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ABSTRACT

IMPLEMENTING VALIDATION PROCEDURES TO STUDY THE PROPERTIES
OF WIDELY USED STATISTICAL ANALYSIS METHODS OF RNA
SEQUENCING EXPERIMENTS

By
Pablo Daniel Reeb

RNA sequencing (RNA-seq) technology is being rapidly adopted as the platform of choice
for transcriptomic studies. Although its major focus has been gene expression profiling, other
interests, such as single nucleotide profiling, are emerging as the technology evolves. In addition,
applications are being rapidly expanding in model and nonmodel organisms. The overall objective
of this dissertation was to propose and implement validation procedures based on experimental
data to estimate the properties of widely used statistical analysis methods of RNA-seq

experiments.

The first study evaluated differential expression methods based on count data distribution
and Gaussian transformed models. Parametric simulations and plasmode datasets derived from
RNA-seq experiments were generated to compare the statistical models in terms of type | error
rate, power and null p-value distribution. Overall, Gaussian models presented p-values closer to
nominal significance levels and a p-value distribution closer to the expected uniform distribution.
Researchers using models with these properties will have less false positives when inferring
differentially expresses transcripts. Additionally, the use of Gaussian transformations enables the
applications of all the well-known theory of linear models for instance to account for complex

experimental designs.

The second study assessed the properties of dissimilarity measures for agglomerative
hierarchical cluster analysis. The validation comprised dissimilarity measures based on Euclidean

distance, correlation-based dissimilarities and count data-based dissimilarities. | used plasmode



datasets generated from two RNA-seq experiments with different sample structures and
simulated scenarios based on informative and non informative transcripts. In addition, | proposed
two measures, agreement and consistency, for comparing dendrograms. Dissimilarity measures
based on non-transformed data resulted in dendrograms that did not resemble the expected
sample structure, whereas dissimilarities calculated with appropriate transformations for count

data were consistent in reproducing the expected dendrograms under different scenarios.

The third study compared variant calling programs that used reference genotypes
obtained from a SNP chip. The evaluation included multiple samples and multiple tissue datasets
and considered the effect of per base read depth. Sensitivity and false discovery rates were
computed separately for heterozygous and homozygous sites in order to provide information for
potentially different applications such as allele-specific expression or RNA-editing. Additionally, |
explored the use of SNP called from RNA-seq to compute relationship matrices in population
studies. Heterozygous sites with more than 10 reads per base and per sample were called with
high sensitivity and low false discovery rates. Homozygous sites were called with higher sensitivity
than heterozygous irrespective of depth but presented higher false discovery rates. A relationship
matrix based on accurate genotypes obtained with RNA-seq presented a high correlation with a

relation matrix based on genotypes from a SNP chip.

In conclusion, using synthetic and reference datasets, | compared statistical models to
perform differential expression analysis, sampled-base hierarchical cluster analysis, and variant
calling and genotyping. This validation framework can be extended to evaluate other methods of
RNA-seq analysis as well as to evaluate the periodic publication of new and updated analysis
methods. Choosing the most appropriate software can help researchers to obtained better results

and to achieve the goals of their investigations.
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Chaptera

Introduction



Transcriptome analysis through next generation sequencing technologies (Metzker, 2010)
is known as RNA sequencing (RNA-seq) (Wang et al., 2009). This technology has revolutionized
transcriptomics since its first introduction in 2004 (Bennett, 2004) and has been rapidly applied
to a variety of studies and species (Ozsolak and Milos, 2011; Marguerat et al., 2010;
Wickramasinghe et al., 2014). Gene expression analysis has been the main objective in RNA-seq
experiments (Oshlack et al., 2010) but other quantitative and qualitative aspects of transcript
biology have been increasing in importance as the technology evolves. These other objectives
include studies for detecting allele-specific expression (Quinn et al., 2014; Pirinen et al., 2015;
Steibel et al., 2015), RNA editing (Lee et al., 2013; Ramaswami et al., 2013), alternative splicing
(Griffith et al., 2010; Alamancos et al., 2014), novel transcripts (Roberts et al., 2011; Trapnell et

al., 2010), and nucleotide variations (Quinn et al., 2013; Canovas et al., 2010).

A typical RNA-seq experiment includes the following steps (Marguerat et al., 2010;
Oshlack et al., 2010). First, a sample is extracted from the tissue of interest, then RNA is purified
and submitted to a series of processes known as library preparation. This process comprises
poly-A RNA isolation, RNA fragmentation, reverse transcription to cDNA, adapter ligation, size
selection, and PCR enrichment. The library preparation converts the input RNA into small
fragments of cDNA that are ready to be sequenced. Second, the cDNA libraries are placed in the
sequencing machine and the fragments are sequenced in parallel in a predefined number of
cycles. At each cycle, fluorescent labeled nucleotides are added and the signals emitted are
recorded and converted to base-calls. As a result, the sequencing machine provides a number of
short reads with length equal to the number of cycles and with read abundance proportional to
the fragment abundance. Third, the sequenced reads are filtered (for quality) and mapped to a
reference genome or transcriptome (either pre-existing or assembled from the sequenced reads

themselves).



After reads have been aligned, qualitative and quantitative information can be extracted
from them in order to be applied for different types of analysis. Qualitative information refers to
the study of the sequences of bases per se and can be used, for example, for discovering and
calling single nucleotide polymorphisms (SNPs). Quantitative information, on the other hand, is
based on the characteristic that the number of reads aligning to any given region of the genome
is proportional to the abundance of fragments for that region within the sample (Mortazavi et al.,
2008). These read counts can be summarized and aggregated over biologically meaningful units,
such as exons, transcripts, or genes in order to provide a direct measure of expression (Oshlack
et al., 2010). The most common use of this expression profiling is the analysis of differential
expression (DE) (Oshlack et al., 2010). Differential expression analysis pursues the identification
of genes whose transcripts show substantial changes in abundance across experimental
conditions, such as differences between strains, tissues, or treated versus untreated individuals.
Finally, both qualitative and quantitative information can be combined in studies like allele-specific
expression (ASE). In ASE experiments, the goal is to identify genes for which the two alleles in
an individual are expressed at different levels. ASE studies, first call for SNP and then identify
heterozygous sites. For each of the heterozygous sites the number of reads supporting each of
the alleles is counted and a statistical test is performed to evaluate whether the alleles are

expressed in balance.

RNA-seq has expanded the field of transcriptomics as no other previous technology (e.g.
microarray), not only for model but also for nonmodel organisms in general (Ekblom and Galindo,
2011). Some of the reasons that contribute to this unprecedented expansion in nonmodel
organisms, and for fish and wildlife species (Qian et al., 2014) specifically, are the cost-
effectiveness and the independence of prior genomic knowledge of the species of interest
(Ekblom and Galindo, 2011; Vijay et al., 2013). For instance, Salem et al. (2012) used RNA-seq

analysis to identify SNPs markers associated with growth-rate in rainbow trout. The authors



compared two full-sib families, one selected for improved growth. Putative SNPs identified by
RNA-seq as associated with growth trait were further estimated by genotyping individuals from
40 families using a designed array platform. Smith et al. (2013) studied the ability of crimson
spotted rainbowfish to adapt to temperature stress. The authors tested for differential expression
across two groups of fish exposed to different conditions using a de novo assembled
transcriptome. The genes identified as differentially expressed were related to critical metabolic
pathways for temperature tolerance and provided candidates to extend investigations of
population adaptations to climate change. Babbit et al. (2012) used RNA-seq to compare gene
expression patterns in the ovarian tissue of juvenile and adult female baboons and were able to
link the differentially expressed genes to selection occurring in human and chimpanzee. This
information is valuable to study the evolution of gene regulation in humans, specifically providing
insight into the loci that contributed to shifts in developmental timing and physiology during human
evolution. All the applications of RNA-seq aimed at making population-wide inferences (e.g:
differential expression, allele-specific expression), including the cited ones, use a sample from
the population in question, and thus, they rely on statistical analysis to make inferences.
Consequently, the validity of the conclusions depend directly on the validity of the statistical

methods used in the studies.

Even though a number of statistical analysis methods and tools have been developed for
various applications of RNA-seq experiments (Chen et al., 2011), limitations and challenges still
remain in determining their statistical validity due to potential variation introduced in each of the
steps of the design and execution of an RNA-seq study (Ozsolak and Milos, 2011; Marguerat et
al., 2010). A characteristic aspect of RNA-seq is that the measure of expression, total number of
reads mapping to a certain region in the reference, is of discrete nature (Anders and Huber, 2010)
in contrast to continuous intensity measures obtained in microarray analysis. These count data

require statistical models that can account for the discrete nature of the data when testing for



differential expression or when summarizing massively parallel multivariate expression records
through clustering analysis. A simple Poisson model seems appropriate for this type of data when
the experiment includes only technical replicates (Marioni et al., 2008). However, due to extra
sources of variation at the biological level, read counts are always overdispersed and other
models have been proposed, for example, based on the negative binomial distribution (Robinson
et al., 2010; Anders and Huber, 2010; Hardcastle and Kelly, 2010; Di et al., 2011). Other
characteristics of RNA-seq experiments such as the small sample size and large number of
responses have limited the direct application of generalized linear mixed models developed for
count data in other disciplines. Current models based on discrete distributions (i.e. Poisson,
negative binomial) are limited to simple experimental designs such as pairwise or multiple fixed
factors. Although those designs are extremely useful in most of lab experiments, they cannot
account for random effects and hierarchical structures which are commonly present in ecological
experiments and studies. Thus, it would be valuable to evaluate the use of transformation in linear
mixed models using realistic datasets. The evaluation should include properties of interest when
inferring results such as the rate of false positives and statistical power. Specifically, some authors
(Langmead et al., 2010; Law et al., 2014) have proposed the use of data transformation to fit
simpler Gaussian linear model analysis, which allow a straightforward implementation of
multilevel models. Thus, there are multiple recommended ways of analyzing RNA-seq for

differential expression and clustering whose statistical properties need to be evaluated.

Hierarchical cluster analysis has been the preferred statistical method to represent results
of samples and genes after differential expression analysis (Liu and Si, 2014). Hierarchical
clustering is also a good unsupervised technique to discover subpopulation structure with respect
to a set of multivariate responses (Legendre and Legendre, 2012). Thus, hierarchical clustering
of samples using gene expression data from RNA-seq experiments holds great promise for the

study of natural variation in relation to gene expression in ecological experiments. Hierarchical



clustering analysis relies on a measure of similarity/dissimilarity among the features (i.e. genes,
transcripts or samples) to build a dendrogram. But dissimilarity measures may be greatly affected
by the distribution of the measured variables. Dissimilarity measures for RNA-seq derived gene
expression count data are mainly based on logarithmic transformation of raw counts. Additionally,
a specific Poisson dissimilarity measure has been proposed for RNA-seq data (Witten, 2011).
However, only parametric simulations and exemplar data have been used to compare the
performance of these measures for sample clustering. Due to the high dispersion of count data
derived from RNA-seq, a comparison based on experimental datasets and using a good measure
of consistency of the resulting dendrogram representation could contribute to decide on the best
dissimilarity measures for hierarchical clustering implementations. Another relevant question in
this area is: are transformations used for differential expression analysis also appropriate for
clustering analysis? Finding a dissimilarity measure that can reliably represent the sample
structure before fitting any model could be of interest to conduct a priori exploratory data analysis

to be followed up by inferential analyses.

Finally, another inferential problem that deserves study is the use of algorithms for calling
SNP genotyping from RNA-seq data. SNP genotyping from RNA-seq is an application of RNA-
seq experiments that has proven to be useful in some studies and we can expect that its use will
increase in the future (Wickramasinghe et al., 2014; Seeb et al., 2011; Schunter et al., 2013;
Narum et al.,, 2013). Currently, some questions remain about the equivalence of using this
technology versus more traditional genotyping chips and DNA-seq. For instance, the effect of per
base read depth when calling and genotyping variants should be studied in terms of its impact in
sensitivity and specificity for calling SNP from RNA-seq data. Moreover, the statistical properties
of called genotypes should be studied separately for heterozygous and homozygous genotypes
because they are likely to be used for different purposes. Another important property of genotypes

derived from RNA-seq data is how well they can represent the genetic structure of a population,



when compared to more traditional measures of relatedness based on SNP chip genotypes and

on genealogies.

In order to compare and decide among the available statistical methods in each of the
mentioned applications of RNA-seq (e.g. differential expression analysis, clustering, SNP
genotyping) a validation framework should be established for each case. Consequently, in this
dissertation | followed the epistemological guidelines proposed by Mehta et al. (2004) for high-
dimensional biology. Assessing statistical validity requires an explanation of what a method is
supposed to do or what properties an estimate or test is supposed to exhibit. Although there is
subjectivity in selecting the desired properties, once the criteria are chosen, methods can be
evaluated objectively (Mehta et al., 2004). For instance, a desired property to compare among
differential expression models is that the type | error rate should match the test's nominal error
rate. Once we choose this property, we can compare the models by applying a validation, such

as simulating data or other validating procedures.

Validating procedures for RNA-seq analysis methods have followed the same strategies
that have been previously implemented in technologies such as microarray. Basically, the most
used validating procedures can be grouped into the following categories: a) theoretical
demonstration, b) exemplar dataset, c) simulation, d) gold-standard reference, and €) plasmode
datasets. Theoretical derivations in the context of high-dimensional biology often lacks of a
mathematical demonstration to support their validity (Mehta et al., 2006). The use of an exemplar
dataset offer the advantage of accounting for the whole complexity of the transcriptome such as
having a variance-covariance matrix that reflect real interactions among features. However, this
approach must be considered only as an illustration in a particular dataset and not as evidence
to support a method. Computer simulations have been the most commonly used procedure
(Anders and Huber, 2010; McCarthy et al., 2012) due to ease in creating datasets under

hypothetical scenarios by assuming a parametric data generation model. However, although gene



expression data is easy to simulate, mimicking a realistic gene expression dataset is quite
challenging. Gold-standard references obtained with a different technology have been used to
validate results (Fang and Cui, 2011). Typical references for gene expression results from RNA-
seq are gPCR data (Bullard et al., 2010; Rapaport et al., 2013). However, analysis models for
gPCR data should themselves be validated (Steibel et al., 2009). Another example of gold
standard is the use of mask-and-impute for estimating imputation accuracy (Badke et al., 2013;
Gualdron Duarte et al., 2013) and the use of genotyping chips to validate genotype calls from
genome sequencing (Kumar et al., 2014). Finally, the use of plasmodes is another appropriate
procedure that can be applied to validate a statistical method. This approach aims at generating
datasets that preserve the characteristics of experimental data with the benefit of knowing the

true status as it happens with simulated data.

Plasmodes are synthetic datasets generated from experimental data (Mehta et al., 2004).
The term plasmode was introduced in 1967 by Cattell et al. (1967) as a tool for validating
techniques in multivariate data. Unlike parametric simulations, data distributions and correlations
generated in plasmodes can be more realistic because they are taken directly from experimental
data thus no assumptions are required a priori to create the datasets. Plasmodes have to be
generated according to the validation objectives and the available experimental data (Mehta et
al., 2006) and one challenge is precisely how to create a plasmode for differential expression

analysis versus a plasmode to validate results for sample- or even gene- based clustering.

In this dissertation, | show how to validate statistical analysis methods for RNA-seq data
by creating plasmode datasets. | also use parametric simulations and a gold-standard reference
to complement the validation analysis. Plasmodes were created in three different ways. First, |
created plasmodes by applying resampling-based methods consistent with the null hypothesis
(no differential expression). Second, | created differentially expressed plasmodes with a known

proportion of differentially expressed genes. These two methods of creating plasmodes are



particularly useful to evaluate statistical properties of differential expression analysis models and,
for evaluating dissimilarity metrics for clustering. Third, | generated synthetic individuals by
combining known proportions of transcript-specific read counts from two paternal individuals,
which is more relevant for comparing dissimilarity metrics for hierarchical clustering. Finally, | used

a gold-standard reference comparison to assess properties of variant calling methods.

Given the rapid advances in analysis tools designed for RNA-seq experiments, a better
understanding of the properties of results obtained by commonly used statistical analysis methods
would provide valuable information for researchers who either develop analysis models and tools
or utilize analysis tools in their investigations. A systematic comparison through a valid framework,
as provided by plasmodes, could supply reference datasets to be used as benchmarks for
comparing analytic approaches. Furthermore, researchers interested in specific experimental
data could use plasmodes generated by similar experimental conditions to conduct pilot in silico
studies and to choose the most suitable analysis procedure. For instance, a researcher may
evaluate whether to use a generalized linear model for analyzing the read counts of a differential
expression experiment or to apply an appropriate transformation in order to use a more flexible
general linear mixed model. As the range of objectives of RNA-seq studies expands (i.e. focusing
not only on differential expression analysis) it will be of interest to contribute with analogous
validation framework in such specific applications. In accordance with this demand, we provide
metrics to evaluate dissimilarity matrices to represent sample relationships using hierarchical
cluster analysis, and metrics to compare variant calling software. The evaluation of dissimilarity
measures are of direct benefit to summarize and represent biological/technical variability in
experimental design, or relationships among individuals in population studies. The comparison of
variant calling software provides information on genotyping accuracy that could improve other

related analysis such as allele-specific expression or RNA editing.



