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Supplemental Figure 1: Interactive visualization tools in iLINCS. A) Interactive heatmaps: As a gold standard graphical 
display for visualizing high-dimensional data and relationships, interactive heatmaps are used throughout iLINCS via 
several different applications: Native Shiny heatmap, Java script based Morpheus and Clustergrammer. Diversity of 
heatmap apps provide for diversity of functionalities and it facilitates use of iLINCS in different configurations of network 
speed vs the computer speed. B) Interactive volcano plots are used for visualizing and selecting informative (eg 
differentially expressed) genes/proteins in a signature (unadjusted two-tailed p-values displayed); C) Interactive scatter 
plots are used to visualize relationships between two signatures and identifying genes/proteins driving the “connectivity”; 
D) Interactive box plots are used to visualize differential distribution of gene/proteins in different samples and up- and 
down-regulated genes/proteins in different signatures. In this example the distribution of expression levels of the ESR1 
genes in 58 HER2-enriched and 231 Luminal A samples derived from independent patients is depicted; E) Interactive GSEA 
plots serve to visualize strength of connectivity and identify genes/proteins driving the connectivity between a gene list 
and a signature; F) Interactive 3D scatter plots are used to visualize high-dimensional relationship in dimensionality 
reduction analysis (PCA and t-SNE); G) Connected 2D scatter plots for visualizing high-dimensional relationship in 
dimensionality reduction analysis (PCA and t-SNE); H) Interactive pathway visualizations allows for exploring the 
relationships between signatures and pathways. The nodes are colored according to the differential expression of 
corresponding genes with blue representing negative and yellow positive values; and K) Interactive network visualizations 
is used to integrate signatures with the global protein-protein interaction network. The size of the node corresponds to 
the level of statistical significance (larger nodes are more statistically significant), and color to the level of differential 
expression on the log scale (green represents negative numbers and red positive numbers).  
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Supplemental Figure 2: iLINCS architecture. iLINCS is based on software stack: MySQL, MongoDB, R, NodeJS, and 
AngularJS. MySQL and MongoDB backend databases contain pre-processed genomics datasets, signatures and their 
connections, and all associated metadata. For external users, the database is accessed through a powerful API, which can 
be explored and tested with the Swagger UI interface. The iLINCS API was created in nodeJS using ExpressJS and Loopback 
frameworks. The API is documented and can be explored through swagger UI interface, which allows users to explore 
available API models and methods. The iLINCS internal analytical engine is written in R utilizing a range of specialized R 
packages. The iLINCS API is based on nodeJS using ExpressJS and Loopback frameworks.  The nodeJS API connects with 
the R analytical engine using the openCPU framework which provides HTTP API for executing R functions. The user 
interfaces are written in Java Script using AngularJS framework.  iLINCS facilitates submission of signatures and 
intermediate analysis results via redirection APIs to a range of third-party task specific bioinformatics web tools and 
services.  

 

 

Supplemental Results 1: Comparison of iLINCS and clue.io query results 
iLINCS and clue.io query tools were compared based on the “connected” chemical perturbagens (CPs) returned by the 
query with the MTOR CRISPR consensus gene signature (CGS) used in the Use Case 1 of the main text (Fig 2A). For 
submission to the clue.io, the signature is summarized as the list of 50 most up-regulated and the 50 most down-regulated 
genes. The default clue.io connectivity metric, median τ across all cell-lines, was used to identify 20 most connected CPs 
and results, along with results obtained from iLINCS for the same CPs are shown in Table S1. The clu.io query was executed 
on September 12, 2019. Most of the connected CPs are also deemed significant by iLINCS analysis. Interestingly, none of 
the CPs implicated by clue.io, but not picked up as connected by iLINCS target the core elements of the mTOR signaling. 
On the other hand, all top 20 signatures (lowest pValue) implicated by iLINCS (Table S2) are known to target core elements 
of mTOR signaling (mTOR, PI3K and AKT proteins). This includes four perturbagens not deemed connected by clue.io 
(highlighted). Two CPs that show in the iLINCS results, but were missed by clue.io are not in the Touchstone set used by 
clue.io 7 (is_touchstone=0). Finally, 6 CPs are missing connectivity information in clue.io because they were part of the 
Phase II LINCS L1000 dataset (GSE70138), which are included in iLINCS, but not used by clue.io. The CPs in red were missing 
MOA information in the released data, and we established their MOA by manual literature and online databases searches. 

In summary, clue.io and iLINCS provide qualitatively similar results with connected CPs targeting mTOR pathway. Some 
differences were introduced by the different statistical measure of similarity used by the two system, but the biggest 
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differences most likely came from the scope of the query, where clue.io searches over a space of 2,837 Touchstone CPs 
and iLINCS searches over a space of 15,349 CPs with at least one high quality signature. 

 Table S1: Top 20 CPs returned by the clue.io (unadjusted two-tailed p-values based on weighted correlation t-
statistics displayed in the table) 

 

 
 
Table S2: Top 20 CPs returned by the iLINCS (unadjusted two-tailed p-values based on weighted correlation t-test 
displayed in the table) 

 

Supplemental Results 2: Benchmarking methods for connectivity analysis and comparisons to other 
web resources 
We performed a limited benchmarking study of several methods for “connecting” transcriptional signatures with the 
objective to identify optimal methods for pre-computed connections between signatures in the iLINCS libraries, and for 

Perturbagen ID Perturbagen Name ilincsMoa is_touchstone median_tau iLINCS pValue
BRD-K67566344 KU-0063794 MTOR inhibitor 1 97.35 Connected 3.83E-89
BRD-K84937637 sirolimus MTOR inhibitor 1 97.31 Connected 7.21E-55
BRD-A84045418 calpeptin Calpain inhibitor 1 97.23 Connected 2.08E-33
BRD-K12184916 NVP-BEZ235 MTOR inhibitor 1 96.02 Connected 6.94E-161
BRD-K71726959 BRD-K71726959 CDK inhibitor 1 95.33 Not Connected
BRD-K27305650 LY-294002 MTOR inhibitor 1 95.32 Connected 3.35E-45
BRD-K92577649 GBR-13069 Dopamine uptake inhibitor 1 95.14 Not Connected
BRD-K30677119 PP-30 RAF inhibitor 1 94.71 Connected 3.48E-18
BRD-K99818283 PIK-90 PI3K inhibitor 1 94.42 Connected 1.27E-54
BRD-K69932463 AZD-8055 MTOR inhibitor 1 93.54 Connected 1.17E-218
BRD-A62025033 temsirolimus MTOR inhibitor 1 93.49 Connected 3.46E-125
BRD-K77008974 WYE-354 MTOR inhibitor 1 92.05 Connected 4.03E-19
BRD-K06593056 LE-135 Retinoid receptor agonist 1 91.85 Not Connected
BRD-K21350491 phenamil TRPV antagonist 1 91.54 Not Connected
BRD-K64835161 BRD-K64835161 CLK inhibitor,DYRK inhibitor 1 91.53 Connected 1.18E-04
BRD-A77299732 salubrinal Eukaryotic translation initiation factor inhibitor1 91.47 Not Connected
BRD-K13800121 parecoxib Cyclooxygenase inhibitor 1 90.63 Connected 5.08E-06
BRD-K67868012 PI-103 PI3K inhibitor,MTOR inhibitor 1 90.59 Connected 7.37E-144
BRD-K71879491 tretinoin Retinoid receptor agonist 1 90.33 Not Connected
BRD-A75409952 wortmannin PI3K inhibitor 1 90.30 Connected 2.14E-110

Perturbagen ID Perturbagen Name ilincsMoa is_touchstone median_tau iLINCS pValue
BRD-K02708799 GSK 1059615 PI3K inhibitor 0 Connected 0
BRD-A79768653 sirolimus MTOR inhibitor 1 83.07 Connected 1.6E-293
BRD-K69932463 AZD-8055 MTOR inhibitor 1 93.54 Connected 1.2E-218
BRD-K12184916 NVP-BEZ235 MTOR inhibitor 1 96.02 Connected 6.9E-161
BRD-K59317601 MLN-0128 MTOR inhibitor Connected 4.6E-144
BRD-K67868012 PI-103 PI3K inhibitor,MTOR inhibitor 1 90.59 Connected 7.4E-144
BRD-K94012289 936890-98-1 MTOR inhibitor 1 Connected 9.4E-137
BRD-K40175214 torin-1 MTOR inhibitor,PI3K inhibitor 1 71.90 Connected 1.9E-135
BRD-A45498368 WYE-125132 MTOR inhibitor 1 79.43 Connected 4.3E-127
BRD-A62025033 temsirolimus MTOR inhibitor 1 93.49 Connected 3.5E-125
BRD-K52911425 GDC-0941 PI3K inhibitor 1 82.75 Connected 5.2E-125
BRD-A75409952 wortmannin PI3K inhibitor 1 90.30 Connected 2.1E-110
BRD-K13154216 Everolimus MTOR inhibitor Connected 4.4E-109
BRD-K42898655 Temsirolimus MTOR inhibitor Connected 8E-104
BRD-K99023089 AZD5363 AKT inhibitor Connected 3.2E-100
BRD-K09078998 Ridaforolimus MTOR inhibitor Connected 8.83E-97
BRD-K63068307 ZSTK-474 PI3K inhibitor 1 78.95 Connected 7.61E-94
BRD-K67566344 KU-0063794 MTOR inhibitor 1 97.35 Connected 3.83E-89
BRD-K72636697 SCHEMBL17052537 MTOR inhibitor 0 Connected 2.91E-86
BRD-A25736793 Everolimus MTOR inhibitor Connected 4.02E-79
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connectivity analysis of newly created and submitted signatures. The choice of the methods were motivated by previous 
studies7,9-11 and included Extreme and Weighted correlations, the Connectivity Score used by the Connectivity Map, and 
the correlation based on signed log significance, which was motivated by our previous results in the context of enrichment 
analysis12. The methods were benchmarked with respect to their ability to “connect” a chemical perturbagen signature in 
one cancer cell line with the equivalent signature in another cell line for five cell lines with most signatures in the LINCS 
L1000 dataset (A375, A549, PC3, VCAP and MCF7). Only signatures designated as “gold” and generated using the “epsilon” 
version of L1000 probes (GEO CMap LINCS User Guide v2.1) were used in the analysis. Two signatures that share the same 
treatment (same small molecule, same dose and duration) in two different cell lines were considered to be true positive 
signature pair. True negative signature pairs were defined as pairs of signatures from different cell lines treated with 
different chemical perturbagen. For each 10 different cell line combinations, the number of “true positive pairs” ranged 
between 5,793 and 16,477 (the average number is 10,145). To calculate ROC curves, 50,000 “true negative pairs” randomly 
selected from all true negative pairs for a given cell line combination. Following six methods were compared: 

