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Abstract

Background
Elucidating compound mechanism of action (MoA) is bene�cial to drug discovery, but in practice often
represents a signi�cant challenge. Causal Reasoning approaches aim to address this situation by
inferring dysregulated signalling proteins using transcriptomics data and biological networks; however, a
comprehensive benchmarking of such approaches has not yet been reported. Here we benchmarked four
causal reasoning algorithms (SigNet, CausalR, CausalR ScanR and CARNIVAL) with four networks (the
smaller Omnipath network vs. 3 larger MetaBase™ networks), using LINCS L1000 and CMap microarray
data, and assessed to what extent each factor dictated the successful recovery of direct targets and
compound-associated signalling pathways in a benchmark dataset comprising 269 compounds. We
additionally examined impact on performance in terms of the functions and roles of protein targets and
their connectivity bias in the prior knowledge networks.

Results
According to ANOVA analysis, the combination of algorithm and network most signi�cantly dictated the
performance of causal reasoning algorithms, with the SigNet recovering the greatest number of direct
targets. With respect to the recovery of signalling pathways, CARNIVAL with the Omnipath network was
able to recover the most informative pathways containing compound targets, based on the Reactome
pathway hierarchy. We found no signi�cant difference in performance between L1000 data or microarray
data, even when limited to just 978 ‘landmark’ genes. Notably, all causal reasoning algorithms also
outperformed pathway recovery based on input DEGs, despite these often being used for pathway
enrichment. Causal reasoning methods performance was somewhat correlated with connectivity and
biological role of the targets.

Conclusions
Overall, we conclude that causal reasoning performs well at recovering compound MoA upstream from
gene expression changes by leveraging prior knowledge networks, and that the choice of network and
algorithm has a profound impact on the performance of causal reasoning algorithms. Based on the
analyses presented here this is true for both microarray-based gene expression data as well as those
based on the L1000 platform.

Introduction
Following their administration in a biological system, compounds act to modulate the activity of
signalling networks and pathways via (direct and indirect) interactions with protein targets [1]. The
targets, signalling proteins and biological pathways modulated by the compound describe the
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mechanism of action (MoA) of a compound. This MoA can also be de�ned by associated changes to
cellular metabolism, transcriptional regulation and cell morphology[2], which may arise a direct
consequence of compound treatment or via feedback loops, all of which contribute to a “systems-level”
view, as opposed to the “one drug, one target” reductionist view of compound MoA[3]. Previous reviews
have highlighted the importance of understanding compound MoA to guide drug discovery[4] – not only
to validate observed phenotypic effects, but to understanding side effects[5], identify opportunities for
personalised medicine[6], and to repurpose approved drugs for new indications[7]. The complex nature of
a compound’s MoA, and the fact that it can be de�ned by different layers of biology, means that for
uncharacterised compounds the elucidation of its MoA is generally a signi�cant bottleneck. To this end,
chem- and bioinformatics approaches, based on different types of bioactivity and “-omics” data (such as
genomics, proteomics, metabolomics, and – of direct relevance for the current work – transcriptomics),
have become popular for generating testable hypotheses by harnessing experimental data with
mathematical and statistical analyses and computational algorithms[8].

Recently, large -omics databases have become available in the public domain, such as the LINCS L1000
database[9] (scale-up of the Connectivity Map database[10] with a more high-throughput platform) which
catalogues the transcriptional response of a variety of cell lines to treatment with ~30,000 different small
molecules by measuring a reduced representation of the transcriptome (978 genes) and inferring the
expression levels of the remaining genes from this so-called “landmark” set. Although these large data
sets provide a rich starting point for the understanding of drug mechanisms, a key question is how such
data should be exploited and interpreted in a meaningful way to shortlist targets or pathways for
experimental validation. Transcriptomics experiments allow for the identi�cation of genes which are
signi�cantly differentially expressed upon compound treatment compared to a control (DEGs, or
differentially expressed genes), but can produce long lists of genes which are di�cult to interpret in terms
of mechanistic hypotheses without further analysis[11]. Common strategies for interpretation of these
data include machine learning using gene expression measurements as features to predict MoA
labels[12], although such approaches are limited due to the challenges in labelling compounds with
“gold-standard” MoA annotations[13, 14] and are often given quite shallow and broad labels, e.g.
“dopamine receptor inhibitor”, which do not inform about receptor subtype information, as well as any
downstream pathways being affected which would in�uence the phenotypic effects of the compound.
Alternatively, DEGs can be analysed with pathway enrichment methods which calculate the statistical
signi�cance of the association of their protein products with annotated biological pathways and
processes[15]. Although this approach provides a simple way to reduce large gene sets down to a smaller
set of biologically interpretable pathways, it relies on the only partially true association of gene
expression with protein activity and abundance[11]. In fact, protein activity is dictated not only by
transcription, but translation and post-translational modi�cations such as phosphorylation – differential
gene expression has indeed been found to re�ect the activity of upstream transcription factors rather
than the activity of a pathway of interest[16].

Methods known collectively as “causal reasoning” have been developed with the aim of identifying
causal molecules (of an observed response) by treating differential gene expression as a consequence of
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differential protein activity, rather than equating gene expression with signalling protein activity. Such
methods maximise the biological information gained with transcriptomics data by incorporating prior
knowledge networks (PKNs) of signed and directed (i.e., X inhibits Y) protein-protein interactions (PPIs) to
trace upstream of mRNA regulation to the targets and signalling proteins modulated by a compound
(Figure 1).

Because transcription factors (TFs) are modulated due to an external stimulus such as compound
binding to its target receptor(s), subsequently leading to cellular signal transduction and modulation of
TF activity[17] (Figure 1A), gene expression data can be linked back, using causal reasoning, to the
upstream proteins on a PKN that are most likely to be responsible for the observed (measured)
transcriptional changes using causal reasoning. These causal proteins could represent inferred signalling
proteins or compound targets, and can thus be viewed in terms of compound mechanism of action, and
represent experimentally testable hypotheses (Figure 1B).

Case studies of mechanism of action elucidation using causal reasoning include the elucidation of key
processes involved in a DGAT1 inhibitor for obesity[18], and an AKT inhibitor for cancer[19], with the
former study remarking that the inferred signalling proteins represented less high-level and more detailed
processes in contrast to the �ndings derived from traditional pathway enrichment methods. This
illustrates the utility of causal reasoning methodologies to derive mechanistic hypotheses from
transcriptomics data, overcoming the limitations of other related methods discussed above. However, to
date, no large-scale benchmarking study to systematically investigate different parameters affecting the
ability of different causal reasoning algorithms to characterise compound mechanism of action in terms
of different levels of biology (i.e., direct targets and modulated pathways) has been reported, and such a
study would hence be of interest to researchers looking to use such methods.

One previous benchmarking study[20] compared several computational network algorithms, �nding that
the causal reasoning algorithm SigNet[21] (also considered in our study) performed relatively well at
recovering target proteins from compound-perturbed gene expression data (from the Connectivity Map
dataset[10]), ranking in the top 5 of 17 algorithms in ~35% of cases, in terms of fraction of direct targets
recovered. The authors did however not consider the impact of prior knowledge network, and neither did
they investigate the applicability domain with respect to the nature of protein classes and network
connectivity bias and (see below) only considered direct targets. In terms of network benchmarking, a
study which aimed to compare the ability to infer disease-related genes from a subset of disease genes
found that performance scaled with network size (Pearson’s r = 0.88 for number of interactions in the
network vs. its overall average rank in recovery of disease genes), indicating that the bene�ts of adding
more information outweighed potential detrimental effects arising from noise (e.g. false positive
interactions, or more distantly related information)[22].

