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18th Jun 20201st Editorial Decision

Thank you again for submit t ing your work to Molecular Systems Biology. We have now heard back 
from the three reviewers who agreed to evaluate your study. As you will see below, the reviewers 
acknowledge that the presented findings and method seem potent ially interest ing. They raise 
however a series of concerns, which we would ask you to address in a major revision. 

I think that the reviewers' recommendat ions are rather clear and there is no need to reiterate the 
comments listed below. In part icular, reviewer #1 is concerned about the relat ively small size of the 
DIP networks that are used for the comparison between NBMD methods, and this reviewer provides 
const ruct ive suggest ions in that regard. 

All issues raised by the reviewers need to be sat isfactorily addressed. As you may already know, our 
editorial policy allows in principle a single round of major revision and it is therefore essent ial to 
provide responses to the reviewers' comments that are as complete as possible. Please feel free to 
contact me in case you would like to discuss in further detail any of the issues raised by the 
reviewers. 

On a more editorial level, we would ask you to address the following issues.

REFEREE REPORTS
-------------------------------------------------------- 

Reviewer #1: 

This study presents a rigorous comparison between 6 network-based module detect ion (NBMD) 
schemes, and a new NBMD scheme, named DOMINO, which it shows to outperform other methods. 
It starts by showing a problem in NBMD methods, wherein many significant GO terms are ident ified 
in modules enriched for act ive genes but also in permuted datasets. The correct ion it offers is an 
empirical pipeline, i.e., to create a score dist ribut ion per GO term, and compare the observed versus 
expected score per GO term. Given this pipeline, the study describes several measures for NBMD 
evaluat ion. The Domino algorithm is a nice combinat ion of exist ing methods, such as a communit y 
detect ion method for dissect ing the graph into modules and a prize-collect ing Steiner t ree for 
ident ifying subnetworks consist ing of act ive nodes. 

Major: 

The study has several shortcomings: It presents a problem that was potent ially inflated, an 
empirical NBMD method that integrates previously published methods and thus has limited 
novelty, and applies NBMD methods and part icularly DOMINO to a PPI network that is very small 
relat ive to



today's networks (3,000 nodes compared to ~20,000, and 5,000 interact ions compared to
~400,000), which puts a quest ion mark on DOMINO's applicability. 

The introduct ion is not well writ ten for several reasons. When writ ing about modules, the definit ion
of a module should be clear, esp. given that this is a computat ional study. Moreover, modules should
be described in more depth (e.g., consider including the seminal paper 'From molecular to modular
cell biology' Nature, 1999). The methods for module evaluat ion should also be described thoroughly.

The introduct ion struck me as a clut ter of citat ions. The first  and second paragraphs of the
introduct ion cite studies almost arbit rarily. The sentence "With the ever-increasing availability of
genomic, t ranscriptomic and proteomic data" is followed by references to studies from 2008, 2018
and 2011. Why are these specific studies cited? Are they seminal in any sense, which I doubt? If
going back a decade made sense, why cite a paper from 2018 that discusses a combinat ion of
genet ic interact ions with PPI (genet ic interact ions not a part icular demonstrat ion of a genomic,
t ranscriptomic, or a proteomic assay but rather a viability assay), especially when integrat ive
approaches are described later in the text . 
The introduct ion cont inues with a reference to a review of networks from 2006. I recommend either
point ing to the first  studies that used networks, or to an up-to-date review of networks. Another
examples: "In these networks, each node represents a cellular subunit  (e.g. a protein) and each
edge represents a relat ionship between two subunits", which cites a cytoscape app, the DIP and
the String database. These are tools and not conceptual papers, namely where the concept
emerged. If you point  to a tool then refer to it  as such. Similarly, if you point  to a review it  would be
helpful to add "reviewed in".. 
Another example of poor choice of citat ions: "This ability of NBMD methods is especially crit ical for
the funct ional interpretat ion of Genome-Wide Associat ion Studies (GWASs) (Visscher et  al, 2012). "
- why cite a review of '5 years of GWAS discovery' 8 years after it  was published? 
This frustrat ing style of writ ing and cit ing goes on and on in the introduct ion, which should be
revised throughout. Such arbit rary and context-less cit ing is not acceptable. 

Regarding module definit ion. Modules are first  defined in the text  as highly scoring subnetworks:
"The core of the NBMD task is to pinpoint  highly scoring sets of interact ing nodes, where the score
of each node (i.e. the act ivity score) is derived from the data ..". In the next sentence, modules are
defined different ly "An NBMD solut ion is composed of a set  of modules that are enriched for the
act ivity signal.". So, it  is highly scoring or is it  enriched? Is every high-scoring gene there? Or can
some module genes not be high scoring? What about modules that are based on dense
interact ions and not act ivity? 

The text  cont inues with inaccurate references to GO. "wherein the GO (The Gene Ontology
Consort ium, 2019) funct ions" However, GO provides gene annotat ion, not funct ions. GO does have
a 'molecular funct ion' ontology, but it  seems that the authors actually refer to the GO 'biological
process' ontology. They ment ion GO biological process annotat ions in some of the evaluat ion
criteria, and Fig. 5B presents biological process terms. The introduct ion cont inuously refers to
'Funct ional GO category', which should be revised as it  is misleading and simply inaccurate. It  should
be made clear in the introduct ion and throughout which type of GO terms were used in the
different analyses. 

Another example for inaccurate writ ing: "The most popular approach for biologically interpret ing a
gene set is the Hypergeometric (HG) test , where the proport ion of genes annotated for a certain
property (GO funct ional category) in the set is compared to a background set of genes. " The
popular approach is to use GO annotat ions and enrichment. Hypergeometric (HG) test  is just  the



stat ist ical test , which could be a different one, see for example Gorilla and GSEA stat ist ical tests. 

The introduct ion points to several NBMD studies as part icularly successful "NBMD methods are
among the most effect ive for fulfilling this task (Marbach et  al, 2016; Barrenas 
et  al, 2009; Cowen et  al, 2017)" however the study does not include them in the comparison. This
requires just ificat ion and some discussion. 

The ent ire comparison between NBMD methods relies on DIP, which, as the authors write, is very
small compared to today's PPI networks. Huang et  al found that "STRING, ConsensusPathDB, and
GIANT networks having the best performance overall... Correct ing for size, we find that the DIP
network provides the highest efficiency (value per interact ion)." However, today's applicat ions rarely
use DIP. Thus, at  least  some tests should be done with current networks, esp. for assessing
DOMINO relat ive to another method. 