WeightedCor: Weighted Pearson’s correlation between MODZ scores, weighted by the logarithm of the product of 
the p-values. This score was shown to be best in correlating genome wide signatures of related biological states 11. 

Cor: Pearsons’s correlation between MODZ scores of the two signatures. 

ExtremeCorLobP_100: Extreme Correlation of Signed Log P-values utilizing top 100 up- and down-regulated genes. 
The signed significance of the ith gene is defined as 

𝑠! = sign(𝑑!) ∗ (−log"#(𝑝!)), for		𝑖 = 1,… ,𝑁, 

and the signed significance signature is s=(s1,…,sN). The extreme signed signature e=(e1,…,eN) is then constructing by 
setting the signed significances of all genes other than the top 100 and bottom 100 to zero: 

𝑒! = 8𝑠! , 𝑖𝑓	𝑠! ≥ 𝑠"##	or	𝑠! ≤ 𝑠$"##
0, otherwise

A 

Where s100 is the 100th most positive si and s-100 is the 100th most negative si. The extreme Pearson correlation 
between two signatures is then calculated as the standard Pearson’s correlation between the extreme signed 
significance signatures.  

ExtremeWeightedCor_100: Extreme Weighted Pearson’s Correlations calculating weighted Pearson’s correlation (see 
WeightedCor) after setting MODZ’s of all but top 100 up- and down-regulated genes to zero (see ExtremeCorLobP_100) 

CMap_100: Connectivity score as described in the Connectivity Map publication 7 using the top 100 up- and down-
regulated genes as the query. 
Overall, all six methods performed very well on this task with average AUC’s ranging from 0.946 to 0.926 (Table S3). The 
decision was made to use the Extreme Correlation of Signed Log P-values utilizing top 100 up- and down-regulated genes 
as the method for pre-computed connections, since it showed the best performance. For real-time connectivity analysis 
of submitted and newly created signatures, we decided to use Weighted Correlations since they were almost as good as 
the best method, but much easier to compute in the real time. To facilitate the fast computations of weighted correlations, 
the algorithm was implemented in C and added to the backend R package using the Rcpp package 13. 

Table S3: Area under the ROC curve (AUC) for six competing connectivity analysis methods across 10 pairs of cancer cell 
lines. 

 

Table S4: Comparing the scope and functionality of iLINCS with other resources. There are numerous online analysis 
tools that cover different aspects of cancerLINCS functionality: access to a vast amount of data2,5,6,14,15, “connectivity 

Method A375xA549 A375xMCF7 A375xPC3 A375xVCAP A549xMCF7 A549xPC3 A549xVCAP MCF7xPC3 MCF7xVCAP PC3xVCAP Average
ExtremeCorLogP_100 0.951 0.952 0.957 0.930 0.947 0.947 0.926 0.957 0.947 0.948 0.946
ExtremeWeightedCor_100 0.946 0.947 0.951 0.925 0.944 0.944 0.921 0.953 0.944 0.946 0.942
WeightedCor 0.945 0.947 0.952 0.924 0.943 0.943 0.918 0.954 0.941 0.943 0.941
ExtremeCor_100 0.942 0.946 0.947 0.921 0.941 0.941 0.914 0.952 0.936 0.939 0.938
Cor 0.938 0.943 0.945 0.914 0.936 0.937 0.903 0.949 0.925 0.929 0.932
CMap_100 0.935 0.940 0.941 0.906 0.931 0.933 0.895 0.945 0.915 0.921 0.926
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analysis” with LINCS signatures5,7, user friendly web interfaces for analysis of primary transcriptomic data16, and more 
targeted collections of cancers omics datasets1,3,4, various aspects of systems biology analysis of omics signatures17-23, and 
interactive visualizations24,25. However, iLINCS platform is unique in bringing together all different aspects of a 
comprehensive signature analysis platform.  
 

 

 

 
 
 
 

 
 

 

 

Supplemental Results 3: Utility and scope of applications of the iLINCS data and analytics 
The utility of re-using omics datasets in public domain is self-evident. Thousands of high impact papers have demonstrated 
that such analyses can yield important insight. The conceptual utility of the CMAP analyses at this point is also evidenced 
by the referenced usage of CMAP data in the peer reviewed publication. The original Science 2006, CMAP paper has been 
referenced more than 4,000 times and the most recent Cell 2017 paper describing L1000 dataset has been referenced 
more than 1,000 times. We collected and analyzed the disease-related topics of the studies referencing the CMAP papers 
using the Dimensions platform (https://www.dimensions.ai/). The results indicate a broad utility of the CMAP approach 
in terms the of diseases studied with cancers being the most studied, but still representing less only about a third of all 
use cases (CMAP references in Supplemental Figure 3). We also summarized in the same way topics of 114 peer reviewed 

 GUI 
based 
analysis 

API Signature 
Creation 

Systems 
Biology 
Analysis 

Connectivity 
Analysis 

Multi-omic 
Analysis 

Bulk 
Transcriptomic 
Datasets 

Single Cell 
RNA-seq 
Datasets 

Proteomic 
Datasets 

iLINCS Yes Yes Yes Yes Yes Yes Yes Limited Yes 
cBioPortal1 Yes Yes No No No No Yes No No 
GDC2 Yes Yes No No No No Yes No No 

Expression 
Atlas3 

Limited Limited Limited No No No Yes Limited No 

CancerSEA4 Yes No No No No No No Limited No 
BioJupies5 No No Yes Yes Yes No Yes No No 
GEO6 Yes Limited Limited No No No Yes Limited Limited 
clue.io7 Yes Limited No No Yes No No No No 
WebMeV8 Yes No Yes Yes No No Yes No No 

 

Supplemental Figure 3. Top 8 disease categories associated with publications referencing the two primary 
CMAP papers (CMAP references) and publications referencing iLINCS. 
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publications referencing the use of iLICNS (iLINCS references in Supplemental Figure 3). The distribution of disease use 
cases closely resembled the general CMAP distribution, with cancers representing even smaller fraction of all use cases.  

 

Supplemental Results 4: MOA analysis of the whole-genome sirolimus signatures. 
To verify that the reduced representation of global transcriptome offered by the L1000 “landmark genes”, we repeated 
the analysis in Use Case 1 with the sirolimus signature generated on the whole-genome microarray in the original CMAP 
dataset 26 (Supplemental Figure 4A). The enrichment analysis of 191 highly statistically significant genes (p-value<5e-10) 
failed was not enriched for KEGG mTOR pathway genes (Enrichr p-value=0.43). We correlated the sirolimus signature with 
LINCS CGSes (Supplemental Figure 4B) and established that mTOR signaling pathway genes dominated the most positively 
correlated CGSes(Supplemental Figure 4C). The pathway enrichment analysis of genes perturbed in the top 100 most 
positively correlated CGSes showed statistically significant enrichment of mTOR pathway genes (Enrichr p-value=5.4e-9). 
All Enrichr results are given in Supplemental Table ST4. 

 
Supplemental Results 5: Analysis of LuminalA and Her2E vs normal tissue proteomic signatures (p-
values displayed in the table are unadjusted, two-tailed, empirical Bayes t-test p-values) 
Here we contrast the effectiveness of the LuminalA and Her2E signatures described in Use Case 2, with the corresponding 
signatures constructed by comparing LuminalA and Her2E samples with normal breast tissue. Table S5 shows the top 12 
most significantly differentially expressed probes (unadjusted, two-tailed, empirical Bayes t-test p-value<1e-10) in the 
direct comparison. As noted in the main text, the direct comparison elicits the known drivers of both LuminalA (ER-alpha) 
and Her2E tumors (HER2), and therapeutic targets currently used in clinic. In the comparison of tumor samples to normal 

Supplemental Figure 4. Analysis of whole-genome sirolimus signature. A) The iLINCS whole genome signature 
generated by the original CMAP project; B) 192 differentially expressed (unadjusted two-tailed p-value<10-10) genes 
used for enrichment analysis; C) Top 5 most perturbed genes in top 100 most positively correlated CGSes.

