numbers of genomically sequenced disease samples are constantly providing increasing
statistical power for such implementations. The context-specific PPI networks can be inferred by
integrating the curated compilation of high-quality human PPIs such as HINT (65) and the
tissue/cell type-specific gene expression data. To make NetFlow3D adaptable to user-specified
contexts, both our interactive web server and command line tool allow users to customize the
genomic data as well as the context-specific gene expression and interactome data. For rare
cancer types and diseases, the insufficient number of genomically sequenced samples may still
limit the power of NetFlow3D. Considering that functional NT mutations only affect particular
regions in a protein although this protein might be involved in many diseases, a future direction
to understand the mechanisms of rare diseases could be to: (i) use the genomic data of large
collections of diseases to identify 3D clusters; (ii) use these 3D clusters to prioritize potential
functional mutations in the disease of interest; (iii) characterize the prioritized mutations in the
corresponding tissue/cell type-specific PPI network.

As with any computational approaches, the performance of NetFlow3D is limited by the quality
of available resources, especially the deep-learning-generated single protein structures and PPI
interfaces. Further improvement can be anticipated by using more accurately resolved protein
structures, particularly the 3D structures of multi-chain protein complexes. Although
state-of-the-art tools such as AlphaFold-Multimer (24) have been able to predict protein
complexes with atomic accuracy, a comprehensive resource that covers the 3D structures of all
known human PPIs is still not available. The bottleneck is that the prediction of protein
complexes is computationally intensive. For that reason, we used PIONEER in this study, which
generates interactome-wide protein-protein interface predictions at the highest resolution
possible. To ensure that the 3D clustering algorithm in NetFlow3D is independent of the noise in
the Human Protein Structurome, we only used experimentally-determined structures to evaluate
the 3D clustering performance. It is foreseeable that NetFlow3D will achieve better performance
if higher-quality resources of 3D structural information become available in the near future.

Materials and Methods
Data collection and preprocessing

Somatic mutation data were obtained from Chang et al. (1) (Download link:
https://github.com/taylor-lab/hotspots). We restricted our focus to the TCGA tumor samples of
19 cancer types, because for these 19 cancer types, the RNA-seq data of matched normal tissues
could be found on the GDC data portal (66) (https://portal.gdc.cancer.gov/). The RNA expression
data is required to filter out likely unexpressed mutations. A single canonical effect per mutation
was reported using Variant Effect Predictor (VEP) version 107 (67)
(https://grch37.ensembl.org/Homo_sapiens/Tools/VEP). According to the VEP annotations, we
only retained the protein-altering mutations, including loss-of-function (LOF) mutations
(Consequence: frameshift_variant, stop_gained, stop_lost, start_lost, splice_acceptor_variant,
splice_donor_variant, splice_donor_5th_base_variant) and non-truncating (NT) mutations
(Consequence: missense_variant, inframe_deletion, inframe_insertion). Mutations whose
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consequences included both LOF and NT terms were considered LOF mutations. We then
mapped the mutations to UniProt entries based on the ENSP IDs, ENST IDs, ENSG IDs, and
gene symbols annotated by VEP. The mapping was implemented using the ID mapping tool on
the UniProt website (https://www.uniprot.org/id-mapping) (68). Each mutation was initially
mapped to UniProt entries using its corresponding ENSP ID. In cases where multiple UniProt
entries were matched, the first entry in alphabetical order was selected. If no matches were
found, the ENST ID, ENSG ID, and gene symbol were sequentially used to map the mutation to
UniProt entries. We then excluded the mutations that could not be mapped to any UniProt
entries. To remove likely germline variants misattributed as somatic mutations, we excluded the
mutations with non-zero frequency in any populations in NHLBI-Exome Sequencing Project
(ESP) or Genome Aggregation Database (gnomAD) according to the VEP annotations.
Considering that mutations arising in genes not expressed in the corresponding tissues are less
likely to exert biological impact, we only retained the mutations in the genes with RNA
expression levels >=1 FPKM in >=80% of normal tissue samples near the tumors of the
corresponding cancer types. As used by Leiserson et al. (16), mutations in 18 well-known cancer
genes (AR, CDH4, EGFR, EPHA3, ERBB4, FGFR2, FLT3, FOXA1, FOXA2, MECOM,
MIR142, MSH4, PDGFRA, SOX1, SOX9, SOX17, TBX3, WT1) that have low transcript
detection levels were exempted from the expression-based filtering. The resulting dataset was
used as the input to NetFlow3D and for downstream analysis.

