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Purpose: Whole-exome (WES) and RNA sequencing (RNA-seq)
are key components of cancer immunogenomic analyses. To eval-
uate the consistency of tumor WES and RNA-seq profiling plat-
forms across different centers, the Cancer Immune Monitoring and
Analysis Centers (CIMAC) and the Cancer Immunologic Data
Commons (CIDC) conducted a systematic harmonization study.

Experimental Design: DNA and RNA were centrally extracted
from fresh frozen and formalin-fixed paraffin-embedded non-
small cell lung carcinoma tumors and distributed to three centers
for WES and RNA-seq profiling. In addition, two 10-plex HapMap
cell line pools with known mutations were used to evaluate the
accuracy of the WES platforms.

Results: The WES platforms achieved high precision (>0.98) and
recall (> 0.87) on the HapMap pools when evaluated on loci using >
50x common coverage. Nonsynonymous mutations clustered by
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tumor sample, achieving an index of specific agreement above 0.67
among replicates, centers, and sample processing. A DV200 > 24%
for RNA, as a putative presequencing RNA quality control (QC)
metric, was found to be a reliable threshold for generating consistent
expression readouts in RNA-seq and NanoString data. MedTIN >
30 was likewise assessed as a reliable RNA-seq QC metric, above
which samples from the same tumor across replicates, centers, and
sample processing runs could be robustly clustered and HLA typing,
immune infiltration, and immune repertoire inference could be
performed.

Conclusions: The CIMAC collaborating laboratory platforms
effectively generated consistent WES and RN A-seq data and enable
robust cross-trial comparisons and meta-analyses of highly com-
plex immuno-oncology biomarker data across the NCI CIMAC-
CIDC Network.
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Note: Supplementary data for this article are available at Clinical Cancer
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Translational Relevance

Given the biological complexity of immunotherapy strategies,
data generated from cross-site clinical trials are often confound-
ed by technical variations or artifacts. The Cancer Immune
Monitoring and Analysis Centers (CIMAC) function to interface
collaboratively with the Cancer Immunologic Data Commons
(CIDC) to enable data standardization and the development
of uniform analysis pipelines across clinical trials within the
network.

This study details the CIMACs-CIDCs harmonization strategy
for evaluating DNA and RNA sequencing data generated across
distinct platforms and tissue preparation methods. This work also
provides a roadmap for harmonizing diverse sequencing assays
that employ different chemistries and data analysis pipelines. The
key metrics for successful harmonization described herein are
expected to further advance interlaboratory data comparison and
database development to facilitate integrative cross-cohort analy-
sis. This work is anticipated to facilitate biomarker development
across trial networks and organizations and ultimately address the
critically important mission of improving the therapeutic man-
agement of patients with cancer.

Introduction

The Cancer Immune Monitoring and Analysis Centers-Cancer
Immunologic Data Commons (CIMAC-CIDC) Network (https://
cimac-network.org/) is an NCI Cancer Moonshot initiative that
provides cutting-edge technology and expertise in genomic, prote-
omic, and functional molecular analysis to enhance clinical
trials in cancer immune therapies. CIMACs serve as the main
units of the network for correlative studies in clinical trials involv-
ing cancer immunotherapy, functioning as platforms for deep
molecular characterization of tumor and immune profiling
using state-of-the-art analytically validated and standardized plat-
forms. The CIDC, hosted by Dana-Farber Cancer Institute, is
dedicated to providing a bioinformatics infrastructure for CIMACs
as well as to build a biomarker database. The CIMACs work
collaboratively with the CIDC to enable data standardization and
the development of uniform analysis pipelines across studies within
the Network.

Given the biological complexity of most immunotherapy strategies,
data generated from cross-site clinical trials are often confounded by
technical variations or artifacts. Objective quality control (QC) stan-
dards are indispensable for minimizing the variations due to differ-
ences in reference genomes, gene models, analytic algorithms,
and processing pipelines. Harmonization of center-specific protocols
and assay performance is necessary to establish standard operating
procedures to overcome the variability of methods and data
collection (1-5). In addition, assay harmonization is expected to
facilitate objective interpretation and data comparison across different
studies and multiple sites, thereby achieving a unified network for
cross-trial comparisons and meta-analyses.

Whole-exome sequencing (WES) and RNA sequencing (RNA-seq)
data provide a wealth of information for understanding tumor
immune responses in clinical studies (6-12). WES can provide a
comprehensive characterization of tumor mutations, from which
neoantigens, mutational burden, and clonality can be inferred (6-8).
Accumulating evidence has suggested the usage of tumor mutation

5050 Clin Cancer Res; 27(18) September 15, 2021

burden and tumor neoantigen load as biomarkers for cancer
immunotherapy response (7, 13-16). Likewise, RNA-seq provides a
powerful tool to define response-driving factors from the tumor
microenvironment (9, 10). Advanced computational methods are now
making it possible to utilize RNA-seq data to estimate the composition
of the tumor immune infiltrates (17-21) and infer infiltrating immune
B- and T-cell receptor repertoires (22, 23). These immunologic
characterizations have yielded valuable insights, with the potential to
guide immunotherapy (9, 11, 12, 17, 22, 24, 25). Formalin fixation of
tissue sample remains the standard protocol for tissue preservation in
the clinical arena (26, 27). Successful use of formalin-fixed paraffin-
embedded (FFPE) derived material in next-generation sequencing
(NGS) applications has been reported previously (28-30). However,
data evaluating whether sequencing data generated from FFPE can be
used to robustly estimate immunologic characteristics, such as
immune gene expression, neoantigens, HLA typing, immune infiltra-
tion, and immune repertoires, is lacking. In addition, many existing
studies to date have not consistently used matched normal samples as
germline comparison and therefore somatic mutation detection could
not be rigorously evaluated (26, 27, 31-33).

In this study, the CIMACs and CIDC performed a cross-site
harmonization of WES and RNA-seq data generated from three
centers (A, B, and C). They include, but not necessarily in this order,
the MD Anderson Cancer Center (MDACC, Houston, TX), the Broad
Institute of Harvard and MIT, and the Molecular Characterization
(MoCha) Lab at the Frederick National Laboratory for Cancer
Research. Here, we describe the CIMAC-CIDC harmonization strat-
egy for evaluating DNA sequencing and RNA-seq data generated
across distinct platforms and tissue preparation methods. Moreover,
we discuss the key metrics needed for successful harmonization within
and among the three sites.