 

Table S5. Proteomic signatures constructed by directly comparing LuminalA and Her2E tumors, and by comparing 
LuminalA and Her2E samples to Normal breast tissue. 
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tissue, these two proteins do not reach statistical significance (unadjusted, two-tailed, empirical Bayes t-test p-value of 
1e-10) and are not among the 12 most differentially expressed proteins. Instead, the top differentially expressed proteins 
seem to be more generic cancer related genes, including three proteins downregulated in both LuminalA and Her2E 
samples (highlighted).  
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Perturbation signatures creation and analysis  

Perturbation signatures 
All pre-computed perturbation signatures in iLINCS, as well as signatures created using an iLINCS dataset, consist of a 
pair of vectors (d,p): the vector of differential expressions between the perturbed/treated samples and baseline samples 
d=(d1,…,dN), and the vector of associated p-values p=(p1,…,pN), where N is the number of genes or proteins in the 
signature. Query signatures submitted by the user can also consist of only log-scale differential expressions without p-
values (d), lists of up- and down-regulated genes (glup,gldown), and a single list of genes (gl). Identities of the genes in 
iLINCS are established with Entrez Gene identifiers1 and associated gene symbols. 

Constructing signatures with iLINCS 
A signature in iLINCS is constructed by specifying the “treatment” and “baseline” sets of samples. Depending on the data 
type, iLINCS uses an appropriate statistical model to calculate log2-scale differential expressions (d), and the associated 
p-values (p).  

For microarray gene expression datasets, TCGA RNA-seq data pre-processed using RSEM methodology2, TCGA copy 
number variation (CNV) datasets pre-processed using the GISTIC 2.0 methodology 3, and RPPA protein expression 
datasets 4, iLINCS uses the empirical Bayes linear model for two sample group comparison (ie, empirical Bayes t-test) as 
implemented in the limma package5. Complete workflow for constructing a signatures and connectivity analysis on the 
constructed signature using iLINCS user interfaces (UI) is depicted in the Use Case 3 Supplemental Workflow. The same 
analyses can be performed using iLINCS API and the examples are provided usingIlincsApis RStudio notebook freely 
accessible from our github repository (https://github.com/uc-bd2k/ilincsAPI). 

For GEO RNA-seq datasets pre-processed by the GEO RNA-seq Experiments Interactive Navigator (GREIN)6 platform, 
iLINCS constructs the signature (d,p) by differential gene expression analysis of “treatment” and “baseline” samples 
using the negative binomial statistical model as implemented in the edgeR 7 via the connection with GREIN. 

Signature connectivity analysis 
Depending on the exact type of the query signature, the connectivity analysis with libraries of pre-computed iLINCS 
signatures are computed using different connectivity metrics. The choice of the similarity metric to be used in different 
contexts was driven by benchmarking six different methods (Supplementary Result 2) and computational considerations.   

Query with a pre-computed (d,p) iLINCS signature 
If the query signature (d,p) is selected from iLINCS libraries of pre-computed signatures, the connectivity with all other 
iLINCS signatures is also pre-computed using the extreme Pearson’s correlation8,9 of signed significances of all genes. The 
signed significance of the ith gene is defined as 

𝑠𝑠! = sign(𝑑!) ∗ (−log"#(𝑝!)), 𝑓𝑜𝑟		𝑖 = 1,… ,𝑁, (1) 

and the signed significance signature is ss=(ss1,…,ssN). The extreme signed signature e=(e1,…,eN) is then constructing by 
setting the signed significances of all genes other than the top 100 and bottom 100 to zero: 

𝑒! = 8𝑠𝑠! , 𝑖𝑓	𝑠𝑠! ≥ 𝑠𝑠"##	𝑜𝑟	𝑠𝑠! ≤ 𝑠𝑠$"##
0, otherwise

A (2) 

Where ss100 is the 100th most positive ssi and ss-100 is the 100th most negative ssi. The extreme Pearson correlation 
between two signatures, (d1,p1) and (d2,p2), is then calculated as the standard Pearson’s correlation between 
corresponding extreme signed signature e1 and e2: 

𝑟(𝐞", 𝐞%) =
∑ [()!"$)!̅)()#"$)̅#)]$
"%!

-∑ [()!"$)̅!)#]$
"%! ∑ [()#"$)̅#)#]&

"%!

	 (3) 

where 
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𝑒"E = ∑ )!"
.

.
!/" 	𝑎𝑛𝑑	𝑒%E = ∑ )#"

.
.
!/" 						 (4) 

 

The statistical significance of 𝑟  is calculated as: 

p − value(𝑟) = Probability P|𝑡.$%| > 𝑟T.$%
"$0#

U		 (5) 

Where 𝑡.$% the random variable distributed as t-distribution with N-2 degrees of freedom. The association between the 
query signature and another iLINCS signature is visualized in iLINCS by an interactive scatter plot of log differential 
expression levels created by ggplot2 and plotly packages as illustrated in Fig 1. Complete workflow for connectivity 
analysis of pre-computed iLINCS signatures using iLINCS GUI is depicted in the Use Case 1 Supplemental Workflow and 
the examples for performing the same analyses with iLINCS API are provided in the usingIlincsApis RStudio notebook. 

 

Query with a user submitted or newly created (d,p) signature 
If the query signature (d,p) is created from an iLINCS dataset, or directly uploaded by the user, the connectivity with a 
precomputed iLINCS signature, (dL,pL), is calculated as the weighted correlation10 between the vectors of log-differential 
expressions: 

𝑟𝒘(𝐝 , 𝐝2) =
∑ 34"(5"$56)$(5"

'$56')7$
"%!

-∑ [4"(5"$56)#]$
"%! ∑ 84"95"

'$56':
#
;$

"%!

							 (5) 

 with the vector of weights w=(w1,…,wN) defined as: 

𝑤! = −𝑙𝑜𝑔"#(𝑝!)−𝑙𝑜𝑔"#Z𝑝!2[       (6) 

𝑑̅ = ∑ 5"
.

.
!/" 	𝑎𝑛𝑑	𝑑̅2 = ∑ 5"'

.
.
!/"  (7) 

The statistical significance of 𝑟𝒘 is calculated by replacing 𝑟  with 𝑟𝒘 in equation (5). The association between the 
submitted query signature and an iLINCS signature is visualized by an interactive scatter plot of log differential 
expression levels created by ggplot2 and plotly packages as already illustrated in Fig 1. The example of performing a 
query with a signature created by analysis of an iLINCS dataset using iLINCS GUI is provided in the Supplemental Use 
Case 3 and the examples for performing the same analyses with iLINCS API are provided in the usingIlincsApis RStudio 
notebook. For a brief description of how to submit a (d,p) signatures using iLINCS GUI, see the section Submitting 
signatures for analysis below. Examples of submitting a signature via API are provided in usingIlincsApis RStudio 
notebook. 

Fig 1 
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Query with a user submitted signature d consisting of only log differential expression levels 
When the user-uploaded signature consists of only log differential expression levels (without p-values), the connectivity 
with iLINCS signatures is again calculated as the weighted correlation10 between the vectors of log-differential 
expressions, but the weights for the correlation are based only on the p-values of the iLINCS signatures:  

𝑤! = −𝑙𝑜𝑔"#(𝑝!2) (8) 

The association between the submitted query signature and an iLINCS signature is visualized by an interactive scatter 
plot of log differential expression levels created by ggplot2 and plotly packages as illustrated in Fig 1. Performing the 
analysis using iLINCS UI and API is the same as in the previous case. 

Query with a user submitted (glup,gldown) signature  
If the query signature uploaded by the user consists of the lists of up- and down-regulated genes (glup,gldown), the 
connectivity is calculated by assigning -1 to down-regulated and +1 to upregulated genes: 

𝑑! = 8
1, 𝑖𝑓	𝑔𝑒𝑛𝑒	𝑖 ∈ 𝒈𝒍<=
1, 𝑖𝑓	𝑔𝑒𝑛𝑒	𝑖 ∈ 𝒈𝒍5>4?

A (9) 

and calculating weighted Pearson’s correlation between such vector and iLINCS signatures using in the same way as in 
the previous section, when user submitted signature d consisted of only log differential expression levels without p-
values. The calculated statistical significance of the correlation in this case is equivalent to the t-test for the difference 
between differential expression measures of iLINCS signatures between up- and down-regulated genes. The association 
between the submitted query signature and an iLINCS signature is visualized by an interactive box-plot of log differential 
expression levels of the iLINCS signature for up- and down- regulated lists of genes created by ggplot2 and plotly 
packages as illustrated in Fig 2. For a brief description of how to submit a (glup,gldown) signatures using iLINCS GUI, see the 
section Submitting signatures for analysis below. Examples of submitting a signature via API are provided in 
usingIlincsApis RStudio notebook. 

 

Query with a user submitted 𝒈𝒍 signature 
If the query signature is uploaded by the user in a form of a gene list 𝐠𝐥, the connectivity with an iLINCS signatures (dL,pL) 
is calculated by treating the list of submitted genes as a gene set, and performing gene set enrichment analysis of the 
iLINCS signature using the Random Set analysis 11. Suppose that 𝒈𝒍 consists of n genes 𝐠𝐥 = (𝑔", … , 𝑔?). Then the 
Random Set Z statistics measuring the enrichment of differentially expressed gene from (dL,pL) in 𝐠𝐥 is defined as: 

𝑧 =
∑ )"":+"∈𝒈𝒍

& $
∑ )"
$
"%!
$

@
 (10) 

Where 

Fig 2 
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𝑤! = −log"#(𝑝!2)				 (11) 

and 

𝜎 = d"
?
e.$?
.$"

f gh
∑ (5"

')#$
"%!
. i − h

∑ 5"
'$

"%!
. i

%
j				 (12) 

The statistical significance of 𝑧 is calculated as: 

p − value(𝑧) = Probability(𝑍 > 𝑧)				 (13) 

Where 𝑍 is the standard Normal random variable with mean equal to zero and standard deviation equal to one. The 
association between the submitted query signature and an iLINCS signature is visualized by an interactive Gene Set 
Enrichment Analysis (GSEA) plot 12 created with ggplot2 and plotly packages as illustrated in Fig 3. For a brief description 
of how to submit a 𝐠𝐥 signatures using iLINCS GUI, see the section Submitting signatures for analysis below. Examples of 
submitting a signature via API are provided in usingIlincsApis RStudio notebook. 

