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Complex signaling pathways are believed to be responsible for drug resistance. Drug combinations
perturbing multiple signaling targets have the potential to reduce drug resistance. The large-scale
multi-omic datasets and experimental drug combination synergistic score data are valuable resources
to study mechanisms of synergy (MoS) to guide the development of precision drug combinations.
However, signaling patterns of MoS are complex and remain unclear, and thus it is challenging to
identify synergistic drug combinations in clinical. Herein, we proposed a novel integrative and
interpretable graph Al model, DeepSignalingFlow, to uncoverthe MoS by integrating and mining multi-
omic data. The major innovation is that we uncover MoS by modeling the signaling flow from multi-
omic features of essential disease proteins to the drug targets, which has not been introduced by the
existing models. The model performance was assessed utilizing four distinct drug combination
synergy evaluation datasets, i.e., NCI ALMANAC, O’Neil, DrugComb, and DrugCombDB. The
comparison results showed that the proposed model outperformed existing graph Al models in terms
of synergy score prediction, and can interpret MoS using the core signaling flows. The code is publicly

accessible via Github: https://github.com/FuhaiLiAiLab/DeepSignalingFlow

Complex signaling pathways play a crucial role in driving drug resistance in
various types of cancer. These pathways involve a multitude of mechanisms
such as the activation of signaling pathways promoting cell survival and
proliferation, upregulation of drug efflux pumps, emergence of cancer stem
cells, and genetic and epigenetic changes'. For example, the Wnt/B-catenin
signaling pathway has been identified as a key player in resistance devel-
opment in triple-negative breast cancer, interacting with receptor tyrosine
kinase signaling pathways, epithelial-mesenchymal transition, and
metastasis’. Additionally, signaling pathways like MAPK, PI3K/PKB, Wnt/
B-catenin, and Notch have been associated with multidrug resistance in
colorectal cancer, affecting cell survival, and drug metabolism®. Thus, tar-
geting these intricate signaling pathways is essential for developing effective
strategies to overcome drug resistance in cancer therapy. Previous research
has demonstrated that the inhibition of a single component within a sig-
naling network may not be sufficient to effectively treat cancer due to the
robustness and resistance of network signaling’. Thus, drug combinations
inhibiting more signaling targets, compared with single drug treatment, in
cancer-related signaling networks have the potential to be effective in
reducing drug resistance. For example, the RAS/ERK signaling pathway,

which has been shown to inhibit the efficacy of certain anti-cancer drugs,
was found to be synergistic with autophagy inhibitors in RAS-driven can-
cers. This is notable, given that autophagy signaling was activated after
treatment with RAS inhibitors™.

However, it is challenging to discover effective and synergistic drug
combinations in clinical and laboratory settings because of the unclear and
complex mechanism of synergy (MoS) for such drug combinations. Recent
analyses of reported drug combinations indicate that there are complex,
diverse, and heterogeneous MoS for different drug combinations in different
diseases’. Despite this evolving body of research concerning the targeting of
synergistic cancer therapeutics, there remain few effective drug combina-
tions that are used broadly in the clinical environment. Therefore, novel and
effective drug combinations are needed in order to expand the scope and
impact of precision cancer therapy and ultimately improve cancer treatment
outcomes.

To help facilitate the discovery of synergistic drug combinations for use
in a variety of cancers, we sought to understand the associations between
multi-omic features and drug response, as well as the mechanism of drug
synergy, using computational methods. The National Cancer Institute
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(NCI) has previously generated a comprehensive screening dataset of 5232
combinations from ~100 drugs in 60 human tumor cell lines (NCI-60),
which is publicly available as the NCI-ALMANAC Drug Combination Data
Set®. This dataset is valuable for developing computational models for drug
combination prediction. Aside from that, O’Neil dataset’ is another drug
combination screening dataset containing 38 compounds and 39 cancer cell
lines with 583 combinations and 22,737 experiments. In addition,
DrugComb" is an innovative web-based data portal designed to standardize
and harmonize drug combination screening data for cancer cell lines. It
features a comprehensive collection of 437,923 drug combination experi-
ments, encompassing 7,423,800 data points across 93 human cancer cell
lines. DrugCombDB'" is also a comprehensive dataset that includes 448,555
drug combinations derived from high-throughput screening (HTS) assays.
It encompasses 2887 unique drugs tested across 124 human cancer cell lines.
With over 6,000,000 quantitative dose responses, DrugCombDB computes
multiple synergy scores to assess the overall synergistic or antagonistic
effects of drug combinations, providing a valuable resource for advancing
cancer treatment research.