Construction of the Human Protein Structurome
Experimentally-resolved structures. Experimentally-resolved structures (asymmetric units)

were obtained from the Protein Data Bank (PDB, http://www.rcsb.org/) (28, 29). Residue-level
mapping between UniProt and PDB entries were obtained from the Structure Integration with
Function, Taxonomy and Sequences (SIFTS, https://www.ebi.ac.uk/pdbe/docs/sifts/index.html)
(69, 70). Based on the PDB structures, we constructed two undirected graphs G1=(V1,E1) and
G2=(V2,E2). G1 describes the physical contacts between residues in the same polypeptide chains,
while G2 describes the physical contacts between residues in different polypeptide chains. V1
includes the UniProt residues covered by at least one PDB structure. E1 is the set of residue pairs
in the same polypeptide chains whose minimal three-dimensional (3D) distances among all
relevant PDB structures are no larger than 6Å. The 3D distance between two residues in a given
PDB structure is defined as the euclidean distance between their closest atoms in that structure.
E2 is the set of inter-chain residue pairs whose minimal 3D distances are no larger than 9Å. V2 is
the set of residues involved in E2. G1 and G2 were added to the Human Protein Structurome.

3D structural information resolved by deep learning algorithms. Predicted single protein
structures were obtained from the AlphaFold Protein Structure Database (AlphaFold DB,
https://alphafold.ebi.ac.uk/) (25, 30), from which we constructed G3=(V3,E3) following the same
procedures used for constructing G1. Residues with all levels of model confidence in these
structures were taken into account. G3 was added to the Human Protein Structurome. Moreover,
the predicted interface residues of 146,137 known human protein-protein interactions (PPIs)
were obtained from the Protein-protein InteractiON IntErfacE pRediction (PIONEER). We used
“very high” confidence predictions from PIONEER. This dataset was added to the Human
Protein Structurome.

NetFlow3D: Identifying 3D clusters of mutated residues
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Intra-protein clusters. NT mutations were mapped to G1 and G3 respectively. Vertices
affected by these mutations and the edges between them were extracted as subgraph g1 and g3. C1
and C3 are the sets of connected components in g1 and g3, which were considered intra-protein
clusters identified based on PDB and AlphaFold DB structures respectively.

Inter-protein clusters. We obtained 119,526 high-quality binary PPIs for Homo Sapiens
from HINT (http://hint.yulab.org/) (65). This dataset was released in August 2021. We restricted
our focus to these PPIs (denoted as H) for the inter-protein 3D cluster identification. (i)
Identification based on PDB structures: e2 is a subset of edges in G2 whose endpoints are both
affected by NT mutations. For a PPI between protein A and B, g 1A=(v1A,e1A) and g1B=(v1B,e1B) are
subgraphs extracted from g1 incorporating the vertices and edges in A and B, respectively. e 2AB is
a subset of e2 where each edge connects one vertex in v1A and one vertex in v1B. In the merged
graph g2AB=(v1A∪v1B,e1A∪e1B∪e2AB), C2AB is the set of connected components having at least
one edge in e2AB. These connected components were considered inter-protein clusters between A

and B. represents all inter-protein clusters identified based on PDB structures.𝐶
2

=
𝐴,𝐵{ }∈𝐻

⋃ 𝐶
2𝐴𝐵

(ii) Identification based on PIONEER-predicted PPI interface residues: For a PPI between
protein A and B, NT mutations were mapped to the interface residues predicted by PIONEER. If
the set of mutated interface residues included residues in both A and B, it was considered an
inter-protein cluster, denoted as C4AB. represents all inter-protein clusters𝐶

4
= 𝐶

4𝐴𝐵
| 𝐴, 𝐵{ } ∈ 𝐻{ }

identified based on PIONEER-predicted PPI interface residues.

