S1 Pre-Specified Analysis Plan
The following text is drawn from the grant which primarily funded this study; text is presented
here with some details redacted. For the most part, redacted components are those which
pertain to other analyses, some of which are ongoing. Removed portions are indicated by [...].
Specific Aims:
Aim 1. Determine the mutational load and signatures associated with response and
clinical benefit to checkpoint blockade in urothelial cancer. DNA from tumors and matched
normal blood will undergo whole exome sequencing (WES), followed by analysis for mutational
burden6 and the APOBEC signature.9 We hypothesize that mutational burden and/or APOBEC
signature are associated with benefit from anti-PD-L1 therapy [... details about additional studies
redacted].
Aim 2. Define the predicted neoantigens and T cell receptor (TCR) diversity in urothelial
cancer. Neoantigens, tumor peptides resulting from somatic mutations and recognized by the
immune system, will be predicted in silico based on WES data and a subset validated in vitro.
TCR sequencing will be conducted on tumors and peripheral blood collected at baseline and at
three post-treatment time points.
Methods:
Aim 1: Determine the mutational load and signatures associated with response and
clinical benefit to checkpoint blockade in urothelial cancer.
1A. Determinants of clinical benefit. Baseline evaluations for all patients include either
abdominal and pelvic computed tomography (CT) scans or magnetic resonance imaging (MRI)
for abdominal or pelvic indicator lesions. Up to five indicator lesions are assessed by a
reference radiologist prior to treatment and again at 6-9 week intervals dependent on individual
trial requirements. Response will be assessed using Response Evaluation Criteria in Solid
Tumors (RECIST) version 1.1 and classified as complete response (CR), partial response (PR),
stable disease (SD), or progression of disease (POD). PR is defined as at least a 30% decrease
in indicator lesion measurements from baseline and progression is defined as at least a 20%
increase in indicator lesions from the nadir sum of measurements. Clinical Benefit will be
defined as progression-free at 6 months, twice the PFS seen with conventional treatments.
Progression-free survival (PFS) will be defined as the time from first dose of immunotherapy to
the first documented objective tumor progression, or last scan date for patients who did not
progress, and will be measured as both a time to event variable and as a dichotomous variable
of progression-free status at 6 months (PFS-6), previously used for correlations in a prior
melanoma study.6

1B. Tumor acquisition. Tumors have already been collected from 29 patients on a trial of
MPDL3280A in metastatic urothelial cancer (HBUC No. HBS2014082, IRB Waiver WA0523-14)
. Acquisition is planned for upcoming trials of pembrolizumab and MPDL3280A in both
previously treated and chemotherapy-naïve patient populations (Table 1).
1C. Determine if mutational burden correlates with clinical benefit from checkpoint
blockade therapy.
After DNA isolation (Qiagen), samples will undergo whole exome
sequencing (MSKCC Genomics Core) using the SureSelect Human All Exon 50MB kit (Agilent)
for exon capture and sequencing on the HiSeq 2000 platform (Illumina) to a goal of 100X
coverage for frozen samples and 150X for FFPE samples. Raw sequencing data will be
mapped to the human reference genome. Alignment, base-quality score recalibration,
duplicate-read removal, and exclusion of germline variants will be performed using the Genome
Analysis Toolkit (GATK).10 Known single nucleotide polymorphisms11-13 will be eliminated, except
those with a normal allelic fraction of zero. Mutations will be annotated using SnpEffect,14 called
with commonly-used callers including Somatic Sniper,15 VarScan,16 Strelka17 and MuTect18, then
filtered and manually reviewed using IGV.19 This analysis will generate a list of somatic
nonsynonymous exonic mutations and indels found in each tumor. Total exonic nonsynonymous
missense mutational burden, as well as total somatic variant burden (including insertions and
deletions) will be compared for tumors in patients with and without benefit from checkpoint
blockade therapies. In light of the suggestive findings of POLE and other mutations in DNA
repair and hypermutator genes, we will also ascertain whether such mutations are likely to be
deleterious20 and thus potentially leading to an elevated mutational burden.
1D. Determine if the APOBEC signature correlates with clinical benefit from checkpoint
blockade therapy. Whereas the majority of cutaneous melanomas harbor an ultraviolet
damage signature at the DNA level8 and a subset of lung cancers exhibit a smoking signature,21
the APOBEC signature characterizes approximately one third of urothelial cancers.9,22 The
APOBEC (apolipoprotein B mRNA-editing enzyme, catalytic polypeptide-like) proteins are part
of the cytidine deaminase family that converts cytosine to uracil. APOBECs are thought to play
a role in innate immunity; one of their functions is to hypermutate retrovirus’s proviral DNA,
thereby impairing their function. In tumors, however, they cause a characteristic mutational
pattern: a change to T or G at TCW
 motifs (where W is T or A), resulting in TTW or TGW motifs.
Using an algorithm established at the NIH,22 we will analyze our samples for the APOBEC
signature and assess whether its presence is associated with clinical benefit from checkpoint
blockade therapies.
Aim 2. Define the predicted neoantigens and T cell receptor (TCR) diversity in urothelial
cancer.
2A. Measure predicted neoantigens and compare their number in tumors with and
without response to checkpoint blockade therapy. We hypothesize that an increase in
predicted neoantigens will correlate with clinical benefit from checkpoint blockade therapy.