The aforementioned algorithm benchmarking study[20] only focused on the ability of the algorithms to
retrieve direct targets, rather than considering the signalling proteins and pathways. Although protein
targets are one way to de�ne compound mechanism of action[23], the inference of particular targets from
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gene expression data is a di�cult task due to both conceptual and practical limitations. On the
conceptual side, not all target modulations lead to downstream effects in gene expression[24], and gene
expression data is downstream of the modulation of often multiple targets[25]. On the practical side,
there are high levels of noise in both gene expression data[26] and biological networks[27], and
bioactivity datasets are sparse (92% sparsity according to a previous study of PubChem and ChEMBL
data[28]). In addition, causally inferred signalling proteins can be associated with biological processes
and pathways[29] and related to the compound’s mechanism of action to obtain an understanding of
compound mechanism of action on a deeper level compared to solely focusing on direct target retrieval.
Hence, in our study we sought to measure the success of causal reasoning algorithms both in terms of
recovered targets and pathways.

Current Study
This study aimed to benchmark casual reasoning algorithms for their ability to recover compound
mechanism of action (on both the target- and pathway-level) from gene expression data, in particular
with respect to the following factors which we anticipated would present the greatest in�uence on the
results:

Algorithm scoring methodology (CausalR, ScanR, SigNet, CARNIVAL)

Source of input gene expression data (CMap or LINCS, MCF7 or PC3 cell line)

Input gene set (landmark genes, landmark and best inferred, or all)

Prior knowledge network (smaller Omnipath network vs. 3 larger MetaBase™ networks)

Properties and biological functions of protein nodes (connectivity on network, protein class)

In terms of causal reasoning algorithms, we investigated the CausalR[30] (both node ranking and ScanR
subnetwork outputs), CARNIVAL[29] (subnetwork output) and SigNet[21] (node ranking) methodologies.
CausalR measures concordance and signi�cance of a protein’s known interactions with the observed
transcriptional changes, and allows one to “scan” multiple path lengths to �nd consensus inferred
regulator proteins (ScanR) and link them to the downstream measurements via concordant interactions,
CARNIVAL aims to optimise a network of inferred signalling proteins with Integer Linear Programming
and weighting of network nodes a priori using the gene expression pathway “footprint”, and SigNet takes
the consensus of multiple scoring algorithms which deal with network topology in different ways and
additionally takes gene-level measurements into account.

In terms of input gene expression data we made use of the publicly available CMap[10] and LINCS
L1000[9] gene expression databases for the compound signatures used in the study. Compounds were
selected based on their presence in both databases, measured in the MCF7 and PC3 cell lines at 10µM
and after 6 hours of treatment, and with known target annotations in the public domain.

By comparing L1000 with its predecessor, CMap, we aimed to disentangle any effects arising from the
quantity of input genes (i.e., using 978 instead of 10,000+) from the effects arising from the quality of
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poorly-predicted non-landmark genes, as well as any differences in technologies between the two
platforms. Hence, for each compound measured under particular conditions (cell line, time point, dose),
we obtained three signatures forming three different input gene sets – consisting of landmark genes only
(as de�ned by the L1000 study), “best-inferred” genes (again de�ned by the L1000 study as genes which
show the highest accuracy of inference), and all genes.

We also evaluated whether different algorithms handled increasing network size and density in a
different manner, owing to the differences in how they prioritise causal proteins, and to understand
whether performance scales with network size. Hence, we used the publicly available Omnipath network
(3,610 nodes and 9,306 edges), as well as commercial MetaBase™ networks in our study at 3 con�dence
levels (up to 11,004 nodes and 87,556 edges) (Supplementary Table 1).

To quantify the performance of the algorithms, we assessed the ability of each algorithm, in combination
with different networks and parameter settings, to recover known targets directly, as well as compound-
associated pathways (those annotated with the known targets) using a two-step enrichment approached
described in the CARNIVAL study[29]. We obtained known compound targets from ChEMBL[31],
RepurposingHub[32] and Connectivity Map[10] to allow us to evaluate the output of the algorithms. It is
also important to note that annotated targets may not directly relate to compound e�cacy, for example in
the case of off-targets, and in vitro activities in particular may not be relevant for in vivo mechanism of
action (for example due to PK; and indeed, cancer cell lines may not necessarily re�ect in vivo gene
expression response), however for the purpose of this study we use target annotations as the best proxy
for mechanism of action which is currently available in the public domain for a large-scale benchmark
study. Following the computation of both evaluation metrics, we used a full-factorial �xed effects ANOVA
model to understand the contribution of each parameter (input data, network, algorithm) to each
evaluation metric, evaluated the applicability domain of the methods by investigating any potential
association with the successful recovery of a particular target class and its connectivity in the prior
knowledge networks, or its biological role. We additionally benchmarked the results against baseline
results derived from input gene expression data, where differentially expressed genes were used in place
of causal nodes.

Hence, the overall aim of this study was to systematically investigate the ability of causal reasoning
algorithms to infer compound mechanism of action on both the target- and pathway-levels, with respect
to both the key factors which in�uence their quantitative performance as well as for which
targets/signalling proteins the methods are likely to be more or less successful.

Materials And Methods
The overall work�ow for this study can be found in Figure 2.

Transcriptomics data extraction
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(Figure 2A) L1000 data (Level 5) were extracted (access date September 2019) using the CMapPy [33]
package from .gctx �les found at GEO accessions GSE92742 (Phase I) and GSE70138 (Phase II) [9], with
a Python script available on GitHub (https://github.com/BenderGroup/LINCS-Extraction). All compound
data derived at a time point of 6h after compound treatment and using a compound concentration of
10µM were extracted for this study, measured in the two cell lines common to CMap and LINCS (MCF7
and PC3). While this (relatively high) concentration is unlikely to represent physiological compound
concentrations after drug administration, here only a link on the in vitro level between gene expression
signal and compound mode of action was aimed to be established, plus the majority of data was only
available at this concentration from the practical angle. In cases where compounds possessed biological
replicates at level 5 (which represents differential gene expression signatures), replicate signatures were
weighted based on their co-correlation and combined linearly with their weights to produce a consensus
signature (as described for technical replicates in the L1000 protocol[9], Python code available from the
aforementioned GitHub link). CMap data was extracted using the protocol and functions described in
longevityTools R package eDRUG vignette[34], which included the extraction of CEL �les from the CMap
website (https://portals.broadinstitute.org/cmap/), normalisation with MAS5[35] and differential analysis
with limma[36]. To investigate the effect of including inferred transcriptomics data on mechanism of
action recovery, both the LINCS and CMap data were separated into three subsets – landmark genes only
(based on the de�nition of landmark genes from the L1000 study found in the “gene_info.txt” metadata),
landmark and “best inferred genes” (again based on the L1000 metadata), and landmark and all inferred
genes. The rationale for using subsets of CMap genes as well as L1000 was to separate the effects of
quantity (landmark genes, vs all genes) and technology of derivation of gene expression data (microarray
data vs L1000 platform data) on the results.

