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Abstract

CiberMed's iSort software suite is a widely used digital cytometry solution for
profiling the cellular composition of complex tissues from bulk RNA-sequencing
(RNA-seq) data. iSort Fractions ‘tissue mode’ quantifies the relative fractions

of 22 functionally defined hematopoietic subsets along with three non-immune
cell types—fibroblasts, endothelial cells, and epithelial cells—from bulk tissue
expression data. To enable accurate enumeration of these 25 cell types from
fresh/frozen (FF) or formalin-fixed paraffin-embedded (FFPE) samples, iSort
Fractions includes specialized methods to remove noise and technical variation
across diverse platforms and sample preservation conditions. In this study, we
assess the accuracy, robustness, and reproducibility of the Agilent SureSelect CD
CiberMed Tissue panel using iSort Fractions. This panel was developed to enable
highly efficient and reliable enumeration of 25 cell types from FF or FFPE tissues.

Total RNA from paired FF and FFPE tumor specimens was extracted and

prepared for sequencing using Agilent SureSelect XT HS2 RNA reagents and for
target enrichment using the SureSelect CD CiberMed Tissue panel. The resulting
sequencing data were analyzed using iSort Fractions tissue mode. Across all
evaluable phenotypes (n = 25), cell type fractions determined by iSort were

highly concordant between paired FF and FFPE tumor samples (rho = 0.93).

This substantially outperformed whole-transcriptome profiling (rho = 0.78) while
requiring approximately 20-fold less sequencing. Additionally, strong reproducibility
was observed between technical replicates profiled by targeted sequencing (rho =
0.97 for FF and rho > 0.96 for FFPE). The SureSelect CD CiberMed Tissue panel is
available through the Agilent Community Design program to enable highly accurate
cellular profiling of fresh/frozen and fixed tissue specimens with iSort.



Introduction

Cellular heterogeneity and complex intercellular interactions
underlie diverse physiological and pathological states,
including various malignancies. Therefore, it is critically
important to study the phenotypic and genotypic composition
of cell subsets within the diseased milieu. It is also
essential to monitor changes in their relative abundances
during disease progression and in response to therapy.

The importance of studying cellular heterogeneity and
composition within the tumor microenvironment (TME) is
well established.™ Enumerating cell type composition has
prognostic value and holds great promise as a potential
predictive biomarker for therapy response.*® Therefore,
traditional methods such as flow/mass cytometry,5’
immunohistochemistry (IHC),? and immunofluorescence (IF)°
are routinely employed for quantifying and characterizing
tissue heterogeneity (Table 1). However, these methods can
only interrogate a modest number of markers and there is
often a trade-off between the number of markers that can
be measured and the throughput of the assay. Cytometry
by time-of-flight (CyTOF)'? is destructive to the sample and
does not enable co-interrogation of cell type fractions and
cell type expression profiles across thousands of genes.

In more recent years, single-cell RNA sequencing (scRNA-
seq) approaches have been embraced as a means of
characterizing cell type composition and gene expression
at the single-cell level. However, scRNA-seq is limited by
sample preparation artifacts, including dissociation-induced
distortions in cellular composition, and remains cost
prohibitive for large-scale cellular profiling."" Similarly, FFPE
tissue specimens, which are collected as part of routine
clinical care, cannot be dissociated into a cell suspension
without disruption of cell type composition.

Table 1. Comparison of cell profiling methods.

Given these limitations for characterizing FF and FFPE
samples, deconvolution algorithms for determining cell

type abundances from bulk tissue expression profiles have
gained traction.™?121¢ These methods enable dissection

of cell-type-specific signals from bulk sequencing data.
Comparative analyses of scRNA-seq, deconvolution of bulk
expression data, and IHC revealed that deconvolution is

free from artifacts arising from cell separation and tissue
dissociation.” Of these deconvolution methods, CIBERSORT
and CIBERSORTX, have emerged as robust and accurate tools
for determining cell type proportions from blood and tissue
samples.®17?8 In fact, CIBERSORTx was recently identified

as one of the five fastest-growing software tools in the
biosciences.?

