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Biological networks constructed from varied data can be used to

map cellular function, but each data type has limitations. Network
integration promises to address these limitations by combining and
automatically weighting input information to obtain amore accurate and
comprehensive representation of the underlying biology. We developed
adeep learning-based network integration algorithm thatincorporates
agraph convolutional network framework. Our method, BIONIC
(Biological Network Integration using Convolutions), learns features that
contain substantially more functional information compared to existing
approaches. BIONIC has unsupervised and semisupervised learning modes,
making use of available gene function annotations. BIONIC is scalable in
bothsize and quantity of the input networks, making it feasible to integrate
numerous networks on the scale of the human genome. To demonstrate the
use of BIONIC inidentifying new biology, we predicted and experimentally

validated essential gene chemical-genetic interactions from nonessential
gene profilesin yeast.

High-throughput functionalgenomics projects produce massiveamounts
of biological datafor thousands of genes, oftenrepresented asgene-gene
interaction networks, which link genes or proteins of related function'.
These functionalinteraction networks have varying rates of false-positives
and-negatives and integrating them promises to generate more accurate
and complete functional networks. However, the diversity of experimen-
tal methods makes unifying this information amajor challenge.
Existing network integration methods have not yet solved this
problem. For example, many integration algorithms produce networks

that retain only global topological features of the original networks,
which canbe at the expense ofimportant local relationships®*, whereas
othersfail to effectively integrate networks with partially disjoint node
sets®’”. Some methods incorporate too much noise in their output, for
instance by using more dimensions than necessary to represent their
output, which canbe detrimental to gene functionand functional inter-
action prediction quality? °. Most data integration approaches do not
scaleinthe number of networks orin the size of the networks required
for real world settings**®. Supervised methods have traditionally been
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the most common network integration approach>*"°and, while highly
successful, they require labeled training data to optimize their predic-
tions of known gene functions, which may not be available. Moreover,
annotations can be biased and limited, working only with known func-
tional descriptions and reinforcing the existing understanding of gene
relationships rather thanidentifying new ones.

To address the potential bias of supervised approaches, unsuper-
vised biological network integration methods have recently been expl
ored”**”! Theoretically, unsupervised network integration methods
can provide a number of desirable features such as automatically
retaining high-quality gene relationships and removing spurious
ones, inferring new relationships based on the shared topological
features of many networks in aggregate and outputting comprehen-
sive results that cover the entire space of information associated with
the input data, all while remaining agnostic to any particular view of
biological function. However, practically, unsupervised methods still
face challenges, such as scalability. Recently, new unsupervised data
representation methods have been developed that focus on learning
compact features over networks'>">. However, this approach produces
general-purpose node features that are not necessarily optimal for
the task of interest. Advances in deep learning have addressed this
shortcoming with the development of the graph convolutional net-
work (GCN), a general class of neural network architectures that are
capable of learning features over networks' ™" in a scalable manner.
Compared to general-purpose node feature learning approaches'>"”,
GCNs have substantially improved performance for arange of general
network tasks'".

Here we present a general, scalable deep learning framework for
network integration called BIONIC (Biological Network Integration
using Convolutions), which uses GCNs to learn asingle, unified feature
vector for each gene, given many different input networks. BIONIC
addresses the aforementioned limitations of existing integration
methods and produces integration results that accurately reflect the
underlying network topologies and capture functional information. To
demonstrate the use of BIONIC, we integrate three diverse, high-quality
gene and proteininteraction networks, to obtainintegrated gene fea-
tures that we compare to arange of function prediction benchmarks.
We analyze our findings in the context of those obtained from a wide
range of integration methodologies", and we show that BIONIC
features perform well at both capturing functional information and
scaling in terms of the number of networks and network size, while
maintaining gene feature quality. Finally, we applied BIONIC network
integration toward the analysis of chemical-genetic interactions'®,
which allowed us to make predictions about the cellular targets of
previously uncharacterized bioactive compounds.

Results

BIONIC architecture

BIONIC uses the GCN neural network architecture to learn optimal
gene (protein) interaction network features individually and combines
thesefeaturesinto asingle, unified representation for each gene (Fig.
1).First, theinputdata, if not alreadyinanetwork format, are converted
to networks (for example, by gene expression profile correlation) (Fig.
1a). Eachinput network is then run through a sequence of GCN layers
(Fig. 1b) to produce network-specific gene features. The number of GCN
layersused (three layersin our experiments: Methods and Supplemen-
tary DataFile1) determines the size of the neighborhood (that s, genes
directly connected to agiven gene) used to update the gene features™,
where one layer would use only the gene’s immediate neighbors, two
layers would use the second order neighborhood and so on. Residual
connections areadded from the output of each network-specific GCN
layer in the sequence to the output of the final GCN in the sequence
(Extended DataFig.1). This allows BIONIC to learn gene features based
on multiple neighborhood sizes rather than just the final neighbor-
hood, while additionally improving training by preventing vanishing

gradients”. The network-specific features are then summed through
astochastic gene dropout procedure to produce unified gene features
that canbe used in downstream tasks, such as functional module detec-
tion or gene function prediction. To optimize the functional informa-
tion encoded iniits integrated features, BIONIC must have relevant
training objectives that facilitate capturing salient features across mul-
tiple networks. Here, BIONIC uses an unsupervised training objective,
andif some genes have functionallabels (such as complex, pathway or
bioprocess membership annotations), BIONIC canalso use these labels
to updateits learned features through a semisupervised objective.
For the unsupervised objective, BIONIC uses an autoencoder
designandreconstructs each input network by mappingthe integrated
gene features to anetwork representation (decoding) and minimizing
the difference between this reconstruction and the original input net-
works. By optimizing the fidelity of the network reconstruction, BIONIC
forcesthelearned gene features to encode as much salient topological
information presentin the input networks as possible, which reduces
the amount of spurious informationencoded. Indeed, for aset of three
yeast networks?*?, inputting these networks into BIONIC individually
tends to produce features with higher performance on several bench-
marks compared to the original network format (Extended Data Fig.
2). Thisislikely due tothe tendency for BIONIC to progressively embed
related genes closer together during the training process, while ensur-
ingunrelated genes remain far apart (Extended DataFig. 3). By recon-
structing theinputnetworks, BIONICis also trained to model the latent
factors from each network that will best reconstruct all input networks.
For the semisupervised objective, BIONIC predicts labels for each
gene using the integrated gene features and then updates its weights
by minimizing the difference between the predictions and a set of
user-specified ground-truth functional labels. Here, BIONIC performs
multi-label classification, where agiven gene may be assigned more than
oneclasslabel. BIONICignores the classificationerror for any genes lack-
ingground-truthlabelsandsoisabletoincorporate asmuch (or aslittle)
labeled information as is available. The semisupervised classification
objectiveis used in conjunction with the unsupervised network recon-
struction objective when genelabels are available, and the unsupervised
objectiveis used onits ownwhen no gene labels are available.

Evaluation criteria

For the following analyses, we assessed the quality of the input networks
and network integration method outputs using three evaluation crite-
ria: (1) gene coannotation prediction; (2) gene module detection and
(3) supervised gene function prediction. First, we used an established
precision-recall evaluation strategy”>* to determine how well gene-
generelationships produced by the given method overlapped with gene
pairs coannotated to the same termina particular functional standard.
Second, we evaluated the capacity of each method to produce biologi-
cal modules by comparing clusters computed from the output of each
method toknownmodules such as protein complexes, pathways and bio-
logical processes. These two evaluations measure the intrinsic quality of
the outputsgenerated by the integration methods, that is without train-
ingany additional models on top of the outputs. Finally, the supervised
gene function prediction evaluation determines how discriminative the
method outputsare for predicting known gene functions. Here, a portion
of the genes and corresponding labels (known functional classes such
as protein complex membership) were held out and used to evaluate
the accuracy of a support vector machine (SVM) classifier®*, which is
trained on the remaining gene features, output from the given integra-
tionmethod, to predict the held-out labels’. This constitutes an extrinsic
evaluation, indicating how effectively the method outputs can be used
in conjunction with an additional classification model.

In the following experiments, to ensure a fair choice of hyperpa-
rameters across BIONIC and the integration methods we compared
to, we performed a hyperparameter optimization step using an inde-
pendent set of Schizosaccharomyces pombe networks asinputs® and
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Fig.1|BIONIC algorithm overview. a, BIONIC integrates networks as follows:
Step 1. Gene interaction networks input into BIONIC are represented as adjacency
matrices. Step 2. Each network is passed through a graph convolution network
(GCN) to produce network-specific gene features that are then combined
into anintegrated feature set that can be used for downstream tasks such as
functional module detection. The GCNs can be stacked multiple times (denoted
by N) to generate gene features encompassing larger neighborhoods. Step 3a.
Unsupervised. BIONIC attempts to reconstruct the input networks by decoding
theintegrated features through a dot product operation. Step 4a. Unsupervised.
BIONIC trains by updating its weights to reproduce the input networks as

Step 3. Neighbor feature aggregation
and low-dimensional projection

accurately as possible. Step 3b. Semisupervised. If labeled data are available,
BIONIC predicts functional labels for each gene using the learned gene features.
Step 4b. Semisupervised. BIONIC trains by updating its weights to predict the
ground-truth labels and minimize classification error. b, The GCN architecture
functions by: Step 1. Adding self-loops to each network node; Step 2. Assigning
a‘one-hot’ feature vector to each node for the GCN to uniquely identify the
nodes; and Step 3. Propagating node features along edges followed by a low-
dimensional, learned projection to obtain updated node features that encode the
network topology.

a set of Gene Ontology (GO) curated pombe protein complexes® for
evaluation. The best performing hyperparameters for each approach
were used (Methods).

Evaluation of BIONIC features and input networks
We first used the unsupervised BIONIC to integrate three diverse yeast
networks: acomprehensive network of correlated genetic interaction
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profiles (4,529 genes, 33,056 interactions)?, a coexpression network
derived from transcript profiles of yeast strains carrying deletions of
transcription factors (1,101 genes, 14,826 interactions)® and a protein-
protein interaction network obtained from an affinity-purification
mass-spectrometry assay (2,674 genes, 7,075 interactions)®°, which
combine for a total of 5,232 unique genes and 53,351 unique interac-
tions (Fig. 2 and Supplementary Data File 2). Compared to the input
networks, BIONIC integrated features have equivalent or superior
performance on all evaluation criteria over three different functional
benchmarks: IntAct protein complexes®, Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways** and GO Biological Processes™ (Fig. 2a
and Supplementary DataFile 3). The coannotation and module detec-
tion benchmarks contain between 1,786 and 4,170 genes overlapping
the integration results. The module detection benchmarks define
between 107 and 1,809 modules. The IntAct, KEGG and GO Biological
Process gene function predictionbenchmarks cover 567,1,770 and 1,211
genesoverlappingtheintegrationresults,and 48,53 and 63 functional
classes, respectively (Supplementary DataFile 2). Asanadditional test,
BIONIC produces high-quality features that accurately predict a diverse
set of yeast biological process annotations per gene” (Fig. 2b). Some
categories in this last test do better than others. These performance
patterns were mirrored in the individual input networks, indicating
that this is the result of data quality, rather than method bias.