There have been a variety of computational and deep-learning
models described in the scientific literature concerning the application
of machine learning techniques to such data. For example, random
forest' (RF) and XGBoost'’ models have been used, integrating che-
mical and genomics features of source data, to predict drug
combinations'. The regression model was used in a feedback system
control (FSC) framework'>' for drug combination prediction. In
addition, the use of multi-task learning with a transfer learning model
has been proposed to predict drug combinations’. Then, deep-
learning models have also been developed for drug combination pre-
diction. For example, Matchmaker'® was developed to analyze che-
mical and gene expression profiles using a deep-learning framework,
which is similar to the DeepSynergy'’ and AuDNNsynergy”, and
DeepSignalingSynergy’">. Multi-omic data were concatenated as
integration in those deep-learning models™ to improve the model
robustness and accuracy23 .Moreover, the Visible Neural Network VNN
(VNN) models (e.g., DCell and DrugCell)**~*® were proposed, using
large hierarchical deep-learning architecture to model the hierarchical
organization of biological processes, to predict drug response with
important biomarkers. However, the signaling cascade level activity
was not specifically investigated in the DCell and DrugCell models.
These models concatenate a large number of genomics and chemical
structure features using dense connection layers for drug combination
prediction. However, the signaling pathway information was not
incorporated. Thus, these models are less interpretable compared with
models integrating omic data with signaling pathways.

Despite the promise of the existing body of work in this domain,
there remain two limitations of the existing deep-learning models. First,
the signaling interactions in gene regulatory signaling networks are
often not incorporated in the existing deep-learning models, despite
their criticality in terms of treatment efficacy. Second, complex
mechanisms of synergy (MoS) are usually not investigated in these
existing models. As such, these models are difficult to interpret and
explain, which hinders the identification of MoS of synergistic drug
combinations. Recently, Graph Neural Networks (GNNs) have gained
prominence due to their capability to model relationships within graph-
structured data” > having been applied to numerous studies for the
integration of multi-omics data. Compared with DNN models, GNN
models can naturally integrate the signaling pathways or protein-
protein interactions (networks/graphs—node and node interactions)
with omic features (features of nodes). Then the target ranking and
subnetwork or pathway inference can be achieved by using node and
edge ranking operations in GNN. Therefore, GNN or graph AI models
areideal models for integrative and interpretable omic data analysis and
for mining the MoS of synergistic drug combinations using the top-
ranked signaling flow/cascades. For example, MOGONET™ initially
creates similarity graphs among samples by leveraging each omics data,

then employs a graph convolutional network (GCN) to learn a label
distribution from each omics data independently. Subsequently, a
cross-omics discovery tensor is implemented to refine the prediction by
learning the dependency among multi-omics data. MoGCN”' adopts a
similar approach by constructing a patient similarity network using
multi-omics data and then using GCN to predict the cancer subtype of
patients. GCN-SC* utilizes a GCN to combine single-cell multi-omics
data derived from varying sequencing methodologies. MOGCL™ takes
this further by exploiting the potency of graph contrastive learning to
pre-train the GCN on the multi-omics dataset, thereby achieving
impressive results in downstream tasks with fine-tuning. DeepDDS™
incorporated the chemical structure information of drugs into the GNN
framework to achieve better performance on drug response prediction.
Nevertheless, none of the aforementioned techniques contemplate
incorporating structured signaling pathway data into the model to mine
the detailed signaling cascades/flows associated with the MoS of drug
cocktails.