NetFlow3D: Determination of cluster significance
We accounted for the nucleotide contexts and gene-specific mutation rates when estimating

residue-wise background mutation rates. To address the varying mutability of different
nucleotide contexts, we obtained the estimated mutability of 32 possible trinucleotides in the
coding regions of cancer genomes from Chang et al. (table S57) (1). To account for the
gene-specific mutation rates, we calculated the expected trinucleotide mutability in a given gene

using the equation below, as used by Chang et al. (1):𝑔

(1)𝑚
𝑔

=
𝑡
∑
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𝑡,𝑔
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𝑡
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is the mutability of trinucleotide . is the number of occurrences of trinucleotide t in gene𝑚
𝑡

𝑡 𝑁
𝑡,𝑔

. is the length of gene in nucleotides. The ’s of genes encoding the same UniProt entry𝑔 𝐿
𝑔

𝑔 𝑚
𝑔

were concatenated by:𝑢
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is the set of genes encoding the UniProt entry . The relative mutational landscape within the𝑈 𝑢
UniProt entry is then described by:𝑢
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We then calculated the average mutation rate of a residue in the UniProt entry as:𝑢
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is the number of NT mutations affecting the UniProt entry across tumor samples. is the𝑛
𝑢

𝑢 𝑠 𝑙
𝑢

length of the UniProt entry in amino acids. To avoid overestimating for a given UniProt𝑢 𝑀
𝑢

entry with one or a few dominant hotspot residues, we calculated a truncated form of by𝑢 𝑀
𝑢

removing these residues from the UniProt entry . A dominant hotspot residue in a UniProt𝑢 𝑗
entry is defined by the mutation count across all tumor samples:𝑢 𝑛

𝑗
(5)𝑛

𝑗
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is the set of residues affected by NT mutations in the UniProt entry . We estimated the𝐷
𝑢

𝑢
background mutability of residue in the UniProt entry encoded by trinucleotide as:𝐵

𝑗
𝑗 𝑢 𝑡
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Considering that ’s of the residues in UniProt entries encoded by rarely mutated genes are𝐵
𝑗

exceedingly small, we controlled false positives by allowing to get no smaller than the 20th𝐵
𝑗

percentile of all ’s calculated for the residues affected by NT mutations. Equation (3)-(6) were𝐵
𝑗

adapted from Chang et al. (1). The expected mutability of a 3D cluster was then calculated as:𝐶

(7)𝐵
𝐶

= 1 −
𝑗∈𝐶
∏ (1 − 𝐵

𝑗
)

The significance of was determined by the one-sided p value of a binomial test:𝐶

(8)𝑝
𝐶

=
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𝑠

∑ 𝑠
𝑖( ) 𝐵

𝐶
𝑖 1 − 𝐵

𝐶( )𝑠−𝑖

is the number of tumor samples where the 3D cluster is affected by at least one NT mutation.𝑘 𝐶
The binomial test was applied to all 3D clusters and Bonferroni correction was applied to the
one-sided p values of 3D clusters in C1, C2, C3, and C4 respectively. 3D clusters with 𝑝

𝐶
< 0. 05

after multiple testing correction were considered significant, and thus considered indicators of
positive selection in the evolution of cancer. Before outputting significant 3D clusters, we
removed redundancy from them. Specifically, for a significant intra-protein cluster C from C3

within the UniProt entry , if at least one significant intra-protein cluster from C1 is also found𝑢
within , and at least one residue in C is covered by at least one PDB structure, C will be𝑢
removed. However, for a PPI between protein A and B, the set of significant inter-protein
cluster(s) identified based on PDB structures C2AB and the significant inter-protein cluster
identified based on PIONEER-defined PPI interface residues C4AB were not considered
redundant. This is because C2AB and C4AB aggregate positive selection signals in different ways.
On one hand, C2AB accounts for the mutated residues that are not directly involved in the PPI
interface but modulate the PPI through allosteric effects. On the other hand, C4AB combines the
mutated residues that may not be in physical contact with each other but are all on the interface
between the same PPI. Therefore, C2AB and C4AB can jointly capture positive selection signals
from complementary perspectives.

