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|ntroduction

In the world of biological data science, navigating vast and complex datasets can
be a daunting task. Our software toolkit is designed to empower you by
accelerating analysis, promoting accessibility, and providing comprehensive

visualization tools to help you make sense of these intricate biological datasets.

Our platform is built with data accessibility at its core. With just a few clicks, you
can gain seamless access to extensive, high-dimensional biological datasets,
including bulk RNA-seq, scRNA-seq, CITE-seq, ATAC-seq, Visium, GeoMx, and
more. This allows you to focus less on data wrangling and more on analysis and

discovery.

Our integrated standard processing pipeline includes the latest tools for standard
data processing. From normalization and batch correction to PCA, t-SNE, UMAP,
clustering, and beyond, our pipeline is designed to streamline your workflow and

provide you with reliable, reproducible results.

But our toolkit doesn't stop at data processing. We also offer comprehensive
analysis and visualization capabilities. Whether you need to query genes, draw
basic charts, create complex heatmaps, find marker genes, perform differential
expression genes, gene set enrichment analysis, pseudotime, AUCell, cell type

prediction, or more, our platform has you covered.

In this user guide, we'll walk you through each step of using our Single-Cell
Application, from accessing your data to performing complex analyses and
visualizing your results. We're excited to help you unlock the potential of your

biological data!
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lnsta”ation

1. System requirements

1.1. Operating systems

e Windows 11 (64-bit only).

e mMacOS: macOS Ventura (version 13) or higher.
e Ubuntu 20.04 or higher.

e Debian 10 or higher.

1.2. Network
e FEthernet connection (LAN) or a wireless adapter (Wi-Fi).

1.3. Hard drive

e Minimum 10 GB.

e Recommend 50 GB or above.

1.4. Memory

e Minimum 8 GB.

e Recommend 16 GB or above.
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1.5. Notice

For an optimal experience with large data containing more than 50,000

cells/samples, please use a computer with the recommended configuration.

If you experience difficulty running the software after fulfilling all these

requirements, please contact support@omnibusx.com.

2. Software installation

1.1. Windows

e Download the installer .exe file on our website and run it. The installation
process will start automatically.

e Administrator privilege is not required.

e If your computer has more than one account using the software, each

account can only access its data.

1.2. Ubuntu/Debian

e Download the installer .deb on our website.
e Make a folder to store the extracted files.
e Install the application using the command below.

e Run the application using the command below.

mkdir <path-to-store-extracted-files>
dpkg -x omnibusx_amd64.deb <path-to-store-extracted-files>
./<path-to-store-extracted-files>/usr/bin/omnibusx

1.3. MacQOS

e Download OmnibusX for macOS.

e Open the browser's download list and locate the downloaded archive.

omnibusx.com 10


mailto:support@omnibusx.com

User guide | Application Single-cell analysis

e Extract the archive contents. Use double-click for some browsers or select
the 'magnifying glass' icon with Safari.

e Drag OmnibusX.app to the Applications folder, making it available in the
macOS Launchpad.

e Open OmnibusX from the Applications folder, by double clicking the icon.

e Add OmnibusX to your Dock by right-clicking on the icon, located in the

Dock, to bring up the context menu and choosing Options, Keep in Dock.
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lmporting (Jata

To start importing your data into OmnibusX, click on the Submit new dataset
button located at the top right corner of the page. Currently, OmnibusX accepts

expression matrices as input, which stores the expression values processed from
alignment results.

FOLDERS [ A /
DATASETS Recent

[
/ 3 (% Submit new dataset [
1 [

bATASETS o s mmemmmmssma==s

@ Recent

* All species ~  Allomics ~  Search.. -

0 Deleted P [C1 0 dataset T 0 technology
LIBRARY

P Allfiles

No dataset found

APPS

LICENSE

TASK
MANAGER

1. Genome reference

Single-cell data can be processed using various alignment tools and different
gene annotation versions. Therefore, OmnibusX incorporates gene nomenclature
conversion as a crucial first step. This step ensures that gene IDs and gene aliases

are converted to currently accepted gene names, curated by Ensembl.
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OmnibusX has downloaded and versioned indexes for all available species from
Ensembl. You simply need to select the corresponding species that matches your

input data and the appropriate version to ensure reproducibility.

& DATASETS / Submit data
DATASETS
e EE s E s e e s E e e = .
]
- Gene reference version ¥
]
LIBRARY Ensembl Release 111 v 1
]
Gene reference 0
] Titl
APPS Hu v : £ I
]
= Human (Homo sapiens) : De
]
[ ]

LICENSE Huchen (Hucho hucho)

“_

Bengalese finch (Lenchura striata
domestica)

TASK

MANAGER Siberian musk deer (Moschus

moschiferus)

Coho salmon (Oncorhynchus
kisutch)

Rainbow trout (Oncorhynchus
mykiss)

Chinook salmon (Oncorhynchus

2. Data format

OmnibusX supports a variety of data formats to accommodate the diverse nature
of publicly available datasets, which come from different laboratories and use
various pipelines for data processing. The supported formats include:
e scanpy object: A widely-used format for single-cell RNA sequencing data
analysis in Python.
e Seurat object: A popular format for single-cell RNA sequencing data
analysisin R.
e HDF5: A format used by 10X Genomics for storing single-cell gene
expression data.
e MTX sparse matrix: A Matrix Market Exchange format used for sparse

matrices.
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e TSV/CSV/TXT full matrix: Standard text file formats for storing full

matrices.

Handling these different data formats typically requires significant effort to
customize your processing pipeline and substantial time to learn the specifics of
each format. OmnibusX simplifies this process by providing a unified platform
that can handle various data formats. This allows you to focus more on data
analysis and exploration, rather than spending time learning how to process

different data formats.

2.1. Scanpy object

¢~ DATASETS / Submitdata
DATASETS
- Gene reference version
HBRARY Ensembl Release 111 i BATCHES SUBMISSION
Gene reference
Select multiple hSad/ hsmu/ h3 files for multiple batches. Each file is a Scanpy object Title
APPS Human (Homo sapiens) v
B Project > [ sample_1.n5ad
= Sequencing technalogy
[ sample_2hsad B
LIGENSE scRNAseq v v
[ sample_3.h5ad
— Platform:
TASK 10X Chromium v Add batch
MANAGER DoDooOoCoOoOoCCODoDDoC o
¥ Data format: L]
1 1
: scanpy object v :
1 1

You can provide a single scanpy object that contains at least an expression matrix
(raw or normalized) saved as adata.X or adata.raw.X or both. For single scanpy
object submission, all available analysis results will be imported, including:
e adata.raw.Xasraw count.
e adata.X as normalized data (if adata.raw.X is absent, adata.X will be treated
as raw count).

e adata.obs as metadata.
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e adata.obsmas dimensional reduction results.

If all necessary analysis results are available in the object, you can skip the

processing pipeline in later steps.

You can also provide multiple scanpy objects in a single submission. In this case,
each object will be treated as an experiment batch. All processed results from
each object (such as PCA, t-SNE, UMAP, etc.) will be ignored, as the data needs to
be combined and re-processed. The prioritization for expression data is as follows:
e |fadata.raw.Xis available, it will be used, and adata.X will be ignored.
e |[f adata.raw.X is absent, adata.X will be used and treated as raw count. If
adata.X is already normalized and you cannot access the raw count data,
you can choose to skip normalization in a later step.

The metadata of all batches are also merged and imported.

2.2. Seurat object

£ DATASETS / Submit data
DATASETS
- Gene reference version
LIBRARY Ensembl Release 111 v BATCHES SUBMISSION
Gene reference
Select multiple rds files for multiple batches. Each file is a Seurat object Title
APPS Human (Homo sapiens) v
5 Project > [ sample_1.rds
Sequencing technology
- [ sample_2.rds DSscipie
LIGENSE scRNAseq - v
[ sample_3.1ds
— Platform:
TASK 10X Chromium v Add batch
MANAGER e R EEEEsEEEEEEE e e -
1 Data format: 1
] ]
: Seurat object v :
] ]

You can provide a single Seurat object, which must contain the RNA assay. For

single Seurat object submission, all available assays and analysis results will be

imported, including:
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e assay.count as raw count.

assay.data as normalized data.

meta.data as metadata.

reductions as dimensional reduction results.

If all necessary analysis results are available in the object, you can skip the

processing pipeline in later steps.

You can also provide multiple Seurat objects in a single submission. In this case,
each object will be treated as an experiment batch. All processed results from
each object (such as PCA, t-SNE, UMAP, etc.) will be ignored, as the data needs to
be combined and re-processed. The prioritization for expression data is as follows:
e Ifassay.count is available, it will be used, and assay.data will be ignored.
e |f assay.count is absent, assay.data will be used. In this case, we

recommend you to skip normalization in a later step to avoid double

normalization.
The metadata of all batches will be merged and imported. Since Seurat objects

can contain multi-modal data, we will retain assay keys that are shared between

all batches and process each assay independently.
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2.3. HDF5 output from Cell Ranger (10X)

& DATASETS / Submit data
DATASETS

- Gene reference version
LIBRARY Ensembl Release 111 v

BATCHES SUBMISSION

Gene reference
t multiple .hdf5/.h5 files for multiple batches. Each file is an output from Cell Ranges

APPS Human (Homo sapiens) v
= Project > [ sample_1hs
Sequencing technology
= [ sample_2hs
LICENSE scRNAseq -
[ sample_3hs
— Platform:
TASK 10X Chromium e Add batch
MANAGER [ .
¥ Data format: '
[ [
: HDF5 (Cell Ranger output) v :
1 1
DoooooooOnCoooDoOC -

You can submit one or multiple HDF5 files generated by Cell Ranger, each
corresponding to an experiment batch. The detailed file structure for these HDF5
files is described by 10X Genomics here. OmnibusX will automatically process and

import the data from these files.
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2.4. MTX files (10X)

& DATASETS / Submit data
DATASETS

@ Gene reference version
LIBRARY Ensembl Release 111 v

BATCHES SUBMISSION

Gene reference

APPS Human (Homo sapiens) v
[ sample 1 > [ matrix.mtx
- Sequencing technology
[ features.tsv
LICENSE scRNAseq h
[ barcedes.tsv
— Platform:
TASK 10X Chromium v ® Add batch
MANAGER FE R EEEE s s s EEEE e e .
1 Data format: L[]
] ]
I MTX files (10X) v !
L] L]
] ]
L -
A

- Submit

MTX files, generated by Cell Ranger, require three associated files for each sample:
matrix.mtx, barcodes.tsv, and genes.tsv/features.tsv. The detailed file

structure is described by 10X Genomics here. When submitting MTX files, you

need to select the three files for each batch at a time.
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2.5. TSV/CSV/TXT matrix

& DATASETS / Submit data
DATASETS
- Gene reference version
LIBRARY Ensembl Release 111 b BATCHES SUBMISSION
Gene reference
ect multiple tsv/.csv files for multiple batches
APPS Human (Homo sapiens) v

5 Project > [ sample_1.tsv

Sequencing technology

[ sample_2.tsv
LIGENSE scRNAseq - v
[ sample_3.s
— Platform:
TASK 10X Chromium v ® Add batch
MANAGER P L .

Data format:

Text file (csv, tsv, txt) v

- Submit

You can submit full matrices in TSV, CSV, or TXT format. The matrix should have
headers for column names, with the first column representing row names. The
matrix can be formatted as either cells x genes or genes x cells. OmnibusX

will detect the genes according to your selected reference. You can input one or

multiple files, each corresponding to an experimental batch.
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3. Pre-processing pipeline

& DATASETS / Submit data
DATASETS
- Gene reference version P m o m o m o m O E o E E E E E E R N R E R E R R R R E M EEEEEEEEEE= .
LIBRARY Ensembl Release 111 v BATCHES SUBMISSION INFORMATION
Gene reference
Batch 1: /Users/ginny/Downloads/Donor1 _final_Multiplex_count_raw_feature_hc_matrix.h5 Title
APPS Human (Homo sapiens) v e
Doner1 X Immune Profiling Libraries with Hashtag
_ Sequencing technology
Batch 2: /Users/ginny/Downloads/Donor2_final_Multiplex_count_raw._feature_bc_matrix.h5 Description
LICENSE scRNAseq v
Doner2 % Cryopreserved peripheral blood mononuclear
cells (PEMCs) fram two healthy donors (Donor
= Platform 1 and Donor 2) w rchased from AllCell
= Batch 3: /Users/ginny/Downloads/Donar3_final_Multiplex_count_raw_feature_bc_matrix.h5 and Donor 2) were purchased from AllGells.
. Cryopreserved Bone Marrow Mononuclear
TASK 10X Chromium v o N !
Donor3 y Cells (BMMCs) from Donor 3 and PBMCs from
MANAGER

Donor 4, both diagnosed with Acute
Lymphocytic Leukemia were purchased from
Discovery Life Sciences.

Data format:
Batch 4: /Users/ginny/Downloads/Donor4_final_Multiplex_count_raw_feature_bc_matrix.h5

HDF5 (Cell Ranger output) ~
Donord

@ Add batch

-~

After selecting files from your local directory, you will need to provide submission
information such as title, description, and batch names. Then, click on the Submit
button located at the bottom right corner to start the pre-processing pipeline.

This pipeline handles data conversion, gene annotation, and data quality control.

3.1. Data conversion

OmnibusX automatically detects the expression matrix, metadata, and other
processed results (PCA, t-SNE, UMAP, etc.) based on your input file format. The
expression matrix is then split into distinct omics as follows:

e Seurat object: Each input assay corresponds to an omic. Based on the
omic name, the RNA assay is assigned to transcriptomics, ADT to proteomics,
and HTO to group hashing. These omics will follow specific processing
pipelines later. Other omics are imported as they are.

e HDF5 and MTX: Omic types are split based on the feature type provided by

10X Genomics: Gene Expression as transcriptomics, and Antibody
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Capture as proteomics. The proteomics data is further split into proteomics
and group hashtags based on the protein name (whether it contains the
prefix hashtag or not).

e scanpy object, TSV/CSV/TXT: As these formats do not specifically support
multi-modal data, OmnibusX auto-detects based on the genes/features
names. If the name contains the prefix adt, it is split as proteomics; if it
contains hto or hashtag, it is split as a hashtag. The remaining data is

considered transcriptomics.

When multiple batches are input, OmnibusX prioritizes selecting the raw count
matrix and metadata, while ignoring all other results. If raw count data is absent,
normalized data is used as raw. OmnibusX then merges multiple batches into
one. To avoid duplicate barcodes between batches, OmnibusX adds the batch

name (input in the previous step) as the barcode prefix for each batch.

3.2. Gene annotation

The transcriptomic matrix is then processed with your selected reference. Gene
annotations from your input are converted into gene names using Ensembl
annotation. Mapped genes are retained as transcriptomics, while unmapped
ones, which may include other numeric annotations (number of genes, group IDs,

etc.), are split into another omic named Others.

Data with duplicated gene names, which occurs when multiple gene IDs are
mapped to the same gene name or multiple gene aliases from different
alignment references, will be further processed as follows:

e |f raw count data is detected from the input, OmnibusX will sum the raw
counts of duplicate genes and renormalize the data. The normalized
matrix, if detected, will be ignored as it leads to different results.

e In the case of missing raw count data, OmnibusX sums the normalized
values to continue processing, but it is recommended to proceed only if

raw count data is inaccessible.
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<~ DATASETS / Quality control
DATASETS
& ‘
1. Total transcripts per cell (Drag to select) FILTERING PARAMETERS PROCESSING PARAMETERS
LIBRARY e E s s EE s s e s e e s e e e . .
£
- Doublet detection method
. None ~
Normalization method
=
LICENSE Duplicated genes Log normalization =
o
= r T T T Top highly variable genes
= é ‘we've found duplicate genes in the data and have already 2000
TASK

summed them in the raw count.
MANAGER

If you wish to run your ewn processing pipeling, please Dimensionality reduction method

download the duplicated genes list here to handle the g

duplicated genes and re-upload the processed data to
OmnibusX application.

II. Number of genes per cell (Drag to select) UMAP ~

OmnibusX cell type prediction version

Version 1 ~

R L L a Apply

This approach is based on the rationale that the same gene names encode for the
same product, regardless of their location on the chromosome. Therefore, the
final production is contributed by the total transcript of all duplicate genes. By
summing the raw counts, we can obtain a more accurate representation of gene

expression levels.

On the other hand, keeping duplicate genes separate can lead to confusing
situations during data analysis. For example, if a researcher queries for gene A but
the alignment tool used a different reference and named all of gene A transcripts
as gene B, the researcher might conclude that gene A is not expressed. However,
this would be a false conclusion, as the transcripts for gene A were simply named
differently. By summing the raw counts of duplicate genes, we can avoid such
confusion and ensure that researchers obtain accurate results when querying for

specific genes.

3.3. Quality control metrics

OmnibusX then calculates necessary data for quality control steps, including the

number of transcripts per cell, the number of genes (mapped to the selected
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reference) per cell, and the percentage of mitochondrial genes. Mitochondrial
genes are detected using Ensembl annotation, mapped to the MT chromosome

in the annotation file.

4. Processing pipeline

The OmnibusX processing pipeline encompasses doublet detection, filtering,
normalization, dimensional reduction, and cell type prediction. The primary
objective is to filter out low-quality cells, ensuring accurate and reliable
downstream analysis. This step can be repeated multiple times with different sets
of filtering parameters on the pre-processed results until the desired data quality
is achieved. Additionally, other analyses, such as dimensional reduction and cell
type prediction, can be easily updated and customized in later stages of

downstream analysis.

4. Filtering cells

<~ DATASETS / Quality control
Quality
DATASETS
e R EEEE R R R EEEEEEEEE R EEE N EE R R EEEEEEEEEEEEEE .= .
- 1 ]
0 I. Total transcripts per cell (Drag to select) FILTERING PARAMETERS B PROCESSING PARAMETERS
LIBRARY ! 1
1 o ]
: I. Total transcripts per cell : Skip processing pipeline
1 from to 1
APPS 1 " Doublet detection method
U 563 10677 '
1 n
1 4 None ~
1 ]
LIGENSE 1 II. Number of genes per cell I Normalization method
1 504 26644 1
= T T 1 from to ¥ Log normalization ~
= 1 - ]
1 313 3762 ]
TASK " ;
MANAGER : :Tcp highly variable genes
" . 2000
: IIl. Mitochondrial genes percentage :
1 li. Number of genes per cell (Drag to select ]
! g P (brag ) Less than 25% | Dimensionality reduction method
1 o L ¢ ]
1 1 UMAP v
1 L]
: :Omnibusx cell type prediction version
1 ] :
' , Version1 ~
1 ]
1 ]
1 L]
1 313 3762 1 App‘y
, T T T T — Y
' . '
1 ]
g ) a
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Low-quality cells or dead cells are typically characterized by a low number of
detected transcripts and genes, which also results in an abnormally high fraction
of mitochondrial gene expression. However, since the number of detected
genes/transcripts varies depending on the technology used, there is no fixed
threshold for this filtering step. Therefore, OmnibusX visualizes the distribution of
transcript counts and gene counts per cell, allowing you to make informed

decisions.