In the specific context of cancer studies, signaling pathways playing
important roles in terms of tumor development and drug response, are
of critical importance when seeking to identify single or synergistic
therapeutic targets. For example, in one set of studies, 10 signaling
pathways were systematically analyzed across 9,125 tumor samples in
33 cancer types (64 subtypes)”. The results of this study indicated that
89% of tumor samples had at least one driver alteration in one of these
pathways, and 57% and 30% had one and multiple potentially druggable
targets, respectively. These results indicate the importance of identi-
fying or repurposing effective drugs and drug combinations that target
these signaling pathways. Therefore, in our study, we proposed a novel
computational graph neural network (GNN) model, DeepSignaling-
Flow, to investigate the aforementioned issues as they relate to the use of
deep-learning models for drug combination therapy prediction, by
incorporating core cancer signaling pathways and multi-omic data into
such analyses. What’s more, the interpretability of the signaling flow
was provided for analyzing the key signaling and targets for each cancer
in our model.

Results

Architecture of DeepSignalingFlow

Figure 1 illustrates the schematic architecture of the proposed DeepSigna-
lingFlow model. The model input parameters are: X € R"*¢, A € R"*",
D,, € R"™*" D, € R"™", where X denotes the nodes features matrix
with 7 nodes of d features. A is the adjacency matrix that links gene-gene
interactions on the signaling pathways and gene-drug interactions, and the
element of adjacency matrix A such as a;; indicates an edge from i to j. D;,, is
an in-degree diagonal matrix for nodes in directed graph, and D, is an out-
degree diagonal matrix for nodes in directed graph. In details, # represents
the total number of nodes in the graph, which consists of two distinct types
of nodes: genes and drugs. Specifically, n; denotes the number of gene
nodes, and n, denotes the number of drug nodes within the entire graph.
Therefore, the total number of nodes n can be expressed as the sum of 7,
and n,.

In the graph message passing’* stages of our architecture, we added,
WeB-GNN (Weighted Bi-direction Graph Neural Network) layer, the bi-
directional nodes-flow with both ‘upstream-to-downstream’ (from
upstream signaling to drug targets) and ‘downstream-to-upstream’ (from
drug targets to downstream signaling), considering that multi-channel
setting in the architecture can integrate the two-stream information and
improve the model performances”*. The trainable weight matrices are
denoted as: WL];,) e R™", Wfi];)wﬂ e R™" (k=1,2,...,K, where K is
the number of message propagation (WeB-GNN) layers in DeepSigna-
lingFlow) respectively. Then the weight adjacency matrices will be denoted
as:

k
AN =wh. A )
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signaling flow (upstream and downstream). ® Fetching the embedded spaces from
the pair of drug nodes as the initial vectors in decoder space. ® Decoding the pair of
drug nodes with the trainable matrices D and Q.@ Decoded value, j, as the predicted
drug combination synergistic score.

k) _ (k) T
A,duwn - down A (2)
where for each A’(k) e R"" A’down e R"™" (k=1,2,...,K), para-

meters for drug-gene relatlons values are the same with those in the original
adjacency matrix. Complete model parameters are specified in Table 1. And
the structural details of the model are discussed in Methods.

