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Abstract

Single cell gene expression solutions at MedGenome

Full Length Gene Expression Analysis

of Single Cells Using SMART-Seq

Single cell genomic approaches can provide valuable insights into the complexity and
heterogeneity of the cell types in the context of a tissue or tumor. However, challenges
with the preparation of single cell suspensions, good cell viability and efficiently
capturing diverse cell types in a mix via appropriate cell capture methods can override
the utility of the approaches. We provide validation and application data generated
from a range of single cell input types (number of starting cells, viability, and research
question) and diverse commercially available platforms (the 10x Genomics Chromium
and the FACS based SMART-Seq (Takara Bio). We demonstrate the utility of using the
appropriate single cell genomics approach to get relevant information. Recent studies
have shown that capturing additional information on cellular phenotypes or features
can provide valuable information on cell identities otherwise missed and additional
heterogeneity, which in turn facilitates discovery of meaningful biomarkers and
understanding of molecular mechanisms of development and disease. To enable for
such discovery, we have validated the sC-ATAC seq and CITE-Seq approaches and
present data on the utility of those approaches and will present data to highlight the
capabilities at MedGenome.

® We present a platform agnostic and flexible approach to utilize single cell profiling of
gene expression depending on the research question and the number of cells
available.

® We present single cell epigenomic profiling data on immune cells using single cell
ATAC seq and show that examining chromatin accessibility can identify cellular
identities and mechanisms of response to stimuli.

® \We conclude the multi-omic approaches have been validated at MedGenome and
can offer it as a service

Workflow of All Services for MedGenome
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Figure 1: Schematic representation of the different single cell workflows at
MedGenome: Starting with single cell suspensions from fresh or frozen dissociated
tissues, primary cells, cell lines and FACS sorted cells, cell viability and counting
assessments are performed. Depending on the downstream application, cell
processing steps are performed. For single cell gene expression, depending on the
input cell type or the research question, single cells can be loaded onto the 10x
Genomics Chromium controller and library preparation and sequencing can be
performed. Single cells can also be sorted into plates with Lysis buffer for the SMARTSeq
approach. To perform single cell ATAC seq, nuclei isolation is performed from single cell
suspensions and after transposition of the nuclei in bulk, the 10x Chromium controller
can be used to generate single nuclei libraries and be sequenced on the lllumina
platftorm. To process cells for characterization of cell surface markers to identify
subtypes of cells with CITE-Seq, single cell suspensions can be labeled with antibodies
against the cell surface markers. Downstream labeling with feature barcode libraries
along with gene expression libraries or single cell TCR repertoire libraries can be
generated using the 10x Immune profiling chemistries. A combination multi-omic
approach with single cell genomics can enable discovery of additional cellular
heterogeneity and characterize biomarkers.
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Figure 2 : Overview of single cell solutions at MedGenome: Depending on the type of
sample, storage conditions (which affects the viability of the cells and quality of RNA
obtained) and the number of cells available, a suitable workflow for library preparation
is selected. In general, for fresh frozen tissues, upon optimization of tissue dissociation
and freeze thaw conditions by the end user, frozen cell suspensions are further
processed through either the 10X Genomics Chromium gene expression solution or
the Takara SMART-Seq workflow. In addition to fresh frozen cells, methanol fixed cells
can also be processed using the chromium gene expression workflow. For samples
with less than a few thousand viable cells, (due to the final recovery of loss of 30% of
cells in the processing of cells), we recommend dissociating cells and sorting into
plates before the SMART-seq workflow. In addition to the low numbers of cells, if
samples include cell types that are not pliable to freeze thaw cycles or have sizes over
40 uM, we recommend proceeding with SMART-seq,.

Validation of 10x gene expression workflow
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Figure 3 : Validation of single cell gene expression workflow using the 10x platform: A,)
Example of Tape Station plot of a final gene expression library. B&C) Shows
quantification of the final library profile. D) Bright-field image taken of a sample PBMC
where we see an ideal sample with cell size 8-10 uM. F) Bright-field image of
hepatocytes (40-50 uM) which is not ideal for processing with 10X Genomics platform
and might lead to lower yield of final cells being processed into libraries. As part of our
workflow, we evaluate the samples and process, and provide our recommendations on
how to analyze the downstream data obtained from the sequencing. F) Example table
with cell viability measurements after thawing the fresh frozen samples and post wash
and clean up viability. The viability is determined using Trypan blue staining. Before
proceeding with processing cells through the 10X Genomics chromium controller, we

remove the dead cells using the EasySep™ ( Stem Cell Technologies ) dead cell removal
kit.