We observed that features obtained through BIONIC network inte-
gration often outperformed theindividual input networks at capturing
functional modules (Fig. 2a) and captured more modules (Fig. 2c and
Supplementary Data File 4), demonstrating the use of the combined
features over individual networks for downstream applications such
asmodule detection. Here we treated the network adjacency profiles
(rows inthe adjacency matrix) as gene features. We then examined how
effectively the input networks and integrated BIONIC features captured
known protein complexes, by matching eachindividual knowncomplex
to its best-matching predicted module and quantifying the overlap
(Fig. 2c). We then compared the overlap scores from each network to
the BIONIC overlap scores to identify complexes where BIONIC per-
forms either better or worse than the input networks. Of 344 protein
complexestested, BIONIC strictlyimproved 196,309 and 222 complex
predictions and strictly worsened 82,17 and 98 complex predictions
compared to the input protein-protein interaction, coexpression
and genetic interaction networks, respectively. The distributions of
complex overlap scores for each dataset indicate that BIONIC predicts
protein complexes more accurately than the input networks on aver-
age.Indeed, if we use an overlap score of 0.5 or greater toindicate a suc-
cessfully captured complex, the integrated BIONIC features, containing
information from three networks, capture 121 complexes, compared
to 88, 3 and 74 complexes for the individual protein-protein interac-
tion, coexpression and genetic interaction networks, respectively
(Fig. 2c). We also repeated this module analysis while optimizing the

clustering parameters on a per-module basis, an approach that tests
how well each network and BIONIC perform at capturing modules
under optimal clustering conditions for each module. Here too, the
integrated BIONIC features capture more modules and with a greater
average overlap score than the individual input networks (Extended
DataFigs. 4 and 5 and Supplementary DataFile 5).

To better understand how BIONIC is able to improve functional
gene module detection compared to the input networks, we examined
the LSM2-7 complex, which was identified in our module detection
evaluation (Fig. 2a) as an example to show how BIONIC effectively
combines gene-gene relationships across different networks and
recapitulates known biology. The LSM2-7 complex localizes to the
yeast nucleoli and is involved in the biogenesis or function of the
small nucleolar RNA SNRS (ref.*'). LSM2-7 is made up of the protein
products of six genes: LSM2, LSM3, LSM4, LSMS5, LSM6 and LSM?7.
We found that the cluster that best matched the LSM2-7 complex in
each input network only captures a subset of the full complex (Sup-
plementary DataFile 4). The BIONIC module, however, contains five
out of six members of the LSM2-7 complex, along with two additional
members: LSM1and PAT1, which are functionally associated with the
LSM2-7 complex®. The missing member, LSMS5, is in the local neigh-
borhood of the clusterinthe BIONIC feature space. We examined the
best-matching clusters and their local neighborhood, consisting of
genes that show a direct interaction with predicted members of the
LSM2-7 complex, in the input networks, and in a profile similarity net-
work obtained from the integrated BIONIC features of these networks
(Fig.2d). We found that both the PPland genetic interaction networks
captured two members of the LSM2-7 complex, with two additional
membersinthe local neighborhood. The coexpression network only
identified one complex member, and the local neighborhood of the
best-matching module did not contain any additional known complex
members. Finally, BIONIC used the interaction information across
input networks to better identify the LSM2-7 module, with the addi-
tion of two functionally related proteins. This analysis demonstrates
the use of BIONIC for identifying meaningful biological modules by
effectively combining information across input networks. Indeed,
when we optimized the module detection procedure to specifically
resolve the LSM2-7 complex, we found that BIONIC was able to capture
the complex with a higher overlap score (0.83) than any of the input
networks (0.33, 0.17 and 0.50 for the PPI, coexpression and genetic
interactions networks, respectively), and it outperformed other
integration methods (0.43, 0.22, 0.44, 0.60 and 0.68 for the Union,
iCell, deepNF, Mashup and multi-node2vec methods, respectively)
(Supplementary DataFile 5).

We also performed an analysis to examine how BIONIC features
encodetheinput networks and found that theinput networks are gen-
erally encoded uniformly across feature dimensions (Supplementary
Note 1and Extended DataFig. 6).

Fig.2| Comparison of BIONIC integration to three input networks.

a, Functional evaluations for three yeast networks, and unsupervised BIONIC
integration. Data are presented as mean values. Error bars indicate the 95%
confidence interval for n =10 independent samples. Number of captured
modules areindicated above the module detection bars as determined by a
0.5overlap (Jaccard) score cutoff. b, Evaluations over high-level functional
categories, split by category. Numbers above columns indicate gene overlap
withintegration results and the average performance of each method is reported
(right of each row). ¢, Top row: comparison of overlap scores between known
complexes and predicted modules. Each point is a protein complex. The axes
indicate the overlap (Jaccard) score, where O indicates no members of the
complex were captured, and 1.0 indicates the complex was captured perfectly.
The diagonalindicates equivalent performance. Points above the diagonal

are complexes where BIONIC outperforms the given network, and points
below the diagonal are complexes where BIONIC underperforms.

The arrows indicate the LSM2-7 complex, shown ind. A Venn diagram describes
the overlap of captured complexes (score of 0.5 or higher) between the input
networks and BIONIC integration. Numbers in brackets denote the total captured
complexes for each method. Bottom row: the distribution of overlap scores
between predicted and known complexes. The dashed line indicates the mean.

d, Functional relationships between predicted LSM2-7 complex members and
genesinthelocal neighborhood, as given by the three input networks and
BIONIC integration. The predicted cluster best matching the LSM2-7 complex
ineach network is circled. The overlap score of the predicted module with the
LSM2-7 complex is shown. Edges correspond to protein-protein interactions in
PPI?°, Pearson correlation between gene profiles in coexpression and genetic
interaction” networks, and cosine similarity between gene features in the BIONIC
integration. The complete LSM2-7 complex is depicted on the right. Edge weight
corresponds to the strength of the functional relationship. PPI, protein-protein
interaction; COEX, coexpression; Gl, genetic interaction; BP, biological process.
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Fig.3| Comparison of BIONIC to existing integration approaches. a,
Coannotation prediction, module detection and gene function prediction
evaluations for three yeast networks integrated by the tested unsupervised
network integration methods. The input networks and evaluation standards are
the same asin Fig. 2. Data are presented as mean values. Error bars indicate the
95% confidence interval for n =10 independent samples. Numbers above the

module detection bars indicate the number of captured modules, as determined
by a0.5overlap (Jaccard) score cutoff. b, Evaluation of integrated features using
high-level functional categories, split by category. Numbers above columns
indicate gene overlap with integration results and the average performance

of each method across categoriesis reported (right of each row). PPI, protein-
proteininteraction; BP, biological process.

Evaluation of BIONIC and established unsupervised
integration methods

We compared network integration results from the unsupervised
BIONIC (Fig. 2) to those derived from several different established
integration approaches: a naive union of networks (Union), a non-
negative matrix tri-factorization approach (iCell)? a deep learning
multi-modal autoencoder (deepNF)", a low-dimensional diffusion
state approximation approach (Mashup)’ and a multi-network exten-
sion of the node2vec (ref. *) model (multi-node2vec)* (Fig. 3). These
unsupervised integration methods cover a wide range of methodolo-
giesand the main possible output types (networks for Union andiCell,
features for deepNF, Mashup and multi-node2vec). BIONIC performs as
well as, or better than the tested integration methods across all evalu-
ation types and benchmarks (Fig. 3a). We also evaluated BIONIC and

the other integration approaches on a per-biological process basis
(Fig.3b).Here we found BIONIC generally outperforms the established
integration approaches on each biological process, with the exception
of several biological processes when compared to deepNF. Averaging
over the performance for each biological process, we found BIONIC
performs on par with deepNF (average precision of 0.53 for BIONIC
comparedto 0.52 for deepNF). DeepNF performs competitively onthe
per-biological process evaluations (Fig. 3b), but it underperforms on
the global performance evaluations (Fig. 3a). The per-biological process
evaluations assess how well a method predicts large-scale biological
process coannotation, whereas the global performance evaluations
measure how wellamethod predicts smaller-scale functional modules
(thatis, protein complexes). This discrepancy in performance indicates
deepNF is able to capture broad-scale functional organization, but it
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fails to resolve smaller functional modules. BIONIC performs well on
both of these evaluations, however, indicating it can learn gene fea-
tures thatresolve both broad and detailed functional organization. To
ensure these results are consistent under different input networks, we
integrated a set of yeast-two-hybrid networks and found similar per-
formance patterns (Supplementary Note 2 and Extended Data Fig. 7).

Evaluation of BIONICin a semisupervised setting

We also tested how BIONIC performsin a semisupervised setting (Fig.
4).Here, we compared BIONIC trained with no labeled data (unsuper-
vised), BIONIC trained with a held-out set of functional labels given
by IntAct, KEGG and GO (semisupervised), and a supervised integra-
tion algorithm using the same labels (GeneMANIA®). For each of these
methods, we integrated the yeast protein-protein interaction, coex-
pression and genetic interaction networks from the Fig. 2 analysis.
In each benchmark, 20% of genes (IntAct, KEGG, GO) were randomly
held out and used as a test set, while the remaining 80% of genes were
used for training. The unsupervised BIONIC did not use any gene label
information for training, but it was evaluated using the same test set
as the supervised methods to ensure a consistent performance com-
parison. To control for variability in the train-test set partitioning, this
procedure was repeated ten times and the average performance across
test sets was reported (Methods). We found that adding labeled data
cansubstantiallyimprove the features BIONIC learns and these features
also outperform the integration results produced by the supervised
GeneMANIA method. We also found that even without labeled data,
BIONIC performs as well as, or exceeds, GeneMANIA performance.
Notably, the performance of the unsupervised and semisupervised
BIONIC is similar for gene function prediction. This indicates unsu-
pervised BIONIC features are already sufficiently discriminative for
classifiers to performwell. Thus, BIONIC can be used effectively inboth
anunsupervised and semisupervised setting, which demonstrates its
versatility as a biological network integration algorithm. We also ana-
lyzed the performance of BIONIC in a scenario where labels are noisy
(Supplementary Note 3 and Extended Data Fig. 8).