CiberMed further optimized and standardized CIBERSORTx
with proprietary enhancements and validated the improved
algorithms with different sequencing platforms and sample
types, including FF and FFPE preservation states. CiberMed
currently offers two algorithms by way of two flagship
products within the iSort digital cytometry suite (Figure 1).
iSort Fractions reliably determines cell subset abundance
from bulk tissue or blood expression data and iSort HiRes
infers cell-type-specific gene expression profiles from bulk
tissue or blood expression data.

Software-Based Deconvolution Single-Cell RNA-Seq Flow Cytometry/CyTOF IHC
Throughput +HH++ + ++ +++
Requires Tissue Dissociation No Yes Yes No
Artifacts Introduced by Dissociation No Yes Yes No
Workflow Simplicity +H+++ + ++ +H++
Manual Data Analysis Required No Yes Yes Yes
Number of Cell Types/Cell Type Resolutions +H+++ +H+++ +++ +++




iSort Fractions 'blood mode’ quantifies cell type abundances
from bulk RNA-seq data by applying the well-established
LM22 leukocyte gene signature matrix to distinguish

22 human hematopoietic cell subsets. LM22 has been
validated in pure leukocyte subset titrations, blood samples,
and tumors from multiple cancer types. CiberMed’s iSort
Fractions tissue mode uses the LM22 signature matrix plus
tissue-specific signature profiles to quantify 25 cell types,
including 22 immune subsets, fibroblasts, endothelial cells,
and epithelial cells, from bulk tissue RNA-seq profiles of FF or
FFPE biospecimens (see Table 2 for the complete list of cell
SUbsets).3’27’30’47’48’49

In this application note, we demonstrate robust, accurate,
and reproducible enumeration of cell subsets in solid tumor
samples using iSort Fractions combined with the Agilent
SureSelect target enrichment solution (Figure 2). The
SureSelect CD CiberMed Tissue panel targets genes from
the LM22 signature matrix along with additional genes for
discriminating fibroblasts, endothelial cells, and epithelial
cells with iSort Fractions tissue mode (see Table 3 for panel
details). Four pairs of matched FF and FFPE samples from
non-small cell lung cancer (NSCLC) tumor biopsies were
included in the assessment. SureSelect XT HS2 RNA libraries
were prepared in triplicate from total RNA extracted from
each sample and enriched with the SureSelect CD CiberMed
Tissue panel.

Table 3. Comparison of panel designs and the intended application for each.

Table 2. Human cell types quantified by blood mode (22 cell types) and

tissue mode (25 cell types) of iSort Fractions.

Parent Subsets

Cell Type Description

B cells naive
B cells
B cells memory
Plasma cells Plasma cells
CD8 T cells T cells CD8
T cells CD4 naive
T cells CD4 memory resting
CD4 T cells T cells CD4 memory activated

T cells follicular helper

T cells regulatory (Tregs)

Gama delta T cells

T cells gamma delta

NK cells

NK cells resting

NK cells activated

Monocytes and
Macrophages

Monocytes

Macrophages MO

Macrophages M1

Macrophages M2

Dendritic cells

Dendritic cells resting

Dendritic cells activated

Mast cells resting

Blood

Mast cells
Mast cells activated
Eosinophils Eosinophils
PMNs Neutrophils
Fibroblasts

Endothelial cells

Epithelial cells

Tissue

SureSelect CD CiberMed Tissue

SureSelect CD CiberMed Heme'

Intended Application

Enumeration of 25 cell subsets (Table 2) with iSort Fractions

Enumeration of 22 immune cell subsets (Table 2) with iSort Fractions

Sample Type FF, FFPE Whole blood, PBMCs
Signature Matrix LM22 (immune subsets) and TR4 (non-immune cell types) LM22 (immune cell types)
Number of Targets 1,423 genes 547 genes

Total Capture Size 5.7 Mb 1.8 Mb

Recommended Min Reads/Sample | 2 M (1 M x 2,150 bp)

500 k (250 k x 2, 150 bp)

*An application note detailing the Agilent SureSelect CD CiberMed Heme panel is available at www.agilent.com/cs/library/applications/ap-isort-sureselect-5994-6964en-agilent.pdf.



https://www.agilent.com/cs/library/applications/ap-isort-sureselect-5994-6964en-agilent.pdf

Across all 25 evaluable cell types, high concordance was
observed between matched FF and FFPE samples. The
concordance was markedly stronger for targeted RNA-seq
with the SureSelect CD CiberMed Tissue panel than for whole-
transcriptome sequencing applied to the same samples
(Figure 3). There was also high reproducibility between
technical replicates (Figure 4). Because of several proprietary
enhancements, we found that iSort Fractions outperformed
CIBERSORTX for the enumeration of cell type composition
(Figure 3).

