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SUMMARY

The availability of multi-omics data applied to profile cancer cohorts is rapidly
increasing. Here, we present a protocol for Multiomics2Targets, a computational
pipeline that can identify driver cell signaling pathways, protein kinases, and cell-sur-
face targets for immunotherapy. We describe steps for preparing the data, upload-
ing files, and tuning parameters. We then detail procedures for running the workflow,
visualizing the results, and exporting and sharing reports containing the analysis.
For complete details on the use and execution of this protocol, please refer to
Deng et al.’

BEFORE YOU BEGIN

With the growing availability of tumors profiled with multiple-omics technologies, there is a need for
tools to analyze and integrate this data to produce actionable insights towards the development of
personalized therapeutics. Multiomics2Targets' is a platform that enables users with little or no pro-
gramming background to perform integrative analysis to identify cell surface proteins aberrantly ex-
pressed on tumor cells, and driver cell signaling pathways, including protein kinases, for cancer sub-
types. The pipeline produces a paper-like report automatically as the output of the platform along
with numerous figures and tables, all of which are available for download, additional analysis, and
reuse. The following protocol describes the specific steps involved in analyzing the data collected
by the Clinical Proteomic Tumor Analysis Consortium (CPTAC).? However, the workflow can be
applied to any collections of transcriptomics, proteomics, and phosphoproteomics datasets individ-
ually or in combination. In other words, although uploading matched transcriptomics, proteomics,
and phosphoproteomics produces the most robust and complete analysis, only one data type is
needed to perform a partial run of the workflow.

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

CPTAC3 cohort dataset (open-access data; no approval is required)  Li et al.’ https://pdc.cancer.gov/pdc/cptac-pancancer,
https://www.ncbi.nlm.nih.gov/projects/gap/
cgi-bin/study.cgi?study_id=phs001287.v16.p6
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REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

The source code for Multiomics2Targets (CC BY-NC) Deng et al.’ https://github.com/MaayanlLab/Multiomics2Targets

The source code for the eXpression2Kinases
analysis (CC BY-NC)

The Multiomics2Targets website (CC BY-NC)
KEA3 (CC BY-NC)

ChEA3 (CC BY-NC)

Enrichr (CC BY-NC)

TargetRanger (CC BY-NC)
Geneshot (Apache License 2.0)

Chen et al.%; Clarke et al.”

Deng et al.’
Kuleshov et al.®
Keenan et al.”

Chen et al.?; Kuleshov
etal.”; Xie et al."®

Marino et al."’

Lachmann et al.'?

https://doi.org/10.6084/m9.figshare.26199887
https://github.com/MaayanlLab/x2k-pathway-analysis

https://multiomics2targets.maayanlab.cloud/
https://maayanlab.cloud/kea3/
https://maayanlab.cloud/chea3/
https://maayanlab.cloud/Enrichr/

https://targetranger.maayanlab.cloud/
https://maayanlab.cloud/geneshot/

MATERIALS AND EQUIPMENT

The Multiomics2Targets platform is a freely accessible webserver available at https://

multiomics2targets.maayanlab.cloud/. Multiomics2Targets was developed utilizing the Appyter

framework'® which enables the creation of interactive input forms and the automatic execution
and visualization of Jupyter Notebooks. The backend and accompanying code used for the analysis
was developed in Python 3.9, and the Ul is styled and created with Jinja2 and Svelte components.

STEP-BY-STEP METHOD DETAILS

Preparing the data and uploading it to Multiomics2Targets

O Timing: <5 min

Uploaded data matrices must conform to a specified format. Only properly formatted datasets

should be uploaded to the Multiomics2Targets site for analysis.

1. Prepare data matrices in the format where samples are the columns, and gene/proteins are the

rows. Such data matrices can represent transcriptomics, proteomics, and/or phosphoproteomics

collected from matching patients.

Note: For the CPTAC3 data, all 10 cancer types have canned examples available on the
Multiomics2Targets site. The CPTAC3 data” is available from https://pdc.cancer.gov/pdc/
cptac-pancancer. The prepared data matrices serve as examples for how to prepare your

data for upload to Multiomics2Targets.

2. Access the Multiomics2Targets site from https://multiomics2targets.maayanlab.cloud/. Trouble-

shooting 1.