Thus, the overarching goal of this dissertation was to propose and implement validation
procedures based on experimental data to estimate the properties of widely used statistical

analysis methods of RNA-seq experiments.

The specific objectives were:

1. To evaluate statistical models for differential expression analysis in RNA-seq experiments
2. To assess the properties of dissimilarity measures for agglomerative hierarchical
clustering of RNA-seq data

3. To compare sensitivity and false discovery rates for SNP genotyping in variant calling
programs
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Chapter 2

Evaluating statistical analysis models for
RNA sequencing experiments

Reeb, P. D., and Steibel, J. P. (2013). Evaluating statistical analysis models
for  RNA sequencing experiments. Front. Genet. 4, 1-9.

doi:10.3389/fgene.2013.00178.
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2.1 Introduction

RNA sequencing (RNA-seq) technology is being rapidly adopted as the platform of choice
for high-throughput gene expression analysis (Ozsolak and Milos, 2011). Many methods have
been proposed to model relative transcript abundances obtained in RNA-seq experiments but it
is still difficult to evaluate whether they provide accurate estimations and inferences.

Sound statistical analysis of RNA-seq data should consider not only the factors of any basic
experimental design, but also the characteristics of “omic” studies (genomic, proteomic,
transcriptomic, etc). An RNA-seq experimental design must consider treatment and block
structures, and combine them according to the principles of a well-planned design: randomization,
blocking and replication (Auer and Doerge, 2010). Typically, fixed or random effects such as
library multiplexing, sequencing lane, flow cell, individual sample, tissue, or time can be crossed
or nested with treatments or other experimental conditions. Such a design is used to model
thousands of correlated variables (i.e transcripts), usually, in a context of small number of
biological replicates. Although the development of reliable models that account for all these
factors is challenging, it is even more difficult to assess the validity of a particular analysis model

(Pachter, 2011).

Validity of statistical models for differential expression analyses has been evaluated by (i)
applying the model to a novel dataset, (ii) deriving analytical proofs, (iii) using simulations, (iv)
comparing to a gold-standard measure, or (v) constructing plasmodes. In (i) the true status of
nature is unknown, therefore this method must only be accepted as an illustration and not as
evidence to support a model. However, any of the last four options, or a combination of them,
could be used to demonstrate adequacy of a model. Obtaining a mathematical demonstration (ii),
may be impossible for some models (Gadbury et al., 2008). Most of the models rely on

assumptions that are difficult to verify and the consequences of departures from assumptions may
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not be clear. Computer simulation (iii) has been the most commonly used procedure (Anders and
Huber, 2010; McCarthy et al., 2012) . This preference is due to ease in creating datasets under
diverse scenarios by controlling the set of parameters used in the simulation. Nevertheless, such
generated data depend on the parameterization selected and the assumptions of the simulation
model. Moreover, these dataset may constitute a partial representation of reality as the complexity
of RNA-seq data is hard to mimic. Typical gold-standard (iv) for gene expression are qPCR data
(Bullard et al., 2010; Rapaport et al., 2013). However, analysis models for gPCR data should
themselves be validated (Steibel et al., 2009). The use of plasmodes (v) is another appropriate
procedure that can be applied to validate a statistical method. This approach aims at generating
datasets that preserve the characteristics of experimental data with the benefit of knowing the

true status as it happens with simulated data.

A plasmode is a dataset obtained from experimental data but for which some truth is known
(Mehta et al.,, 2004). Plasmodes have been applied in microarrays (Gadbury et al., 2008),
admixture estimation methodologies (Vaughan et al., 2009) and gPCR (Steibel et al., 2009). This
procedure has not been extensively applied in RNA-seq since it requires large sets of raw data
with an accurate description of the experimental conditions under which they were obtained. This
information is essential to accurately develop plasmodes under null and alternative hypotheses.
Only recently, an initiative has provided a repository with ready-to-use databases from RNA-seq

studies (Frazee et al., 2011).

Processed data obtained from RNA-seq experiments are essentially counts that in the
simplest model represent total number of reads mapping to a region in a reference genome or
transcriptome. A comprehensive comparison of stochastic models that have been proposed is
presented in Pachter (2011). Although different discrete distributions such as binomial,
multinomial, beta-binomial, Poisson, and negative binomial, have been proposed to model RNA-

seq data, Poisson and negative binomial are the most implemented ones in RNA-seq analysis
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software. A simple Poisson model seems appropriate when the experiment includes only
technical replicates from a single source of RNA (Marioni et al., 2008). In practice, however, due
to extra sources of variation, the observed dispersion is larger than the expected for a simple
Poisson distribution and to correctly account for over-dispersion, generalized Poisson (GPseq)
(Srivastava and Chen, 2010), mixed Poisson (TSPM) (Auer and Doerge, 2011), Poisson log-linear
(PoissonSeq) (Li et al., 2012) and negative binomial (edgeR, DESeq, baySeq, NBPSeq)
(Robinson et al., 2010; Anders and Huber, 2010; Hardcastle and Kelly, 2010; Di et al., 2011) are
used instead. Regardless of the model, calculating dispersion parameters requires special
statistical and numerical approaches due to the small sample sizes and large number of
responses used in RNA-seq studies. In particular, borrowing information across transcripts when
estimating model parameters, as used in microarrays (Smyth, 2004; Cui et al., 2005), has been
also proposed for RNA-seq (Robinson and Smyth, 2008; Anders and Huber, 2010; Zhou et al.,
2011). Another challenging issue for these statistical analysis models, is the ability to handle
different experimental sources of variation. Most of the models allow fitting simple effect models
and pair-wise comparison between treatments but only a few allow multiple factors (McCarthy et
al., 2012). Currently, to the best of our knowledge, there is only one available model that can fit
random effects (Van De Wiel et al., 2013). Methods that can accommodate complex hierarchical
designs and provide more powerful tests to detect differentially expressed transcripts are under
active research. On the other hand, microarray analysis models and software usually assume a
Gaussian distribution for response variables, but they accommodate fixed and random effects in
a straightforward manner (Rosa et al., 2005; Cui et al., 2005). Consequently, an alternative to
model counts in RNA-seq experiments is to transform counts and use Gaussian models

(Langmead et al., 2010; Smyth et al., 2012).

In any case, given the multitude of available statistical models and the complexity of

experimental design of many gene expression studies, researchers often find themselves having
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to decide between competing models and analysis program. In other cases, although a
researcher may have an a priori designated software and model for RNA-seq data analysis, the

guestion is if the fitted model produces sound inferences.

In this paper, we present and apply a methodology for evaluating statistical methods for RNA-
seq experiments by combining results from computer simulations and plasmodes. We follow the
epistemological guidelines stated in Mehta et al. (2006) for high-dimensional biology and provide

a general framework that can be adapted to different experimental conditions.

2.2 Material and Methods

2.2.1 Simulations

Simulated datasets were created conditional on estimated parameter values and results that
had been previously obtained (Ernst et al., 2011). The data consisted of read counts from an
RNA-seq experiment based on a developmental expression study (Sollero et al., 2011).
Experimental and alignment protocols are described in the supplemental material (Figure 9).
Estimations for parameters p; and o2 were obtained by fitting generalized linear Poisson models
with log-library size as an offset variable using function Imer (Bates et al., 2013) from R (R

Development Core Team, 2014).

Equation [1] represents the generalized linear model used to generate the simulated

datasets:
yl-j~Poisson(AU-)

log(Ai;) = Oy + w; +ey; (1]
el-j~N(0,02)
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where yj is the read count for a particular transcript in treatment i and sample j, Oj; is a known off-
set value (in this case the total library size), yi is the group mean, ej is a sample-specific residual.

The transcript sub-index (g) was omitted for convenience.

Given estimates of parameters from equation [1] for transcripts, we simulated read counts by
following the algorithm described in Figure 1. The output from this procedure consisted of a matrix
of counts of size T by 2nr with a known proportion (po) of differentially expressed transcripts and
known group effects (). Treatment is represented in this matrix by nr columns, but with only n
independent (biological) replicates. While this simulation is not based on the negative binomial
distribution, it continues to be an over-dispersed Poisson process commonly used to simulate
RNA-seq counts (Blekhman et al., 2010; Auer and Doerge, 2011; Hu et al., 2011). The resulting
over-dispersed Poisson counts will have means, variances, and treatment effects sampled from
those estimated from experimental data. The procedure can be repeated K times to produce

several simulated datasets.
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(1) Input file: results file containing estimated 4 and &° for G genes
(2) Define simulation parameters:
1. T:total number of transcripts,
2. pg proportion of non-differentially expressed transcripts,
3. m: number of biological replicates per group,
4. r: number of technical replicates per biological sample

(3) Build set S: Sample without replacement T transcripts from results file.

(4) Build subsets S; and S,: T indicators d~Bernoulli (1-py). Transcripts in set S with =1 comprise
the set of differentially expressed transcripts (S;) and those with d=0 are the non-differentially
expressed transcripts (S,).

(5) Assign treatment effects (u;):

1. For transcripts in Sy, set y; of each transcript to mean y; across treatment groups.
2. For transcripts in Sy keep u; unchanged.

(6) Generate residual effects: For all transcripts in S, simulate a vector of 2n residual (ej;) values
from a Gaussian distribution with mean 0 and variance ¢°, which is the estimated transcript-
specific residual variance estimated from the empirical data.

(7) Generate matrix of mean effects: Form a T by 2» matrix of transcript-sample-specific means u,
by adding together the corresponding transcript-specific treatment mean (u;;) from steps (4) and
(5). and the transcript-sample-specific residual e; value generated in step (6)

(8) Build matrix of Poisson parameters and sample counts: For each transcript-sample combination
generate » independent counts (technical replicates) by back transforming (4; = ™) the gene-
sample mean of step (7) into a Poisson parameter (4;) and generate read counts by sampling
repeatedly from a Poisson (4;) distribution.

Figure 1 Algorithm used to simulate counts from existing estimates of model parameters

We set K=1000 and T=5000, producing 1000 simulated datasets with 5000 transcripts each.
Noteworthy, when sampling transcripts in S, it is assumed that all transcripts are differentially
expressed (no significance testing is performed). But subsequently, the mean treatment
differences (in the log-scale) are zeroed out if the transcripts are assigned to Sy. For transcripts
assigned to Si;, mean differences are kept unchanged; consequently S; includes a whole
distribution of treatment effects from very small to large according to the distribution estimated

from the experimental data.

We simulated nine scenarios by combining three levels of biological replication (n=3, 5, 10)
and three levels of technical replication (r=1, 3, 5). The proportion of differentially expressed

transcripts was set to 0.1.
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2.2.2 Plasmodes

In contrast to simulation datasets based on equation [1], we generated plasmode datasets not
based on any model. Plasmodes were generated using data available in the online resource
ReCount (Frazee et al., 2011). From the whole collection of analysis-ready datasets, we chose
to work with two RNA-seq experiments to illustrate the generation of 1) a null dataset, where there
are no obvious systematic effects that explain variance in gene expression and, 2) a dataset with

treatment and block effects.

2.2.2.1 Null dataset (Cheung)

The data originated in a study of immortalized B-cells from 41 (17 females and 24 males)
unrelated CEPH (Centre d’ Etudes du Polimorphisme Humain) grandparents (Cheung et al.,
2010). The samples were sequenced using the lllumina Genome Analyzer. To generate a
plasmode dataset, we selected the 21 samples from male individuals that were represented with
only one technical replicate. The resulting gene expression data exhibits extensive variation that
cannot be attributed to any systematic factor (Figure 2a). Any random partition of the dataset into
two (or more) categories should shield a null dataset where no differential expression is expected
beyond the normal sample-to-sample variation. Consequently this dataset lends itself to create

plasmodes to evaluate statistical properties of analysis models under the null hypothesis.
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Figure 2 Multidimensional scaling analysis of experimental datasets

(A) Cheung samples: F=Females and M=males; (B) Bottomly samples: labels correspond to
strain (treatment) B6=C57BL/6J, D2=DBA/2J, and colors to flowcell number (block): red=4,
black=6 and green=7. In Cheung dataset there is not clear distinction between females and males
while in Bottomly samples are first grouped in two large groups corresponding to strain B6 and
D2 and then in subgroups consistent with flowcell number

To generate null datasets, we proceeded as explained in Figure 3. Using n=21 samples from

males, we generated p=10 plasmodes each with t=2 groups and r=10 biological replicates in each

group.

Notice that no parametric model is used at any time. We constructed plasmodes by reshuffling

data and assigning an arbitrary treatment label. In this way overall distribution and gene-to-gene

correlations remain unchanged with respect to real data.
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(1) Inputfile: experimental data with n=21 samples (males with one technical replicate)

(2) Detine:
1. t: number of groupsto be compared

r: number of replicates to include in each group

p: number of plasmode data sets to be generated

(3) Select ¢~ r <= n samples without replacement and randomly assign treatment labels

(4) Repeat step 3 for p times. Note that the maximum number of different plasmodes that can be
created depends onlV, 7 and r.

LS )

Figure 3 Algorithm used to generate plasmode datasets with no differentially expressed
transcripts under a model with one classification variable

2.2.2.2 Differentially expressed dataset (Bottomly)

In Bottomly et al. (2011), the authors arranged 21 samples from two inbred mouse strains
(B6 and D2; n for B6=10, n for D2=11) on 21 lanes of three Illlumina GAlIx flowcells and they
analyzed the RNA-seq reads with a simple one-way classification (strain) model. After
performing descriptive analysis of gene expression data, we found that not only strain but also
the experiment number (flowcell) explained a large amount of the variation (Figure 2b). For
example, the first principal dimension clearly divides samples from each strain, but the second
principal dimension shows substantial variation between flowcells, especially flowcell 4 (red)

versus the other two.

Consequently, we blocked by experiment and used edgeR to fit a model with strain and
experiment as fixed effect, resulting in a large number of putatively differentially expressed
genes (Figure 10). Due to a strong experiment effect, we decided to conduct randomization for

plasmode construction within experiment number as detailed in Figure 4.

We generated 10 plasmodes executing step 4 to 7 with p=10 and 7=0.20. Notice that in step
3, we used edgeR to obtain a list of DE genes (set G) to build a plasmode with some genes under

alternative hypothesis. Any other statistical software, however, can be used with the only
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requirement of defining a sufficient small g-value threshold. After genes are selected no model is
used at any time. Similar to the previous section plasmodes are constructed by reshuffling data,
but in this case an effect estimated from real data is added to selected genes. Again, we expect
that this procedure yields plasmodes with identical distribution to real data for non differentially

expressed genes and with comparable effect sizes for differentially expressed genes.

(1) Input file: experimental data with 21 samples (10 from strain B6 and 11 from strain D2)
(2) Analyze experimental data with edgeR (glm approach):
1. model: experiment number + strain,
2. count filtering: filter out genes that have fewer than one count per million in 10 or more
libraries,
3. dispersion estimation: tagwise,
4. comparison method: Likelihood ratio test, p-value correction with gqvalue package
5.  output: G transcripts with corresponding log-FC and g-values.
(3) Define
1. pnumber of plasmodes to be generated
2. 7= proportion of transcripts to be differentially expressed
(4) Build set of effects:
1. Select G, transcripts with g-value<0.05 from G.
2. Sample without replacement 7' = & x G transcripts from Gy, restricted to T < Gy, and keep
the corresponding log-FC. This is set .S;
(5) Generate a partition of samples:
1. Select the 10 samples from strain B6.
2. Within each of the 3 experiment number (blocks) select two samples and randomly assign
each of them to one of two groups (A or B)
(6) Add effects to group B:
1. Compute log-transformation of counts (¢): z= (log,(c+1)) for all the samples in group B.
2. Addthe logFC ofset.S; to z of the corresponding differentially expressed genes in samples
labeled as group B.
(7) Back-transform values obtained in (6) with: ¢=2°-1
(8) Generate plasmodes:
1. Repeat p times steps 4 through 7.

Figure 4 Algorithm used to generate plasmode datasets with differentially expressed transcripts
under a model with two classification variables (block + treatment)
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2.2.3 Comparison of alternative analysis tools for evaluating differential expression

To illustrate the use of simulated datasets and plasmodes we compared three R (R
Development Core Team, 2014) packages from Bioconductor (Gentleman et al., 2004). Two of
them, edgeR and DESeq, were designed specifically for statistical analyses of RNA-seq
experiments while the third one, MAANOVA (Cui et al., 2005), was originally conceived for
analyzing microarray experiments. As mentioned before, MAANOVA has the ability of fitting
hierarchical models that can better accommodate complex experimental design assumptions.
However, such flexibility comes at the price of assuming a Gaussian distribution. Data
transformation and use of permutation to set significance thresholds can help alleviate these
limitations, but its performance may still be contingent upon sample size and total read counts per
transcript. Consequently, we included MAANOVA in this study and compare it to two well

established packages for RNA-seq analysis.

2.2.3.1 Filtering and normalization
A double filtering criterion was applied to all datasets previous to normalization and
statistical analysis. Transcripts with 2 or more reads per million in at least as many libraries as
number or biological replicates were kept in the analysis. In the simulation study, technical
replicates were summed up before filtering. Consequently, the technical replicate level only

represents increased sequencing depth.