Using the sequence data acquired in Aim 1B, candidate neoantigens will be identified using
methods
developed
by
our
group.6
First,
ATHLATES
(http://www.broadinstitute.org/scientific-community/science/projects/viral-genomics/athlates) is
used to determine the patients’ MHC Class I HLA types.23 NASeek, a software program
developed by our group, is then used to “virtually translate” a 17-amino acid window
surrounding the amino acid altered by each mutation.
Next, we will use NetMHC24
(http://www.cbs.dtu.dk/services/NetMHC/), a program used widely in the field,25,26 to predict
which 9-amino acid window binds best to the patient’s own MHC Class I. We will then compare
the predicted neoantigen load between tumors from patients with and without clinical benefit. To
improve upon the predictions of NetMHC, we will also search for “TCR recognition motifs” as
described in studies by Garcia and Davis.27,28 We have improved our bioinformatic algorithm
from our recently published work6 in order to analyze the similarity of each predicted neoantigen
to antigens with a documented T cell or interferon gamma response measured in vitro and
catalogued in the Immune Epitope Database (IEDB).29 The current algorithm incorporates a
Blosum matrix for amino acid similarity, and allows for discontinuous stretches of similarity in
order to compare the entire presented nonamer and putative TCR contact residues rather than
simply a continuous substring (as in our prior algorithm).6 The updated program permits but
does not require comparison between tumors; rather, it shifts the programmatic emphasis to
patterns of TCR contact residues that are more likely, based on published in vitro data, to elicit a
cytotoxic T cell response.
2B. Validate predicted neoantigens in vitro. The validation of predicted neoantigens remains
a significant challenge in this field. In one study, a prominent lab was able to detect T cells
specific for only a single neoantigen out of 450 potential neoantigens (predicted from identified
and expressed mutations) screened from a patient treated with ipilimumab.30 The presumed
activity of MPDL3280A at the tumor site may make detection of neoantigen-specific T cells in
the peripheral blood even more challenging. Accordingly, we will continue to work on improving
the sensitivity of our assays and to employ novel approaches (i.e. we are presently working to
incorporate novel technologies in our laboratory, such as the tetramer technology developed by
Ton Schumacher, http://www.immudex.com/). We propose to screen 6 MPDL3280A patients (3
complete responders and 3 non-responders) for neoantigen-specific T cell responses in banked
PBMC samples. As an initial approach, we will use synthetic peptides to stimulate banked
patient lymphocytes followed by intracellular cytokine staining, as previously described.6 We will
stimulate autologous peripheral blood mononuclear cells (PBMC) with synthetic peptides
corresponding to predicted neoantigens, followed by flow cytometry and intracellular cytokine
staining for CD8, CD4, interferon gamma, TNF-alpha, MIP-1 beta and CD107a. As an
alternative and complementary approach, we will use tetramer technology, in which a synthetic
peptide neoantigen is pre-loaded onto a specific MHC tetramer. If we are successful at
detecting tetramer positive cells, we will characterize the phenotype of these cells by flow
cytometry and functional assays, as previously described by our group. 31,32