Scalability of BIONIC and established integration approaches

An effective integration algorithm should be able to scale to many
network inputs and networks with many nodes. To test network input
scalability, we randomly sampled progressively larger sets of yeast gene
coexpression networks (Fig. 5a and Supplementary Data File 2) and
assessed the performance of the resulting integrations of these sets.
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Fig. 5| Network quantity and network size performance comparison
across integration methods. a, Performance comparison of unsupervised
integration methods across different numbers of randomly sampled

yeast coexpression input networks on KEGG pathways gene coannotations.
b, Performance comparison of unsupervised integration methods across
four human protein-protein interaction networks for a range of subsampled
nodes (genes) on CORUM complexes protein coannotations. In these
experiments, the Mashup method failed to scale to seven or more

networks (a) and 4,000 or more nodes (b), as indicated by the absence

of barsinthose cases (Methods). Data are presented as mean values.

Error bars indicate the 95% confidence interval for n =10 independent
samples. multi-n2v, multi-node2vec.
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We ssimilarly tested node scalability by randomly subsampling progres-
sively larger gene sets of four human protein-protein interaction net-
works®* (Fig. 5b and Supplementary DataFile 2). BIONIC canintegrate
numerous networks (Fig. 5a), and networks with many nodes (Fig. 5b),
outperformingall other methods assessed for progressively more and
larger networks. To achieve this scalability, BIONIC takes advantage of
the versatile nature of deep learning technology by learning features
for small batches of genes and networks at a time, reducing the com-
putational resources required for any specific training step. To learn
gene features over large networks, BIONIC learns features for random
subsets of genes at each training step and randomly subsamples the
local neighborhoods of these genes to perform the graph convolution
(Methods), maintaining a small overall computational footprint. This
subsampling allows BIONIC to integrate networks with many genes,
whereas methods such as Mashup can only doso with an approximate
algorithmthat reducesintegration performance (Supplementary Fig.
1). Tointegrate many networks, BIONIC uses a network-wise sampling
approach, where a random subset of networks is integrated at a time
during each training step. This reduces the number of parameter
updates required at once, since only GCNs corresponding to the sub-
sampled networks are updated inagiven training step. We also tested
the extent of BIONIC scalability in terms of computational resources
(Supplementary Note 4 and Extended Data Fig. 9).

BIONIC predictions of chemical-geneticinteractions
We asked whether BIONIC can generate new, testable biological hypoth-
eses. Chemical-genetic approaches analyze the effects of mutations
on cell growth in response to compound treatment and can be used to
systematically predict the molecular targets of uncharacterized com-
pounds®®. Forexample, ifaconditional temperature sensitive (TS) mutant
carriesamutation that compromises the activity of acompound’s target
gene, itis often specifically hypersensitive to the compound*°.
Previously, we generated a dataset of chemical-genetic screens,
consisting of a pool of deletion mutants of 289 nonessential genes
(diagnostic pool) and 1,522 compounds'®. Using this data, we used
BIONIC to predict chemical sensitivities for awider set of 873 essential
genes across a subset of 50 compounds. For the compound selection
procedure, we used the unsupervised BIONIC integrated protein-pro-
tein interaction network, coexpression network and genetic interac-
tion network features from the Fig. 2 analysis which we refer to as the
physical, expression, and genetic (PEG) features. We selected com-
poundstostudy by identifying those that BIONIC predicts well within
the diagnostic pool data. We did this by partitioning sensitive genes
from each compound into train and test sets, and we used the BIONIC
featuresto predict the test set genes using the training genes as input
(Methods). The top 50 compounds, for which sensitive genes were
most successfully predicted, were selected for further analysis. Sensi-
tive essential gene predictions for each of the 50 chosen compounds
were generated in asimilar way to the compound selection procedure,
with predictions being made on yeast essential genes rather than the
diagnostic pool genes (Methods).

TheBIONIC essential gene sensitivity predictions were experimen-
tally validated using profiles for the compound set from a chemical-
genetic screenusinga collection of TS yeast mutants (Supplementary
DataFile 6). ADNAbarcoded collection of 1,181 mutants containing TS
alleles spanning 873 genes was constructed in a yeast genetic back-
ground that conferred drug hypersensitivity (pdri1Apdr34snq24).
The TS mutant collection was pooled and screened against the
compound set. Mutant-specific barcodes were amplified from each
compound-treated pool, and lllumina sequencing was used to quan-
tify the relative abundance of TS mutant strains in the presence of
each compound. Sequencing datawas processed using BEAN-counter
software to quantify chemical-geneticinteractions and eliminate non-
specific technical effects*. Further statistical analysis was conducted
to identify chemical-genetic interactions that satisfied a ‘far outlier’
cutoff (Methods), which were then compared to the sensitive genes
predicted by BIONIC.

Out of 156 essential genes experimentally identified as sensitive
to the set of 50 screened compounds, BIONIC successfully predicted
35. BIONIC significantly predicts sensitive genes for 13 out of 50 com-
pounds under an ordered Fisher’s exact test. We also assessed more
broadly whether BIONIC can correctly predict the biological process
agiven compound’s sensitive genes are annotated to. BIONIC sensitive
gene predictions were statistically enriched (Fisher’s exact test) for
27 out of 62 annotated biological processes across compounds (Fig.
6a). We compared the quality of BIONIC’s predictions to a random
baseline (Fig. 6b). Here, we generated 1,000 random permutations of
the BIONIC PEG feature gene labels and computed sensitive essential
gene predictions for the 50 screened compounds, as described previ-
ously. We found BIONIC sensitive gene and bioprocess predictions
were substantially more accurate than the random permutations,
indicating the BIONIC PEG features encode relevant information for
the prediction of chemical-genetic interactions. We looked at the 13
significantly predicted compoundsin more detail to see which sensitive
gene predictions BIONIC correctly predicted and the corresponding
ranks of those genes in the prediction list (Fig. 6¢). We observed that
for eight out of 13 compounds, the correct BIONIC predictions rank
in the top ten most sensitive interactions. BIONIC predictions and
experimental results for the 50 selected compounds can be found in
Supplementary DataFile 7.

We examined the best predicted compound, NP329, in more detail.
NP329 is a pseudojervine from the RIKEN Natural Product Depository*,
and among its top ten most sensitive interactions with the diagnostic
pool mutants were the FLC2, DFGS, GAS1 and HOCI (ref. '®) genes. The
FCL2productisaputative calcium channelinvolvedin cell wall mainte-
nance®, DFG5encodes a glycosylphosphatidylinositol (GPI)-anchored
membrane proteinrequired for cell wall biogenesis in bud formation*,
GAS1encodesaf-1,3-glucanosyltransferase required for cell wall assem-
bly**, and HOCI codes for analpha-1,6-mannosyltransferase involved
in cell wall mannan biosynthesis*. By comparing NP329’s diagnostic
pool gene sensitivity profiles with the compendium of genetic inter-
actions mapped in yeast and analyzing our data using the CG-TARGET

Fig. 6| BIONIC essential gene chemical-geneticinteraction predictions.

a, From left to right, the number of correct unsupervised BIONIC sensitive
essential gene predictions across the 50 screened compounds, the number of
compounds BIONIC significantly predicted sensitive essential genes for (ordered
Fisher’s exact test) and the number of correctly predicted sensitive essential
gene annotated bioprocesses, based on the bioprocess enrichment of BIONIC
predictions for each compound. b, A comparison of correctly predicted sensitive
genes (left) and correctly predicted biological process annotations (right)
between BIONIC predictions (dashed line) and n =1,000 random permutations
of BIONIC features gene labels (histogram). Correct prediction ratio is the
number of correct predictions divided by the number of total sensitive essential
genes (left) or annotated biological processes (right) across the 50 screened
compounds. ¢, Rank of BIONIC sensitive essential gene predictions for the 13

significantly predicted compounds. The number of correctly predicted genes
out of total sensitive genes are shown in parentheses beside each compound
name. The statistical significance of the BIONIC predictions for each compound
isdisplayed in the bar plot on the right. d, Hierarchical organization of essential
genesin the glycosylation, protein folding/targeting, cell wall biosynthesis
bioprocess based on integrated BIONIC features. Smallest circles correspond to
genes, larger circles indicate clusters of genes. Six genes sensitive to the NP329
compound areindicated with orange borders, and corresponding BIONIC
predictions lyingin the bioprocess are indicated as purple circles. Captured
protein complexesin the bioprocess are annotated and the corresponding
overlap score (Jaccard) with the true complex s given in parentheses. Source
datafor this figure are provided in Supplementary Data File 7.
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software for chemical-genetic profileinterpretation’®*’, the top three

biogenesis’ (GO:0071554) and ‘fungal-type cell wall organization or

high-confidence GO bioprocesses predicted to be perturbedbyNP329  biogenesis’ (GO:0071852). This strongly implicates the pseudojervine

were ‘cell wall biogenesis’ (GO:0042546), ‘cell wall organization or

NP329 as adisrupter of proper cell wall biogenesis in yeast.
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Tofurther study this compound-processinteraction, we hierarchi-
cally clustered the BIONIC PEG features and we focused on the essential
genes present in the Fig. 2b ‘glycosylation, protein folding/targeting,
cellwall biosynthesis’bioprocess (Fig. 6d). We observed that six out of
16 NP329 sensitive essential genes lie in the bioprocess, as do 18 out of
20 BIONIC predicted sensitive essential genes. Within this bioprocess,
BIONIC successfully predicts four (B/GI, KRES, KRE9, ROTI) out of
the six NP329 sensitive essential genes. These results indicate that
BIONIC is able to both predict a relevant biological process targeted
by the compound and the specific sensitive genes. Moreover, the four
sensitive genes successfully predicted by BIONIC were all closely clus-
tered together based on the integrated BIONIC features (Fig. 6). ROT1
encodes an essential chaperone required for N- and O-glycosylation
inyeast*®andis required for normallevels of B-1,6-glucan®. Both KRES
and BIG1 are also required for proper 3-1,6-glucan synthesis***>. These
interactions furtherindicate NP329 caninterfere in the proper synthe-
sisof B-1,6-glucan, an essential cell wall component. Since the chemical
structure of NP329is extremely similar to the steroidal alkaloid jervine,
we tested the effect of jervine on the production of -1,6-glucan.KRE6
is anonessential gene that, like its paralog SKN1, encodes a glucosyl
hydrolase required for B-1,6-glucan biosynthesis**. We found that treat-
ment of cellswith 5 pg ml™ of jervine reduced B-1,6-glucanlevels to the
same extent as akre6 deletion mutant, likely by inhibiting KRE6 and its
paralog SKNI (Extended Data Fig. 10). In a more detailed analysis, we
found that point mutations in KRE6 or SKNI can lead to jervine resist-
ance, which further suggests thatjerveratrum-type steroidal alkaloids
target Kre6 and Sknl (ref. >). These results show that BIONIC can predict
relevant chemical-genetic interactions and has the potential to link
compounds to their cellular targets.