 

Perturbagen connectivity analysis 
The perturbagen connectivity analysis compares the query signature to all signatures for a given perturbagen as a group, 
thus extending the pair-wise connectivity analysis to account for diversity of responses in different cellular contexts. This 
is accomplished by performing the enrichment analysis of individual connectivity scores between the query signature 
and set of all L1000 signatures of a perturbagen (for all cell lines, time points and concentrations). The analysis 
establishes whether the connectivity scores as a set are “unusually” high in comparison to all positive and all negative 
connectivity scores between the query signature and all iLINCS signatures of the same type based on the Random Set 
analysis11.  

Suppose that 𝑆 = {𝐬A = Z𝐝!2 , 𝐩!2[, 𝑖 = 1,… , 𝑇) are all iLINCS perturbation signatures of the same type, such as, for 
example, L1000 chemical perturbagen (CP) signatures. Suppose that the subset of these signature 𝐶 =
r𝒔B , 𝑗 ∈ 𝐾v	𝑤ℎ𝑒𝑟𝑒	𝐾 ⊆ {1,… , 𝑇}	𝑎𝑛𝑑	|𝐶| = 𝑡 correspond to the perturbagen of interest. Suppose that 𝐶𝑆 = {𝑐𝑠! =
Z𝑟! , 𝑝𝑣! [, 𝑖 = 1,… , 𝑇) are connectivity scores (𝑟! ) and associated p-values (𝑝𝑣! ) between the query signature and all 
signatures in S. We defined the positive and negative connectivity significant scores as 

𝑙𝑝𝑣!C = |
−log"# e

=D"
%
f , if	gene	𝑟! > 0

−log"# e
"$=D"
%
f , if	𝑔𝑒𝑛𝑒	𝑟! ≤ 0

} (14) 

Fig 3 
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𝑙𝑝𝑣!$ = |
−log"# e

=D"
%
f , if	gene	𝑟! < 0

−log"# e
"$=D"
%
f , if	gene	𝑟! ≥ 0

} (15) 

respectively. 

The positive (pc+) and negative (pc-) perturbagen connectivity Random Set enrichment is then calculated by replacing wi 
with 𝑙𝑝𝑣!C and 𝑙𝑝𝑣!$, respectively, n with t, N with T and the 𝐥𝐠 list of genes with the set C of signatures in equations (10), 
(11) and (12). Use of the iLINCS GUI to perform perturbagen connectivity analysis is demonstrated in the Supplemental 
Use Case 3 and examples of using API are provided in usingIlincsApis RStudio notebook. 

Submitting signatures for analysis 

Users can submit signatures for the analysis using the iLINCS GUI or API. The procedures for submitting signatures via 
API are provided in the usingIlincsApis RStudio notebook. iLINCS GUI for submitting signatures is accessed by selecting 
the “Signatures” workflow and then the “Submit” tab (Fig 4). The signatures can be submitted by either uploading text 
files, or pasting data into provide boxes. The interface for submitting a signature in the form of a vector of log 
differential expression and p-values (d,p), or just a vector of differential expressions, can be accessed by selecting the 
first tab titled “Upload a signature”. The interface to submit a signature in the form of the lists of up- and down-
regulated genes can be accessed by selecting the second tab titled “Submit up and down-regulated genes”. The 
interface to submit a signature in the form of a simple set of genes is accessed by selecting the third tab titled “Submit 
gene list”.  

iLINCS signature libraries 

LINCS L1000 signature libraries 
For all LINCS L1000 signature libraries (Consensus gene knockdown signatures (CGS), Overexpression gene signatures 
and Chemical perturbation signatures) the signatures are constructed by combining the Level 4, population control 

Fig 4. iLINCS GUI for submitting a signature 
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signature replicates from two released GEO datasets (GSE92742 and GSE70138) into the Level 5 moderated Z scores 
(MODZ) by calculating weighted averages as described in the primary publication for the L1000 Connectivity Map 
dataset 13. Suppose that {𝐳", . . , 𝐳E} is a set of R level 4 replicates of z-score signature. To construct the vector of 
differential expressions (d) levels for the corresponding level 5 (𝐝, 𝐩) signature, we first calculate the weights associated 
with each replicate {𝑤", … , 𝑤E}  based on their Spearman’s correlations with the rest of the replicates: 

𝑤�! = ∑ SpearmanZ𝐳! , 𝐳B[B∈{",…,E}	L?5	!MB , … , 𝑖 = 1, . . , 𝑅 (16) 

and 

𝑤! =
4/N

∑ 4O01
0%!

 (17) 

Moderated Z (MODZ) scores are then calculated as the weighted average of the replicates: 

𝐝 = 𝐌𝐎𝐃𝐙 = ∑ 𝑤!𝒛!E
!/"  (18) 

   The corresponding p-values are calculated by comparing MODZ of each gene to zero using the Empirical Bayes 
weighted t-test with the same weights used for calculating MODZs as implemented in the limma package.  The shRNA 
and CRISPR knock-down signatures targeting the same gene were further aggregated into Consensus gene signatures 
(CGSes)13 using the same procedure and treating now the level 5 MODZ scores of perturbation with a single shRNA or 
CRISPR guide as the experimental replicate. 

Only signatures showing evidence of being reproducible by having the 75th quantile of pairwise Spearman’s correlations 
of level 4 replicates (Broad institute distil_cc_q75 quality control metric13)  greater than 0.2 are included in the iLINCS 
library.  

LINCS targeted proteomics signatures 
LINCS targeted proteomics signatures iLINCS library contains signatures of chemical perturbations assayed by the 
quantitative targeted mass spectrometry proteomics P100 assay measuring levels of 96 phosphopeptides and GCP assay 
against ~60 probes that monitor combinations of post-translational modifications on histones14. The level 4 Differential 
Quantification (DIFF) Z-score normalized experimental replicates were downloaded from 
https://panoramaweb.org/LINCS. The differential expression vector (d) is calculated as a simple average of experimental 
replicates and the vector of p-values is calculated by comparing the average expression levels for each probe to zero 
using the simple t-test.  

Disease related signatures 
Transcriptional signatures in this library are constructed by comparing sample groups within the collection of curated 
public domain transcriptional dataset (GEO DataSets collection)15. For each dataset, we selected each factor with at least 
two levels. For each pair of level with at least 2 microarray replicates, a signature was constructed by calculating log2 
differential expressions and associated p-values for all genes using Empirical Bayes linear model implemented in the 
limma package5. Signatures were subsequently curated to exclude some obviously not interesting results, such as 
comparisons between technical replicates of biological samples obtained from the same individual. 

ENCODE transcription factor binding signatures 
 ENCODE transcription factor binding signatures is the only signature library in iLINCS not consisting of differential 
expression levels of genes and proteins. Instead, ENCODE signature consist of genome-wide transcription factor (TF) 
binding signatures constructed by applying the TREG methodology to ENCODE ChiP-seq16. Each signature consists of 
scores and probabilities of regulation by the given TF in the specific context (cell line and treatment) for each gene in the 
genome. The details of constructing these signatures are provide in the TREG paper16.  
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Connectivity Map Signatures 
Transcriptional signatures of perturbagen activity constructed based on the version 2 of the original Connectivity Map 
dataset using Affymetrix expression arrays17. Each signature consists of differential expressions and associated p-values 
for all genes when comparing perturbagen treated cell lines with appropriate controls calculated using the Empirical 
Bayes linear model as implemented in the R limma package. The details of iLICNS Connectivity Map signature library 
construction have been described in a previous publication17. 

DrugMatrix signatures 
DrugMatrix signature library consists of toxicogenomic signatures of over 600 different therapeutic, industrial, or 
environmental chemicals at both non-toxic and toxic doses18 in different rat tissues using GE Codelink rat array and the 
Affymetrix whole genome 230 2.0 rat GeneChip array. DrugMatrix is maintained by the National Toxicology Program 
(NTP)19. DrugMatrix was downloaded from the NTP web site (https://ntp.niehs.nih.gov/data/drugmatrix/) and 
signatures are created by extracting the treatment metadata, and already created genome-wide differential gene 
expression levels and associated p-values.  

Transcriptional signatures from EBI Expression Atlas 
Expression Atlas signature library consitst of all mouse, rat and human differential expression signatures and associated 
p-values from manually curated comparisons in the Expression Atlas20. The latest atlas (atlas-latest-data.tar.gz) was 
downloaded from https://www.ebi.ac.uk/gxa/download.html on May, 19 2020, and pre-computed signatures (sample 
metadata, log differential expression levels and associated p-values) were extracted for all available signatures.  

Cancer therapeutics response signatures 
Cancer therapeutics response signatures were created by combining transcriptional data with drug sensitivity data from 
the Cancer Therapeutics Response Portal (CTRP) project21. Signatures were created separately for each tissue/cell 
lineage in the dataset by comparing gene expression between the five cell lines of that lineage that were most and five 
that were least sensitive to a given drug area as measured by the concentration-response curve (AUC) using two-sample 
t-test.  