Notably, targeted enrichment with the SureSelect CD
CiberMed Tissue panel reduced the sequencing requirement
to only 2M (1M x 2) input reads per sample, as opposed

to 40M (20M x 2) input reads per sample for whole-
transcriptome sequencing, a reduction of 20-fold. Together,
these results underscore the accuracy, reliability, and cost-
effectiveness of the combined SureSelect/iSort assay for cell
type abundance profiling from solid tissue samples.
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Figure 1. Schematic of iSort algorithms for digital cytometry. iSort Fractions determines cell type proportions and iSort HiRes determines cell-type-specific gene

expression profiles from bulk tissue expression data.
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Materials and methods
Samples

Paired FF and FFPE tumor samples from four patients with
NSCLC were procured from Proteogenex (Inglewood, CA,
USA). Total RNA of the FF samples was extracted using the
AllPrep DNA/RNA Micro Kit (Qiagen). The AllPrep DNA/RNA
FFPE Kit (Qiagen) was used to extract the RNA of one FFPE
sample (FFPE-1). The RNAstorm FFPE RNA extraction kit
(Biotium, formerly Cell Data Sciences) was used to extract
RNA from the remaining three FFPE samples. RNA quality
was assessed using the Agilent RNA 6000 Pico kit (Agilent
p/n 5067-1513) and RNA concentrations were determined
using the Qubit RNA HS Assay kit (Thermo Fisher Scientific
p/n Q32855). All FF samples had RIN > 6 whereas FFPE
samples had DV200 values from 52 to 82.

Library preparation and target enrichment for targeted
RNA sequencing

Library preparation and targeted enrichment were performed
using an Agilent Bravo NGS Workstation Option B following
the Agilent SureSelect XT HS2 RNA system user guide
(G9993-90010.%" Agilent SureSelect XT HS2 RNA reagent

kits G9991A and G9991B were employed to generate three
technical replicate libraries per sample, each starting with

an input of 30 ng total RNA. Agilent SureSelect XT HS2 RNA
target enrichment kit part number G9994A was employed

to enrich sample libraries with the SureSelect CD CiberMed
Tissue panel.

Agilent SureDesign software was used to create the
SureSelect CD CiberMed Tissue panel. Manual curation was
performed to ensure full coverage of the coding region for
every included gene.

Enriched libraries were sequenced as 150 bp x 2 paired-end
reads on lllumina NovaSeq 6000 instrument. Each sample
was sequenced to approximately 50M (25M x 2) total reads
to allow thorough performance assessment at varying
depths of coverage.

Data processing

As input to iSort, RNA sequencing reads (in FASTQ format)
were first summarized to gene expression values in
transcripts per million (TPM). While this process can be
accomplished using any standard mapping/alignment
approach, for the data presented here, we used Salmon v1.9%
to map and quantify RNA-seq reads. The TPM values were
then used as input to iSort Fractions v1.4, which determined
the relative fractions of 25 immune subsets (Table 2) in each
tissue sample.

CiberMed software tools, iSort Fractions and iSort HiRes, are
currently available as docker-containerized tools that can be
run locally. iSort Fractions is offered also by way of a user-
friendly web interface run securely through AWS (Amazon
Web Services) at https://isort.cibermed.com. For more details
about the iSort digital cytometry suite, see the brochure at
https://isort.cibermed.com/iSort_ProductsAndServices.pdf or
contact CiberMed directly for questions at https://cibermed.
com/contact.