Discussion

BIONICisadeep learningalgorithm that extends the GCN architecture
tointegrate biological networks. BIONIC produces gene features that
capture functional information well when compared to other unsu-
pervised methods'>" as determined by a range of benchmarks and
evaluation criteria. BIONIC can use labeled data in a semisupervised
fashion when it is available, and it can be purely unsupervised other-
wise. BIONIC scales to agreater number of input networks and network
sizes compared to established unsupervised methods.

BIONIC can be used to predict pairs of related genes (coannotation
prediction), identify functional gene modules (module detection) and
accurately predict functional gene labels (gene function prediction).
One of the main goals of this work is to generate fully integrated fea-
tures encoding functional information for a particular organism, such
that the resulting features can be used to predict numerous different
aspects of cell and organism function®. As a proof-of-concept, we inte-
grated three different yeast networks, incorporating protein-protein
interaction, coexpression and genetic interaction data. We also used
BIONIC features to generate predictions for essential gene chemical
sensitivities and a substantial number were experimentally validated,
indicating BIONIC s effective at prediction and hypothesis generation.

BIONIC is capable of capturing relevant functional information
acrossinput networks. However, input networks do not have uniform
quality and some networks may only describe certain types of func-
tional relationship effectively (such as those within a particular bio-
logical process) while obscuring other relationships. Indeed, while
BIONIC is able to capture a greater number of functional modules
in an integrated network compared to a single input network (Fig.
2c and Extended Data Fig. 5), it does not capture every functional
module present in the input networks (Fig. 2c, Extended Data Fig.
5 and Supplementary Data Files 4 and 5). This is likely due to some
networks obscuring signals present in other networks. Implement-
ing more advanced input network feature weighting should ensure
that high-quality information is preferentially encoded in the learned
features and that low-quality information is not. This may help to

identify which functional relationships are driven by which networks
and network types, thereby indicating which parts of the functional
range have good or poor coverage and identifying areas to target for
future experimental work.

The naive union of networks approach performs well, motivating
itsinclusion as abaseline in any network integration algorithm assess-
ment. While the union network contains all possible relationships across
networks, it likely contains relatively more false-positive relationships
in the integrated result, since all false-positives in the input networks
are retained by the union operation. Thus, the union should work well
for high-quality networks, but perform poorly with noisy networks.

Our chemical-genetic analysis demonstrates the potential of
BIONICto provide target predictions from limited experimental data.
While BIONIC performs well at predicting essential gene chemical-
genetic interactions, further improvements in performance could
potentially be made through an optimized choice of input networks
that specifically indicate these chemical sensitivities. BIONIC chemi-
cal-genetic interaction predictions could also be used to instead
generate a set of putative nonsensitive genes for a given compound,
indicating bioprocesses where the compoundis not active. This would
reducethe size of the experimental space when screening, resultingin
morerapid and less expensive data generation. Finally, strong BIONIC
chemical-geneticinteraction predictionsthat are notreflectedinthe
experimental data could indicate experimental false negatives that
require additional investigation.

BIONIC learns gene features based solely on their topological role
inthe given networks. A powerful future addition to BIONIC would be to
include gene or protein features such as amino acid sequence”, protein
localization®®, mutant morphological defect® or other nonnetwork
features to provide additional context for genes in addition to their
topological role. Continued development of integrative gene func-
tion prediction using deep learning-based GCN and encoder-decoder
technologies will enable us to map gene function more richly and at
larger scales than previously possible.
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Methods

BIONIC method overview

An undirected input network can be represented by its adjacency
matrix A where A; = A4; > 0 if node i and nodej share an edge and
A = Aj; = Ootherwise. BIONIC first preprocesses each input network
to contain the union of nodes across all input networks and ensures
the corresponding row and column orderings are the same. Ininstances
where networks are extended to include additional nodes not originally
present in them (so all input networks share the same union set of
nodes), the rows and columns corresponding to these nodes are set to
0.

BIONIC encodes each input network using instances of a GCN
variantknown as the graph attention network (GAT)". We selected this
architecture because of its considerable performance improvements
over existing architectures on arange of node classification tasks”. The
GAT has the ability tolearn alternative network edge weights, allowing
it to downweight or upweight edges based on their importance for
the network reconstruction task. In the original formulation, the GAT
assumes binary network inputs. We modify the GAT to consider apriori
network edge weights. The GAT formulation is then given by:

GAT (A, H) = o (aHWT) ()

where

= Agexp (o(a’ [Wh;||Wh;])) @
! iz Awexp (a(ar [Why||Why]))

Here, Wisatrainable weight matrix that projects aggregated node
featuresintoanother feature space, krepresents nodes in the neighbor-
hood of i, ais avector of trainable attention coefficients that determine
the resulting edge weighting, T is the transpose operation, h; is the
feature vector for node i (that is, the ith row of feature matrix H), ||
denotes the concatenation operation and g corresponds to a nonlinear
function (in our case, a leaky rectified linear unit (LeakyReLU)) that
produces more sophisticated features than linear maps. Equation (1)
correspondsto anode neighborhood aggregation and projection step
thatincorporates an edge weighting scheme (equation (2)).In practice,
several edge weighting schemes (known as attention heads) are learned
and combined simultaneously, resulting in:

GAT (A, H) = ||§:lo(a<k>HW<k)T) 3)

where Kis the number of attention heads. This is done to stabilize the
attention learning process, as per the author’s original results”. Inour
experiments, we use ten attention heads per GAT encoder, each with
a hidden dimension of 68, as per our hyperparameter optimization
results (Obtaining integrated results and Supplementary DataFile 1).

Initial node features H,,;, are one-hot encoded so that each node
is uniquely identified (that is, H,,,, =/ where / is the identity matrix).
These features are first mapped to alower dimensional space through a
learned linear transformation to reduce memory footprintandimprove
training time. BIONIC encodes each network by passing it through sev-
eral sequential GAT layers to learn node features based on higher-order
neighborhoods. Outputs from each GAT pass are then summed to pro-
duce the final network-specific features (Extended Data Fig. 1). Based
onthe hyperparameter optimization results, we used three GAT layers
inour experiments. We found BIONIC to be robust to the number of lay-
ers (Supplementary Fig. 2). After all networks are separately encoded,
the network-specific node features are combined through aweighted,
stochastically masked summation given by:

N
Hcombined = Zsjm(j) OHY 4)
=

Here, Nis the number of input networks, s; s the learned scal-
ing coefficient for feature representations of network j, © is the
element-wise product, H? is the matrix of learned feature vectors for
nodesinnetworkjand m? is the node-wise stochastic mask for network

Jj,calculated as:
*#) _ o

i

1,if node iis unique to networkjor m
m¥ =] 0,ifnodeiis notin unextended networkj 5)

N;(k),X ~ Bernoulli (0.5), otherwise

k=1 mi

The mask m is designed to randomly drop node feature vectors
produced from networks with the constraint that a node cannot be
masked from every network, and node features fromnodes not present
inthe original, unextended networks are dropped. This masking pro-
cedure forces the network encoders to compensate for missing node
featuresin other networks, ensuring the encoders learn cross-network
dependencies and map their respective node features to the same
feature space. The network scaling vector s in equation (4) enables
BIONIC to scale features in a network-wise fashion, affording more
flexibility in learning the optimal network-specific node features for
the combination step.sislearned with the constraint that its elements
are positiveand sumto 1, ensuring BIONIC does not over- or negatively
scale the features.

Wefoundthatlearningtheintegrated featuresinthisjoint manner
(learning and combining network-specific features end-to-end) per-
forms better thansimply concatenating the network-specific features
(that is, late fusion), indicating that BIONIC is able to learn comple-
mentary information across input networks (Supplementary Fig. 3).

To obtain thefinal, integrated node features F, BIONIC maps H.,.
vined L0 @ low-dimensional space through a learned linear transforma-
tion. In F, each column corresponds to a specific learned feature and
eachrow corresponds toanode. We found the quality of theintegrated
features was generally robust to the number of feature dimensions,
with performance saturating at 512 features (Supplementary Fig. 4).
We also assessed the denoising capabilities of BIONIC (Supplementary
Fig.5). Here we progressively added false-positive edges to a yeast PPl
network®® and determined how well these noisy networks can predict
protein complex coannotation relationships compared to the BIONIC
featureslearned by encoding these same networks. We found that the
low-dimensional feature learning approach is more robust to input
network noise than the noisy networks themselves.

To obtain a high-quality £, BIONIC uses an unsupervised training
objective. When gene labels are provided, an additional semisupervised
training objective is also used. For the unsupervised training objective,
BIONIC decodes Finto reconstructions of the original input networks
and minimizes the discrepancy between the reconstructions and the
inputs. The decoded network reconstruction is given by:

A=F.F (6)
The unsupervised loss is then given by:

N R . 2
Lunsupervised = n_lz Z ||b(/7 o (A _AU)) < bO)T”F (7)
Jj=1

where nis the total number of nodes presentin the union of networks,
b? is a binary mask vector for network j indicating which nodes are
present (value of 1) or extended (value of 0) in the network, A? is the
adjacency matrix for networkjand ||-||is the Frobenius norm. Thisloss
represents computing the mean squared error between the recon-
structed network Aand input A” while the mask vectors remove the
penalty for reconstructing nodes that are not in the original network;
(thatis, extended), then summing the error for all networks.
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For the semisupervised training objective, BIONIC first predicts
gene labels by mapping Fto amatrix of class predictions as follows:

F=s (FWtassifier) (8)

where Sis the sigmoid functionand W, is atrainable weight matrix.
The resulting class prediction matrix ¥ has genes as rows and class
labels as columns. The ground-truth label matrix Yindicates the correct
labels for aset of genesintheinput networks. Yis extended toinclude
zerovectorsfor any genes presentin the input networksbutnot present
inthe labels, ensuring it has the same shape as ¥. The semisupervised
loss is then given by:

1 n C N N
Lsemisupervised = R Z z blabels, - (yijIOg (ylj) + (1 - ylj) IOg (1 - ytj)) 9

i=1j=1

where nisthe total number of nodes presentin the union of networks,
Cis the number of classes, by, is a binary mask indicating whether
nodeiwas presentinthe original label set (value of 1) or was extended
(value of 0) and logindicates the natural logarithm. This loss represents
the masked binary cross entropy between the predicted labels ¥ and
the true labels Yignoring the loss of any nodes not originally present
inY.