Normalization aimed at accounting for differences in library size and composition not
attributable to treatments. To conduct the analysis with edgeR, data were normalized using the
scaling method proposed by Robinson and Oshlack (2010) and the logarithm of the resulting

effective library size were used by default as offsets in the model.
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Analyses with DESeq were performed on counts previously normalized by function
estimateSizeFactors. According to Anders and Huber (2010), this normalization method is
similar to the one proposed by Robinson and Oshlack (Robinson and Oshlack, 2010) in edgeR,

and it is the recommended procedure by the authors of DESeq.

Normalized values to use in MAANOVA were obtained with function voom() of the limma
package (Smyth, 2005). The process, analogous to the one proposed in (Smyth et al., 2012),
included adjustment for compositional structure using function calcNormFactors() of edgeR and

transformation to log2-counts per million.

2.2.3.2 Differential expression analysis
edgeR: Differential expression was tested by likelihood ratio tests using the generalized linear
model functionality and estimating tagwise dispersions.
DESeq:To look for differentially expressed genes, function nbinomGLMTest was applied using
the dispersion estimates generated by function estimateDispersions.
MAANOVA: In the linear model fit by MAANOVA lane was treated as a fixed array effect of a
single-color microarray. Differential expression analysis was performed using both, moderated
F-test (Fs) and transcript by transcript F-test (F1). Significance was assessed using 100 sample

permutations (Yang and Churchill, 2007).

2.2.3.3 Multiple comparisons
It is recognized that correction of p-values when making multiple comparisons is essential in
high throughput differential expression analyses (Storey and Tibshirani, 2003). The most common
procedure used is the computation of the false discovery rate or FDR (Benjamini and Hochberg,

1995). Properties of methods to estimate FDR rely heavily on the distribution of p-values (Li et
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al., 2012). In this case we did not aim at selecting individual differentially expressed genes or
gene sets but we focused at studying the properties of tests in terms of type | and type Il error
rates. Consequently, we concentrate on comparison of nominal and empirical type | and type Il
error rates without applying multiple correction and we discuss how departures of assumed values

can further affect decisions when applying p-value corrections.

2.2.4 Evaluating and comparing results from alternative analysis packages

To compare performances of derived tests in terms of power and type | error rates, we
generated receiver operator characteristic (ROC) curves by computing true positive rate (TPR)
and false positive rate (FPR) at given significance thresholds. The TPR was calculated as the
proportion of true positives (TP) over the total number of simulated differentially expressed
transcripts (S1). FPR, on the other hand, was calculated as the proportion of false positives (FP)
over the total number of transcripts simulated with no differential expression (So). See table 1 for

details.
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Table 1 Classification rule to compute false and true positive rates

Transcript simulation status

Analysis
method status _ Not. Differentially Total
differentially expressed
expressed P
not declared N FN Ro
significant
declared FpP TP R
significant
Total #So #51 .

FP=number of false positives (transcripts in Sp set declared differentially expressed), TP=
number of true positives (transcripts in Si declared differentially expressed), FPR= false positive

rate= FP/#S,, TPR=true positive rate=TP/#S;

Finally, distributions of p-values were compared by quantile-to-quantile plots and

histograms.

Analyses were performed at the Michigan State University High Performance Computing

Center facilities using R (version 2.15.1), edgeR (version 3.0.8.4.6), limma (version 3.14.4),

DESeq (version 1.10.1) and MAANOVA (version 1.28.0).
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2.3 Results

2.3.1 Simulations

Figure 5 shows results obtained for a simulation with 3 biological replicates and 1 technical

replicate. Similar results were found in other simulated scenarios (data not shown).

The quantile-to-quantile plot in Figure 5 allows evaluation of the fit of observed p-values to the
uniform (0,1) distribution expected under null hypothesis (Leek and Storey 2011). P-values
corresponding to MAANOVA showed a more characteristic pattern whereas edgeR and DESeq
presented significant departures from such distribution. Furthermore, the logarithmic scale allows
to easily inspect the behavior of very small p-values. DESeq presented larger p-values than
expected up to a cutoff of 0.001, while the opposite pattern occur for p-values smaller than 0.001.
Both MAANOVA approaches presented a close to expected pattern with a small deviation for p-
values smaller than 0.0001. To compute the logarithm, all p-values equal to zero were replaced
by the minimum observed p-value and thus generated the plateau at the end of the distributions
of MAANOVA results. In addition, quantile-to-quantile plots allowed us to select Fs and F1 tests
computed with permutation against the tabulated approach (Figure 8a-b). An alternative
representation of p-value distribution using histograms is presented in the supplemental material

(Figure 11).
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Figure 5 Simulation results from a scenario with three biological replicates

(A) Q-Q uniform plot of non differentially expressed transcripts, (B) type | error rate vs. nominal
significance values, and (C) ROC curves. Models: i) edgeR (blue), ii) DESeq (red), iii) MAA-Fs:
MAANOVA Fs moderated test using permutation (green), and iv) MAA-F1: MAANOVA F1
transcript by transcript test using permutation (blue)

In concordance with the observed p-value distributions, the realized type | error rates
levels for DESeq and edgeR were much different than expected in comparison with MAANOVA
approaches (Figure 5b). All the packages presented higher realized significance levels when
evaluated at nominal values below 0.01, with edgeR being the most liberal, and MAANOVA the

least deviated from nominal values.

ROC curves had similar patterns for each of the nine simulated scenarios. Power improved at
a given FPR as the number of technical and/or biological replicates increased. In the scenario
with 3 biological replicates, the enhancement in power when adding technical replicates seems
to be particularly greater than in a scenario with 5 or 10 biological replicates (data not shown). In
the case with 3 biological replicates and 1 technical replicate (Figure 5c), edgeR and DEseq had

similar power while the MAANOVA analyses reported less power.
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2.3.2 Plasmodes
2.3.2.1 Null dataset (Cheung)

Q-Q plot in Figure 6a shows the adequacy of p-values to the uniform distribution for each of
the plasmode datasets analyzed with the different models. All the models presented large
dispersions with some cases being close to the expected values and some being far apart. In
particular, edgeR results tend to be above the identity line which means that observed p-values
are smaller than expected. On the contrary, DESeq and both MAANOVA tests tend to have a
more conservative behavior as they presented larger observed p-values than expected. See also
Figure 6b where edgeR presented inflated type | error rates for nominal significance threshold

smaller than 0.01.
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Figure 6 Plasmode results from Cheung dataset:

(A) Q-Q uniform plot of non differentially expressed transcripts, (B) type | error rate vs. nominal
significance values. Models: i) edgeR (blue), i) DESeq (red), iii) MAA-Fs: MAANOVA Fs
moderated test using permutation (green), and iv) MAA-F1: MAANOVA F1 transcript by transcript
test using permutation (blue)
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2.3.2.2 DE dataset (Bottomly)

The p-value distributions (Figure 7a) presented similar dispersion patterns to the one
observed in the plasmodes generated from Cheung dataset utilizing edgeR and DESeq.
However, p-value distributions for MAANOVA tests were more homogeneous across datasets
with the p-values from F1 test tabulated approach being closer to the expected values under
uniform distribution. ROC curves for DESeq and edgeR were analogous after adjusting for type
| error rates. Besides, both programs reported higher power than analysis performed with
MAANOVA (Figure 7c). Interestingly, and opposite to previous datasets, the best F test to apply
when using MAANOVA was F1 with tabulated F values-compare the proximity to the red line in

Figure 8e in contrast to the pattern in Figure 8f.
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Figure 7 Plasmode results from Bottomly dataset:

Q-Q uniform plot of non differentially expressed transcripts, (B) type | error rate vs. nominal
significance values, and (C) ROC curves. Models: i) edgeR (blue), ii) DESeq (red), iii) MAA-Fs:
MAANOVA Fs moderated test with permutation (green), and iv) MAA-F1. MAANOVA F1
transcript by transcript test tabulated (blue)
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Figure 8 Comparison of MAANOVA'’s p-value results

Comparison of MAANOVA'’s p-value results of non differentially expressed transcripts using Fs
moderated test and F1 transcript by transcript test, with a tabulated (right) or permutation (left)
approach. In the simulated dataset (A-B) the permutation approach presented a more
characteristic uniform distribution, the plateau at the end is caused by the replacement of zeroes
by the minimum observed p-value when computing logarithm. Plasmodes generated from Cheung
dataset, presented similar patterns either using a tabulated or a permutation approach (C-D).
Plasmodes generated from Bottomly presented better patterns for Fs with tabulated and F1 with

permutation approach (E-F)
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2.4 Discussion and conclusion

Validating and comparing methods to analyze RNA-seq data is essential for providing
powerful statistical packages that can detect differentially expressed genes in downstream
analyses (Robles et al., 2012). In this paper we illustrate how to utilize plasmode datasets in

combination with simulations to evaluate analysis methods more comprehensively.

Parametric simulations can benefit a particular model depending on the distribution and
specifications used to generate the dataset. For example, it can be argued that in our simulation
study, edgeR and DESeq resulted too liberal compared to MAANOVA due to the additive
generalized Poisson model that was used to simulate the dataset. However, results from two
independent plasmode datasets, generated without using specific parametric models, confirmed
the same behavior (Figure 6b and Figure 7b). Moreover, a common problem of parametric
simulations is that genes are simulated independently. Such misspecification is overcome in
plasmode datasets where the residual correlation structure among genes after adjusting for

systematic effects is preserved with respect to the original dataset.

Exploring the joint null distribution of p-values for a particular test helps to determine the
adequacy of a model and to decide the best method to correct for multiple comparisons, and
doing so requires generation of multiple accurate high-dimensional datasets (Leek and Storey,
2011). For example, we compared null p-value distribution obtained for the two types of
MAANOVA F tests (Fs or F1) combined with two methods to compute the p-values (tabulated F
or permutation). The choice of the best combination varies for each dataset: in the simulation
study, either Fs or F1 using permutation provide a p-value distribution close to a uniform
distribution while none of the F tests using tabulated values provide a reasonable distribution
(Figure 8a-b). Plasmodes generated from Cheung dataset presented similar patterns for all the

combinations (Figure 8c-d), then Fs and F1 using permutation were chosen as suggested by Cui
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etal. (Cui etal., 2005). Conversely, in the analysis of plasmodes generated from Bottomly dataset,
F1 test using tabulated F values was the best approach (Figure 8e-f). According to Cui et al.
(2005), the F1 test for a fixed effect model has a standard F distribution and critical values could
be obtained from F tables. These results are important because typical correction by FDR as
proposed by Benjamini and Hochber (1995) may not be appropriate if the underlying uniform
distribution is not supported. Other strategies have been adapted from Storey (2002) to estimate
FDR for RNA-seq data and which correction should be applied is a topic of reseach (Li et al.,
2012). All in all, these results emphasize the need to validate methods under realistic conditions
and to select a base dataset for a plasmode where total sample size and sequencing depth

(magnitude of counts) are considered.

In addition to the base dataset used to build a plasmode, the specific algorithm for plasmode
generation should vary according to the objective of the study. Gadbury et. al (2008) presented
an algorithm that generates the partition of samples into two groups and repeatedly samples
different effect sets to be added to that unique partition. In this work, we propose to make several
partitions from the original set of samples and add a set of effect in each case (Figure 4). This
approach constitutes a way to incorporate valuable information on biological variation. For
example, one can easily study the dispersion of patterns in the Q-Q plots or ROC curves.
Alternatively, both approaches, Gadbury et al.(2008) and the one presented in this paper, can be

combined to study the influence of different sets of genes as well as sample variability.

Moreover, the construction of a plasmode must consider all the experimental conditions under
which the base data were collected. Treatment and block effects may be easily identified from the
experimental design but further restrictions in randomization (flowcell, lane, time) or technical
issues (operator, use of technical replicates) may arise only from inspecting protocol details and
applying explorative statistical analyses. For instance, descriptive analysis of the Cheung dataset

and visualization of samples using multidimensional scaling analysis (Figure 2a) suggested that
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no specific effects were present in the data structure; therefore we used it as an example to build
a null plasmode. However, the same procedure applied to the Bottomly dataset indicated that not
only the main strain, but also a characteristic effect due to flowcell number was an important
source of variation (Figure 2b). Consequently, strain and block (flowcell) were considered in two
parts of the plasmode generation algorithm: firstly, when defining the model to select the effects
(step 2 in Figure 4), and secondly, when patrtitioning samples within each flowcell (step 5 in Figure
4). These considerations allowed us to generate appropriate null and alternative datasets. A
similar process should be followed with any new dataset plausible of being used as a base for

plasmode generation.

We used the plasmodes and simulated data to illustrate the selection of optimal differential
expression analysis strategies. To this end, we focused on comparing true and false positive
rates of tests to assess type | error rates and power. While we did not intend to perform a
comprehensive evaluation of analysis protocols for RNA-seq data analysis, we did want to include
two broad types of methods: 1) those directly tailored to count data by using negative binomial
distributions (DESeq, EdgeR) or 2) a Gaussian model after transformation (MAANOVA). We
found that edgeR and DESeq incurred in inflated type | error rates for small significance levels
(Figures Figure 5b, Figure 6b, and Figure 7b) while MAANOVA's p-values tend to be closer to the
nominal significance levels. Admittedly, after adjusting for type | error rates, power was similar for
edgeR and DESeq and higher than that from MAANOVA (Figure 7c). However, in a real data

scenario, adjusting is not possible because the true status is unknown.

These results emphasize the fact that RNA-seq data are complex and to decide what method
to use may be experiment-specific due to the unknown distributions of expression levels.
Plasmodes may contribute to decisions on which method to choose by using a similar pre-existing
dataset and comparing results. Itis critical to select a dataset that has a complete description of

the experimental design and detailed protocols of how the data were obtained. Using this
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information, it is possible to design proper null and alternative datasets. For example, it was easy
to find a set of differentially expressed genes in the mouse dataset that studied two inbred lines.
Contrarily, in the human dataset, it was not possible to explain the variation in expression only as
a consequence of gender effects. The human subjects came from an outbred population and
factors such as age, weight, or other characteristics could have explained differences in gene
expression. Granted, any of the mentioned effects could have been included in the model if the
information was available. The promising results obtained from this approach emphasize the need
of promoting and improving systematic data sharing across the research community to facilitate

plasmode building.

Finally, the flexibility of plasmode construction allows comparing model tuning selection for
downstream analysis but also upstream analysis, as normalization procedures or alignment
pipelines, could be contrasted. Future uses of plasmodes could be: comparison of alignment
programs for a given statistical analysis model or even exploring interaction of statistical model
and read processing protocols to find optimal combined pipelines for data processing from reads-

to-p-values.
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RNA-seq data processing

In a previous experiment, we used the Pig oligoarray for transcriptional profiling of developing
pig skeletal muscle, and results for a study comparing transcript profiles of longissimus dorsi
muscle from fetuses at 40 and 70 d of gestation in two different breed (Sollero et al., 2011). For
this study, we used the same RNA samples from one of the breed types profiled with the
Pigoligoarray (n = 3 for each developmental age) with deep sequencing technology (lllumina
GAIIX) to obtain 50nt paired end reads from 6 libraries (2 conditions, 3 bio-replicates each). The

processing steps are described in the following Figure.

1. Filter passing read pairs were aligned to the S. scrofa reference genome (Sscrofa9, April 2009,
Ensemble release 61) using the spliced RNA aware aligner, TopHat. Reads from each library were
aligned separately. The reference gene annotation (same version as above) was provided to TopHat
to provided information about predicted splice junctions, but TopHat also predicts novel splice
junctions.

2. Novel splice junctions predicted from each of the 6 libraries were combined with the splice
annotations from the reference to create a single, non-redundant set of predicted splice sites.
TopHat is better able to map spliced reads if a list of potential junctions is provided as input.

3. Each library was aligned to the reference a second time, providing the non-redundant set of potential
splice sites as input.

4. The alignments produced from each library were used as input to Cufflinks. Cufflinks was used to
examine RNA-Seq alignments and to generate a set of predicted transcripts based on assembly of
overlapping reads.

5. The transcript models generated by Cufflinks for each library were combined into a single, non-
redundant set of transcript/gene models with Cuffcompare. The reference annotation was also
provided to Cuffcompare to associate the predicted gene models with their most likely reference
model.

6. The models generated by Cuffcompare are filtered to remove those models with little support from
the underlying read alignments. Specifically, if aligned reads are observed in only one of the six
libraries, that model is removed from the final set.

7. The alignments for each library produced during the second round of TopHat (step 3) and the
curated set of gene models (step 6) were used as input to htsegq-count. This program compared a set
of alignments to an annotation file and reported the number of fragments uniquely aligned to each
gene in the annotation. The models generated by Cuffcompare may have multiple transcripts
modeled for a particular gene but htsegq-count only reports the total fragments for a gene.