The GO enrichment analysis is at  the heart  of the comparison. How was the GO enrichment
calculated? Specifically, what was the background list  for the enrichment analysis? Which GO
evidence codes were used? What is the threshold of the corrected p-value used in Fig. 1A? Were
only GO biological process terms considered throughout, or the ent ire GO? 
In any case, to make the results unbiased by the small DIP network, the background list  used to
assess GO enrichment should be the list  of proteins that appear as nodes in the DIP network. Was
this done? 
Upon analyzing GO term enrichment, corrected p-value thresholds that are considered significant in
real world bioinformat ic applicat ions are lower than 0.05, since 0.05 is too permissive. For example,
the GOrilla tool uses thresholds that start  at  10^-3 and go down to 10^-10. Thus, the analysis
should consider only GO terms with corrected p-value of 10^-3 or lower. 
Gene annotat ions to be included per gene should not be based on certain GO evidence codes,
including Inferred from Physical Interact ion (IPI), Inferred from Mutant Phenotype (IMP), Inferred from
Genet ic Interact ion (IGI), and Inferred from Expression Pattern (IEP), as these bias the analysis
which aims to ident ify PPI modules based on gene expression patterns and mutat ion patterns. 
For all the reasons I ment ioned, it  seems that the GO enrichment analysis was too permissive,
which resulted in ident ifying many GO terms that falsely appear as significant. This potent ially lead
to inflat ion of GO terms and created a problem that, if properly analyzed, might not be that
frequent. 

How is permutat ion achieved? Is it  uniform, or are act ivity scores switched between genes with the
same connect ivity? This should be described and discussed. 

Thresholds used in the algorithms seem arbit rary (e.g., 0.2 in the community detect ion, etc). Please
elaborate on why those thresholds and not others. 

To check the applicability of the Domino algorithm to up-to-date PPI network, apply it  to the human
interactome of BioGRID or STRING, and evaluate results. This would also test  the suitability of the
different thresholds used throughout. 

Add run t imes on DIP and on the up-to-date PPI network. 

The discussion is totally focused on results without giving a broader view. There is not a single
reference to another study. 

The different evaluat ion criteria that the study suggests are thoughtful. If this is a novelty of the



study, then a more elaborate discussion of measures used by other NBMD studies is required. 

Page 14, 15 and 17 contains a figure without a legend. The fig. seems ident ical. 

Minor: 
Introduct ion: "dist inct  biological endpoints" - endpoint  is unclear. 

"Unexpectedly, our analysis revealed that algorithms often obtained modules enriched for a high
number of GO terms even when run on permuted datasets" remove 'Unexpectedly,' because this is
not so unexpected. 

Table S4: numbers should appear as simple as possible. E.g., 4.60E-01 should appear as 0.46.
0.00E+00 should be 0. 

Figure 1B is not intuit ive. Consider using another type of plot . 

In the end, the quest ion is whether a certain module is enriched. However in the empirical pipeline,
fig 2 panel C, the maximal score per GO term is used. Why this choice, and not the score of each
GO term per module? 

Fig. 4: A boxplot  is better than a histogram; the median is more representat ive of the results than
mean. It  seems that the rat io is the number of experimentally validated terms out of the total terms
detected. How can the rat io be greater than 1? 

Fig. 5: show results also for the GWAS (this should be in all relevant figures). 
Fig. 5B just ifies the EMP, and thus can come before Domino in the text . Also, Fig. 6A is ment ioned in
the text  before 5B. 

Fig. 7 is not helpful. 

Reviewer #2: 

In this manuscript , the authors have performed a comparat ive analysis of mult iple algorithms to
detect  act ive networks in genomics data, propose new metrics for benchmarking such algorithms,
and define a new method to address shortcomings of the exist ing tools. The paper is clearly writ ten
and the comparat ive analysis across mult iple methods is interest ing. I have three major concerns
regarding the analysis. 

First , act ive network methods project  experimental results on a reference gene/protein interact ion
network. In this work, DIP was used, which seems appropriate to me. However, I wonder how many
of the outcomes of the paper are dependent on the input network, and how that input network
may alter results different ly depending on the algorithm. Are these results robust to changes in DIP
or, more broadly, the use of different input networks? 

Second, I wonder if there is a more straightforward way to address false posit ives in enrichment
analysis of permuted data. While I agree that permutat ion analysis is a sensible way to assess false
posit ive rates, I wonder if the false posit ives may be address direct ly by altering method parameters
rather than carrying out the slow, ad hoc EMP analysis. For example, what background gene sets



were used in the hypergeometric test? Seeing the same GO annotat ions appear in permuted data
suggests a bias in that background. As noted above, I worry that these outcomes may also be
biased by the topology of the input network. For these reasons I'm not convinced that EMP is a
necessary or desirable way to clean the results, despite its technical validity. 

Third, the DOMINO algorithm appears to be designed to generate relat ively small modules. Do the
DOMINO modules contain fewer genes? How does modules size affect  each of the scoring
metrics? Would higher significance thresholding in other methods improve their performance across
these metrics? 

Other comments: 

It  is not clear why "biological richness" is a general scoring criterion. I think the diversity of enriched
annotat ions would depend on the data set being analyzed. 

I'm not sure Fig 1B is necessary. I did not find it  to be visually intuit ive, and I wonder if it  contributes
more than the Venn diagrams in Fig 1A. 

Text in Figs 1A and 4 is too small. 

Reviewer #3: 

The paper "DOMINO: a novel network-based module detect ion algorithm with reduced rate of false
calls" by Levi et  al. starts with the observat ion that network-based module discovery (NBMD)
algorithms frequent ly produce "act ive" modules with significant overlap with GO terms not only
when using real omics data, such as gene expression or GWAS data, but also for permuted data.
The authors propose an empirical procedure (EMP) to adjust  for this, and develop five performance
criteria to better evaluate NMMD algorithms. Finally they propose their own new method, DOMINO,
that (largely) outperforms six established methods on these criteria. 

The paper is sound and relevant. It  is also well writ ten for the most part  (see my minor comments
on some potent ial improvements that could st ill be made). 