You can drag to select the region of interest from the visualization to filter the
cells. Additionally, you can refine the filtering criteria by manually editing the

filtering numbers for reproducibility.

Cells with an abnormally high number of transcripts or genes may also indicate
the presence of doublets, where multiple cells are counted as one. These should

also be filtered out to ensure the integrity of the data.

4.2. Doublet detection

Doublets can be identified and removed using multiple approaches:
e High Transcript/Gene Counts: Doublets may exhibit abnormally high
numbers of transcripts or genes compared to the rest of the population.
These can be filtered out by manually adjusting the filtering thresholds as

described in the previous section.
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DATASETS

*

LIBRARY

APPS

=
LICENSE

TASK
MANAGER

€ DATASETS / Quality control

|. Total transcripts per cell (Drag to select) FILTERING PARAMETERS PROCESSING PARAMETERS
o
I. Total transcripts per cell Skip processing pipeline
from to

Doublet detection method
563 10677

None v
Il. Number of genes per cell Normalization method
504 26644
r T 1 from to Log normalization v
1T+ 313 3762

Top highly variable genes

2000
IIl. Mitochondrial genes percentage
LN f Il (D |
umber of genes per cell (Drag to select) Less than 25% Dimensionality reduction method
o —
UMAP ~

OmnibusX cell type prediction version

Version 1 v

Apply

Computational Methods: OmnibusX integrates commonly used methods

for doublet detection:

o

Scrublet (Wolock et al, 2019). Using the implement from the

Scanpy team: scanpy.pp.scrublet.

Doublet detection (CGayoso et al, 2020): Using the implement from
their GitHub repository.
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DATASETS

L4

LIBRARY

APPS

LICENSE

TASK
MANAGER

€ DATASETS / Quality control

. Total transcripts per cell (Drag to select) FILTERING PARAMETERS PROCESSING PARAMETERS
o
I Total transcripts per cell Skip processing pipeline
from to P o m m m m m w m w m omow o o omom n
¥ Doublet detection method '
504 26644 1 1
1 1
y Scrublet ~
] ]
II. Number of genes per ca\l—)l None ]
] ]
504 26644
r T T T T — from to 1 Scrublet ]
- ] ]
313 3762 1 Doublet Detection 1
¥ rup myimy vanave genes '
....................
" . 2000
IIl. Mitochondrial genes percentage
Il. Number of genes per cell (Drag to select
g P (Drag ) o Less than 25% Dimensionality reduction method
L ¢

UMAP ~

OmnibusX cell type prediction version

Version 1 v

313 3762 Apply

Demultiplexing with Hashtag Oligos (HTOs): If HTO information is available
from the input data, cells with more than one HTO tag after the
demultiplexing process will be annotated as doublets. Further details on

this process are described in the section on HTOs.

4.3. Demultiplexing with HTOs

If HTO data is provided, OmnibusX will automatically apply a demultiplexing

process to assign cells to their respective experimental groups. The resulting

group IDs and doublet types will be added as new metadata fields called Group

ID and Doublet Type under the metadata group OmnibusX Demultiplexing.

This process follows the method developed by the Seurat team (detailed here). In

summary, the demultiplexing process involves the following steps:

HTO filtering: Identifies HTOs expressed in at least 10 cells to ensure
relevance.

K-Means Clustering: Groups cells based on their HTO expression patterns.
Threshold determination: Sets thresholds to classify cells as positive or

negative for each HTO based on the expression value of the cluster with the

lowest average expression.
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e Label assignment: Classifies cells and identifies doublets (cells positive for
more than one HTO). Cells with no HTO assignment are labeled as

negative.
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4.4, Normalization

For transcriptomics, the normalization process includes two steps:
e Scale by total counts: For each cell, the total gene count is scaled to
10,000 using the formula: (gene_count / total_count) * 10,000. This

step uses the Scanpy team's method: scanpy.pp.normalize_total.

e Logarithmize the data matrix (loglp): This step applies log
normalization to the scaled data, implemented using the Scanpy team's

method: scanpy.pp.loglp.

If you have already normalized the data using your own method, you can choose
to skip the normalization step. In this case, OmnibusX will treat the input matrix

as normalized.
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For proteomics and HTOs data, OmnibusX automatically applies Central Log
Ratio (CLR) normalization. However, the original CLR formula results in negative
values, which can be confusing when analyzing expression data in downstream
analysis. To address this, OmnibusX modifies the CLR normalization process by
shifting the entire value range to the right, ensuring all values are nonzero, while
preserving original raw zeros as zeros. Below is the Python implementation of the

CLR normalization method used by OmnibusX:

def clr _normalize(data: np.ndarray) -> np.ndarray:
"""Central log ratio normalize the expression matrix.
geometric_mean = np.exp(np.mean(np.log(data + 1), axis=0))

data = data / geometric_mean
idx = data > ©

data[idx] = np.log(data[idx])
data += np.abs(data.min()) + 1
data[~idx] = ©

return data

4.4, Initial analysis

You can initiate a dimensional reduction analysis by specifying the number of
highly variable genes to use for running PCA, t-SNE, or UMAP for visualization.
Additionally, by default, OmnibusX also performs clustering (using the Leiden
algorithm with a resolution of 1) and cell type prediction (using the latest version
available for the specified species). These analyses can be adjusted at any time in
later steps, providing flexibility to refine your results as needed. Detailed

instructions for each analysis method will be provided in the following sections.
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If your input Scanpy or Seurat object already contains normalized data and

dimensional reduction results, you can choose to skip this initial analysis step.



Data exploration

After successfully submitting your dataset, you can start exploring the data using
our provided functionalities. These are organized into seven groups for easy

navigation, allowing you to effectively visualize and annotate your data.
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1. Visualization tools: Adjust scatter settings, zoom in and out, and
navigate through cell cluster patterns.

2. Expression tools: Visualize gene, gene sets, and feature expression from
distinct omics, extract cluster markers, and explore gene set enrichment
patterns..

3. Computational methods: Generate cell labels using clustering algorithms,

perform automatic cell typing with cell type prediction, or gene set



enrichment scores. Create t-SNE and UMAP visualizations to refine and
uncover hidden patterns in your data..

4. Annotation management: Add, remove, modify, and organize your cell
labels.

5. Sub-cluster management: Create and manage sub-clusters within your
main clusters. This is useful for breaking down the data further and
analyzing smaller, more specific groups of cells..

6. Downstream analysis: This section includes tools for various downstream
analyses such as differential expression, enrichment analysis, heatmap, etc,
which will be explained in a separate section.

7. Data management: This group provides tools for modifying and managing
your data, including importing additional data, creating new analysis

results, and re-generating data from the quality control step, etc.

1. Visualization tools

1.1. Zoom

There are two ways to control the zoom level of the cell scatter plot:

Mous

D«'— Control buttons .

Zoom
center
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e Control buttons: Located at the top right corner of the scatter plot, these
buttons include Zoom Inand Zoom Out. When using these buttons, the
zoom level will adjust at the center of the scatter plot.

e Mouse wheel: Scrolling the mouse wheel up or down will zoom in or out of
the scatter plot. When using the mouse wheel, the zoom center will be at

your mouse pointer, allowing you to focus on specific areas of interest.

1.2. Navigate

You can navigate through the scatter plot by dragging it with your mouse. This
feature is disabled when you are in Select cell mode to avoid confusion

between moving the scatter plot and drawing a selection area.

W Cluster =% S ar i, Predict cell type

.<—Se|ect cell mode

/I\
«0-

J

Mouse down and move

Mouse move to draw

1.3. Reset

Clicking the Reset button will restore the scatter plot to its default zoom level and

position.



1.4. Settings

Adjust the point size by moving the slider or switch between light and dark

themes to suit your preference.

Point size « Change

© point size

Theme

Light

Cluster Scatter Predict cell type

Point size

Point size 5px
© : -

Change . 3 Theme
theme s @ Light Dark

1.5. Export

You can export the current scatter plot view, including the current zoom level,
scatter position, and cell colors, as a PNG image. Additionally, you can export the

chart data as a TSV file.
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2. Expression tools

2.1. Selecting omics
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From the Query genes panel, all the available omics from your input data will be
listed in the selection box. OmnibusX processes each omic separately, so you must

first select your omic of interest. This applies to most analyses, except for cell type



prediction, gene set analysis, and enrichment analysis, which can only be applied
to transcriptomics due to their dependence on known annotated

references/databases.

2.2. Query genes by name

After selecting your omic of interest, you can explore target genes by typing their
names into the input box. OmnibusX will suggest related gene names. If your
target gene does not appear, and you are working with transcriptomics (rna
omic), try switching to the Others omic where unmapped genes are stored.
Alternatively, check for aliases via Google and try those. If no results are found,
your target may not be present in the original data, which can apply to other

omics (proteomics, genomics, etc.).
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Once you find your target name, select the desired option from the suggestions
by clicking on it or using the arrow keys (1Up / {Down and <Enter). Press <Enter

or click the search icon to query the expression.
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You can select multiple genes and switch between their visualizations by clicking
on each gene name tag below. Hold Shift, Ctrl, or Cmd while clicking to select
multiple genes from the list. Press the search icon again to select all input genes.
The color mode changes accordingly as the number of selected genes for

visualization changes.
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2.3. Color modes for expression visualization

There are four color modes to visualize gene/gene set expression:
e Feature: Colors are scaled from the 5th to 95th percentile of non-zero

values to avoid outliers. Zero values are colored
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e Tri-color: Cells are categorized into four colors based on expression of

two genes:
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e Count: Colors the scatter plot based on the number of genes expressed by

each cell.
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e Binary: Uses two colors: red (cells expressing all selected genes) and

(remaining cells).
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By default, OmnibusX applies the following color modes based on the number of
selected genes:
e One gene: Feature mode. You can switch between available units to see
how normalization methods affect the expression pattern.
e Twogenes: Tri-color mode.
e More than two genes: Count mode.

You can then switch to any color mode according to your preference.
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2.4. Gene sets

You can save your current input genes to your gene set library by clicking on the
save icon located at the top of the gene box. This function is applicable for the rna
omic only, as the gene set library is designed to be used across different studies.
Therefore, it needs to utilize common shareable names, which OmnibusX

standardized using Ensembl gene annotation.
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Once you have saved your gene set, you can query genes using your saved gene

sets by clicking on the gene set folder icon next to the save icon. This allows you to

retrieve a list of target genes from a specific gene set and explore their expression

within your dataset.



Detailed instructions on how to create and manage your gene set library will be

provided in the Your Libraries section later.

2.5. Gene set enrichment

For analyzing a list of genes, in addition to visualizing the number of expressed
genes in each cell and observing their patterns across cell clusters, OmnibusX
also allows you to analyze a list of genes using a computational method called

AUCell (Aerts et al., 2016).
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AUCell enables you to identify cells with active gene sets, such as signatures or
gene modules, in single-cell RNA-seq data. AUCell uses the "Area Under the
Curve" (AUC) to calculate whether a critical subset of the input gene set is
enriched within the expressed genes for each cell. This scoring method is
ranking-based and independent of the gene expression units and normalization

procedure. For more details on the AUCell algorithm, please refer to the

: I | I ion.


https://www.bioconductor.org/packages/release/bioc/html/AUCell.html

To perform AUCell analysis, simply select the gene set of interest and choose
AUCell as the analysis method. The resulting enrichment score will be saved as a
new annotation for later access. This allows you to explore the activity of your

gene set across different cell clusters and identify potential cell types or states

associated with its activity.
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2.6. Finding markers

Besides exploring the expression of known targets in your dataset, another way to
study your data is by profiling the markers of specific clusters of interest to find
new targets. In OmnibusX, you can find genes associated with a specific cell

cluster by following these steps:
1. Select the population of interest: First, select the cell population you
are interested in. There are multiple ways to select a set of cells, which will

be described in detail in the Cell selection section.
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2. Select omic and method: Once you have selected your population, switch
to the Find genes panel. Select the omic of interest and choose a method

for finding markers. The available methods include:
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e t-test: Perform a t-test across all features of your selected omic between
your selected cell population and the remaining cells on the screen (which
can be a specific sub-cluster). Features with expression coverage lower
than 30% in both groups are removed. The results are filtered with a
threshold of p-value < 0.01, and the top 100 results with the lowest p-values
are returned. The t-test implementation is from the SciPy team:

scipy.stats.ttest_ind.

e Wilcoxon rank sum test: Similar to the t-test procedure, but using the
Wilcoxon rank sum test. This method also filters features with expression
coverage lower than 30% in both groups and returns the top 100 results
with the lowest p-values. The implementation is from the SciPy team:
scipy.stats.mannwhitneyu.

e Top expressed: This method finds the top 100 features with the highest
total expression values in the currently selected population, regardless of

how they are expressed in the remaining cells.
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3. Computational methods

3.1. Clustering

OmnibusX provides two clustering methods to quickly generate cell clusters with
different resolutions:

e Louvain clustering (Blondel et al, 2008, Levine et al., 2015; Traag, 2015):

Clusters cells using the Louvain algorithm. OmnibusX uses the

implementation from the Scanpy team: scanpy.tl.louvain.

e Leiden clustering (Traag et al., 2019): An improved version of the Louvain
algorithm. OmnibusX uses the implementation from the Scanpy team:

scanpy.tl.leiden.
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These clustering methods can be applied to different omics, allowing for the
simultaneous analysis of multimodal datasets. The clustering process requires a
cell embedding as input. Initially, OmnibusX automatically generates a PCA
embedding from rna omics data as part of the submission pipeline. Users also

have the flexibility to switch to other pre-existing embeddings or create new ones


https://scanpy.readthedocs.io/en/stable/generated/scanpy.tl.louvain.html
https://scanpy.readthedocs.io/en/stable/generated/scanpy.tl.leiden.html

for different omics, which will be covered more comprehensively in the Cell

embedding management section.

When triggering the clustering function, only the cells currently displayed on the
screen are considered. This feature facilitates the clustering of specific
sub-populations. Clustering a subset of cells helps in distinguishing closely similar
cell populations that may be challenging to separate on a global scale. In such
cases, increasing the clustering resolution might lead to overly segmented
clusters or unexpected splits, potentially obscuring true biological differences.

More on generating sub-clusterings will be discussed in the Sub-cluster

Mmanagement section.

3.2. t-SNE/UMAP

OmnibusX provides two popular dimensionality reduction techniques for quickly
adjusting cell scatter visualizations:

e t-SNE (Amir et al.,, 2013, Pedregosa et al., 2011, van der Maaten and Hinton,
2008): This method optimizes the distribution of nearest-neighbor
distances in the embedding to <closely match those in the
high-dimensional space. OmnibusX employs the t-SNE implementation

provided by the Scipy team: scanpy.tl.tsne.


https://scanpy.readthedocs.io/en/stable/generated/scanpy.tl.tsne.html
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e UMAP (Mclnnes et al, 2018): Besides faster than t-SNE, UMAP optimizes the
embedding to best reflect the data's topology. The implementation used

by OmnibusX is also sourced from the Scipy team: scanpy.tL.umap.
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Similar to the clustering process, t-SNE and UMAP require a cell embedding as
input. OmnibusX automatically generates a PCA embedding from rna omics data
as part of the initial submission pipeline. Users can also choose to utilize other
existing embeddings or create new ones for different omics, which will be further

explained in the Cell embedding management section.

When the t-SNE/UMAP function is triggered, only the cells currently displayed on
the screen are considered. This selective visualization aids in the analysis of
specific sub-populations, helping to distinguish closely similar cell populations
that may be difficult to separate on a global scale. Details on generating

sub-clusterings will be further discussed in the Sub-cluster management section.

When a specific cell population is selected and moved to sub-clusters for deeper
analysis, the default cell scatter subset is extracted from the current scatter

coordinates. Any subsequent adjustments will only apply to this localized scope.
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You can revert to the original scatter coordinates by clicking the Reset button

located at the bottom right corner.
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3.3. Cell type prediction

With OmnibusXLab advanced cell type prediction feature, you can precisely label
your data at the single-cell level. Our methodology, published in Biorxiv, uses a
customized algorithm that builds on the AUCell method to achieve accurate cell
labeling. By manually curating cell type names and markers from 280
publications, we have unified the nomenclature to consistently identify 166 cell
types and subtypes. Our algorithm surpasses the performance of reference-based

tools like Azimuth, especially in distinguishing closely related subtypes.


https://www.biorxiv.org/content/10.1101/2024.05.24.595477v1
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In addition to our pre-built cell type library, OmnibusX also allows you to label your
dataset using your own curated gene set. This enables you to detect your own
new cell subtypes precisely at the single-cell level, even with a very small

population. The Gene set library section provides more detail on how to create

and manage your own gene set.

4. Annotation management

OmnibusX stores and manages all dataset annotations as metadata and

metadata groups, which can be accessed and updated from the right panel.

4. Find a metadata

To find a specific metadata, click on the metadata select box in the metadata
panel to open the dropdown list of all metadata groups and metadata. You can
organize metadata into groups to make it easier to navigate. Click on the group

name to expand or collapse the metadata list.
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For efficient navigation, simply type the desired metadata name in the search box

and click on it to retrieve the corresponding annotation data.
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OmnibusX categorizes metadata into two types:

e Categorical metadata: »: represents distinct labels.



e Numerical metadata: 121 represents continuous labels.

Each type is represented by a small icon before each metadata name. Changing

the metadata will also change the cell scatter color accordingly.

4.2. Categorical metadata

Each label in categorical metadata is represented by a distinct color for easy
distinguishing. If the number of labels exceeds the number of colors in your
selected color palette, the palette will repeat. You can sort the labels by name or
number of cells by clicking on the table header. This only changes the order of
label display on the screen and does not affect the actual order of labels in
storage. To change the order of labels, you can use the edit metadata function

described in the Edit and update section.
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Clicking on a label name from the metadata table selects the corresponding cell
population, which is necessary for other analyses. You can also select cell
populations by clicking on the corresponding cell population on the cell scatter.