Experimental setup

To validate the proposed model, a 5-fold cross-validation was employed.
Specifically, <Dy, Dg, Ci, Sapc> (Da, Dp are drug combinations, Cc is the
cell line name, which will be combined with the multi-omics data as the
details and S4pcis the synergistic drug effect on the cell line C¢), a 4-element
tuple, represents an input data point. In total, there are 2788, 1008, 27,781,
and 21,399 model input data points for NCI ALMANAC’, O'Neil’,
DrugComb', and DrugCombDB'"' datasets. In each dataset, 4 folds of the
data points will be used as the training dataset, and the rest 1 fold will be used
as the test dataset. Considering all possible 2 drug permutations, each
generated graph comprised 2016 gene nodes (n,=2016), and the number of
drug nodes (n,) varied across different datasets with each node in these
graphs having 4 initial features. For those 2016 genes, their 4 features
indicate the RNA sequence number, copy number variation, and whether
they have a connection spanning D, and Dp respectively. For each 2 drug
pair, their 4 features are initiated with zeros. Additionally, to indicate con-
nections between nodes, adjacency matrices are also created, being formed
from the KEGG* database which contains gene pairs with sources and
destinations, resulting in directed graphs. For drug-gene edges, the

connections are bi-directional, meaning that in adjacency matrices, these
elements are symmetric. Concurrently, in-degree and out-degree matrices
are formed according to the original input adjacency matrix A € R""".

Hyperparameters setting

The number of training epochs was empirically set to 500 using a step-
leaning rate scheduler, which allowed for optimal results. Three GNN layers
(K = 3) were used with an initial input feature dimension of d® = 4. The
feature dimensions varied at the different layers and were denoted by:
@V, d?,. . .a®, . .. d9) k=1,23, concatenating biased node fea-
tures and transformed node features of the previous layer for both upstream
and downstream flows to generate combined dimensions of the GNN layers,
resulting 3 x d® for k-th layer in output dimensions. The output dimen-
sions of the previous layer served as the input dimensions for the current
layer, as follows:

(1) First layer (input dims, output dims): (d(o)7 3d(1))

(2) Second layer (input dims, output dims): (3d(1), 3d(2))

(3) Third layer (input dims, output dims): (3d(2), 3d(3))

The final embedded drug node dims were 3d*®. The decoder utilized
trainable transformation matrices with dimensions D € R *N and Qe
RN with N set to 150 to adapt model performance. Addltlonally, the
LeakyReLU function was employed with a parameter value of 0.1.

Synergistic score prediction evaluation
To evaluate model performance in terms of synergy score prediction for
drug combinations, a 5-fold cross-validation was conducted. As shown in
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Table 1 | Model parameters and notations

Input Matrices Whenk =23,... K Whenk =1
Nodes Feature Matrix Hk=D ¢ grxdd HO ¢ gr=d®
New Nodes Adjacency Matrices A"k RN A,g(o)wn c RN Same
Nodes In-degree Diagonal Matrix D,, e R™" Same
Nodes Out-degree Diagonal Matrix Dy € R™" Same
Trainable Feature Transformation Matrix (k) de‘k Dxd® M“ R xd® M(dn c RIVxd?
lown h
(k) 3gk=1 x gk
Mdown A
Trainable Biased Feature Transformation Matrix B“"e]Radlki” xd® BM ¢ R xd?

Table 2 | Model comparison using average Pearson correlation of 5-fold cross-validation using both NCI ALMANAC, O’Neil,
DrugComb, and DrugCombDB datasets

Dataset NCI ALMANAC O’Neil DrugComb DrugCombDB

GCN 44.88% +4.87% 50.07% +8.16% 46.40% = 1.58% 44.87% +3.65%
GAT 20.37% +7.08% 31.54% +15.34% 31.61% +6.18% 43.41% +2.26%
GraphFormer 36.39% +4.51% 28.66% +14.12% 52.49% +2.04% 44.83% +4.18%
MixHop 48.13% +14.36% 6.93% +5.08% 46.77% +2.60% 6.62% +2.53%

GIN 52.94% +5.28% 23.34% +9.37% 31.95% +13.93% 42.59% +5.52%
BGNN 48.32% +5.79% 61.36% =+ 3.09% 55.35% +0.91% 55.39% +2.36%
DeepSignalingFlow 63.75% +1.58% 65.81% +2.83% 63.68% +0.92% 61.51% +0.64%