Major comments: 
I like the structure of the paper, first  report ing the observat ion of a potent ial bias (significant
modules by GO enrichment for permuted data), then coming up with a way to overcome this (EMP)
and a battery of evaluat ion criteria, and only proposing a new algorithm in the end. The paper would
have substant ial merit  even without the last  part , i.e. DOMINO, and in a way it  may not be ideal to
have these two aspects in the same work. This is because it  is always problemat ic when a new
method is evaluated against  the state-of-the-art  with criteria set  up by the method inventors.
Unsurprisingly, the new method always comes out with great performance. This is in part , because
the inventors could design (and sometimes tune) their own method to perform well under these
criteria, which introduces bias. Maybe more problemat ic, at  least  when the criteria are sound, as in
the present case, is that  the other methods are usually run with default  parameters and often do
not receive the same attent ion to adapt them as the new method. This is of course a general issue
which applies to many method papers, yet  it  is worth ment ioning that efforts like the DREAM
challenges address exact ly this bias by organising analysis challenges for which all part icipants



have the chance to adapt their method in a learning phase and then compete with equal chances.
While I do not suggest to change the paper fundamentally, I do think it  would be useful to refer to
this bias, and make it  very easy to apply the benchmarking performed in this paper to any other
method, i.e. provide the code not only for DOMINO, but also for the benchmarking, in case that 's not
already on the git  (as the datasets). 

In their discussion the authors write "An addit ional future task is to understand better the sources
of the bias that causes over-report ing of enriched GO terms.". My hypothesis is that  modules with
high GO enrichment for permutat ion data likely correspond to subnetworks (i.e. network modules)
that have a very high overlap with some GO terms, such that any omics data, including randomized
versions, that  select  subsets of such network modules st ill come out significant. In other words, the
network structure may be the main driver of the GO enrichment. I think this hypothesis could (and
should) easily be tested. In fact  methods that just  part it ion networks into modules have recent ly
been systemat ically evaluated in a DREAM challenge - not by using GO enrichment but GWAS
enrichment as an evaluat ion method, see PMID: 31471613. One could for example take some top
methods of this compet it ion (or at  least  the Newman-Girvan modularity detect ion algorithm used in
step 0 of DOMINO) to ident ify such GO terms, and check if the problem persists when removing or
flagging them. 

Minor comments 

There's a typo in the abstract : " evlautat ing NBMD" 

"we designed a method that evaluates the empirical significance of GO terms" : I'd add "by
permutat ion analysis" 

"gene act ivity scores" scores is a bit  of a misnomer for the GWAS scores, since, in contrast  to gene
expression data, genet ic associat ions infer lit t le informat ion about act ivity itself (act ive genes may
not carry any genet ic variants that modulate their act ivity in which case they won't  be detected by
GWAS.) Maybe 'gene relevance scores' would be sufficient ly generic a term. 

Used terminology like node "act ivity", "slices" or "dissected" could be replaced with wording used
more commonly in network science, like for example node at t ribute, part it ion, communit ies, etc. 

Fig. 1B: It  took me a while to (hopefully) understand what is shown. (It  didn't  help that there are 10
datasets and 10 permutat ions, maybe increase the lat ter to resolve this.) If the output for each
algorithm and data type (GE/GWAS) consists just  of 10 numbers, I believe a barplot  (with 10 bars
rather than color coding) or a color-coded table would do a better job. Also in this case no sort ing is
needed and one could have explicit  reference to each of the 10 datasets. 

"For some two decades": almost/more than? 

Would be good to report  the sample size for the GWAS studies. The height paper is very early and
more recent studies (see GWAS catalog or the aforement ioned DREAM challenge for summary
stats) will have much more power. 

It  might be helpful for the reader if the authors would explain in more clarity how their part icular
clustering problem fits into the more general literature. It  seems the underlying problem is known in
computer/network science as community detect ion with node at t ributes (usually with discrete
attributes, but cont inuous at t ributes have been considered as well in the literature). A more



detailed discussion of the benefits / drawbacks of taking addit ional node informat ion into account
would also be beneficial. 
How would the performance of DOMINO change if the Newman-Girvan modularity detect ion
algorithm used in step 0 would be replaced by other algorithms designed to detect  network
communit ies (again the DREAM challenge I ment ioned tried to ident ify the most efficient  ones for
PPI and other gene-gene networks)?



ii 

Reviewer #1: 

The study has several shortcomings: It presents a problem that was potentially inflated, an 
empirical NBMD method that integrates previously published methods and thus has limited 
novelty, and applies NBMD methods and particularly DOMINO to a PPI network that is 
very small relative to today's networks (3,000 nodes compared to ~20,000, and 5,000 
interactions compared to ~400,000), which puts a question mark on DOMINO's 
applicability. 

Response: We revised DOMINO to enable running it on larger networks. We applied 
DOMINO and NetBox with the EMP procedure on the larger HuRI and STRING networks 
in order to validate GO terms. The results show that DOMINO had consistent performance 
advantage in all networks. Further analyses that we performed show that the problem 
presented is not inflated and persists on large networks as well. See additional response 
to specific comments below. 

Regarding the “limited novelty” of DOMINO, we respectfully and strongly disagree. Most 
novel methods use ideas from previously published research. It is the combination of these 
multiple ideas that matters. The improved results of DOMINO in a field of research that 
has been studied for two decades speak for themselves. 

The introduction is not well written for several reasons. When writing about modules, the 
definition of a module should be clear, esp. given that this is a computational study. 
Moreover, modules should be described in more depth (e.g., consider including the 
seminal paper 'From molecular to modular cell biology' Nature, 1999). The methods for 
module evaluation should also be described thoroughly. 
The introduction struck me as a clutter of citations. The first and second paragraphs of the 
introduction cite studies almost arbitrarily. The sentence "With the ever-increasing 
availability of genomic, transcriptomic and proteomic data" is followed by references to 
studies from 2008, 2018 and 2011. Why are these specific studies cited? Are they seminal 
in any sense, which I doubt? If going back a decade made sense, why cite a paper from 
2018 that discusses a combination of genetic interactions with PPI (genetic interactions 
not a particular demonstration of a genomic, transcriptomic, or a proteomic assay but 
rather a viability assay), especially when integrative approaches are described later in the 
text. 
The introduction continues with a reference to a review of networks from 2006. I 
recommend either pointing to the first studies that used networks, or to an up-to-date 
review of networks. Another examples: "In these networks, each node represents a cellular 
subunit (e.g. a protein) and each edge represents a relationship between two subunits", 
which cites a cytoscape app, the DIP and the String database. These are tools and not 
conceptual papers, namely where the concept emerged. If you point to a tool then refer to 
it as such. Similarly, if you point to a review it would be helpful to add "reviewed in".. 
Another example of poor choice of citations: "This ability of NBMD methods is especially 
critical for the functional interpretation of Genome-Wide Association Studies (GWASs) 
(Visscher et al, 2012). " - why cite a review of '5 years of GWAS discovery' 8 years after it 

18th Oct 20201st Authors' Response to Reviewers



iii 

 

was published? 
This frustrating style of writing and citing goes on and on in the introduction, which should 
be revised throughout. Such arbitrary and context-less citing is not acceptable. 
 