NetFlow3D: Identifying proteins enriched for LOF mutations
For a UniProt entry with LOF mutations across all tumor samples, the enrichment of𝑢 𝑋

𝑢
LOF mutations in was calculated as:𝑢
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is the set of UniProt entries that have at least one LOF mutation. The logarithm of has a𝑃 𝐸𝑛𝑟
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standard error calculated by the delta method:

(10)𝑆𝐸 𝑙𝑛 𝐸𝑛𝑟
𝑢( )( ) = 1

𝑋
𝑢

− 1

𝑤∈𝑃
∑ 𝑋

𝑤

+ 1
𝑙

𝑢
− 1

𝑤∈𝑃
∑ 𝑙

𝑤

A Z-score was then calculated as:
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A two-tailed P-value was generated based on . Benjamini-Hochberg correction was applied to𝑍

𝑢

the P-values of all UniProt entries in . The UniProt entries with Q-values<0.05 and >1𝑃 𝐸𝑛𝑟
𝑢

were considered significantly enriched for LOF mutations.

NetFlow3D: Network propagation model
Construction of the PPI network. The initial PPI network was built out of the

aforementioned high-quality binary human PPIs from HINT. The unexpressed proteins were then
removed from the PPI network. Proteins encoded by the genes with RNA expression levels >=1
FPKM in >=80% of normal tissue samples for at least one cancer type were considered
expressed. Proteins encoded by the aforementioned 18 well-known cancer genes with low
transcript detection levels were retained. The resulting PPI network was represented by an
undirected graph GPPI=(VPPI,EPPI).

Heat definition. The initial amount of heat placed on a protein was determined by how
many types of positive selection signals were identified. If either significant 3D cluster(s) or
LOF enrichment signal was identified, the protein was assigned one unit of heat. If both types of
signals were identified, two units of heat were placed on it. Otherwise no heat was placed on it.

Anisotropic heat diffusion. Our heat diffusion model was adapted from HotNet2 (16) but
had major improvements. In our model, proteins in the PPI network pass to and receive heat
from their neighbors at each time step, while retaining a fraction β of their heat. Notably, when a
protein transfers its remaining 1-β fraction of heat to its neighbors, the heat is unevenly
distributed. To quantify this effect, we defined a ratio of heat delivered along PPIs with andα
without significant 3D clusters on the binding  interfaces. The model is run until equilibrium is
reached. If a unit of heat is placed on protein j, the net heat transferred from protein j to protein i
is given by the entry of the diffusion matrix defined by:𝑖, 𝑗( ) 𝐹

(12)𝐹 = β 𝐼 − 1 − β( )𝑊( )−1

where

(13)𝑊
𝑖,𝑗

=
𝑤

𝑖,𝑗

𝑘∈𝑍
𝑗

∑ 𝑤
𝑘,𝑗

if significant 3D cluster(s) is on the binding interface between protein i and j,𝑤
𝑖,𝑗

= α
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otherwise. (14)𝑤
𝑖,𝑗

= 1
refers to the neighbors of protein . The initial heat distribution is described by a diagonal𝑍

𝑗
𝑗

matrix where the entry is the amount of heat placed on protein . The exchanged heat𝐷
ℎ

𝑖, 𝑖( ) 𝑖
matrix is then defined by:𝐸

(15)𝐸 = 𝐹𝐷
ℎ

is the net heat transferred from protein to protein , which is determined by the initial𝐸(𝑖, 𝑗) 𝑗 𝑖
amount of heat placed on protein , the topology of PPI network, the global arrangement of𝑗
significant inter-protein 3D clusters throughout the PPI network, the ratio , and the insulatingα
parameter . We interpreted as the overall effect of potential driver mutations in proteinβ 𝐸(𝑖, 𝑗) 𝑗
on protein .𝑖