Compound target annotation
LINCS “pert_info.txt” metadata �les were used to map compound preferred name (pert_iname) to InChI
key. InChI keys for compounds were queried via the ChEMBL 25[31] mySQL database, with any protein
bioactivity measurement corresponding to an activity of 10µM (pChEMBL of >=5) or better being
annotated to the compound as a target. Target data were also extracted from the clue.io Repurposing
Hub (2019) and Connectivity Map [32] using InChI keys. All annotations were merged together by InChI
key (2016 compounds in total), with compounds with no annotations dropped. This formed a set of 269
compounds with bioactivity data and transcriptomic data measured in both LINCS and CMap in the
MCF7 and PC3 cell lines (Additional File 1, Figure 2B). Disease Area annotations were also obtained from
clue.io for the 269 compounds, where available. Targets were mapped to their corresponding protein
classes using the ChEMBL webresource client (v. 0.10.0). A summary of the proportion of Disease Area
annotations and target protein classes represented in the set of 269 compounds can be seen in
Supplementary Figure 1.

Extraction of prior knowledge networks
For this study, we considered networks from Omnipath and MetaBase™ (Figure 2C). The Omnipath[37]
protein-protein interaction (PPI) network (signed and directed edges only) was extracted from the
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CARNIVAL[29] supplementary data with nodes as UniProt IDs. The IDs were converted to HGNC symbols
using the org.Hs.eg.db package (v. 3.8.2)[38]. For SigNet, additional transcriptional regulatory interactions
were extracted from OmnipathDB using the ‘tf_target’ and ‘dorothea’ �lters, and concatenated with the PPI
network (accessed November 2019).

The entire MetaBase™ network was �rst extracted using the get.globalnetwork(species=”human”)
function of metabaseR (v. 4.2.3, November 2019, Thomspon ReutersTM). Edges that were not direct
molecular interactions were removed. Network object IDs were then converted to their corresponding
Entrez IDs using the CBDD (November 2019, Thompson ReutersTM)
convertNetworkObjects2Entrez(networkobject,species=”human”) function. Nodes which did not convert to
Entrez IDs were removed. If one network object corresponded to multiple Entrez IDs – i.e. a protein
complex or a family – it was assumed that all members of the protein complex take part in the
interaction. Only signed and directed edges were kept. To retain only protein-protein interactions from the
global network, interactions annotated with “co-regulation of transcription”, “Transcription regulation”,
“In�uence on expression”, “miRNA binding”, “Unspeci�ed”, or “Pharmacological effect” were removed. For
SigNet, to retain protein-protein and transcriptional regulatory interactions, only the interactions with
mechanism “miRNA binding”, “Unspeci�ed” and “Pharmacological effect” were removed. Each network
was then split into three con�dence levels based on the “trust” attribute of each interaction (low, medium,
high) – high con�dence interactions only, high and medium interactions, and all interactions including
low, medium and high con�dence.

Transcriptomic signature preparation and processing (for
CARNIVAL and CausalR)
For CARNIVAL and CausalR, signatures were processed further to yield transcription factor (TF) activities
and pathway scores (these steps were not necessary for SigNet as the algorithm uses transcriptional
regulation interactions in the prior knowledge network to link gene expression data to TF activities as the
�rst step). For the CMap data, genes were input with their log2 fold-change values into DoRothEA, which
uses a consensus TF-gene regulon to compute enrichment scores for transcription factors[39]. For the
LINCS data, gene Z-scores were input into DoRothEA. As additional input to CARNIVAL, the same process
was repeated with the PROGENy pipeline[40] to obtain pathway scores derived from a common core of
pathway responsive genes, generated from a large compendium of perturbation experiments.

Causal Reasoning
For this benchmarking study we considered three different R packages, SigNet[21] (implemented in
CBDD) CausalR[30] and CARNIVAL[29] (Figure 2D). Their inputs and outputs as well as a brief overview
of their implemented algorithm(s) are summarised in Table 1.

CausalR (v. 1.16.0) was run with DoRothEA TF activities with the ReadExperimentalData() function. PPI
networks were converted to computational causal graphs using the CreateCCG() function with default
parameters. To carry out the causal reasoning, the ScanR() function was modi�ed slightly and instead of
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only considering the top N ranked regulators, searches for regulators which have a signi�cant (p =< 0.05)
score across all path lengths (up to a maximum of 5). If no regulators were found, path lengths 1 – n-1
were searched, and so on (R code available from
https://github.com/laylagerami/CausalReasoningBenchmark/). Subnetworks were reconstructed for all
consensus regulators including all correctly scored (concordant with the interactions in the PPI network)
interactions from regulator to input TF, and aggregated to form an overall reconstructed compound-
induced signalling network (herein referenced as ‘Subnetwork’ output). In addition, the ranked list of
proteins at path length 5 was considered as an output to compare with the SigNet ranked list output
(RankTheHypotheses(ccg,experimentalData,delta=5)) (herein referenced as ‘Results Table’ output).

The CARNIVAL (v. 0.9.3) InvCarnival algorithm (where known targets are not supplied as input) was run
on the TF activities from DoRothEA and pathway scores from PROGENy using the runCARNIVAL()
function with a time limit of 900 seconds and all other parameters kept as their default. The OmniPath
and MetaBase™ PPIs were used as prior knowledge networks. The �nal pooled consensus subnetwork
was taken as output.

The SigNet algorithm was applied to all datasets with the Log2FC (CMap) or Z-score (LINCS) used as
input using the PPI networks with the additional transcriptional regulation interactions. The algorithmwas
run using the SigNet() function in the CBDD package. All parameters were kept as default (path length of
5), and the ranked table was used as output. Directionality was not considered in thitudy, and ranked
tables were concatenated so as to only consist of the highest ranked sign of each protein.
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Table 1
The three algorithms considered in this benchmarking study

Algorithm Input Output Summary

SigNet
[21]

Gene
expression

PPI and
transcriptional
regulation
network

Ranked list
of network
nodes

Gene expression mapped to TF activity using a TF-
gene interactome, propagated through the protein-
protein interaction network using a combination of
scoring functions which compute the concordance of
signalling proteins with the gene expression data

CausalR
[30]

Transcription
factor
activities

PPI network

Ranked list
of network
nodes

Compound-
speci�c
subnetwork

Each network node scored based on the concordance
of the protein’s interactions with the input data. Scores
are assessed for signi�cance to account for uneven
node connectivity (‘hub nodes’) which can often bias
downstream results [41].

Frequently high scoring proteins across several path
lengths can be combined with their concordant
interactions (“ScanR”) to generate a subnetwork of
dysregulated proteins.

CARNIVAL
[29]

Transcription
factor
activities

Pathway
activities
(based on
gene
expression
“footprint”)

PPI network

Compound-
speci�c
subnetwork

Integer linear programming along with pathways
computed from the gene expression ‘footprint’ [40] to
optimise a subnetwork of dysregulated signalling
relating to the input data, which for CARNIVAL is
required to be transcription factor activities inferred
from the gene-level statistics from transcriptomics
data [39].