Response: We agree with the criticism. We completely rewrote the introduction, and, as 
suggested, substantially changed the citations.  
 
Regarding module definition. Modules are first defined in the text as highly scoring 
subnetworks: "The core of the NBMD task is to pinpoint highly scoring sets of interacting 
nodes, where the score of each node (i.e. the activity score) is derived from the data". In 
the next sentence, modules are defined differently "An NBMD solution is composed of a 
set of modules that are enriched for the activity signal.". So, it is highly scoring or is it 
enriched? Is every high-scoring gene there? Or can some module genes not be high 
scoring? What about modules that are based on dense interactions and not activity? 
 
Response: We rephrased the text and clarified module definitions (Page 2). In response to 
a comment of reviewer 3 we also changed the terminology: We now use “active module 
identification” (AMI) and not NBMD, which may be confused with network-only module 
discovery. We also changed the paper’s title to reflect this. 
 
The text continues with inaccurate references to GO. "wherein the GO (The Gene 
Ontology Consortium, 2019) functions" However, GO provides gene annotation, not 
functions. GO does have a 'molecular function' ontology, but it seems that the authors 
actually refer to the GO 'biological process' ontology. They mention GO biological process 
annotations in some of the evaluation criteria, and Fig. 5B presents biological process 
terms. The introduction continuously refers to 'Functional GO category', which should be 
revised as it is misleading and simply inaccurate. It should be made clear in the 
introduction and throughout which type of GO terms were used in the different analyses. 
 
Response: Indeed, in our analyses, GO terms of the biological process (BP) ontology were 
used. We now clarify this in the text (page 5) and give exact details on the particular GO 
terms we tested for enrichment.  
 
Another example for inaccurate writing: "The most popular approach for biologically 
interpreting a gene set is the Hypergeometric (HG) test, where the proportion of genes 
annotated for a certain property (GO functional category) in the set is compared to a 
background set of genes. " The popular approach is to use GO annotations and 
enrichment. Hypergeometric (HG) test is just the statistical test, which could be a different 
one, see for example Gorilla and GSEA statistical tests. 
 
Response: This section was removed from the Introduction.   
 
The introduction points to several NBMD studies as particularly successful "NBMD 
methods are among the most effective for fulfilling this task (Marbach et al, 2016; Barrenas 
et al, 2009; Cowen et al, 2017)" however the study does not include them in the 
comparison. This requires justification and some discussion. 
 
Response: We rephrased this paragraph and changed the citations. AMI methods used in 
the cited studies are either included our benchmark or share similar ideas with algorithms 
in our benchmark (Nakka et al, 2016 use HotNet2; Chang et al 2015 solves a version of 
PCST, as do Bionet and DOMINO in the benchmark, Fernandez-Tajes et al, 2019 is based 
on ideas from jActiveModules greedy). 



iv 

 

 
The entire comparison between NBMD methods relies on DIP, which, as the authors write, 
is very small compared to today's PPI networks. Huang et al found that "STRING, 
ConsensusPathDB, and GIANT networks having the best performance overall... 
Correcting for size, we find that the DIP network provides the highest efficiency (value per 
interaction)." However, today's applications rarely use DIP. Thus, at least some tests 
should be done with current networks, esp. for assessing DOMINO relative to another 
method. 
 
Response: We added comparison of DOMINO to NetBox on two other larger networks: 
HuRI (8272 nodes, 52,549 edges) network and STRING (11972 nodes, 243,385 edges 
with confidence larger than 900). We now report DOMINO scored best overall in all three 
networks.  
The GO enrichment analysis is at the heart of the comparison. How was the GO 
enrichment calculated? Specifically, what was the background list for the enrichment 
analysis? Which GO evidence codes were used? What is the threshold of the corrected p-
value used in Fig. 1A? Were only GO biological process terms considered throughout, or 
the entire GO? 
In any case, to make the results unbiased by the small DIP network, the background list 
used to assess GO enrichment should be the list of proteins that appear as nodes in the 
DIP network. Was this done? 
Response: 
 
• The background list for the enrichment analysis indeed comprises only genes that appears in 

the network.  

• Following the reviewer’s comment, to avoid potential biases in our analyses, we now excluded 
the following code evidence: IPI, IMP, IGI, IEP, HMP, HGI, HEP 

• We corrected for multiple testing (BH-FDR) and took terms with p-value<0.05 

• We considered only GO biological process terms in our analysis 

All these details are mentioned in the manuscript (pages 5 and 7) 
 
Upon analyzing GO term enrichment, corrected p-value thresholds that are considered 
significant in real world bioinformatic applications are lower than 0.05, since 0.05 is too 
permissive. For example, the GOrilla tool uses thresholds that start at 10^-3 and go down 
to 10^-10. Thus, the analysis should consider only GO terms with corrected p-value of 10^-
3 or lower. 
 
Response: We rerun our benchmark with different p-value thresholds: 0.05, 0.01, 0.001. 
(see External Table 1). While DOMINO was less dominant for some thresholds, it was still 
the best performing algorithm overall. We also argue that the need for thresholds lower 
than 10^-3 used in previous studies was partially due to issues we addressed in our paper.  
 
Gene annotations to be included per gene should not be based on certain GO evidence 
codes, including Inferred from Physical Interaction (IPI), Inferred from Mutant Phenotype 
(IMP), Inferred from Genetic Interaction (IGI), and Inferred from Expression Pattern (IEP), 
as these bias the analysis which aims to identify PPI modules based on gene expression 
patterns and mutation patterns. 
 
Response: We agree with this important point and filtered out the following evidence 
codes: IPI, IMP, IGI, IEP, HMP, HGI, HEP 
 
For all the reasons I mentioned, it seems that the GO enrichment analysis was too 
permissive, which resulted in identifying many GO terms that falsely appear as significant. 
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This potentially leads to inflation of GO terms and created a problem that, if properly 
analyzed, might not be that frequent. 
 
Response: We addressed the factors mentioned by the reviewer, and the problem has 
persisted.  
 
How is permutation achieved? Is it uniform, or are activity scores switched between genes 
with the same connectivity? This should be described and discussed. 
 