Materials and Methods

Sample preparation and sequencing

Two mixed HapMap cell line pools with well-characterized muta-
tional profiles were used as truth data for the evaluation of WES
(Supplementary Table S1; ref. 34). Matched FFPE tumor, fresh frozen
(FF) tumor, and peripheral blood mononuclear cells (PBMC) from 8
patients with non-small cell lung cancer (NSCLC) of squamous cell
carcinoma histology were also studied; the tumors were collected
between the years 2012 and 2015. Ethical approval for this study was
obtained under a lab protocol (ProtocolLAB90-020) and was reviewed
by The University of Texas MD Anderson Cancer Center Institutional
Review Board (IRB). All samples used in this study and article were
obtained from patients consented under an IRB-approved informed
consent. For the tumor specimens, percent tumor content, quantity,
and quality of DNA and RNA were assessed at the originating center
for sample preparation before distribution to all three centers for WES
and RNA-seq (Supplementary Tables S2 and S3). All samples were
sequenced to at least 200x mean target coverage (Supplementary
Table S4) for WES and at a minimum depth of 50M paired-end
fragments for RNA-seq following each center’s QC criteria (Supple-
mentary Table S5). As an alternative to RNA-seq, RNA from FFPE
samples were profiled by NanoString using the nCounter PanCancer
Immune Profiling Panel (35). RNA quantity (ng) was determined with
the qubit fluorometer while the quality was determined with the
TapeStation by measuring the DV200 (Supplementary Table S6).
Center C distributed the extracted RNA from the macrodissected and
non-macrodissected samples to each site. All NanoString data were
analyzed with NanoString’s nSolver (v4.0).
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Centralized data processing by the CIMAC-CIDC bioinformatics
pipeline

After sequencing, raw data were transferred to the CIDC for
centralized analyses using CIDC common pipelines (Supplementary
Figs. S1 and S2). Reference files for human hg38 (GRCh38.d1.vd1)
were obtained from the NCI Genomic Data Commons. For the WES
analysis, the CIMAC-CIDC platform incorporated the Sentieon
(2018.08.05) workflow for read alignment and variant calling, in which
read alignment was performed with Burrows-Wheeler Aligner (ref. 36;
0.7.15-r1140). Aligned and recalibrated BAM files were subjected to
somatic mutation calling using Sentieon TNsnv algorithm. Low-
quality mutations were filtered by VCFtools (ref. 37; 0.1.16), and
remaining somatic mutations were annotated by VEP (ref. 38; v91).
For RNA-seq analysis, read alignment was performed with STAR
(ref. 39; v.2.4.2a). RNA-seq QC examination was performed on the
aligned BAM files using RSeQC (40). Expression levels were quantified
by SALMON (ref. 41; v.0.14.0). Batch effect removal was performed
with Limma (ref. 42; 3.42.2). The immune cell repertoires were inferred
from aligned BAM files using TRUST4 (ref. 22; v0.1.2). Expression
profiles were subjected to immune infiltration estimation using Immu-
nedeconv (43), which integrates six state-of-the-art estimation algo-
rithms, including TIMER (17), xCell (18), MCPCounter (19), CIBER-
SORT (20), EPIC (21), and quanTIseq (44). Patient HLA types were
estimated from both RNA-seq and WES using Optitype (ref. 45;1.3.2).
Expression profiles, somatic mutations, and HLA types from WES
were integrated for neoantigen prediction using pVAC-Seq (ref. 24;
4.0.10) with NetMHC (ref. 46; v4.0), that leveraged information from
both binding affinity and eluted ligand data (46).

Statistical analysis for assay and sample harmonization

Index of specific agreement (ISA), defined as 2 * Jaccard/(1 +
Jaccard), was used to measure mutation agreements. ISA between
samples was used as it has the potential to address downward bias in
platform agreement on mutation detection when the true mutations
are not prespecified (47). RNA-seq harmonization was assessed by the
correlation level between replicates, sample tissue type (FF, FFPE), and
sequencing centers. Spearman correlation was used to measure the
agreements because it is a more robust measure in settings when the
data deviate from a Gaussian distribution and is less influenced by
outliers (47). Hierarchical clustering was performed on the ISA or
Spearman correlation coefficient derived distance matrix with the
average linkage to measure sample similarities.

WES and RNA-seq harmonization baseline and concordance
evaluation

The Cancer Genome Atlas (TCGA) lung cancer (NSCLC) cohort
(519 adenocarcinomas) was retrieved, processed, and analyzed to
establish reference data from which to assess the agreement of muta-
tions from different callers (48). Mutation calls made by different
TCGA-approved mutation callers (MuSE, MuTect2, SomaticSniper,
VarScan2) on identical WES raw data were found to have an ISA
concordance between 0.22 and 0.90 (mean = 0.71). It has been noted
that although there is no uniform criterion of “acceptable” agreement,
a correlation of greater than 0.7, 0.8, and 0.9 can be considered as
having adequate, good, and excellent correlation, respectively. Of
the published studies, depending on the sequencing depth, mutation
allele frequency, mutation calling tools, and sample processing, there
is a large variation in the reported concordance level. The con-
cordance levels between FF and FFPE have been reported to be around
70% in previous studies (1, 49). Therefore, if the different WES
platforms applied to the same DNA sample yielded mutation calls
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with similar or higher ISA, these sequencing platforms were consid-
ered reasonably harmonized. Mutation agreement assessment was
performed on the overlapping exon regions to ensure that data
generated by different capture kits across centers were comparable.
Mutation concordance in cancer driver genes was evaluated, wherein
50 cancer driver genes from Ion AmpliSeq Cancer Hotspot Panel (v2)
and the 310 lung cancer oncogenes from COSMIC database (50, 51)
were selected.

From the same TCGA NSCLC samples, we evaluated the pairwise
correlations among RNA-seq data to create a harmonization baseline.
Because tumors of the same cancer type are expected to have
similar gene expression levels, we set minimum acceptance criteria
of the RNA-seq platform harmonization at 0.94, which is the top
95% Spearman correlation coefficient of the studied TCGA samples
(Supplementary Fig. S3). If the analysis of the same RNA-seq data
by different transcriptome platforms revealed the samples to have
expression levels with similar or higher correlation than TCGA
baseline, then these RNA-seq platforms were considered reasonably
harmonized. Secondary analyses, including expression-based immune
cell infiltration estimated by TIMER (17), xCell (18), MCPCounter
(19), CIBERSORT (20), EPIC (21), and quanTIseq (44), immune
repertoires estimated by TRUST4 (22), and HLA typing inferred by
Optitype (45) were evaluated for their concordance. The Spearman
correlation coefficient, the proportion of overlapped unique CDR3s,
and the Jaccard index were used as concordance metrics for the
immune cell infiltration estimates, immune cell repertoires, and HLA
types, respectively.

Data availability

All human WES and RNA-seq data presented in this article have
been deposited at The database of Genotypes and Phenotypes (dbGaP)
under accession number phs002295.v1.p1.

Results

Central sample preparation and distributed sequencing

We generated data from two sample formats: (i) HapMap cell line
pools (n = 2); and (ii) NSCLC tumors with squamous cell carcinoma
histology (1 = 8). DNA from two HapMap cell line pools (xx and yy),
each consisting of a mixture of 10 well-characterized HapMap cell
lines, was equally mixed at Center C (Fig. 1A; ref. 34). In addition,
DNA and RNA were centrally extracted from matched FF tumor and
FFPE tumor of 8 patients with NSCLC at Center B (Fig. 1B). For tumor
samples, germline DNA was also extracted from matched PBMC from
the corresponding patients. Library preparation and sequencing were
performed on two different days as technical replicates in all three
centers (Fig. 1A and B). For both WES and RNA-seq, the capture kits
used per sequencing center were distinct (Fig. 1C and D; Supplemen-
tary Table S7). For WES-seq, the overlap target regions between kits
was increased if we focused on the exons (overlap region increased
from 59.4% to 88.7%; Fig. 1C).