The final loss BIONIC trains to minimize is a weighted sum of the
unsupervised and semisupervised losses:

L= /u-unsupervised + (1 - A) Lsemisupervised (10)

whereAisavalueintherange[0,1]indicating therelative weights of the
two losses. When no labeled data are available, lis set to 1.

Implementation details

BIONIC was implemented using PyTorch®®, a popular Python-based
deeplearning framework, and relies on functions and classes from the
PyTorch Geometriclibrary®'. It uses the Adam®* optimizer to trainand
update its weights. To be scalable in the number of networks, BIONIC
uses an optional network batching approach where subsets of networks
aresampled and integrated at each training step. The sampling proce-
dure is designed so that each network is integrated exactly once per
training step. Network batching yields a constant memory footprint
at the expense of increased runtime with no empirical degradation
of feature quality. This feature is provided for additional scalability
over whatis demonstrated in this work and was not used in any of our
reported experiments. Additionally, BIONIC is scalable in the number
of network nodes. It uses a node sampling approach (equivalent to
mini-batch training, where nodes are samples) to learn features for
subsets of nodesinanetwork,and aneighborhood sampling procedure
tosubsample node neighborhoods. Node sampling ensures only part
of anetwork needs toberetained in memory at atime while neighbor-
hood sampling reduces the effective higher-order neighborhood size
insequential GAT passes, again reducing the number of nodes required
toberetainedinmemory atany given time, further reducing BIONIC’s
memory footprint.

For very large networks where the initial node feature matrix
(thatis, theidentity matrix) cannot fitinto memory due to limitations
with PyTorch matrix operations, BIONIC incorporates a singular value
decomposition-based approximation. First, the union of networks is
computed by creating a network that contains the nodes and edges of
allinput networks. If an edge occurs in multiple networks, the maxi-
mum weight is used. A low-dimensional singular value decomposi-
tion approximation of the normalized Laplacian matrix of the union
networkis computed and used as the initial node features for each net-
work. Finally, BIONIC uses sparse representations of network adjacency
matrices (except for theinput node feature matrix, see above), further
reducing memory footprint. All BIONIC integration experimentsin this

paper were run on an NVIDIA Titan Xp graphical processing unit with
12 GB of video RAM, no more than 16 GB of system RAM and a single
2.4 GHz Intel Xeon CPU.

Network preprocessing

The yeast protein-protein interaction network?® and human pro-
tein-proteininteraction networks**~* were obtained from BioGRID®*,
geneticinteraction profiles> were obtained directly from the published
supplementary data of Costanzo et al.”2, and gene expression profiles”
were obtained from the SPELL database®*. These networks were chosen
since they had the most functional information compared to other
networksintheir class (thatis, protein-proteininteraction networks,
coexpression networks and genetic interaction networks). To create
anetwork from the genetic interaction profiles, genes with multiple
alleles were collapsed into a single profile by taking the maximum pro-
file values across allele profiles. Pairwise Pearson correlation between
the profiles was then calculated, and gene pairs with a correlation
magnitude greater thanor equal to 0.2 wereretained as edges, as estab-
lished®. For the gene expression profiles, networks were constructed
by retaining gene pairs witha profile Pearson correlation magnitudein
the 99.5th percentile. Coexpression and genetic interaction networks
had their edge weights normalized to the range [0, 1].

Obtainingintegrated results

The naive union of networks benchmark was created by taking the
union of node sets and edge sets across input networks. For edges
common to more than one network, the maximum weight was used.
For all other methods, automated hyperparameter optimization was
performed to ensure hyperparameters were chosen consistently and
fairly. Here, a S. pombe genetic interaction network?”, coexpression
network®® and protein-protein interaction network® were used as
inputs to the integration methods. To perform one iteration of the
hyperparameter optimization, a random combination of hyperpa-
rameters was uniformly sampled over a range of reasonable values
foreach method and used to integrate the three pombe networks. The
integration results were then evaluated using apombe protein complex
standard (obtained from https://www.pombase.org/data/annota-
tions/Gene_ontology/GO_complexes/Complex_annotation.tsv). The
evaluations consisted of a coannotation prediction, module detection
and gene function prediction assessment (Evaluation methods). This
procedure was repeated for 50 combinations of hyperparameters, for
eachmethod. For methods that produced features (deepNF, Mashup,
multi-node2vec and BIONIC), a feature dimension of 512 was used to
ensure results were comparable across methods. For methods that
required a batch size parameter (deepNF and BIONIC), the batch size
was set to 2,048 to ensure reasonable computation times. Hyperparam-
eter combinations were then ranked for each method across the three
evaluation types and the hyperparameter combination corresponding
to the highest average rank across evaluation types was chosen. The
hyperparameter optimization results are found in Supplementary Data
File1.Note that the union method was notincluded inthe hyperparam-
eter optimizationbecause it has no hyperparameters. Additionally, the
Mashup method used 44 hyperparameter combinations rather than 50,
assix hyperparameter combinations exhausted the available memory
resources and did not complete.

All integration results reported were obtained by integrating
networks using the set of hyperparameters identified in the hyperpa-
rameter optimization procedure. BIONIC features used in the Figs. 2,
3and 6 analyses are found in Supplementary DataFile 8. Coannotation
prediction, module detectionand gene function prediction standards
used in Figs. 2-5are found in Supplementary Data File 9.

Benchmark construction
Functionalbenchmarks were derived from GO Biological Process ontol-
ogy annotations, KEGG pathways and IntAct complexes for yeast, and
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CORUM complexes for human (Supplementary Data File 3). Analyses
were performed using positive and negative gene pairs, clusters or
functional labels obtained from the standards as follows: the GO Bio-
logical Process benchmark was produced by filtering Inferred from
Electronic Annotation (IEA) annotations, as they are known to be lower
quality, removing genes with dubious openreading frames and filtering
terms with more than 30 annotations (to prevent large terms, such as
those related to ribosome biogenesis, from dominating the analysis®).
We found the performance evaluations to be robust to this threshold
(Supplementary Fig. 6). For the coannotation benchmark, all gene
pairs sharing at least one annotation were retained as positive pairs,
while all gene pairs not sharing an annotation were considered to be
negative pairs. KEGG, IntAct and CORUM benchmarks were produced
analogously, without size filtering.

For the module detection benchmark, clusters were defined as
the set of genes annotated to a particular term, for each standard.
Modules of size 1 (singletons) were removed from the resulting module
sets as they are uninformative. For the per-module analyses in Fig. 2c,
Extended Data Figs. 4 and 5 and Supplementary Data Files 4 and 5, we
also removed any modules of size 2 since these modules had highly
variableJaccard scores.

The supervised standards were obtained by treating each gene
annotation as a class label, leading to genes with multiple functional
classes (that is, a multi-label classification problem). The standards
were filtered to only include classes with 20 or more members for GO
Biological Process and KEGG, or ten members for IntAct. This was done
to remove classes with very few data points, ensuring more robust
evaluations.

The granular functionstandardin Figs. 2b, 3b and 6 was obtained
fromthe Costanzo etal.” supplementary materials. Any functional cat-
egory with fewer than 20 gene members was removed from the analysis
to ensure only categories with robust evaluations were reported.

Evaluation methods

We used a precision-recall-based coannotation framework to evaluate
individual networks and integrated results. We used precision-recall
instead of receiving operator curve because of the substantial imbal-
ance of positives and negatives in the pairwise benchmarks for which
thereceiving operator curve would overestimate performance. Here,
we computed the pairwise cosine similarities between gene profiles
ineach network or integration result. Due to the high-dimensionality
of the datasets, cosine similarity is a more appropriate measure than
Euclideandistancessince the contrast between data pointsisreducedin
high-dimensional spaces under Euclidean distance®. Precision-recall
operator points were computed by varying a similarity threshold, above
whichgene or protein pairs are considered positives and below which
pairs are considered negative. Each set of positive and negative pairs
was compared to the given benchmark to compute precision and recall
values. To summarize the precision-recall curve into a single metric,
we computed average precision (AP) given by:

AP =% (R, — R P; (11)

i=1

where nisthe number of operator points (that s, similarity thresholds)
and P;and R; are the precision and recall values at operator point i,
respectively. This gives the average of precision values weighted by
their corresponding improvements in recall. We chose this measure
over theclosely related area under the precision-recall curve measure
since thisinterpolates between operator points and tends to overesti-
mate actual performance®’.

The module detection evaluation was performed by clustering
the integrated results from each method and comparing the coher-
ency of resulting clusters with the module-based benchmarks. Since
the benchmarks contain overlapping modules (that is, one gene can

be present in more than one module) that prevent the use of many
common clustering evaluation metrics (since these metrics assume
unique assignment of gene to cluster), the module sets are subsampled
during the evaluation to ensure there are no overlapping modules
(the original module sets are used as-is for the per-module-optimized
experiments in Extended Data Fig. 5 and Supplementary Data File 5).
Next, the integrated results are hierarchically clustered with a range
of distance metrics (Euclidean and cosine), linkage methods (single,
average and complete) and thresholds to optimize benchmark com-
parisons over these clustering parameters (this is done for all methods
that are compared). The resulting benchmark-optimized cluster sets
are compared to the benchmark module sets by computing adjusted
mutual information: an information theoretic comparison measure
thatisadjusted to normalize against the expected score fromrandom
clustering. The highest adjusted mutual information score for each
integrationapproachisreported, ensuring the optimal cluster set for
each dataset across clustering parameters is used for the comparison
and that our results are not dependent on clustering parameters.
Finally, this procedureis repeated ten times to control for differences
inscores due to the cluster sampling procedure. The sets of clustering
parameter-optimized BIONIC clusters obtained from the Fig. 2 integra-
tion for each standard are in Supplementary DataFile 4.

To perform the supervised gene function prediction evaluation,
tentrials of five-fold cross validation were performed using SVM clas-
sifiers each using a radial basis function kernel**. The classifiers were
trained on a set of gene features obtained from the given integration
method with corresponding labels given by the IntAct, KEGG and GO
Biological Process supervised benchmarks in a one-versus-all fashion
(since eachindividual gene has multiple labels). Each classifier’s regu-
larization and gamma parameters were tuned in the validation step.
For each trial, the classifier results were evaluated on a randomized
held-out set consisting of 10% of the gene features not seen during
training or validation and the resulting classification accuracy was
reported. We repeated this entire procedure forarandom forest®*and a
gradientboosted trees® classifier and found BIONIC also outperforms
the compared integration methods, indicating the SVM classifier is not
biased toward improving BIONIC performance (SupplementaryFig.7).