Figure 9 Steps used to process reads to obtain matrix of counts
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Figure 10 P-value distribution of differential expression analysis performed with edgeR for
Bottomly data using a model with block and treatment fixed effects
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Figure 11 P-value distribution of non differentially expressed transcripts for a simulated
scenario with three biological replicates

P-value distribution of non differentially expressed transcripts for a simulated scenario with 3
biological replicates using: 1) edgeR, 2) DESeq, 3) MAA-Fs: MAANOVA Fs moderated test
(permutation), and 4) MAA-F1: MAANOVA F1 transcript by transcript test (permutation)
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Figure 12 P-value distribution of non differentially expressed transcripts for plasmodes
generated from Cheung dataset

P-value distribution of non differentially expressed transcripts for plasmodes generated from
Cheung dataset using: 1) edgeR, 2) DESeq, 3) MAA-Fs: MAANOVA Fs moderated test
(permutation), and 4) MAA-F1: MAANOVA F1 transcript by transcript test (permutation)
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Figure 13 P-value distribution of non differentially expressed transcripts for plasmodes
generated from Bottomly dataset

P-value distribution of non differentially expressed transcripts for plasmodes generated from
Bottomly dataset using: 1) edgeR, 2) DESeq, 3) MAA-Fs: MAANOVA Fs moderated test
(permutation), and 4) MAA-F1: MAANOVA F1 transcript by transcript test (tabulated)
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Chapter 3

Assessing dissimilarity measures for
sample-based hierarchical clustering of
RNA sequencing data using plasmode
datasets

Reeb, P. D., Bramardi, S. J., and Steibel, J. P. (2015) Assessing dissimilarity
measures for sample-based hierarchical clustering of RNA sequencing data
using plasmode datasets. PLoS One 10(7): e0132310.

doi:10.1371/journal.pone.0132310
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3.1 Introduction

Hierarchical cluster analysis has been a popular method for finding patterns in data and for
representing results of gene expression analysis (Liu and Si, 2014). Clustering algorithms have
been widely studied for analyzing microarray data (Jiang et al., 2004; Dalton et al., 2009),
however, such technology is being rapidly replaced by RNA sequencing technology (RNA-seq)
(Wang et al., 2009). In contrast to microarray experiments, RNA-seq generates count data of
discrete nature that may call for different analysis methods. One of the most obvious differences
between clustering gene expression data from RNA-seq or microarray is the choice of a
dissimilarity measure, or the need to transform and normalize RNA-seq data in order to use

dissimilarity measures commonly used for microarray data (Liu and Si, 2014).

Before implementing any statistical analysis of RNA-seq data, normalization and
transformation have to be performed. (Bullard et al., 2010; Law et al., 2014; Liu and Si, 2014).
Normalization aims at reducing non-systematic variation within and between samples, such as
sequencing depth and library preparation. Data transformation could be very important because
it aims at reducing the effects of skewness, scale and presence of outliers that can be found in
read count data that usually follow a Poisson (Marioni et al., 2008) or negative binomial distribution
(Robinson et al.,, 2010; Anders and Huber, 2010). Through appropriate transformation,
dissimilarity measures that are sensitive to asymmetric distributions and scale magnitude, such
as Euclidean and 1 — Pearson correlation (Liu and Si, 2014; Jiang et al., 2004; Johnson and

Wichern, 2002) could be used for clustering RNA-seq data.

Although a Gaussian distribution assumption is not required to compute Euclidean and
correlation based distances, transformations that convert count data into a continuous and almost
Gaussianly distributed variable (Law et al., 2014) could be used for hierarchical clustering. For

instance, besides the classical logarithmic transformation, several functions have been proposed
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to model the mean-variance relationship of RNA-seq data (Anders and Huber, 2010; Love et al.,
2014a; Law et al., 2014), while accounting for over-dispersion. But the properties of those

transformations need to be tested.

Finally, instead of using transformations to approximate the data to a pre-specified distribution
where available dissimilarity measures perform well, model based methods can be directly used

to compute dissimilarity measures (Witten, 2011).

Evaluating the adequacy of alternative dissimilarity measures for hierarchical clustering
requires the fundamental step of choosing reference datasets (Handl et al., 2005). An ideal
reference dataset should mimic the technical and biological variability found in experimental data,
and it should also have some a priori known structure in order to assess the goodness of results
from alternative analyses. Parametric simulations, exemplar datasets, and permutation sampling
have been used to generate such datasets in clustering analysis of biological data (Sloutsky et
al., 2013). Similarly, plasmode datasets (Mehta et al., 2004) have been proposed for evaluating
differential expression analysis in RNA-seq experiments (Reeb and Steibel, 2013). A plasmode
is a dataset obtained from experimental data from which some truth is known, thus, it is an ideal
way to generate data with an a priori defined structure that realistically mimics RNA-seq data.
Plasmodes were originally proposed for assessing multivariate analysis methods (Cattell and
Jaspers, 1967) and have been used in behavioral science (Waller et al., 2010) and also in

genomics (Gadbury et al., 2008; Steibel et al., 2009).

In this paper, we propose the use of plasmode datasets to assess the properties of
dissimilarity measures for agglomerative hierarchical clustering or RNA-seq data. We present two
possible ways of creating plasmode datasets that depend on the available data structure, and we

use the resulting reference datasets to compare several commonly used dissimilarity measures.
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3.2 Material and Methods

3.2.1 Datasets

Two experimental datasets were used in this study to create reference datasets. The first
dataset, “Bottomly”, corresponds to an experiment described elsewhere (Bottomly et al., 2011).
Briefly, 21 samples of striatum tissue from two inbred mouse strains (C57BL/6J (B6), n=10; and
DBA/2J (D2), n=11) were sequenced in three lllumina GAllx flowcells. Data were downloaded
from ReCount website (Frazee et al., 2011). After filtering out genes with zero counts in all
samples, the count matrix contained 13932 rows (transcripts) and 21 columns (samples). The
second dataset, “MSUPRP”, corresponds to 24 samples of longissimus muscle selected from the
MSU Pig Resource Population (Steibel et al., 2011) and sequenced by our collaborators (Steibel
et al., 2014). Total RNA from 24 F2 female pigs of Duroc by Pietrain ancestry was barcoded and
sequenced on lllumnina HiSeq 2000. Read mapping, gene modelling and read counting were
performed using Tophat (Trapnell et al., 2009), Cufflinks (Trapnell et al., 2012) and HTSeq
(Anders et al., 2015), respectively. After processing the sequence reads, we obtained a count
matrix with 26740 rows (transcripts) and 24 columns (samples). (For details, see supplementary
material). The count matrix of the five samples (animals) used in this paper is available as

supporting information at PLoS ONE website.

3.2.2 Plasmodes

Plasmodes are synthetic datasets generated from experimental data for which some true
characteristic is known (Mehta et al., 2004). For instance, we may know a priori which genes are
not differentially expressed or we may know group membership of each sample. Then, we build
a plasmode by re-shuffling the existing data without assuming any probability distributions or

correlation structures. Thus, we can use the known characteristic of the synthetic dataset to
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assess properties of analysis methods. For instance we can apply resampling-based methods to
create plasmodes consistent with the null hypothesis (no differential expression) and use them to
evaluate the type | error rate hypothesis of testing procedures (Mehta et al., 2006), or we can use
the known group memberships to assess the accuracy of clustering methods, as we do in this
paper. Thus, plasmodes need to be constructed according to the validation objectives (i.e.
considering the statistical method that is being evaluated) and considering the available

experimental data.

In this paper, we present two examples on how to create plasmodes to assess the effect of
choice of dissimilarity measures on the results of hierarchical clustering of RNA-seq data. In the
first experimental dataset, the natural structure of the data is known a priori and it was generated
through the experimental design (sequencing flowcells and mice strains), while in the second
experimental dataset there is not an a priori known structure, so we create a set of artificial

samples where the structure is generated by construction.

3.2.2.1 Plasmodes from Bottomly dataset

We built plasmodes for this dataset by using samples from B6 strain, partitioning them in two
groups and adding known effects for selected genes taken from the difference in gene expression
with strain D2. Figure 14 presents the algorithmic steps used to generate the plasmodes. Two
main effects, strain and flowcell, were used to classify the 21 samples (Step 2.1 in Figure 14)
given the importance of both sources of variation has been described before (Reeb and Steibel,
2013; Law et al., 2014). Then, a differential expression analysis including all the samples (both
strains) was conducted with edgeR (Robinson et al., 2010) and transcripts with g-value <0.05
were identified as differentially expressed (set G in step 4 of Figure 14). Subsequently, samples
from strain B6 were randomly assigned to two groups (A or B) within each flowcell, and a subset
(S1) of effects randomly selected from Gi: was added to the corresponding genes in samples
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labelled as B (Steps 5-6) . Therefore, samples from group A and B differ due to the strain effect
added by the subset (S,) of differentially expressed genes, while samples within each group differ
due to the flowcell effect. We generated 50 plasmodes with 10% of differentially expressed
transcripts by defining p=50 and 11=0.10 in step 3 and by randomly assigning 2 samples to group
B and one or two samples, if available, to group A within each flowcell (Step 5.2 in Figure 14). As
a result, in each plasmode generation we obtained a total of 10 samples under two artificial
treatments (A or B) and three flowcell effects (1, 2 or 3), resulting in a set of samples indexed by
such factors as:{(A1, A1, Bi, B1),(A2,B2,B>),(A3,B3,B3)}. If we use only differentially expressed
genes, we expect the samples with same letter to cluster together because of the treatment effect,
but as we add a large number of non differentially expressed genes, we can expect that samples
with the same subindex (flowcell) will tend to cluster together because it has been shown before
that there is a strong flowcell effect in this experiment (Law et al., 2014; Reeb and Steibel, 2013).
To evaluate the performance of dissimilarity measures under various differentially expressed /
non differentially expressed ratios (DE/nonDE), we analyzed three scenarios for each plasmode:
1) only DE transcripts (DEuows), 2) DE transcripts + all nonDE transcripts (DEuoqHhonDEgyg), and 3)

DE transcripts + a random sample of 50% from nonDE transcripts (DEpyqtHnonDEgus).
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(1) Input file: experimental data with 21 samples (10 from strain B6 and 11 from strain D2) and G
transcripts
(2) Analyze experimental data with a generalized linear model (e.g. using edgeR):
1. model: experiment number + strain,
2. count filtering if needed.
3. Test: differences between strains
4. output: G transcripts,log-FC and g-values.
(3) Define
1. pnumber of plasmodes to be generated
2. 7= proportion of transcripts to be differentially expressed
(4) Build set of effects.
1. Select G, transcripts with g-value<0.05 from G.
2. Sample without replacement 7 = 7 x G transcripts from Gy, T < Gy, and keep log-FC. This
1s set S
(5) Generate a partition of samples:
1. Select the 10 samples from strain B6.
2. Within each of the 3 flowcells randomly assign at least one samples to each of two groups
(A or B)
(6) Add effects to group B:
1. Compute log-transformation of counts (¢): z= (log,(c+1)) for all the samples in group B.
2. Add the logFC of'set S, to the corresponding genes in samples labeled as group B.
(7) Back-transform values obtained in (6) with: ¢=2"-]
(8) Generate plasmodes:
1. Repeat p times steps 4 through 7.

Figure 14 Algorithm used to generate plasmodes from Bottomly dataset

3.2.2.2 Plasmodes from MSUPRP dataset

Since this dataset did not have a natural sample structure derived from experimental
conditions, a structure had to be induced in order to know a priori the expected clustering
configuration. From a descriptive multidimensional scaling analysis of the 24 pig samples
(animals), we selected 5 dissimilar samples (A, B, C, D, E) according to their configuration in the
main plane (Figure 15). Synthetic samples were generated by combining a known proportion of
randomly sampled read counts of individual genes from each of two of the five selected samples.
For instance, a new synthetic sample named AAC was generated combining 2/3 and 1/3 of read
counts of individual genes from A and C respectively. A full plasmode consisted of 12 samples
that included the five selected samples {AAA, BBB, CCC, DDD, EEE]}, five synthetic samples
{AAC, BBC, CCB, DDE, EED} obtained by combining 2/3:1/3 proportions from two of the selected
samples, and two synthetic samples {CxB, ExD} obtained by combining 1/2:1/2 proportions of two
of the selected samples (see Figure 21.in supplemental material with a representation of the
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relationships among the 12 samples of each plasmode). Following this procedure, a total of 50
replicated plasmodes were generated. As a result we created a synthetic dataset where the

samples were expected to resemble each other to a known degree given the proportions of shared

reads.
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Figure 15 Multidimensional scaling analysis of MSUPRP dataset

Twenty four samples were represented in the main plane (dimension 1 and dimension 2 explained
22.4% and 13.8% respectively) and five distant samples (A, B, C, D, E, marked with ovals) were
selected as input samples to generate plasmode datasets.
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3.2.3 Clustering

Defining a dissimilarity measure and a linkage method are the two key decisions for
performing hierarchical cluster analysis. We focused on assessing the adequacy of dissimilarity
measures that have been commonly used for clustering gene expression data. We also include
a recently proposed dissimilarity measure for RNA-seq count data (Witten, 2011). As linkage
method, we decided to use complete linkage because it is invariant under monotone
transformations (Izenman, 2008), and hence dissimilarity measures that have the same relative
ranking result in the same cluster structure (Liu and Si, 2014). This robustness reduces the effect
of linkage method when comparing dendrograms and allowed us to concentrate in the evaluation
of dissimilarity measures. Hierarchical cluster analysis was applied to each plasmode using the
agglomerative procedure implemented in function hcust from R (R Development Core Team,

2014) to concatenate samples and to generate dendrograms.

Eight dissimilarity measures were compared, including 4 variants based on Euclidean
distance, 3 correlation based approaches, and one Poisson based measure. Euclidean distances
were computed between samples following one of 4 approaches: i) using raw count data (raw),
i) after normalizing samples using the median ratio size factor proposed by Anders and Huber
(Anders and Huber, 2010) (rnr), iii) after applying a variance stabilizing transformation computed
with DESeq2 (Love et al., 2014b) (vsd), and iv) after applying a regularized logarithm
transformation implemented in DESeq2 (Love et al., 2014b) (rld). Correlation based dissimilarities
comprised: i) 1- Pearson correlation between samples using raw counts (pea), ii) 1- Pearson
correlation between samples using counts transformed by logarithm of raw counts +1 (plg), and
iii) 1- Spearman correlation between samples using raw counts (spe). The Poisson dissimilarity
(poi), which is based on a log likelihood ratio statistic for a Poisson model (Witten, 2011), was
computed on data that were transformed by a power function to account for overdispersion, and

normalized by total sum of counts for each sample.
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3.2.4 Cluster validation using results from plasmodes

Cluster validation can be assessed using several indices (Halkidi et al., 2001; Xiong and Li,
2013) and the choice of a particular measure is application dependent (Jiang et al., 2004).
Cophenetic distances provide a way to quantify similarities among dendrograms in hierarchical
clustering. The cophenetic distance is the distance from the bottom of the tree at which two
elements (samples in this paper) are grouped in the same cluster for the first time in the hierarchy.
To represent a dendrogram in terms of a set of cophenetic distances, the distances between all
pairs of elements is computed and arranged into a matrix called cophenetic matrix that represents
the whole hierarchy, as illustrated in Figure 22 and Table 5 in supplementary material. Cophenetic
matrices can be used to compare dendrograms (Sokal and Rohlf, 1962). For instance, to
compare how similar are two dendrograms, the Pearson correlation between the lower triangular

portions of two cophenetic matrices can be used.

We computed the correlation between cophenetic matrices (Handl et al., 2005) to compare
dendrograms obtained with different dissimilarity measures (between dissimilarity measure
comparison) as well as to compare all dendrograms obtained with a particular dissimilarity
measure (within dissimilarity measure comparison). Mean and standard deviation of correlations
between dissimilarity measures were used as a measure of agreement while mean and standard

deviation of correlations within a dissimilarity measure were used as a measure of consistency.

We also visually compared the obtained dendrograms to a reference dendrogram built
according to the sample structure known a priori from the plasmode generation process in the
MSUPRP dataset. For the MSUPRP dataset, we defined the expected similarity between two
samples (sj) as the maximum proportion of shared reads, and we defined 1- s; as a reference
dissimilarity (see Tables Table 3 and Table 4 in supplementary material). With the correlation
between each of the dissimilarity matrices and the reference dissimilarity, we assessed how well
each dissimilarity measure recovered the expected sample structure. An equivalent reference
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dissimilarity matrix and reference dendrogram cannot be easily built for the Bottomly dataset
because we did not exploit relationships between samples to build the plasmode, except for their
group membership. In this case, we compared typical dendrograms obtained from plasmodes to

the known strain and experiment membership in the original data.