CIMAC genomic platforms achieved high precision and recall in
WES calling from the HapMap cell line pools

Utilizing the known mutations and allele fractions in the HapMap
cell line pools, we evaluated key determinants of WES platform
harmonization. Despite the inherent complexity of the assays and
independent protocol development between sites, the WES data
generated at different sites and replicates had comparable read cov-
erage and variant allele frequency (VAF; Fig. 2A). The sequencing data
for the HapMap samples were highly concordant between technical
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Figure 1.

lllustration of study design and capture kits. A, Two HapMap cell line pools were generated and used to provide “ground truth” data. The HapMap cell lines xx and yy,
each consisting of 10 individual HapMap cell lines mixed in equal proportions, were prepared and processed at Center C and distributed to all three centers for WES.
Each HapMap pool was paired with a single cell line as germline control for mutation calls. The sequenced data were transferred to CIDC for centralized analyses.
B, Tumor samples from 8 patients diagnosed with NSCLC were selected. DNA and RNA extraction was performed by Center B from both FF and FFPE processing.
Germline DNA was also extracted from matched PBMCs from the corresponding patients. For all samples, two sets of aliquots were prepared as technical replicates.
Extracted DNA and RNA were distributed to the three centers: Center A, B, and C for WES and RNA-seq. C, Overlap of WES target regions between the three centers
were evaluated. Left, Venn diagram of overall covered regions from the different centers. Right, Venn diagram of the overlap in exome regions. D, Overlap regions

were evaluated on the different RNA-seq capture kits used by the three centers.

replicates for all mutations, as well as for nonsynonymous mutations
only (ISA >0.874 and ISA >0.875, respectively) (Fig. 2B). These results
suggested that potential technical bias and variation introduced during
library preparation and sequencing within centers are acceptable.
We next examined the extent to which there was agreement in
mutational burden among the three centers. Agreement assessments
were performed on the overlap exon regions to ensure that data
generated by different capture kits were comparable (Fig. 1C). Upon
comparison of mutations called between center-specific data and
ground truth data, we obtained an ISA of 0.827 and 0.817 for the xx
and yy pools, respectively (Fig. 2C). Mutation agreement among the

5052 Clin Cancer Res; 27(18) September 15, 2021

centers was further investigated as a function of coverage and VAF. At
each coverage and VAF cutoff, agreement was evaluated on the basis of
the likelihood that a mutation would be detected in common by at least
two centers. Overall, a higher level of concordance was observed with
increased VAF and with greater in-depth coverage (Fig. 2D). Specif-
ically, a VAF of 10% and 50 x coverage cutoff yielded a 95% likelihood
that a mutation would be called in common by at least two centers
(Fig. 2D). The truth data provided by the HapMap pools gave us an
opportunity to evaluate cross-site data variability and reproducibility.
In evaluating the VAFs derived from the overlap target regions with
common coverage greater than 50X, precision was greater than 0.98
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Evaluation and harmonization of somatic mutations identified in the HapMap cell line pools. A, The read depth and VAF of the somatic mutations detected in the
HapMap pools xx and yy across the three centers. B, Reproducibility between technical replicates in each center measured by ISA. The evaluations were performed
using all mutations and nonsynonymous mutations (NS). C, Agreement assessment between centers and the truth data, based on mutation call agreement (ISA
concordance score) on overlap of target exons. D, Mutation agreement between the three centers was evaluated as a function of coverage and VAF. Red, mutations
identified in only one center; Gray, mutations identified by two centers; Blue, mutations identified by all three centers. Numbers indicate the percentage of mutations
called by at least two centers. E, Precision and recall for mutation calling at different VAFs when evaluated against truth data.

and recall was greater than 0.87 at 10% VAF at all three centers
(Fig. 2E). Altogether, the clustering results, the high precision and the
high recall in WES called from the HapMap cell line pools lead us to
conclude that the CIMAC genomic platforms and the CIDC analysis
pipelines have been adequately optimized to ensure reliability and
reproducibility in data generation.

Biological differences between tumors are much greater than
platform/process-specific differences on WES

To validate the robustness of the center-specific reagents, pro-
tocols, data-transferring procedures, and range of acceptance cri-
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teria, we performed additional evaluations using the FF and FFPE
NSCLC samples. Of note, deamination of nucleotides causes C:
G>T:A changes in FFPE tissue samples and can produce false
positives during NGS (52, 53). DNA from matched FF and FFPE
NSCLC tumors and PBMC in the corresponding patients were
subjected to WES. Although generated at different centers using
distinct protocols, the coverage, VAF calls, and nonsynonymous
mutation loads were comparable across replicates, centers, and
sample preparations (FF vs. FFPE; Fig. 3A and B). Mutations
called from FF and FFPE were comparable with an overlap rate
of approximately 85% in the 50-gene panel (Materials and
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Methods; Fig. 3C). Furthermore, nucleotide changes shared similar
distributions between mutations derived from FF and FFPE tissues
(Fig. 3D), suggesting that the deamination effect was not a dom-
inant bias in mutation call from the FFPE specimens. Of note, the
similar mutational signature patterns between FF and FFPE were
consistent with observations previously detected in large cohorts of
whole-genome sequencing data (1, 54). These data together sug-
gested that the mutations obtained from FFPE tissues collected in
clinical settings are comparable with FF samples.

Across multiple studies conducted over the years, no single best
strategy has been identified for somatic mutation calling from cancer
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specimens (55, 56). VAF, sequencing depth, and sequencing technique
are multiple factors that determine whether a variant can be
detected (55). We found that although the NSCLC specimens were
sequenced and processed at different centers as technical replicates, the
mutations clustered by patient with concordance levels above 0.67
among all samples (Fig. 3E; Supplementary Fig. S4). Of note, the ISAs
we reported were based on the lowest ISA among samples generated in
different replicates, centers, and sample preparation (FF vs. FFPE) for
the same tumor. The vast majority of ISAs (96.1%) we obtained is
greater than 0.7, with a median of 0.81, which outperformed previously
reported concordances between FF and FFPE samples (1, 49). To

CLINICAL CANCER RESEARCH

Downloaded from clincancerres.aacrjournals.org on October 24, 2021. © 2021 American Association for Cancer Research.


http://clincancerres.aacrjournals.org/

Published OnlineFirst December 15, 2020; DOI: 10.1158/1078-0432.CCR-20-3251

evaluate the key determinants of harmonization, we further eval-
uated agreement in mutation burden as a function of coverage and
VAF. Overall, filtering by increasing VAF and coverage yielded
fewer mutations and higher accuracy (Fig. 3F). For FF and FFPE, a
cutoff at 10% VAF and 50 coverage resulted in a 93% and 87%

A

Cross-Site Concordance Evaluation of Tumor WES and RNA-seq

differences across tumors.

0.884 N=3
[ Fresh frozen
s 0.90 [ 1FFPE
£
g 0.92 4
8
£ 094
E
3 096
o
w
0.984 —ﬁ!ﬂ, 0.989
100 SeasiaaweREReRae g&¥ silgasTsayy bR SRR aR s e ea ey
TIN {median) -
ovzo - NI I E N
GRS B B | Il
Unique frags (M) - | mm 1 mn i 1" §PpITOam =
08 exons- NI OE BT NN N
B N=134 [ Fresh frozen
0.88 [_1FFPE

likelihood for a mutation to be called in common by at least two
centers (Fig. 3F). The high concordance level indicated to us
that technical differences between replicates, centers, and sample
preparation (FF vs. FFPE) were much smaller than the biological

Pt.
— 2 - 9
— 3 - 11
7 - 13
= § 14
TIN (median)
Unique frags (M)
30 40 50 60 70
0 50 100 150 200
Dvz00
10 20 30 40 50 60 CDS exons
RIN 0 20 40 60 &0 100
12 16 20 24

Spearman correlation
o
w
+
i

0.98 |
1.00 1

TIM (median) -

DV200- I T .
RIN-1 I Y - 1IN
Unique frags (M)~ ] Bl BN TInEm T Emia 1

coscon: NN EEDEEE N DUENTEEN EEUEE DR |

C Outliers: ®

p=063 !
P=0 :
1
a0 [ O
s 8 o 58
L]
< 60 i s 7
2 TS T N T .Y -
B L] . ! HE
E . :
Z 0 ‘ g
= . ! s
. 3:r .
20 . i
3
0 - —— -
0 20 40 60 80
DV200

Figure 4.