Computation of evaluation metrics
Because the algorithms produced two types of output, subnetworks and ranked lists, not all evaluation
metrics were able to be applied to every output type as summarized in Table 2. As SigNet does not
compute signi�cance values for ranked nodes, we computed the mean number of output nodes for the
other algorithms; this was found to be 198, hence we used this as the cut-off for the top ranked nodes
taken from the SigNet output.
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Table 2
Algorithm outputs and the evaluation metrics applied in every case

Algorithm Output Target
Recovery

Target Enrichment
Factor

Pathway
Recovery

CARNIVAL Default output subnetwork Y N Y

CausalR ScanR subnetwork Y N Y

CausalR RankTheHypotheses table Y

Nodes with
p<=0.05

Y Y

Nodes with
p<=0.05

SigNet Default output table
(overall score)

Y

Top 198 nodes

Y Y

Top 198 nodes

1. Target Recovery

To evaluate if direct targets were recovered, output from the algorithms was intersected with the known
targets of each compound extracted from ChEMBL and RepurposingHub (Figure 2E). To compute the
signi�cance of the number of targets recovered based on the number of compound targets, the number
of potential nodes recoverable from the prior knowledge network, and the cardinality of the output, the R
function �shers.test(alternative=”greater”) was run. The number of recovered targets per compound were
subsequently modelled in the ANOVA analysis. As a direct comparison to the input gene expression data,
the transcriptomic data were subject to the same analysis where CMap genes with |Log2FC| >= 1.5 and
LINCS genes |ZScore| >= 2 were compared to the targets. In this way we could understand if direct
compound targets are often differentially regulated on the transcriptional level (which has been the
results of previous analyses[42]). If the target was not present in the prior knowledge network (causal
reasoning) or in the set of measured genes (LINCS/CMap), it was discounted from the signi�cance
calculation. Compound outputs where no targets could be recovered (i.e., no targets were present in the
network) were discounted from the ANOVA statistical analysis. Supplementary Table 1 summarises
target coverage for each network.

2. Target Enrichment Factor

To allow for further interpretation into the effect of the input network chosen, the Enrichment Factor was
computed on the SigNet and CausalR ranked tables, where the true compound targets were designated as
“true positives” and all other network nodes as “false positives” (although this might not be strictly true
due to incomplete data being available), and each protein was ranked based on its score, using the
enrichvs (v0.0.5) R package [43][44]. The Enrichment Factor was subsequently modelled in the ANOVA
analysis.

3. Pathway Two-Step Enrichment
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To quantify recovery of ‘relevant pathways’, we used the same principles as in Liu et al’s CARNIVAL
evaluation metric which examines whether pathways which contain the target of interest are
recovered[29], but instead combining all target-associated pathways into one set of compound-attributed
pathways to take into account polypharmacology (Figure 2E). For each compound, each target was
annotated with its participating pathways using the ReactomePA[45] R package. The set of unique target-
annotated pathways was denoted as the compound-associated pathway set. Secondly, enrichment of
output nodes in the Reactome pathway set was performed using the ReactomePA package[45] with all
prior knowledge network nodes as the background/universe, and enrichment p-values adjusted with the
Benjamini-Hochberg procedure[46]. This led to two pathway lists: Firstly, compound-associated pathways
obtained from target annotations (ground truth), and, secondly, signi�cantly enriched (adjusted p-value <=
0.05) pathways obtained from causal reasoning output nodes. To compute the over-representation of
enriched pathways in the set of ground truth pathways, we computed a second enrichment p-value using
�sher.test(alternative=”greater”) with all Reactome pathways set as the background/universe. We hence
interpret the second enrichment p-value as the extent to which target-associated pathways were captured
in the causal reasoning output, and this metric was subsequently modelled in the ANOVA analysis.

Furthermore, as Reactome pathways are laid out hierarchically under high-level categories such as “Cell
Cycle”, “Metabolism”, “Neuronal System”, we used the position of recovered pathways in the hierarchy, as
well as the number of protein annotations, as a proxy for pathway speci�city, where higher-level and
larger pathway sets were assumed to be less speci�c and hence less informative for understanding
compound mechanism of action. To this end, we downloaded the entire Reactome knowledgebase as a
Neo4J object[47]. Following the initialisation of a Neo4J Reactome database, we retrieved the number of
superpathways for each Reactome pathway (pathways above the pathway in question in the hierarchy)
using the neo4r R package[48], with the command ‘MATCH (p:Pathway{stId:[PATHWAY-ID]})<-[:hasEvent*]-
(sp:Pathway) RETURN p.stId AS Pathway, sp.stId AS SuperPathway, sp.displayName as DisplayName’.

We again repeated the two-step enrichment analysis with pathways enriched from CMap genes |Log2FC|
>= 1.5 and LINCs genes |ZScore| >= 2 using the same methodology. Compounds where no targets had
annotated pathways were discounted from the ANOVA statistical analysis. If no pathways were
signi�cantly enriched, or if there were no genes with which to perform the enrichment, the second
enrichment p-value was set to 1.

Statistical analysis
Following the computation of the aforementioned target and pathway recovery metrics, full-factorial �xed
effects models were formulated so as to understand the contribution of each parameter (network,
algorithm, platform, gene set and cell line) to the metric’s score (Figure 2F). The ANOVA model for each
metric was formulated as:

Metric~(Network + Algorithm + Platform + Gene Set + Cell Line)2
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And executed with the aov() R function across all results. Post-hoc least square means testing was
carried out on main effects which were not included in interaction effects, and for interaction effects, in a
pairwise fashion with Tukey-adjusted p-values. Least square means were weighted based on the
frequencies in the original data of the factor combinations that were averaged over. An example formula
for the Network:Algorithm interaction effect is:

Formula = pairwise ~ Network:Algorithm

This was achieved with the lsmeans(model, formula, adjust= “tukey”, weights = “proportional”) function
from the emmeans R package[49].

Results And Discussion

Target and pathway recovery depends on network and
algorithm
To understand which factors are most important when employing causal reasoning algorithms to
elucidate compound mechanism of action, we performed full-factorial �xed effects ANOVA (see Materials
and Methods for full details) modelling of each evaluation metric (illustrated in Figure 2) as a dependent
variable and the parameters as regressors (network, algorithm, platform, gene set, and cell line). Table 3
displays the signi�cant (p < 0.05) factors and interaction effects for each evaluation metric. For both
evaluation metrics the Network and Algorithm factors as well as the Network:Algorithm interaction effect
were statistically signi�cant (Table 3, Supplementary Tables 2 & 3 for the full ANOVA results).
Additionally, for the recovery of compound-associated pathways, the Algorithm:Gene set interaction
effect was found to be statistically signi�cant (p = 0.00129), however through examining the resulting
interaction diagram we found that the effect was not practically relevant (only a signi�cant but small
performance increase using landmark genes vs. all genes with CARNIVAL, Supplementary Figure 2),
hence we did not investigate this in more detail.
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Table 3
Table of signi�cant (p<0.05) factors and interaction effects for each evaluation