3. Before uploading the data, ensure that the file format follows the format specified in the tooltips

(Figure 1A) next to each data type.

For the transcriptomics data matrices, ensure each row contains a gene that maps to an NCBI

gene symbol or ENSEMBL ID, and the expression level of that gene. Check that the columns

contain unique sample IDs.

Note: NCBI synonyms are mapped to official symbols.

Note: The pipeline performs normalization, so it expects un-normalized gene counts.

a. Forthe uploaded proteomics data matrices, ensure that each row contains a gene or a protein

name, and each column corresponds to a unique sample ID, matching those same IDs of the

other uploaded data and metadata matrices.
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Figure 1. Screenshots from the upload form of Multiomics2Targets

(A) By hovering over the question mark icon, users are provided with an example that explains how to format the input
data files.

(B) Once a well-formatted file is selected or dragged to the designated area, a progress bar provides feedback about
the status of the upload. The progress bar turns green once the upload is complete.

Note: If some samples are missing for one or more of the data modalities, the pipeline ex-
cludes these samples from the analysis when it is applicable.

b. For the uploaded phosphoproteomics data matrices, ensure phosphosites or protein names
are on each row, and each column contains a unique sample ID, matching those same IDs as
the other uploaded data and metadata matrices.

c. Foruploaded metadata, check that each row contains a sample ID matching those in the up-
loaded data matrices type(s), and each column contains a metadata attribute that is either cat-
egorial (text strings) or numerical.

4. Ensure that the files you prepare complete uploading. Alternatively, click on any of the upload
areas to open a native file explorer where users can select their data or metadata files from the

local file system. Troubleshooting 2.

Note: A progress bar appears once a file is dragged into any of the colored areas (Figure 1B).

Tuning the pipeline parameters
® Timing: <5 min

Adjusting the available parameter settings on the Multiomics2Targets landing page may improve
the results and provide the user with greater control in how the pipeline is executed.

5. Optional: Inspect the various parameter options and adjust as necessary (Figure 2):
a. Specify a column in the uploaded metadata file to serve as cluster annotations. These anno-
tations replace automatic clustering computed by the default pipeline.
b. Choose whether to prioritize membrane proteins for target identification.

Note: Prioritizing membrane genes/proteins relates to identifying cell-surface proteins highly
expressed in the uploaded cancer samples while lowly expressed across many normal cells
and tissues as reported in several healthy tissue atlases. Itis recommended to keep this option
enabled.

c. Choose whether to perform background normalization for target identification.

Note: Normalization to a background also relates to the identification of aberrantly ex-
pressed genes in the cancer samples. This step aligns the uploaded data into the same dis-
tribution of the healthy background atlases. It is recommended to keep this option
enabled.

d. Choose whether to impute protein expression.

Note: Imputation of protein and phosphoprotein expression levels is achieved by filling
missing values in the uploaded data matrices with averages. If the proteomics or phosphopro-
teomics matrices were previously imputed with a different method, this option should be
disabled. The thresholds for the imputation procedure were tuned with the CPTAC3 data
but can be adjusted based on the user’s needs.
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Figure 2. Screenshot of the Adjustable Parameters for the Multiomics2Targets pipeline

e. Choose the number of differentially expressed genes (DEGs) and differentially phosphory-
lated proteins (DPPs) to utilize in the pipeline.

Note: The number of DEGs and DPPs is set by default to 500. The user may decrease or in-

crease these values depending on the desired breadth of coverage. This is most relevant to
the transcriptomics and phosphoproteomics data matrices.
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Introduction

Table Of Contents

Methods

Abstract
Results

The availability of data from the profiling of cancer patients with multiomics technologies is rapidly increasing. However, integrative analysis of
Discussion such data for knowledge extraction and practical hypotheses generation for clinical applications is not trivial. Here we present
Conclusions Multiomics2Targets, a bioinformatics workflow that enables users to upload three data matrices collected from the same cohorts of cancer

patients. After uploading transcriptomics, proteomics, and phosphoproteomics data matrices as well as accompanying metadata,
References Multiomics2Targets produces a report that bles a research publication. The uploaded data matrices are processed, analyzed, and
visualized using the tools Enrichr, KEA3, ChEA3, Expression2Kinases, and TargetRanger to produce ~80 figures and ~30 tables. Figure and
table legends, as well as descriptions of the methods and results are provided. The reports include an abstract, an introduction, methods,
results, discussion, conclusions, and references sections. Multiomics2Targets reports can be exported as PDF or Jupyter Notebooks, and can
be cited. Additionally, since the pipeline is implemented as a Jupyter Notebook, the source code used to perform the analysis and produce the
report is embedded within the report and can be easily viewed, modified, and run locally. Multiomics2Targets can be used to perform
alternative analyses when only one or two omics datasets are uploaded.