Supplementary Tables 1-4, the average predictions (using the Pearson
correlation coefficient) were 63.7523%, 65.8141%, 63.6843%, 61.5092%
Pearson correlation for NCI ALMANAC, O’Neil, DrugComb, and Drug-
CombDB on their test datasets respectively. These prediction results are
comparable with existing machine learning models'*", indicating the fea-
sibility of drug combination synergy score prediction using a graph neural
network with a small set of core signaling pathways genes. Moreover, the
proposed model DeepSignalingFlow was compared with other graph neural
networks (see Table 2 and Fig. 2a), which included the GNN model with
mean aggregation in transductive model’® (no sampling for neighborhood
function) and graph attention network” (GAT), GraphFormer®,
MixHop™, and GIN". Each of these GNN models is implemented with the
decoder matrices to predict the drug effects. Furthermore, to validate the
impacts of trainable edge weight on model performance, the unweighted bi-
directional signaling flow (BGNN) layer was compared with the weighted
bi-directional signaling flow (WeBGNN) layer in DeepSignalingFlow.

Signaling flow interpreting the mechanism of synergy

To investigate the potential MoS, a core signaling subnetwork was generated
based on the trained model. Specifically, the integrated signaling flow net-
works were derived from the large signaling network using the averaged
trained directional weight matrices from the 5 splits of test datasets.
Afterward, the cell line-specific gene degrees were calculated using the fol-
lowing formula:

= (; alEZ?dﬁnal)

d(ck) — di . X(Ck)

where abm d_final 18 the element in the i-th row and j-th column of the matrix
A'yina_finar- Hence, d; is the weighted degree for gene i andx ) js the i-th row
of node feature matrix X with the feature of RNA-seq for cell hne C,. This
allows for the calculation of the cell line-specific gene degree, d ) for gene i
on the cell line Cy. Specifically, the cell line-specific core signaling

subnetwork were obtained by selectlng nodes that meet the criteria of setting
aweighted degree threshold of d; (“) In this scenario, edge weight lower than
0.1in A”y;_finq Were filtered out, resulting in the core signaling subnetwork
for each individual cell lines.

In these cell line-specific core signaling pathways, the summation of
weights on the shortest paths (with a distance smaller than 5) between 2
genes targeted by drug combinations in the NCI ALMANAC dataset was
analyzed in detail. Supplementary Tables 5 and 6 compare the summation of
weights between the top 10 and bottom 10 drug combinations for each cell
line (excluding for SK-MEL-2 due to an insufficient number of data points)
using F-test p values, mean values, and median values. Notably, 21 out of 41
cell lines exhibited a condition where the top 10 drug combinations had both
ahigher mean and median value than the bottom 10 combinations, with a p-
value smaller than 0.1, indicating significant differences (see Supplementary
Figs. 1 and 2 for details). Specifically, the core signaling pathways for cell
lines T-47D and PC-3 generated the cell line-specific network with inter-
actions of 88 genes (see Figs. 3 and 4). To mark the critical genes in the core
signaling subnetwork, weighted node degree d; ‘) Jower than 1 were marked
red in the above figures.

Analysis of the top-ranked drug combinations revealed that these
combinations inhibit multiple essential targets within the core signaling
subnetwork under shorter paths. The potential drug targets were identified
within a range of 3 or 4 hop neighboring nodes in the selected core signaling
subnetwork. This finding demonstrates that these core signaling networks
can accurately measure the importance of pathways. Consequently, drug
combinations that can perturb the core signaling subnetwork are more likely
to be effective.

Discussion

Drug resistance is a common challenge in cancer therapy due to the complex
signaling pathways of cancers. Drug combinations inhibiting more and
multiple signaling targets, compared with single drug treatment, in cancer-
related signaling networks have the potential to be effective in reducing drug
resistance. However, it remains an open problem and challenging because of
the mysterious, heterogeneous molecular mechanisms of synergy of drug
combinations. Deep-learning models have been reported to predict drug
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combinations by simply concatenating a large number of multi-omic data
and chemical structure information using the deep neural network (DNN)
model. One limitation of the existing DNN models is the missing of complex
and biologically meaningful gene regulatory relationships. Thus, it is hard to
interpret these models to support real clinical use, which requires clinical
experts to understand the molecular mechanisms used in the AI prediction.