3.3 Results

3.3.1 Bottomly

Figure 16 shows the typical dendrograms obtained for plasmode datasets using two
dissimilarity measures, poi and rnr, which are representative examples of two sets of results under
the three different scenarios (DEpoysg, DEpogtnonDEgyg and DEpmgtnonDEgyg,). On the one hand,
scenario 1 (DEuos) Uses only differentially expressed transcripts, therefore the expected hierarchy
should arrange samples in two separate groups according to main treatment labels. Such is the
structure obtained utilizing the Poisson (poi) dissimilarity measure (Figure 16a). Using the Poisson
dissimilarity measure, samples were clustered in two groups corresponding to treatments A or B,
and within each of the groups, samples were arranged according to block numbers (4, 6, or 7).
Differently, the dendrogram based on Euclidean distance calculated from raw normalized data
(rnr) (Figure 16b) mixed treatment labels and did not recover any expected structure. On the
other hand, scenario 2 (DEwqtnonDEwyg), uses information from differentially (10%) and non
differentially expressed (90%) transcripts. As a result, we expected that the dissimilarity
measures would tend to represent other aspects of samples in addition to the treatment effect. In
concordance with such expected structure, dendrogram obtained using the Poisson dissimilarity
(Figure 16c) firstly separated samples according to block labels, block 4 being the most different
group. Subgroups for treatments A and B were arranged within each block. Conversely,

dendrogram based on Euclidean distance calculated from raw normalized data (rnr) (Figure 163d)
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did not present any expected structure. Finally, scenario 3 (DEpyqtnonDEgyg) represents an
intermediate case that is useful to further explore the performance of dissimilarity measures
because it is enriched in DE genes with respect to scenario 1, but it still conserves 80% of
background (nonDE) genes. The dendrogram based on the Poisson dissimilarity (Figure 16e)
presented an intermediate structure where we observed that samples from block 4 were clustered
together while the remaining samples were clustered in a separate group mainly classified by
treatment effect. Yet again, dendrogram based on rnr (Figure 16f) did not characterize any
expected configuration. To sum up, for this dataset, dendrograms generated from a Poisson
dissimilarity resemble the expected hierarchical structures in all three scenarios, however,
dendrograms based on Euclidean distance computed on raw normalized data did not.
Comparison of hierarchies between clusters constructed using poi and rnr dissimilarities across
50 plasmodes presented correlation of cophenetic matrices with low means and high standard
deviations (0.52+0.24, , 0.65+0.17, 0.59+0.23 , for scenarios 1, 2 and 3, respectively) (Figure 17).
These results emphasize a poor correspondence between hierarchies constructed upon poi and

rnr dissimilarities.
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Figure 16 Typical dendrograms obtained for plasmode datasets from Bottomly experimental data
with two dissimilarity measures under three scenarios

Dendrograms obtained using complete linkage hierarchical clustering based on Poisson
dissimilarity (poi) are presented in the left column (a, ¢ and e), and dendrograms based on
Euclidean distance calculated from raw normalized data (rnr) are presented in right column (b, d,
f). The rows correspond to three scenarios with different percentage of differentially expressed
(DE) transcripts: 1) DEuwg(@and b), 2) DEupwgtnonDEpsg (C and d), and 3) DEpwtnonDEgng(e and f).
Sample labels correspond to main treatment (A or B) and flowcell number (4, 6 or 7).
Dendrograms based on poi separates samples according to the expected sources of variation; in
(a), only DE transcripts, samples are arranged in two separate groups following treatment labels;
in (c), with a predominant number of non DE transcripts, the structure of groups is dominated by
flowcell characteristics in addition to main treatment: and in (e) an in-between scenario, the
dendrogram presents an intermediate group structure. Dendrograms based on rnr do not
resemble any expected configuration.
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Figure 17 Agreement between dissimilarity measures using Bottomly plasmode datasets

Each matrix contains means (upper triangle) and standard deviations (lower triangle) of
correlation between cophenetic matrices of dendrograms (N= 50 plasmode datasets) for eight
dissimilarity measures: Euclidean distances using raw count data (raw), Euclidean distances
using normalized samples (rnr), Euclidean distances using variance stabilizing transformation
(vsd), Euclidean distances using regularized logarithm (rld).) 1- Pearson correlation using raw
counts (pea), 1- Pearson correlation using counts transformed by logarithm of raw counts +1 (plg),
and 1- Spearman correlation using raw counts (spe), and Poisson dissimilarity (poi). Panel labels

54



Figure 17 (cont’d)

(a), (b) and (c) correspond to one of three scenarios of proportion of differential expressed genes:
DEqoyg, DEpovtnonDEpag, and DEpoyrtnonDEgng, respectively. In all scenarios, we identified three sets
of dissimilarity measures: 1) raw, 2) rnr and pea, and 3) poi, rld, vsd, plg and spe. Results from
raw, set 1, were poorly related to results from any other dissimilarity measure. Dendrograms from
dissimilarity measures in set 2 presented correlation of cophenetic matrices with medium to high
means and high variability with each other, and low correlation with dendrograms from other
dissimilarity measures. Dendrograms from dissimilarity measures in set 3 exhibited high
correlations of cophenetic matrices and low to medium variability when compared to each other.

Correlations between hierarchies obtained with the eight dissimilarity measure approaches
for each of three scenarios (DEpuayg, DEpotnonDEwyq and DEpyatnonDEgys) are presented in Figure
17. Each matrix contains means and standard deviations of correlations between cophenetic
matrices, in the upper and lower triangle respectively. Regardless of the scenario, dissimilarity
measures can be apportioned to three groups with common patterns. First, Euclidean distance
computed on raw data (raw) is poorly related to any other dissimilarity measure. Second,
Euclidean distance computed on normalized data (rnr) and 1- Pearson correlation dissimilarity
(pea) presented medium to high correlations of cophenetic matrices (mean from 0.67 to 0.89)
with high variability (standard deviation from 0.13 to 0.29) with each other and low correlation
values with other dissimilarity measures. Third, there is a subset comprising 1-Pearson correlation
dissimilarity computed on log-transformed counts (plg), 1-Spearman correlation dissimilarity
(spe), Euclidean distance computed on transformed counts after applying either a variance
stabilizing function (vsd) or a regularized logarithm (rld), and the Poisson dissimilarity (poi). This
last group of dissimilarity measures presents high correlations of cophenetic matrices (mean from
0.82 to 0.99) with low to medium variability (standard deviation from 0.01 to 0.2). Only hierarchies
obtained with dissimilarity measures from the third group consistently presented the expected
natural structure created by design in the plasmode generation process, being rld, vsd, spe and

plg the more consistent across all scenarios (Table 2, columns 2, 3 and 4).
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Table 2 Consistency for each dissimilarity measure

Dissimilarity Bottomly MSUPRP
DE[100% DE[100+tN0ONDE[g0%; DE[00+N0NDEg0y;

raw 0.58 (0.22) 0.91 (0.13) 0.75 (0.20) 0.56 (0.23)
rnr 0.35 (0.27) 0.43 (0.28) 0.33 (0.28) 0.40 (0.22)
rid 0.98 (0.01) 0.90 (0.11) 0.88 (0.13) 0.99 (0.01)
vsd 0.96 (0.04) 0.91 (0.10) 0.86 (0.15) 0.99 (0.01)
pea 0.37 (0.31) 0.53 (0.30) 0.45 (0.30) 0.43 (0.28)
plg 0.98 (0.01) 0.89 (0.13) 0.75 (0.19) 0.98 (0.01)
spe 0.99 (0.01) 0.86 (0.14) 0.88 (0.14) 0.99 (0.01)
poi 0.86 (0.21) 0.92 (0.09) 0.88 (0.14) 0.99 (0.01)

Mean and standard deviation of correlation between cophenetic matrices of dendrograms (N=50
plasmode datasets) for each of eight dissimilarity measures: Euclidean distances using raw count
data (raw), Euclidean distances using normalized samples (rnr), Euclidean distances using
regularized logarithm (rld) Euclidean distances using variance stabilizing transformation (vsd), 1-
Pearson correlation using raw counts (pea), 1- Pearson correlation using counts transformed by
logarithm (plg), and 1- Spearman correlation using raw counts (spe), and Poisson dissimilarity
(poi). Columns correspond to the three scenarios generated for Bottomly (with different proportion
of DE genes) and the MSUPRP dataset. We considered a clustering from a dissimilarity measure
to be consistent if hierarchies obtained for different plasmode datasets within each dissimilarity
measure were highly correlated and presented a low standard deviation. Clustering based on raw,
rnr and pea were generally inconsistent presenting a number of very different hierarchical
structures.

We considered a dissimilarity measure to be consistent if hierarchies obtained for different
plasmode datasets within each dissimilarity measure were highly correlated and presented a low
standard deviation. Consequently, we computed correlations of cophenetic matrices for
dendrogram within each dissimilarity measure and calculated the mean and standard deviation
for each ensemble of 50 plasmodes (Table 2, columns 2, 3 and 4). Dissimilarity measures raw,
rnr and pea were generally inconsistent, resulting in a number of different hierarchical structures.

For instance, rnr presented mean correlation values of 0.35+0.27, 0.43+0.28, and 0.33+0.28 for
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the three respective scenarios. Conversely, all the other dissimilarity measures were much more
consistent. For example, rld presented mean correlation values of 0.98+0.01, 0.90+0.11, and
0.88+0.13 for the three respective scenarios. Such high values mean that hierarchies obtained

with rld for the 50 plasmodes were all very similar to each other.

3.3.2 MSUPRP

Plasmodes from MSUPRP were constructed by combining known proportions of sequence
reads from pairs of samples, including nonDE as well as potentially DE transcripts across
individual. We expect that dendrograms cluster the samples according to the known proportions
of shared reads as presented in the reference dendrogram in Figure 18c (see Table 4 in
supplementary material with the corresponding reference dissimilarity matrix). Figure 18a-b
present the typical dendrograms obtained for plasmode datasets using rnr and poi, which are
representative examples of the 8 dissimilarity metrics. Dendrogram based on the Poisson
dissimilarity (Figure 18a) clustered the original samples A, B, and C and their synthetic
combinations in one group, and original samples E and D and their synthetic combinations in a
distinct group. The hierarchical structure of each of these two groups represented the degree of
shared reads between samples by joining first samples that shared Vs of reads and then samples
that shared % of reads. Additionally, the separation between samples {A, B, C} and {D,E} agreed
with positions along the most important dimension (diml) in Figure 15. In contrast, dendrogram
based on rnr (Figure 18b) did not cluster samples according to the anticipated configuration.
Comparison of hierarchies between clusters constructed from rnr and poi dissimilarities for all
plasmodes presented low mean and high standard deviations (0.44+0.22) of correlation between

cophenetic matrices (Figure 19).
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Figure 18 Typical dendrograms obtained for plasmode datasets from MSUPRP experimental
data with two dissimilarity measures

Dendrograms using complete linkage based on (a) Poisson dissimilarity (poi), (b) Euclidean
distance calculated from raw normalized data (rnr), and (c) reference dissimilarity based on
maximum proportion of shared reads. Original samples are labeled with 3 same letters (AAA,
BBB, CCC, DDD or DDD), synthetic samples are labelled with 2 or 3 letters symbolizing the
proportion of transcripts, V2 or 3 respectively, taken from the original samples. Dendrogram (a)
clustered original samples A, B and C and their synthetic combinations in one group, and original
samples E and D and their synthetic combinations in another group. The hierarchical structure of
each of these two groups represented the degree of shared reads between samples by joining
first samples that shared 4 of reads and then samples that shared %2 of reads. Dendrogram (b)
did not cluster samples according to the expected configuration.
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Figure 19 Agreement between dissimilarity measures using MSUPRP plasmode datasets

The matrix contains means (upper triangle) and standard deviations (lower triangle) of correlation
between cophenetic matrices of dendrograms (N= 50 plasmode datasets) for eight dissimilarity
measures: Euclidean distances using raw count data (raw), Euclidean distances using normalized
samples (rnr), Euclidean distances using variance stabilizing transformation (vsd), Euclidean
distances using regularized logarithm (rld) 1- Pearson correlation using raw counts (pea), 1-
Pearson correlation using counts transformed by logarithm of raw counts +1 (plg), and 1-
Spearman correlation using raw counts (spe). We identified the same three sets of dissimilarity
measures described before: 1) raw, 2) rnr and pea, and 3) poi, rld, vsd, plg and spe.

Correlations between hierarchies for the eight dissimilarity measures are summarized in
Figure 19. It contains mean and standard deviations, in the upper and lower triangle respectively,
of correlations between cophenetic matrices computed on 50 plasmode datasets. As observed in
the three scenarios for the Bottomly experiment, dissimilarity measures can be apportioned to
three groups: 1) raw, 2) rr and pea, and 3) poi, rld, vsd, plg and spe. Dendrograms from raw did
not agree with dendrograms from other groups. Hierarchies from dissimilarity measures in group
2 presented a medium correlation of cophenetic matrices with high variability (0.69+0.22).
Dendrograms from the dissimilarity measures in group 3 presented high correlation values with

each other (>0.98) and low variation (<0.01).
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The correlation of hierarchies within each of the dissimilarity measures (Table 2, column 5)
was low for raw, rnr and pea, whereas clusters were much more consistent (r>0.98) for poi, rid,
vsd, plg and spe dissimilarities. Additionally, dissimilarity measures raw, rnr, and pea were poorly
correlated with the reference dissimilarity (0.57+0.07, 0.53+£0.07, and 0.51+0.04, respectively)
while poi, rld, vsd, plg, and spe were highly correlated with the reference dissimilarity
(r>0.8+0.001, see Table 6 in supplementary material). Consequently, dissimilarities raw, rnr, and
pea did not resemble the expected sample structure and resulted in dendrograms that were very
inconsistent over repeated sampling of the same dataset. In contrast, dissimilarities poi, rld, vsd,
plg, and spe maintained the sample structure and produced highly reproducible results in

hierarchical dendrograms.

3.4 Discussion

Hierarchical cluster analysis is one of the most used techniques for exploring expression
patterns in sequencing data (Liu and Si, 2014). In this paper, we showed how to assess the
adequacy of dissimilarity measures for clustering samples from RNA-seq experiments by

generating plasmode datasets from experimental data.

Plasmode datasets are useful alternatives to parametric simulations for assessing statistical
methodologies as data are generated on more realistic conditions and do not depend on a specific
parametric model (Gadbury et al.,, 2008). The algorithm used to build a plasmode dataset
depends on the characteristics of the experimental data and the objective of the study. We
presented two examples on how to build plasmode datasets from two experiments with different

conditions.
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The Bottomly dataset had an experimental design with two main sources of variation and used
highly inbred individuals. Such context allowed us to generate plasmode datasets with known
proportions of differentially expressed transcripts (Figure 14) and focused on assessing the
adequacy of dissimilarity measures in recovering the main sources of variation in the hierarchical
structure (Figure 16). Analogous plasmode generation algorithms have been used with different
objectives, for example to validate differential expression methods for RNA-seq (Reeb and
Steibel, 2013), microarray analysis (Gadbury et al., 2008), and qPCR (Steibel et al., 2009), but
this is the first time that they are used to assess the properties of sample-based clustering. These
procedures are by no means exhaustive of the possible ways of creating plasmodes for clustering.
For instance, the algorithm presented in Figure 14 preserves the correlation among genes (Reeb
and Steibel, 2013) when generating plasmodes, but other sampling strategies could purposefully
select groups of genes with specific correlation patterns. For instance, instead of sampling from
DE and nonDE groups, transcripts could be sampled from blocks of co-expressed genes, resulting
in more realistic datasets especially if the study is focused on gene-based clustering and co-

expression analysis (Si et al., 2014; Rau et al., 2015).

Different from the Bottomly dataset, the MSUPRP did not present any experimental treatment,
and individual characteristics were more important. Under these circumstances, we built
plasmodes creating synthetic individuals, by combining known proportions of read counts from
original individuals and we evaluated the adequacy of dissimilarity measures in resembling the
different mixture proportions in the hierarchical sample structure (Figure 18). A similar plasmode
generation algorithm was proposed (Vaughan et al., 2009) to evaluate admixture estimation
methodologies where the objective is to estimate the proportion of an individual’s genome that
originates from different founding populations, but using SNP genotypes instead of sequence

read counts.
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Although the utility of plasmode datasets has been recently highlighted in RNA-seq studies
(Reeb and Steibel, 2013; Zhou et al., 2014), only parametric simulations or exemplar experimental
datasets have been used to compare dissimilarity measures and clustering methods (Witten,
2011; Ma and Wang, 2012). While extremely useful, parametric simulations are often criticized
as being too simplistic to appropriately capture the complexity in gene expression data (Gadbury
et al., 2009), thus limiting the scope and validity of the resulting conclusions. On the other hand,
using a single exemplar dataset with unknown properties is not an appropriate approach for
comparing statistical methods (Mehta et al., 2004). As a partial solution to these limitations, in this
paper we show that plasmodes can supplement the evaluation of clustering algorithms by
including agreement and consistency measures based on datasets that mimic read count
distributions more realistically. One likely criticism of plasmode is that the results may heavily
depend on the original dataset (Reeb and Steibel, 2013). However, this does not invalidate their
use. Moreover, as shown in this paper, using two very different datasets, some properties of
alternative metrics remain consistent, which encourages the use of the plasmode generation

methods presented here using alternative datasets.

We built plasmodes to evaluate alternative dissimilarity measures. The selected dissimilarity
measures allowed i) the comparison of traditional dissimilarity measures and dissimilarity
measures based on discrete count distributions specifically proposed for RNA-seq, and ii)

studying the effect of normalization and transformation prior to computing dissimilarities.

The Euclidean distance or the Pearson correlation based dissimilarity computed after
transforming data is a routine method adopted from microarray gene expression analysis (Jiang
et al., 2004; Liu and Si, 2014). In fact, the Pearson correlation based dissimilarity is equivalent to
squared Euclidean distance of standardized data (Hastie et al., 2009). On the other hand, the
most common transformations used for RNA-seq are the logarithm of counts, or logarithm of

counts plus a constant (Severin et al., 2010), but other variance stabilizing and regularized
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logarithm transformation functions have been proposed to model the mean-variance relationship
of RNA-seq counts (Anders and Huber, 2010; Law et al., 2014; Love et al.,, 2014b).  The
Spearman correlation based dissimilarity uses the rank of the read count instead of the counts
themselves to compute correlation; consequently it could be applied without transforming the
data. Although the use of Spearman correlation based dissimilarity has been discouraged for
gene-based clustering of RNA-seq data (Liu and Si, 2014), because it uses a small number of
grouped samples to compute ranks, we have used it for sample-based clustering where the
number of genes is potentially large enough to obtain more precise ranks. Finally, the Poisson
dissimilarity (Witten, 2011) was specifically proposed for clustering of sequencing data based on
a Poisson log-linear model of normalized counts, and thus, it is a natural candidate to be included

in this comparison.

