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Abstract

Motivation: As part of the NIH Library of Integrated Network-based Cellular Signatures program,

hundreds of thousands of transcriptomic signatures were generated with the L1000 technology,

profiling the response of human cell lines to over 20 000 small molecule compounds. This effort is

a promising approach toward revealing the mechanisms-of-action (MOA) for marketed drugs and

other less studied potential therapeutic compounds.

Results: L1000 fireworks display (L1000FWD) is a web application that provides interactive visual-

ization of over 16 000 drug and small-molecule induced gene expression signatures. L1000FWD

enables coloring of signatures by different attributes such as cell type, time point, concentration, as

well as drug attributes such as MOA and clinical phase. Signature similarity search is implemented

to enable the search for mimicking or opposing signatures given as input of up and down gene

sets. Each point on the L1000FWD interactive map is linked to a signature landing page, which pro-

vides multifaceted knowledge from various sources about the signature and the drug. Notably

such information includes most frequent diagnoses, co-prescribed drugs and age distribution of

prescriptions as extracted from the Mount Sinai Health System electronic medical records. Overall,

L1000FWD serves as a platform for identifying functions for novel small molecules using unsuper-

vised clustering, as well as for exploring drug MOA.

Availability and implementation: L1000FWD is freely accessible at: http://amp.pharm.mssm.edu/

L1000FWD.

Contact: avi.maayan@mssm.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

As part of the NIH LINCS project, the Broad Institute LINCS

Center for Transcriptomics has generated over 1.3 million transcrip-

tomic profiles utilizing the L1000 technology (Subramanian et al.,

2017). A large portion of this L1000 data comprises of drug per-

turbations of human cell lines. The gene expression profiles collected

by the L1000 technology can be used to generate hundreds of thou-

sands drug-induced gene expression signatures. Such collection of

signatures is a valuable catalog for finding connections between

drugs, genes and diseases; and for discovering mechanisms-of-action

(MOA) for less understood drugs and small-molecule compounds.

The catalog of signatures also provides opportunities for drug repur-

posing. For instance, by performing network analysis, (Iorio et al.,

2010) discovered that densely interconnected drug communities are

enriched for drugs with similar MOA. Such drug similarity network

was later developed into the web tool Mantra (Carrella et al., 2014).

In comparison with L1000FWD, Mantra aggregates signatures

across cell line, dose and time points and visualizes a network of

only FDA approved drugs. By clustering and visualizing the ex-

pression signatures of>2000 pre-clinical investigational compounds
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together with approved drugs, L1000FWD directly proposes indica-

tions and reveals potential MOA for many new potential thera-

peutics as direct hypotheses that could be further tested. Matching

disease signatures with drug signatures has also been systematically

evaluated as an effective approach for discovering novel indications for

drugs (Cheng et al., 2014). Tools such as DvD (Pacini et al., 2013) and

L1000CDS2 (Duan et al., 2016) have been developed to match dis-

ease/drug signatures for drug repurposing. In addition to matching sig-

natures based on their similarity, the connectivity mapping approach

was shown to be useful for predicting adverse drug reactions using ma-

chine learning (Wang et al., 2016). The newly generated LINCS

L1000 data are a more comprehensive catalog of expression signatures

than the original Connectivity Map (Lamb, 2006). However, it is not

trivial to develop methods to enable exploration of this massive data-

set. Advances in web-based interactive visualization now enable re-

sponsive complex animated displays of millions of data points. In

particular, the HTML5 canvas element provides the ability of render-

ing bitmaps using scripting in the browser. This feature is realized with

new JavaScript libraries that implement WebGL (Parisi, 2012), a ver-

sion of OpenGL for web applications. Here, we present L1000FWD, a

web-based data visualization application that interactively visualizes

thousands of drug-induced gene expression signatures from the LINCS

L1000 dataset using these new technologies.