In this study, we aim to explore the feasibility of building an inter-
pretable Al model using the proposed DeepSignalingFlow model. The model
is built on a core cancer signaling network consisting of 2016 genes, with
gene expression and copy number data derived from 48 core cancer sig-
naling pathways. The novel upstream signaling flow (from upstream sig-
naling to drug targets), and the downstream signaling flow (from drug
targets to downstream signaling), were designed using trainable weights of
network edges. The selected signaling interaction edges with large weights
indicate (1) the important biomarker genes; (2) the signaling cascades
among them, which can potentially interpret the model prediction results;
and (3) the potential synergistic drug targets in the cell line-specific core
signaling pathways. In conclusion, the first-time proposed upstream and
downstream signaling flow design is novel and can potentially interpret the
mechanism of drug combination response and offer the potential targets of

future drug targets. Understanding the upstream and downstream signaling
pathways/mechanisms of drugs is crucial, as drugs can perturb disease-
related dysfunctional signaling by either ‘blocking’ the signaling cascades/
flow from upstream dysfunctional signaling or ‘inhibiting’ the downstream
dysfunctional signaling. By mapping the signaling flow dynamics, this
model helps elucidate how signals propagate through the network to achieve
a synergistic response. Gaining such an understanding of the mechanistic
basis of drug combinations is instrumental in designing drug combinations
that can overcome resistance, ultimately leading to more effective therapies.
The model can be also applied to general multi-omic data analysis studies.

This is still an exploratory study to predict and investigate drug com-
bination response using deep graph neural network models. There are some
limitations to be further investigated. For example, additional large-scale
signaling pathways and protein-protein interactions can cover more pro-
teins and drug targets and will include more drugs, which will be further
investigated. In addition, our current analysis is a global analysis or pan-
cancer analysis by considering all drugs and all cell lines together. However,
the drug combination and cell line-specific signaling flows might be dif-
ferent. Thus, it is interesting to investigate the drug- and cell-specific sig-
naling flows that are informative for the drug combination response

npj Systems Biology and Applications| (2024)10:92


www.nature.com/npjsba

https://doi.org/10.1038/s41540-024-00421-w

Article

Tretinoin & Paclitaxel target on filtered 88 genes on T-47D cell line

PRKACG
JUN
ITGB3 PRKAG1
s FOSTAT1 G2
st !
ESR2
. . MAPK12
MAPKS =
£P300 (5} MAPKL
JAK3 sSQEns
) PRRACS NCOAS: @ STAT3 MAPK3 M@“ MAPK9
@ @
FOSB
NCOAT JAK2 PRKABL
S 2
CREBBP NTRK2
NCOA2 s @ L AKT2 MAPK10
F@ g2 A0 HIF1A MAPK13
® Pai el
HRA P MBR  cases TRAF2
HERY1 PDGFRA THRE' ERBB4 PIK3R1 IRS1 TREEA
SIN2Z HERY3 PLCB4
HEAY2 SHCa PIK3CA  pik3cD
PIK3RS  sp> PIK3CE PRKCB PRKAA2
PRKAB2
PLCBL
FGFR1 © —
@ G
GNAIL POGRE D PRKACB
NTRK1
P -
o ERBB3
Tretinoin & Paclitaxel target on filtered 88 genes on T-47D cell line
PRKACG
JUN
1TGB3 PRKAGL
SE FOSTAT1 @2
starsa M
ESR2
e R MAPK12
MAPKS T§s
EP300 ()} MAPK1
JAK3 s¢ns
J PRKACA = @ iy MAPK3 W@M MAPK9
@ R
FOSB
NCOAT JaKZ PRKAB1
“W" NCOA2 CREBBP AKT2 MaPk10 A
NRas, AKTL L
@ E@z @ HIF1A MAPK13
@ @ Pal el
HRA Lia MR cases TRAF2
HER1 PDGFRA hRe" ERBB4 PIK3R1 e PREEA
SIS HERYy3 PLCB4
HEAY2 SHC4 PIK3CA  pik3cD
PIKIR3 oo PIK3CE PRKCB PRKAA2
PRKAB2
PLCB1
FGFR1 @ GNAI2
] F@2
GNAIL w@zs D PRKACB
NTRK1
rges NE2
GNAI3 ——