Multiple labels can be selected by holding the ctrl/cmd buttons while clicking on



each metadata label or cell population on the scatter. Holding the Shift button

selects multiple labels between the first and second clicks.
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If cell clusters overlap, you can hide some cell populations for a clearer view by

clicking on the checkbox before each metadata label. This only hides the cell



population on the screen and does not create sub-clusters. For sub-clustering, see

the Create sub-clusters section.

4.3. Numerical metadata

In OmnibusX, cells can be assigned continuous values such as the number of
genes, AUCell score, etc., which are represented as numerical metadata. The
distribution of these values is visualized using a distribution plot, smoothed

through Kernel Density Estimation (KDE). OmnibusX uses the implementation

from the Scipy team: scipy.stats.gaussian_kde.
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To select a specific cell population within a range of values, you have two options:
e Interactive selection: Click and drag directly on the distribution plot to
highlight and select the desired region.
e Precise input: For more reproducible results, you can enter exact start

and end values in the provided input boxes.


https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.gaussian_kde.html
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4.4, Combine metadata

In certain research scenarios, it may be necessary to synthesize information from
multiple annotations, such as combining Condition and Treatment data. You can
perform this function by following below steps:

1. Click on the Combine button located at the top of the metadata panel.

2. Enter a name for the new combined metadata.

3. Select up to three different metadata that you want to combine together.
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The new metadata, formed by integrating the selected categories, will be saved

under the name you provide and appears as a new entry in the metadata panel.

4.5, Metadata group

Grouping metadata into groups can help you better organize your annotations in
OmnibusX. To manage your metadata groups, click on the Group button at the

top of the metadata panel.
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To create a new metadata group, click on the Add group button, input a group
name, and then click Create. You can update the group names as well as
metadata names by entering the new name in the corresponding input field and
then clicking on the Update name button to save all changes. To remove a
metadata group, click on the Clear icon at the beginning of each group name. All
metadata in that group will be moved back to the Default group, which cannot

be deleted.
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You can select multiple metadata by clicking on the checkbox at the beginning of
each metadata name. Once selected, you can update their group by clicking on
the Move button and selecting a new group to move them to. Additionally, you
can export the selected metadata as a . tsv file by clicking on the Export button
or delete the selected metadata by clicking on the Delete button. Deleted
metadata can be restored within 30 days in case of accidental removal of

important annotations.

Edit metadata groups Edit metadata groups Edit metadata groups
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4.6. Edit a metadata

OmnibusX allows you to modify your current metadata by clicking on the Edit

button at the top of the metadata panel.

Some metadata, such as age or height, can be represented either as distinct
categories or as numerical values. OmnibusX enables you to switch between
these types as needed. However, when converting numerical values to categories,
ensure that the number of unique values does not exceed 1000 to avoid

complications with handling a large number of categories.

You can also rename the metadata and update its description, which serves as an

extra note to keep track of necessary information. To delete the current metadata,
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click on the Delete button at the bottom left corner. Deleted metadata can be

restored within 30 days in case of accidental removal of important annotations.
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For categorical metadata, you can update label names by entering the new name
in the corresponding input field. Adjust the order of labels by using the arrow

buttons to move them up or down. This feature is particularly useful for grouping



related labels together for clearer comparative analysis in downstream plots.

Remove unnecessary labels by clicking on the delete icon at the end of each label.
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If you have accidentally deleted any metadata, you can restore it within 30 days
from the date of deletion. To restore deleted metadata, click on the Restore
button located on the top menu. A list of all deleted metadata will appear, and
you can select the metadata you want to restore by clicking on the checkbox
before the metadata name. Once you have selected all the metadata you want to
restore, click on the Restore button to retrieve them. The restored metadata will

be added back to your metadata panel, under the Default group.

5. Sub-cluster management

Sub-clustering is essential to explore the heterogeneity of each cell population
and discover new cell subtypes, potentially rare with a small number of cells,
which might otherwise be missed due to their proximity to closely related cell

types in the global scope.

Mixed sub type

Adjust
Sub-cluster scatter

separated .

5.1. Create sub-clusters

To initiate sub-clustering, first select a cell population of interest for further
analysis. There are many ways for selecting a cell population, which are detailed in
the Cell selection section. Once your population is selected, click on the
Sub-cluster button located in the top right corner of the interface to subset the

currently selected cells.



User guide | Application Single-cell analysis

By default, the existing coordinates of the selected cells are used as the initial
visualization scatter for the new sub-cluster. You can then adjust the scatter (as
described in the t-SNE/UMAP section) to enhance separation between cell
sub-populations. Other analyses, including clustering, 2D dimensional reduction,
differential expression genes, composition, basic chart, heatmap, etc., will be

applied only to this subset of cells.
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5.2. Multiple levels of sub-clustering

Sub-clustering can be performed multiple times, allowing you to dive deeper into
subsets of cells based on your analytical needs. You can navigate between
sub-clusters by using the arrow buttons next to the Sub-cluster button. Creating
a new sub-cluster from an existing one replaces all downstream sub-clusters with
the new subset. The current working sub-cluster is preserved even when the
application is closed and reopened, enabling you to continue your analysis

without needing to reselect sub-clusters.
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Single-cell analysis
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5.3. Remove all sub-clusters

To reset your analysis and return to the full

sub-cluster button located next to the Sub-cluster button.
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dataset, click on the Clear
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6. Data management

6.1. Import additional data

OmnibusX supports the importation of additional data to enrich your analysis:
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e Metadata: Accepts tabular files (.tsv, .csv, .txt) with the first column
presenting cell barcodes and the first row containing metadata names. For
datasets submitted from multiple batches, cell barcodes are modified to
ensure no duplicates. To align your import correctly, you can export the
current metadata from OmnibusX to retrieve the exact cell barcodes
format required.

e Scatter (t-SNE, UMAP, ..): OmnibusX accepts tabular files (.tsv, .csv,
.txt) that must contain three columns: the first column for cell barcodes
and the next two columns for 2D scatter coordinates of each cell.

e Embedding (PCA, Harmony, ..): Similar to the above, OmnibusX accepts
tabular files (.tsv, .csv, .txt) with the first column for cell barcodes and
the remaining columns representing dimensions from dimensional

reduction results.



6.2. Scatter management

Each dataset can have multiple cell scatters for visualization, which can be
sourced from either the submitted object (Scanpy, Seurat), imported as described
above, or newly generated while analyzing your data with OmnibusX. To manage

these results, click on the Dimensional reduction button on the top menu and

select Scatter (t-SNE, UMAP, ...).
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All available scatter results are listed in the first panel Default config. You can

click on the radio button before each scatter result to set it as the default display.
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This default scatter will be used as the primary visualization for the dataset, which
affects the visualization of the whole dataset only. When you are in a sub-cluster,
it does not modify your current sub-cluster scatter. Only when you click on the
Reset button in the Scatter panel (as described in the t-SNE/UMAP section), the

default scatter coordinate will be used instead.
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To remove a saved scatter result, click on the delete icon on each result item.
Deleted results can be restored within 30 days in case of accidental removal. To
restore deleted results, switch to the Restore panel, click on the checkbox before

the needed result, and then click on the Restore button.
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Additionally, you can generate new scatter coordinates directly within OmnibusX,
which support two methods:

e t-SNE (Amir et al.,, 2013, Pedregosa et al., 2011, van der Maaten and Hinton,
2008): This method optimizes the distribution of nearest-neighbor
distances in the embedding to closely match those in the
high-dimensional space. OmnibusX employs the t-SNE implementation
provided by the Scipy team: scanpy.tl.tsne.

e UMAP (Mclnnes et al, 2018): Besides faster than t-SNE, UMAP optimizes the
embedding to best reflect the data’s topology. The implementation used

by OmnibusX is also sourced from the Scipy team: scanpy.tl.umap.


https://scanpy.readthedocs.io/en/stable/generated/scanpy.tl.tsne.html
https://scanpy.readthedocs.io/en/stable/generated/scanpy.tl.umap.html
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6.3. Embedding management

Each dataset in OmnibusX can have multiple cell embeddings (e.g., PCA,
Harmony). To manage all of these results, click on the Dimensional reduction

button on the top menu and select Embedding (PCA, Harmony, etc.).
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In the first panel, Default config, all available results are listed. These results can
be used for other analyses, including clustering, generating scatter plots, cell type
prediction, and more. To remove a saved embedding result, click on the delete

icon on each result item.
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Deleted results can be restored within 30 days in case of accidental removal. To

restore deleted results, switch to the Restore panel, click on the checkbox before

the needed result, and then click on the Restore button.
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Besides importing existing embeddings, OmnibusX allows you to generate new

embeddings using three methods:
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e PCA (Principal Component Analysis): PCA reduces data dimensionality by
identifying principal components that capture the greatest variance in the
data. OmnibusX uses the PCA implementation from the Scanpy team:

scanpy.pp.pca

e LDA (Linear Discriminant Analysis): This method finds a linear combination
of features that characterizes or separates two or more classes of objects or
events. The LDA implementation is sourced from scikit-learn:

LinearDiscriminantAnalysis, suitable for visualizing datasets with known

labels.
e Batch effect removal: Allows you to remove batch effects based on an
existing metadata (each label presents a batch). OmnibusX supports two

methods for batch correction:

1. Combat: Adjusts for batch effects using linear models, improving
statistical power through an empirical Bayes framework that
leverages information across genes. Combat is implemented by the
Scanpy team: scanpy.pp.combat.

2. Harmony: Designed to integrate multi-sample datasets, Harmony

adjusts data to minimize discrepancies between batches. OmnibusX
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uses the Python implementation by Kamil Slowikowski, available

here.

You can generate different embeddings from various available omics in your

dataset, facilitating the simultaneous analysis of multimodal data.

6.4. Quality control
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Maintaining high-quality data is critical for reliable analyses. If you find that the
cell filtering parameters applied during a previous round of quality control did not
yield satisfactory results—either over-filtering or under-filtering—you have the
option to adjust these settings. To re-perform the quality control step, click on the
Quality control button located in the top menu. This action will reopen the

quality control panel for re-submitting.


https://github.com/slowkow/harmonypy
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It's important to note that submitting a new round of quality control will
invalidate all current analysis results, including new annotations, differential
expression genes (DEGs), heatmaps, and enrichment analyses. These results will
be removed because they depend on the composition and characteristics of the

filtered cell population.

6.5. Default color palette

OmnibusX uses three default color palettes to visually represent different types of
data: categorical metadata, numerical metadata, and expression values. To
change these palettes to your preferred ones, simply click on the Settings button
located on the top menu. OmnibusX offers a wide variety of color palettes for you
to choose from. Additionally, you have the option to add your own custom color

palette, which will be explained in detail in the Color palette library section.
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6.6. Update dataset information

To modify your dataset's basic information, click on the 'Information' button
located on the top menu. This will allow you to update the dataset title,
description, and default metadata. The default metadata is used to initially color

the cells when opening a dataset.
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Ce” annotation

1. Cell selection

1.1. Select with existed metadata

For categorical metadata, clicking on a label name from the metadata table to
select the corresponding cell population. You can also select cell populations by
clicking on the corresponding cell population on the cell scatter. Multiple labels
can be selected by holding the ctrl/cmd buttons while clicking on each metadata
label or cell population on the scatter. Holding the Shift button selects multiple

labels between the first and second clicks.
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For numerical metadata, to select a specific cell population within a range of
values, you have two options:
e Interactive selection: Click and drag directly on the distribution plot to
highlight and select the desired region.
e Precise input: For more reproducible results, you can enter exact start

and end values in the provided input boxes.
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1.2. Select with expression values

When querying the expression of a single gene, the distribution of expression
values is visualized in the top right panel using a distribution plot, smoothed via
Kernel density estimation (KDE), implementation from the Scipy team:
scipy.stats.gaussian_kde. You can select cells within a specific range of expression
values by dragging across the desired region on the distribution plot or by

entering precise values into an input box for exact selection, enhancing

reproducibility.


https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.gaussian_kde.html
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For queries involving two genes, the expression values are visualized as distinct
categories and summarized as a bar plot. You can click on each bar to select the

corresponding cell population.
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When querying more than two genes, expression values are displayed as distinct
bars, each representing the number of cells expressing from one up to all queried
genes. You can select the cell population expressing a certain range of the
number of genes by either dragging to select a region on the bar plot or inputting

a precise number in the input box.
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When using binary color mode for multiple genes, the summarized plot will show
two bars, one representing cells that express all queried genes and another for
the remainder. You can click on each bar to select the corresponding cell

population.
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1.3. Manually draw to select

In some cases, you may need to manually draw to select a specific cell population.
To start the select mode, click on the 'select' icon in the left menu. OmnibusX
supports two methods for manual selection:
e Draw: Freely draw a path around the desired cell population. All cells
enclosed within this path will be selected.

e Rectangle: Draw a rectangular area to select all cells within this shape.
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During the drawing process, you can hold the ctrl, cmd, or Shift keys to continue
selecting multiple populations without resetting the previous selections. To
simplify the selection process and minimize accidental scatter plot adjustments,
zooming and panning features are disabled when in selection mode. This ensures
that your drawing actions are precise and not confused with other interactions.
Once you have completed your selections, click on the Select icon again to exit
the selection mode. This action re-enables normal interaction with the scatter

plot, including zooming and moving.
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2. Manual annotation

Manual annotation is an essential step in single-cell data analysis, allowing you to
categorize cells based on specific characteristics. Here's how you can manually
label selected cell populations in OmnibusX:

e Click on the Annotation button located at the top of the scatter plot after

selecting your desired cell population.
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e |n the metadata name field, type a name for your new annotation. As you
type, related existing metadata will be suggested for you. You can choose
to create a new metadata with a unique name or append your label to an

existing metadata.
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e |[fyou select to create a new metadata, input a label for the current selected
population. If you choose to append cells to an existing metadata, you have
two options:

1. Create a new label:Inputa new label for the selected population.
2. Append to existing label: Add the selected population to an

already existing label within the metadata.
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If any cells in the selected population already have a label within this metadata,

the old label will be overwritten with the newly selected label.

3. Programmatic annotation

In addition to manually curating cells based on observed characteristics within
the dataset, OmnibusX supports automated methods for labeling cells using

established knowledge:
1. OmnibusX cell type prediction: By manually curating cell type names
and markers from 280 publications, we have unified the nomenclature to

consistently identify 166 cell types and subtypes. Our methodology,
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published in Biorxiv, offers a fast and precise way to label your cell types
(detail in Cell type prediction section).

2. Automatically classify using your own gene set: If you have
developed a custom set of gene sets, you can apply OmnibusX's
methodology (similar to the cell type prediction method) to label cell
populations based on the most relevant enriched gene set (detail in Cell

type prediction section).

3. Clustering for annotation: Clustering is another effective method for
grouping cells into similar populations based on their expression profiles or
other cellular characteristics. While clustering provides a useful initial
grouping, it may not always align perfectly with true biological cell
populations, especially for closely related subtypes. To enhance accuracy,
we recommend combining clustering with the sub-cluster function (detail
in Clustering section and Sub-clusters management section). This allows

for a multi-resolution examination of cell populations.
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Downstream analysis

OmnibusX supports a range of functions that allow for further exploration of the
dataset based on expression data and curated annotations stored as metadata.
These analyses can be applied to the whole dataset, to a subset if you are working
within a specific subcluster, or across different available omics. Supported
functions include Composition analysis, Basic charts for reports and
presentations, Differential expression gene/feature analysis, Enrichment
analysis, and Heatmap. You can initiate any of these analyses by selecting the

corresponding icon from the top menu.

GSE247916 scRNAseq
Number of cells: 2,855 Import  Export  Dimensional reduction  Quality control ~ Restore  Settings  Information .
VB Compostion 828 Buseehens  [a DG B3 Emichment  [<] Heamap &
n n
................
QUERY GENES % Scattel Predict cell type ¢ Edit 5 Combine L3 Group
Cell Type (version 1) v
rma
Input genes a
B cell 196 cells
Unit. Colar mode u LAMP3+ dendritic cell 13 cells
Tce 369 cells
effector T cell 290 cells
effector memory Tcell  38cells
monacyte 166 cells
naive T cell 1,653 cells
natural killer cel 130 cells

Run AUCell




User guide | Application Single-cell analysis

1. Composition analysis

Composition analysis provides insights into the characteristics of your data
derived from metadata information. To start, select a metadata of interest from

the Component select box and click on the Generate composition plot button.

. PBMC scRNAseq - Composition
o= = UMDELOLeQls 3078 (BT o m Export  Settings  Information

— Component — ~
— Group by level 1 - ~

- Group by level 2 - v

For categorical metadata, OmnibusX generates a bar chart summarizing all
available components within the selected metadata and the number of cells in

each component.
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For numerical metadata, OmnibusX creates a distribution plot that summarizes
the value distribution of this metadata, smoothed using Kernel Density
Estimation (KDE) with implementation sourced from the Scipy team:

scipy.stats.gaussian_kde.
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You can increase the complexity of the analysis by adding one more level of
grouping. Select a metadata from the Group by level 1 dropdown to divide the
current cell population into corresponding groups. For categorical data,
OmnibusX generates a composition plot displaying the composition of

component metadata within each group.
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For numerical data, OmnibusX produces stacked distribution plots, with each plot

summarizing the values in each group.
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|
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OmnibusX allows for up to two levels of grouping. Adding a second level divides
the current cell populations according to labels from the Group by level 2
metadata. Then, for categorical metadata, OmnibusX draws multiple composition

plots from component metadata and level 1 metadata for each group.
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For numerical metadata, multiple stacked distribution plots are created from

component metadata and level 1 metadata for each group.
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For each generated plot, you can export the chart data as a .tsv file, the image as a
PNG, and the image as an SVG by clicking on the export button located on the

top menu.
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2. Basic charts

OmnibusX supports four distinct types of plots for visualizing expression values
across different cell populations: Violin plot, Box plot, Bar plot, and Bubble plot.
These visualization tools can be applied to different omics available in your
dataset. You can follow the below steps to start plotting:
1. Select chart type: select the chart type of your choice from the top
menu bar.
2. Select omic: From the left control panel, select an omic of interest from

the dropdown box.
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. PBMC scRNAseq - Basic chart .
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3. Select features: Below the omic selection, type the name of your target
feature into the input box. As you type, OmnibusX will suggest related and
available features from your dataset. Click on the suggested feature name
to select it. For rna omic, you can quickly incorporate a list of genes from
your gene set library by clicking on the folder icon above the query box. A
list of available gene sets will appear, allowing you to select one and

automatically add its genes to your query list.
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4. Select metadata: By default, if no metadata is selected for grouping,
OmnibusX treats all cells as one group. However, you can choose to group
cells using up to three levels of metadata from the select boxes for more

detailed analysis.
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After selecting the features and group by metadata, click on the Generate plot
button at the bottom to get the corresponding plot. Once the plot is generated,
you can change the unit by clicking on the unit button above the query box and

selecting your preferred unit.
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Moreover, you can export the data by clicking on the Export button in the top
menu. OmnibusX supports exporting the chart data as a .tsv file, or the image as

PNG or SVG files for use in reports and presentations
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¢ PBMC = ic chart
Number of cells: 14,794 / 34,782 Export Settings Information
4@ Violin 88 Box [y Bar Bubble Chart data (.tsv)
Image (.png}
ma hd
Normalized Expressed coverage Image (.svg)
Expressed average
Input genes i OOO
0% 245 oo
Group by (optional)
untreated
Cell Type (version 1) X | v Donori Donor2 Donor3 Donord
Batch names X | v CD?SA'. ° ' . : ) o ’ ’ . : ) Export
treatment X o~ €D3DA . . O .
w F 1 @ 1 F] @ 1 3 @ 3 3
8 8 8 B B 8 8 B
unit mE o g 5§ 5§ & 5§ £ & § 5 & § §
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8 5 ¢ & § £ & : : & 35 ¢t
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Generate plot g 3 Al 3

2.1. Violin plot

Violin plot is generated from expression data and cell annotations as below:

1. Data preparation and grouping: OmnibusX retrieves the expression
values of the queried features based on the selected omic and unit. The
data is then divided into groups according to the selected metadata
annotations.