Download As ~ Toggle Code @ ® ®

Jupyter Notebook (.ipynb)
Introduction HTML Export (.html)

A prominent challenge in canc  Notebook Bundie (.zip) ed therapy is identifying viable targets and drugs that can selectively kill, or stop the

proliferation, of tumor cells wit  PDF Export (.pdf) rmal cells and tissues. Furthermore, personalized cancer therapy requires that target
and drug candidates are tailcicu w nnaviuuar v suwyivups of tumors. These pathways and targets can be characterized as the molecular
alterations of regulatory mechanisms, which are known to vary across different tumor types and individuals [4]. Many computational methods

Figure 3. The Multiomics2Targets Reports
Screenshot from the top of the notebook. Export options become available upon completion of the pipeline execution.

f. Set UMAP parameters.

Note: UMAP parameters determine how the pipeline determines sample assignment to clusters.
Such assignment to clusters is based on the normalized transcriptomics data. If the points on the
UMAP appearto belong to one cluster, try to adjust these parameters to potentially reveal subtypes.

6. Optional: Select a method for adding intermediates to the enriched transcription factors for the
Expression2Kinases part of the pipeline. These options include gene-gene co-expression corre-
lations from Geneshot'? and protein-protein co-expression correlations derived from the Cancer
Cell Line Encyclopedia (CCLE)."

7. Optional: Select a cancer type to utilize for the DepMap'® cancer cell-line screening analysis.

Note: The most logical selection here is selecting the cancer type of the uploaded data. The
analysis checks how the identified cell surface targets and driver kinases behave in the
DepMap dataset. Use CMD (Mac) or CTRL key (Windows) to select multiple cancer types to
use for validation with DepMap.

Submit the pipeline for execution
O Timing: 10-20 min
Submission of the uploaded files initiates the execution of the pipeline. Results can be viewed as

they are computed, and the full version of the analysis report can be exported upon completion
of the pipeline execution.
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Figure 4. Representative results from the glioblastoma (GBM) CPTAC3 cohort
(A) Labeled automatic clustering performed on the uploaded transcriptomics data matrix.
(B) Diagrams of pathways that are up regulated in cluster 3 identified with the X2K analysis.
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Figure 4. Continued

(C) Heatmap displaying the enrichment ranks of transcription factors returned from a ChEA3 analysis applied to the down-regulated genes of each
cluster along with tracks of accompanying metadata.

(D) Cell-surface targets identified to be upregulated in one or more of the GBM clusters compared to multiple healthy tissue and cell-type backgrounds,
annotated with Z-scored protein expression.

(E) Recovery of protein kinases inferred with X2K compared to protein kinases directly inferred from the phosphoproteomics.

(F) Recovered kinases Z-scores in individual samples compared to their average across the cohort.

8. Selecting Submit at the bottom of the input form executes the pipeline with the uploaded data
matrices and selected parameters.

Note: The Appyter framework renders the results cell by cell in a Jupyter Notebook style. The
user may inspect and download the results while the pipeline computes in sequence. Trouble-
shooting 3.

9. Save the URL of the report for future use and retrieval, and for sharing the results with
collaborators.

Note: Each run of the pipeline receives a unique and persistent identifier that is embedded
in the URL. Hence, you can share the URL, or return to the results page later. By pasting
the URL in the browser URL text box, you are directed the same executed result page.
Troubleshooting 4.

10. Optional: To view the code executed in each step of the analysis, click on the “toggle code” but-
ton placed directly below the abstract.

11. Optional: The user may export the results as a PDF, HTML, and a ZIP bundle (including all the
figures, tables and executed cells) by clicking on the “Download as” dropdown menu button
(Figure 3).

Note: The selected output type is automatically downloaded to your default downloads
directory.