Identification of T cell functional response and novel

biomarkers of T cell subpopulations using
the 10x platform
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Figure 4: Application of single cell gene expression coupled to TCR repertoire : A)
Graphic shows the workflow of an in-vitro neocantigen vaccine screening assay, with a
read-out of CD8 T cell activation from PBMCs treated with the peptides. Functional CD8
T cell response is quantitated by IFN-y production on a flow cytometer. TCR repertoire
sequencing and single cell gene expression is then analyzed. B) Single cell TCR
repertoire analysis of PBMCs (with positive responses to the peptide, assayed by IFNy
production) identified over 4000 TCR clonotypes, with t-SNE plots showing the top 3
clonotypes and the frequencies are listed below. C) Single cell gene expression of the
amplified T cells reveal that there is varying levels of IFNy in T-cells that are clonally
expanded and this information can provide insights on the functional state of the
expanded T-cell clones. The single cell TCR and gene expression experiment was
performed using the 10x Genomics Immune profiling solution and sequencing was
performed using the Illumina Novaseq 6000. 10x Cell Ranger analysis was performed
downstream. D) Shows single cell plots from CD8 T cell activation assays. There are
different T cell transition states post vaccine stimulation including CD8 native, CD4, CD8
effector and CD8 exhausted. E) shows clustering of the marker genes in the
subpopulations identified from the gene expression data.
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Figure 5: Schematic workflow of the experimental set up for plate-based SMART-Seq
for full length single cell RNA-seq : Full length single cell RNA-seq: A) Single cell
suspensions were generated using healthy donor PBMCS as per manufacturer’s
protocols and live cells were gated to be sorted into a 96-well plate with 1X Reaction
buffer dispensed into a 96 well plate. The SMART-Seq cDNA synthesis and the Nextera
Library preparation were performed at quarter volume. Quality control measurements
were performed for individual libraries, and individual libraries were pooled and
sequenced using the Illumina NovaSeq 6000 with the PE100 configuration. Each library
was sequenced at a depth of 200,000 reads. The data generated was analyzed in-house
using standard pipelines. Alignment was performed using STAR (2.4.1) aligner and
reads mapping to ribosomal and mitochondrial genome were removed before
performing alignment. The raw read counts were estimated using HTSeq-0.6.1. Read
counts were then normalized using DESeqg?2 to get the normalized counts. Additionally,
the aligned reads were used for estimating expression of the genes using cufflinks
(version:2.2.1). Gene body coverage and splicing analysis was performed on the data
(shown in E&F) and then (G&H) clustering analysis was performed to understand the
relationship of cells and identify cellular heterogeneity in the sample. Gene expression
analysis identify the cell type and cellular heterogeneity in the sample. B) Shows a
screenshot of a summary table of the mapping metrics from the sequencing obtained
from the libraries. Overall, majority of the samples show percentage of reads aligning to
the human genome as 80% and a very low % of ribosomal or mitochondrial reads. C&D)
Shows distribution of the number of genes identified with FPKM>1 and above and the
distribution of expression for protein coding genes and other transcripts. E & F) Shows
the distribution of splice sites identified in each of the cells. G)Shows hierarchical
clustering dendrogram of the relationships of the individual cells based on the overall
gene expression in individual cells. Based on the gene expression, three major clusters
were identified and the top genes in each cluster are listed on the right. F) t-SNE plot
shows the cell types within the clusters that were identified from 155 cells. Immune cells
such as B cells, CD8 and CD4 T cells and macrophages were identified using this
approach.

Single Cell ATAC Sequencing Identifies Cell Types

by Chromatin Accessibility Mapping
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Figure 6 : Single cell ATAC seq profiling to identify cellular heterogeneity and
epigenetic regulation of T-cell activation : A) Shows experimental workflow for single
cell ATAC sequencing performed using nuclei isolated from PBMCs (unstimulated) and
stimulated with a CEF pool of peptides. The nuclei are transposed in bulk and then
single nuclei are encapsulated into GEMs using the 10x Genomics Chromium controller.
lllumina sequencing libraries are then generated and sequenced on the NovaSeq
platform. Analysis of data was performed using Cell Ranger ATAC pipeline from 10x
Genomics and secondary analysis was further performed using Loupe Browser. B-G)
Transcription factor binding analysis shows the top transcription factor binding motifs
that are identified in the open chromatin regions. Taken together, this analysis can be
utilized to identify cellular heterogeneity using chromatin accessibility features at a
single cell resolution. H-M) Chromatin accessibility profiles of samples identifies cell
types with accessible chromatin. Sub-cluster analysis shows chromatin accessibility at
promoters of markers of sub-populations of T-cells within the CD8 positive T cells that
are effector cells.

Conclusions and future directions

1) Single cell genomics assays at MedGenome can identify cell types and biomarkers
from immune cells in a sensitive manner

2) Recent feature barcoding (CITE-Seq) and epigenomic single cell profiling
technologies are currently being validated and will be offered as an end to end
solution at MedGenome