The granular functional evaluations in Figs. 2b and 3b were
generated by computing the average precision (as mentioned in the
precision-recall evaluation framework description) for the gene sub-
sets annotated to the given functional categories.

To perform the module comparison analysis in Fig. 2c, we addi-
tionally applied the module detection analysis performed in Fig. 2a
to the input networks. Here, the interaction profiles of the networks
were treated as gene features and the clustering parameters were
optimized tobest match the IntAct complexes standard. We compared
theresulting module sets from the input networks and BIONIC features
to known protein complexes given by the IntAct standard. For each
complex in the standard, we reported the best-matching predicted
module in each dataset as determined by the overlap (Jaccard) score
between the module and the known complex (Supplementary Data
File 4). To generate the Venn diagram, we defined a complex to have
beencapturedinthe datasetifithad anoverlap score of 0.5or greater
with apredicted module.

To perform the LSM2-7 module analysisin Fig. 2d, we analyzed the
predicted module in each dataset that had the highest overlap score
with the LSM2-7 complex. We created a network from the BIONIC fea-
tures by computing the cosine similarity between all pairs of genes and
setting all similarities below 0.5 to zero. The resulting nonzero values
were then treated as weighted edges to form a network. We extracted
asubnetwork fromeach of the protein-proteininteraction, coexpres-
sion, geneticinteraction and newly created BIONIC networks, consist-
ing of the best scoring predicted module and the genes showing direct
interactions with those in the predicted module. We laid out these
networks using the spring-embedded layout algorithmin Cytoscape’.
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The edges in the protein-protein interaction network correspond to
direct, physical interactions, and the edges in the coexpression and
geneticinteraction networks correspond to the pairwise Pearson cor-
relation of the gene profiles, as described above.

To perform the semisupervised network integration experiment
inFig. 4, we first generated randomized train and test sets. Here, 20%
of genes were randomly held out in each gene function benchmark
(IntAct, KEGG and GO Biological Process) separately and retained for
downstream evaluations. These benchmarks consist of functional
labels for aset of yeast genes (protein complex membershipinIntAct,
pathway membership in KEGG and biological process annotationin GO
Biological Process) and are the same benchmarks used in the gene func-
tion prediction evaluation (Figs. 2aand 3a). The remaining 80% of genes
were used for training GeneMANIA and BIONIC. To generate test sets for
the coannotation prediction benchmarks, we removed any coannota-
tionswherebothgenes were presentin the training set. To generate test
sets for the module detection benchmarks, we removed any modules
consisting entirely of genesin the training set. We then integrated the
three yeast networks from the Figs. 2 and 3 analysis (a protein—-protein
interaction®’, gene coexpression® and genetic interaction network*?)
using the supervised GeneMANIA, BIONIC without using any labeled
data (unsupervised) and a semisupervised mode of BIONIC that uses
the labeled data (semisupervised). Each integration result was then
evaluated using the held-out test data. For the coannotation predic-
tion and module detection evaluations, the integrated features from
BIONIC (both unsupervised and semisupervised) and the integrated
network from GeneMANIA were evaluated. Both GeneMANIA and
the semisupervised BIONIC generate gene label predictions directly,
without the need for an additional classifier suchasin the Fig.2agene
function prediction evaluation. However, the unsupervised BIONIC
does not generate gene label predictions (since it is given no labeled
information to begin with). To ensure a consistent comparison with
GeneMANIA and the semisupervised BIONIC, we trained a classifica-
tion head on top of the unsupervised BIONIC. The classification head
architecture is identical to the semisupervised BIONIC classification
head, however, inthe unsupervised case we only allow gradients from
the classification loss objective to backpropagate to the classification
head, not the rest of the model. This ensures a comparable classifica-
tion model can be trained on top of the unsupervised BIONIC model,
without the labeled data affecting the model weights such as in the
semisupervised case. GeneMANIA does not generate multi-label pre-
dictions, and so we used GeneMANIA to generate label predictions for
each class individually and then performed Platt scaling to convert
these binary class predictions to multi-label predictions™”. The gene
function prediction evaluations were then performed by comparing the
gene label predictions from the integration methods, to the held-out
test labels. This entire procedure, starting with the train-test set par-
titioning, to the final evaluations, was repeated a total of ten times to
control for performance variability due to the partitioning procedure.

Network scaling experiment

To perform the network scaling experiment, we uniformly sampled
subsets of the yeast coexpression networks (Supplementary Data
File2). We performed tenintegration trials for each network quantity,
andthese trials were paired (that is, each method integrated the same
randomly sampled sets of networks). The average precision scores of
the resulting integrations with respect to the KEGG pathways coan-
notation standard (Supplementary Data Files 3) were then reported.
The Mashup method did not scale to the seven-network input size or
beyond on a machine with 64 GB of RAM.

Node scaling experiment

The node scaling experiment was performed by uniformly subsam-
pling the nodes of four large human protein-protein interaction net-
works**” (Supplementary Data File 2) for a range of node quantities

andintegrating these subsampled networks. Ten trials of subsampling
were performed for each number of nodes (paired, as above) and the
average precision scores with respect to the CORUM complexes coan-
notation standard (Supplementary Data File 3) were reported. The
Mashup method did notscale to 4,000 nodes or beyond onamachine
with 64 GB of RAM.

Gene chemical sensitivity predictions

Chemical-genetic profiles against a diagnostic set of 310 nonessential
yeast gene deletion mutants were obtained from a previous study’®.
The genes were chosen using the COMPRESS-GI algorithm, which
selected aset of 157 genes capturing most of the functional information
within genome-wide genetic interaction data’®, along with 153 genes
that were manually selected to complement the set. Haploid deletion
mutants for the gene set were constructed inagenetic background that
conferred drug hypersensitivity (pdr1Apdr34snq24) using synthetic
genetic analysis technology, and each mutant strain was barcoded
with a unique 20 bp DNA identifier adjacent to a common priming
site. The mutant collection was grown and stored as a pooled libraryin
yeast extract peptone-glycerol (15% v/v). Aset of approximately 10,000
compounds from the RIKEN Natural Product Depository (NPDepo)
were interrogated. Screens were done in 96-well format, where asingle
well contained the entire pool of 310 mutants at a density of 4.65 x 10°
cells per ml and 196 pl of YPGal media (1% yeast extract, 2% peptone,
2% galactose). Each well was treated with 2 pl of compound (1 mg mI™
stock dissolved in dimethylsulfoxide (DMSO)). After 48 h of growthin
30 °C,genomic DNA was extracted from each compound-treated pool
with an automated high-throughput nucleic acid purification robot
(QlAcube HT, Qiagen). Mutant-specific barcodes and well-specific
index tags were PCR-amplified using multiplex primers and acommu-
nal U2 primer. PCR products were pooled in 768-plex and gel-purified
from 2% agarose gels using a Geneclean Il kit. Amplicons were quan-
tified using a Kapa quantitative PCR kit and were sequenced with an
Illumina Hiseq 2500 machine at the RIKEN Center for Life Science
Technologies. Sequencing data was processed using the BEAN-counter
software*, which generated chemical-genetic interaction z-scores
normalized against DMSO-only (1% DMSO) treated samples. False
discovery rates were estimated for biological process? predictions,
foreach compound, and those compounds with a false discovery rate
of <25% were retained, resulting in a set of 1,522 compounds and 289
genes (high-confidence set)'®. Next, interquartile range (IQR) scores
were calculated from the chemical-genetic scores as follows:

CGs; — CGs

IQRscore; = ——————
Q © Q3cgs — Qlcgs

12)

Here, CGs;is the chemical-geneticscore for the ith replicate, CGs
isthe median of all chemical-genetic scores, Q3¢¢is the 75th percentile
of chemical-genetic scores and Qlg; is the 25th percentile of chemi-
cal-geneticscores. Tukey’s test” was used to determine outliers based
on the IQR of the distribution of IQR scores in the screen. Genes with
atleast onereplicate that had a negative (sensitive) chemical-genetic
score more than three times the IQR of the compound profile (that is,
‘outlier’ genes) were retained.

To predict chemical-genetic interactions using BIONIC, we first
selected aset of 50 compounds to generate predictions on and experi-
mentally validate. For each diagnostic pool compound, we filtered
outany genes not presentintheintegrated BIONIC features (the same
features used for the Figs. 2 and 3 analyses, referred to as PEG features).
Any compounds with fewer than two outlier sensitive genes werethen
removed. For each of the remaining compounds, we randomly split the
sensitive genes into train and test sets. Next, for a given compound,
we computed BIONIC predictions for the test set genes. We did this
by averaging the corresponding BIONIC PEG features for each genein
the training set under a cosine distance metric to get arepresentative
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feature vector in gene feature space for the given compound. The
BIONIC predictions for the compound were then obtained by identi-
fying the top 20 nearest genes to this feature vector (excluding genes
inthe training set).

To obtainascore for the BIONIC predictions, an ordered Fisher’s
exact test was performed between the test set genes and the BIONIC
predictions as follows:

p=min({f(n,k) : n,k = (Lky),...,(20,ky)}) (13)

where

(14)

p corresponds to the minimum Pvalue obtained for progressively
larger subsets of BIONIC’s 20 predictions, starting from the top predic-
tionto the full set of 20 predictions. nis the number of total predictions
madeby BIONIC and kis the number of those predictions thatare cor-
rect. k;corresponds to the number of correct predictions for the first
igenesinthe BIONIC predictions. fis the probability mass function of
the hypergeometric distribution. Here, K corresponds to the number of
genes found to be sensitive to the given compound. Nis the total num-
ber of yeast essential genes in the analysis, specifically, essential genes
for which TS mutants couldbe made and are also presentin the BIONIC
features (847 total genes). We chose the ordered Fisher’s exact test over
the commonly used unordered version because BIONIC produces a
ranked list of predictions. Taking into account the ordering of BIONIC
predictionsisafairer assessment, since, for example,acompound may
only have asmall number of sensitive genes (fewer than 20). In this case,
BIONIC'’s top predictions may include these essential genes, however,
anunordered Fisher’s exact test would not consider this ranking and
treat the full set of 20 predictions as equivalent, whereas the ordered
test would consider the ranking.