Identification of subnetworks with strong internal heat exchanges. We constructed a
weighted directed graph based on E, as was done by HotNet2 (16). If , there was a𝐸 𝑖, 𝑗( ) > δ
directed edge from protein to protein of weight . We then identified strongly connected𝑗 𝑖 𝐸 𝑖, 𝑗( )
components in this graph. A strongly connected component in a directed graph is a set of𝑐
vertices such that for every pair u,v of vertices in there is a path from u to v. The strongly𝑐
connected components containing at least two proteins were considered subnetworks with strong
internal heat exchanges. The dysregulation of such a subnetwork might be the converging
outcome of the potential driver mutations across different proteins in this subnetwork. The
subnetworks containing >5 proteins were considered significant (see Parameter determination).
In the main text, these subnetworks were referred to as “significantly dysregulated subnetworks”.
If there is a directed edge that connects a protein in subnetwork 1 to a protein in another
subnetwork 2, it implies a one-way effect by which the dysregulation of subnetwork 1 influences
subnetwork 2.

Parameter determination. (i) Insulating parameter : We used , as used byβ β = 0. 5
HotNet2 (16). (ii) Heat delivery ratio : we used , which was determined based onα α = 5
experimental evidence. Studies of known disease mutations have shown a 70.6% rate of
PPI-perturbing effects for missense mutations at the interfaces, as well as a 13.3% rate for
non-interface mutations (31, 32). These findings suggest that functional missense mutations on
the partner-specific PPI interfaces are ~5 times more likely to perturb the corresponding
interactions than the interactions with other partners. (iii) Edge weight parameter : The rationaleδ
behind selecting a delta is based on the fact that randomized data will typically not yield large
subnetworks. Therefore, choosing an appropriate value of delta can help identify subnetworks
that are statistically significant and likely to be biologically relevant. To generate a random
undirected graph Grandom, we randomly swapped |EPPI| edge pairs in GPPI while keeping the initial
amount of heat on each protein fixed. The weights of all edges in Grandom were reset to 1. Edge
swapping was used to maintain the degree of each protein constant during the randomization
process. We then applied the aforementioned heat diffusion model to Grandom and identified the
minimum such that all subnetworks with strong internal heat exchanges had size . Weδ ≤ 5
generated 20 such random directed graphs and identified a for each of them. We used theδ
smallest value among these ’s as the final value of .δ δ

In order to assess the robustness of our heat diffusion model, we intentionally introduced
perturbations to each of the model's parameters (namely , , and ) by plus or minus 5% andα β δ
10%, while keeping the values of the remaining parameters fixed at their previously determined
values. We then assessed the effects of these perturbations by examining the percentage of
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subnetworks that exhibited drastic changes. To determine whether a subnetwork reported by the
original model was unchanged, we compared it to subnetworks reported by the perturbed models
using the Jaccard index, which measured the degree of overlap between two sets of proteins.
Specifically, we defined a subnetwork reported by the original model as unchanged if another
subnetwork reported by the perturbed model had a Jaccard index greater than 0.5 with the
original subnetwork. Our results demonstrate that, for all three parameters tested, our model
exhibits strong robustness (Fig. S1).

Standard PPI network analyses
The initial amount of heat placed on each protein in GPPI was determined by the number of

tumor samples where the protein had mutation(s). Both NT and LOF mutations were accounted
for. The heat delivery ratio was set to 1. The remaining settings used for the standard PPIα
network analyses were identical to those used in the heat diffusion model described earlier.

Compiling benchmark gene sets
Known cancer genes. A list of 729 known cancer genes were obtained from The Cancer

Gene Census (CGC) (https://cancer.sanger.ac.uk/census, 02/27/2022 release) (34, 35). This list
combines tier 1 and tier 2 genes in CGC.

Non-cancer-associated genes. Non-cancer-associated genes were compiled from three
sources: (i) 1,297 genes from Reva et al. (36) in their category iv, i.e., genes with no functional
mutations and no available associations with cancer; (ii) 129 genes annotated as “nonfunctional”
by Saito et al. (37), including genes frequently affected by passenger hotspot mutations and
olfactory genes; (iii) 194 genes confidently under neutral selection in human cancers identified
by Hess et al. (38). By combining these three datasets we got a total of 1,574 unique genes, from
which we removed 47 genes in CGC. The remaining 1,527 genes were considered
non-cancer-associated.