The eight evaluated dissimilarity measures presented a common pattern of agreement and
consistency in recovering the expected sample structure for both plasmode datasets. Dissimilarity
measures with high level of agreement between them—correlations between cophenetic matrices
with high mean and low standard deviation (Figures Figure 17 and Figure 19)—produce
dendrograms with very similar hierarchical structures. However, if dissimilarity measures have
correlations of cophenetic matrices with either low mean or high standard deviation (Figures
Figure 17 and Figure 19), they generate dendrograms with different hierarchical structures. In
addition, correlation between dendrograms obtained with a particular dissimilarity measure
summarizes the consistency of such dissimilarity measure. If a dissimilarity measure has a within
cophenetic correlation with high mean and low standard deviation, it consistently generates

similar dendrograms.

To assess the adequacy of a dissimilarity measure, both agreement and consistency are
important. We showed this with poi, rld, vsd, plg and spe dissimilarities, which presented similar

level of agreement in both datasets (Figures Figure 17 and Figure 19). However, dendrograms
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based on these dissimilarity measures were consistent in the MSUPRP dataset, but showed
different consistency under the three scenarios in the Bottomly datasets (Table 2). A counter
example is dissimilarity measures rnr and pea that agreed with each other but were very
inconsistent. This means that rnr and pea tended to reproduce similar clusters on each plasmode,
and wide range of dendrograms structures. This has not been reported before, because
consistency of clustering under repeated sampling has not been studied in previous works. But a
reason for the agreement is that both rnr and pea are focusing on the same features, because
they are essentially normalized Euclidean distances. The reason for the low consistency could be
that these measures are expected to behave well with heterogeneous approximately Gaussian
data, but not too well with extremely non-Gaussian data. On the other side, the measure raw is
expected to be better suited for homogenous Gaussian data (all variances are of similar

magnitude).

As mentioned before, we used plasmode to study the effect of normalizing data. Normalization
is an essential data processing step in RNA-seq analysis that aims at removing systematic biases
in order to make consistent comparisons within and between samples (Dillies et al., 2012).
Although several methods (Bullard et al., 2010; Anders and Huber, 2010; Robinson and Oshlack,
2010) have been proposed to normalize data, especially for differential expression analysis, the
impact of a particular normalization method seemed to be less important in classification and
clustering analyses (Witten, 2011). We confirmed this, showing that normalizing counts to equal
library sizes was not enough to capture the natural structure of samples when it was the only
transformation applied. For instance, dissimilarity measures raw and rnr had low agreement with
dissimilarity measures that resemble better the true structure of data, e.qg. rld, vsd, spe or plg or

poi (Figures Figure 17 and Figure 19).

Accounting for the discrete nature of read counts in RNA-seq data is the most important issue

to consider when computing dissimilarity measures. For instance, Euclidean distance and
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Pearson correlation based measures are known to be influenced by scale, skewness and outliers,
thus, they may not work well for count data (Liu and Si, 2014). In support of this, we found that
dissimilarity measures raw, rnr, pea, based directly on counts, regardless of normalization or
standardization, did not resemble the expected dendrogram and were generally inconsistent.
Dendrograms obtained with Pearson based correlation resembled the expected structures only
when data were previously log-transformed. However, we found that the Spearman correlation
based dissimilarity measure (spe) was suitable to represent the natural structure of samples even
without normalizing data, possibly because it preserves the relative rank relationships, and it is
less influenced by skewness and outliers (Kendall and Gobbons, 1990) when it is based on a
large number of genes. The variance stabilizing (vsd) and regularized logarithm (rld) approaches
consistently retrieved the expected dendrogram structure. Both transformations model the mean-
variance relationship across all genes to stabilize the variance of counts across samples (Anders
and Huber, 2010; Love et al., 2014b). The regularized logarithm transformation also accounts for
variation in sequencing depth across samples (Love et al., 2014b). Both functions have been
suggested as appropriate transformations for clustering and classification of RNA-seq data with
less ambiguous results in hierarchical clustering than using simply log-transformed counts (Love
et al., 2014b). Finally, directly using the Poisson dissimilarity (poi) generated dendrograms with
the expected structure. This is not surprising considering that read counts are usually assumed
to fit over dispersed Poisson distributions (Pachter, 2011). Similarly, Witten (Witten, 2011)
obtained dendrograms with lower clustering error rates when using the Poisson dissimilarity
rather than vsd or Euclidean distances on normalized data, but using overdispersed Poisson
simulations. Our results are encouraging because we did not use a parametric model to produce

similar outcomes.

Sample-based hierarchical cluster analysis can be used as a tool to present results after

differential expression analysis or it can be used as an explorative technique for finding patterns
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in data. In the first approach only informative genes, i.e. differentially expressed genes (called
signal in data mining literature) are used while in the second approach informative as well as non
informative genes (also known as noise) are utilized (Jiang et al., 2004). As the signhal-to-noise
ratio (proportion of DE to honDE genes) is usually less than 1:10 (Jiang et al., 2004), particular
methods are applied to diminish the influence of non informative genes that can degrade the
reliability of clustering results (Jiang et al., 2004). In RNA-seq analysis, cluster analysis is
commonly applied only to differentially expressed genes or a subset of them (Liu and Si, 2014).
We have assessed dissimilarity measures under scenarios that include not only a set of
differentially expressed transcripts but we also combined differentially and non differentially
expressed transcripts (signal-to-noise ratio 1:9 and 1:4), as well as a mixture of individuals. We
found that rld, vsd, plg, spe and poi were highly consistent under all scenarios with a tendency to
diminish consistency as the number of non informative genes increases. Although we focused
our comparison on the effect of dissimilarity measures on hierarchical clustering results, the same
plasmodes could be used to investigate the effect of other decisions made when performing
sample-based clustering as the selection of the hierarchical clustering algorithm per-se or even
the effect of pre-filtering transcript according to their level of expression (Rau et al., 2013;
Bourgon et al., 2010; van lIterson et al., 2010). We did not explore those aspects of sample
clustering, but their investigation will be facilitated by the plasmode building strategies described

in this paper.

3.5 Conclusion

Generating plasmode datasets from experimental data is a reliable tool for evaluating
dissimilarity measures in agglomerative hierarchical cluster analysis of RNA-seq data. Depending

on the characteristics of the available datasets, several scenarios can be established to compare
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dissimilarity measures upon a broad spectrum of more realistic conditions than using other
simulation approaches. Similar methodologies can be applied to study gene-based clustering as

well as other clustering analysis methods.

Explorative sample-based hierarchical clustering of RNA-seq data needs as an input a
dissimilarity matrix that accounts for the mean-variance relationship of the discrete nature of read
counts. Euclidean distance calculated either on data that have been previously logarithm-
transformed or regularized with more complex ad hoc functions, as well as model-based
dissimilarity for RNA-seq data, were consistent in reproducing the expected sample structure in

hierarchical dendrograms.
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APPENDIX
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Sample preparation, sequencing and mapping

The MSUPRP dataset corresponds to 24 samples of longissimus dorsi muscle extracted from

24 F2 females selected from the MSU Pig Resource Population (Steibel et al., 2011). Total RNA

was obtained using TRIzol reagent (Invitrogen/Life Technologies, Carlsbad, CA, USA), and RNA

quantity and quality were determined using an Agilent 2100 Bioanalyzer (RIN = 7). RNA was

reverse transcribed into cDNA, fragmented and labeled to generate 24 barcoded libraries that

were sequenced on an lllumina HiSeq 2000 (100 bp, paired-end reads) at the Michigan State

University Genomics Core Facility. Four technical replicates were collected from each library and

arranged in four different lanes of a flowcell allowing up to 12 barcodes per lane as illustrated in

Figure 20.
lane lane | lane lane lane lane | lane lane
1 2 3 4 5 6 7 8
1034 | 1116 ] 1034 | 1116 | 1034 | 1116 ]| 1034 | 1116
1154 1154 1154 1154
1194 | 1502 | 1194 | 1502 | 1194 | 1502 | 1194 | 1502
058 058 058 058
1640 < 1640 “ 1640 2 1640 4
1300 [0l 1300 <0l 1300 ol 1300 80
1096 1096 1096 1096
1080 1080 1080 1080
Aol 1434 Zy 1434 Qe 1434 vl 1434

Figure 20 Sequencing layout of 24 barcoded samples

Each library has a tag with the sample number and a colour symbolizing its barcode. A same set

of 12 tags is repeated 4 times (technical replicates).

The raw read data consisted of 96 pairs of fastq files (4 per sample) containing approximately

15 million

short-reads

(100bp)

each.
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using FASTXtoolkit (http://hannonlab.cshl.edu/fastx_toolkit/) and FASTQC
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to assess read quality. Then, Tophat
(Trapnell et al., 2009) was used for mapping the reads to the reference genome (Sus scrofa
10.2.69 retrieved from the Ensembl database) using an index generated by Bowtie2 (Langmead
and Salzberg, 2012). The aligned records were stored in BAM/SAM format (Li et al., 2009a).
Alignment statistics and base coverage was calculated for each file using SAMtools (Li et al.,
2009a). After that, Cufflinks software (Trapnell et al., 2012) was used to obtain gene models and
to merge gene models from all samples and reference annotation. Finally, transcript specific read

counts were estimated using HTSeq (Anders et al., 2014).

Consistently, about 85% of reads were successfully mapped to reference genome. We
detected a total of 26740 transcripts with at least one read aligned. Average coverage per base

across 96 pairs of fastq files was 45.79X.

To obtain the final count matrix, we filtered out transcript with zero expression in all samples
and merged the 4 technical replicates from each sample. As a result we obtain a count matrix

with 26740 transcripts and 24 samples.
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Plasmode generation for MSUPRP samples

© D @

Figure 21 Plasmode generation for MSUPRP dataset

A singular plasmode dataset comprised 12 samples: 5 original samples, ovals labelled as
{AAA,BBB,CCC,DDD,EEE}, and 7 synthetic samples, circles labelled as
{AAC,BBC,CXB,CCB,DDE,EXD,EED}, obtained by combining known proportions of transcripts
(2, V5, or %) from the original samples.
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Reference similarity and dissimilarity matrices for MSUPRP plasmodes

Table 3 Reference similarity matrix (S) for MSUPRP plasmodes

AAA AAC BBB BBC CXB CCB CCC DDD DDE EXD EED EEE

AAA 1.00 0.66 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AAC 0.66 1.00 0.00 0.33 0.33 0.33 0.33 0.00 0.00 0.00 0.00 0.00
BBB 0.00 0.00 1.00 0.66 0.50 0.33 0.00 0.00 0.00 0.00 0.00 0.00
BBC 0.00 0.33 0.66 1.00 0.83 0.66 0.33 0.00 0.00 0.00 0.00 0.00
cxB 0.00 0.33 0.50 0.83 1.00 0.83 0.50 0.00 0.00 0.00 0.00 0.00
ccB 0.00 0.33 0.33 0.66 0.83 1.00 0.66 0.00 0.00 0.00 0.00 0.00
ccc 0.00 0.33 0.00 0.33 0.50 0.66 1.00 0.00 0.00 0.00 0.00 0.00
pbb 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.66 0.50 0.30 0.00
DDE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.66 1.00 0.83 0.66 0.33
EXD 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.50 0.83 1.00 0.83 0.50
EED 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.30 0.66 0.83 1.00 0.66
EEE 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.33 0.50 0.66 1.00

The similarity between two samples (sj) was calculated as the maximum proportion of original
shared reads.

Table 4 Reference dissimilarity matrix (D) for MSUPRP plasmodes

AAA AAC BBB BBC CXB CCB CCC DDD DDE EXD EED

AAC 0.34

BBB 1.00 1.00

BBC 1.00 0.67 0.34

CxB 1.00 0.67 0.50 0.17

CccB 1.00 0.67 0.67 0.34 0.17

CCC 1.00 0.67 1.00 0.67 0.50 0.34

bbb 1.00 1.00 1.00 1.00 1.00 1.00 1.00

DDE 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.34

EXD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.50 0.17

EED 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.70 0.34 0.17
EEE 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.67 0.50 0.34

The dissimilarity between two samples (d;) was calculated as 1- s;j .
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Reference dendrogram and cophenetic matrix for MSUPRP plasmodes
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Figure 22 Reference dendrogram for MSUPRP plasmodes
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Table 5 Cophenetic matrix of the reference dendrogram for MSUPRP plasmodes.

AAC
BBB
BBC
CXB
CCB

DDD
DDE
EXD
EED
EEE

RPRPRRPRRPRRPROOOOOO

AAA
.34
.87
.87
.87
.87
.87
.00
.00
.00
.00
.00

RPRPRRRROOOOO

AAC

.87
.87
.87
.87
.87
.00
.00
.00
.00
.00

RPRRPRRROOOO

RRRRROOO

BBC CXB CCB CCC DDD DDE

.26
.26
.50
.00
.00
.00
.00
.00
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.17
.50
.00
.00
.00
.00
.00

.50
.00
.00
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Correlation between dissimilarity measures and reference dissimilarity for the
MSUPRP plasmodes

Table 6 Correlation between dissimilarity measures and reference dissimilarity

Correlation
e with
Dissimilarity
reference

dissimilarity
raw 0.57 (0.075)
rnr 0.53 (0.069)
rid 0.83 (0.001)
vsd 0.82 (0.001)
pea 0.51 (0.045)
plg 0.82 (0.001)
spe 0.81 (0.001)
poi 0.81 (0.01)

Mean and standard deviation of correlation between each of the eight dissimilarity matrices and
the reference dissimilarity for MSUPRP plasmodes (N=50 plasmode datasets). Euclidean
distances using raw count data (raw), Euclidean distances using normalized samples (rnr),
Euclidean distances using regularized logarithm (rld), Euclidean distances using variance
stabilizing transformation (vsd), 1- Pearson correlation using raw counts (pea), 1- Pearson
correlation using counts transformed by logarithm (plg), and 1- Spearman correlation using raw
counts (spe), and Poisson dissimilarity (poi). Distances measures raw, rnr, and pea poorly
preserved the expected sample structure (r<0.57) while poi, rld, vsd, plg, and spe highly preserved
the expected sample structure (r>0.8).

MSUPRP dataset. This file contains raw count data (6 columns x 25798 rows) for the five
animals used to generate the MSUPRP plasmode datasets. Available online at PLoS ONE
website.
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Chapter 4

Assessing genotype call accuracy from RNA
sequencing data

75



4.1 Introduction

RNA sequencing technology (RNA-seq) (Wang et al., 2009) has become the platform of
choice for gene expression profiling (Oshlack et al., 2010). In addition to quantifying total gene
expression measures, RNA-seq experiments can be used for calling SNP genotypes to
investigate allele-specific expression (ASE) (Pirinen et al., 2015; Steibel et al., 2015) , and for
studying RNA-editing (Ramaswami et al., 2013). Another proposed use of genotypes called from
RNA-seq data is for performing population genetics studies in nonmodel organisms (De Wit et al.,
2012; Schunter et al., 2013; Lemay et al., 2013; Yu et al.,, 2014) and for performing genetic
associations with phenotypes (Canovas et al., 2013). These experiments, which study and
guantify variation in transcripts nucleotide sequence rely on accurately calling genomic variants
and genotyping individuals. Moreover, calling variants from RNA-seq data poses challenges that
are not present in variant calling from DNA sequence (Piskol et al., 2013; Quinn et al., 2013). For
instance, alternative splicing (Piskol et al., 2013; Quinn et al., 2013) and ASE (Steibel et al., 2015)
may substantially complicate genotype calling from RNA-seq data. Another difference between
RNA-seq and DNA-seq data is that the sequence coverage of certain genes across samples may

differ substantially, due to gene-specific and subject to subject variation in gene expression.

Despite these challenges, identification of genetic variants and calling genotypes from RNA-
seq data is commonly performed using tools developed for whole genome sequencing (WGS) of
DNA samples (Altmann et al., 2012; Nielsen et al., 2011). Consequently, the performance of such

algorithms have to be studied separately for RNA-seq experiments.

Assessing the performance of variant calling programs from RNA-seq data is usually done by
comparing the called genotypes to a gold standard such as genotypes from a SNP chip (Djari et
al.,, 2013; Canovas et al.,, 2013) or from WGS (Piskol et al., 2013; Quinn et al., 2013) and

estimating genotyping accuracy. But in the context of calling SNP genotypes from RNA-seq data,
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estimating genotyping accuracies separately for heterozygous and homozygous is important due
to the different use of those genotypes. For instance: false heterozygous genotypes (a true
homozygous site that is called heterozygous in RNA-seq data) will likely lead to biases in
estimating ASE (Steibel et al., 2015; Pirinen et al., 2015) and they will lead to false positives in
RNA editing studies. On the other side, false homozygous genotypes (true heterozygous sites
called homozygous) will likely result in lack of power to detect ASE and RNA editing. In general,
notable exceptions (Quinn et al., 2013), this issue has been ignored, and usually omnibus

genotype calling accuracies or error rates are defined and reported.