Fig. 3 | T-47D cell line-specific effective combinations perturbing the core sig-
naling subnetwork targeted by the drug Tretinoin and Romedepsin in the core
signaling pathways. All nodes considered as important targets in DeepSignaling-
Flow are circled with red and nodes targeted by Celecoxib and Sirolimus will be

circled with blue. The upper panel shows the critical paths between 2 drugs within a
distance of 4 (green edges) and the lower panel shows the paths within a distance of 5
(orange edges). In particular, the depth of color for nodes and edges indicates node

degrees d'"™ and edge weights in matrix A’ bind_final-

prediction. Therefore, it would be ideal to interpret the MoS of synergistic
drug combinations using the detailed signaling flows/interactions that are
specific to cell lines and specific to drug combinations. We will investigate
these challenges in future work. Moreover, considering the presence of
various edge types in signaling pathway databases (e.g., KEGQ), it is possible
to incorporate edge information into graph neural network models to enable
a more detailed analysis of the edges, considering that edge information has
been incorporated into various graph Al framework™*~*. In addition, the
model is trained using a given set of synergistic scores of drug combinations,
thus, currently, it is limited to predicting the synergy effects of new unseen
drug pairs. When more cell lines and drug pairs (drug-targets) are available,

the model can facilitate the discovery of new drug pairs by investigating the
patterns of the drug-target and disease gene signaling in the learned MoS. In
future work, we will further investigate these questions.

Methods

Datasets

Table 3 lists the datasets used in this study. Specifically, 4 drug combination
synergistic score datasets were used to train and evaluate the model per-
formance. The gene expression and copy number variation data of cancer
cell lines were obtained from Cell Model Passports™. Signaling pathways
were collected from KEGG™ signaling pathways. Drug target information
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Fig. 4 | PC-3 cell line-specific effective combinations perturbing the core sig-
naling subnetwork targeted by the drug Celecoxib and Sirolimus in the core
signaling pathways. All nodes considered as important targets in DeepSignaling-
Flow are circled with red and nodes targeted by Tretionoin and Paclitaxel will be

circled with blue. The upper panel shows the critical paths between 2 drugs within a
distance of 4 (green edges) and the lower panel shows the paths within a distance of 5
(orange edges). In particular, the depth of color for nodes and edges indicates node
degrees dEPC73) and edge weights in matrix A’ -

was extracted from DrugBank™. The detailed information on the data and
preprocessing results can be found in supplementary note.

Weighted bi-directional signaling flow construction

For the structural details of DeepSignalingFlow, the process begins with the
mean aggregation of each node's neighboring features from upstream to
downstream, accomplished as follows:

The mean aggregation of each node’s neighboring features from
downstream to upstream is achieved by:

T
(k) _ -l 1(k) k—1) 5 s(k)
Hduwn,neigh - Dout <A down) H( )Mdown (4)

The biased transformation of nodes and their features is achieved by:

(k) —10 A1 0NT Lr(k—=1) 1k k _1pk
Hup_neigh = Din (A/up) H( )MLp) (3) ngl)f = H(k 1)B (5)
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Table 3 | Four sources and file types of databases leveraged in the deep-learning model