EXPECTED OUTCOMES

Multiomics2Targets is a freely accessible online platform and a workflow engine that performs inte-
grative analysis on uploaded transcriptomics, proteomics, and phosphoproteomics data matrices
created from profiling cohorts of cancer patients. The platform expands previous work by calibrating
the Expression2Kinases (X2K) workflow.”® By ranking protein kinases from enriched transcription
factors inferred from the transcriptomics data together with the rankings of kinases based on the
phosphoproteomics data, Multiomics2Targets compares the workflows for agreement. The
Multiomics2Targets pipeline produces figures and tables that pinpoint to novel cell signaling path-
ways driven by specific protein kinases. Additionally, the pipeline utilizes the TargetRanger'" algo-
rithm to identify genes that encode for cell-surface proteins that are highly expressed in cancer sub-
types and lowly expressed across most human cells and tissues. These targets may become subjects
for developing antibody drug conjugate (ADC) and CAR T cell therapies. The pipeline further con-
firms the identified protein kinases and the cell-surface targets by inspecting their expression at the
protein level. The produced reports from Multiomics2Targets contain all the analysis in a research
publication-style report that can be downloaded and shared.

QUANTIFICATION AND STATISTICAL ANALYSIS

The Multiomics2Targets pipeline utilizes multiple tools to produce many figures and tables. The
reports contain interactive visualizations and links to external tools for further analysis and visual-
ization of the uploaded data. The reports also contain automatically generated descriptions of the
results produced with the OpenAl LLM service GPT-40. The results visualized in Figure 4 are

8 STAR Protocols 5, 103457, December 20, 2024
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representative figures produced from the analysis of the glioblastoma (GBM) CPTAC3 cohort.
Users can load this dataset directly from the Multiomics2Targets site as the default example. To
summarize the results dynamically, we instruct the GPT-40 model to strictly describe and compare
the results across the identified clusters. All GPT generated text is encapsulated in yellow boxes.
More details about the prompting of GPT-40 to produce these descriptions are provided in the
original manuscript.

If transcriptomics data was uploaded, the pipeline conducts clustering of the samples based on the
log2 quantile normalized expression of the 5,000 most variable genes. It then visualizes these sam-
plesand clusters as a UMAP.'® After clustering, the pipeline performs Enrichr®'? enrichment analysis
with gene set libraries created from Wikipathways'’ (Wikipathways_2023_Human), GO Biological
Processes ' (GO_Biological_Processes_2023) and MGl Mammalian Phenotype'? (MGl_Mammalian_
Phenotype_Level_4_2021) to characterize the collective biological processes that are most promi-
nentin each cluster. The large language model (LLM) GPT-40 provides consensus labels for each clus-
ter (the full prompt design can be seen here: https://github.com/MaayanlLab/Multiomics2Targets/
blob/262ce5e17b8403bd015b5f5378a6d663b92b7424/helpers.py#L.213). The details about prom-
pting GPT-40 to produce these summaries are discussed in the original manuscript' (Figure 4A).
Additional downstream analyses of the identified clusters include:

1. The Expression2Kinases (X2K) workflow"-* that is applied to analyze the samples in each cluster.
The workflow identifies pathways that contain enriched transcription factors, inferred intermedi-
ates that connect these transcription factors, and enriched kinases that phosphorylate the tran-
scription factors and the intermediates. The workflow visualizes the identified pathways as ball-
and-stick diagrams for pathway members identified in at least 25% of the samples in each cluster
(Figure 4B). These pathways may represent driver pathways that could be targeted to alter the
oncogenic phenotype in a particular subtype.

The Multiomics2Targets workflow visualizes the enrichment results from Ch EA,” KEA,® and Z-scored
protein and phosphoprotein expression as heatmaps (Figure 4C). Observing patterns in these heat-
maps can help identify modules of kinases, transcription factors, and other proteins that may
contribute to specific phenotypes in the identified subtypes. Along with metadata tracks at the
top of these heatmaps, users can interactively further investigate the clusters with Clutergrammer.”®
Multiomics2Targets provides a link to view the results with Clustergrammer above each heatmap. In
Clustergrammer, the user can identify the samples and corresponding proteins/genes in each clus-
ter by zooming and panning. Users can also download and export the visualized matrices in Cluster-
grammer (Troubleshooting 5).