Calling reliable SNP genotypes may have other applications such as conducting population
genetics studies for estimating effective population size, studying population substructure, and
performing genetic associations with ecologically or economically important phenotypes. In those
cases, estimating SNP- specific genotyping call accuracies and error rates may not be relevant.
For those cases it is more important to correctly estimate the relatedness between individuals.
For instance, reconstructing genomic relationship matrices (VanRaden, 2008) with SNPs called
from RNA-seq data and comparing them to a reference relationship matrix would definitely be
more informative for animal breeding applications (Habier et al., 2007), as well as for population

history and demography studies of nonmodel organisms (Ekblom and Galindo, 2011).

In this work, we compared sensitivity and false discovery rates for SNP calling using two well-
established variant calling programs BCFtools (Li, 2011), and VarScan2 (Koboldt et al., 2012).
We also used Beagle (Browning and Browning, 2007) to impute genotype calls from BCFtools,
as previously recommended (Nielsen et al., 2011, Li et al., 2013). We apply these algorithms to
RNA-seq data from a pig resource population that has been extensively genotyped and
phenotyped. We report homozygous and heterozygous genotype call rates and we estimate error
rates by comparing called genotypes against genotypes obtained from SNP chip array and DNA
sequencing.
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4.2 Material and Methods

4.2.1 Resource population

The Michigan State University pig resource population (MSUPRP) is an F; cross originated
from 4 Fo Duroc sires and 16 Fo Pietrain dams. The full pedigree includes 20 Fo, 56 F, and 954
F, animals. This population has been described in detail elsewhere (Edwards et al., 2008). For
this study we selected 24 F2 females that presented extreme phenotypes in loin eye area (Steibel

et al., 2011).

Total RNA was extracted from longissimus dorsi muscle of the 24 F2 females using TRIzol
reagent (Invitrogen/Life Technologies, Carlsbad, CA, USA), and RNA quantity and quality were
determined using an Agilent 2100 Bioanalyzer (RIN = 7). RNA was reverse transcribed into cDNA,
fragmented and labeled to generate 24 barcoded libraries that were sequenced on an Illumina
HiSeq 2000 (100 bp, paired-end reads) at the Michigan State University Genomics Core Facility.
Four technical replicates were collected from each library and arranged in four different lanes of
a flowcell allowing up to 12 barcodes per lane. The raw read data consisted of 96 pairs of fastq
files (4 per sample) containing approximately 15million short-reads (100bp) each. Those fastq
files were pre-processed using FASTX toolkit (http://hannonlab.cshl.edu/fastx_toolkit/) and
FASTQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to assess read quality.
Then, Tophat (Trapnell et al., 2009) was used for mapping the reads to the reference genome
(Sus scrofa 10.2.69 retrieved from the Ensembl database) using an index generated by Bowtie2

(Langmead and Salzberg, 2012). The aligned records were stored in BAM/SAM format

SNP chip genotypes were obtained with the SNP60K Illumina chip (Gualdrén Duarte et al.,

2013) and used as gold standard to compare genotypes called from mRNA sequencing data.
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In addition to the SNP chip genotypes and muscle tissue RNA-seq data, genomic DNA
sequence, liver and fat tissue RNA-seq data were available for one of the 24 animals. Genomic
DNA was purified from white blood cells using the Invitrogen Purelink Genomic DNA Mini Kit.
Library preparation was performed with the Illlumina TruSeq Nano DNA Library Preparation Kit
HT and sequenced on 2 lanes of an lllumina HiSeq 2500 Rapid Run flow cell and sequenced in
a 2x150bp (PE150) configuration Rapid SBS reagents. Reads were trimmed with Condetri
(Smeds and Kunstner, 2011) and aligned using Bowtie 2 (Langmead and Salzberg, 2012). For
this animal, RNA-seq was performed slightly differently from the other 23 pigs. Total RNA was
extracted from subcutaneous fat, liver and longissimus dorsi muscle tissue. The samples were
prepared for sequencing using the Illlumina TruSeq Stranded mRNA Library Preparation Kit. After
validation and quantitation the libraries were pooled and loaded on both lanes of an lllumina HiSeq
2500 Rapid Run flow cell (v1). Base calling was performed by Illumina Real Time Analysis (RTA)
v1.18.61 and output of RTA was demultiplexed and converted to FastQ files with Illlumina

Bcl2fastq v1.8.4.

Reads were trimmed with Condetri (Smeds and Kiinstner, 2011) and aligned to the reference
genome (Sus scrofa 10.2.69) with Tophat (Trapnell et al., 2009). The BAM files were merged and

unique alignments were extracted and separated by strand.

4.2.2 Variant calling

First, base alignment files were obtained using the mpileup command of SAMtools version
1.0 (Li et al., 2009a) using options -Q20 -C50 -B of mpileup to eliminate reads with quality scores
below 20, to downgrade mapping quality for reads with excessive mismatches, and to disable the
calculation of base realignment quality in order to diminish false SNPs generated by

misalignments. For the single animal with mRNA and DNA sequence data, reads with quality
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scores below 25 were filtered and the coefficient for downgrading mapping quality with excessive
mismatches was applied, but base realignment quality was allowed (option -Q25 -C50 -E). These

options have been used before for the study of study RNA editing (Chen et al., 2014).

The multiallelic calling version of BCFtools was used (bcftools call -vm) to call genotypes,
while to call SNP with VarScan2, the mpileup2snp command was used with default settings (a
minimum of 8 reads to make a call, with at least 2 supporting reads to call a variant, a minimum
average base quality of 15, and a p-value threshold of 0.01). Finally, Beagle (Browning and
Browning, 2007) was used to refine genotype calls from BCFtools using genotype imputation.
Beagle used as input vcf files obtained by BCFtools. We used default parameters for Beagle

version 4.0 (java -Xmx4000m -jar beagle.r1398.jar gl=bcfvariants).

4.2.3 Assessing genotype call accuracy

SNP genotypes obtained with each variant calling program were compared to genotypes
obtained from a DNA SNP60K lllumina chip to estimate genotype call rates. For each SNP
genotyped with both technologies, we built a contingency table (Table 7) and we computed
several genotyping accuracy and error measures. For instance: true homozygous called
homozygous as well as true heterozygous called heterozygous contribute to the accuracy of the
variant calling method and they are the basis to estimate sensitivity. On the other hand, true
homozygous called heterozygous and true heterozygous called homozygous contribute to

genotyping errors.
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Table 7 Contingency table with classification rule used to compute sensitivity and error rate of
genotype calling

RNA-seq SNP chip Genotype
Variant
Total
calling Heterozygous Homozygous
Genotype
Heterozygous True He! False He?  Called He®
Homozygous False Ho* True Ho® Called Ho®
Non Called NC He’ NC Ho?® NC®
Total He® Ho!!

! Number of heterozygous genotyped in the SNP chip called heterozygous from RNA-seq;
2 Number of homozygous genotyped in the SNP chip called heterozygous from RNA-seq;
% Total Number of called heterozygous from RNA-seq;

4 Number of heterozygous genotyped in the SNP chip called homozygous from RNA-seq;
> Number of homozygous genotyped in the SNP chip called homozygous from RNA-seq;
¢ Total Number of called homozygous from RNA-seq;

" Number of heterozygous genotyped in the SNP chip non-called from RNA-seq;

8 Number of homozygous genotyped in the SNP chip non-called from RNA-seq;

9 Total number of non-called genotypes from RNA-seq;

10 Total number of heterozygous genotyped in the SNP chip

11 Total number of homozygous genotyped in the SNP chip

To assess the performance of the variant calling methods, we computed true genotype

rates (sensitivity) and false discovery rates (FDR) for each genotype as:

Sensitivit True He
ensitiv =—
itivityy, e
Sensitivit True Ho
ensitivi =—

YHo Ho
FDR. — False He
He ™ called He
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False Ho

FDRy, = ————
Ho ™ called Ho

4.2.4 Equivalence between relationship matrices and correlation with SNP chip data

The marker-based relationship matrix among individuals (VanRaden, 2008) was calculated
using genotypes from the 60K SNPchip (Gsypcnip) and compared to the marker-based relationship
using genotypes from RNA-seq (Ggy4-seq)- IN Order to compute G we selected SNPs called from

RNA-seq or from the chip and built a genotype matrix Z containing standardized allelic dosages

_ 9ij—E(g9ij)

Zij — fvar(gi))

and variance are computed assuming Hardy Weinberg equilibrium across SNP (VanRaden,

, where gij{O,l,Z} are the allelic counts of the reference allele and its expectation

9ij—E(9ij)

2008). Finally, following Van Raden (2008), G = ZZ Jrar@y)

To generate Zgy4-soq, We Used SNP called by BCFtools with at least 240 reads per base
across the 24 animals. This level of total depth ensured that both heterozygous and homozygous
genotypes were accurately called (see results section). Additionally, only monomorphic (minor
allele frequency > 0.0) sites in autosomic chromosomes with genotyping data in all 24 samples
were considered. After applying all the filters a total of 125,277 SNPs were used to compute
the Grya-seq- Finally, the maximum correlation between SNPs in the SNPchip and SNPs within 1
Mb distance in RNA-seq data were calculated to assess the redundancy of the genotype set

obtained with RNA-seq with respect to the SNP set in the 60K chip.

82



4.3 Results

4.3.1 Analysis across variant calling programs for 24 animals

Sensitivity curves presented similar patterns for heterozygous and homozygous genotypes,
but with specific quantitative differences. Figure 23a-b shows the sensitivity for calling
heterozygous and homozygous genotypes, respectively, for three variant calling programs as a
function of inverse cumulative read depth. Sensitivity for calling heterozygous genotypes was
higher with BCFtools compared to VarScan?2 for sequencing depth below 1000 reads per base
(across all 24 samples). Using Beagle to impute missing genotypes called by BCFtools provided
a slight increment in sensitivity of heterozygous genotype calling at the expense of FDR as we
describe later. Regardless of the variant calling program, heterozygous genotypes were called
with sensitivity > 94% when base read depth was equal or higher than 1000. When calling SNP
genotypes at homozygous sites, the sensitivity was usually higher than corresponding to
heterozygous sites, especially for sites covered by less than 1000 reads. Moreover, the reported
advantage in sensitivity of BCFtools compared to VarScan? for calling genotypes at heterozygous
sites was still present but it was lower for homozygous sites. Consistently, imputing non-called
genotypes using Beagle improved the sensitivity of homozygous calling with respect to BCFtools
even more markedly than for heterozygous sites. Similarly to heterozygous, calling homozygous
in sites covered by over 1000 reads resulted in sensitivity > 98%, regardless of the variant calling

program.
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Figure 23 Assessing SNP calling accuracy of RNA-seq samples of longisimus dorsi
Sensitivity analysis for heterozygous (A) and homozygous (B). False discovery rate for
heterozygous (C), and homozygous (D). Raw read depth in the x axis is inversely cumulative in

the logie scale. Varcalling software correspond to: bcf=BCFtools, bea=Beagle, and
vsc=VarScan2

False discovery rates curves presented more distinct patterns between heterozygous and
homozygous genotypes. Figure 23c-d shows the FDR for heterozygous and homozygous calls,
respectively, for each of the three variant calling programs as a function of inverse cumulative

read depth. Heterozygous sites called with VarScan2 were consistently correct regardless of the
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coverage depth (FDR very close to 0). However this comes as a price of very low sensitivity. For
example, in sites covered by 10 to 100 reads across all 24 samples, the sensitivity of VarScan2
was 56% on average (Figure 23a). Contrastingly, at that same depth range, FDR with BCFtools
was between 12% and 4%, but sensitivity was between 50% and 87%. At high sequencing depth,
differences in FDR vanish and all programs presented FDR < 2% when base read coverage was
equal or higher than 1000. As mentioned before, imputation with low coverage increased
sensitivity at the cost of FDR especially for sites with less than 100 reads per base. For instance,
the use of Beagle increased the FDR from 4% to 21% when coverage dropped below 10 reads
per base. The proportion of incorrectly called homozygous was generally higher than the
proportion of incorrectly called heterozygous (Figure 23d). Only sites with more than 1000 reads
per base presented a FDR of homozygous below 3%. BCFtools had lower error rates than
VarScan2 for base read depth between 10 and 1000. The use of Beagle increased the FDR for
homozygous particularly for sites with very low coverage (less than 10 reads per base), and the

increase in FDR was less than when imputing heterozygous sites.

4.3.2 Comparison of genotype calls from DNA-seq and RNA-seq from multiple tissues

Comparing SNP calling from RNA-seq to DNA-seq data, genotypes called from DNA-seq data
showed uniformly high sensitivity (sensitivity > 0.99) and low FDR (2%). Conversely, error rates
from genotypes called from RNA-seq were influenced by sequencing depth. Sensitivity for
heterozygous sites called from RNA-seq data varied with base read depth while sensitivity for
homozygous sites was always high (>96%) regardless of base read depth (Figure 24a-b) and
comparable to the sensitivity of homozygous genotypes called from DNA-seq. Sensitivity of
heterozygous genotype calls using RNA-seq for any of the tissues was below 90 % for sites with
less than 10 reads per base and almost constant (94%-98%) for sites with more than 10 reads
per base. A coverage of 10 reads per base in one animal is on average equivalent to 240 reads
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across 24 animals, at which point BCFtools provided a sensitivity of 94% across all samples

(Figure 23a).

False discovery rates for heterozygous sites were below 2% regardless of base read depth
either for DNA or RNA samples. Different patterns presented when analyzing homozygous sites.
For homozygous sites, variant calling using RNA-seq incorrectly genotyped a large proportion of
sites (between 59% and 10%) that were covered by 10 or fewer reads per base. Homozygous
sites with more than 10 reads per base presented lower false discovery rates for RNA-seq
samples from longissimus dorsi than from liver or fat tissue. FDR for homozygous was always

below 1% when using the DNA sample.
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Figure 24 Assessing SNP calling accuracy of DNA and RNA-seq samples of three tissues from
the same animal

Sensitivity analysis for heterozygous (A) and homozygous (B). False discovery rate for
heterozygous (C), and homozygous (D). Raw read depth in the x axis is inversely cumulative in
the logie scale. Varcalling software correspond to: bcf=BCFtools, bea=Beagle, and
vsc=VarScan2

4.3.3 Equivalence between relationship matrices
Correlation between relationship matrices Ggypcnip and Grya—seq (Dased on SNPchip markers

and based on RNA-seq markers, respectively) was 0.99 (Figure 25). This value indicated that
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both matrices were virtually equivalent and either of them could be used to account for the
relationship among the animals. In depth analysis of the correlation results showed that
correlation between the diagonals of both relationship matrices was 0.66 and correlation between
off-diagonals was 0.95 (Figure 25). These results are of interest to distinguish the use of the
relationship matrices to compute genomic inbreeding coefficient from the diagonals or to compute

genomic relationships between individuals from the off-diagonals (VanRaden, 2008).

An average of 110 SNPs called from RNA-seq were within the 1 Mb window defined for each
SNP in the SNP60K chip and only nine percent of SNPs in the SNP 60K chip did not have any
SNP called from RNA-seq. The median correlation between SNPs in the SNP60K chip and SNPs
called from RNA-seq was 0.71 and increased to 0.78 for SNPs in the SNP60K chip with at least
one SNP called from RNA-seq within the 1 Mb window. This result implied that on average the
information contained in all the SNPs in the SNP60K chip could be replaced by information on

SNPs called from RNA-seq.
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Figure 25 Scatterplot of correlation between relationship matrices for the 24 F2 females

The scatterplot shows a high equivalence (r=0.99) between the relationship matrix based on
SNPchip genotypes (Gsnechip) and the relationship matrix based on SNPs genotypes called from
RNA-seq sites (Grnaseq) With depth >=240 reads per base. Correlation between relationship
matrices for the same animal (diagonal values of the relationship matrices) correspond to values
in the right top quadrant (r=0.99) while correlation between relationship matrices for the different
animals (off-diagonal values of the relationship matrices) are represented in the left bottom
guadrant (r=0.95)

4.4 Discussion

This work assessed genotype calling from RNA-seq and DNA-seq data. We compared
genotypes called by two variant calling programs to genotypes obtained from a DNA SNP60K
chip by computing sensitivity and false discovery rates separately. Accuracy of SNP calling varied
between programs for different genotypes. Based on these results we make suggestions for

implementing genotype calling from RNA-seq data, depending on its intended use, for instance
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when using heterozygous genotypes for allele-specific expression studies or when using

homozygous for exploring RNA editing.