2 Materials and methods

Preparation of signatures and network construction: Drug/small-

molecule perturbation profiles from the quantile normalized LINCS

L1000 data (Level 3) were first adjusted for batch effects using a

normalization procedure (Iskar et al., 2010). Then, drug/small-

molecule perturbation signatures were computed using the

Characteristic Direction method (Clark et al., 2014). The quality of

the signatures was evaluated using the consistency between drug

treatment replicates measured by an empirical permutation test

(Niepel et al., 2017). More details about the method can be found in

the Supplementary Material. A total of 34 502 significant drug per-

turbation signatures were used to construct an adjacency matrix of

signatures. This adjacency matrix contains the pairwise cosine similar-

ity between signatures in the space of the 978 landmark genes, with

negative values set to 0. Edges with cosine similarity larger than the

99.95% percentile (>0.61) were kept, resulting in a weighted undir-

ected graph made of 18 082 nodes (signatures) and 595 177 edges.

Connected components with less than 10 nodes were removed from

the graph, resulting in a graph made of 16 848 nodes and 594 372

edges. The final graph of signatures covers 68 distinct cell lines, 3237

drugs/compounds, 3 time points and 132 dosages. The graph layout

was achieved using the Allegro edge-repulsive strong clustering algo-

rithm implemented in Cytoscape (Shannon, 2003) with 10 000

iterations.

Development of the web application: To build the L1000FWD

web application, all the 16 848 signatures, together with their meta-

data, are stored in a MongoDB database. Python Flask web frame-

work was utilized as the backend to interact with the database

through custom object-relational map model (ORMs) pings. To

interactively visualize the large network of drug-induced signatures,

the HTML5 canvas element was used to layout the network; the

JavaScript libraries three.js (Dirksen, 2013) and d3.js (Bostock

et al., 2011) were used to handle the zooming, panning, searching,

coloring and shaping functionalities and interactivity; the JavaScript

library backbone.js (Osmani, 2013) was used to handle event dele-

gations between the visualization and the multiple controllers.

3 Results

Within the L1000FWD fireworks display, each node represents a

drug-induced gene expression signature. The shape and color of

nodes can be changed according to their associated attributes such

as cell line, structural scaffold, MOA, time point and batch, through

controls placed near the map. Signatures are clustered by their ex-

pression similarity. By hovering over a signature, a user can access

more information about the signature including the drug name, cell

line, concentration, time point and the ID of the signature (‘sig_id’).

Each signature is hyperlinked to a landing page that contains infor-

mation about the drug and the signature. Available information in-

cludes common diagnoses and co-prescribed drugs harvested from

the Mount Sinai EHR, whereas up and down regulated genes

induced by the signature can be piped into Enrichr (Chen et al.,

2013) for gene set enrichment analyses. Among the visually identifi-

able clusters, many clusters contain signatures from the different cell

types while sharing common MOA (Fig. 1). For instance, anti-cancer

drugs that inhibit cell cycle such as CDK inhibitors and Topoisomerase

inhibitors forms a large cluster consisting of 15 cell lines, suggesting

that the cell cycle arrest response induced by these small-molecules is

universal across cell lines. Interestingly, this cluster also contains

small molecules not previously known to be cell cycle inhibitors, for

example, BRD-K79222491, a molecular probe compound with

unknown function. Hence, many pre-clinical compounds within the

clusters that contain diverse cell type, and currently without known, or

clear, MOA, could be directly inferred to share similar MOA of

the well-studied drugs found in the same cluster. In addition, the

L1000FWD map allows users to project their own custom signatures

onto the map for identifying where their signature fall in the global ex-

pression space. The signature similarity search results are available for

sharing and download. In summary, L1000FWD provides an advance-

ment in the interactive visualization of complex high dimensional data,

enabling the discovery of MOA for known and novel drugs facilitating

pre-clinical drug discovery and drug repositioning opportunities.
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Fig. 1. L1000FWD visualization of drug-induced signatures. Signatures are col-

ored by the cell lines. Clusters of drugs that share MOA are highlighted with

few example drugs having known MOA (black) as well as examples of small

molecules without known MOA (red). I–inhibitors; A–agonists/activators
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