Response: We shuffled the scores uniformly at random, without considering the network 
structure. This is explained in page 5. 
 
Thresholds used in the algorithms seem arbitrary (e.g., 0.2 in the community detection, 
etc). Please elaborate on why those thresholds and not others. 
 
Response: We reached these thresholds based on empirical testing. We mention this 
issue in page 19 
 
To check the applicability of the Domino algorithm to up-to-date PPI network, apply it to the 
human interactome of BioGRID or STRING, and evaluate results. This would also test the 
suitability of the different thresholds used throughout. 
 
Response: We conducted analysis on two other popular networks: HuRI and STRING. 
See “Analysis of large-scale networks” in the Results section.  
 
Add run times on DIP and on the up-to-date PPI network. 
 
Response: We added runtimes. See Tables S4-6 and page 15. Notably, the new version of 
DOMINO is now 1-3 orders of magnitude faster than the other tested methods.   
 
The discussion is totally focused on results without giving a broader view. There is not a 
single reference to another study. 
 
Response: We revised Discussion section, referring also to related works. 
 
The different evaluation criteria that the study suggests are thoughtful. If this is a novelty of 
the study, then a more elaborate discussion of measures used by other NBMD studies is 
required. 
 
Response: Yes, the criteria are novel. We now discuss them and a criterion used by 
another benchmark on page 18 

 
Page 14, 15 and 17 contains a figure without a legend. The fig. seems identical. 
 
Response: fixed 
 
Minor: 
Introduction: "distinct biological endpoints" - endpoint is unclear. 
 
Response: we revised this phrase as part of the introduction revision  
 
"Unexpectedly, our analysis revealed that algorithms often obtained  
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modules enriched for a high number of GO terms even when run on permuted datasets" 
remove 'Unexpectedly,' because this is not so unexpected. 
 
Response: We now say “Remarkably” instead. We still feel it is surprising, since reporting 
meaningless/non-specific results that show up also on random data is definitely not what 
any of those algorithms intended. 
 
Table S4: numbers should appear as simple as possible. E.g., 4.60E-01 should appear as 
0.46. 0.00E+00 should be 0. 
 
Response: Fixed. Note that the old Table S4 is now integrated into Table 1. 
 
Figure 1B is not intuitive. Consider using another type of plot. 
 
Response: We changed the figure. According to Reviewer #3’s suggestion, we also 
increased # of permutations to 100. 
 
In the end, the question is whether a certain module is enriched. However in the empirical 
pipeline, fig 2 panel C, the maximal score per GO term is used. Why this choice, and not 
the score of each GO term per module? 
 
Response: First, the goal of the EMP procedure is to examine if the GO terms detected on 
an AMI solution are specific to the context of the analyzed biological condition. Thus, we 
take the maximal score per GO term and compare it to the Null distribution. This allows us 
to reject non-specific terms. Second, the Null distribution is generated on random 
permutations. Each AMI algorithm run on such permuted profile generates a solution with 
a different number of modules of different sizes. This does not allow building Null 
distribution per module. Thirdly, the mEHR provides an evaluation score per module. The 
higher this score, the higher the confidence the signal captured by the module is indeed 
specific to the analyzed condition.       
 
Fig. 4: A boxplot is better than a histogram; the median is more representative of the 
results than mean.  
 
Response: We did include the median (red cross) to Figure 4 
 
It seems that the ratio is the number of experimentally validated terms out of the total 
terms detected. How can the ratio be greater than 1? 
 
Response: The EHR indeed cannot be greater than 1. As the results for individual datasets 
(the grey dots in Fig 4 A, B) show, it never is. 
 
Fig. 5: show results also for the GWAS (this should be in all relevant figures). 
 
Response: The results for the GWAS are shown in supplementary figures (S3, S4).  
 
Fig. 5B justifies the EMP, and thus can come before Domino in the text. Also, Fig. 6A is 
mentioned in the text before 5B. 
 
Response: Since this figure also includes DOMINO’s results, we chose to place it  after 
introducing DOMINO. Fig. 5B is now referred to before Fig 6A. 
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Fig. 7 is not helpful. 
 
Response: We now include it as a subfigure of Figure 6, so it is less prominent. We feel it 
helps to understand the different characteristics of each criterion and their relationship. 
 
 
 
Reviewer #2: 
 
In this manuscript, the authors have performed a comparative analysis of multiple 
algorithms to detect active networks in genomics data, propose new metrics for 
benchmarking such algorithms, and define a new method to address shortcomings of the 
existing tools. The paper is clearly written and the comparative analysis across multiple 
methods is interesting. I have three major concerns regarding the analysis. 
 
Response: We thank the reviewer for the positive opinion 
 
First, active network methods project experimental results on a reference gene/protein 
interaction network. In this work, DIP was used, which seems appropriate to me. However, 
I wonder how many of the outcomes of the paper are dependent on the input network, and 
how that input network may alter results differently depending on the algorithm. Are these 
results robust to changes in DIP or, more broadly, the use of different input networks? 
 
Response: We now report on results for the DIP, HuRI and STRING networks (page 15; 
Table 2). Overall, the results on other networks were consistent with the results on our 
original network. 
 
Second, I wonder if there is a more straightforward way to address false positives in 
enrichment analysis of permuted data. While I agree that permutation analysis is a 
sensible way to assess false positive rates, I wonder if the false positives may be address 
directly by altering method parameters rather than carrying out the slow, ad hoc EMP 
analysis.  
 
Response: Tuning parameters of each algorithm was impractical for our compute-intensive 
benchmark. We now added an extensive analysis of an alternative way for detecting false 
positive terms based on the potential bias introduced by network topology (Results 
section: Analyzing the network contribution to non-specific GO enrichment bias and 
Appendix, pages 30-31). We also provide results for different q-value thresholds (External 
Table 1). These results show that there is no simple alternative for the EMP procedure.  
 
For example, what background gene sets were used in the hypergeometric test? Seeing 
the same GO annotations appear in permuted data suggests a bias in that background.  
 
Response: The background set of the HG test comprises the genes that are included in 
the network. This is mentioned in page 5. 
 
As noted above, I worry that these outcomes may also be biased by the topology of the 
input network. For these reasons I'm not convinced that EMP is a necessary or desirable 
way to clean the results, despite its technical validity. 
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Response: As mentioned above, we added an extensive analysis of an alternative way for 
detecting false positive terms based on the bias of the network (page 17 and the 
Appendix). Our analysis indicates that additional factors are involved in the bias and 
simple correction based on network topology is insufficient. 
 