2. Data for violin: The distribution of each feature within each group is
smoothed using Kernel Density Estimation (KDE), implemented by the
Scipy team: scipy.stats.gaussian_kde, to create the violin plots.

3. Plotting: Depending on the number of metadata levels selected, different
plots are generated:

e None: all cells are treated as one group, and OmnibusX draws one

violin for each queried feature.
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PBMC
Nurmber of cells: 14,794 / 34,782

4% Violin  £7 Box [ Bar Bubble
ma v
Input genes

Group by (optional)
- Group by level 1 - ~

:

- Group by level 2 — v 3]
— Group by level 3 — ~

Unit e o

e EE s s s ... .

Generate plot

e Group by level

CD3D

Normalized

scRNAseq - Basic chart
Export  Settings  Information

B Current subcluster

Current subcluster

Cells are divided

into groups using the

annotation from the input metadata. Each group is visualized with a

distinct color.
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Number of cells: 14,794 / 34,782
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e Group by level 2: Cells are divided

Single-cell analysis

into groups using the

combined information from both metadata. Groups from the same

annotation of metadata level 1 will have the same color. Groups from

metadata level 2 are displayed as distinct xAxis values.

PBMC
&

Number of cells: 14,794 / 34,782

scRNAseq - Basic chart

Export  Settings

Information .

% Violin &7 Box [l Bar [f] Bubble
i v Normalized
B Bcel
Input genes 4 @ naive T cell
B natural killer cell
Group by (optional)
T Tt T T .
] . ' 34
3 Cell Type (version 1) x| v |,
' , & Group b
: Batch names X | v : o 24 roup y
e . level 1
- Group by level 3 - ~
14
Unit & o
N
34
| ﬁ
] ‘
a
o 24
| L
Donori Donor2 Donord Donord Group b
Batch names | | p2 y
Generate plot eve

e Group by level 3: Cells are first divided by the third level of

metadata, with each group presented as a separate plot using

combined information from the first two metadata levels.
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PBMC
Number of cells: 14,794 / 34,782

€
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All plots are drawn using the same scale for comparative analysis.

2.2. Box plot

Box plot is generated from expression data and cell annotations as below:

1. Data preparation and grouping: OmnibusX retrieves the expression

values of the queried features based on the selected omic and unit. The

data is then divided into groups according to the selected metadata

annotations.

2. Data for box: For each group, the following statistical measures are

computed:

e Minimum: The lowest expression value of the data.

e Maximum: The highest expression value of the data.

e Mean: The average expression value of the data.

e Median: The middle value separating the higher half from the lower

half of the data.

e Q1(First Quartile): The 25th percentile of the data.

e Q3 (Third Quartile): The 75th percentile of the data.

omnibusx.com

99



User guide | Application Single-cell analysis

e Lower whisker: Calculated as Q1 - 1.5IQR (interquartile range,
which is the distance between Q1 and Q3).

e Upper whisker: Calculated asQ3 + 1.5IQR.

3. Plotting: Depending on the number of metadata levels selected, different
plots are generated:
e None: all cells are treated as one group, and OmnibusX draws one

box for each queried feature.

< PBMC scRNAseq - Basic chart
Number of cells: 14,794 / 34,782 Export Settings Information
4% violin 3§ Box [l Bar [%] Bubble
i v Normalized
44 @ Current subcluster
Input genes °
Group by (optional) 3
- Group by level 1 - v
é 2
— Group by level 2 — ~ o
14
— Group by level 3 - ~
Unit mE o 04
R & e, . .
CD79A X ) ( CD3D X

CcD3D
n

| —

Current subcluster

Generate plot

e Group by level 1. Cells are divided into groups using the
annotation from the input metadata. Each group is visualized with a

distinct color.
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PBMC

Number of cells: 14,794 / 34,782
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Cell Type (version 1)

[
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level 1

into groups using the

combined information from both metadata. Groups from the same

annotation of metadata level 1 will have the same color. Groups from

metadata level 2 are displayed as distinct xAxis values.
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e Group by level 3: Cells are first divided by the third level of
metadata, with each group presented as a separate plot using

combined information from the first two metadata levels.

PBMC scRNAseq - Basic chart
Number of cells: 14,794 / 34,782 Export Settings Information
+@ violin 8§ Box [ Bar Bubble
ma ~
untreated - Normalized [é—— Group by level 3
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s sssss e === .
Donort Donor2 Donor3 Donord
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g . . ‘ . i
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1 o o
[ [ —— J .
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Generate plot level 2

All plots are drawn using the same scale for comparative analysis.

2.3. Bar plot

Bar plot is generated from expression data and cell annotations as below:

1. Data preparation and grouping: OmnibusX retrieves the expression
values of the queried features based on the selected omic and unit. The
data is then divided into groups according to the selected metadata
annotations.

2. Data for bar: For each group, the following statistical measures are
computed:

e Mean: The average expression value of the data.
e Standard deviation (Std): Measures the amount of variation, which

is calculated for drawing the error bars.
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3. Plotting: Depending on the number of metadata levels selected, different

plots are generated:

e None: all cells are treated as one group, and OmnibusX draws one bar

for each queried feature.

¢ PBMC
Number of cells: 14,704 / 34,782

4% violin 88 Box [ Bar [%] Bubble

ma ~

Input genes

Group by (optional)

- Group by level 1 - v
— Group by level 2 - ~
— Group by level 3 - ~
Unit mE o
e & et .

Generate plot

e Group by level

CDT9A

CD3D

0.9+

0.6

0.3

Normalized

scRNAseq - Basic chart
Export Settings Information

@ Current subcluster

1:

Current subcluster

Cells are divided

into groups using the

annotation from the input metadata. Each group is visualized with a

distinct color.
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¢ PBMC scRNAseq - Basic chart
Number of cells: 14,794 / 34,782 Export Settings Information
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Cell Type (version 1)
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Generate plot

e Group by level 2: Cells are divided into groups using the
combined information from both metadata. Groups from the same
annotation of metadata level 1 will have the same color. Groups from

metadata level 2 are displayed as distinct xAxis values.
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e Group by level 3: Cells are first divided by the third level of

metadata, with each group presented as a separate plot using

combined information from the first two metadata levels.

¢ PBMC scRNAseq - Basic chart
Number of cells: 14,794 / 34,782 Export  Settings  Information
4? Violin 83 Box [ Bar  [fq] Bubble
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All plots are drawn using the same scale for comparative analysis.

2.4. Bubble plot

Bubble plots are generated from expression data and cell annotations as follows:
1. Data preparation and grouping: OmnibusX retrieves the expression
values of the queried features based on the selected omic and unit. The
data is then divided into groups according to the selected metadata
annotations.
2. Data for bubble: Bubble: Each feature of each group is visualized by a
bubble, which is calculated as follows:
e Color: The color represents the mean expression of non-zero cells
only.
e Size: The bubble size represents the percentage of cells in this

group that express the feature.
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As drop-out events happen in single-cell data, where zero values come from the
limit of the technology to capture the true signal, combining information from
both mean expression of expressed cells only with the coverage of expressed cells
can provide a more effective way to analyze the data. Four scenarios can be
observed:

e Large, highly colored: Indicates that a majority of the cells
express the feature at high levels, suggesting the true population
signal and effective capture rate.

e Large, 1lightly colored: Suggests that most cells express the
feature but at low levels.

e Small, highly colored: Represents a small fraction of the
population expressing the feature at high levels, which may indicate
a significant sub-population or low capture rate for an actively
expressed gene..

e Small, lightly colored: potentially indicative of random noise or

alignment errors.

3. Plotting: Depending on the number of metadata levels selected, different
plots are generated:
e None: If no metadata is selected for grouping, all cells are treated as a

single group, with each feature represented by a bubble.
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. PBMC scRNAseq - Basic chart
Export Settings Information
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Generate plot

e Group by Level 1: Cells are divided into groups based on the first
level of metadata, with each feature within these groups

represented by individual bubbles.
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e Group by Level 2: Cells are categorized by combining information from
both the first and second metadata levels. Groups sharing the same level 2

metadata are presented adjacent to each other.

¢ PBMC scRNAseq - Basic chart
Number of cells: 14,794 / 34,782 Export Settings Information
4% violin &3 Box [ Bar Bubble
ma ~
Normalized Expressed coverage
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Generate plot

e Group by Level 3:Cells are first divided using the third level of metadata.

Each such group is then visualized as a separate plot, incorporating

features from the first two metadata levels.
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PBMC scRNAseq - Basic chart
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All plots are drawn using the same scale for comparative analysis.

3. Differential expression genes (DEGs) analysis

To create a new DEGs analysis, click on the New comparison button on the top:
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PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings  Information

!
. ——

No available result

3.1. Select groups for comparison

The first step in performing DEGs analysis is to define two groups for comparison.
You can use the provided selection boxes to choose up to three metadata levels,
then click on the generate composition tree button to generate a tree of all

possible groups formed from the combined metadata information.
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PBMC
Number of cells: 14,794 / 34,782
............... a
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1
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1
- Group by level 2 — A |
1
1
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Group 1

Group 1 name

Group 2

Group 2 name

scRNAseq - Differential expression analysis

Information

Settings
PARAMS
Title
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Method
t-test v

Omic

ma ~

Filter features
Min expression coverage 10%
-
Select features
@ All features
Protein coding genes

Use gene set

Run

From the generated composition tree, select the desired nodes by checking the

boxes next to each node name. You can add selected nodes to one of the

comparison groups using the Add to group 1or Add to group 2 buttons. These

groups will then appear in the right panel.

PBEMC
Number of cells: 32,478 / 34782
e mammmmemmem . .
Cell Type (version 1) ~ SELECTGROUPS I Add to group 1 Addto group 2 1
a
p == B
- Group by level 1 - A § Beell 9601 cells
L]
~ Group by level 2 - - 1B NKT cell 435 cells
L]

:- central memory T cell 3,252 cells
.
1 conventional type 2 dendritic cell 384 cells
]
1@ effector T cell 1,181 cells
[ ]

:- effector memory T cell 1,102 cells

n

y  immature B cell 513 cells

]

1 monocyte 8,569 cells

L]

:- naive T cell 3,907 cells

1

g hatural killer cell 1,286 celis
1

1 pro-B cell 2,248 cells
D .
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You can review your selected nodes in the right panel and remove any mistakenly
selected ones by clicking the remove icon. Finally, input group names for both
groups in the input box. Ensure each group contains at least 30 cells to maintain

statistical significance.

¢ PBMC scRNAseq - Differential expression analysis
Number of cells: 32,478 / 34,782 Settings Information
Cell Type (version 1) v SELECT GROUPS MANUAL AUTOMATIC PARAMS

— Group by level 1 - ~

Group 1 Title
................ .
— Group by level 2 - ~ Tcell Title
Method
Generate composition tree Il Typ ion 1) X e
conventional type 2 dendritic cell 384 cells NK T cell t-test -
435 cells
Omic
Cell Type (version 1) X

central memory T cell ma v

immature B cell 513 cells 3252 cells
Filter features

Cell Type (version 1) X
monocyte 8,569 cells - I
effector T ce Min expression coverage 10%
-
Group 2
natural killer cell 1,286 cells B cell Select features
pro-B cell 2,248 cells @ All features

Protein coding genes

Use gene set

3.2. Automatic group selection

Beside manual selecting groups and performing each comparison, OmnibusX
supports automated approaches to selecting and comparing groups, which is
particularly useful for large-scale studies where manual selection would be
time-consuming and less feasible. This functionality allows for systematic
comparisons across all potential groupings derived from your specified metadata,
which includes two below types:

e All pairwise comparison: This option automatically generates
comparisons between every two nodes at the final level of your
composition tree. For example, if using cell type as a metadata,
comparisons will be made between each pair of cell types. Groups with

fewer than 30 cells will be skipped.
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PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings  Information
Cell Type (version 1) ~ SELECT GROUPS MANUAL AUTOMATIC PARAMS
~ Group by level 1~ b B cell 9,601 cells None Title

" Y Manually select groups to compare
— Group by level 2 - ~ naive T cell 3,907 cells ' e cell type marker

@ All pairwise comparisons

natural killer cell 1,286 cells Automatically generate comparisor Method
T \ the composition tree ttest v
Automatically run test f Pairwise comparisons within groups omic
. Automatically generate comparisons
for all pairs between evry o nodes withineach group. | .

Filter features
Min expression coverage 10%
-
Select features
@ All features
Protein coding genes

Use gene set

PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings  Information
ORI : tomie
NAME GROUP 1 GROUP 2 oMmic METHOD CREATED DATE |
cell type marker naive T cell natural killer cell
b © ma t-test 2 seconds ago 1 Explore |2
Automatically pairwise select from Cell Type (version 1) 3907 cells 1286 cells
cell type marker B cell natural killer cell
i ma t-test 4 seconds ago i Explore |&]

Automatically pairwise select from Cell Type (version 1) 9601 cells 1286 cells

cell type marker B cell naive T cell
P ma t-test 8 seconds ago 1 Explore |2

Automatically pairwise select from Cell Type (version 1) 9601 cells 3907 cells

T

All pairwise comparison

e Pairwise comparisons within groups: Comparisons are generated
between nodes within each group based on the composition tree
hierarchy. For instance, comparisons between different treatment types

within the same cell type (e.g., treated vs. untreated B cells).

omnibusx.com 13



User guide | Application

Single-cell analysis

PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings  Information
treatment ~ SELECT GROI MANUAL AUTOMATIC PARAMS
Cell Type (version 1 X | o~ N .
ype ) B cel None Title
Manually select groups to compare
~ Group by level 2 - v . ey e s e eames Treatment effect
untreated 3,706 cells All pairwise comparisons
treated 5895 cells parisons Method
Generate composition tree 2 at the final level of
Wilcoxon rank sum test v
naive T cell @ Pairwise comparisons within groups
R e Omic
Automatically generate comparison
untreated 3,120 cells between every two nodes within each group. ma -

I~

treated 787 cells
Filter features

Min expression coverage 10%
-

natural killer cel

untreated 950 cells
Select features

treated 336 cells @ All features

Protein coding genes

Use gene set
Automatically run
for all pairs m

in each group

PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings  Information
New comparison C)3results [Z]1 omic
NAME GROUP 1 GROUP 2 oMIC METHOD CREATED DATE |
Treatment effect untreated - natural kill... treated - natural killer .. ;
ma wilcoxon 2 seconds ago Explore
Automatically from treatment - Cell Type (version 1): 950 cells 336 cells
Treatment effect untreated - naive T cell treated - naive T cell ;
ma wilcoxon 4 seconds ago Explore |
Automatically select from treatment - Cell Type (version 1): 3120 cells 787 cells
Treatment effect untreated - B cell treated - B cell .
. ma wilcoxon 6 seconds ago Explore |2
Automatically select from treatment - Cell Type (version 1); 3706 cells 5895 cells

T

All pairwise comparison
within groups

3.3. Parameters for DEGs analysis

OmnibusX allows you to customize several parameters to tailor the analysis to

your specific research needs, including:
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e Method: OmnibusX supports two statistical methods to determine
differential expression:

o t-test: Suitable for comparing two groups under the assumption
that the feature expression data follows a normal distribution. The
t-test implementation is from the SciPy team: scipy.stats.ttest_ind.

o Wilcoxon rank sum test: A non-parametric test that does not
assume a normal distribution of data, making it more robust against

non-normal data distributions and outliers. The implementation is

from the SciPy team: scipy.stats.mannwhitneyu.

< PBMC scRNAseq - Differential expression analysis
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monocyte 8569 cells ff I 1 1
effector T cel : Min expression coverage 10% :
Group 2 : - :
natural killer cell 1,286 cells B cell : Select features :
pro-B cell 2,248 cells " @ Allfeatures 1
] ]
X ! Protein coding genes !
B cell 1 1
! Use gene set !
] ]
] ]
[N Run 1
] ]
é L e -

e Omic: Select an omic you want to analyze from available omics in your
dataset.

e Min expression coverage: You can set the minimum expression
coverage to filter out features expressed by only a small percentage of cells,

reducing noise in the results.
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Group 1

Group 2

e Select feature: for rna omic, you can choose to include A11 featuresin

the analysis, or focus on Protein coding genes, which are often of more

biological interest. The list of protein-coding genes is sourced from the

Ensemble annotation you selected during dataset submission. If you have

defined specific gene sets in your gene set library (e.g., genes involved in a

particular pathway), you can choose to analyze only these genes. This is

particularly useful for targeted analyses where you are interested in specific

biological processes or pathways.

After setting all parameters, clicking the Run button will initiate the analysis.

Depending on the complexity and size of the dataset, the analysis might take

some time.