Pharmacogenomics transcriptional signatures 
Signatures in the iLINICS Pharmacogenomics transcriptional signatures library were created by calculating differential 
gene expression levels and associated p-value between cell-lines treated with anti-cancer drugs and the corresponding 
controls in two separate projects: The NCI Transcriptional Pharmacodynamics Workbench (NCI-TPW)22 and the Plate-seq 
project dataset23. For the Plate-seq project, the raw sequencing data was downloaded from GEO and SRA (GSE97460) 
and processed with the GREIN processing pipeline 6. The signatures were constructed by differential expression analysis 
between drug treated samples (for a specific drug, concentration, cell line combination) and corresponding cell line 
specific DMSO control samples using the negative binomial statistical model as implemented in the edgeR 7. For the NCI-
TPW signatures, Affymetrix microarray data was downloaded from GEO (GSE116438) and signatures were constructed 
by differential expression analysis between drug treated samples (for a specific drug-concentration-cell line-time point 
combination) and the cell line specific control untreated samples using the Empirical Bayes linear model as implemented 
in the limma package5.  

Analytical tools, web applications and web resources 
Signatures analytics in iLINCS is facilitated via native R, Java, JavaScript and Shiny applications, and via API connections to 
external web application and services. Brief listing of analysis and visualization tools is provided here. The overall 
structure of iLINCS is described in the Supplemental Results. 

Gene list enrichment analysis is facilitated by directly submitting lists of gene to any of the three prominent enrichment 
analysis web tools: Enrichr24, DAVID25, ToppGene26. The manipulation and selection of list of signature genes is facilitated 
via an interactive volcano plot JavaScript application (shown in Supplemental Workflow 3). 
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Pathway analysis is facilitated through general purpose enrichment tool (Enrichr, DAVID, ToppGene). The enrichment 
analysis of Reactome pathways is also facilitated via connection to Reactome online tool27. Pathway analyses are also 
implemented in internal R routines for SPIA analysis28 of KEGG pathways and general visualization of signatures in the 
context of KEGG pathways using the KEGG API29. 

In performing all tests, the list of genes identified in iLINCS analysis is submitted to individual tools. The gene list to be 
submitted for the analysis can be identified in four different ways: 

• Differentially expressed genes or proteins identified from pre-computed signatures, user submitted, or newly 
created signature (iLINCS GUI use demonstrated in the Supplemental Use Case 2 and 3) 

• Co-expressed genes identified via Morpheus cluster analysis of a set of signatures in the “Group analysis” 
iLINCS workflow (iLINCS GUI use demonstrated in the Supplemental Use Case 3) 

• List of genes genetically perturbed in the selected sets of signatures (iLINCS GUI use demonstrated in the 
Supplemental Use Case 2) 

• List of genes chemically perturbed in the selected sets of signatures (iLINCS GUI use demonstrated in the 
Supplemental Use Case 2) 

Network analysis is facilitated by submitting lists of genes to Genemania30. The gene lists used in such analysis are 
created in the same way as the gene lists used for Pathway analysis. 

Heatamap visualizations  are facilitated by native iLINCS applications: Java based FTreeView31, modified version of the 
JavaScript based Morpheus32, a Shiny based HeatMap application utilizing the ComplexHeatmap package 33, and by 
connection to the web application Clustergrammer34 (iLINCS GUI use demonstrated in the Supplemental Use Case 3) . 

Dimensionality reduction analysis (PCA and t-SNE35) and visualization of high-dimensional relationship via interactive 2D 
and 3D scatter plots is facilitated via internal iLINCS Shiny applications. t-SNE analysis is performed using the Rtsne 
package36 and PCA analysis is performed using the prcomp function in the stats package 37. The visualization of the 
reduced dimensionality data vectors is implemented using the using plotly 38 and pairs3D R packages. 

Interactive box-plots, scatter plots, GSEA plots, bar charts and pie charts used throughout iLINCS are implemented using 
R ggplot39 and plotly38. 

Additional analysis are provided by connection X2K Web40 (inference of upstream regulatory networks from signature 
genes), L1000FWD41 (connectivity with signatures constructed using characteristic dimension methodology), STITCH42 
(visualization of drug-target networks), piNET43 (visualization of gene-to-pathway relationships for signature genes). 

Additional information about drugs, genes and proteins are provided by links to, LINCS Data Portal44, ScrubChem45, 
PubChem46, Harmonizome47, GeneCards48, and several other only databases. 

Gene and protein expression dataset collections 
iLINCS backend databases provide access to more than 11,000 pre-processed gene and protein expression datasets that 
can be used to create and analyze gene and expression protein signatures. Datasets are thematically organized into 
eight collections with some datasets assigned to multiple collections. User can search all datasets or browse datasets by 
collection.  

LINCS collection: Datasets generated by the LINCS data and signature generation centers49 

TCGA collection: Gene expression (RNASeqV2), protein expression (RPPA), and copy number variation data generated by 
TCGA project50 

GDS collection: A curated collection of GEO Gene Datasets (GDS)15 

Cancer collection: An ad-hoc collection of cancer related genomics and proteomic datasets 

Toxicogenomics collection: An ad-hoc collection of toxicogenomics datasets 
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RPPA collection: An ad-hoc collection of proteomic datasets generated by Reverse Phase Protein Array assay4 

GREIN collection: Complete collection of preprocessed human, mouse and rat RNA-seq data in GEO provided by the GEO 
RNA-seq Experiments Interactive Navigator (GREIN)6 

Reference collection: An ad-hoc collection of important gene expression datasets. 
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Quality Control of Signature Libraries 
LINCS L1000 signatures 
The vast majority of omics signatures in iLINCS are derived from the LINCS L1000 data. iLINCS signatures were constructed 
by following the Broad Institute strategy outlined the original publication (details in Methods and Supplemental Methods). 
The “level 4” z scores data was downloaded from GEO and MODZ “level 5” signatures were calculated as a weighted 
average across level 4 replicated plates (https://clue.io/connectopedia/data_levels)1. In our internal test, connectivity 
analysis of the same treatments (perturbagen, time, and concentration matched) across different cell lines for level 5 
signatures consistently yields the area under the ROC curve of 0.95, or greater (Supplemental Results 2: Benchmarking 
methods for connectivity analysis and comparisons to other web resources). This indicates that overall precision of LINCS 
L1000 signatures in iLINCS in correctly connecting biologically similar signatures is very high. Here we perform technical 
tests of accuracy of the signatures in iLINCS by comparing them to the released Level 5 signatures in GEO. We perform 
this comparison by comparing off-line results all signatures produced by our pipeline to signatures released in GEO, and 
by randomly selecting and downloading 100 signatures via iLINCS API and confirming again that they are identical to the 
signatures released in GEO. We also perform a direct connectivity analysis of iLICNS with LINCS signatures via Broad clue.io 
system. 

Comparison of LINCS signatures hosted by iLINCS to those released by in GEO (GSE92742 and GSE70138) 
To assess the accuracy of our processing and the accuracy of the signatures in the database, we compared iLINCS CP 
signatures with those released to GEO by the Broad institute. It is important to notice that in our processing we used the 
latest Broad algorithm to computing the MODZs (https://github.com/cmap/cmapM). As for the datasets released in GEO, 
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a portion of the older dataset (GSE92742) used an older version of the pipeline while the new dataset (GSE70138) used 
the latest pipeline which is identical to our pipeline. This was reflected in the results of our comparisons. For signatures in 
the second release (GSE70138), 100% signatures from iLINCS were identical to corresponding Level 5 signatures in GEO. 
For signatures in the pilot phase data release (GSE92742), 7.5% signatures had the correlation <0.99, which could be 
considered as slightly different and is consistent with the use of a slightly different processing pipeline.  

The accuracy of iLINCS signatures in the backend database and retrieved through iLINCS API 
To make sure that the L1000 signatures we computed were accurately represented in the iLINCS backend databases and 
in the connectivity analysis, we Use API to download signatures from iLINCS and correlate with signatures in the GEO. A 
random set of 100 signatures was downloaded from iLINCS using APIs and compared to the GEO signatures. The 
comparison was made using three measures of similarity, Pearson’s correlation, total absolute deviation and maximum 
absolute deviation. If 𝒔" = Z𝑔",", … , 𝑔PQR,"[	𝑎𝑛𝑑	𝒔% = Z𝑔",%, … , 𝑔PQR,%[	are two signatures where 𝑔!,S is the MODZ score 
for jth gene and ith signatures, then the vector of absolute deviation is defined as 𝐚𝐝 = (�𝑔"," − 𝑔%,"�, … , �𝑔",PQR − 𝑔%,PQR�), 
the total absolute deviation is defined as 𝑎𝑑𝑡 = ∑ 𝑎𝑑!PQR

!/"  and maximum absolute deviation is defined as 𝑎𝑑𝑚 =
max	(𝑎𝑑", … , 𝑎𝑑PQR). The results for this analysis is provided in the Supplementary QC Table showing perfect 
correspondence between signatures in iLINCS and signatures released in GEO. 