metric, from ANOVA analysis
Metric Factor(s) p-value

Direct target recovery Network 7.1 x 10−6

Algorithm < 2 x 10−16

Network:Algorithm < 2 x 10−16

Compound-associated pathway recovery Network < 2 x 10−16

Algorithm < 2 x 10−16

Network:Algorithm < 2 x 10−16

Algorithm:Gene set 0.00129

To next understand exactly how Network:Algorithm interact, we employed post-hoc least square means
tests – computing the mean metric scores for every combination of network and algorithm, and
algorithm and gene set, adjusted for the means of all other factors in the models. In this way we were
able to discover how, and to what extent, the networks affected the ability of each algorithm to recover
direct targets or compound-associated pathways. The resulting interaction diagram for the target
recovery metric can be found in Figure 3, and the full results table from the least square means analysis
can be seen in Supplementary Table 4. From the interaction plot in Figure 3 it can be seen that the use of
the smaller, less dense Omnipath network led to a higher mean target recovery for both the CARNIVAL
(0.37 targets per compound, 6.14% signi�cant) and SigNet (1.38 targets per compound, 23.36%
signi�cant) algorithms compared to using the larger MetaBase™ networks (for each of “High”, “Medium”
and “All” con�dence levels), in terms of both the overlap and the percentage of cases where this overlap
was signi�cant (p<=0.05, Fisher’s Exact Test, when considering the number of targets, size of network and
number of nodes recovered). While SigNet retained the highest percentage of signi�cant (>20% for all
networks), the CARNIVAL-recovered direct targets were more statistically signi�cant with Omnipath
compared to the MetaBase™ networks (6.14% vs. 3.21 and 3.4%). Conversely, the two CausalR algorithms
recovered more compound targets directly with the larger, denser MetaBase™ networks, achieving a mean
target overlap of just 0.16 (CausalR Results Table) and 0.31 (CausalR Subnetwork) targets per compound
with Omnipath, lower than the gene expression DEG-target overlap baseline (0.38), with the percentage
signi�cant cases also decreasing. We did not observe any signi�cant difference in performance between
the different con�dence MetaBase™ networks. The improved performance of CARNIVAL with Omnipath
compared to the larger MetaBase™ networks for recovering direct targets is likely related to CARNIVAL
being optimised using the same Omnipath network used in this study[29]. The results also indicate that
SigNet tends to highly rank true positives using the smaller Omnipath network, whereas CausalR works
more effectively when there are more interactions to “reason” over.
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To investigate this �nding further, we also computed the Enrichment Factor of targets for each ranked list
output (SigNet and CausalR results table) within the top 5%, and found that indeed, the SigNet scoring
function ranks true positives more highly with Omnipath compared to MetaBase™ networks (Enrichment
Factor of 6 vs. ~3), and vice versa for CausalR (Supplementary Figure 3). This is in contrast to previous
literature which suggests that the potential negative effects of noise are outweighed by a comprehensive
inclusion of interactions when using biological networks as prior knowledge for node prioritisation
algorithms [22, 50]. In fact, we can conclude from our analysis that - when using causal reasoning
algorithms to prioritise compound targets – this behaviour is wholly dependent on the algorithm being
used; the CausalR algorithms do bene�t from a large prior knowledge network, whereas SigNet and
CARNIVAL recover compound targets more effectively with the smaller Omnipath network which contains
less potential noise or false positive interactions.

Overall, we found that SigNet with Omnipath showed the best performance with regard to recovering
compound MoA in terms of direct targets (Figure 3). This performance was far higher than the gene
expression baseline, indicating that differentially expressed genes only infrequently correspond to
modulated targets. This general �nding is in agreement with previous studies; Jaegar et al found that
15% of the time, and Iskar et al 8% of the time, did drug target expression level change upon drug
treatment[21],[42]. The best individual overlap of DEGs with targets was 1.1 targets per compound, only
9.3% of overlaps being statistically signi�cant (p<= 0.05), with all genes measured in the PC3 cell line
using CMap data (Supplementary Figure 5). Hence, causal reasoning approaches such as SigNet provide
a way to better relate downstream transcriptional changes to upstream target engagement than solely
looking at DEGs themselves.

When considering the recovery of compound-target associated pathways (Figure 4A, full least square
means analysis results in Supplementary Table 5), pathways derived from causal nodes from SigNet with
the Ominpath network had the most signi�cant least square mean enrichment (-log10(p-value)) of
compound-associated pathways, with an enrichment value of 16.8, with the worst overall performance
seen for the CausalR results table (and enrichment values between 1.02 and 2.08). The CausalR network
output achieved a better performance over the results table (enrichment values between 7.91 and 8.83),
meaning that CausalR does not highly rank direct compound protein targets, but it is able to �nd
intermediate connecting nodes which represent proteins participating in target-annotated signalling
pathways, and hence are potentially related to compound mechanism of action. Additionally, the results
do not indicate that any one network tested has a signi�cantly higher performance for the CausalR
subnetwork results, according to the pairwise mean comparisons in Figure 4A. Like SigNet, CARNIVAL
showed a signi�cantly higher performance (enrichment value of 6.48) with the Omnipath network
compared to the MetaBase™ networks (enrichment values of 2.19, 2.85 and 3.07 for Medium, High, and
All, respectively) Notably, all least square mean enrichment results improved on the average gene
expression baseline (enrichment value of 0.66), meaning that the Causal Reasoning algorithms were
better able to recover relevant signalling proteins compared to using differentially expressed genes alone
as a proxy for modulated signalling mediators. The best individual baseline (DEG) performance using
gene expression data was using the CMap data, all genes, in the PC3 cell line, with a mean enrichment
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value of 2.4 (Supplementary Figure 6) – in agreement with Liu et al’s �ndings that CARNIVAL
outperformed DEG enrichment for recovering relevant pathways[29].

As well as considering the enrichment p-value as a performance measure, we next aimed to understand
how informative, and hence practically useful for understanding compound mechanism, the recovered
pathways were. To quantify this, we assumed that pathways which are lower down in the Reactome
pathway hierarchy (e.g., the high-level Cell Cycle pathway vs. the lower-level Stabilization of p53
pathway), and that contain fewer genes/proteins, are more informative than higher-level, larger pathways.
Figure 4B and 4C show the mean results for recovered pathway size (number of attributed
proteins/genes), and hierarchy (number of superpathways), respectively. It was found that, despite the
good performance in terms of statistical signi�cance, SigNet with Omnipath pathways were both larger
(300 genes on average) and higher up in the Reactome hierarchy (3.6 superpathways on average)
compared to the MetaBase™ networks (gene set size below 160, number of superpathways greater than
4). CARNIVAL also recovered pathways that were larger (225 genes on average), but lower down in the
Reactome hierarchy (4.9 superpathways on average), with Omnipath compared to the MetaBase™
networks (gene set size below 160, number of superpathways about 4.5 on average). Pathways recovered
by the CausalR results table were the least informative, with the lowest number of superpathways on
average, while the CausalR subnetwork recovered pathways had better results in comparison (smaller
gene set sizes and greater number of superpathways), showing that the subnetwork methodology is
superior to the results table when using CausalR to retrieve compound-associated pathways. Other than
with respect to average pathway size for SigNet with Omnipath, all combinations of network and
algorithm recovered more informative pathways compared to average baseline gene expression results
(gene set size = 280, number of superpathways = 1.9), indicating that pathways recovered from DEGs
generally capture higher-level processes compared to causally inferred proteins. This was also found in
an application of causal reasoning to understand the mechanisms of a DGAT1 inhibitor, where the
authors found that enrichment with gene expression data generally pointed to higher-level processes[18].
We believe that this is due to transcriptional changes capturing the effect of protein signalling, while
causal nodes represent the signalling proteins themselves.