3.4. Manage DEGs results

All DEG analyses are stored and displayed in a table within the DEGs panel. You

can click on the table headers to sort the results. You can also select multiple

results using the corresponding checkboxes and perform bulk actions like

deleting.

omnibusx.com
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PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings  Information
] Delete 2 comparsions |(— Multlple delete Cl3results  [Z] 1 omic
Sort
NAME GROUP 1 GROUP 2 omIc METHOD CREATED DATE | | é——
table
Treatment effect untreated - natural Kill... treated - natural killer ... ;
/] ) ma wilcoxon 20 seconds ago I Explore |
Automatically from treatment - Cell Type (version 1) 950 cells 336 cells
Treatment effect untreated - naive T cell treated - naive T cell .
ma wilcoxon 22 seconds ago I Explore |
Automatically select from treatment - Cell Type (version 1): 3120 cells 787 cells
Treatment effect untreated - B cell treated - B cell .
V] ma wilcoxon 24 seconds ago i Explore |Z]
Automatically select from treatment - Cell Type (version 1); 3706 cells 5895 cells

I

Multiple
select

You can edit the details of a result by hovering over the dot icon next to each
result and selecting Edit. Update the result title, group names, or description for

better management.

PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings Information
NAME GROUP 1 GROUP 2 oMIC METHOD CREATED DATE |
Cell type marker Group 1 Group 2
P p P ma t-test 15 seconyds ago 1 Explore |21
Manually select from Cell Typ 9601 cells 3907 cells
o Edit
7 Delete
Edit
information
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PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Settings Information

€

BB SuE Diresut [E]1 omic
! Update information x i
' '
NAME Wl [ METHOD CREATED DATE |
' Name (
Cell type marker ér d
1 ' |
Manually select from Cell Type (version 1) B | Celltype marker 1 Hest DL G ()
' '
! Name '
1 [ ]
: Manually select from Cell Type (version 1) :
n n
' '
1 # 1
1 1
1 Group 1name '
1 1
L) Group 1 []
' '
' ]
g Group 2 name ¥
' '
[} Group 2 [}
1 1
1 1
1 1
' '
' '
o ———
Clicking the Explore button to start analyzing a specific result.
OmnibusX visualizes DEGs results using a volcano plot as described below:
PBMC scRNAseq - Differential expression analysis .
Number of cells: 14,794 / 34,782 Export  Settings Information
[a Gene [H] Enrichment  [Rg] Heatmap
FEATURE EXPRESSION Add label 1o volcano plot CANO PLOT FILTER RESULT
44 Logz(Fold-change) Adjusted p-value
> 0.5 < 0.05
al
IS 2 4001 Find feature
Z 2]
o
FEATURE LOG,(FC) | FDR
i
I . NOG BE6  2.57e56
3 a00]
Ed MAL 7.24 0.00e+0
0- i
3 TRAVED 723 535034
E}
£ CD40LG 714 161e63
= 3 2
g § 200 TSHZ2 7.10 1.84e-76
2 .
E . NRCAM 710 2.62e29
2
g 21 PKIA 699 3.34e-36
3 -
B 100 TCEA3 689 6.49¢59
&
o 1 IL6R 6.61 3.36e-61
) AC103563.7 657 109e39
‘ i SCGB3AT 650  9.53e37
T cell NK cell -15 10
LINC01550 647  597e144

Log2(Fold-change)
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e X-axis: Represents the log2(Fold-change) of each feature between the
two groups being compared. Positive values indicate higher expression in
the first group, while negative values indicate higher expression in the

second group.
e Y-axis: Represents the -log10(Adjusted p-value) of each test result,
indicating the statistical significance of the expression differences.
e Dots: Each dot on the plot corresponds to a test result for a specific feature.
By default, dots are colored as follows:
o red dots: Indicate features with an adjusted p-value smaller than
0.05 and an 1log2(Fold-change) greater than 0.5, indicating
significant upregulation in the first group.
o blue dots: Indicate features with an adjusted p-value smaller
than 8.65 and an 1log2(Fold-change) smaller than -0.5.
o gray dots: Features that do not meet the adjusted p-value and

log2 (Fold-change) thresholds for significant differential expression

You can customize the adjusted p-value and log2(Fold-change) thresholds for

coloring the dots using the Filter result panel on the right.

GSE247916 scRNAseq - Differential expression analysis
Number of cells: 3,092 Export  Settings  Information

[a Gene [ Enrichment  [Rg] Heatmap

FEATURE EXPRESSION Add label to voleano plot VOLCANO PLOT FILTER RESULT
e EE s e e e .. .
a 1Log2(Fold-change) Adjusted p-value 1
] ]
1.3 < 1e-20 1
3 1 ]
CmEEEEEEE s s ... -
o
g L 1204 Find feature
3
T .
FEATURE LOG,(FC) FDR T
14
& HLA-DRB1 772 7.29e141 |
H 3 9
. g HLADRA 893 1.90e-139
0- &
g L] - d HLA-DQB1 -7.04 3.77e-138
=
4 g CD79A -9.08  2.47e137
b = ..
= g 60 . . HLA-DRBS 724 1.35e125
E ' ' o .
2 34 . = N HLA-DPB1 -5.55 7.86e-121
Z . .. PR
g . . ] coas 629 509116
T, e . .
@ a0d . HLA-DPA1 562 2268114
=3 : L
1 H I HLA-DQA1 Anf 1.33e-106
E
CD74 -5.61 5.72e-98
SYNGRZ -4.00 3.40e-92
T cell B call -10 -5 0 5 10 HLADMA 80 110601
Log2(Fold-change) ©
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Given the vast number of features tested in a typical DEGs analysis, OmnibusX
applies the Benjamini-Hochberg procedure to adjust raw p-values for multiple
comparisons.  This method, implemented by the Scipy  team:

statsmodels.stats.multitest.multipletests, controls the false discovery rate.

In single-cell data analyses, the abundance of data points can lead to extremely
small p-values, some approaching the lower limits of computational precision.
These small values can complicate the visualization of results in the volcano plot;
as a p-value approaches zero, the value of -1og10(p-value)approaches infinity.
This extreme value can disrupt the scale and readability of the volcano plot,
making it difficult to distinguish between significant results. To manage this,
OmnibusX adjusts the plot for p-values smaller than 2.2250738585072014e-308
(the smallest positive number representable in the floate4 data type), which have
a -1log10 value of approximately 307.954. For visualization purposes, any p-value
below this threshold is plotted at 308 + a small random variance. Adding a

small variance to these extremely significant points helps to jitter overlapping

points.
¢ PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export Settings Information

[a Gene [ Enrichment  [Rg] Heatmap

FEATURE EXPRESSION Add label to volcano plot VOLCANO PLOT FILTER RESULT
3 Logs(Fold-change) Adjusted p-value
25 > 05 < 0.05
2 —
o« Find feature
G151
1 ) FEATURE LOG,(FC) FDRT
e P ——
o . RPL22 161 1 0.00e+0 |.
05 6
2 3800 . ' '
3 EFHDZ 505 g 0.00e+0 g
o & [ [
E
2 RPLT1 167 g 0.00e+0 g
2 [ [
2 RUNX3 270 g 000e+0 4
s 5
_ B = ] L] L]
g §' 200 cDs2 187 4 000e+0 4
S L] L]
£ FGR 684 000e+0
= 2 1 1
E RPSE 178 000e+0
g
= TGFBR3 446 " 000e+0 |
g 100 y 000es0 |
. RPLS 185 | 000e0 |
' '
VAV3 -4.17 ' 0.00e+0 M
RHOC 538 : 0.00e+0 :
Teell NK cell -5 10 ' '
CD160 903 1 !

A 41
Log2(Fald-change) 200e0
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There are instances where the fold change calculation 1log2(mean_1 / mean_2)
becomes problematic, such as when a feature is not expressed in one of the
groups, resulting in a mean of zero. This situation leads to a division by zero error.
As mean_2 approaches zero, the ratio mean_1 / mean_2 approaches infinity.
OmnibusX handles this by assigning a value of Infinity to the log2(Fold
-change) when mean_2 is zero, and -Infinity when mean_l is zero. Since
Infinity is not feasible to display on a standard plot, OmnibusX presents these

values as the maximum log2(Fold-change) observed in the data plus a small

< PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export  Settings  Information

[ Gene [ Enrichment  [Rg] Heatmap

FEATURE EXPRESSION Add label to volcano plot VOLCANO PLOT FILTER RESULT
........................... .
1 Logp(Fold-change) Adjusted p-value
L]
' =05 <005
1
L]
@ [ ]
a [ 400 Find feature
a1 1
@ 1
1 FEATURE LOG,(FC) T FDR
T g L .
TR i 1 sHzD18 it 00oesp
1 3 300 ' 1
N 1 TRDJI dnf 7.49e120 I
)| 5 1 1
' 3 1 LGALS9B inf 2.36e180 1
M- 1 1
' g; 1 CCLaLz dnf 6.83e162
<3 - A eSS eSS e EE e E .. L
é : g 2001 xcLl 1192 2.25e172
£ ]
3 ' NCAMT 1168 8.52e283
3 1
g ' SIGLECY 11.47  1.06e244
e : 100 | S1PRS RART] 0.00e+0
2
o 1 GZMB 10,92 0.00e+0
1
: GNLY -10.92 0.00e+0
: NCR1 -10.75 0.00e+0
| 1l 15 10
[ T e e m e aa NEGEln e e m - coLa 070 0.00e40

Log2(Fold-change)

3.6. DEGs table

In addition to visualizing differential expression results via the volcano plot,
OmnibusX provides a detailed DEGs table for further exploration and analysis. You
can sort the table by clicking on any column header. Use the input boxes above
the table to filter the results by log2(Fold-change) and Adjusted p-value

thresholds. The 1og2 (Fold-change) filter uses the absolute value.
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GSE247916 scRNAseq - Differential expression analysis
Number of cells: 3,092 Export  Settings  Information

[a Gene [ Enrichment o Heatmap

FEATURE EXPRESSION Add label to volcano plot VOLCANO PLOT FILTER RESULT
P EEE s s s E .-y
44 1Logy(Fold-change) Adjusted p-value 1
1 ]
3 s < 1e-80 1
3 1 ]
s EEEEEE s s ...
5 .
< 120 +
& 2] Find feature
3
T
. FEATURE L FDR T
. . [
— 1 HLADRB1 772 7.29%141 1
3 g . ' '
2 1 HLADRA 893 190e13%
o0- = N - 1 1
B
2 1 HLADQB1 7.04  3.77e138 g
]
k) ] ]
P § 1 CD79A -9.08 247e137 g
5 3
a o n n
2 g 6o 1 HLADRES 724 135¢125 g
E 1 1
2 3 § HLA-DQA1 4nf 1.33e106 g
‘é. ] ]
k] 3 HLADMA -7.80 110691 4
- 2 1 1
2 30 1 LR 73 23285
[=]
; ] 1
j M MS4AT1 -8.30 7.26e-85 M
T
14
n n
] ]
i
T cell B cell -10 5 0 5 10

Log2(Fold-change)

You can also find your target gene by typing its name in the search box and
pressing Enter. This filters the table to show only entries related to the searched

gene, making it easy to locate and analyze specific data quickly.

PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export  Settings  Information

[a Gene [ Enrichment o Heatmap

FEATURE EXPRESSION Add label to volcano plot VOLCANO PLOT FILTER RESULT
44 Logy(Fold-change) Adjusted p-value
. >3 < 0.001
3 .
-, P Emom om mom mmOE O OEmOEOEEEEEmmy
a 400 | ! '
2 24 . y cd3 '
Q LR N R R N N )
FEATURE FOR T
. L
& 1 CD3D 487 0.00e+0 ]
e 2 3004 . 1 1
% . 2 . .t § CD3G 464 0.00e+0
J a s
° 3 ; - . ! !
§ . 1 CD300A -4.85 0.00e+0 1
) " ] ]
= . CD38 -3.82 1.90e-274
3 = - 1 1
o b 200 LR R R R R
3 g .
E .l
5 . .
z %
T 2
£ .
3 : B
- 100 |
§ R .
o 4 oy v
L
% ol
ol T

T eell NK cell -15 -10 -6 o 5 10
Log2(Fold-change)
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By clicking on a feature within the table, you can view detailed expression

patterns for that particular feature across the two comparison groups. These

patterns are visualized through scatter plots and violin plots displayed in the left

panel. To highlight a specific feature on the volcano plot, click the Add label to

the volcano plot button. This action places a label on the corresponding dot on

the volcano plot.

PBMC
Number of cells: 14,794 / 34,782

€

[ Gene [ Enrichment  [Rg Heatmap

T -
FEATURE EXPRESSION é : Add label to volcano plot : VOLCANO PLOT
S .
as
.
'
25 '
]
24 ]
@
= 400 1
Q154 '
5 -
1
A R
gt
05 5
2 aco0] .
K o
o i o
j: =
2 .
= "
25 3
~ K .
g 2 200 *
- =
£ '
5 .
3 .
Y 15
3
3 .
2 ] 100 o
a y
T 3 .
F a1 ¢,
05 ¥
82wy
T cell NK cell T 5 10
Log2(Fold-change)

scRNAseq - Differential expression analysis .

Export

FILTER RESULT

Logy(Fold-change)

>3

cd3

FEATURE
co3p
CD3G
CD300A

cD3s

Setting

s

Information

Adjusted p-value

< 0.001

FDR T

0.00e+0

0.00e+0

0.00e+0

1.90e-274

Labels can be removed by either clicking again on the labeled dot in the volcano

plot or by pressing the Remove label from volcano plot button.
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PBMC

scRNAseq - Differential expression analysis

Number of cells: 14,794 / 34,782 Export  Settings Information
[a Gene [ Enrichment  [Rg] Heatmap
e
FEATURE EXPRESSION —) : £ Remove label from veleano plot : VOLCANO PLOT FILTER RESULT
e mm e mm———-———
39 Logg(Fold-change) Adjusted p-value
S—_—
25+ >3 < 0.001
2]
o
o 400-| 43
Q154 ©
I
@
14 FEATURE FDR 1
-
05 = cDan 487 0.00e+0
2 300
g D36 464 0.00e40
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Z ? 200
3 2] 7 .
£
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=
D 15
5 N
@ 100
a 1
]
I
@
0.5 :
T cell NK cell 5 0 5 0 5 10

Log2(Fald-change)

The DEGs results can be exported as a .tsv file by clicking the Export button

located on the top menu. All plots can be exported as PNG or SVG files.

PBMC

scRNAseq - Differential expressipn apalysis

Number of cells: 14,794 / 34,782 m—} | Export  Settings
[ ]
[ Gene [ Enrichment o Heatmap 1 Result table (tsv)
[ ]
1 Feature expression (png)
FEATURE EXPRESSION Add label to volcano plot VOLCANO PLOT HLH-_\:I?; Feature expression (svg)
1
Volcano plot (.png)
3 Logg(F%
. " . . 4 Voleano plot (:svg)
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815 4001 v e cd3
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e
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g €036 464
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3.7. Differential enrichment analysis

OmnibusX supports comprehensive analysis for identifying significant differences
in gene set enrichment scores between two groups. This analysis provides
insights beyond mean expression differences by focusing on the behavior of
predefined gene sets. OmnibusX integrates gene sets from two primary sources:

e MsigDB: Molecular Signatures Database

e Gene ontology: Gene Ontology Consortium

Choose a collection that aligns with your research to start analysis, which includes

the below steps:

¢ PBMC q - Diff | exp analysis
Number of cells: 14,794 / 34,782 Export Settings Information

ENRICHMENT PLOT VOLCANO PLOT 1 RESULT CREATE NEW

1 Select a reference:
GENE ONTOLOGY

Molecular function
12614 gene sets.

Molecular-level activities performed by gene products.

Cellular component

4519 gene sets

The larger processes, or ‘biological programs' accomplished by multiple
molecular activities.

@ Biological process
30723 gene sets.
A location, relative to cellular compartments and structures, occupied by
a macromolecular machine.

MSIGDB C1
Positional

301 gene sets.
positional gene sets

Run enrichment analysis

e Enrichment score calculation: Once a collection is selected, OmnibusX
calculates the enrichment scores for each cell in both groups against all
gene sets in the collection. The enrichment scores are calculated using
AUCell algorithm (Bioconductor package documentation).

e Statistical testing: A t-test (scipy.stats.ttest ind) is performed to
compare the enrichment scores between the two groups for each gene set.

p-values generated from these tests are corrected for multiple
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comparisons using the Benjamini-Hochberg procedure to control the false

discovery rate.

e DEGs integration: OmnibusX uses the results of DEGs analysis between

the two groups to calculate the number of genes in each gene set that are

differentially expressed (Count) and the fraction of these genes relative to

the total number of genes in the gene set (Ratio).

The statistical testing results are visualized using a volcano plot, similar to DEGs

analysis, where each dot represents a gene set. All analysis results are presented

in a table displaying four

key values for

each gene set:

Count, Ratio,

Log2(Fold-change), and Adjusted p-value. You can sort the results by clicking

on the table headers or filter them based on thresholds set via the input above

the table.

PBMC
€

Number of cells: 14,794 / 34,782

[ Gene [ Enrichment  [5] Heatmap

ENRICHMENT PLOT

Log2(Fold-change)
C——

Number of DEGs
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®
°
[
@
[ ]
[
o
°
[ ]

0.5 0.55 06 0.65 0.7 0.75 08

Gene ratio

Click on

gene set.
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Export  Settings  Information
RESULT CREATE NEW
Filter gene set by DEGs
Logs(Fold-change) Adjusted p-value
> 0.01 < 0.05
............................ .
Differential enriched gene sets ]
Ratio Log;(Foldchange) ~ Adjusted p-value :
]
> 0.5 > 0.5 < 0.05 N
............................ ]
RATIO  LOG,(FC) FDR

072 521e1 0.00e+0 |

M39593 70 0.53 7.77e1 0.00e+0
wp hematopoietic stem cell gene regulation by gabp alpha beta complex

View details

M39540 48 0.64 -7.06e1 0.00e+0
wp natch signaling pathway

View details

M42570 45 0.74 -6.23e-1 0.00e+0

wp fatty acid transporters
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PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export  Settings Information

[ Gene [&]] Enrichment [R] Heatmap

ENRICHMENT PLOT VOLCANO PLOT RESULT CREATE NEW
Filter gene set by DEGs
Log2(Fold-change) Number of DEGs s s iwm . Logs(Fold-change) Adjusted p-value
e—— . et .
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P PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export Settings Information

[ Gene [&f] Enichment [R] Heatmap
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Once you find an interesting gene set, you can click on the checkbox to select it.
The selected gene sets are labeled on the volcano plot and visualized using a

scatter plot for further exploration.
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¢ PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export Settings Information
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On the scatter plot, each dot represents a gene set enrichment result. The x-axis
presents the Ratio of differentially expressed genes versus total gene set genes.
The color represents the log2(fold-change) of enrichment score between the
two groups for that gene set. The size of the dot represents the number of
differentially expressed genes (Count) between the two groups that belong to

that gene set.
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Log2(Fold-change) Number of DEGs
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You can adjust the Count and Ratio values by modifying the input list of DEGs
using the DEGs log2(fold-change) and adjusted p-value thresholds for

filtering.