Third, the DOMINO algorithm appears to be designed to generate relatively small 
modules. Do the DOMINO modules contain fewer genes? How does modules size affect 
each of the scoring metrics? Would higher significance thresholding in other methods 
improve their performance across these metrics? 
 
Response: We do provide module size statistics. See Figure S1, Figure S2. One can see 
DOMINO’s modules are not substantially smaller than those of other algorithms (with the 
exception of jAM SA). 
 
Other comments: 
 
It is not clear why "biological richness" is a general scoring criterion. I think the diversity of 
enriched annotations would depend on the data set being analyzed. 
 
Response: We agree that the context of the assay needs to be taken into account when 
interpreting the results of each criterion, and emphasize this on page 12. Yet, if diverse 
biological processes were empirically validated by EMP, it indicates that the AMI solution 
successfully captured multiple molecular facets that are specifically relevant to the 
analyzed biological condition (while AMI solution with less rich diversity missed some 
components). 
 
I'm not sure Fig 1B is necessary. I did not find it to be visually intuitive, and I wonder if it 
contributes more than the Venn diagrams in Fig 1A. 
 
Response: We revised Fig. 1B and made it visually simpler.  
 
Text in Figs 1A and 4 is too small. 
 
Response: Fixed 
 
 
Reviewer #3: 
 
The paper "DOMINO: a novel network-based module detection algorithm with reduced rate 
of false calls" by Levi et al. starts with the observation that network-based module 
discovery (NBMD) algorithms frequently produce "active" modules with significant overlap 
with GO terms not only when using real omics data, such as gene expression or GWAS 
data, but also for permuted data. The authors propose an empirical procedure (EMP) to 
adjust for this, and develop five performance criteria to better evaluate NMMD algorithms. 
Finally they propose their own new method, DOMINO, that (largely) outperforms six 
established methods on these criteria. 
 
The paper is sound and relevant. It is also well written for the most part (see my minor 
comments on some potential improvements that could still be made). 
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Response: We thank the reviewer for the positive evaluation. 
 
Major comments: 
 
I like the structure of the paper, first reporting the observation of a potential bias (significant 
modules by GO enrichment for permuted data), then coming up with a way to overcome 
this (EMP) and a battery of evaluation criteria, and only proposing a new algorithm in the 
end. The paper would have substantial merit even without the last part, i.e. DOMINO, and 
in a way it may not be ideal to have these two aspects in the same work. This is because it 
is always problematic when a new method is evaluated against the state-of-the-art with 
criteria set up by the method inventors. Unsurprisingly, the new method always comes out 
with great performance. This is in part, because the inventors could design (and 
sometimes tune) their own method to perform well under these criteria, which introduces 
bias. Maybe more problematic, at least when the criteria are sound, as in the present case, 
is that the other methods are usually run with default parameters and often do not receive 
the same attention to adapt them as the new method. This is of course a general issue 
which applies to many method papers, yet it is worth mentioning that efforts like the 
DREAM challenges address exactly this bias by organising analysis challenges for which 
all participants have the chance to adapt their method in a learning phase and then 
compete with equal chances. While I do not suggest to change the paper fundamentally, I 
do think it would be useful to refer to this bias, and make it very easy to apply the 
benchmarking performed in this paper to any other method, i.e. provide the code not only 
for DOMINO, but also for the benchmarking, in case that's not already on the git (as the 
datasets). 
 
Response: We agree with the concerns and now discuss them (page 19). We now provide 
in Github the code for the evaluation criteria and the datasets used in our benchmark. We 
did not include the other methods code as this would necessitate substantial additional 
technical work (and authors permissions). 
 

In their discussion the authors write "An additional future task is to understand better the 
sources of the bias that causes over-reporting of enriched GO terms.". My hypothesis is 
that modules with high GO enrichment for permutation data likely correspond to 
subnetworks (i.e. network modules) that have a very high overlap with some GO terms, 
such that any omics data, including randomized versions, that select subsets of such 
network modules still come out significant. In other words, the network structure may be 
the main driver of the GO enrichment. I think this hypothesis could (and should) easily be 
tested. In fact methods that just partition networks into modules have recently been 
systematically evaluated in a DREAM challenge - not by using GO enrichment but GWAS 
enrichment as an evaluation method, see PMID: 31471613. One could for example take 
some top methods of this competition (or at least the Newman-Girvan modularity detection 
algorithm used in step 0 of DOMINO) to identify such GO terms, and check if the problem 
persists when removing or flagging them. 
 
Response: We thank the reviewer for this thoughtful suggestion. We conducted additional 
analysis that compares GO terms in modules discovered by AMI methods to those 
discovered by a community detection method, which discover modules based on the 
network only. We took the reviewer’s suggestion and used the M1 method, one of the top 
performers in the DREAM competition. 
Briefly, we extracted a list of GO terms using M1. We called these terms net-terms. We 
tested the overlap between net-terms and the terms that were discovered by AMI 
algorithms. We found that while net-terms were in general highly over-represented among 
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the GO terms reported by AMI solutions, these terms did not show significantly higher 
rejection rate by the EMP procedure than the other BP GO terms.   This analysis is 
described in Page 17 and the Appendix). We concluded that while a substantial part of the 
rejected terms were net-terms, the association between the two types of terms was mild, 
and many identified terms that are not net-terms must be rejected as well. Overall, one 
cannot use net-terms as an alternative to EMP for filtering GO terms. 
 
Minor comments 
 
There's a typo in the abstract: " evlautating NBMD" 
Response: Fixed. 
 
"we designed a method that evaluates the empirical significance of GO terms" : I'd add "by 
permutation analysis" 
 
Response: we revised this sentence according the reviewer’s comment. 
 
"gene activity scores" scores is a bit of a misnomer for the GWAS scores, since, in 
contrast to gene expression data, genetic associations infer little information about activity 
itself (active genes may not carry any genetic variants that modulate their activity in which 
case they won't be detected by GWAS.) Maybe 'gene relevance scores' would be 
sufficiently generic a term. 
 
Response: We prefer to use the commonly used term activity scores. We added a 
comment about GWAS terminology in page 2. 
 
Used terminology like node "activity", "slices" or "dissected" could be replaced with 
wording used more commonly in network science, like for example node attribute, 
partition, communities, etc. 
 
Response:  We replaced “dissect” by “partition”. We kept “slices”, as they refer to specific 
subsets in our algorithm.  
 