The above process was repeated five times for new randomly
sampled train and test gene splits, or up to the maximum number of
train-test splits possible for compounds with fewer than five sensitive
genes. Final Pvalues were obtained for each compound by averaging
over the P values from each trial. Compounds were ranked by most
significant P values and the top 50 compounds were selected for fur-
ther screening. Sensitive essential gene predictions for a given com-
pound were then generated by using the full set of sensitive diagnostic
poolgenesasthe training set, computing arepresentative compound
feature vector by averaging the training set BIONIC gene features,
and identifying the top 20 nearest essential genes to this compound
feature vector.

The BIONIC gene chemical sensitivity predictions were bench-
marked against experimental data obtained from chemical-genetic
screens usingacollection of TS mutants for essential genes. We previ-
ously constructed a drug-hypersensitive, barcoded set of TS mutants
for1,181 TS alleles spanning 837 essential genes*’. Similar to the diag-
nostic set of nonessential genes, this collection also contained the
pdr1Apdr3Asnq2A triple deletion and a 20 bp barcode was inserted
nexttoacommon priming site upstream of anatMX cassette integrated
at the pdr3A locus. We conducted chemical-genetic screens against
the 50 compoundsinitially selected for BIONIC analysis using the same
method that was used to generate the diagnostic set profiles, except
that the TS mutant pools were incubated at 25 °C instead of 30 °C
for 48 h. We calculated chemical-genetic interaction z-scores and
removed nonspecific technical effects using BEAN-counter software*.
IQR scores were calculated as described above. Negative (sensitive)
interactions that were more than four times the IQR (classified as

‘far outliers’) were used to validate the gene chemical sensitivities
predicted by BIONIC.

Thesignificance of BIONIC sensitive essential gene predictions for
each compound was determined by usinganordered Fisher’s exact test,
as detailed above. The Benjamini-Hochberg procedure™ was applied
to the resulting Pvalues at a false discovery rate of 5%.

To generate biological process? predictions as reported in Fig.
6a,b, a Fisher’s exact test was performed between the full set of 20
BIONIC gene predictions and biological process gene annotations. We
used the same annotations as in Figs. 2b and 3b (ref. %). If the BIONIC
sensitive gene predictions were enriched for one or more bioprocesses,
and these bioprocesses overlapped with the annotated bioprocess of
the true sensitive genes, we considered this a correct bioprocess pre-
diction. Togenerate therandombenchmarkinFig. 6b, the gene labels
of the BIONIC integrated features were randomly permuted and new
essential sensitive gene predictions for the 50 selected compounds
were generated in the same manner as the original BIONIC predic-
tions (detailed above). This process was repeated for 1,000 random
gene label permutations to generate the benchmark distributions.
The circle plotin Fig. 6d was produced by first hierarchically cluster-
ing theintegrated BIONIC gene features, subsetted to essential genes
annotated to the glycosylation, protein folding/targeting, cell wall
biosynthesis bioprocess. Two clustering thresholds were chosen to
generate clusters, broadly indicating the hierarchical organization of
the BIONIC gene features. The first, most granular clustering thresh-
old was adaptively chosen to generate clusters best-matching known
protein complexes, as defined by the IntAct complexes standard®. For
each protein complex in the standard, the clustering threshold was
optimized to produce the cluster best matching this protein complex.
For clusters not matching known complexes, the largest complex opti-
mized threshold was used. The second, higher clustering threshold was
set to acophenetic distance of 0.9.

The BIONIC essential gene sensitivity predictions can be foundin
Supplementary DataFile 7.

Quantification of -1,6-glucanlevels

Wild-type (his34 in the BY4741 background) and the kre64 strain
(YOC5627) of S. cerevisiae were grown in yeast extract peptone at 25 °C
with shaking at 200 r.p.m. to 1x 107 cells per ml. Wild-type cells were
treated with 5 pg ml™jervine (JOO09; Tokyo Chemical Industry, Tokyo,
Japan) for 4 h. We used jervine since it is chemically similar to NP329
and is more commercially available than NP329. The samples were
centrifuged at15,000g for 3 min, and the supernatant was discarded.
The pellet was washed and suspended in PBS, adjusted to 1 x 10° cells
per mland autoclaved for 20 min. After centrifugation at15,000g for
1min, the supernatant was stored onice (sample A) and the pellet was
further extracted. The 3-1,6-glucan was extracted fromthe pellet using
a slightly modified version of the protocol of Kitamura et al.”. First,
500 ml of 10% TCA was added to the culture, which was incubated on
ice for 10 min. After centrifugation at 15,000g for 3 min, the samples
were washed twice with deionized water. The pellet was suspended
in 500 pl of 1N NaOH and incubated at 75 °C for 1 h. The solution was
mixed with 500 pl of 1M HCl and Tris buffer (10 mM Tris-HCI, pH 7).
After centrifugation at 15,000g for 1 min, the supernatant was stored
onice (sample B). The total amounts of 3-1,6-glucan in samples A and
B were measured according to the method of Yamanaka et al.”.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

All data, standards, BIONIC yeast features and chemical-genetic
interaction data are available in the following Figshare reposi-
tory: https://figshare.com/projects/BIONIC_Biological_Network_
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Integration_using_Convolutions/122585. There are no restrictions on
the data. Source data are provided with this paper.

Code availability

The BIONIC code is available at https://github.com/bowang-lab/
BIONIC”. Code to reproduce the main figure analyses (Figs. 2-6) is
available at https://github.com/duncster94/BIONIC-analyses™ and a
libraryimplementing the coannotation prediction, module detection
and gene function prediction evaluationsis available at https://github.
com/duncster94/BIONIC-evals’. The BIONIC integrated yeast features
(PEG features) can be explored at https://bionicviz.com.

References

60. Paszke, A. et al. Automatic differentiation in PyTorch. in NIPS
Autodiff Workshop (2017).

61. Fey, M. & Lenssen, J. E. Fast Graph Representation Learning with
PyTorch Geometric. in ICLR 2019 Workshop on Representation
Learning on Graphs and Manifolds (2019).

62. 1.Kingma, D. P. & Ba, J. Adam: A Method for Stochastic
Optimization. in 3rd International Conference on Learning
Representations, ICLR 2015, San Diego, CA, USA, May 7-9, 2015,
Conference Track Proceedings (eds. Bengio, Y. & LeCun, Y.)
(2015).

63. Stark, C. et al. BioGRID: a general repository for interaction
datasets. Nucleic Acids Res. 34, D535-D539 (2006).

64. Hibbs, M. A. et al. Exploring the functional landscape of gene
expression: directed search of large microarray compendia.
Bioinformatics 23, 2692-2699 (2007).

65. Myers, C. L., Barrett, D. R., Hibbs, M. A., Huttenhower, C. &
Troyanskaya, O. G. Finding function: evaluation methods for
functional genomic data. BMC Genomics 7,187 (2006).

66. Aggarwal, C.C., Hinneburg, A., Keim, D.A. (2001). On the
Surprising Behavior of Distance Metrics in High Dimensional
Space. In: Van den Bussche, J., Vianu, V. (eds) Database Theory
— ICDT 2001. ICDT 2001. Lecture Notes in Computer Science, vol
1973. Springer, Berlin, Heidelberg. https://doi.org/10.1007/3-540-
44503-X_27

67. Dauvis, J. & Goadrich, M. The relationship between
Precision-Recall and ROC curves. In Proc. 23rd International
Conference on Machine Learning: June 25-29, 2006;
Pittsburgh, Pennsylvania (eds Cohen, W. W. & Moore, A.)
233-240 (ACM Press, 2006).

68. Breiman, L. Random forests. Mach. Learn. 45, 5-32 (2001).

69. Friedman, J. H. Greedy function approximation: a gradient
boosting machine. Ann. Stat. 29, 1189-1232 (2001).

70. Shannon, P. et al. Cytoscape: a software environment for
integrated models of biomolecular interaction networks.
Genome Res. 13, 2498-2504 (2003).

71. Platt, J. C. Probabilistic outputs for support vector machines
and comparisons to regularized likelihood methods. in Advances
in Large Margin Classifiers (eds Smola, A. J. et al.) 61-74
(MIT Press, 1999).

72. Deshpande, R. et al. Efficient strategies for screening large-scale
genetic interaction networks. Preprint at bioRxiv https://doi.org/
10.1101/159632 (2017).

73. Beyer, H. Tukey & John, W. Exploratory Data Analysis.
Addison-Wesley Publishing Company Reading, Mass.—Menlo
Park, cal., London, Amsterdam, Don Mills, Ontario, Sydney 1977,
XVI, 688S. Biom. J. 23, 413-414 (1981).

74. Benjamini, Y. & Hochberg, Y. Controlling the false discovery rate:
a practical and powerful approach to multiple testing. J. R. Stat.
Soc. Ser. B Stat. Methodol. 57, 289-300 (1995).

75. Kitamura, A., Someya, K., Hata, M., Nakajima, R. & Takemura, M.
Discovery of a small-molecule inhibitor of 3-1,6-glucan synthesis.
Antimicrob. Agents Chemother. 53, 670-677 (2009).

76. Yamanaka, D. et al. Development of a novel 3-1,6-glucan-specific
detection system using functionally-modified recombinant
endo-B-1,6-glucanase. J. Biol. Chem. 295, 5362-5376 (2020).

77. Forster, D. Biological Network Integration using Convolutions
(BIONIC) v.0.2.4. Zenodo https://doi.org/10.5281/zenodo.6762584
(2022).

78. Forster, D. BIONIC analyses v.0.1.0. Zenodo https://doi.org/10.5281/
zenodo.6762596 (2022).

79. Forster, D. BIONIC evaluations (BIONIC-evals) v.0.1.0. Zenodo
https://doi.org/10.5281/zenodo.6762602 (2022).

Acknowledgements

We thank B. Andrews, M. Costanzo and C. Myers for their insightful
comments. We also thank M. Fey for adding important features to

the PyTorch Geometric library for us. This work was supported by
NRNB (US National Institutes of Health, National Center for Research
Resources grant number P41 GM103504). Funding for continued
development and maintenance of Cytoscape is provided by the US
National Human Genome Research Institute under award number
HGO009979. This work was also supported by the Canadian Institutes
of Health Research Foundation grant number FDN-143264, US National
Institutes of Health grant number ROTHG005853 and joint funding by
Genome Canada (OGI-163) and the Ministry of Economic Development,
Job Creation and Trade, under the program Bioinformatics and
Computational Biology. This work was supported by the National
Research Council of Canada through the Al for Design program. This
work was supported by CIFAR Al Chair programs. This work was also
supported by JSPS KAKENHI grant numbers JP15H04483 (C.B. and
Y.0.), JP17H06411 (C.B. and Y..), JP18K14351 (K.I.-N.), JPI9H03205 (Y.0.),
JP20K(07487 (D..) and a RIKEN Foreign Postdoctoral Fellowship (S.C.L.).
This research was enabled in part by support provided by SciNet and
the Digital Research Alliance of Canada.