PBMC scRNAseq - Differential expression analysis
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Results can be exported as a .tsv file using the export button located at the top

menu. All plots can be exported as PNG or SVC files.
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3.8. Heatmap

Heatmaps are an effective way to assess the overall expression patterns of
significantly up-regulated and down-regulated features from DEGs results.
OmnibusX supports you to create a heatmap starting by filtering the DEGs results
according to a p-value threshold. Once filtered, sort the features by
log2(fold-change) value to identify the top highest (up-regulated) and lowest
(down-regulated) features. Then, draw a heatmap with these features using

expression values of a selected unit.
You can customize the number of top results to display, adjust the filtering

threshold, or change the unit of expression used for visualization. These settings

are accessible in the Update panel.
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PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export Settings Information

€

[ Gene [ Enrichment  [Rg] Heatmap

HEATMAP

Unit
Log normalization ~
Loga(Fold-change)

> 0.5

uopeziewou Bo

]
]
]
]
]
]
]
]
]
]
]
]
]

Adjusted p-value 1

]

< 005 '
]

]

Min expression coverage 40% 1
]

' .
Number of marker per group :
]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

100

Once the heatmap is created, you can modify its appearance through the

Settings panel.

PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export  Settings  Information
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Here, you can adjust various visual aspects of the heatmap such as: width, height,

or feature name display options, which includes:
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e None: No feature names are displayed.
e Auto: Automatically displays non-overlapping feature names, adjusting to

fit within the heatmap's height.

G reme q - Diffs | exp analysis
Number of cells: 14,794 / 34,782 - nformation
[a Gene [ Enrichment &g Heatmap
HEATMAP SETTINGS UPDATE
8 Group size
@ Equal width

Proportional width

Heatmap height
@ Screen height
Fit row names

uopeziewwou Bo

= z
g =
= 8

e All: All feature names are shown. This may require adjusting the heatmap's

height to prevent overlapping labels.
e Manual select: Manually input a list of features to highlight on the

heatmap.
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¢ PBMC scRNAseq - Differential expression analysis
Number of cells: 14,794 / 34,782 Export Settings Information
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Heatmap can be exported as a png file by clicking on the Export button on the

top menu.
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4. Enrichment analysis

Enrichment analysis in OmnibusX is designed to statistically evaluate how sets of
genes are enriched in different cell populations under various conditions. This
process involves several computational steps that combine bioinformatics
algorithms with statistical tests to provide insights into the biological significance
of the gene sets. Here's a step-by-step breakdown of how enrichment analysis is
calculated:

1. Select gene set collection: OmnibusX integrates gene sets from two
primary sources:OmnibusX integrates gene sets from two primary sources:
MsigDB and Gene ontology

2. Calculate enrichment scores: For each cell, an enrichment score for
each gene set in the selected collection is calculated using the AUCell
algorithm (Bioconductor package documentation).

3. ANOVA testing: Cells are grouped based on metadata annotations, which
can include factors like treatment, cell type, or any other experimental or
biological condition. Once cells are grouped, an Analysis of Variance
(ANOVA) is performed to compare the enrichment scores across these
groups. ANOVA helps determine whether there are statistically significant
differences in the mean enrichment scores between two or more groups.

4. p-value adjustment: Since multiple gene sets are tested simultaneously,
the p-values obtained from the ANOVA tests are adjusted using the

Benjamini-Hochberg procedure.

4. Create new enrichment analysis

To create an enrichment analysis, click on the New analysis button.
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PBMC scRNAseq - Enrichment analysis
Number of cells: 14,794 / 34,782 Settings Information
e e s e e e - .
] ) 1
T
T ]

No available result

Select a collection from the Enrichment reference table. Then, choose up to
three metadata levels for grouping cells in your analysis. Enter a name for your

analysis and click the Run button to initiate the process.

PBMC scRNAseq - Enrichment analysis
Number of cells: 14,794 / 34,782 Settings  Information
ENRICHMENT REFERENCE GROUPS
[ .
Select a reference 1 Title ]
1 ]
I Cell type L}
GO Biological Process GO biological process 22941 gene sets 1 ¥p 1
1 G ]
i
GO Cellular Component GO cellular component 3045 gene sets : oups :
: ' cel Type (version 1) ~ !
GO Molecular Function G0 molecular function 5397 gene sets ] [}
1 n
[ ]
MSIGDB C6 1 - Level 2 (optional) - v oy
1 ]
Oncogenic Signature oncogenic gene sets 189 gene sets 1 1
1 - Level 3 (optional) - ~ 1
1 ]
MSIGDB C7 ] ]
Im '
ImmuneSigDB  ImmuneSigDB gene sets 9744 gene sets : :
HIPC Vaccine Response vaccine response gene sets 694 gene sets
MSIGDB C8
e EEEEEEEEEEEEEEE s s s EEEEE R EEEEEEEEEEEEEEEEEEEEEEEEEEE == == .
" ]
@ Cell Type Signature cell type signature gene sets B30 gene set: 1
e s EEEEEE S EEEE S S S S EEE e S E e EEEEE R EEEEEEEEEEEEEEEEEEEEE == ]
MSIGDB H
Hallmark hallmark gene sets 50 gene sets

omnibusx.com 135



User guide | Application Single-cell analysis

4.2. Manage enrichment results

All results are listed in an interactive table on the enrichment analysis page. You
can sort these results by clicking on the table headers. To delete multiple results,
select them using the checkboxes and hit the Delete button to perform a bulk

deletion.

¢ PBMC scRNAseq - Enrichment analysis
Number of cells: 14,704 / 34,782 Settings Information
m ] Delete 2 results |(— Multiple delete [ 3results  [Z]1 reference
NAME REFERENCE NO. OF GROUPS SIZE CREATED DATE | P Sort
table
. Cell type - Donor - Treatment Cell Type Signature 20 groups 14790 cells 5 minutes ago I Explore |
B | celltype - Donors Cell Type Signature 10 groups 14790 cells 7 minutes ago i Explore |2
Cell type Cell Type Signature 3 groups 14794 cells 11 minutes ago I Explore

l

Multiple
select

Update the name of an analysis by hovering over the three-dot icon on the right

of a result and selecting Rename.
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PBMC scRNAseq - Enrichment analysis
Number of cells: 14,794 / 34,782 Settings Information

[3 New analysis [C)3results  [=]1 reference

NAME REFERENCE NO. OF GROUPS SIZE CREATED DATE |

Cell type - Donor - Treatment Cell Type Signature 20 groups 14790 cells 6 mirjutes ago ] Explore |1
) Rename
Cell type - Donors Cell Type Signature 10 groups 14790 cells 8minut 7 pelete Explore |2l
Cell type Cell Type Signature 3 groups 14794 cells 12 minutes aﬂ\ i Explore |&]
Edit
information

Clicking the Explore button to start analyzing a specific result.

4.3. Analyze enrichment result

OmnibusX offers three types of visualizations for analyzing enrichment results:
e Mean plot: Visualizes the average enrichment score across groups.
e Scatter plot: Visualizes the pattern of differential enrichment of each
gene set across groups.
e Heatmap: Visualizes the enrichment scores pattern of each gene set across

groups.

Enrichment test results, including F-scores and adjusted p-values, are
displayed in a table on the right panel. You can click on the table header to sort or
filter results using the inputs above the table. Check the boxes next to gene sets

in the table to select them for visualization in your chosen format.
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PBMC

Number of cells: 14,794 / 34782
P mE EE EEE Em .-
: #§ Mean plot catterplot  [R Heatmap
e s s s s s e e ==

MEAN PLOT

travaglini lung natural killer cell

travaglini lung cd8 naive t cell

hay bone marrow nk cells

aizarani liver ¢5 nk nkt cells 3

travaglini lung cd4 memory effector t cell

alzarani liver c1 nk nkt cells 1

descartes fetal muscle lymphoid cells

@ Beel
E @ naive T cell
[ [] B natural killer cell
E i
[
3
[ [

scRNAseq - Enrichment analysis

Export  Settings  Information

ANOVA TEST RESULTS

1 F-Score Adjusted p-value ]
n n
LI < 0.05 .
1 1
e ——
GENE SE F-SCORE | FDR
T [
1 M41686 6716877  0.00e+0
1 ravaglini lung natural killer cell
4 detail:
|| e
L] L]
1 0.00e+0
1
1
1
1 | ]
" " m30204 5165671  0.00e+0
1 1
1 e marrow nk cells
1 etail:
]
W ER 4337160 0.00e+0
1 n
] § aizarani liver ¢S nk nkt cells 3
1
1
41683 4278030  0.00e+0
glini lung cdd memory effector t cell
etails
3948081  0.00e+0

Click on view detail in each row to access detailed descriptions about each

gene set.
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Short name

Collection
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Description
Standard name
PMID

Exact source

External URL

Genes

*

travaglini lung natural killer cell

-

M41686

MSigDB C8 - Cell Type Signature - cell type signature gene s
ets

M41686

TRAVAGLINI_LUNG_NATURAL _KILLER_CELL
33208946

Supplementary Table 4 (41586_2020_2922_MOESMé&_ESM-
1) Intersection of Cluster 41 and Cluster 41.852

External details URL MSigDB URL

ABHD17A ABI3 ADGRG1 AKNA AKRIC3

ANKRD20A11P AOAH APMAP APOBEC3G AREG

scRNAseq - Enrichment analysis

Export  Settings  Informaticn
ANOVA TEST RESULTS
F-Score Adjusted p-value
=1 < 005
GENE SET F-SCORE | FDR
. M41686 904099 0.00e+0 l

travaglini lung natural killer cell
==y

View details
Emwm=d

. M41683 8016.71 0.00e+0
travaglini lung cd4 memoary effector t cell
View details

. M41682 8005.62 0.00e+0
travaglini lung cdB naive t cell
View details

. M39047 7389.23 0.00e+0
fan embryonic ctx brain naive like t cell
View details

. M39204 731713 0.00e+0
hay bone marrow nk cells
View details

. M40306 6631.24 0.00e+0

Results can be exported as a .tsv file using the export button located at the top

menu. All plots can be exported as PNG or SVC files.
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PBMC
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4.4, Meant plot

The mean plot in OmnibusX visualizes the means of enrichment scores of a gene
set across different groups defined by metadata levels. Each selected gene set is
represented as a separate row within the plot. Each dot in a row represents the
mean enrichment score for a gene set within a specific group. Attached to each

dot, error bars show the variance of the enrichment scores within that group.

When inputting one metadata, cells are divided into distinct groups using

annotation from that metadata. Each group is assigned a unique color for easy

identification.
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PBMC
Number of cells: 14,794 / 34,782
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are selected, cells are divided into groups using the combined

information from both metadata. Groups sharing the same annotation from the

first metadata level are colored identically. Those sharing the same annotation

from the second metadata level are aligned along the same X-axis value.
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If three metadata are selected, cells are first segmented based on the third
metadata level. Each of these segments is presented as a distinct subplot, which

is drawn using the combined information from the first and second metadata.

PBMC scRNAseq - Enrichment analysis .
Number of cells: 14,794 / 34,782 Export Settings Information
$3 Meanplot 7 Scatterplot  [ig Heatmap
MEAN PLOT ANOVA TEST RESULTS
E E E E @ Bcel F-Score Adjusted p-value
sglini lung natural killer cell E E WrabeT < 0.05
@ natural b
¢ g 3 £l @ [ 3 % L] ° i ? @ ] GENE SET F-SCORE | FDR
E I E I B Mas0a7 738923 oooesa I
04 memory effector t call I E E _Ir I i I E E I fan embryonic ctx brain naive like t cel
View details.
3 ] s $
E M39204 731713 0.00e+0
E I E row nk cells
raglini lung cd8B naive t cell E I
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4.5. Scatter

OmnibusX also provides a scatter plot to visualize the enrichment results. This plot
helps identify clusters or patterns in gene set expression across different groups:

e Using the mean enrichment score of each gene set of each group,
OmnibusX performs PCA and then t-SNE to visualize all gene sets as a 2D
scatter plot. This can reveal relevant groups of gene sets based on the
enrichment pattern across groups.

e GCene sets selected from the results table are highlighted in red, making
them stand out against others, which are shown in gray. This distinction
helps focus on specific gene sets of interest during analysis.

e The point size presents the -Log18(Adjusted p-value). This means that
larger points indicate more statistical significance associated with each

gene set's differential enrichment.
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PBMC

¢ scRNAseq - Enrichment analysis
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4.6. Heatmap

The heatmap in OmnibusX is another way to observe differential enrichment
patterns of gene sets across various groups. It is particularly useful for identifying

consistent trends and anomalies in gene set enrichment across different cellular

conditions or treatments.

The values displayed in the heatmap are the enrichment scores of selected gene
sets for all cells. These scores are grouped according to the combined information
from input metadata. To ensure consistency and comparability across different
gene sets within the heatmap, OmnibusX applies row-wise normalization.
Each row in the heatmap, which corresponds to a specific gene set, is normalized
individually into z-scores by subtracting the mean of the row (row_mean) from
each score in that row and then dividing the result by the standard deviation of

the row (row_std): (score - row_mean) / row_std.
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PBMC
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- View details
M40144 12425.97 0.00e+0
PBMC scRNAseq - Enrichment analysis
Number of cells: 14,794 / 34,782 Export  Settings Information
#3 Mean plot Scatterplot [ Heatmap
HEATMAP ANOVA TEST RESULTS
Donor2 Donor3 Donord — Group by F-Score Adjusted p-value
level 2
|| descanes tot stomach rnoi cais & =1 < 0.05
Iy ——————
‘ | || T ———
I Vavagh g o8 naiva l col . GENE SET F-SCORE | FDR
avagind ng naursl e ook 3 . M41683 15400.53 0.00e+0 .
nay Do marrow ik el g
T = == = T = == = § travaglini lung cd4 memary effector 1 cel
g g S g g H g 2 2 View details
- g = 2 B - 2 H Group b :
8 E 8 £ g Z k— p by § [ EE 1423595  0.00e+0
8 g g level 1 o marrne ik calls
M w3947 1395570 0.00e+D
fan embryonic ctx brain naive like t cell
B ma40306 1331474 0.00e+0
descartes fetal stomach lymphoid cells
View details
M40211 1268110 0.00e+0
M40278 12407.45 0.00e+0
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PBMC

¢ scRNAseq - Enrichment analysis
Number of cells: 14,794 / 34,782 Export Settings Information
#3 Meanplot % Scatterplot Heatmay
4 37 ] P Grou p by
level 3
HEATMAP l ANOVA TEST RESULTS
|I veated | | ntreated ! F-Score Adjusted p-value
=1 < 0.05
' m GENE SET F-SCORE | FDR

' M40306 663124 0.00e+0

fetal stomach lymphoid cells

— — 3 3 —
5 B T B E B 5 B B
g. E % E a % E a % E g E . M39109 6360.02 0.00e+0
3 B 3 g = 3 o = e 8 a4 8 kt calls 3
o - o = o = o = o =
3 g 3 T 2 T 2 T 2 g
g 8 g g g
' M40211 6261.85 0.00e+0
descartes fetal intestine lymphoid cells
View details
Group by . M39105 6239.40 0.00e+0
level 1 atzarani Iver €1 nk it cells
View details
. M40278 612763 0.00e+0

descartes fetal placenta lymphoid cells

You can select which gene sets to display on the heatmap from the table located
on the right panel. To optimize disk storage, OmnibusX calculates the heatmap in
real-time rather than pre-calculating and storing enrichment scores for all gene
sets across all cells. Therefore, it might take time for large datasets. It is
recommended to pre-select gene sets of interest using other visualization tools
provided by OmnibusX, such as mean plots or scatter plots. Once you have
identified key gene sets through preliminary visualizations, switch to the heatmap

view to generate a new heatmap that visually represents the enrichment scores of

these selected gene sets.

5. Heatmap analysis

The heatmap is used to illustrate the expression patterns of genes/features across

groups of cells. To create a new heatmap, click on the New heatmap button.

omnibusx.com 144



User guide | Application Single-cell analysis

¢ PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Settings Information

.
T

No available result

5.1. Create new heatmap analysis

Select up to three metadata levels to group cells. Grouping cells helps in

comparing expression patterns across defined categories or conditions.

Choose one of the two ways to select a list of features:
1. Marker features: OmnibusX automatically identifies marker features for
each input group compared to the remaining cells. You can choose an
omic from available omics in the dataset and the statistical method

(t-test,Wilcoxon rank sum test) for calculating these marker features.
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PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Settings Information
METHOD GROUPS
- A rEEEEEEE s s e .
1§ HEATMAP TYPE 1 1Title 1
1@ Marker features LI '
1 1 1 Marker heatmag 1
1 Manual select genes [} : :
] ]
N y 1Groups []
3 INPUT PARAMS 1 '
1 ]
: Omic Method : y ~level1- v o
1 [ '
g Mma v ttest v o ! . )
' M Level 2 (optional) - v o
o E O E E NN E NS E NN EEEE NN NN NS NN NN N M NN NN NN EEEEEEEEES SN - ! 1
1 ]
1 - Level 3 (optional) - v
1 ]
1 ]
(-] -
1 ]

2. Manual select features: Directly input the names of target
genes/features in the provided input box. As you type, OmnibusX will

suggest available features based on the omic you have selected.

PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Settings Information

METHOD GROUPS

HEATMAP TYPE Title

Marker features
P W O E O E O E E WS W E W N W S W S W S S S M S M S M G M M N MWW W W EEEEEEEEEE® . Marker heatmap
]

@ Manual select genes ]
' ' Groups
¥ INPUT PARAMS !
] ]
] ] ~Level 1 - v
1 ma v |nput genes MmO
] ]
1 1 - Level 2 (optional) — ~
1 (coap x ) (cp79a X ) (KLRF1 X ]
] ]
i - ~ Level 3 (aptional) - o
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Alternatively, you can quickly select genes related to a gene set in your library by

clicking on the folder icon and selecting a gene set from the dropdown list.

. PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Settings  Information
METHOD GROUPS
HEATMAP TYPE Title
Marker features
Marker heatmap

@ Manual select genes

Groups
INPUT PARAMS
r==a ~Level 1~ ~
ma v~ Inputgenes 1510
fmmd

e R R EEEEEEEEEEEEE s S S SR EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE= . ~ Level 2 (optional) - -
1 Search Q
] [}
1 .
§ ¥ Celltypes (Example) ~ Level 3 (optional) — ~
]
1 Teell 5ganes
] ce o
1@ B cell 3genes
]
' innate lymphocyte 3genes
! (_
: myeloid leukocyte 4 genes
: stromal cell 2genes
] . .,
y endothelial cell 3 genes
]
y  heuron 3genes
] . [
1 neuroendocrine cell 5genes
] ‘ 1
B e S S S S S S S WAEea a

Click the Create button to generate the heatmap.

5.2. Manage heatmap results

All results are listed in an interactive table on the heatmap analysis page. You can
sort these results by clicking on the table headers. To delete multiple results,
select them using the checkboxes and hit the Delete button to perform a bulk

deletion.
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PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Settings Information
% New heatmap 7] Delete 2 comparsions |(— Multiple delete C)3results [Z]1 omic
Sort
NAME TYPE oMIC METHOD NO. OF GROUPS SIZE CREATED DATE || é——
table
Cell type - Donor - Treatment
] i marker ma t-test 23 groups 14794 cells 43 seconds ago | Explore |
Marker heatmap from Cell Type (version 1) - Batch name
Cell type - Donor
] o marker ma test 12 groups 14794 cells 4minutesago ¢ Explore
Marker heatmap from Cell Type (version 1) - Batch names
Marker heatmay
P marker ma ttest 3 groups 14794 cells 13 minutes ago t Explore |

Marker heatmap from Cell Type (version 1)

I

Multiple
select

Update the name of an analysis by hovering over the three-dot icon on the right

of a result and selecting Rename.

PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Settings  Information
New heatmap [C13results  [£]1 omic
NAME TYPE oMIC METHOD NO. OF GROUPS SIZE
Cell type - Donor - Treatment
e marker ma t-test 23 groups 14794 cells 58 segonds ago 1 Explore |&
Marker heatmap from Cell Type (version 1) - Batch name.
J Rename
Cell type - Donor
b marker ma t-test 12 groups 14794 cells Amifut 7 pelete Explore |&
Marker heatmap from Cell Type (version 1) - Batch names
Marker heatma
P marker ma t-test 3 groups 14794 cells 14 minutes ag 1 Explore |21
Marker heatmap from Cell Type (version 1)
Edit
information

Clicking the Explore button to start analyzing a specific result.
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5.3. Analyze heatmap result

Depending on the level of metadata used for grouping, OmnibusX generates

different types of heatmaps:

1. One metadata level

¢ PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Export Settings Information
HEATMAP SETTINGS UPDATE
Group size
T m ‘ & Pl
‘ m h ﬁl @® Equal width
1 H il

Proportional width

Heatmap height
@ Screen height
Fit row names

uonezyeusou o

Row names

Iﬂm H I‘ III Ill\w‘HI\l‘h\H NHW IIII i @ None
| P
M .

bt J%”‘"“’ AT

———g

II‘I

oo b

3
g
e
=
g
g

(-]
1120 L ol

Group by
level 1

2. Two metadata levels:
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PBMC scRNAseq - Heatma
¢ Group by g 3
Number of cells: 14,794 / 34,782 Export Settings Information
level 2
HEATMAP J SETTINGS UPDATE
[ Doner1 Donor2 Doner3 Donord ] Group size

@ Equal width
Proportional width

o

Heatmap height
@ Screen height

Fit row names

Row names

@ None
Auto
All

uolezijeusou 6o

o

Manual select

Iieog
1189 L 8neu
g
1189 | 8neu

Group by
level 1

(180 Jaj| [RANE
1182 18| [BANBU
(180 Ja||y [RANEY

1180 8| [BAMIBY

3. Three metadata levels:

PBMC scRNAseq - Heatma
¢ Group by g 7
Number of cells: 14,794 / 34,782 |EVE| 3 Export Settings Information
HEATMAP J SETTINGS UPDATE
[ untreated 1 wreated Group size

@ Equal width
Proportional width

Heatmap height
@ Screen height
Fit row names
Row names
@ None
Auto
All

Manual select

(189 J3]ID} [BINTEY
(182 13 Ip} [eiMEeu
1189 18|y [EIMEU
[[Cog ]
Jj22 | aneu 48
(192 13|y [RINjEU
{5
jj99 1 aneu

(182 30y [EnjEU
1189 13|y [RInjEU

Once you have created a heatmap in OmnibusX, you have multiple options to

tailor and manage the visualization. From the Setting panel on the right, you can
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adjust the heatmap's width and height. You can change the feature name display

as below options:

e None: No feature names are displayed.

¢ PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Export Settings Information

Wl

§ Group size
:D Equal width
N Proportional width

@

]

1 Heatmap height

: @ Screen height
1 Fit row names

'ﬂ"' 1 ||'M"u'\'\hw i |III i ) Ef.wafn:es
|

]
l | o 1 Auto
‘ ool
]
1 Manual select

e oy

i “II ”m \l\l\l\llll‘ll\“ll\

W!\“ll.ﬂ!ﬂlﬂﬂfh”nﬂn‘l i u‘NIIﬁ'I'.h.IluJ.W‘uﬁ-m

oneziewou bo

.W!Jn!iv”' W"

———g

Iieog
1180 L aneu

1182 Jojiy [eJmeu

e Auto: Automatically displays non-overlapping feature names, adjusting to
fit within the heatmap's height.
e All: All feature names are shown. This may require adjusting the heatmap's

height to prevent overlapping labels.
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PBMC
€

scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Export Settings Information

JMI"M‘WWWWIII'WW. o I

Proportional width

500 -
| | |-||-|l|\|||||‘ " e 2 Heatmap height
f
| | 5 :“ H @ Screen height
o
| | i % Fit row names
‘ ‘ AT g

L , e
Wi S
:%u HNHIMIWH T

ANEU

119 3] |

e Manual select: Manually input a list of features to highlight on the

heatmap.

PBMC
€

scRNAseq - Heatmap
Export  Settings Information
SETTINGS UPDATE

A T

Proportional width

d -
| TR I-II-III\IIIII m f vile Heatmap height
d ]
" ' § @ Screen height
| n 1|8 Fit row names
| | d 1|2

R T
TR A R S
M

n ‘H‘ Wy b b
v

:

T [

3
g H £
-
2
-3

1189 13|13} [2AmEY.
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¢ PBMC scRNAseq - Heatmap
Number of cells: 14,794 / 34,782 Export Settings Information

JMI"M"W.TWWI”{IMMM T—
| I-II-IIIIIHIII i .g ELugz(Fo\drchange)
' Mw«m»w

| |||H| ‘l \‘l I ||| Hl‘lll\lul‘\lhplmlm |\|\|\‘|H‘ T | 3 EAjJu:Oe: p-value E

H| |I||| \l [ |\ L H‘\l \|,|| | . » Number of marker per group '

I T R g

I'Mi :.m'm},lﬁ.,..I.Iﬂm?[!“
T [

Heatmap can be exported as a png file by clicking on the Export button on the

top menu.

LOPBMC . seRNAseq - Heatmap
Number of cells: 14,794 / 34,782 1 Export  Settingsl  Information
— 1 1
§  mage(png)
HEATMAP b mowmom bk MNGS S UPDATE

W dldlad: i

Proportional width

-
[ Il\ --II-IIIIIIII 8 Heatmap height
g @ Screen height
E Fit row names
£
3

L =
wy e

—H

o s
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Dataset management

To view all your submitted datasets, click on the Dataset button located on the left

navigator.

===y
: : FOLDERS Cy DATASETS / Recent [} Submit new dataset

1 DATASETS |
bm===d (D Recent

k. [ Deleted All species ~  Allomics ~ | Search

[[)3 datasets {5 1 technology
HBRARY B Alfiles
NAME CREATED DATE | SPECIES SIZE
PBMC
APPS . " Jul17,2024 Homo sapiens 34,782 cells I Explore |
scRNAseq
= GSE247916 .
Jul 14, 2024 Homo sapiens 3,092 cells | Explore |
LICENSE scRNAseq
MAIT liver
= ann Jul 14,2024 Homo sapiens 16,963 cells i Explore |2
scRNAseq

TASK
MANAGER

By default, all submitted datasets are stored under the A1l files folder and
presented in a tabular format. This table can be sorted by clicking on any table
header. You can use the filter options above the table to quickly find specific
datasets based on your criteria. To explore a dataset in more detail, click on the

Explore button associated with the dataset.
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FOLDERS il ASETS / i
DATASETS / Allfiles [3 Submit new dataset

DATASETS
(5) Recent
. Saar 1
L T Deleted | All species ~  Allomics ~ | Search |(— Filter and search D)adatasets & 1 technology
HORARY B Al files
| NAME CREATED DATE | SPECIES SIZE |% Sort table
APP: PBMC
" Jul 17,2024 Homo sapiens 34,782 cells i Explore @
scRNAseq
GSE247916
Jul 14,2024 Homo sapiens 3,002 cells ' Explore |
LICENSE 5 Ase
MAIT liver
= " Jul 14,2024 Homo sapiens 16,963 cells i Explore |
scRNAseq

TASK
MANAGER

2. Dataset folders

To better organize your datasets, you can group them into folders. You can create

a new folder by clicking on the folder icon at the top of the Folders panel.

r==1
FOLDERS I EZ 1 DATASETS / Recent (% Submit new dataset
bmmd
DATASETS
@ Recent
& T Deleted All species v  Allomics v | Search [)3datasets &5 1 technolagy
LIBRARY
B Al files
NAME CREATED DATE | SPECIES SIZE
PBMC
s . Jul 17,2024 Homo sapiens 34,782 cells i Explore B
scRNAseq
P e e e o
= §
LcENSE Create new folder Homo sapiens 3,002 cells i Explore |G
‘ .
= . Folder name Homo sapiens 16,963 cells H Explore |21
TASK
MANAGER

ok Lk
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All created folders are listed in the 'Folders' panel. You can manage these folders
by hovering over the three dots icon next to each folder name:

e Rename: Update the folder name.

e Delete: Remove the folder. All datasets within a deleted folder will be

moved back to the A11 files folder.

FOLDERS B / i
DATASETS / Recent [3 Submit new dataset

DATASETS

® Recent
2 T Deleted All species ~ Al omics v  Search D3 datmsets 1 technology
HeRARe B Al files rmmem- - R
£ peme sJIw-p\es , NAME CREATED DATE | SPECIES sIze
APPS ' tbRename PBMC

s Jul 17,2024 Homo sapiens 34,782 cells 1 Explore
scRNAse
1[I Delete :

' GSE247916

. Jul 14,2024 Homo sapiens 3,092 cells I Explore |
LICENSE scRNAseq

MAIT_liver X
Jul 14,2024 Homo sapiens 16,963 cells 1 Explore |
scRNAseq

TASK
MANAGER

To organize your datasets into different folders, from the dataset table, select the
datasets you wish to move by checking the box next to each dataset. Click on the

Move to folder button located above the table, and in the pop-up modal, select

your destination folder.
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FOLDERS B2 ASETS / i
DATASETS All files (% Submit new dataset

DATASETS
(©) Recent P - .
] [}
& 7 eleted 1 B3 Movetofolder 17 Delete 1 selected
LIBRARY ] 1
! Allfiles ' f
! NAME 1 CREATED DATE | SPECIES SIZE
= B PBMC samples 1 1
HH 0 '
AP p PBMC ,
' = . Jul 17,2024 Homo sapiens 34,782 cells 1 Explore (3]
scRNAs#q
1 1
' GSE247916
[ 1 ul 14, omo sapiens X cells H xplore
Jul 14,2024 H Di 3,092 cell Explore |3
LICENSE scRNAsec
]
]
1 MAIT_ljver
= N NAsE Jul 14,2024 Homo sapiens 16,963 cells | Explore |Z]
scRNAslq
TASK L) 1
MANAGER e mm === .

FOLDERS 5= DATASETS / Allfiles [3 Submit new dataset

DATASETS
® Recent
* 1] Deleted E3 Move to folder T Delete 1 selected
R Al fles
NAME CREATED DATE | SPECIES SIZE
an I PBMC samples
PBMC
APES ] . Jul 17,2024 Homo sapiens 34,782 cells i Explore [
scRNAseq
e e o
= e a
. ¢ Move to folder ' Homo sapiens 3,092 cells H Explore |2
LICENSE sl ]
1 1
= W Eoider name 1 .
=] | 1 Homo sapiens 16,963 cells 1 Explore |
1
TASK n PBMC samples v q
MANAGER 1 0
[} )
- -
1 1
1 1
e e eees s s e s e e .. -

3. Delete and restore

To remove unneeded datasets, you can select datasets to delete by checking their

corresponding boxes, then click the Delete button above the table. Deleted
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datasets are moved to the Deleted folder and are held there for 30 days before
permanent deletion. This temporary holding period helps prevent accidental data

loss.

FOLDERS E3 DATASETS / Allfiles (% Submit new dataset

DATASETS

() Recent - .
1 1
£ T Deleted M E3 Move to folder 17 Delete 2 selected
LIBRARY L] 1
All files [] [}
1 NAME SREATED DATE | SPECIES SIZE
M PBMC samples 1 1
[ [
PBMC
APPs : . o .:IuI'I'L 2024 Homo sapiens 34,782 cells 1 Explore |21
scRNAseq
L] [ ]
' GSE247916 ' )
] /] . #ul 14,2024 Homo sapiens 3,092 cells 1 Explore |2l
LICENSE 1 scRNAseq ¥
, MAIT_| :
AIT liver
= | . s Jut14, 2024 Homo sapiens 16,963 cells i Explore |3
scRNAseq
TASK 1 1
tmmmmEmmEEeE e E e e . a

MANAGER

To restore a deleted dataset, navigate to the Deleted folder, select the datasets
you wish to restore by checking their boxes, and then click the Restore button

located above the table.
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FOLDERS EZ DATASETS / Deleted
DATASETS
(©) Recent P E s s ssssssss==y
pemmmmm ===y .
s I T Deleted L iRlesionly ! oclectd ' )2 datasets 5 1 technology
LIBRARY LI N R | 1 o
B Allfiles [] []
' NAME ' CREATED DATE | DELETED DATE SPECIES size
B PBMC samples [] []
[ ] [ ]
- MAIT _liver
APPS : ] . e : Jul 14, 2024 5 seconds ago Homo sapiens 16,963 cells
scRNAseq
[ [l
1 GSE270518 " X X
1 ) 1 23 minutesage 19 minutes ago Homo sapiens 109 cells
LICENSE 0 scRNAseq .
1 1
e mmEmmm s E e -
TASK
MANAGER
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Your liloraries

OmnibusX allows you to manage your own libraries for customizing your analysis.
You can access and manage your libraries by clicking on the Library button on

the left navigator.

™ LIBRARY YOURLIBRARY / Gene sets

DATASETS

| — E) Gene sets

: L] :  Colorpalette ALL v E3 Group Geneset  [3 Import b, Export
' prary !
Em === (—
GROUPS GENE SETS
Tcell 5genes [}
APPS Cell types (Example) Homa_sapiens H e gene 7 @850
Beell 3 genes Z D B 0O
LICENSE
innate lymphocyte 3 genes s 5 0
- myeloid leukocyte 4 genes Zg Db B O
TASK
MANAGER
stromal cell 2 genes L 5 O
endothelial cell 3 genes £ b B O
neuron 3 genes A D B0
neuroendocrine cell 5 genes £ B O
epithelial cell 2 genes A Db B o
gamma delta T cell 4 genes s d 850

1. Gene set library

From the Library panel, select Gene set to view all your groups of gene sets.
OmnibusX allows you to organize related gene sets into groups for easier
management and to facilitate automatic labeling of cell populations based on

these sets.
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™ LIBRARY YOURLIBRARY / Gene sets
DATASETS - -EmEmE------ L]
1 [5) Genesets 1
e s s s -- L]
L2 « Golor pal ALL ~ E3 Group @ Geneset  [% Import - Export
LBRARY e T e T e T T T T T =T = == T =T =T ==Y =Y ==t =T === V===V ===V === ==Vt F =t =Py = = T=T= g
[ '
1 GROUPS GENE SETS ]
[ [
. Teell g .
ares : Cell types (Example) Home_sapiens cell 5genes s b 5O :
1 1
1 Beell 3genes 2 D B O
[l [
LICENSE | '
I innate lymphocyte 3 genes Z D B O
1 1
= ] 1
' myeloid leukocyte 4 genes .4 I = w
TASK 1 [}
MANAGER 1 1
' stromal cell 2 genes g DB O oa
1 1
[ '
' endothelial cell 3 genes Z B oo
[ [
[ [
] neuron 3 genes A B 0o
1 1
1 1
] neuroendocrine cell 5 genes A D B oo
1 1
1 1
1 epithelial cell 2 genes 2 B 10
1 1
1 1
] gamma delta T cell 4 genes A DB oo
[ [
1 '
[ [
e mmEEEEEEEEEEEEEEEEEEEEEEEE R EEEEEEEEE R EEEEEEEEEE e EE ... -

1.1. Group management

To create a group for your gene sets, click on the Group button at the top of the
panel. You will need to provide a group name and specify the desired species, as
gene sets are used across different datasets and require mapping to a common
gene annotation. Based on the selected species, OmnibusX retrieves the
corresponding gene reference from Ensembl to ensure that your gene names are

accurately mapped to a standardized annotation.
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™ LIBRARY YOUR LIBRARY / Gene sets
DATASETS
B Genesets fmmmm- .
® o Color palette ALL ~ 1 £S5 Group 1| Geneset [ Import . Export
ey Peesesad
GROUPS GENE SETS
ES—————————— T == o =
APPS Cell types (Exampk™ = : . cBll = 5Tefe R 2 b B O
1 1
Create new group X
' E 2 b B
[ 1
LICENSE Group name
! 2 2 @ B O
= [ 1
: :(— 2 b B 0O
WL Species
MANAGER U u
1 1
1 - Select species - v L /2 b B O
1 '
;i 1 Z B B O
[ '
1 1
Bo-oooooooooo o MPUOD S U e m m o m m m = . 2 @ B O
neuroendocrine cell 5 genes /2 b B O
epithelial cell 2 genes 2 b B 0O
gamma delta T cell 4 genes 2 b B O

All created groups are listed in the left panel of the table. You can manage these
groups by hovering over the three-dot icon next to each group name. Options
include:

e Rename: Update the name of the group.

e Delete: Remove the group and all associated gene sets within that group.
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™ LIBRARY YOURLIBRARY / Gene sets

DATASETS
[E} Gene sets

L2 « Color palette ALL ~ E3 Group @ Geneset  [% Import - Export

LIBRARY
GROUPS GENE SETS
Tcell 2genes B
APeS Cell types (Example) Homo_sapiens e s d 5O
...... .
New cell types markers Mus_mugsculus._...