Performance evaluation

The accuracy of iSort Fractions was evaluated using
Spearman rho, Pearson r, and root mean squared error
(RMSE) to quantify the concordance of estimated cell type
proportions, both within and between paired FF and FFPE
samples.

Read titration analysis

To determine the impact of the number of reads per sample
on deconvolution accuracy and reproducibility, paired reads
were randomly sampled to 5M, 2M, TM, 500k, 100k, and 10k
effective reads per sample. Effective reads are defined as the
number of reads mapped “on-target” to the genes included

in the SureSelect CD CiberMed Tissue panel. Input reads are
calculated as [minimum effective reads]/[on-target map rate].



Results

All RNA-seq data generated in this study passed internal
quality control requirements.

Accuracy

Four pairs of matched FF and FFPE samples, derived

from NSCLC tumor biopsies, with three replicates each,
were analyzed using iSort Fractions tissue mode, which
quantifies 25 cell types, including 22 hematopoietic subsets
and three non-immune cell types: fibroblast, endothelial,
and epithelial cells.
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Figure 3 summarizes the concordance of iSort Fractions
results between FF and FFPE samples for 25 cell types (top)
and 23 cell types (bottom) with the latter excluding fibroblasts
and epithelial cells to better visualize the 0 to 10% fractional
abundance range. While performance gains can be seen for
iSort over CIBERSORTx (Figure 3b versus Figure 3a), targeted
sequencing with the SureSelect CD CiberMed Tissue panel
substantially outperformed whole transcriptome sequencing
applied to the same samples (Figure 3c versus Figure 3b).
These data indicate that targeted digital cytometry with
SureSelect and iSort can overcome FFPE-related distortions
to enable reliable cell profiling in fixed tissue specimens

SureSelect CD CiberMed
Tissue Panel

iSort Fractions .
B cells naive

B cells memory

Plasma cells

T cells CD8

T CD4 naive

T CD4 memory resting

T CD4 memory activated

o T cells follicular helper
T cells regulatory (Tregs)

® T cells gamma delta
NK cells resting

® NK cells activated
Monocytes

iSort (%) FFPE ® Macrophages MO

e Macrophages M1
Macrophages M2

~ g\o 1= 0.195737 o Dendritic cells resting

RMSEX= 1 . Dendritic cells _actlvated
Mast cells resting

Mast cells activated

Eosinophils

Neutrophils

Fibroblasts

Endothelial cells

: P=4x10% o Epithelial cells
I T T T T T 1

6 8 10 12

25 cell types
rho = 0.93
P=1x10"
RMSE = 4.2 o

80
|

60
e o 0o o

iSort (%) FF
40

0 20 40 60 80

23 cell types

iSort (%) FF
0 2 4 6 8 10

I

® o o o

o
o
IS

iSort (%) FFPE

Figure 3. Scatterplots of cell type fractions determined by deconvolution of paired FF (y-axis) and FFPE (x-axis) bulk tumor expression profiles (n = 4 pairs);
comparing (a) whole-transcriptome sequencing data analyzed by CIBERSORTX, (b) whole-transcriptome sequencing data analyzed by iSort Fractions, and (c)
Agilent SureSelect CD CiberMed Tissue panel data analyzed by iSort Fractions. Results are shown for all 25 evaluable cell types (top) and 23 cell types (bottom) to
expand the lower range of fractional abundances (0 to 10%). Each point represents a sample colored by cell type.



Reproducibility

Figure 4 summarizes the sample-level concordance between To assess reproducibility, RNA from all samples was

FF and FFPE cell type fractions. The SureSelect CD CiberMed processed and sequenced in triplicate and the concordance
Tissue panel outperformed whole-transcriptome sequencing of iSort Fractions results across technical replicates was
for all four samples. evaluated. All pairwise comparisons across the three

replicates demonstrated strong reproducibility, with nearly
perfect correlations obtained for all samples (Figure 5).
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Figure 4. Box plots summarizing sample-level concordance of cell type fractions from paired FF and FFPE NSCLC specimens, analyzed by sample pair
across 23 cell types and stratified by sequencing assay (Agilent SureSelect CD CiberMed Tissue panel versus whole-transcriptome sequencing). Fibroblasts
and epithelial cells were excluded to focus on cell types in the range of 0 to 10% fractional abundance. Concordance was evaluated by (a) root mean squared
error (RMSE), (b) Spearman rho, and (c) Pearson r. Statistical significance was determined with a two-sided paired t-test. All results were obtained using iSort
Fractions tissue mode.
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Figure 5. Scatterplots comparing iSort Fractions results between sequencing replicates, shown for (a) four FF samples and (b) four FFPE tumor samples. Each
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Sequencing requirement