Comparison of LINCS signatures hosted by iLINCS to those hosted by clue.io 
To compare LINCS signatures and connectivity methods from iLINCS to clue.io, we selected 100 random iLINCS L1000 CP 
(chemical perturbagen) signatures and used them to query clue.io. For each iLINCS signature we extracted a list of the 100 
most up-regulated and the 100 most down-regulated landmark genes and submitted these gene lists to clue.io via their 
L1000 query API. We then assessed each signature's "self-connectivity" by the rank of its connectivity score with the 
corresponding clue.io signature among all clue.io signatures. A rank of 1 indicates that the iLINCS signature was most 
connected to its corresponding clue.io signature. Of the 100 signatures tested, all except one had virtually perfect 
association with clue.io signatures (Supplemental QC table). 98 signatures had a perfect "self-connectivity" rank of 1, one 
(ASG001_PC3_6H:BRD-A19500257-001-04-7:0.08) had rank of 3 (out of >1 million) which is still virtually perfect 
association. One signature (LJP006_HEPG2_24H:M01) showed poor association with the corresponding clue.io signature. 
We assessed the quality of this signature in iLINCS by comparing it to the corresponding signature in the released GEO 
dataset (GSE70138) and verified that iLINCS signature is identical to the GEO signature. Overall, these results indicate that 
L1000 signatures in iLINCS are accurate and consistent with the L1000 signatures in clue.io.  

Quality Control of Omics Datasets 
The omics datasets in iLINCS are uploaded by two distinct processes: 1) The batch processing of microarray and RNA-seq 
data in GEO and 2) By curated processing of individual datasets. The vast majority of the datasets in iLINCS were processed 
the first, batch processing approach. In the situations when individual datasets are processed and curated (second 
approach), each such dataset is associated with a unique processing and uploading script, and the data and metadata are 
inspected and compared with the original source after it is uploaded. Here we report a systematic quality control we 
performed for more than 11,000 datasets that were processed using batch processing of microarray and RNA-seq 
datasets. The quality control of these iLINCS datasets was performed by comparing them to results obtained by other 
group’s independent processing efforts. The QC of microarray GEO GDS datasets data and metadata was performed by 
comparing them to EBI Expression Atlas2 and RNA-seq datasets were compared to the recount2 project datasets3. 

Microarray datasets 
We assessed systematically the quality and consistency of the GDS datasets in iLINCS by re-creating EBI Expression Atlas 
signatures2 using the GDS datasets in iLINCS and iLINCS API. Through semi-automated search and curation, we identified 
150 single factor Expression Atlas signatures that could be perfectly matched to a microarray dataset in the iLINCS 
collection. The signatures, datasets and matching factors and sample labels are provided in the Supplemental QC Table. 
This allowed us to re-construct automatically the equivalent signatures directly from the microarray datasets using iLICNS 
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API. Each of the newly created signature was submitted for the connectivity analysis against all Expression Atlas signatures 
in iLINCS and the ability to recover the correct signature was assessed. In all 150 cases, the correct signature was highly 
connected to the corresponding Expression Atlas signature and the correct signatures was ranked as the number 1, most 
connected among all 5,646 Expression Atlas signatures in iLINCS.  The fact that the signatures created directly from 
uploaded GDS datasets are perfect match for EBI Expression Atlas signatures which were constructed by curation and 
independent analysis of the same datasets indicates that both metadata and expression data for corresponding microarray 
datasets in iLINCS are consistent with the data deposited in GEO and validates our processing and uploading GEO GDS 
datasets to iLINCS. Furthermore, this results also validates accuracy of the analysis procedures used to create signatures 
in iLINCS. 

RNA-seq datasets  
We assessed systematically the consistency of the GREIN collection of preprocessed human, mouse and rat RNA-seq data 
from GEO pre-processed by the GEO RNA-seq Experiments Interactive Navigator (GREIN)4 by comparing them to datasets 
pre-processed by the recount2 project 3. Despite vastly different processing pipelines, the data exhibited very high level 
of reproducibility across two collections indicating that GREIN collection is accurate representation of the GEO RNA-seq 
data. 

The comparison between GREIN and recount datasets was performed for common human datasets in both collections. 
Since recount datasets provides quantifications for individual “runs” and aggregating individual runs into sample specific 
would require additional manipulations, we focus 18,626 samples from 968 GEO datasets which had one run per sample. 
The consistency of the processed data was assessed by calculating pairwise Pearson’s correlations between all sample 
GREIN profiles with all recount profiles. A pair of GREIN and recount profiles (𝐠! , 𝐫B) is designated as true positive (TP) if 

they correspond to the same sample, true negative (TN) if they come from different GEO series, and the pairs 
corresponding to different samples within the same series as “SameGSE”. The distribution of Person’s correlations is 
shown in Fig 1. It indicates very strict separation between the correlations between TP and TN samples. This is also clearly 
indicated in the associated ROC curves for separating TP from TN samples (Fig1 B). False positive rate (fpr) for each TP pair 
(𝒈! , 𝒓!) was calculated as the proportion of TN pairs with higher correlation than 𝑐𝑜𝑟(𝐠! , 𝐫!). The area under the ROC 
curve was 0.98 indicating close to perfect separation.  

Fig 1 
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The accuracy and the consistence of iLINCS analysis results 
To establish that the accuracy of iLINCS analysis results we implemented the equivalent methodology off-line and cross-
references the results produced by iLINCS with results produced by independently implemented methods off-line. We 
focused on two main aspects of the analyses offered by iLINCS: 1) The connectivity analysis between pre-computed and 
user submitted signatures; and 2) The methods for creating an omics signature from iLINCS datasets.   

Accuracy of connectivity analysis 
To systematically and reproducibly assess the accuracy of pre-computed connections between iLINCS signatures and 
accuracy of the connectivity analysis of newly created and user submitted signatures, we wrote a qulity control (QC) R 
script (https://github.com/uc-bd2k/ilincsAPI/tree/master/qc) that implements connectivity analysis methods used by 
iLINCS, performs off-line connectivity analysis, and compares the results to iLINCS results.  

Accuracy of pre-computed connectivity scores 
The pre-computed connections between all iLINCS signatures are based on the extreme Pearson’s correlation of signed 
significances (Supplemental Methods). For a randomly selected iLINCS signatures, the QC R script uses iLICNS API to 
identify connected signatures and the value of the extreme Pearson’s correlation. Then it again uses iLINCS API to 
download the query and a randomly selected set of connected signatures and calculates extreme Pearson’s correlations 
off-line. Finally, it compares the correlations returned by the iLINCS query to the off-line calculated correlations. Below is 
the example output produced by the QC R script for the analysis of iLINCS CP signature LINCSCP_113267 and five randomly 
selected connected signatures. Results were identical to within what is expected by precision of the data stored in the 
iLINCS database. 

[1] For signature: LINCSCP_85346 calculated extreme correlation is:-0.330399839537796 iLINCS query results 
is: -0.3304 

[1] For signature: LINCSCP_14449 calculated extreme correlation is:-0.308913198637522 iLINCS query results 
is: -0.308913 

[1] For signature: LINCSCP_85348 calculated extreme correlation is:-0.297887956989956 iLINCS query results 
is: -0.297888 

[1] For signature: LINCSCP_85349 calculated extreme correlation is:-0.279814638299072 iLINCS query results 
is: -0.279815 

[1] For signature: LINCSCP_209947 calculated extreme correlation is:-0.277738762299301 iLINCS query results 
is: -0.277739 

The accuracy and the consistency of connectivity scores calculated for newly created and user-submitted 
signatures  
The user-submitted signature can come in the form of a table of log differential gene expressions and pvalues, (d,p), a 
table of only log differential gene expressions (d), and the lists of up- and down-regulated genes (glup,gldown). We used QC 
R script to submit the same signature (LINCSCP_113267) for the analysis via iLINCS API in these three forms and compared 
the results produced by iLINCS to off-line computations by QC R script. 

The accuracy of weighted correlations connectivity analysis for a (d,p) signature 
If the query signature is created from an iLINCS dataset, or directly uploaded by the user in the form of a table of log 
differential gene expressions and pvalues, (d,p) (Supplemental methods), the connectivity with all iLINCS signatures is 
calculated as the weighted correlation between the two vectors of log-differential expressions (Supplemental methods Eq 
3). For this scenario, we used that same signatures as in previous section (LINCSCP_113267) and submitted it for analysis 
via iLINCS API as a user submitted signature. The results returned by iLINCS were compared to off-line weighted correlation 
calculated by QC R script off-line for five randomly selected connected signatures. The weighted correlation coefficient 
against 5 other signatures is calculated offline and compared with iLINCS results. Results were again identical to within 
what is expected by precision of the data stored in the iLINCS database. 
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[1] For signature: LINCSCP_85346 calculated weighted correlation is:-0.473201749262842 iLINCS query results 
is: -0.4732018163 

[1] For signature: LINCSCP_85348 calculated weighted correlation is:-0.447326879788148 iLINCS query results 
is: -0.4473269829 

[1] For signature: LINCSCP_14449 calculated weighted correlation is:-0.437788573887979 iLINCS query results 
is: -0.4377884536 

[1] For signature: LINCSCP_11625 calculated weighted correlation is:-0.435372189868698 iLINCS query results 
is: -0.435372125 

[1] For signature: LINCSCP_85349 calculated weighted correlation is:-0.429771138405948 iLINCS query results 
is: -0.4297711733 

The accuracy of weighted correlations connectivity analysis for a (p) signature 
If the query signature is directly uploaded by the user in the form of a table of log differential gene expressions (d) 
(Supplemental methods), the connectivity with all iLINCS signatures is calculated as the weighted correlation between the 
two vectors of log-differential expressions with weights being calculated only using p-values of iLINCS signatures 
(Supplemental methods). We again used that same signatures as in previous section (LINCSCP_113267) and submitted it 
for analysis via iLINCS API as a user submitted signature consisting only of log differential expressions. The results returned 
by iLINCS were compared to off-line weighted correlation calculated by QC R script off-line for five randomly selected 
connected signatures. The weighted correlation coefficient against 5 other signatures is calculated offline and compared 
with iLINCS results. Results were again identical to within what is expected by precision of the data stored in the iLINCS 
database. 