RNA-seq harmonization and QC matrix evaluation. A and B, Hierarchical clustering based on Spearman correlation coefficient of log,-transcripts per kilobase million
(TPM) values for FF and FFPE samples with medTIN > 50 (91 samples, A), along with QC metrics. B, With medTIN > 30 (DV200 > 24%; 134 samples). C, Scatterplot
of medTIN and DV200 scores for the 150 sequenced samples. Outliers (yellow) are the samples that did not cluster by patients. D, Scatterplot of medTIN scores
and exome mapping rate for the 150 sequenced samples. Outliers are the samples that did not cluster by patient. Spearman correlation was performed to calculate

the association between the two QC metrics in C and D.
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RNA-seq data generated from NSCLC are comparable between
replicates, sample preparations, and centers

For the RNA-seq data generated across centers, concordance was
assessed by correlating the gene expression among replicates, by
sample preparation (FF, FFPE) and per sequencing center. Supple-
mentary Figure S5 shows the clustering result of the 150 samples based
on Spearman correlation coefficient of log-transformed expression
data. Multiple medTIN cutoffs were evaluated to determine the
minimum cutoff at which the RNA samples could harmonize. Of
note, medTIN score is a postsequencing QC metric to measure RNA
integrity and RNA degradation (57). At a medTIN cutoff of >50, the
resultant 91 samples clustered by patient, with a minimum Spearman
correlation above 0.94 among samples from the same tumor, thereby
achieving a concordance level consistent with the prespecified TCGA-
based acceptance criteria (Materials and Methods; Fig. 4A). In addi-
tion, a cutoff of medTIN >30 was tested, and the resultant 134 samples
achieved concordance levels above 0.90. Although the concordance
level did not satisfy the prespecified criterion (0.94, based on TCGA
NSCLC data), samples still clustered by patient regardless of replicates,
centers, or sample preparations (FFPE vs. FF; Fig. 4B). Together, these
data suggested that medTIN > 50 could be used as a postsequencing
QC criterion to ensure all the samples cluster by tumors and to meet
the prespecified concordance cutoff, while medTIN > 30 could be used
to ensure that all samples cluster by tumors.

To determine a set of criteria for the generation of reliable RNA-seq
data, we further evaluated other QC metrics, including DV200 and
exon mapping rate. DV200, a presequencing quality metric, was highly
associated with medTIN score (Spearman correlation = 0.63; Fig. 4C).
While the manufacturer has recommended that samples with DV200>
30% usually yield better RNA-seq data quality, our data showed
concordance among samples even at DV200 > 24% (Fig. 4B). Using
DV200 > 24% as cutoff, we could rule out the samples that did not
cluster by tumor ID (Fig. 4C). Exon mapping rate (EMR), another
commonly used QC metric to quantify the percentage of reads
mapping to exon regions, was also associated with medTIN score
(P = 0.04). However, we did not find EMR as a useful QC metric for
ruling out outliers (Fig. 4D). These analyses together showed that
DV200 of 24% is an effective presequencing QC metric for the
generation of RNA-seq data.

We next performed simulation studies to investigate whether the
read number or gene number is a key determinant for successful
harmonization. We downsampled the data from FFPE samples of
Center C from 113M paired-end reads to 50M. Using the expression
profiles derived from the downsampled reads, we could cluster the
samples by tumor with concordance levels above 0.97 (Supplementary
Fig. 56). These high correlations suggested to us that 50M paired-end
reads was an adequate read number to yield concordance. The effects
of gene number on the harmonization were evaluated as well. The top
3,000 most variable genes were selected on the basis of variance
distribution in the log-transformed expression profile. When the
3,000 most variable genes were used for clustering, the lower bound
correlation level decreased to 0.88 (Supplementary Fig. S7). Despite the
decreased concordance result, the samples still clustered by tumor ID.
In addition, the clustering result was better than the baseline derived
from TCGA NSCLC samples using the 3,000 most variable genes
(0.88 vs. 0.85; Supplementary Fig. S3).

QC metrics were evaluated to determine optimal cutoffs to generate
acceptable secondary immunogenomic characteristics from RNA-seq
data, including HLA typing, immune cell infiltration, and immune
repertoire. Attempts were made to evaluate the sample data quality
across different medTIN scores. All samples from the same tumor were
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inferred to have identical HLA type when a medTIN cutoff of 50 was
used. In contrast, seven samples (8.3%) were noted to have off-target
HLA typing when a medTIN cutoff of 30 was used. Agreement
between FF and FFPE, measured by the Jaccard index, was similar
whether a medTIN cutoff of 50 or 30 was used (1.0 and 0.99,
respectively). Overall, FF and FFPE samples clustered by tumor in
both medTIN 50 and 30 cut-oft groups (Fig. 5A and B), and matched
FF and FFPE samples per tumor shared similar immune infiltration
patterns (Fig. 5C and D). The average Spearman correlations between
the FF and FFPE samples were 0.88 and 0.87 for the medTIN 50 and 30
cut-off groups, respectively. When we examined the immune reper-
toires estimated from the RNA-seq data using TRUST4 (22), in which
the inferred CDR3 clonotypes included TCRA, TCRB, TCRD, IGH,
IGK, and IGL, the immune repertoires inferred from the matched FF
and FFPE were highly concordant among samples from the same
tumor regardless of medTIN cutoff (50 or 30; Fig. 5E and F). The
immune repertoire clonality correlation between FF and FFPE was
slightly higher in the medTIN 50 cut-off group, compared with the
medTIN 30 group (Rho 0.58 vs. 0.55; Fig. 5G and H). Overall, when the
cutoff of medTIN was above 30, immune cell infiltration and reper-
toires mostly clustered on a per patient basis; HLA typing estimation
clearly distinguished between tumors. Together, these results sug-
gested that the quality of secondary immunogenomic characteristics
were acceptable when inferred from RNA-seq data with medTIN
above 30 (or, equivalently, DV200 > 24%).

The NanoString platform was evaluated for its potential to serve
as an alternative approach for transcriptome profiling in cases of
low-quality RNA samples. RNA extracted and processed from 7
patients with NSCLC of squamous cell carcinoma histology were
subjected to the NanoString PanCancer Immune Profiling Panel for
transcriptomic quantification (35) at Centers B and C. DV200
cutoffs were evaluated by hierarchical clustering to determine the
minimum cutoff at which the NanoString-generated data could
harmonize between different sample processing (macrodissected
and non-macrodissected) and centers. Overall, the majority of
samples with DV200 below 24% failed to cluster by patient (15/
20 failed, 75%; Supplementary Fig. S8), a few samples with DV200
above 24% failed to cluster as well (3/44 failed, 6.81%). In summary,
while NanoString gene expression data can be generated even from
samples with very low DV200 that failed to produce RNA-seq
libraries, our hierarchical clustering analysis indicates that the
quality of such NanoString data originating from samples with
very low DV200 may not be reliable.