Comparison with other 3D clustering algorithms
We applied four state-of-the-art 3D clustering algorithms to our pre-processed TCGA

dataset, namely HotSpot3D (9), 3D hotspots (11), HOTMAPS (13), and PSCAN (10). Given that
these approaches compiled protein structures from different resources but they all used PDB (28,
29), we restricted the focus to the 3D clusters identified based on PDB structures to make fair
comparisons. For all four approaches, default parameters were used if not specified. We applied
HotSpot3D (9) to our mutation data through the HotSpot3D web server (71). For PSCAN (10),
we tested both the mean and variance of the genetic effects within each scan window using the
PSCAN R package. PSCAN input files were generated from SCORE-Seq (72) as suggested. For
the mutations in each gene, SCORE-Seq was applied to the corresponding genotypes in the
affected tumor samples and their matched normal samples. When specifying SCORE-Seq
parameters, we set the minor allele frequency (MAF) upper bound to 1 and minor allele count
(MAC) lower bound to 0 to include all mutations.

Compiling benchmark mutation sets
Known driver mutations. We compiled a list of 3,569 known driver mutations from the

Integrative Onco Genomics (IntOGen) (https://www.intogen.org/) (39). Specifically, we used the
catalog of driver mutations released in May 2016 (40). We selected the NT mutations whose
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driver label is “known”, i.e., validated tumorigenic mutations according to the state-of-the-art
clinical and experimental data.

Known passenger mutations. A list of 927 known passenger mutations were obtained from
The database of Cancer Passenger Mutations (dbCPM) (http://www.xialab.info:8080/dbCPM/)
(41). We combined level 1 and level 2 mutations released on June 8, 2018 and only used the NT
mutations.

Compiling benchmark pathways
Cancer signaling pathways. 32 manually curated cancer signaling pathways were obtained

from NetSlim (http://www.netpath.org/netslim) (43). Specifically, we extracted DataNode from
the GPML file of each pathway, from which we excluded DataNode without type or whose type
is “Metabolite” or “Complex”.

General biological processes. 7,530 Gene Ontology (GO) biological processes were
obtained from the Molecular Signatures Database (MSigDB) C5 collection
(http://www.gsea-msigdb.org/gsea/msigdb) (44–48). To ensure that the selected biological
processes were not specifically associated with cancer, we removed GO biological processes
containing genes already documented as cancer genes by CGC. Additionally, we excluded GO
biological processes that did not contain any protein-coding genes. After this filtering, we were
left with a final set of 2,055 GO biological processes for downstream analysis.

Mutation enrichment patterns in the significantly dysregulated subnetworks
We calculated the enrichment of two categories of mutations for each significantly

dysregulated subnetwork: (i) enrichment of NT mutations incorporated by the significant 3D
clusters; (ii) enrichment of all NT mutations. Enrichment is calculated as the ratio of the
observed fraction of mutations in a given subnetwork over the relative length of proteins in this
given subnetwork. Relative length is defined as the total sequence length of the proteins in a
subnetwork divided by the total sequence length of all proteins with NT mutations. The fold
change of enrichment for each subnetwork was characterized by the ratio between (i) and (ii).
This analysis was also applied to the cancer signaling pathways and GO biological processes
compiled before.

Web server
NetFlow3D tool and the pan-cancer results generated in this study can be accessed from