[1] For signature: LINCSCP_11631 calculated weighted correlation is:-0.507595884030785 iLINCS query results 
is: -0.5075960534 

[1] For signature: LINCSCP_209947 calculated weighted correlation is:-0.500765362989446 iLINCS query results 
is: -0.5007654212 

[1] For signature: LINCSCP_85346 calculated weighted correlation is:-0.495213570689653 iLINCS query results 
is: -0.4952136282 

[1] For signature: LINCSCP_11633 calculated weighted correlation is:-0.490393202955426 iLINCS query results 
is: -0.4903931816 

[1] For signature: LINCSCP_14449 calculated weighted correlation is:-0.481937171739761 iLINCS query results 
is: -0.4819370293 

The accuracy of queries with up- and down-regulated gene lists (glup,gldown) 
If the query signature is directly uploaded by the user in the form of the lists of up- and down-regulated genes 
(glup,gldown) (Supplemental methods), the connectivity with all iLINCS signatures is calculated by assigning -1 to down-
regulated and +1 to upregulated genes: 

𝑑! = 8
1, if	gene	𝑖 ∈ 𝐠𝐥<=
1, if	gene	𝑖 ∈ 𝐠𝐥5>4?

A 

and calculating weighted Pearson’s correlation between such vector and iLINCS signatures in the same way as in the 
previous section, when user submitted signature d consisted of only log differential expression levels without p-values. 
We again used that same signatures as in previous section (LINCSCP_113267), extracted 100 most up- and down-regulated 
genes and submitted it for analysis via iLINCS API as a user submitted signature. The results returned by iLINCS were 
compared to off-line weighted correlation calculated by QC R script for five randomly selected connected signatures. 
Results were again identical to within what is expected by precision of the data stored in the iLINCS database. 

[1] "For signature: LINCSCP_4770 calculated correlation is:0.594277981689531 iLINCS query results is: 
0.5942780464" 
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[1] "For signature: LINCSCP_19362 calculated correlation is:0.557703722767745 iLINCS query results is: 
0.5577038697" 

[1] "For signature: LINCSCP_32084 calculated correlation is:0.555662560888544 iLINCS query results is: 
0.5556625943" 

[1] "For signature: LINCSCP_918 calculated correlation is:0.552018761801338 iLINCS query results is: 
0.5520187776" 

[1] "For signature: LINCSCP_26496 calculated correlation is:0.542683999823284 iLINCS query results is: 
0.5426839885" 

Accuracy of analysis of iLINCS datasets to create a signature 
The accuracy of the differential expression analysis of an iLICNS dataset to create an omics signature is also demonstrated 
by the results presented in the Microarray datasets qc section. In the process of validating that iLINCS GDS datasets can 
be used to accurately re-create signatures that were independently created by the EBI Expression Atlas project, we also 
validated the accuracy of the analysis procedure used by iLINCS to perform the differential expression analysis between  
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Use case 1: Detecting and modulating aberrant mTOR pathway signaling
We use mTOR signaling as the prototypical example of using iLINCS to identify chemical perturbagens capable of modulating a known 
signaling pathway driving the disease process (A and B), using iLINCS in establishing MOA of a chemical perturbagen (C, D, E) and in 
detecting aberrant signaling in the diseased tissue. 

1

Connected CGSes

Targets of connected CPs

C) D)

E)

Targets of connected CPsConnected CGSesA) B)

Colorectal cancer
Valine, leucine and isoleucine degradation
Terpenoid backbone biosynthesis
Endometrial cancer
Cell cycle

Phospholipase D signaling pathway
HIF-1 signaling pathway
PI3K-Akt signaling pathway
Glioma
FoxO signaling pathway

mTOR signaling pathway
Colorectal cancer
Endometrial cancer
Autophagy
Thyroid hormone signaling pathway



Use case 1 Part 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein

First, we search through iLINCS libraries for Consensus Genes Signatures (CGSes) of MTOR knock-down and use the CRISPR CGS in 
MCF-7 cell line as the query signature. The connectivity analysis identifies 258 LINCS CGSes and 831 CP Signatures with statistically 
significant correlation with the query signature. Top 100 most connected CGSes are dominated by the signatures of genetic perturbations 
of MTOR and PIK3CA genes (Fig 2A), whereas all top 5 most frequent inhibition targets of CPs among top 100 most connected CP 
signatures are MTOR and PIK3 proteins (Fig 2B).  Results clearly indicate that the query MTOR CGS is highly specific and sensitive to 
perturbation of the mTOR pathway and effectively identifies chemical perturbagens capable of inhibiting mTOR signaling. The connected 
CP signatures also include several chemical perturbagens with highly connected signatures that have not been known to target mTOR 
signaling providing additional candidate inhibitors.

Targets of connected CPsConnected CGSesA) B)

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 2



1. Click "Signatures“ tab on the top of iLINCS homepage to 
open signatures pipeline consisting of over 200,000 pre-
computed signatures.

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 3



2. Perform MTOR knockdown signature search within 
LINCS Consensus Gene (CGS) knockdown signature 
library and select the CRISPR MTOR knockdown in 
MCF-7 cell line as the query signature.

3. Click on the signature ID to 
open the signature landing page.

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 4



4. Signature landing page for the selected signature “LINCSKD_33763”.

5. Click “Connected Signatures” tab to instruct iLINCS to perform 
connectivity analysis to identify pre-computed genome-wide signatures 
that correlate (positively or negatively) with the selected signature.

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 5



6. Click “258 of LINCS consensus gene (CGS) knockdown signatures” 
and/or “831 of LINCS chemical perturbagen signatures” to expand the 
list of connected signatures within those signature libraries.

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 6



7. To display statistics for top 100 connected signatures 
within CGS knockdown signature library, you must: 
>7A. Choose to display 100 signatures; 
>7B. Select visible signatures under the “Selection”;
>7C. Instruct iLINCS to refresh statistics.

7A

7B

7C

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 7



8. Top 100 most connected CGS knockdown signatures are 
enriched for the genetic perturbations of MTOR and PIK3CA genes.

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 8



9. To display statistics for top 100 connected signatures 
within chemical perturbagen signature library, you must: 
>9A. Choose to display 100 signatures; 
>9B. Select visible signatures under the “Selection”;
>9C. Instruct iLINCS to refresh statistics.

9A

9B

9C
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10. Top 5 inhibition targets of chemical perturbagens
among most connected chemical perturbagen
signatures are MTOR and PIK3 proteins.

Use case 1: Identifying chemical perturbagens emulating genetic perturbation of MTOR protein 10



Use case 1 Part 2: Mechanism of action analysis via connection to genetic perturbation signatures

Transcriptional signature of the chemical perturbagens often carry only an echo of such effects since the proteins directly targeted by the 
chemical and associated signaling proteins are not transcriptionally changed. iLINCS offers the solution for this problem by connecting the 
CP signatures to LINCS CGSes and follow-up systems biology analysis of genes whose CGSes are highly correlated with the CP 
signature. This is demonstrated by the analysis of one of the CP signatures of the 24 hour, 0.04µM treatment of the MCF-7 cell line with the 
mTOR inhibitor Everolimus (Fig 2CDE).  Traditional pathway enrichment analysis of the transcriptional signatures via iLINCS connection to 
Enrichr (Fig 2C) fails to identify the mTOR pathway as being affected. In the next step, we first connect the CP signature to LINCS CGSes
and then perform pathway enrichment analysis of genes with correlated CGSes. This analysis correctly identifies mTOR signaling pathway 
as the top most affected pathway (Fig 2D). Similarly, connectivity analysis with other CP signatures followed by the enrichment analysis of 
protein targets of connected CPs again identifies the Pi3k-Akt signaling pathway as one of the most enriched (Fig 2E). 

Ç√

Ç√



1. Click "Signatures“ tab on the top of iLINCS homepage to 
open signatures pipeline consisting of over 200,000 pre-
computed signatures.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures

12



2. Search for a signature of 24 hour, 0.04µM 
treatment of the MCF-7 cell line with the mTOR 
inhibitor Everolimus within LINCS chemical 
perturbagen signatures library.

3. Click on the signature ID to 
open the signature landing page.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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4. Signature landing page for the selected signature “LINCSCP_137891”.

5. Click “Enrichment Analysis” to send the list of selected genes to the 
Enrichr to perform computational analysis checking whether an input 
set of genes (i.e. selected genes from LINCS signature) significantly 
overlaps with annotated gene sets.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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6. Pathway enrichment analysis of the selected 
genes from LINCS CP transcriptional signature for 
Everolimus fails to identify the mTOR pathway.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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7. Click “Connected Signatures” tab to instruct iLINCS to perform 
connectivity analysis to identify pre-computed genome-wide signatures 
that correlate (positively or negatively) with the selected signature.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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8. Expand the list of LINCS consensus gene (CGS) knockdown 
signatures that connect to the selected Everolimus chemical 
perturbagen transcriptional signature.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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10. To perform pathway enrichment analysis for target genes 
from connected CGS knockdown signatures, you must: 
>10A. Select all signatures under the “Selection”;
>10B. Perform target gene pathway enrichment analysis by 
clicking “Analyze” and selecting “Enrichr”.

9. iLINCS displays statistics for top 5 target genes from connected 
signatures to the Everolimus signature within CGS knockdown 
signatures library that is enriched for MTOR and PIK3CA genes.