The workflow additionally annotates cell surface targets that are highly expressed in each cluster,
and lowly expressed across most healthy tissues and cell types with Z-scored proteomics expression,
which the pipeline visualizes as a heatmap (Figure 4D). The analysis compares the transcriptomics
expression levels in each cluster to healthy tissue and cell type expression levels obtained from
the ARCHS4,”" GTEx,”? and Tabula Sapiens®® using limma voom.?* The differentially expressed
genes for each cluster are also filtered for genes that encode for cell-surface proteins. The list of
cell surface proteins is determined by combining information from COMPARTMENTS?® and the Hu-
man Protein Atlas (HPA).?® The set of membrane proteins was previously published in an article
describing TargetRanger.'' Targets appearing at the top of the heatmap, and with lighter colors
across the cells, represent genes/proteins that are up regulated in many or all the clusters. These
identified targets are relevant for multiple subtypes. The targets appearing at the bottom of the
heatmap are typically those that are subtype specific. Additionally, if the user selects a cancer
type in Step 7, the source cell lines corresponding to that cancer type from DepMap ' are identified
(Table 1). Additionally, Multiomics2Targets queries PubMed to identify the number of articles that
mentioned the target with and without the term “cancer” and the specific cancer type, to assess
the novelty of the identified targets.
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Table 1. Example from a target validation table utilizing DepMap’s cancer cell line gene effect scores, and novelty assessed by PubMed citations

Ranked top 10in Literature co-mentions Literature co-mentions
cluster, background) Mean gene effect with cancer with diffuse glioma

3, ARCHS4) 0.068 7 0
1, ARCHS4

)

6, ARCHS4) 0.0509 22 0
)
)

Target
ADCYAP1R1

APOC2

AQP4 5, ARCHS4 0.1402 115 0

4, ARCHS4

2, ARCHS4)

(
(
(
(
(
(
@,
(
@,
@,
©.
(3, ARCHS4)
(3, TS)
(1, ARCHS4)
(1,
ATP13A4 (
@,
(
(
(
(
(
@3,
(
(
(@,

4, ARCHS4 0.0099 4 0

)
)
3, ARCHS4)
) —0.1101 36 0

5, ARCHS4
5, TS)
4, ARCHS4)
4, TS)

BCAN

3, TS)
1, ARCHS4)

2. Utilizing the matched phosphoproteomics data, the Multiomics2Targets pipeline additionally as-
sesses the recovery of protein kinases identified through the X2K algorithm®> compared to those
enriched directly from the differentially phosphorylated proteins with KEA3. The pipeline pro-
vides an assessment of the level of agreement between the X2K and KEA3 results per cluster
at the individual sample level. The Multiomics2Targets workflow denotes the samples with
greater than expected recovery level with an asterisk (Figure 4E). For the samples that exhibit
greater than expected recovery, if a matching proteomics data matrix is uploaded and available,
the pipeline visualizes the Z-scored protein expression of the identified kinases, comparing the
expression across the cohort to the expression in the sample (Figure 4F). Additionally,
Multiomics2Targets perform similar validation with DepMap ' as described above in relation
to the cell-surface targets. Overall, the most dysregulated kinases for individual samples could
become personalized targets.

LIMITATIONS

There are several limitations to the Multiomics2Targets platform. The Multiomics2Targets
workflow identifies clusters from uploaded cohorts utilizing only the transcriptomics data type. A
more integrative multi-omics strategy to identify clusters may be more robust. Additionally,
Multiomics2Targets is intended for analysis of large cohorts. Smaller collections of samples may
lack the statistical power for the various analyses provided by the platform. Since producing such
large-scale datasets is a major undertaking, the application of Multiomics2Targets can be applied
to few projects. The Multiomics2Targets webserver is implemented as a Kubernetes job with 5Gb
of memory allocated. However, for large cohorts this may not be sufficient, and the analysis would
need to be run locally.