Integrated DNA and RNA analyses revealed important
immunogenomic features in NSCLC

Transcriptomics is a critical adjunct to genomics when interrogat-
ing patient tumors for actionable alterations (58). We therefore
explored the potential of utilizing matched WES and RNA-seq to
derive reliable cancer immunogenomic characteristics across centers
and sample preparations (FF vs. FFPE). Analysis of the somatic
mutations among the samples highlighted the consistent detection
of multiple known recurrently mutated drivers of NSCLC across
replicates, centers, and sample preparation (Fig. 6A; Materials and
Methods). The majority (48/51, 94%) of mutated cancer driver genes
were confirmed to have high expression levels (Fig. 6A, left). TP53
was the most frequent mutated cancer driver gene (6/7 samples),
consistent with TCGA squamous cell lung carcinomas data (48).
These results suggested that the CIMAC-CIDC analysis pipeline can
reliably identify cancer driver mutations across replicates, centers,
and preparations.
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between FF and FFPE samples using HLA typing inferred from RNA-seq using the tool Optitype (45). A, medTIN >50 as a cutoff for sample selection, or medTIN >30
as cutoff (B). C and D, Clustering analysis between FF and FFPE using immune infiltration as features. The infiltration was estimated by immunedeconv (43), which
integrates six state-of-the-art estimation algorithms, including TIMER (17), xCell (18), MCPCounter (19), CIBERSORT (20), EPIC (21), and quanTlseq (44). As cutoffs,
medTIN>50 (C) and medTIN >30 (D) were assessed. E and F, Clustering results between FF and FFPE using immune repertoires as features. Immune repertoires were

estimated by TRUST4, which is an updated version of the original TRUST (22) to infer CDR3 clonal types for TCRA, TCRB, TCRD, IGH, IGK, and /GL in tumor immune

repertoires, using medTIN >50 (E) or medTIN >30 (F) as cutoffs. G and H, Scatterplot of immune repertoire clonality inferred in FF and FFPE tumors (using Spearman

correlations) using medTIN >50 (G) or medTIN >30 (H) as cutoffs.
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Figure 6.

Integrated DNA and RNA analyses in FF and FFPE NSCLC tumors. A, Comutation plot using WES and RNA-seq of the NSCLC tumors. The average log TPM expression
is shown on the left panel. Mutations were called by the TnSnv algorithm from the Sentieon pipeline. Average log expression was calculated from SALMON counts.
B, HLA types were estimated for both WES and RNA-seq data using the tool Optitype (45). Jaccard index was calculated per patient using RNA-seq (y-axis) and WES
(x-axis) data. C, Comparison of mutation and neoantigen load per patient specimen between FF and FFPE. Neoantigens were inferred by pVAC-Seq (24). Mutation

load is the total number of nonsynonymous mutations.

With the matched WES and RNA-seq data available, HLA typing
derived from both assays were compared. The four-digit level of
accuracy for HLA typing was inferred using Optitype (45) on both
assay data. Overall, HLA typing inferred from WES and RNA-seq was
highly concordant for both FF and FFPE. The Jaccard index of HLA
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typing between the two platforms was 1.0 and 0.98 for FF and FFPE.
HLA typing inferred from WES and RNA-seq clustered by tumor,
suggesting the CIMAC-CIDC genomics platforms could generate
reliable HLA typing regardless of sample preparations, sequencing
centers, and sequencing platforms (Fig. 6B). The number of
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neoantigen calls, using the pVAC-Seq analysis pipeline (24), was
performed on both FF and FFPE samples, and was highly associated
with mutation burden in both FF (Rho = 0.71) and FFPE (Rho = 0.66)
across centers.

Discussion

The CIMAC-CIDC network undertook an effort to establish har-
monized platforms for the genomic analyses of clinical specimens from
immunotherapy trials including WES and RNA-seq. This study
provides a roadmap for how to harmonize diverse sequencing assays
that may employ different chemistries and data analysis pipelines.
The cross-center concordance evaluation assessed the factors
that contributed to the discrepancies and those that facilitate sample
harmonization. During the harmonization process, each participating
center evaluated and confirmed the validity of center-specific
reagents, standards, analytic methods, protocols, and data-reporting
procedures throughout assay development and implementation. The
discrepancies in somatic mutation calls and expression levels were
found to be acceptable between replicates, sample preparation (FF vs.
FFPE), and centers. Overall, this study demonstrated the feasibility of
leveraging the resources available at different facilities to achieve high
throughput at an acceptable level of consistency.

In this harmonization effort, CIMAC-CIDC rigorously evaluated
sequencing data generated from multiple assays, including WES,
RNA-seq, and NanoString. This study affirmed multiple key deter-
minants to achieve sequencing-assay harmonization, including (i) use
of rigorously validated assays at all centers, (i) focus on the overlap of
capture regions, (iii) use of a common data analysis pipeline, and (iv)
application of appropriate metrics for reporting the data, including a
requirement for 50x coverage and 10% VAF for WES data, and
medTIN > 30 and DV200 > 24% for RNA-seq. Studies have reported
concordance level of somatic mutation calls generated from different
sequencing centers and different pipelines (59, 60). In our study, we
leveraged the replicated sequencing data [3 centers x 2 replicates x 2
processing (FF and FFPE)] and the HapMap data to systematically
evaluate the key determinants for harmonization. In addition to
evaluating somatic mutation calls, we have investigated a set of criteria
to harmonize the expression profile, immune infiltration, CDR3
immune repertoire, and neoantigen calls. Together, these evaluation
efforts will provide an analysis roadmap for our multisite sequencing
data harmonization.

One caveat in our study is the limited number of samples
evaluated, namely, two HapMap cell lines and eight NSCLC tumor
samples. This study aimed to establish protocols for WES and RNA-
seq library preparation and QC metrics to allow reliable and robust
cross-site data generation. We have replicated the WES and RNA-
seq in twelve aliquots [3 centers x 2 replicates X 2 processing (FF
and FFPE)] for each of the eight NSCLC samples and each of the
two mixed HapMap cell pools. The high replicate number allowed
us to robustly identify factors introducing variability and to set up
criteria to ensure comparable results across CIMAC sites while
using a centralized analysis pipeline.

WES provides the opportunity to evaluate a spectrum of somatic
alterations, whereas RNA-seq provides cell immunologic phenotypes,
including tumor immune infiltration, HLA typing, and immune
repertoire. Here we report a harmonization effort carried out by
CIMAC-CIDC to ensure reproducible WES and RNA-seq results both
between centers and sample preparation (FF vs. FFPE) that meet the
minimum prespecified QC criteria. The high level of concordance
found supports interpretability of datasets across CIMACs and studies
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and will facilitate development of a database for secondary analyses.
These efforts are particularly important and relevant in an era when
evidence-based precision medicine is becoming more prevalent.