10B

10A

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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11. Pathway enrichment analysis of the target 
genes from correlated LINCS CGS knockdown 
transcriptional signatures correctly identifies mTOR 
signaling pathway as the most affected pathway.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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12. Click “3602 of LINCS chemical perturbagen signatures” to expand 
the list of signatures that connect to the selected Everolimus chemical 
perturbagen transcriptional signature.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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13. To display statistics for top 100 connected signatures within 
LINCS chemical perturbagen signatures library, you must: 
>13A. Choose to display 100 signatures; 
>13B. Select visible signatures under the “Selection”;
>13C. Instruct iLINCS to refresh statistics.

13A

13B

13C

14. After instructing iLINCS to refresh statistics in step 13 
(above), top 5 inhibition targets of chemical perturbagens 
among top 100 most connected chemical perturbagen 
signatures are for MTOR and PIK3 proteins.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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15. To perform pathway enrichment analysis for perturbagen targets from 
connected LINCS chemical perturbagen signatures, you must: 
>15A. Choose to display 100 signatures (if not selected already in previous step); 
>15B. Select visible signatures under the “Selection”;
>15C. Perform target gene pathway enrichment analysis by clicking “Analyze” 
and selecting “Enrichr”.

15A

15B

15C

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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16. Pathway enrichment analysis of the 
perturbagen targets from correlated LINCS 
chemical perturbagen transcriptional signatures 
identifies PI3K-Akt signaling pathway as one of the 
most affected pathways.

Use case 2: Mechanism of action analysis via connection to 
genetic perturbation signatures
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Use case 2: Proteo-genomics analysis of cancer driver events in breast cancer

Use Case 2: Proteo-genomics analysis of cancer driver events in breast cancer 1

The use case describes the analysis of TCGA breast cancer RNA-seq and RPPA data using the iLINCS “Datasets” workflow to construct and
analyze the differential gene and protein expression signatures contrasting Luminal A and Her2 enriched (Her2E) breast tumors. The analysis
results are depicted in the Figure. A) Most differentially expressed proteins in the proteomics signatures constructed by comparing RPPA
profiles of Her2E and Luminal A BRC samples; B) Gene expression profile of the genes corresponding to proteins in A) based on RNA-seq
data; C) Top 100 CP signatures most connected with the transcriptional signature constructed by comparing RNA-seq profiles of Her2E and
Luminal A samples; D) Selected chemical perturbagens and their targets for CP signatures in C).



1. Click “Datasets“ tab on the top of iLINCS homepage to start with 
the “Datasets” workflow. The workflow allows you to select a 
dataset and create a differential expression gene/protein signature.

Use Case 2: Proteo-genomics analysis of cancer driver events in breast cancer 2

2. To browse TCGA datasets 
click “Choose” button.



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer 3

3. Select the BRC RPPA 
dataset for the analysis.

4. To create signature.



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer 4

5. Select the sample property (ie factor) that will be 
used to construct two groups of samples for 
signature creation

6. Select the value of the  
factor that will indicate 
treatment and baseline 
sample groups 

7. Create differential protein expression signature 
between treatment and baseline samples



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
5

8. Click here to select different set of differentially 
expressed proteins (by default, 100 most statistically 
significant proteins are selected) 

Signature in the form of the 
table and connectivity 
analysis tabs to connect to 
iLINCS signatures and 
perturbations

Various internal and external 
applications that can be used 
to further analyze the 100 
gene signature



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
6

9. Use sliders to select differentially expressed with p-value<10e-10 that 
with increased expression in Her2E samples. Since Her2E samples were used 
as baseline samples, these log2 differential expression of these proteins will 
be less than zero proteins. You can also click and label individual proteins in 
the volcano plot. 

10. Click analyze to use the 
selected 12 proteins in 
further analyses



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
7

Most differentially 
expressed proteins are 
known drivers of Her2E 
and Luminal A BRC 
subtypes

11. Click to view the 
heatmap of the 12 proteins 
in the analysis of the 
corresponding RNA-seq 
datasest



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
8

12. Interactive box plot 
for distribution of 
sample expression 
levels

13. Click to proceed with the 
analysis of the corresponding  
RNA-seq dataset using selected 
12 genes



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
9

14. Search for the BRC RNA-seq 
dataset in the TCGA collection

Genes selected in RPPA dataset 
analysis

15. Select the dataset



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
10

16. Select the sample property (ie
factor) that will be used to construct 
two groups of samples for signature 
creation

17. Select the value of the  factor 
that will indicate treatment and 
baseline sample groups 

18. Perform differential gene 
expression analysis between 
treatment and baseline samples

15. Click to create the signature (ie perform differential 
expression analysis for the selected 11 genes)



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
11

19. View the gene by gene analysis 
results

20. View the hetamap



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
12

21. Start with the Datasets workflow

22. Search Datasets for BRC in the 
TCGA collection

23. Select the BRC RNA-seq dataset 
for the analysis

24. Initiate the full signature creation 



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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28. Use interactive volcano 
to select 665 genes most up-
regulated in Her2E cancer 
(p-value<1e-10 and and log 
differential expression <0)

25. Select the sample property (ie factor) that will be 
used to construct two groups of samples for signature 
creation

26. Select the value of the  factor that will indicate 
treatment and baseline sample groups 

27. Perform differential gene expression analysis between 
treatment and baseline samples



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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29. Pathway analysis with Enrichr of 
selected genes upregulated in Her2E 
tumors



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
15

30. Connectivity analysis with 
LINCS CP perturbation signatures



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
16

31. To further analyze top 100 
most connected CP signatures, 
first modify the number of 
signatures displayed. 

The connectivity analysis provides the sorted list of 
most statistically significantly correlated signatures. 

32. Then click on “Select 
Visible” signatures in the 
“Selection” drop down menu



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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33. Confirm the selected signatures 
and the default number of most 
differentially expressed genes to be 
used from each signature. The 
number of signature is 101, 
because the original Luminal A vs 
Her2E signature is also included in 
the analysis.

32. Select “Group Analysis” on the 
“Analysis” drop-down menu.



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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35. To perform pathway enrichment analysis for a 
set of co-expressed genes, select  the cluster.

36. Right click on the (invisible in this case) 
column of selected gene symbols, end select 
“Export” on the context specific menu.

37. Submit the genes to Enrichr

34. To view the heatmap of expression 
changes in 101 signatures.



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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38. To view the heatmap of protein targets 
of corresponding perturbages.



Use case 3: Drug repurposing for COVID-19 

Use Case 3: Drug repurposing for COVID-19 
1

In this use case, we use iLINCS to construct a SARS-CoV-2 infection signature by re-analyzing a GEO dataset GSE147507. The signature
was constructed by differential gene expression analysis of infected vs mock-infected A549 cell line genetically modified to express ACE2 gene
which is required for viral entry into the cell. The resulting signature comprises many upregulated chemokines and other immune system related
genes, including the EGR1 transcription factor that regulates inflammation and immune system response, and TNF and NK-kappa B signaling
as the two pathways most enriched for upregulated genes (A). CMAP analysis against the LINCS gene over-expression signatures identifies
the signature of LYN tyrosine kinase as the most positively correlated with the SARS-CoV-2 infection signature (B). The enrichment analysis of
over-expressed genes with positively correlated signatures, drived by the over-expression signatures of the six NF-kappa B pathway regulators
(LYN, TIRAP, BCL10, LTBR, TNF, CD40), identified NF-kappa B signaling pathway as the most enriched (B). This confirms mechanistically the
gene expression enrichment analysis of the infection signature. CDK inhibitors and the drug Avlodicip are identified as the potential therapeutic
strategies based on their ability to reverse the infection signature (C). suggested as a potential candidate for drug repurposing 75.



1. Click “Datasets“ tab on the top of iLINCS homepage to start with 
the “Datasets” workflow. The workflow allows you to select a 
dataset and create a differential expression gene/protein signature.

2

2. Search for GSE147507.

Use Case 3: Drug repurposing for COVID-19 



3

3. Select the dataset for 
the analysis.



4

5. Select the “treatment” as factor of interest

6. Select the value of the  factor that 
will indicate treatment and baseline 
sample groups 

7. Choose “Yes” to subset samples to only 
one cell line and unselect all “cell lines” 
other than the “A549_ACE2expression”

4. Select ”Analyze dataset” workflow

8. Create signature



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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9. Return to iLINCS workflow, 
by clicking ”Upload” to iLINCS

Signature in the form of the 
table of differential 
expressions and p-values for 
all 18,230 genes analyzed



6

10. Use interactive volcano app to visualize and 
select differentially expressed genes
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11. Use sliders to select genes upregulated after SARS-COV2 infection with 
p-value<1e-10. 

12. To label most 
differentially expressed 
genes, first select 
“Interactive volcano plot” 
and then click on the dots. 

13. Click on ”Analyze” to 
analyzed selected genes. 
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14. Click on Enrich to submit 
selected upregulated genes 
for pathway analysis
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15. Select “Pathways” panel. 
And observe to most 
significant KEGG pathways



Use Case 3: Proteo-genomics analysis of cancer driver events in breast cancer
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17. Select three LINCS 
transcripomic signature 
libraries for 
connectivity map 
analysis

16. Select ”Connected 
Signatures” panels



11

19. Filter on only A549 
signature

18. Expend the results for 
LINCS gene overexpression 
signatures

20. Expand the list of 
visible signatures
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21. Click on “Select visible” to 
select all displayed signatures



13

22. Click on “Analyze” drop 
down list and then click on 
Enrichr to perform pathway 
analysis of overexpressed 
genes corresponding to 
selected signatures.
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23. Select “Pathways” panel. 
And observe to most 
significant KEGG pathway
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28. Click to proceed with 
summaries
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Final results reported in the 
paper
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