In general, the causal reasoning methodologies outperformed the DEG baseline results when deriving
compound mechanism of action from gene expression data. We also found that, based on our
experimental setup, the algorithms are generally robust with respect to the choice of transcriptomics
platform, gene set and cell line – with these not having any signi�cant effect on the performance metrics
based on our full factorial �xed-effects models, except for the Algorithm: Gene set �nding which only had
a marginal in�uence with the CARNIVAL algorithm. Our study hence indicates that the LINCS L1000 data
is therefore suitable for use with causal reasoning algorithms, at least based on the other factors used in
this work, and that the 978 landmark genes are truly informative enough to gain insight into compound
mechanism of action, as hypothesised in the original publication[9]. We do note however that the cell
lines used in this study (PC3 and MCF7, chosen as they were also present in the original CMap), are
transcriptionally similar on the baseline level (Supplementary Figure 7), and the use of other cell lines
(e.g., non-cancer, or indeed in vivo models) is likely to alter performance.
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Target recovery with Causal Reasoning is dependent on
network bias and biological function
We next investigated performance of the algorithms as a function of the connectivity of a protein target
in the network, due to the known connectivity bias present in biological networks[51], as well as its
biological function.

For each combination of network and algorithm we calculated how many times each target was
recovered. We then normalised this value to account for annotation prevalence by dividing it by the
number of times the target was annotated in the compound set. Finally, we calculated the Spearman rank
correlation of the normalised target recovery with their degree in the corresponding PPI network (Figure
5). The lowest correlation can be seen for the CausalR results table (mean of -0.04) which is likely due to
the fact that each protein is given a signi�cance value to explicitly correct for the known connectivity bias,
and we take as output only the nodes with p <= 0.05. The correlation between target recovery and network
connectivity was highest using the CausalR subnetworks (mean of 0.72) – an explanation for this is that
they connect key drivers to input TFs through correctly explained interactions, and will therefore go
through “hub” nodes more often. Despite this large difference in correlation, the two CausalR outputs
performed roughly similarly in terms of direct target recovery (Figure 3), which indicates that the CausalR
ranked table is better able to prioritise less-connected (and hence less-studied) targets compared to the
subnetwork output. SigNet (mean of 0.21) and CARNIVAL (mean of 0.23) showed roughly similar
correlation patterns, with the correlation between target recovery and network connectivity increasing (to
0.38 and 0.56, respectively) with use of the Omnipath network, corresponding to their increased
performance with this network (Figure 3). Additionally, we found that targets recovered with the Omnipath
network showed a higher correlation with network connectivity (mean of 0.42) compared to the
MetaBase™ networks (means of 0.25, 0.24, 0.24), this is potentially due to the small size of the network
making hub effects more prominent. Overall, target recovery performance with causal reasoning is
generally associated with network connectivity – excluding the targets recovered with the CausalR results
table. We further examined the degree distributions of targets vs non-targets on each network, �nding that
drug targets were more often found to have a higher connectivity on each network compared to non-
targets (Supplementary Figure 8, and generally seen in previous studies[52]). Therefore, a high correlation
between target recovery and network connectivity is not necessarily detrimental - however, this bias would
affect the recovery of less-studied proteins which must be kept in mind depending on the disease area
being studied.

We next analysed the best-performing algorithm (namely, SigNet with the Omnipath network) in more
detail with respect to its ability to recover targets across different protein classes (annotations retrieved
from ChEMBL), comparing the �ndings with SigNet with the full MetaBase™ network, the results of which
are shown in Figure 6. We computed protein class recovery in the same way as target recovery,
calculating how many times a target in protein class was recovered and normalising this value by the
annotation prevalence of the protein class in the compound set, converting this value to an overall
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percentage. Protein classes which had a higher connectivity in the Omnipath network such as
transcription factors and protein kinases were recovered more often with SigNet (37% and 23%,
respectively), while those with lower connectivity such as hydrolases and other enzymes had a much
lower recovery (1% and 0.7%, respectively). In the case of the MetaBase™ network, we found that nuclear
receptors were recovered frequently (22%) despite their relatively low connectivity compared to protein
kinases and other cytosolic proteins. This could be due to the fact that nuclear receptors are just
upstream from transcription factors[53] hence such targets are recovered more easily from
transcriptomics data. The �ndings were consistent with the observed correlations in Figure 5, in that the
protein class recovery was more dictated by node connectivity with the Omnipath network compared to
the MetaBase™ network.

We next sought to understand how the recovery of signalling pathways related to protein class and
function. To this end, we plotted the distribution of compound target-associated pathway enrichment
signi�cance for compounds targeting proteins in different classes (Figure 7). We chose to focus on
SigNet and CARNIVAL with Omnipath because both showed a high performance, SigNet in terms of
statistical signi�cance, and CARNIVAL in terms of recovering informative pathways. In general, we found
the highest performance for compounds targeting protein kinases and ligand-gated ion channels, which
are both key mediators of cellular signalling – protein kinases transmit cellular signals through
phosphorylation, and ligand-gated ion channels function to receive and transmit signals. The worst
performance was seen for compounds targeting nicotinic acetylcholine and monoamine receptors; these
receptors modulate signalling in the CNS [54, 55], and were additionally not expressed in high levels in the
breast-cancer and prostate-cancer cell lines used (Supplementary Figure 7), hence we propose that the
biological context of the cell-lines used in�uenced the results. We hypothesise that gene expression data
measured in biological models derived from the CNS would lead to a higher recovery of such signalling
pathways. We note that this particular analysis was complicated by the fact that compounds can target
proteins from multiple classes.

Overall, the results of this section (Figures 5-7) show that the performance of Causal Reasoning
algorithms for recovering compound targets, and compound-associated pathways, is not equal across
protein classes. The connectivity of targets on the prior knowledge network were shown to heavily impact
their direct recovery by the algorithms, with algorithms which correct for uneven connectivity (CausalR)
showing less of an association between target degree and its successful recovery. The biological role of
the considered targets was also re�ected in the results, with protein kinases recovered most successfully
both in terms of direct target recovery, and the recovery of relevant pathways. A potential way to mitigate
the connectivity bias is for random simulation studies be carried out to identify which network nodes may
be recovered by chance, an approach which has been used previously[41]. We note that one argument
against this is that well-connected nodes in networks are well-studied, and have found to be essential
proteins with key roles in diseases[51], and correcting against them could lead to discarding potential true
positives, so that the bias described in this section is at least to an extent also desired and useful for
elucidating compound targets.
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Case Study – Understanding the Mechanism of Action of
Chloroquine
To demonstrate the utility of causal reasoning algorithms to recover compound mechanism of action, we
now present a case study for the compound Chloroquine. We chose to use CARNIVAL with the Omnipath
network for this case study due to the observed good performance for recovering informative compound
target-associated pathways, and the fact that the algorithm is implemented in a free, open-source R
package. Brie�y, we took the output for Chloroquine (CQ) generated as described in Materials and
Methods, retaining network nodes appearing in 6 or more networks across all 12 outputs (generated with
the two cell lines, two platforms, and three input gene-sets used in this study), herein named consensus
nodes. We then used the consensus nodes to performed pathway over-representation analysis with the
ReactomePA package, using all Omnipath network nodes as the universe. The top 20 most signi�cantly
enriched (BH-adjusted p-value) pathways, with their relevance to the MoA of Chloroquine (if applicable)
are outlined in Table 4. The full pathway enrichment results, as well as the node counts can be found in
Additional File 2. The pathways observed in Table 4 encompass literature-con�rmed speci�c
mechanisms of Chloroquine for various indications, including in�ammatory mediation (MAP kinase
activity, AP-1 activation, interleukin signalling, MyD88 cascade), anti-cancer action (apoptosis, mitotic
cell-cycle, PKC signalling), other processes such as NMDAR-LTD, RUNX2 expression, and cellular
senescence. For some pathways, namely “PIP3 activates AKT signaling” and “MyD88:MAL(TIRAP)
cascade initiated on plasma membrane”, there were no literature evidence, and there were also some very
general pathways enriched (“Developmental Biology”, “Diseases of signal transduction”, “Intracellular
signaling by second messengers” and “Disease”). Though TLR9 signalling, a known MoA of CQ, did not
appear in the top 20 by statistical signi�cance, the “Toll Like Receptor 9 (TLR9) Cascade” was enriched
with an adjusted p-value of 2.48E-05 and an Odds Ratio of 9.47 (Additional File 2).
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Table 4
Reactome pathway enrichment results for consensus nodes (present in >=6 outputs across all