Authors’ Disclosures

B. Das reports other from U.S. Government (under contract from HHS) during the
conduct of the study and nonfinancial support from Illumina Inc. outside the
submitted work. B. Sanchez-Espiridion reports grants from NIH during the
conduct of the study and grants from NIH outside the submitted work. D.Y.
Duose reports other from Chrysalis Biomed outside the submitted work. D.S.
Neuberg reports grants from NIH U24 CA224331 during the conduct of the
study. S. Shukla reports nonfinancial support from Bristol-Myers Squibb during
the conduct of the study and other from Agenus, Agios Pharmaceuticals, Breakbio
Corp, Bristol-Myers Squibb, and Lumos Pharma outside the submitted work. J. Zhang
reports grants from NIH during the conduct of the study, as well as grants from
Merck; grants and personal fees from Johnson & Johnson; personal fees and other
from Bristol Myers Squibb; and personal fees from Bristol Myers Squibb,
AstraZeneca, Geneplus, OrigMed, Innovent, and Roche outside the submitted
work. LI. Wistuba reports grants and personal fees from Genentech, Bayer,
Bristol Myers Squibb, AstraZeneca/Medimmune, Pfizer, HTG Molecular, and
Merck; personal fees from Roche, Asuragen, Glaxo Smith Klane, Guardant Health,
Oncocyte, Flame Inc, and MSD; and grants from Oncoplex, Adaptive, Adaptimmune,
EMD Serono, Takeda, Amgen, Karus, Johnson & Johnson, Iovance, 4D, Novartis,
and Akoya outside the submitted work. X.S. Liu reports grants from NIH and
Foundation for the NIH during the conduct of the study and is a cofounder,
board member, and consultant of GV20 Oncotherapy and its subsidiaries; is a
SAB of 3DMedCare; is a consultant for Genentech; is a stockholder of BMY,
TMO, WBA, ABT, ABBV, and JNJ; and receives research funding from Takeda
and Sanofi. CJ. Wu reports other from BioNTech outside the submitted work.
No disclosures were reported by the other authors.

Authors’ Contributions

Z. Zeng: Data curation, formal analysis, methodology, writing-original draft. J. Fu:
Formal analysis, visualization, writing—original draft. C. Cibulskis: Resources, data
curation, supervision, project administration. A. Jhaveri: Data curation, validation.
C. Gumbs: Conceptua.lization, resources, data curation, supervision, project
administration, writing-review and editing. B. Das: Conceptualization, resources,
methodology, writing-review and editing. B. Sanchez-Espiridion: Data curation,
investigation, writing-review and editing. S. Janssens: Project administration.
L. Taing: Data curation, software, visualization, methodology. J. Wang: Data
curation, software. J. Lindsay: Data curation, supervision. T. Vilimas: Supervision,
investigation. J. Zhang: Data curation, supervision, writing-review and editing.
C. Tokheim: Data curation, formal analysis, visualization, writing-review and
editing. A. Sahu: Data curation, investigation, visualization, writing-review and
editing. P. Jiang: Data curation, formal analysis, visualization. C. Yan: Data
curation, formal analysis, writing-review and editing. D.Y. Duose: Data curation,
formal analysis, writing-review and editing. E. Cerami: Conceptualization, resources,
supervision, writing-review and editing, L. Chen: Data curation, investigation.
D. Cohen: Data curation, formal analysis, visualization. Q. Chen: Formal analysis,
methodology. R. Enos: Supervision, writing-review and editing. X. Huang: Data
curation, formal analysis. J.J. Lee: Supervision, methodology, writing-review and
editing. Y. Liu: Data curation, formal analysis. D.S. Neuberg: Data curation,
methodology. C. Nguyen: Data curation, formal analysis. C. Patterson: Resources,
data curation, supervision, writing-review and editing. S. Sarkar: Data curation, formal
analysis, writing-review and editing. S. Shukla: Supervision, methodology, writing—
review and editing. M. Tang: Data curation, formal analysis. J. Tsuji: Data curation,
methodology, writing-review and editing. M. Uduman: Formal analysis, writing-
review and editing. X. Wang: Data curation, writing-review and editing.
J.L. Weirather: Formal analysis, writing-review and editing. J. Yu: Data curation,
formal analysis. J. Yu: Project administration. J. Zhang: Supervision, validation,
methodology, writing-review and editing. J. Zhang: Data curation, methodology,
writing-review and editing. D. Meerzaman: Conceptualization, resources, data
curation, supervision, funding acquisition, writing-review and editing. M. Thurin:
Conceptualization, resources, supervision, writing-review and editing. A. Futreal:
Conceptualization, resources, funding acquisition, writing-review and editing.
C. Karlovich: Conceptualization, resources, supervision, investigation, writing—
review and editing. S.B. Gabriel: Resources, data curation, formal analysis,
methodology. LI Wistuba: Conceptualization, resources, supervision, writing—
review and editing. X.S. Liu: Conceptualization, resources, supervision, funding

Clin Cancer Res; 27(18) September 15, 2021

5059


http://clincancerres.aacrjournals.org/

Published OnlineFirst December 15, 2020; DOI: 10.1158/1078-0432.CCR-20-3251

Zeng et al.

acquisition, writing-original ~draft, writing-review and editing. C.J. Wu:
Conceptualization, resources, supervision, funding acquisition, methodology,
writing-original draft, writing-review and editing.

Acknowledgments

Scientific and financial supports for the CIMAC-CIDC Network are provided
through the NCI Cooperative Agreements U24CA224319 (to the Icahn School of
Medicine at Mount Sinai CIMAC), U24CA224331 (to the Dana-Farber Cancer
Institute CIMAC), U24CA224285 (to the University of Texas MD Anderson
Cancer Center CIMAC), U24CA224309 (to the Stanford University CIMAC), and
U24CA224316 (to the CIDC at Dana-Farber Cancer Institute). This work is also
supported by grants from the Lung SPORE P50CA070907, NIH CCSG Award
(CA016672), MD Anderson Cancer Center Support Grant (CA016672), and NCI
under contract HHSN261200800001E. Additional support is made possible
through the NCI CTIMS Contract HHSN261201600002C (to the Emmes Com-
pany, LLC).

References

1. Robbe P, Popitsch N, Knight SJL, Antoniou P, Becq J, He M, et al. Clinical whole-
genome sequencing from routine formalin-fixed, paraffin-embedded specimens:
pilot study for the 100,000 Genomes Project. Genet Med 2018;20:1196-205.

2. Pepin MG, Murray ML, Bailey S, Leistritz-Kessler D, Schwarze U, Byers PH. The
challenge of comprehensive and consistent sequence variant interpretation
between clinical laboratories. Genet Med 2016;18:20-4.

3. Vrijenhoek T, Kraaijeveld K, Elferink M, de Ligt ], Kranendonk E, Santen G, et al.
Next-generation sequencing-based genome diagnostics across clinical genetics
centers: implementation choices and their effects. Eur ] Hum Genet 2015;23:
1142-50.

4. Vail PJ, Morris B, van Kan A, Burdett BC, Moyes K, Theisen A, et al. Comparison
of locus-specific databases for BRCA1 and BRCA2 variants reveals disparity in
variant classification within and among databases. ] Community Genet 2015;6:
351-9.

5. Amendola LM, Jarvik GP, Leo MC, McLaughlin HM, Akkari Y, Amaral MD,
et al. Performance of ACMG-AMP variant-interpretation guidelines among
nine laboratories in the clinical sequencing exploratory research consortium.
Am ] Hum Genet 2016;98:1067-76.

6. Melendez B, Van Campenhout C, Rorive S, Remmelink M, Salmon I, D’Haene N.
Methods of measurement for tumor mutational burden in tumor tissue.
Transl Lung Cancer Res 2018;7:661-7.

7. WangZ,DuanJ, Cai S, Han M, Dong H, Zhao J, et al. Assessment of blood tumor
mutational burden as a potential biomarker for immunotherapy in patients with
non-small cell lung cancer with use of a next-generation sequencing cancer gene
panel. JAMA Oncol 2019;5:696-702.

8. Budczies J, Allgauer M, Litchfield K, Rempel E, Christopoulos P, Kazdal D, et al.
Optimizing panel-based tumor mutational burden (TMB) measurement.
Ann Oncol 2019;30:1496-506.

9. JiangP, GuS,Pan D, FuJ, Sahu A, HuX, etal. Signatures of T cell dysfunction and
exclusion predict cancer immunotherapy response. Nat Med 2018;24:1550-8.