2C. Measure changes in TCR clonality. A major unanswered question in the field of
immunotherapy is whether an effective anti-tumor response requires T cell activation against a

multitude of tumor neoantigens, versus a subset of T cells reacting powerfully against a small
number of neoantigens. While TCR sequencing cannot identify the peptide(s) that a given T cell
recognizes, it can serve as a proxy for T cell diversity. We have gathered PBMC prior to
treatment and at 3 time points after treatment from 29 patients treated with MPDL3280A [...
details about additional studies redacted]. In addition, we have allocated tumor sections for
intratumoral TCR sequencing. Through collaboration with Adaptive Biotechnologies
(http://www.adaptivebiotech.com/), we will sequence the variable region of the TCR beta chain
of T cells in the banked samples from the MPDL3280A-treated patients (with a plan to extend
this collaboration to apply to other trials). Clonality is portrayed as Shannon entropy, normalized
for sample size. It ranges from zero to one, with zero indicating that every T-cell is a unique
clone, one indicating that all T-cells are the same clone, and most samples falling within a range
of 0.1 to 0.4 (Fig. 3 illustrates a theoretical example of data with TCR measurements from one
time point). We will therefore be able to compare pretreatment intratumoral to peripheral TCR
diversity, as well as pre-treatment to post-treatment peripheral TCR diversity. The correlation of
these data to clinical outcome will elucidate whether a T cell repertoire that is capable of tumor
control is (a) diverse and polyclonal or (b) consists of a small number of dominant clones; both
alternatives have been reported in small studies, neither in association with exome sequencing
data.33,34 When integrated with WES results, we hypothesize that an elevated mutational burden
in combination with T cell clonal dominance in the intratumoral lymphocytes prior to treatment
and/or the peripheral T cells after treatment will be necessary for effective tumor control upon
treatment with immunotherapy.
Statistical Considerations
We conservatively anticipate that about 25% of patients will derive clinical benefit
(progression-free at 6 months), assuming PFS is exponentially distributed and median PFS is 3
months. We will correlate clinical benefit with mutational load (count) and APOBEC signature
(binary variable) in Aim 1 using the Wilcoxon rank sum and Fisher exact tests, respectively, and
with predicted amount of neoantigens (continuous) and TCR diversity (continuous value
between 0 and 1) in Aim 2 using the Wilcoxon rank sum test. These methods are
non-parametric and are suitable for small samples, thus the analysis will be done within each
trial both separately and using a pooled sample of patients from all trials. Assuming an
APOBEC signature prevalence of 33%, with 30 patients we will be able to detect 55% difference
in clinical benefit rate between patients with the APOBEC signature present or absent with 80%
power and 5% 2-sided type 1 error. Similarly, we will be able to detect a 3-fold difference in the
mutational load (150 vs. 450 mean number of mutations with standard deviation of 200) in
patients with and without clinical benefit with 90% power and 5% 2-sided type 1 error. Predicted
amount of neoantigens and TCR diversity will be transformed to follow standard normal
distribution (logit transformation will be used for TCR diversity). With 30 patients we will be able
to detect the difference of 1.5 in standardized means between patients with and without clinical
benefit with 90% power and 5% type 1 error. Power will be even greater for pooled analysis.
Trials with 10 informative patients will have smaller power in individual analyses, but still they
will increase the power of the pooled analysis. We will also evaluate whether there are any
interactions between effects of these biomarkers and treatment regimens, although the power of