combinations of platform, gene set and cell line) derived from CARNIVAL analysis of Chloroquine-induced
gene expression using the Omnipath network. The top 20 most signi�cantly enriched pathways (BH-

adjusted p-value) are shown here with their corresponding Odd’s Ratio (OR).
Pathway Name p. Adjust OR MoA Relevance

Developmental Biology 1.09x10−06 4.70 (General pathway)

MAPK targets/ Nuclear
events mediated by MAP
kinases

8.07x10−06 27.45 CQ interferes with the activation of ERK-MAP
kinase proteins to regulate TNF transcription
for anti-in�ammatory effects[56]

Activation of the AP-1
family of transcription
factors

6.13x10−05 54.91 CQ shows immunomodulatory effects in T-cells
through activation of AP-1 [57]

Intrinsic Pathway for
Apoptosis

6.32x10−05 17.16 CQ was found to induce intrinsic apoptosis in
cancer cells, both alone and through synergistic
effects with other treatments[58–60]

Signaling by Interleukins 6.23x10−05 4.87 CQ modulates interleukin release, promoting
Th17 cell in�ammation[61]

MAP kinase activation 1.64x10−04 13.73 CQ interferes with the activation of ERK-MAP
kinase proteins to regulate TNF transcription
for anti-in�ammatory effects[56]

Diseases of signal
transduction

1.64x10−04 5.56 (General pathway)

Transcriptional regulation
by RUNX2

1.64x10−04 13.50 Inhibition of lysosome function by CQ in
vascular smooth muscle cells signi�cantly
enhanced RUNX2 expression[62]

Interleukin-17 signaling 1.76x10−04 13.07 CQ-treated Langerhans-like cells promoted IL-
17 secretion by T cells[61]

Intracellular signaling by
second messengers

1.96x10−04 6.21 (General pathway)

Gastrin-CREB signalling
pathway via PKC and
MAPK

2.34x10−04 30.51 CQ activates p38 MAPK and stimulates PKC
translocation in glioma cells, and Gastrin-
releasing peptide has been found to mediate
the CQ itch response[63, 64]

Cell Cycle, Mitotic 2.50x10−04 5.07 CQ treatment shows anti-cancer effects
through G(2)/M (mitotic) phase arrest in a
human breast cancer cell line, and potentiates
the effect of anti-mitotic drugs in resistant
cancer cells[65],[66]

Senescence-Associated
Secretory Phenotype
(SASP)

2.68x10−04 11.44 CQ has been shown to signi�cantly inhibit the
widely-used biomarker of cellular senescence,
(beta)-galactosidase, in endothelial cells[67]



Page 21/36

Pathway Name p. Adjust OR MoA Relevance

CREB1 phosphorylation
through NMDA receptor-
mediated activation of
RAS signalling

2.68x10−04 27.45 A study of CQ-induced autophagy inhibition
found an induction of NMDAR-LTD (NMDA
receptor-dependent long-term depression) [68]

Toll Like Receptor 10
(TLR10) Cascade

2.68x10−04 10.84 No literature evidence for TLR10 and TLR5, but
CQ has been shown to inhibit TLR9
signalling[69]

Toll Like Receptor 5 (TLR5)
Cascade

2.68x10−04 10.84

MyD88 cascade initiated
on plasma membrane

2.68x10−04 10.84 CQ blocks MyD88 signaling by decrease in the
levels of downstream signalling molecules[70]

Disease 2.68x10−04 3.79 (General pathway)

PIP3 activates AKT
signaling

2.77x10−04 6.50 No literature evidence

MyD88:MAL(TIRAP)
cascade initiated on
plasma membrane

2.77x10−04 10.17 No literature evidence for this speci�c pathway

This case study has hence demonstrated the use of causal reasoning algorithms with gene expression
data for informing of speci�c mechanistic pathways for drug action, including off-target interactions
such as CQ-induced itch response. We note that none of the known targets of CQ appeared in the
consensus node list (Additional File 2), but we argue that the knowledge of targets can be derived from
the pathways, and complementary approaches such as structure-based target prediction can be carried
out to hypothesise direct target engagement.

Limitations of this study
While we aimed for a comprehensive parameter exploration and benchmarking of causal reasoning
algorithms in this work, it still has some limitations as well. Firstly, we were limited by the annotations
available for the compounds used, and chemical space (and mode of action) coverage in this set in the
�rst place. This has profound implications for our work (and indeed, in any work where a ‘ground truth’
must be set for the mode of action of compounds): Different areas of chemical and mode of action
space behave differently, and assuming unavailable data as inactive punishes ‘false positives’, which
may very well be novel true positives which are just not annotated as such. Furthermore, the causal
reasoning algorithms additionally infer node directionality (i.e., whether the recovered signalling proteins
activated or inhibited), which we did not consider when benchmarking the results as it was not possible
to obtain consistent and complete functional pharmacology information about the compound-target
interactions (i.e., are they activated or inhibited upon pharmacological modulation).

Furthermore, the cell lines used in the gene expression experiments considered (MCF7 and PC3) are quite
similar in terms of baseline gene expression (Supplementary Figure 7), which is why we potentially did
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not see any signi�cant difference in performance when using data derived from either cell line, but these
are the only cell lines available in the original CMap. As LINCS provides data derived from 99 cell types[9],
it would be interesting to investigate these other cell lines and relate these to the applicability domain of
the methodologies – for example, non-cancer cell lines from a variety of tissues such as HA1E (normal
kidney) or CNS cells such as NPC/NEU. It is also important to note that cell lines are in vitro models which
cannot necessarily recapitulate in vivo processes, and the limitations of using cell lines in general has
been extensively discussed[71, 72].

Conclusions
In this work we performed a comprehensive benchmarking of the SigNet, CausalR and CARNIVAL causal
reasoning algorithms to recover compound mechanism of action from L1000 and CMap transcriptomics
data, measured in the MCF7 and PC3 cell lines, and using four different prior knowledge networks. By
considering two evaluation metrics, on the direct target level and the pathway level, and performing a full-
factorial �xed effects analysis, we were able to identify the factors which had the most signi�cant
in�uence on MoA recovery.