10. Patel SP, Kurzrock R. PD-L1 expression as a predictive biomarker in cancer
immunotherapy. Mol Cancer Ther 2015;14:847-56.

11. Pastor F, Berraondo P, Etxeberria [, Frederick J, Sahin U, Gilboa E, et al. An RNA
toolbox for cancer immunotherapy. Nat Rev Drug Discov 2018;17:751-67.

12. Sullenger BA, Nair S. From the RNA world to the clinic. Science 2016;352:
1417-20.

13. Hellmann MD, Ciuleanu TE, Pluzanski A, Lee JS, Otterson GA, Audigier-Valette
C, etal. Nivolumab plus ipilimumab in lung cancer with a high tumor mutational
burden. N Engl ] Med 2018;378:2093-104.

14. Cristescu R, Mogg R, Ayers M, Albright A, Murphy E, Yearley J, et al. Pan-tumor
genomic biomarkers for PD-1 checkpoint blockade-based immunotherapy.
Science 2018;362:eaar3593.

15. Hellmann MD, Nathanson T, Rizvi H, Creelan BC, Sanchez—Vega F, Ahuja A,
et al. Genomic features of response to combination immunotherapy in
patients with advanced non-small-cell lung cancer. Cancer Cell 2018;33:
843-52.

16. Chan TA, Yarchoan M, Jaffee E, Swanton C, Quezada SA, Stenzinger A, et al.
Development of tumor mutation burden as an immunotherapy biomarker:
utility for the oncology clinic. Ann Oncol 2019;30:44-56.

5060 Clin Cancer Res; 27(18) September 15, 2021

Scientific and financial supports for the PACT projects are made possible
through funding support provided to the FNIH by AbbVie Inc., Amgen Inc,,
Boehringer-Ingelheim Pharma GmbH & Co. KG., Bristol-Myers Squibb, Celgene
Corporation, Genentech Inc, Gilead, GlaxoSmithKline plc, Janssen Pharmaceu-
tical Companies of Johnson & Johnson, Novartis Institutes for Biomedical
Research, Pfizer Inc., and Sanofi.

The authors thank Anita Giobbie-Hurder, Mickey Williams, Rajesh Patidar, Chip
Stewart, and Gad Getz for their valuable discussions and suggestions. They also
acknowledge helpful suggestions from Helen Chen, Holden Maecker, and Sacha Gnjatic.

The costs of publication of this article were defrayed in part by the payment of page
charges. This article must therefore be hereby marked advertisement in accordance
with 18 U.S.C. Section 1734 solely to indicate this fact.

Received August 18, 2020; revised October 24, 2020; accepted December 8, 2020;
published first December 15, 2020.

17. Li T, Fan J, Wang B, Traugh N, Chen Q, Liu JS, et al. TIMER: a web server for
comprehensive analysis of tumor—inﬁltrating immune cells. Cancer Res 2017;77:
€108-¢10.

18. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular hetero-
geneity landscape. Genome Biol 2017;18:220.

19. Becht E, Giraldo NA, Lacroix L, Buttard B, Elarouci N, Petitprez F, et al.
Estimating the population abundance of tissue-infiltrating immune and stromal
cell populations using gene expression. Genome Biol 2016;17:218.

20. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods 2015;
12:453-7.

21. Racle J, de Jonge K, Baumgaertner P, Speiser DE, Gfeller D. Simultaneous
enumeration of cancer and immune cell types from bulk tumor gene expression
data. Elife 2017;6:e26476.

22. LiB, Li T, Pignon J-C, Wang B, Wang J, Shukla SA, et al. Landscape of tumor-
infiltrating T cell repertoire of human cancers. Nat Genet 2016;48:725-32.

23. Bolotin DA, Poslavsky S, Davydov AN, Frenkel FE, Fanchi L, Zolotareva OI, et al.
Antigen receptor repertoire profiling from RNA-seq data. Nat Biotechnol 2017;
35:908-11.

24. Hundal J, Carreno BM, Petti AA, Linette GP, Griffith OL, Mardis ER, et al.
pVAC-Seq: a genome-guided in silico approach to identifying tumor neoanti-
gens. Genome Med 2016;8:11.

25. Szolek A. HLA typing from short-read sequencing data with OptiType.
Methods Mol Biol 2018;1802:215-23.

26. Munchel S, Hoang Y, Zhao Y, Cottrell ], Klotzle B, Godwin AK, et al. Targeted or
whole genome sequencing of formalin fixed tissue samples: potential applica-
tions in cancer genomics. Oncotarget 2015;6:25943-61.

27. Wood HM, Belvedere O, Conway C, Daly C, Chalkley R, Bickerdike M, et al.
Using next-generation sequencing for high resolution multiplex analysis of copy
number variation from nanogram quantities of DNA from formalin-fixed
paraffin-embedded specimens. Nucleic Acids Res 2010;38:e151.

28. Kerick M, Isau M, Timmermann B, Siiltmann H, Herwig R, Krobitsch S, et al.
Targeted high throughput sequencing in clinical cancer settings: formaldehyde
fixed-paraffin embedded (FFPE) tumor tissues, input amount and tumor
heterogeneity. BMC Med Genomics 2011;4:68.

29. Adams MD, Veigl ML, Wang Z, Molyneux N, Sun S, Guda K, et al. Global
mutational profiling of formalin-fixed human colon cancers from a pathology
archive. Mod Pathol 2012;25:1599-608.

30. Zeng Z, Vo A, Li X, Shidfar A, Saldana P, Blanco L, et al. Somatic genetic
aberrations in benign breast disease and the risk of subsequent breast cancer.
NP]J Breast Cancer 2020;6:24.

31. Van Allen EM, Wagle N, Stojanov P, Perrin DL, Cibulskis K, Marlow S, et al.
Whole-exome sequencing and clinical interpretation of formalin-fixed, paraffin-
embedded tumor samples to guide precision cancer medicine. Nat Med 2014;20:
682-8.

32. Astolfi A, Urbini M, Indio V, Nannini M, Genovese CG, Santini D, et al.
Whole exome sequencing (WES) on formalin-fixed, paraffin-embedded (FFPE)
tumor tissue in gastrointestinal stromal tumors (GIST). BMC Genomics 2015;
16:892.

CLINICAL CANCER RESEARCH

Downloaded from clincancerres.aacrjournals.org on October 24, 2021. © 2021 American Association for Cancer Research.


http://clincancerres.aacrjournals.org/

33.

34,

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

Published OnlineFirst December 15, 2020; DOI: 10.1158/1078-0432.CCR-20-3251

Oh E, Choi Y-L, Kwon MJ, Kim RN, Kim YJ, Song J-Y, et al. Comparison of
accuracy of whole-exome sequencing with formalin-fixed paraffin-embedded
and fresh frozen tissue samples. PLoS One 2015;10:¢0144162.

Frampton GM, Fichtenholtz A, Otto GA, Wang K, Downing SR, He J, et al.
Development and validation of a clinical cancer genomic profiling test based on
massively parallel DNA sequencing. Nat Biotechnol 2013;31:1023-31.

Cesano A. nCounter(®) PanCancer Immune Profiling Panel (NanoString Tech-
nologies, Inc., Seattle, WA). ] Immunother Cancer 2015;3:42.

Li H, Durbin R. Fast and accurate short read alignment with Burrows—Wheeler
transform. Bioinformatics 2009;25:1754-60.

Danecek P, Auton A, Abecasis G, Albers CA, Banks E, DePristo MA, et al. The
variant call format and VCFtools. Bioinformatics 2011;27:2156-8.