http://netflow3d.yulab.org.
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Fig. 1. Framework of mapping the multiscale functional effects of somatic mutations. (A)
Preprocessed TCGA pan-cancer mutation dataset. (B) Detailed information about the Human
Protein Structurome, a complete repository that incorporates the 3D structures of every single
protein as well as the binding interfaces of all known PPIs in humans. (C) The first part of
NetFlow3D, a 3D clustering algorithm for identifying both intra- and inter-protein 3D clusters of
non-truncating (NT) mutations throughout the Human Protein Structurome. (D) The second part
of NetFlow3D, a network propagation model for interpreting the pathway-scale effects of
mutations in 3D clusters and identifying the converging effects on common cellular subnetworks.
(E) The multiscale mechanistic effects of potential driver mutations mapped by NetFlow3D.
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Fig. 2. Description of 3D clusters identified by NetFlow3D and performance evaluation. (A)
Summary of the significant intra- and inter-protein 3D clusters identified by NetFlow3D. (B) An
example of a significant intra-protein 3D cluster identified on the AlphaFold 2-generated
structure of NRP1 protein. All mutations incorporated by this cluster are on the residues with
“very high” or “confident” model confidence. These potential driver mutations can hardly be
identified by recurrence-based approaches because none of them occurs in more than two tumor
samples. (C) An example of a significant inter-protein 3D cluster on the binding interface
between FNTA and FNTB proteins. The PPI interface is resolved by PIONEER. For
visualization purposes, a 3D structure of this protein complex is generated using AlphaFold
Multimer (24) to highlight the significant inter-protein 3D cluster. The potential driver mutations
in this cluster cannot be identified by looking for 3D clusters on individual proteins. (D)
Performance comparison between NetFlow3D and state-of-the-art 3D clustering algorithms. For
each curve, top 1-500 genes are plotted from bottom left to upper right. (E) Evaluation of
molecular effects for five categories of mutations.
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Fig. 3. Comparison between NetFlow3D and standard PPI network analyses and
performance evaluation. (A) Key differences between NetFlow3D and standard PPI network
analyses. (B-D) Evaluation of different PPI network-based approaches regarding their statistical
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power of identifying significantly dysregulated subnetworks. (B) Statistical power evaluation for
NetFlow3D. (C) Statistical power evaluation for a mixed model that is used to understand how
much power of NetFlow3D is gained from its unique definition of heat source and heat transfer
rate, respectively. (D) Statistical power evaluation for standard PPI network analyses. (E)
Evaluation of significantly dysregulated subnetworks identified by NetFlow3D. The patterns of
mutation enrichment in these subnetworks are compared with those in well-known cancer
pathways and general biological processes.
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Fig. 4. A multiscale functional map of somatic mutations in cancer. The map displayed in this
figure includes 44 significantly dysregulated subnetworks. A complete map that incorporates all
subnetworks identified by NetFlow3D is detailed in table S2, S3, and S10. Genes whose protein
products are targeted by the FDA-approved drugs are colored in green. Genes documented by the
Cancer Gene Census are colored in gold.
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Fig. 5. Converging mechanisms across a subset of cancer patients with potential driver
mutations dysregulating ncPRC1. (A) The biological entity corresponding to part of a
significantly dysregulated subnetwork identified by NetFlow3D. Red arrows indicate the overall
effects from potential driver mutations on one protein towards the other protein. Arrow thickness
indicates the strength of effects. The unshown proteins in this subnetwork are mostly paralogs of
the displayed proteins, including three paralogs of PCGF1 (PCGF3, PCGF5, PCGF6), and a
paralog of RING1 (RNF2). Complete information about this subnetwork can be found in table
S47. (B) Information about the somatic mutations in this subnetwork. Among the 454 cancer
patients with somatic NT mutations in this subnetwork, 68 patients have potential driver
mutations incorporated by significant 3D clusters. As suggested by NetFlow3D, these potential
driver mutations are more likely to dysregulate ncPRC1. (C) Potential mechanisms underlying
cancer driven by the potential driver mutations in this subnetwork. Cancer patients with diverse
potential driver mutations may share similar mechanisms.
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Fig. S1. Evaluation of the robustness of the heat diffusion model in NetFlow3D. (A)
Robustness of the model in response to perturbations of the heat delivery ratio . (B) Robustnessα
of the model in response to perturbations of the insulating parameter . (C) Robustness of theβ
model in response to perturbations of the edge weight parameter . (D) Robustness of the modelδ
in response to perturbations of the distance cutoff used for defining the physical contact between
a pair of residues in the same polypeptide chain. (E) Robustness of the model in response to
perturbations of the distance cutoff used for defining the physical contact between two residues
belonging to different polypeptide chains.
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