In terms of the performance of recovering direct targets and compound-associated pathways, we found
that the choice of network and algorithm were the two most signi�cant individual factors according to the
ANOVA models (p < 2x10−16, Table 3), additionally the Network:Algorithm interaction effect was
signi�cant (p < 2x10−16, Table 3), indicating that networks behave rather differently with different prior
networks. Additionally, for the recovery of compound-associated pathways, the Algorithm:Gene set
interaction effect was signi�cant (p = 0.001, Table 3). The other individual factors and interaction effects,
namely the choice of platform (LINCS L1000 or CMap microarray), cell line (MCF7 or PC3), and gene set
(landmark, landmark and best inferred, or all genes) were not found to be statistically signi�cant (p >
0.05, Supplementary Tables 1 & 2).

We hence performed post-hoc least square means analysis on the interaction effects (Network:Algorithm
for both evaluation metrics, and Algorithm:Gene set for the pathway recovery metric). We found that the
Algorithm:Gene set effect was relatively small so as not to be practically relevant; a small but statistically
signi�cant increase in performance was observed with CARNIVAL using only landmark genes (-log10(p-
value) least square mean of 4.16 for landmark genes vs. 3.29 for all genes, Supplementary Figure 2).
Notably, we found that algorithms behaved rather differently with different prior networks (Figures 3 and
4). In particular, the larger MetaBase™ networks were found to be more suitable with the CausalR scoring
function to discover direct compound targets – on the other hand, SigNet with the smaller Omnipath
network achieved the highest performance for direct target recovery. By calculating the enrichment factor
of true targets in the top 5% of the ranked lists (CausalR and SigNet), we found that SigNet was better
able to recall true targets early with Omnipath compared to MetaBase™, and vice versa for CausalR
(Supplementary Figure 3). CARNIVAL is on the other hand less appropriate for discovering direct targets –
however, this algorithm was able to recapitulate networks representative of speci�c and informative
pathways encompassing actual compound targets. The CausalR ranked table performed the worst at all
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metrics; we hence suggest using the ScanR function to derive consensus drivers from which a
subnetwork can be reconstructed (CausalR subnetwork), an approach which performed moderately
across both evaluation metrics, or, if a ranked table is required, to use SigNet instead, which showed the
highest performance of all metrics on the datasets used here. From this analysis we can thus conclude
that the right combination of algorithm and network needs to be employed when using causal reasoning
for mode of action analysis.

Target recovery heavily depends on target connectivity (number of edges) in a given network. We found
that the CausalR ranked table, which corrects for degree bias, had the lowest concordance between
connectivity and recovery. This has two effects: On the one hand, this penalises hub nodes, which often
represent disease targets (52) (and this lack of bias may hence also be related to the relatively low
performance in terms of direct target recovery). On the other hand, for atypical (or incompletely annotated
targets) this type of behaviour may be rather bene�cial. Furthermore, we found that the biological role of
the proteins in�uenced their successful recovery: transcription factors and nuclear receptors were most
often recovered as direct targets, and protein kinases and mediators of cellular signalling on the pathway
level. These �ndings are notable as they show that network and method bias, as well as target class,
make big differences with respect to the performance of the algorithms employed here for mode of action
analysis.

Overall, we were in this work hence able to explore performance, and factors that in�uence performance,
when using gene expression data in combination with causal reasoning algorithms for mechanism of
action analysis, which provides guidelines for their use by researchers in this �eld in the future.

Abbreviations
MoA
Mechanism of Action
Differentially Expressed Gene(s)
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Figures

Figure 1

Biological background behind causal reasoning approaches, simpli�ed for illustration purposes. (A)
Compounds bind to their protein target(s), which elicits a cellular signal, further propagated in the cell by



Page 30/36

signal transducer proteins, and leading to the regulation of effector proteins such as transcription factors
which subsequently modulate gene expression. (B) Compound-perturbed gene expression data is
leveraged to infer upstream transcription factor activity, and a network of protein-protein interactions is
used to infer signalling proteins which would lead to the observed (measured) transcriptional changes.
Such key driver proteins lend themselves to testable hypotheses that can then be related to the
compound’s MoA in terms of targets or pathways, and validated experimentally.
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Figure 2

Work�ow for the current study, involving extraction of data from L1000 and CMap measured at 10μM
and 6h, in the MCF7 and PC3 cell lines. Compounds were annotated with targets and signatures split into
three gene sets based on their identity in the L1000 metadata. Causal reasoning was performed and
evaluation metrics computed, which were then fed into an ANOVA model to determine the most important
factors for driving performance.
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Figure 3

Interaction plot showing post-hoc least square means across all other factors for the Network:Algorithm
interaction effect from the full-factorial �xed effects ANOVA model of the target recovery evaluation
metric. Means sharing a letter are not signi�cantly different according to pairwise comparisons of least
square means, with Tukey adjusted p-values for multiple comparisons. Error bars indicate the least
square means Tukey 95% con�dence interval. The percentage of cases where the target overlap was
found to be signi�cant (p<= 0.05, Fisher’s Exact Test) is encoded in point size. Baseline comparison with
results from input gene expression data (direct target recovery from DEGs, averaged over platforms, gene
sets, and cell lines) are indicated with a dashed red line. The SigNet algorithm with the Omnipath network
achieved the highest performance for direct target recovery overall.
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Figure 4

(A) Interaction plot showing post-hoc least square means results for the Network:Algorithm interaction
effect from the full-factorial �xed effects ANOVA of compound-associated pathway recovery across all
factors (over-representation -log10(p-value) of causal reasoning node-enriched pathways in the set of
target annotated pathways). Means sharing a letter are not signi�cantly different according to pairwise
comparisons of least square means with Tukey adjustment for multiple comparisons. Error bars indicate
the 95% con�dence levels. Baseline comparison with mean results from input gene expression data (over-
representation -log10(p-value) of DEG-enriched pathways in the set of target annotated pathways) is
indicated with a dashed red line. Signi�cance threshold 0.05 is indicated with a dashed blue line (~1.3)
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(B) Mean Reactome pathway (gene set) sizes (number of attributed genes/proteins) for the correctly
recovered pathways with baseline gene expression results indicated with a dashed red line – smaller is
better (C) Mean number of superpathways within the Reactome hierarchy for the correctly recovered
pathways with baseline gene expression results indicated with a dashed red line – larger is better.

Figure 5

Heatmap showing the Spearman rank correlation of target recovery vs. target connectivity on the prior
knowledge network, for each combination of network and algorithm. Mean correlation values for each
network (top) and algorithm (right) are also shown.

Figure 6

Protein class recovery (% of directly recovered targets in protein class) and network node connectivity for
(A) SigNet with Omnipath and (B) SigNet with the full MetaBase™ network. Mean node degrees are
represented by a diamond shape in the box plots, while the number of observations is labelled on the
right-hand side of the plot.
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Figure 7

Distributions of the signi�cance of compound-associated pathway enrichment based on causal nodes
from (A) SigNet and Omnipath and (B) CARNIVAL and Omnipath, across all combinations of factors,
separated into the protein classes targeted by each compound. Mean values are indicated by a diamond
shape in the box plot. The number of instances is annotated on the right-hand side of the plot. The
signi�cance threshold p = 0.05 is indicated with a red dashed line.
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