McLaren W, Gil L, Hunt SE, Riat HS, Ritchie GR, Thormann A, et al. The
ensembl variant effect predictor. Genome Biol 2016;17:122.

Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, et al. STAR:
ultrafast universal RNA-seq aligner. Bioinformatics 2013;29:15-21.

Wang L, Wang S, Li W. RSeQC: quality control of RNA-seq experiments.
Bioinformatics 2012;28:2184-5.

Patro R, Duggal G, Love MI, Irizarry RA, Kingsford C. Salmon provides fast
and bias-aware quantification of transcript expression. Nat Methods 2017;14:
417-9.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers
differential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res 2015;43:e47.

Sturm G, Finotello F, List M. Immunedeconv: an R package for unified access to
computational methods for estimating immune cell fractions from bulk RNA-
sequencing data. Methods Mol Biol 2020;2120:223-32.

Finotello F, Mayer C, Plattner C, Laschober G, Rieder D, Hackl H, et al. Molecular
and pharmacological modulators of the tumor immune contexture revealed by
deconvolution of RNA-seq data. Genome Med 2019;11:34.

Szolek A, Schubert B, Mohr C, Sturm M, Feldhahn M, Kohlbacher O. OptiType:
precision HLA typing from next-generation sequencing data. Bioinformatics
2014;30:3310-6.

Lundegaard C, Lamberth K, Harndahl M, Buus S, Lund O, Nielsen M.
NetMHC-3.0: accurate web accessible predictions of human, mouse and
monkey MHC class I affinities for peptides of length 8-11. Nucleic Acids Res
2008;36:W509-12.

Shih JH, Greer MD, Turkbey B. The problems with the kappa statistic
as a metric of interobserver agreement on lesion detection using a

AACRJournals.org

Downloaded from clincancerres.aacrjournals.org on October 24, 2021. © 2021 American Association for Cancer Research.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Cross-Site Concordance Evaluation of Tumor WES and RNA-seq

third-reader approach when locations are not prespecified. Acad Radiol 2018;
25:1325-32.

Cancer Genome Atlas Research Network. Comprehensive molecular profiling of
lung adenocarcinoma. Nature 2014;511:543-50.

Hedegaard J, Thorsen K, Lund MK, Hein AM, Hamilton-Dutoit SJ, Vang S, et al.
Next-generation sequencing of RNA and DNA isolated from paired fresh-frozen
and formalin-fixed paraffin-embedded samples of human cancer and normal
tissue. PLoS One 2014;9:¢98187.

Forbes SA, Bindal N, Bamford S, Cole C, Kok CY, Beare D, et al. COSMIC:
mining complete cancer genomes in the Catalogue of Somatic Mutations in
Cancer. Nucleic Acids Res 2011;39:D945-50.

Sondka Z, Bamford S, Cole CG, Ward SA, Dunham I, Forbes SA. The COSMIC
Cancer Gene Census: describing genetic dysfunction across all human cancers.
Nat Rev Cancer 2018;18:696-705.

Kim S, Park C,Ji Y, Kim DG, Bae H, van Vrancken M, et al. Deamination effects
in formalin-fixed, paraffin-embedded tissue samples in the era of precision
medicine. ] Mol Diagn 2017;19:137-46.

Prentice LM, Miller RR, Knaggs ], Mazloomian A, Aguirre Hernandez R,
Franchini P, et al. Formalin fixation increases deamination mutation signature
but should not lead to false positive mutations in clinical practice. PLoS One
2018;13:e0196434.

Nagahashi M, Shimada Y, Ichikawa H, Kameyama H, Takabe K, Okuda S, et al.
Next generation sequencing-based gene panel tests for the management of solid
tumors. Cancer Sci 2019;110:6-15.

Wang Q, Jia P, Li F, Chen H, Ji H, Hucks D, et al. Detecting somatic point
mutations in cancer genome sequencing data: a comparison of mutation callers.
Genome Med 2013;5:91.

Kim SY, Speed TP. Comparing somatic mutation-callers: beyond Venn dia-
grams. BMC Bioinformatics 2013;14:189.

Wang L, Nie ], Sicotte H, Li Y, Eckel-Passow JE, Dasari S, et al. Measure transcript
integrity using RNA-seq data. BMC Bioinformatics 2016;17:58.

Adashek JJ, Kato S, Parulkar R, Szeto CW, Sanborn JZ, Vaske CJ, et al.
Transcriptomic silencing as a potential mechanism of treatment resistance.
JCI Insight 2020;5:e134824.

Craig DW, Nasser S, Corbett R, Chan SK, Murray L, Legendre C, et al. A somatic
reference standard for cancer genome sequencing. Sci Rep 2016;6:24607.
Arora K, Shah M, Johnson M, Sanghvi R, Shelton J, Nagulapalli K, et al. Deep
whole-genome sequencing of 3 cancer cell lines on 2 sequencing platforms.
Sci Rep 2019;9:19123.

Clin Cancer Res; 27(18) September 15, 2021

5061


http://clincancerres.aacrjournals.org/

Published OnlineFirst December 15, 2020; DOI: 10.1158/1078-0432.CCR-20-3251

AAC_R American Association
for Cancer Research

Clinical Cancer Research

Cross-Site Concordance Evaluation of Tumor DNA and RNA
Sequencing Platforms for the CIMAC-CIDC Network

Zexian Zeng, Jingxin Fu, Carrie Cibulskis, et al.

Clin Cancer Res 2021;27:5049-5061. Published OnlineFirst December 15, 2020.

Updated version

Supplementary
Material

Access the most recent version of this article at:
doi:10.1158/1078-0432.CCR-20-3251

Access the most recent supplemental material at:
http://clincancerres.aacrjournals.org/content/suppl/2020/12/15/1078-0432.CCR-20-3251.DC1

Cited articles

Citing articles

This article cites 60 articles, 5 of which you can access for free at:
http://clincancerres.aacrjournals.org/content/27/18/5049.full#ref-list-1

This article has been cited by 1 HighWire-hosted articles. Access the articles at:
http://clincancerres.aacrjournals.org/content/27/18/5049.full#related-urls

E-mail alerts

Reprints and
Subscriptions

Permissions

Sign up to receive free email-alerts related to this article or journal.

To order reprints of this article or to subscribe to the journal, contact the AACR Publications Department at
pubs@aacr.org.

To request permission to re-use all or part of this article, use this link
http://clincancerres.aacrjournals.org/content/27/18/5049.

Click on "Request Permissions" which will take you to the Copyright Clearance Center's (CCC)
Rightslink site.

Downloaded from clincancerres.aacrjournals.org on October 24, 2021. © 2021 American Association for Cancer Research.


http://clincancerres.aacrjournals.org/lookup/doi/10.1158/1078-0432.CCR-20-3251
http://clincancerres.aacrjournals.org/content/suppl/2020/12/15/1078-0432.CCR-20-3251.DC1
http://clincancerres.aacrjournals.org/content/27/18/5049.full#ref-list-1
http://clincancerres.aacrjournals.org/content/27/18/5049.full#related-urls
http://clincancerres.aacrjournals.org/cgi/alerts
mailto:pubs@aacr.org
http://clincancerres.aacrjournals.org/content/27/18/5049
http://clincancerres.aacrjournals.org/


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings true
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 0
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 900
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ([Based on '[High Quality Print]'] Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides true
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        18
        18
        18
        18
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 18
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [792.000 1224.000]
>> setpagedevice