Fig. 1B: It took me a while to (hopefully) understand what is shown. (It didn't help that there 
are 10 datasets and 10 permutations, maybe increase the latter to resolve this.) If the 
output for each algorithm and data type (GE/GWAS) consists just of 10 numbers, I believe 
a barplot (with 10 bars rather than color coding) or a color-coded table would do a better 
job. Also in this case no sorting is needed and one could have explicit reference to each of 
the 10 datasets. 
 
Response: We changed this figure to make it more visually intuitive, and additionally, as 
suggested, increased the number of permutations to 100. 
 

"For some two decades": almost/more than? 
 
Response: The right word is “almost”. Fixed.  
 
Would be good to report the sample size for the GWAS studies. The height paper is very 
early and more recent studies (see GWAS catalog or the aforementioned DREAM 
challenge for summary stats) will have much more power. 
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Response: Sample sizes are reported now in Table S3. We kept the early height paper 
data in order to avoid an expensive rerun of the benchmark. 
 
It might be helpful for the reader if the authors would explain in more clarity how their 
particular clustering problem fits into the more general literature. It seems the underlying 
problem is known in computer/network science as community detection with node 
attributes (usually with discrete attributes, but continuous attributes have been considered 
as well in the literature). A more detailed discussion of the benefits / drawbacks of taking 
additional node information into account would also be beneficial. 
 
Response:  Our revised Introduction section now explains an discusses most of these 
issues. 
 
How would the performance of DOMINO change if the Newman-Girvan modularity 
detection algorithm used in step 0 would be replaced by other algorithms designed to 
detect network communities (again the DREAM challenge I mentioned tried to identify the 
most efficient ones for PPI and other gene-gene networks)? 
 
Response: We thank the reviewer for this helpful idea. We replaced the Newman-Girvan 
algorithm by the Louvain algorithm in step 0. This led to substantial speed-up of DOMINO 
which allowed its application to larger networks. As we show, overall, the revised algorithm 
performed as good as the original one on the DIP network. 
 



3rd Nov 20202nd Editorial Decision

Thank you for sending us your revised manuscript . We have now heard back from the two 
reviewers who were asked to evaluate your study. As you will see below the reviewers are sat isfied 
with the modificat ions made and think that the study is now suitable for publicat ion. 

Before we can formally accept your manuscript , we would ask you to address a few remaining 
editorial issues listed below.

REFEREE REPORTS

 ---------------------------------------------------------------------------- 

Reviewer #1: 

My comments were addressed. 

Reviewer #3: 

The authors sufficient ly addressed my comments.
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The Authors have addressed all editorial concerns.

11th Nov 2020ACCEPTED

Thank you again for sending us your revised manuscript . We are now sat isfied with the 
modificat ions made and I am pleased to inform you that your paper has been accepted for 
publicat ion. 



USEFUL LINKS FOR COMPLETING THIS FORM

http://www.antibodypedia.com
http://1degreebio.org
http://www.equator-network.org/reporting-guidelines/improving-bioscience-research-reporting-the-arrive-guidelines-for-reporting-animal-research/

http://grants.nih.gov/grants/olaw/olaw.htm
http://www.mrc.ac.uk/Ourresearch/Ethicsresearchguidance/Useofanimals/index.htm
http://ClinicalTrials.gov
http://www.consort-statement.org
http://www.consort-statement.org/checklists/view/32-consort/66-title

è
http://www.equator-network.org/reporting-guidelines/reporting-recommendations-for-tumour-marker-prognostic-studies-remark/

è
http://datadryad.org

è
http://figshare.com

è
http://www.ncbi.nlm.nih.gov/gap

è
http://www.ebi.ac.uk/ega

http://biomodels.net/

http://biomodels.net/miriam/
è http://jjj.biochem.sun.ac.za
è http://oba.od.nih.gov/biosecurity/biosecurity_documents.html
è http://www.selectagents.gov/
è

è
è

è
è

� common tests, such as t-test (please specify whether paired vs. unpaired), simple χ2 tests, Wilcoxon and Mann-Whitney 
tests, can be unambiguously identified by name only, but more complex techniques should be described in the methods 
section;

� are tests one-sided or two-sided?
� are there adjustments for multiple comparisons?
� exact statistical test results, e.g., P values = x but not P values < x;
� definition of ‘center values’ as median or average;
� definition of error bars as s.d. or s.e.m. 

1.a. How was the sample size chosen to ensure adequate power to detect a pre-specified effect size?

1.b. For animal studies, include a statement about sample size estimate even if no statistical methods were used.

2. Describe inclusion/exclusion criteria if samples or animals were excluded from the analysis. Were the criteria pre-
established?

3. Were any steps taken to minimize the effects of subjective bias when allocating animals/samples to treatment (e.g. 
randomization procedure)? If yes, please describe. 

For animal studies, include a statement about randomization even if no randomization was used.

4.a. Were any steps taken to minimize the effects of subjective bias during group allocation or/and when assessing results 
(e.g. blinding of the investigator)? If yes please describe.

4.b. For animal studies, include a statement about blinding even if no blinding was done

5. For every figure, are statistical tests justified as appropriate?

Do the data meet the assumptions of the tests (e.g., normal distribution)? Describe any methods used to assess it.

Is there an estimate of variation within each group of data?

NA

NA

NA

Manuscript Number: MSB-20-9593

Yes

We used the standard edgeR librarly for analyzing gene expression count data. In Figure 7 we used 
the Mann Whitney U one sided non-parametric test.

standard deviations are shown in Table 1, Figure 4 and Appendix Figures S1 and S2 

NA

NA

NA

1. Data

the data were obtained and processed according to the field’s best practice and are presented to reflect the results of the 
experiments in an accurate and unbiased manner.
figure panels include only data points, measurements or observations that can be compared to each other in a scientifically 
meaningful way.

The data shown in figures should satisfy the following conditions:

Source Data should be included to report the data underlying graphs. Please follow the guidelines set out in the author ship 
guidelines on Data Presentation.

Please fill out these boxes ê (Do not worry if you cannot see all your text once you press return)

a specification of the experimental system investigated (eg cell line, species name).

NA

graphs include clearly labeled error bars for independent experiments and sample sizes. Unless justified, error bars should 
not be shown for technical replicates.
if n< 5, the individual data points from each experiment should be plotted and any statistical test employed should be 
justified

the exact sample size (n) for each experimental group/condition, given as a number, not a range;

Each figure caption should contain the following information, for each panel where they are relevant:

2. Captions

B- Statistics and general methods

the assay(s) and method(s) used to carry out the reported observations and measurements 
an explicit mention of the biological and chemical entity(ies) that are being measured.
an explicit mention of the biological and chemical entity(ies) that are altered/varied/perturbed in a controlled manner.

a statement of how many times the experiment shown was independently replicated in the laboratory.