Author contributions

DT.F. conceived and developed the method and computational
experiments. S.C.L. and M. performed the chemical-genetic

screens. Z.L. provided resources for the TS mutant collection. L.AV.I.
preprocessed and provided the chemical-genetic data. H.O. provided
the chemical matter and information about the screened compounds.
S.C.L.and Z.L. constructed the drug-hypersensitive TS mutant
collection. K.I.-N., D. and H.O. performed the jervine biochemical
validation. DT.F., S.C.L., Y., Y.O., BW., G.D.B. and C.B. wrote the
manuscript. BW., G.D.B. and C.B. conceived and supervised the project.

Competinginterests
The authors declare no competing interests.

Additional information
Extended data are available for this paper at
https://doi.org/10.1038/s41592-022-01616-x.

Supplementary information The online version
contains supplementary material available at
https://doi.org/10.1038/s41592-022-01616-x.

Correspondence and requests for materials should be addressed to
Bo Wang, Gary D. Bader or Charles Boone.

Peer review information Nature Methods thanks Kevin Yuk-Lap Yip and
the other, anonymous, reviewer(s) for their contribution to the peer
review of this work. Primary Handling Editor: Lin Tang, in collaboration
with the Nature Methods team.

Reprints and permissions information is available at
www.nature.com/reprints.

Nature Methods


https://figshare.com/projects/BIONIC_Biological_Network_Integration_using_Convolutions/122585
https://github.com/bowang-lab/BIONIC
https://github.com/bowang-lab/BIONIC
https://github.com/duncster94/BIONIC-analyses
https://github.com/duncster94/BIONIC-evals
https://github.com/duncster94/BIONIC-evals
https://bionicviz.com
https://doi.org/10.1007/3-540-44503-X_27
https://doi.org/10.1007/3-540-44503-X_27
https://doi.org/10.1101/159632
https://doi.org/10.1101/159632
https://doi.org/10.5281/zenodo.6762584
https://doi.org/10.5281/zenodo.6762596
https://doi.org/10.5281/zenodo.6762596
https://doi.org/10.5281/zenodo.6762602
https://doi.org/10.1038/s41592-022-01616-x
https://doi.org/10.1038/s41592-022-01616-x
http://www.nature.com/reprints

Article

https://doi.org/10.1038/s41592-022-01616-x

Input network

Extended Data Fig. 1| Detailed view of individual BIONIC network encoder.

A moredetailed view of an individual network encoder, including residual
connections. A network specific graph convolutional network is used to
encode the input network for increasing neighborhood sizes. The first GCN in
the sequence learns features for a given node based on the node’simmediate
neighborhood (Ist order features). The next GCN learns features based on the
node’s second order neighborhood (2nd order features), and so on. The node
feature matrices learned by each GCN pass are summed together to create the

1st order features Learned
features
3rd order 8
features
GCN GCN GCN H—e
(]

2nd order features

final learned, network-specific features. Summing the outputs of the various
GCNs in this way creates residual connections, allowing features from multiple
neighborhood sizes to generate the final learned features, rather than just the
final neighborhood size. This figure shows three GCN layers, but BIONIC uses the
same pattern of connections for any number of GCN layers. Note that the GCN
layers for a given encoder share their weights, soin effect, there is a single GCN
layer for each encoder.
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Extended Data Fig. 2| Comparison of individual network features produced
by BIONIC. A comparison of individual networks (denoted ‘Net’), their
corresponding features encoded using the unsupervised BIONIC (denoted
‘BIONIC’), as well as the BIONIC integration of these networks (denoted

‘GI+COEX+PPIBIONIC’). BP = Biological Processes, Gl = Genetic Interaction,
COEX = Co-expression, PPl = Protein-protein Interaction. These are the same
networks and evaluations used in Fig. 2. Data are presented as mean values. Error
barsindicate the 95% confidence interval for n =10 independent samples.

Nature Methods



Article

https://doi.org/10.1038/s41592-022-01616-x

Similarity of Positive and Negative Gene Pairs

o
~
1
—

< o
o (o)}
1 1

&
SN
1

o
w
1

o
N
1

Average Pairwise Similarity

=
=
1

o
(@)
1

0 500 1000 1500 2000

Epochs

—&— BIONIC Positive Gene Pairs

- == Network Positive Gene Pairs

Extended Data Fig. 3| Dynamics of BIONIC feature space through training.
Comparison of pairwise gene similarities (cosine similarity in the case of
BIONIC, direct binary adjacency in the case of the network), as defined by
IntAct Complexes for known co-complex relationships (positive pairs) and no
co-complex relationships (negative pairs), between a yeast PPl network (as used

—&— BIONIC Negative Gene Pairs
- -~ Network Negative Gene Pairs

inthe Fig. 2 analyses) and the unsupervised BIONIC features produced from this
network. The BIONIC similarities are shown throughout the training process
(epochs), whereas the input network is constant so its pairwise similarities do not
change. ‘Network’ denotes the input PPI network, ‘BIONIC’ denotes the features
learned from this network using BIONIC.

Nature Methods



Article https://doi.org/10.1038/s41592-022-01616-x

IntAct Complexes Coverage

Dataset
300 Genetic interaction
- Co-expression

200 — PP|
— B|ONIC

100

Number of Captured Modules

0.0 0.2 0.4 0.6 0.8 1.0

KEGG Pathways Coverage

100
80
60
40

20 \
)

0 BN ==
00 02 04 06 08 1.0

Number of Captured Modules

GO Biological Processes Coverage

1250
1000
750
500
250

Number of Captured Modules

0.0 0.2 0.4 0.6 0.8 1.0
Jaccard Threshold

Extended Data Fig. 4 | See next page for caption.
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Extended DataFig. 4 | Coverage of BIONIC and input network captured number of captured modules is reported for a range of overlap scores (Jaccard
modules. Coverage of functional gene modules by individual networks and threshold). Higher threshold indicates greater correspondence between the
the unsupervised BIONIC integration of these networks (denoted BIONIC), clusters obtained from the dataset and their respective modules given by the
as determined by a parameter optimized module detection analysis where standard. PPl = protein-protein interaction. These are the same networks and
the clustering parameters were optimized for each module individually. The BIONIC features as Fig. 2.
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Extended Data Fig. 5| Captured modules comparison for BIONIC and input
networks for optimal clustering parameters. Known protein complexes

(as defined by the IntAct standard) captured by individual networks and

the unsupervised BIONIC integration of these networks (denoted BIONIC).
Hierarchical clustering was performed on the datasets and resulting clusters
were compared to known IntAct complexes and scored for set overlap using the
Jaccard score (ranging from O to 1). The clustering algorithm parameters were
optimized for each module individually, unlike the analysis in Fig. 2 where the
clustering parameters were optimized for the standard as a whole. Each point

isaprotein complex, asin Fig. 2c. The dashed line indicates instances where the
given data sets achieve the same score for a given module. Histograms indicate
the distribution of overlap (Jaccard) scores for the given dataset, and the labelled
dashed line indicates the mean of this distribution. The individual modules
shown here as well as for the KEGG Pathways and IntAct Complexes module
standards can be found in Supplementary Data File 4. The LSM2-7 complex is
indicated by the arrows. PPl = protein-protein interaction. This analysis uses the
same networks and BiONIC features as Fig. 2.
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Extended Data Fig. 8 | See next page for caption.
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Extended DataFig. 8 | Effects of label poisoning on BIONIC semi-supervised Data are presented as mean values. Bars indicate 95% confidence interval

and unsupervised performance. Semi-supervised BIONIC comparisons. a) A forn=10independent samples. b) UMAP plots comparing the embedding
label poisoning experiment, where progressively more permutation noise is space of the TFIID complex and the 100 nearest neighbors of this complex for
added to the label sets the semi-supervised BIONIC is trained on. ‘Noise’ indicates  unsupervised and semi-supervised BIONIC over a range of label noise values.
the proportion of permutation noise applied (multiply by 100 for percentages). SS =average silhouette score of TFIID members.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

/a | Confirmed
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|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] Adescription of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
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For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  All data collection was performed using Python and additional 3rd party python libraries (listed in the following file: https://github.com/
bowang-lab/BIONIC/blob/master/pyproject.toml), including PyTorch and PyTorch Geometric, as well as BEAN-counter software.

Data analysis This work relies on BIONIC (version 0.2.4, https://github.com/bowang-lab/BIONIC) and the associated dependencies therein. This work also
relies on previously published algorithms, namely iCell (version 1, http://wwwoO.cs.ucl.ac.uk/staff/natasa/iCell/), Mashup (version 1, http://
cb.csail.mit.edu/cb/mashup/), deepNF (version 1, https://github.com/VGligorijevic/deepNF) and multi-node2vec (version 1, https://
github.com/jdwilson4/multi-node2vec). We also used the BEAN-counter software (version 1.1.5, https://github.com/csbio/BEAN-counter).
Additional libraries were created and used to perform the evaluations and analyses in the manuscript: BIONIC-analyses (version 0.1.0, https://
github.com/duncster94/BIONIC-analyses) and BIONIC-evals (version 0.1.0, https://github.com/duncster94/BIONIC-evals).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

All data, standards, BIONIC yeast features and chemical-genetic interaction data are available in the following Figshare repository: https://figshare.com/projects/
BIONIC_Biological_Network_Integration_using_Convolutions/122585. Source data has been provided for figures 2-6. There are no restrictions on the data.

Human research participants

S
Q
—
C
D
©
(@)
=
o
=
®
©
(@)
=
)
(@]
wm
C
3
3
)
<

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender This study did not involve human research participants.

Population characteristics This study did not involve human research participants.
Recruitment This study did not involve human research participants.
Ethics oversight This study did not involve human research participants.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No statistical methods were used to determine sample sizes. Sample sizes were chosen to balance computational/experimental cost and
result robustness. Small 95% confidence intervals or standard deviations indicate the sample sizes chosen were sufficient.

Data exclusions | No data was excluded from the study.
Replication Biological replicates were subject to statistical tests to ensure effects were significant. All replication attempts were successful.
Randomization  Randomization was performed using unbiased, random sampling.

Blinding Any group allocations were programmatically randomly generated and not assigned by the investigators, so blinding is not relevant to this
study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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