]

] ]

LICENSE 1 DRename
] ]
] ]

TJ Delete

TASK
MANAGER

1.2. Gene set management

To add a gene set to your library, click on the Gene set button above the table.
Enter the gene set name and select the target group. Based on the selected
group species, OmnibusX will retrieve the corresponding gene annotation. You
can manually input genes into the provided input box and select matches from
OmnibusX's suggestions, or you can paste a list of genes at once. The pasted list
will automatically be mapped against the gene annotation reference,

standardizing names and removing unmapped genes. Click Create to save your
gene set to the library.
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- LIBRARY YOUR LIBRARY / Gene sets
i .
DATASETS 1 1
B € : Create new gene set X : L] L]
* & Calor palette ALL i 1 E5 Group 1@ Geneset 1 [3 Import ., Export
e : Name : LI L
GROUPS 1 '
tH 1 T cell 1
== 1 1 =
s Cell types (Exami;le Group : 2 b B 0O
1 1
= 1 Cell types (Example) ~ 1 /2 b B O
1 1
LICENSE [ 1
1 Input genes O 1 2 h B 1O
1 1
= ] ]
e : :(— Z b B O
MANAGER ] '
[ 1 Z b B O
1 1
1 1
' ' Z B O
1 1
1 1
] ] Z b B O
1 1
1 1
' ' g B O
1 1
1 1
' [ e [ _——
1 Create 1
1 1
1 g uena 1 ven 4 genes 1 g b B 0O

Click on any group name in the left table to view its gene sets in the right panel.
OmnibusX offers several functions for managing your gene sets:

e Update: Modify the list of genes within a gene set.

™ LIBRARY YOURLIBRARY / Gene sets
DATASETS
@ Gene sets
® & Color palette ALL ~ ES Group Geneset  [% Import |, Export
LBRARY e EEEEEEEEEEE e E e EE E .- .
1
CEHIES : Update genes x
a M =
APPS [] gl B o0
Celllypes(ExarrPIe Input genes o oA

J
= New cell types mjar

TASK
MANAGER

e Rename: Update the gene set name.
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™ LIBRARY YOUR LIBRARY / Gene sets
DATASETS
E Gene sets
® 7 Color palette ALL ~ E§ Group ® Geneset  [3 Import . Export
LIBRARY
GROUPS GENE SETS
= r=a
Tcell 2genes 1D ES
Aes Cell types (Example) Homo_sapiens H L /‘ l . =S
P EEEEEEEE e R E e e . E ... .
= New cell types rfar’ L)
L]
3 Rename gene set 1
LICENSE 1 1
] ]
= 1 Name 1
= ] ] ¢
TASK ] T cell 1
MANAGER ' !
L] L]
] ]
- -
n n
L] L]
e EE s s s s s e e E .- .

e Move to group: Change the group of the gene set. You can select new

target groups from a dropdown, filtered by species compatibility.

. LIBRARY YOUR LIBRARY / Gene sets
DATASETS
E Gene sets
L2 & Color palette ALL ~ E§ Group Gene set 3 Import oL, Export
LIBRARY
GROUPS GENE SETS
B F=
Tcell 2genes hiEs
aes Cell types (Example) Homa_sapiens H frt=d 2 0 N : . o
e .
= New cell types miar! 1
] ]
1 Move to group 1
LICENSE
] ]
1 L]
= ¥ Group ¥
=l ] ]
TASK (] -~ Select group — v 1 (—
MANAGER ' '
] ]
] ]
- -
] ]
] ]
e EE s s s s s e e ... -

e Delete: Remove the gene set from the library.
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1.3. Import and export

To share your gene set libraries with colleagues, click on the Export button above

the table, select the groups of gene sets you wish to share, and then click Export.

n LIBRARY YOURLIBRARY / Gene sets

DATASETS
E Gene sets

- o Color palette ALL e e e e e e L e e » [ Group Gene set 3 import 1 oL, Export 1

LIBRARY
GROUPS

a

'
AR Cell types (Example B Celltypes (Example) Homo_s: &

a

]
= New cell types mar New cell types markers Mus_muscul 5]

LICENSE
ta

i

th

a

o o o o o o o o o o

TASK
MANAGER

)

i

th

0

I

i

]

a

a

3]

R Y T TR S

I

i

gamma delta T cell 4 genes

Your colleagues can import these gene sets by clicking on the Import button and

selecting the provided file.
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YOURLIBRARY / Gene sets

LIBRARY
]

DATASETS
[E} Gene sets

L] & Color palette ALL ~ ES Group @ Gene set : (3 import : o Export
- Docoooo
GROUPS GENE SETS
ares Cell types (Example) Homo_sapiens Teell sgenes D B o
Beell 3genes b B 0O
LICENSE
innate lymphocyte 3 genes b B o
- myeloid leukocyte 4 genes g Db B O
TASK
MANAGER
stromal cell 2 genes Z B B 0
endothelial cell 3 genes Zg Db B O
neuron 3 genes 2 P B0
neuroendocrine cell 5 genes g Db B O
epithelial cell 2 genes A D B0
gamma delta T cell 4 genes s D B 0O

2. Color palette library

To begin creating a new color palette, navigate to the Library panel and select

Color palette.

™ LIBRARY YOURLIBRARY / Color palette
DATASETS
=) Gene sets
P e m e m ===y
& « Color palette ' ALL ~ @ Add palette  /* Set default
Ubpapy B mmm e === ===
-— tri_colors 4 cal OmnibusX_numeric 13 colors in used SkyBlue 75 colors
(— | ) s .
APPS
Ice 12colors Heat2 49colors Heat1 s0colors
[ SE— I —
LICENSE
Diff2 50 colors Diff1 50 colars Diff 50 colors
= [ aa— B B ]
TASK
MANAGER GnYIRd 17 colors Spectral 17 colors BuYIRd 77 colors
| aaaaa—— NN — M —
GyRd 17 colors BuRd 11 colors GYPi 117 colors
[ Oaaa—— NN —— B
GnRP 17 colors BrBG 1 rs
[ aaE—— BN I B
Greys 3 colors Reds 9colors Oranges 9 colors
(e BB S
Greens 9 colors Blues 9colors Purples 9 colors
(e S}
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2.1. Create new color palette

By default, OmnibusX provides various palettes, you can add your own palette by
clicking on the Add palette button located at the top of the panel. A form will
appear where you can define the details of your new color palette.

e Name: Input a name for your color palette to easily identify it later.

e Palette discrete

Specify whether the palette is meant for

type:
(categorical) data or continuous data. Discrete palettes are typically used
for categorical labels, while continuous palettes are better suited for
representing numerical values where a gradient might be necessary.

e Colors: Input the colors that will make up your palette. Colors can be
specified in hex code (e.g. #FF5733) or RGB code (e.g. rgb(255,8751)),

separated by semicolons ;.

[ LIBRARY YOUR LIBRARY / Color palette
DATASETS
=) Gene set:
I ez fmmmmmm- .
& & Color palette ALL ~ 1 [E Addpalette 1 /# Setdefault
T LR L
P .
] ]
. tri_colors 4 colgys g [nused SkyBlue 15 calors
o Create new color palette X
— | [ E— ]
APPS.
] ]
lce 1zcolrs 1 MName ' Heat1 50 colors
= Cll v palete [ e— ]
LICENSE ] ]
Diff2 S0colors ' | paette type ! Diff 50 colors
1 1
= B, piscrete ® Continuous _y ) ([
— ]
TASK
s GnYIRd 170 Colers ' BuYIRd 11 colors
@ #ffd9; #edf8b1; #07e9b4; #7fcdbh; #41b6c4; #1d91c0; NS $EEETT s
1 1
] ] .
GyRd 11 colors Preview ' GYPi 11 colors
G =M —
] ]
GnRP 11 colars g Create 1 PuOr 17 colors
- us N — ]
e EE s s s s s e . E ... -
Greys 9 colors Reds 9 colors Oranges 9 colors
[ BN EE— [ S
Greens 9colors Blues 9 colors Purples 9 colors
[ B — S

After entering all the details, click Create to add your new color palette to your

library.
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2.2. Default color palette

OmnibusX enables you to set default color palettes for different types of data,

ensuring consistency across all your analyses. You need to configure default

palettes for the following categories:

e C(Category metadata: Choose a palette that will be used for coloring plots

based on categorical metadata.

e Numeric metadata: Select a palette for numeric metadata which typically

requires a gradient to effectively represent the range and distribution of

values.

e Expression: Define the palette used for visualizing gene expression data.

. LIBRARY YOURLIBRARY / Color palette
DATASETS
=) Gene set
B fmmm—m e .
L & Color palette ALL ~ Add palette § £® Set default ¥
LIBRARY e mE--- L]
i tri_colors 4 colors OmnibusX_numeric 13 colors In used SkyBlue 15 colors
an ﬂ i = -| “ ' I
APPS 1 '
Use color palette b
lce 12colors " P : Heatl 50colors
- [ —— ]
LCENSE 1 Category metadata 1
. ] ] ;
Diff2 ocols y | o, QNN TN DIt s0cokrs
= L o— 5 CSSSEEE——
e B — . Numeric metadata .
MANAGER GnYIRd 177 colors ] BuYIRd 77 colors
omni. T
- e N e—
' Expression : )
GyRd 17 colors 1 1 GYPi 17 colors
[ 1
C el N e— I O —
] ]
GNRP 17c00r5 o _ _ - o o e oo ool BrBG 6ol _ o o oo o H PuOr 11 colors
[ Taaaaa— W aaaaaaa—— M aaaaaaa— |
Greys 9 colors Reds 9 colors Oranges 9 colors
[ S N EE— ]
Greens 9 colors Blues 9 colors Purples 9 colors
[ SE— N E— ]
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Tas|< management

In OmnibusX, the Task Manager is an essential feature that allows you to
efficiently manage and monitor tasks that are computationally intensive and
time-consuming. By running these tasks in the background, OmnibusX enables
you to continue working on other datasets without disruption, optimizing your
workflow and resource utilization. To view and manage all ongoing and

completed tasks, click on the Task manager button on the left navigator

n TASK MANAGER TASK MANAGER / Alltasks
DATASETS
EZ]l Alltasks
® [iL] Resource monitor 07/12/2024 O 07/19/2024 B  Alltypes ~  All statuses ~ 1 ruriniing task
LIBRARY
TYPE CREATED DATE | STATUS
APPS Process dataset 4 seconds ago @ Running View log B
= Preprocess dataset 29 seconds ago @ Success View log E
LICENSE
:' = : = : Process dataset Jul 17,2024 @ Success View log [E
[ ] s (] (—.
TS
| MAMAGER g Preprocess dataset Jul 17,2024 @ Success View log [
[
Process dataset Jul 14,2024 @ Success View log [
Process dataset Jul 14, 2024 @ Success View log [E
Preprocess dataset Jul 14,2024 @ Success View log [
Process dataset Jul 14,2024 @ Success View log [
Preprocess dataset Jul 14,2024 @ Success View log [

1. Tasks

In the Task manager panel, select A11 tasks. All submitted tasks are listed in a

table in the right panel, each with its current status:
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° . The task is queued and waiting for processing. Since multiple
tasks can be submitted simultaneously, OmnibusX processes them
sequentially to prevent exhaustion of computer resources.

e Running: The task is currently being processed.

e Success: The task has been completed successfully.

e Error: The task has been corrupted because of errors during execution.

™ TASK MANAGER TASK MANAGER / All tasks
DATASETS
P s s == -
» [F] Alltasks .
e EEE === -
k3 [T Resource monitor 07/12/2024 O 07/19/2024 O  Alltypes ~  All statuses v 1 mnning task
LIBRARY e s EEEEEEEsESESSSS S EEESESESESSESESESEEESESEEEEEEEEEEEEEEEEEEEEEmE= .
1 L]
1 TYPE CREATED DATE | STATUS ]
L] n
] ]
APPS ' Process dataset 4 seconds ago @ Running Viewlog & !
1 ]
] ]
: Preprocess dataset 29 seconds ago @ Success View log [ :
LICENSE 1 "
] ]
1 Process dataset Jul 17,2024 @ Success View log [ 1
= 1 ]
TASK ! '
MANAGER : Preprocess dataset Jul 17,2024 @ Success View log [ :
] ]
: Process dataset Jul 14,2024 @ Success View log [ :
[ ]
1 ]
1 Process dataset Jul 14,2024 @ Success View log [E 1
1 ]
] ]
1 Preprocess dataset Jul 14,2024 @ Success View log & L]
] ]
] ]
: Process dataset Jul 14, 2024 @ Success View log & :
] ]
1 ]
1 Preprocess dataset Jul 14, 2024 @ Success Viewlog E
| ]
s EEEEEEEEEEEEEEEEEEEE S S S eSS EEEEEE SR EEEEEEEE R R EEEEEEEEE = -

Click on the View log button beside each task to access detailed process
information. For completed tasks, logs can be removed by clicking the Delete

button at the top of the detail page.
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] ]
B € TASKMANAGER / Alltasks / 4729c43f1bf64aBdalf4859aeedd5abs —) L] [T Delete "
] ]
DATASETS LR RN N
® Process dataset - Jul 17, 2024 Success
LIBRARY
Logs [E) copy
APPS Waiting in queue
2024-07-17 11: Validating parameters
2024-07-17 11: Copying files to the temp folder
2024-87-17 11: Filtering cells by QC metrics
2024-07-17 11: 34782 observations pass the QC filter
LICENSE 2024-87-17 11: Writing dimensionality reduction results
2024-07-17 11: Reading the expression matrix
2024-87-17 11: Applying QC filter
= 2024-07-17 11: Running doublet detection
2024-07-17 11: Normalizing the RNA omic
TASK 2024-07-17 11: Detecting highly variable genes
MANAGER

2024-07-17 11: Constructing kNN graph

2024-07-17 11: Runing dimensionality reductien

2024-07-17 11: Running Leiden clustering

2024-07-17 11: Writing results

2024-07-17 11: Ranking the RNA expression matrix

2024-87-17 11: Writing dimensionality reduction results to the database
2024-07-17 11: Running OmnibusX cell type prediction

2024-07-17 11: Writing cell metadata to the database

2024-87-17 11: Moving results to dataset folder

2024-07-17 11: Finished processing pipeline

Memory footprint

100%

[
[
[
[
[
[
[
[
%
[2024-07-17 11: Running PCA
[
[
[
[
[
[
[
[
[
1

For running tasks, the log updates in real-time. If you wish to stop a running task,

you can terminate it by clicking the Terminate button.

1
™ & TASK MANAGER / Alltasks / f2d5c3bbf4164418bdaéad587bb85dc1 —)I Terminate

DATASETS

® Preprocess dataset - 12 seconds ago @ Running
LIBRARY
HH Logs
APPS. Waiting in queue
[2024-07-12 10:10] Start scRNAseq preprocessing pipeline
[2024-07-12 108:18] Loading data
=

TASK
MANAGER

Memory footprint

100%

If a task completes while you are viewing the log, the results are automatically

updated in your application.
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SKMANAGER / Alltasks / ! aba. c
B € TASK MANAGER Alltasks / f2d5c3bbf4164418bdasad587bb85dc1 f f

DATASETS

® Preprocess dataset - 2 minutes ago Success
LIBRARY
i Logs
APPS Waiting in queue
[2024-87-12 10:1@0] Start scRNAseq preprocessing pipeline
[2024-087-12 10: Loading data
[2024-87-12 18: Extracting dimension reduction data
[2024-087-12 10: Extracting metadata
LICENSE [2024-07-12 10: Detecting omics
[2024-07-12 10: Detecting duplicated genes
[2024-87-12 18: Extracting expression profile
= [2024-87-12 10: Calculating QC metrics
[2024-87-12 18: Writing preprocess data
TASK [2024-87-12 10: Finish scRNAseq preprocessing pipeline
MANAGER

Memory footprint

100%

If you are in another section when the task finishes, the result remains on the task
server. Retrieve it by navigating back to the Task manager page and clicking the

Get result button next to the relevant task.

™ TASK MANAGER TASK MANAGER / Alltasks
DATASETS
[EF] ANl tasks
L [] Resource manitor 07/12/2024 m} 07/19/2024 [m] All types v All statuses g 0 running task

LIBRARY

TYPE CREATED DATE | STATUS

]
APPS Process dataset 27 seconds ago dﬁmﬁ—): Get result (3 :
e m---d
Preprocess dataset 52 seconds ago Success View log [F]
LICENSE
- Process dataset Jul17, 2024 Success View log &
TASK .
MANAGER Preprocess dataset Jul 17,2024 Success View log &
Process dataset Jul 14, 2024 Success View log [F
Process dataset Jul 14, 2024 Success View log [F
Preprocess dataset Jul 14, 2024 Success View log [F]
Process dataset Jul14, 2024 Success View log &
Preprocess dataset Jul 14, 2024 Success View log &
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2. Resource monitor

The Resource monitor section allows you to track the resource usage of currently
running tasks. If a task is using an excessive amount of resources, or if system
limits are being approached, you can preemptively terminate the task from the

Resource monitor to prevent any potential issues.

™ TASK MANAGER TASK MANAGER / Resource monitor
DATASETS
[EF] Alltasks
= [ Resource monitor TYPE CREATED DATE MEMORY FOOTPRINT | cPU
LIBRARY e .
1 1
' Process data 1 minutes ago 48.5 MB 0.6 Terminate 1
1 1
T i -
APPS
=

LIGENSE

TASK
MANAGER
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Thank youl

We sincerely thank you for choosing OmnibusX for your research and data
analysis needs. We hope this user guide has been helpful in assisting you to
effectively navigate and utilize the various features within OmnibusX. Our goal is
to support your scientific endeavors by providing a powerful and intuitive
platform that enhances your ability to analyze, visualize, and interpret complex

datasets.

We continuously strive to improve OmnibusX and tailor it to the needs of our
diverse user base. Your feedback is invaluable to us as it helps us enhance the
functionality and user experience of our platform. Please do not hesitate to
contact us at support@omnibusx.com with any feedback, questions, or
suggestions you may have. Your insights are crucial for us to deliver a better and

more efficient user experience.
Thank you once again for your trust in OmnibusX. We are excited to be a part of

your research journey and look forward to supporting your groundbreaking work

in the years to come.
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