such tests might be limited. If necessary, we will evaluate the effect of these biomarkers on
clinical benefit after adjusting for MSKCC risk score or other clinical confounders using logistic
regression. All 4 biomarkers will also be correlated with time to event PFS using Cox
proportional hazards model. Since there are only four biomarkers of interest and their effects
might be correlated, no adjustment for multiple comparisons will be done.
Potential Pitfalls and Alternatives:
Although 29 samples are already prepared for
sequencing, it is possible that accrual during the grant period will limit the sample size and will
not permit validation of our findings. Bladder cancer specialists [... details redacted for
confidentiality] are well known to our group and plan to collaborate on this work [... details
redacted for confidentiality].

Deviations from the Pre-Specified Analysis Plan
1A. Determinants of clinical benefit.
Upon extensive discussion with practicing clinicians and others, it was decided to look at a
second definition of durable clinical benefit defined as overall survival greater than 12 months, in
addition to the pre-specified definition of progression-free-survival greater than 6 months. This
decision was made out of consideration that improvement in overall survival is the clinical goal
of treatment.
In addition, for some analyses and given our relatively small sample size, we furthermore
analyzed the data continuously for both endpoints using a survival analysis where time to event
(either survival or progression-free-survival) is the outcome. This decision was motivated by two
goals: (1) to benefit from the increased power of these methods, in order to lessen type II error
and (2) to better understand the time-dependent dynamics of the response to treatment.
Rather than pick and choose from among these results, we felt it was important to highlight
results from all 4 variations for each analysis performed. If not in the main document, then
results from alternate analyses are included in the Supplement.
Finally, due to known limitations of RECIST and mRECIST criteria, these were not used as
clinical outcomes as highlighted in the primary analysis plan.
1C. Determine if mutational burden correlates with clinical benefit from checkpoint
blockade therapy.
The details of the somatic calling methods were changed from their pre-specified versions.
Rather than using SnpEffect,14 which combines results from Somatic Sniper,15 VarScan,16

Strelka17 and MuTect18, we instead used sets of tools such as Varcode which have been
developed more recently. In addition, the somatic mutations were called using only Strelka and
MuTect.
2A. Measure predicted neoantigens and compare their number in tumors with and
without response to checkpoint blockade therapy.
Instead of using ATHLATES to determine HLA type, we used OptiType. In our experience, this
tool yields better inference for type I alleles. Also, in a recent study by Kiyotani et al in the
Journal of Human Genetics (https://www.ncbi.nlm.nih.gov/pubmed/26818738), Optitype showed
the highest accuracy of 97.2% for HLA class I alleles. Similarly, instead of using NASeek, we
used a different pipeline.
Multivariate analysis
The selection of which markers to include in the multivariate analysis was modified from the
pre-specified analysis plan, given the results of univariate association analyses. The APOBEC
signature was not included, for example, since there was little to no observable correlation
between this signature and benefit from therapy.

Post-Hoc Analyses
Several analyses, such as the time-varying effect analysis and the analysis of interaction with
PD-L1 expression levels, were not included in the pre-specified analysis plan above. Instead,
they were proposed after reviewing the results of those analyses described above but were
specified prior to execution in dedicated issues tracked in our internal GitHub repository.
Time-varying effect analysis
The initial hypothesis for the time-varying effect analysis was to separate the effect of mutation
burden on progression-free survival “after excluding rapid progressors” (patients who
progressed in the first 3 months). The analysis was then fleshed out to include the interaction
effect with time using this 3 month threshold, as well as the non-parametric analysis to see if the
3 month threshold was a discrete change point.
Interaction of mutation burden with PD-L1 expression
Similarly, we hypothesized that the association of biomarkers with overall and progression-free
survival in this cohort might vary by PD-L1 expression levels, given that PD-L1 expression had
been shown to correlate with clinical benefit from atezolizumab.
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