Database type Database name Website link

Drug Combination Effect Data NCI ALMANAG® https://wiki.nci.nih.gov/display/NCIDTPdata/NCI-ALMANAC
O’Neil® https://drugcomb.fimm.fi/
DrugComb'® https://drugcomb.fimm.fi/
DrugCombDB'" http://drugcombdb.denglab.org/main

Multi-omics Data Cell Model Passports® RNA-Seq https://cog.sanger.ac.uk/cmp/download/rnaseq_20191101.zip

Cell Model Passports® CNV

https://cog.sanger.ac.uk/cmp/download/cnv_20191101.zip

Gene-Gene Interaction Data KEGG® Gene Interactions Network

https://www.genome.jp/kegg/

Drug-Target Interaction Data DrugBank®

https://go.drugbank.com/

F(()kr' =12, ,K, the model uses normalization function N :
R, g3 and LeakyReLU functlon wnh parameter o to map
concatenated nodes features Hw,)wt— g b h|H(kuwn i h|H el >

nx3d® *) nx 3d® p-neig 8
R to H® e R with the equation:

H(k) == Lea.kyReLU(N(Hconcat))7 (6)

where the normalization function N enable L2 normalization for demo
matrix V € RP*? along the row axis with the equation:

YT @)

where v7/;; is the element of new matrix V' € RP* %, Therefore, the output of
k-th layer is H! ®), After obtaining the embedded nodes features with
H® € R the embedded nodes features of drug A are obtained as:

H gfu) ﬁ(e R s ,(and the drug B embedded nodes features are obtained
as: H dm) 5 € e R 3d . Based on the idea of decagon decoder™, the predic-

tion of combo score will be calculated using the following equation:

T
(K) (K) (K) T (K)
g<HdrugA7HdrugB> HdrugADQD <HdrugB) ’ (8)
where D € R3"*N and Q € RY*Y are trainable decoder matrices.

Drug combination response interpretation using the bi-
directional signaling flow

As aforementioned, the directional signaling interaction weights are added,
to indicate the potential signaling flow from upstream signaling to drug
targets and from drug targets to downstream signaling. The trainable
directional weights can potentially indicate and interpret the signaling flow
within the signaling network to affect the drug combination response.
Specifically, the signaling flow derived from the directional weighted
matrices is defined as follows:

Each model had K layers, and each layer had upstream weight adja-
cency parameters and downstream wei ht adj acency parameters, which are
A/i1p)7 A/ﬁz)? T 7A/5,¢I;7) A/(K) and A/doww A/d2own7 o A,dawrﬁ e A/dlu(wn
Through aggregating K layers upstream and downstream to werght adja-
cency matrices, the model arrives at an aggregated upstream, downstream,
and bind-stream for m th M-fold cross Valuatlon model with m th model’s

1) /() (k) (K) 1) (k) (K)
A AL A A and ) A A A
using the formula:

(m) S (k)
(m) /
A= K§ A ©)

k=1

m _1 *)
A/downugg K Z A,down (10)
k=1
(m)y (k) (k)
bindagg — 17 |5 Z(A/ +A/down (1 1)

Using the upstream, downstream, and bi-directional weight adjacency
matrix parameters, the weight adjacency matrices of those M models in M-
fold cross-validation are aggregated by the following formula:

)
Alsp_finat = Z Alpoce (12)
L~ m
/(m
A/down_ﬁnal = M Z A downagg (13)
m=1
L\~ 40
A/bind_final = M ZA/b:ttdagg (14)
m=1

Leveraging the final upstream, downstream, and bind-stream weight
adjacency matrices parameters for 2016 genes of
A/up_ﬁml,A/down_ﬁm,,A’bmd_ﬁna,, the signaling flow in the network is
analyzed.

Data availability

Publicly accessible data, as detailed in the Datasets section, were employed
for this study.

Code availability
The implementation of the model, DeepSignalingFlow, is available at the
GitHub repository: https://github.com/FuhaiLiAiLab/DeepSignalingFlow
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