Any descriptions too long for the figure legend should be included in the methods section and/or with the source data.

 

In the pink boxes below, please ensure that the answers to the following questions are reported in the manuscript itself. 
Every question should be answered. If the question is not relevant to your research, please write NA (non applicable).  
We encourage you to include a specific subsection in the methods section for statistics, reagents, animal models and human 
subjects.  

definitions of statistical methods and measures:

a description of the sample collection allowing the reader to understand whether the samples represent technical or 
biological replicates (including how many animals, litters, cultures, etc.).

EMBO PRESS 

A- Figures 

Reporting Checklist For Life Sciences Articles (Rev. June 2017)

This checklist is used to ensure good reporting standards and to improve the reproducibility of published results. These guidelines are 
consistent with the Principles and Guidelines for Reporting Preclinical Research issued by the NIH in 2014. Please follow the journal’s 
authorship guidelines in preparing your manuscript.  

PLEASE NOTE THAT THIS CHECKLIST WILL BE PUBLISHED ALONGSIDE YOUR PAPER

Journal Submitted to: Molecular System Biology
Corresponding Author Name: Ron Shamir， Ran Elkon

YOU MUST COMPLETE ALL CELLS WITH A PINK BACKGROUND ê



Is the variance similar between the groups that are being statistically compared?

6. To show that antibodies were profiled for use in the system under study (assay and species), provide a citation, catalog 
number and/or clone number, supplementary information or reference to an antibody validation profile. e.g., 
Antibodypedia (see link list at top right), 1DegreeBio (see link list at top right).

7. Identify the source of cell lines and report if they were recently authenticated (e.g., by STR profiling) and tested for 
mycoplasma contamination.

* for all hyperlinks, please see the table at the top right of the document

8. Report species, strain, gender, age of animals and genetic modification status where applicable. Please detail housing 
and husbandry conditions and the source of animals.

9. For experiments involving live vertebrates, include a statement of compliance with ethical regulations and identify the 
committee(s) approving the experiments.

10. We recommend consulting the ARRIVE guidelines (see link list at top right) (PLoS Biol. 8(6), e1000412, 2010) to ensure 
that other relevant aspects of animal studies are adequately reported. See author guidelines, under ‘Reporting 
Guidelines’. See also: NIH (see link list at top right) and MRC (see link list at top right) recommendations.  Please confirm 
compliance.

11. Identify the committee(s) approving the study protocol.

12. Include a statement confirming that informed consent was obtained from all subjects and that the experiments 
conformed to the principles set out in the WMA Declaration of Helsinki and the Department of Health and Human 
Services Belmont Report.

13. For publication of patient photos, include a statement confirming that consent to publish was obtained.

14. Report any restrictions on the availability (and/or on the use) of human data or samples.

15. Report the clinical trial registration number (at ClinicalTrials.gov or equivalent), where applicable.

16. For phase II and III randomized controlled trials, please refer to the CONSORT flow diagram (see link list at top right) 
and submit the CONSORT checklist (see link list at top right) with your submission. See author guidelines, under ‘Reporting 
Guidelines’. Please confirm you have submitted this list.

17. For tumor marker prognostic studies, we recommend that you follow the REMARK reporting guidelines (see link list at 
top right). See author guidelines, under ‘Reporting Guidelines’. Please confirm you have followed these guidelines.

18: Provide a “Data Availability” section at the end of the Materials & Methods, listing the accession codes for data 
generated in this study and deposited in a public database (e.g. RNA-Seq data: Gene Expression Omnibus GSE39462, 
Proteomics data: PRIDE PXD000208 etc.) Please refer to our author guidelines for ‘Data Deposition’.

Data deposition in a public repository is mandatory for: 
a. Protein, DNA and RNA sequences 
b. Macromolecular structures 
c. Crystallographic data for small molecules 
d. Functional genomics data 
e. Proteomics and molecular interactions

19. Deposition is strongly recommended for any datasets that are central and integral to the study; please consider the 
journal’s data policy. If no structured public repository exists for a given data type, we encourage the provision of datasets 
in the manuscript as a Supplementary Document (see author guidelines under ‘Expanded View’ or in unstructured 
repositories such as Dryad (see link list at top right) or Figshare (see link list at top right).
20. Access to human clinical and genomic datasets should be provided with as few restrictions as possible while respecting 
ethical obligations to the patients and relevant medical and legal issues. If practically possible and compatible with the 
individual consent agreement used in the study, such data should be deposited in one of the major public access-
controlled repositories such as dbGAP (see link list at top right) or EGA (see link list at top right).
21. Computational models that are central and integral to a study should be shared without restrictions and provided in a 
machine-readable form.  The relevant accession numbers or links should be provided. When possible, standardized format 
(SBML, CellML) should be used instead of scripts (e.g. MATLAB). Authors are strongly encouraged to follow the MIRIAM 
guidelines (see link list at top right) and deposit their model in a public database such as Biomodels (see link list at top 
right) or JWS Online (see link list at top right). If computer source code is provided with the paper, it should be deposited 
in a public repository or included in supplementary information.

22. Could your study fall under dual use research restrictions? Please check biosecurity documents (see link list at top 
right) and list of select agents and toxins (APHIS/CDC) (see link list at top right). According to our biosecurity guidelines, 
provide a statement only if it could.

NA

NA

NA

NA

NA

There is no novel raw data. We provided a data accessibility statement for accessing the gene 
expression and GWAS profiles used in the benchmark.

NA

NA

The source code is available at Github: https://github.com/Shamir-Lab. This is mentioned in the 
abstract and on page 19

NA

NA

NA

G- Dual use research of concern

F- Data Accessibility

NA

NA

NA

NA

NA

NA

C- Reagents

D- Animal Models

E- Human Subjects


	DOMINO: a network-based active module identification algorithm with reduced rate of false calls
	Review Timeline:
	Transaction Report:

	Merged Decision Summary PDF Section 1
	Merged Decision Summary PDF Section 2
	Merged Decision Summary PDF Section 3
	Merged Decision Summary PDF Section 4
	Merged Decision Summary PDF Section 5
	Merged Decision Summary PDF Section 6
	Merged Decision Summary PDF Section 7
	Merged Decision Summary PDF Section 8
	Merged Decision Summary PDF Section 9