Samples were sequenced to an average of 50M (25M x 2)
reads for the SureSelect CD CiberMed Tissue panel.

To determine the minimum number of reads needed per
sample without compromising performance, we performed a
titration experiment. In this experiment, the number of effective
reads per sample was down-sampled to predefined quantities
before running iSort Fractions (where “effective reads” denotes
on-target reads only). Figure 6 summarizes the concordance
between FF and FFPE cell type fractions for all three replicates
using pre-determined numbers of effective reads. All three
replicates maintained accurate and stable performance down
to T™ (500k x 2) effective reads (Figure 6). Figure 7 shows all
data points from Replicate 1 before and after down-sampling
to TM (500k x 2) effective reads.

Based on these data, when using the SureSelect CD CiberMed
Tissue panel, the total number of required input reads is
expected to range from approximately 1.3M per sample
(assuming a 75% on-target mapping rate) to approximately
2M per sample (assuming a 50% on-target rate). Therefore, a
conservative projection of 2M (1M x 2) total input reads per
sample should be sufficient. With the recommended input of
at least 40M (20M x 2) reads for iSort Fractions from whole-
transcriptome sequencing, the SureSelect CD CiberMed
Tissue panel offers a 20-fold reduction in sequencing costs
while achieving superior performance.
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Figure 6. Impact of reads per sample on the concordance between FF and FFPE cell type proportions determined by iSort Fractions. “All” denotes all evaluable
reads per sample. The Agilent SureSelect CD CiberMed Tissue panel maintained stable performance down to TM (500k x 2) effective (‘on-target”) reads per
sample for all three replicates. Because Pearson r and RMSE are heavily driven by abundant fibroblasts and epithelial cells, they are shown without these two cell

types. RMSE, root mean squared error.
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Conclusion

In this application note, we describe the performance
characteristics of the SureSelect CD Tissue panel for profiling
both FF and FFPE tissue samples with iSort, a state-of-the-art
software solution for digital cytometry offered by CiberMed.
There are several applications that would benefit from the
enhanced robustness, accuracy, and cost-effectiveness

of this new joint assay for cytometry by sequencing.

These include routine and translational tissue analysis,?®
retrospective characterization of bulk tissue expression data
to derive new insights into cellular composition,’ and large-
scale validation of sequencing analyses.*® Other applications
include the general assessment of cell type composition
under diverse physiological and pathological conditions,

all without the need for antibodies, fresh specimens, viable
material, or millions of cells.

As shown previously, by comparing FFPE samples to a
matched FF reference, the methodology is robust to FFPE
artifacts and recovers the cell type abundance profile of
matched references. Moreover, the Agilent SureSelect CD
Tissue panel substantially outperforms whole-transcriptome
profiling with potential to greatly reduce sequencing cost.

The utility of the core iSort methodology has been
demonstrated in different tissues and various cancer
types.?”304748 |t has also been demonstrated in multiple
other contexts, including immuno-oncology,®”* organ
transplantation,®® cardiology,* Crohn's disease,* and neonatal
sepsis.“! The ability to deconvolve alternative genomic data
types, including methylation and proteomic profiles, has
also been demonstrated.’#? Furthermore, iSort has been
analytically validated for whole blood samples and fresh,
frozen, and fixed tumor specimens.?’° The core algorithm
underlying iSort has become the standard methodology for
deconvolution in large cancer studies and datasets, such as
The Cancer Genome Atlas (TCGA), and is being applied in
clinical trials.***¢ Given the performance gains demonstrated
here, the SureSelect/iSort assay for digital cytometry
promises to facilitate many exciting and impactful future
applications.
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