TROUBLESHOOTING
Problem 1
Unable to access the web server at the specified URL (related to Step 2).
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Potential solution

Post an issue on GitHub to inquire about the status of the web server if it is inaccessible at the spec-
ified URL. Users can run the pipeline locally with Docker. The site will be accessible at localhost:5000
after running the following command:

> docker run --device /dev/fuse --cap-add SYS_ADMIN --security-opt apparmor:unconfined
-p 5000:5000 -it maayanlab/x2ktr:0.1.05

Users may optionally provide an OpenAl API key to receive automatically generated descriptions of
the results throughout the report:

> docker run --device /dev/fuse --cap-add SYS_ADMIN --security-opt apparmor :unconfined
-p 5000:5000 -e OPENAI_API_KEY=sk-... -it maayanlab/x2ktr:0.1.05

Please refer to the GitHub repository at https://github.com/MaayanLab/Multiomics2Targets for the
latest Docker image version.

If the user is unable to run the pipeline locally, please post an issue on GitHub at: https://github.
com/Maayanlab/Multiomics2Targets/issues/new.

Problem 2
The file upload is not finishing and appears to be stuck in “progressing” (related to Step 4).

Potential solution

The speed of the file upload is dependent on the user’s upload speed. For large files, this speed may
not be sufficient to complete. To bypass this issue, the user can provide a Passthrough URI which can
be in the form of a GA4GH DRS, AWS S3, Google Cloud GS, FTP, HTTP, or HTTP link. The pass-
through option can be selected for any of the file upload sections.

Problem 3
An error occurs in the execution of a specific Jupyter Notebook cell when executing the pipeline.

Potential solution

An informative error message should be displayed below the cell block where the error occurred.
Please ensure that the file format conforms to the provided guidelines. For example, the gene or
protein identifiers should conform to the standards specified on the input page. If the issue persists,
please post an issue on GitHub with a link to the specific workflow instance in which the error
occurred, as well as a screenshot of the section of the report with the error. If the issue persist
and it is clear that it is not due to wrong file formatting, the issue should be posted on the associated
Multiomics2Target repo on GitHub at: https://github.com/MaayanlLab/Multiomics2Targets/
issues/new.

Problem 4
An error occurs indicating the Kernel Died (related to Step 8).

Potential solution

This error indicates that the Kubernetes job did not have sufficient memory to run the pipeline with
the uploaded files. To mitigate this issue, you can run the pipeline locally. Docker needs to be
installed. The application should be accessible at localhost:5000 after running the following
command.

STAR Protocols 5, 103457, December 20, 2024 11
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> docker run --device /dev/fuse --cap-add SYS_ADMIN --security-opt apparmor:unconfined
-p 5000:5000 -it maayanlab/x2ktr:0.1.05

Users may optionally provide an OpenAl APl key to receive automatically generated descriptions of
the results throughout the report.

> docker run --device /dev/fuse --cap-add SYS_ADMIN --security-opt apparmor:unconfined
-p 5000:5000 -e OPENAI_API_KEY=sk-... -it maayanlab/x2ktr:0.1.05

Please refer to the GitHub repository at: https://github.com/MaayanLab/Multiomics2Targets for the
latest Docker image version.

If the user is unable to run the pipeline locally, please post an issue on GitHub at: https://github.
com/Maayanlab/Multiomics2Targets/issues/new.

Problem 5
The Clustergrammer link does not open the specified matrix, does not load, or displays an error
(related to quantification and statistical analysis).

Potential solution

Clustergrammer has a limit on the size of matrices that it can visualize. If the uploaded cohort is large,
some Clustergrammer links may not become unavailable. However, the matrices can be downloaded
using the links below the heatmap figures as CSVs and investigated further locally with alternative tools.
In addition, when large data matrices are loaded, some of the features of Clustergrammer are disabled.
To explore specific regions in the Clustergrammer heatmaps, try to zoom in by using the mouse wheel,
or by clicking the gray trapezoids. Zooming in will also uncover the gene and sample names.

RESOURCE AVAILABILITY
Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Avi Ma’ayan
(avi.maayan@mssm.edu).

Technical contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead con-
tact, Avi Ma'ayan (avi.maayan@mssm.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

No new data was generated in this study. CPTAC3 data was analyzed. This dataset is available for download from: https://
pdc.cancer.gov/pdc/cptac-pancancer. The source code used to create Multiomics2Targets is available from: https://
github.com/MaayanlLab/Multiomics2Targets.

Asnapshot of the code with a DOl is available from Zenodo at https://zenodo.org/records/13948700; https://doi.org/10.
5281/zenodo.13948700.
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