Identifying heterozygous SNP is the first step to conduct allele-specific expression studies
(Pickrell et al., 2010). Heterozygous sites provide information to classify reads according to their
haplotype transcript of origin and to quantify the allelic expression ratio (Lee et al., 2013). Two
major consequences from genotyping error in ASE are:1) the omission of calling a heterozygous
site, or 2) the incorrect assignment of a heterozygous genotype to a true homozygous genotype.
In the case of missing a heterozygous call the direct consequence will be a loss in power, while
when mislabeling the site the effect could be biases in estimation of the ASE ratio (Steibel et al.,
2015). Quinn et al. (2013) found that sensitivity for heterozygous varied between 40% to 80% at
coverage depth below 10X per sample, and it reached 90% for coverage depth above 10X per
sample. Similarly, we found that for the single sample analysis more than 90% of heterozygous
were called in all tissues when depth was above 10 reads per base (Figure 24A). For the 24
multiple samples, the same proportion (>90%) was obtained using BCFtools for an equivalent
total depth of 240 reads or more per base across all samples (24 samples x 10X per sample,
Figure 23a). However, VarScan2 called only 70% of heterozygous sites at the same depth of 240
reads per base. Interestingly, false discovery rates for heterozygous genotypes at 10 reads per
base per sample, or equivalently a multi-sample total depth of 240 reads per base, were below
2%. Consequently, calling heterozygous from RNA-seq data with more than 10 reads on average
per base and per sample can provide a good number of sites to conduct ASE studies with
sufficient power and unbiased estimations of the allelic expression rate. Additionally, BCFtools
and Beagle provided a larger set of true heterozygous genotypes (e.g. an average of 40% more
SNP compared to VarScan2), due to increased sensitivity and to more stringent filtering criteria
implemented in VarScan2. Yet, if a variant is called heterozygous by VarScan2, it will be likely be

a true heterozygous as the FDR is very low regardless of the depth (Figures Figure 23c and
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Figure 24c). However, more caution should be considered when using BCFtools and Beagle in

sites with low depth (Figures Figure 23c and Figure 24c).

Homozygous sites provide an initial list of candidate sites for studying RNA editing (Li et al.,
2009b; Chen et al., 2014). The typical approach to study RNA editing compares the mismatches
between homozygous DNA and RNA sequences (Peng et al., 2012; Ramaswami et al., 2012)
from a single individual. Besides identifying the type of editing process, e.g. A-to-l editing, it is
possible to quantify editing levels in an analogous way as in ASE studies (Bahn et al., 2012; Lee
et al., 2013). Therefore, similar implications as discussed above when analyzing sensitivity and
FDR for calling heterozygous also applies when analyzing homozygous. Calling genotypes from
DNA-seq is reliable and has been studied in detail (Nielsen et al., 2011; Li, 2014; Li et al., 2013;
Li, 2011; Kumar et al., 2014). We confirmed previously published results for instance, when using
DNA-seq, we found that sensitivity for homozygous was > 0.99 (Figure 24b) with a corresponding
FDR < 2% (Figure 24D) irrespective of depth. Similar values and patterns were found for
heterozygous genotypes (Figure 24a-b). However, calling genotypes from RNA-seq protocols is
subject to diverse sources of false genotyping error, for instance: increased mapping errors due
to the complexity of the transcriptome compared to the genome (Bass et al., 2012). For that
reason, stringent mapping and filtering options are applied particularly when analyzing nucleotide
variation profiles from RNA-seq (Quinn et al., 2013; Piskol et al., 2013; Lee et al., 2013). In this
work, we found that calling homozygous from RNA-seq presented high sensitivity (>95%) in all
tissues and irrespective of depth (Figure 24b), but it could result in a high number of false positives
(Figure 24D). Similar results for calling homozygous were found in Quinn et al. (Quinn et al.,
2013). Consequently, depth of RNA-seq reads should be considered when analyzing
homozygous sites using RNA-seq. This is usually not considered in RNA-editing studies where
protocols for including editing sites emphasize requirements in DNA depth but not in RNA-seq

depth (Chen et al., 2014; Lee et al., 2013). Adding a depth filter to RNA-seq reads could help to
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lower the number of false positives in addition to other filtering strategies that are currently used

(Chen et al., 2014; Lee et al., 2013).

Imputation of genotypes using Beagle after calling variants with BCFtools neither improve
sensitivity nor worsen FDR in either heterozygous or homozygous sites covered by more than
100 reads across 24 samples (Figure 23). At lower coverage, the effect was detrimental as
imputation provided little increase in sensitivity at the cost of expanding FDR in both genotypes
(Figure 23c-d). These F2 pigs were sampled from an admixed population originated from two
different founding populations, thus it is expected long range persistence of linkage disequilibrium
(Vaughan et al., 2009) and heterogeneity of haplotype blocks (Gualdrén Duarte et al., 2013) in
comparison to a panmictic population. Consequently, imputation based only on linkage
disequilibrium may not result in high imputation accuracy (Gualdrén Duarte et al., 2013). However,
if RNA-seq data alone or a mixture of DNA-seq and RNA-seq data were available across multiple
generations, pedigree based imputation could result in a more accurate imputation (Gualdrén
Duarte et al., 2013). We did not explore this aspect in this paper due to small sample size and

lack of sequence genotypes in ancestors of the F2 pigs.

Accurate genotypes obtained by RNA-seq can be used to estimate genetic relationships
between individuals in a similar way to using genotypes from a SNP60K chip (Figure 25). Even
though the SNP sets from the chip and the RNA-seq analysis did not completely overlap, we
found that they are highly correlated and they represent the relationships among individual in a
very similar way (Figure 25). We know from previous analyses that the SNP60K chip represents
the relationships among individuals in this population with high accuracy (Gualdron Duarte et al.,
2013). Additionally, RNA-seq derived SNPs may be used to estimate relationships in populations
that are not well represented by SNPs in the SNP60K chip to avoid problems related to
ascertainment bias. In nonmodel organisms of little agricultural interest SNP chips are generally

not available. In this situations, RNA-seq data could be used to estimate relationships among
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individuals (Seeb et al., 2011; Helyar et al., 2011; Weinman et al., 2014) or to complement
genotyping by sequencing studies (Narum et al., 2013), and to improve genome-wide association
studies by supplementing randomly selected SNP sets with more likely functional SNP sets

(Cénovas et al., 2013).
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5.1 Introduction

RNA sequencing (RNA-seq) (Wang et al., 2009) has emerged as a revolutionary technology
to study transcriptomes. Both quantitative and qualitative aspects are being intensively studied in
a broad spectrum of biological applications, such as gene differential expression analysis and
single nucleotide variation profiling in both model and nonmodel organisms (Wickramasinghe et
al., 2014; Qian et al., 2014). Simultaneously, a number of methods are being proposed for
analyzing RNA-seq data in each of those applications (Nookaew et al., 2012). Moreover, methods
are being periodically updated and new algorithms are being continuously published to improve
the analyses (Seyednasrollah et al., 2013; Kvam et al., 2012). As a consequence, researchers
often find themselves having to decide between competing models and assessing the reliability
of results obtained with a designated analysis program. Choosing the most appropriate software
can help to get better results and to achieve the goals of the investigation (Mehta et al., 2006).
The overarching goal of this dissertation was to propose and implement validation procedures
based on experimental data to estimate the properties of widely used statistical analysis methods
of RNA-seq experiments. Using synthetic and reference datasets, | compared statistical models
to perform differential expression analysis, sampled-base hierarchical cluster analysis, and

variant calling and genotyping.

5.2 Objectives revisited

1. To evaluate statistical models for differential expression analysis in RNA-seq experiments

Evaluation of statistical models for differential expression analysis has been based on
parametric simulated datasets using count data distributions, such as Poisson and negative

binomial. In this dissertation, | provided a more comprehensively approach using plasmodes from
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experimental datasets as well as parametric simulations. Two methods based on negative
binomial (edgeR and DESeq) presented higher type | error rates than a transformed Gaussian
model (MAANOVA) despite the use of simulations or plasmodes. The complement between the
two types of reference datasets was particularly useful when comparing the methods. Since
parametric simulation can benefit a model that is based on the same distribution, the use of

plasmodes provided an independent reference to supplement the analysis.

Additionally, | presented the comparison of models by exploring the joint null distribution of p-
values that is expected to resemble a uniform distribution. The MAANOVA program used to fit the
transformed Gaussian model can generate p-values using different strategies, such as using
moderated test or transcript-by-transcirp test. The best approach to compute the p-values differed
between datasets. The comparison of the p-value distributions helped to decide on the best set
of specifications to use in each dataset. Usually, this measure of comparison is not reported when
evaluating the adequacy of a model. However, researchers typically correct p-values by FDR as
proposed by Benjamini and Hochber (Benjamini and Hochberg, 1995) and such correction may
not be appropriate if the uniform distribution is not supported, thus, leading to wrong decisions

when comparing treatments.

Overall, Gaussian models had p-values closer to nominal significance levels and presented
p-value distributions closer to the uniform distribution. Researchers using models with these
characteristics will have less false positive when distinguishing differentially expressed
transcripts. In addition, Gaussian transformed model can include random effects and hierarchical
structures that arise in complex experiments, such as when collecting data in fisheries or wildlife
studies. For instance, landscape genomics has been proposed as a framework for studying
adaptive and neutral genetic variation at the population level in a spatially explicit context (Joost
et al.,, 2007), however, flexible models that can account for environmental and spatial

autocorrelations are needed (Schoville et al., 2012). Similar to macroscale biology applications,
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more complex analysis methods are also required at the molecular scale for analyzing gene
families or regulatory networks that need to account for time course and gene-set correlations

(Yang and Wei, 2015; Emmert-Streib, 2013).

Additionally, the proposed plasmode algorithm is an alternative to previous implemented
plasmodes. The algorithm allows incorporation of biological variation by making several partitions
from the original set of samples instead of only one as implemented in Gadbury et al. (2008). This
way of creating plasmodes can be of interest in field studies where the individual variability can
be studied a priori to improve experimental designs aspects such as sample size. In conclusion,
| proposed and implemented a general validation method that was applied to specifically compare
count data based models versus a Gaussian transformed data model. Furthermore, the procedure
allowed to set the best analysis option for the Gaussian transformed model according to specific
datasets, and presented other uses of the information generated by the validation process that

can help researchers to plan data collection.

2. To assess the properties of dissimilarity measures for agglomerative hierarchical

clustering of RNA-seq data

Hierarchical cluster analysis is one of the most used techniques for representing pattern
recognition and representation of results from sequencing data (Liu and Si, 2014). Arguably,
selection of a distance or similarity metrics is one of the most important decision in the
implementation of hierarchical clustering (Izenman, 2008). As discussed for differential
expression methods, the validity of alternatives metrics for hierarchical clustering has been
previously assessed using parametric simulations. In this dissertation, | presented two ways for
creating plasmode datasets for assessing the suitability of distance metrics for clustering RNA-
seq expression data. For that, | used data from two experiments conducted under different
conditions. One experiment was the result of performing RNA-seq from animals in a pre-designed
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experiment based on two inbred strains of mice, while the other experiment consisted in
sequencing the transcriptome of randomly sampled (untreated) individuals from an outbred
population. The common goal of performing clustering in both datasets was to uncover population
structure due to genetic differences in gene expression (differences between breeds of mice or
differences within a crossbred population). In both situations, the proposed plasmode building
strategy allowed for individual-to-individual variability and it extended the validation of cluster
analysis for datasets with different experimental structures, e.g the first dataset is a typical
example of wet lab experiment for studying the influence of controlled factors, e.g. Smith et al.
(2013), whereas the second is a common example of field studies for establishing relationships
among individuals, e.g. Lamichhaney et al. (2012), or for studying evolution of gene differential

expression, e.g. Gu et al. (2013).

The validation included the comparison of a wide range of dissimilarity measures, including
the one based on the traditional Euclidean distance, correlation-based dissimilarities using raw,
transformed and normalized count data, as well as measures specifically developed for discrete
count data. Dissimilarity measures based on non-transformed count data (Euclidean and Pearson
correlation), resulted in dendrograms that did not resemble the expected sample structure.
Normalization did not help with the use of those measures either. The dissimilarity based on
Spearman correlation was the only correlation-based dissimilarity that recovered the natural
sample structure. Dissimilarities calculated using appropriate transformations for count data were

consistent in reproducing the expected dendrograms.

Additionally, the validation procedure proposed two metrics, agreement and consistency, for
measuring the adequacy of dissimilarity measures. Agreement measures the correlation between
dissimilarities, then two dissimilarities with high agreement produce dendrograms with similar
hierarchical structures. Consistency measures the correlation between dendrograms obtained

with a particular dissimilarity, then a dissimilarity with high consistency always generates similar
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dendrograms. These type of objective measures had not been reported before when comparing

dendrograms in RNA-seq studies.

Finally, plasmodes allowed the analysis to be extended to different hypothetical scenarios. In
one scenario only differentially expressed genes were used in clustering analysis while in another
scenario all genes were included (differentially and non differentially expressed). All the
dissimilarities that accounted for appropriate transformations were highly consistent in all
scenarios. This dual use of representing information is useful to explore relationships but has to
be interpreted in the correct context. For instance, Lamichhaney et al. (2012) presented
philogenetic trees using all markers or using only markers that showed significantly genetic
differentiation when studying local adaptation to salinity levels in Atlantic herring populations. The
study failed to uncover the population structure, except when the gene set was restricted to pre-
selected genes known for harboring SNP segregating at extreme frequencies among diverse

populations.

All'in all, the proposed validation method compared the most common dissimilarity measures
used in hierarchical clustering and dissimilarity measures potentially appropriate for count
overdispersed data. The validation included a variety of scenarios suitable for RNA-seq
applications in biology studies and specifically in fisheries and wildlife applications, and proposed

agreement and consistency metrics to objectively compare dendrograms structures.

3. To compare sensitivity and false discovery rates for SNP genotyping in variant calling

programs

Calling and genotyping variants from DNA-seq has been actively studied (Nielsen et al., 2011;
Li et al., 2014, 2013) and the same programs are being used for calling variant from RNA-seq

(Piskol et al., 2013; Lee et al., 2013). In this thesis | compared three well known programs, namely
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BCFtools, Beagle and VarScan2, in terms of sensitivity and false discovery rate when genotyping
heterozygous and homozygous sites using as reference genotypes obtained from a 60K SNPchip.
Additionally, the comparison considered multi samples and multi tissue scenarios, as well as
studied the influence of read depth. Calling heterozygous with more than 10 reads per base and
per sample provided sensitivity of 70% for VarScan2 and more that 90% for BCFtools and Beagle
with low FDR in all programs. Homozygous were called with higher sensitivity in all tissues and

samples irrespective of depth but presented higher FDR.

Distinguishing the sensitivity and false genotyping rate of homozygous from heterozygous
sites separately allows using the information for designing analysis for different applications such
as allele-specific expression and RNA editing. This type of study is emerging in fish and wildlife
populations. For instance, Wang et al. (2013) used RNA-seq to study differential expression
analysis and allele-specific expression related to disease resistance against enteric septicemia of
catfish. Furthermore, other uses of SNP genotyping from RNA-seq are expected to increase in
the future. In nonmodel organisms, SNP genotyping will be relevant for ecological and
evolutionary studies and population genetics (Seeb et al., 2011; Helyar et al., 2011). For instance,
Weinman et al. (2014) used RNA-seq for discovering SNP and establishing parentage and kinship
in cooperatively breeding super starlings that live in highly kin-structured groups. In this sense, |
demonstrated in this dissertation that accurate genotypes obtained by RNA-seq can be used to
estimate genetic relationships between individuals in a similar way to using genotypes from a
SNPchip. SNPchip are usually not available or are expensive to design for nonmodel organisms
of little agricultural interest, thus RNA-seq can be used to complement other genotyping
approaches like genotyping-by-sequencing (Narum et al., 2013) or genotyping-in-thousands by

sequencing (Campbell et al., 2015; Pavey, 2015).

In summary, the comparison of variant calling programs provided information on the accuracy

of calling and genotyping homozygous and heterozygous sites including multiple samples and
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multiple tissues scenarios, and considering the effect of read depth. The evaluation explored the
results in the context of applications for allele-specific and RNA-editing studies, as well as for

studying relationships in a population.

5.3  Future research directions

The genomics era is providing unprecedented opportunities for researchers to study
mechanisms underlying biological processes. The amount and type of data that are being
generated by ‘omics’ technologies are virtually inundating labs and research institutions. Yet,
having data is just the first step towards generating information that can help to elucidate the
biological processes. This context requires researchers that are able to understand the biology
and to develop and apply valid statistical methods for extracting information (Gomez-Cabrero et

al., 2014).

Systems biology is a field of study in which disciplines converged to study biological systems
in a holistic approach. Neuroscience, physiology, and ecology all converged on the idea that it is
as important to study and model the whole system and its interactions as to analyze the individuals
parts alone (Conesa and Mortazavi, 2014). For instance the molecular systems biology needs to
integrate data from complex interactions among biomolecules such as DNA, different types of
RNA, proteins, and metabolites but similar integrative challenges exist at other multiple scales,
such as cellular, organismal and ecological organization (Conesa and Mortazavi, 2014).
Moreover, any integrative approach in omics data has to deal with high dimensional data and in
most cases a priori uncertainty in the definition of the hypotheses to be tested. Thus, a field of
active research is the improvement of analysis methods that allow integration of multiple data

types to produce statistically valid and biologically relevant interpretations.
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The procedures studied and developed in this dissertation are extremely useful to continue
research in integrative analysis method in life sciences. The flexibility of plasmode construction,
as presented in chapters 2 and 3, can be extended to validate further analysis methods. In chapter
2, the algorithm to generate plasmodes repeatedly sampled a random set of genes. However, it
may be customized to sample particular related sets of genes in order to validate explorative and
inference methodologies of gene and molecular networks such as pathway analysis. In chapter
3, the assessment of dissimilarity measures for sample-based clustering analysis can be
extended to gene-based or bi-clustering, and other integrative clustering analysis for multiple
omics datasets (Milone et al., 2014; Consortia, 2014). Importantly, the validation could be easily
tested in dimension reduction techniques that are important to reduce the noisy high-dimensional
characteristic of RNA-seq and other omics. Results obtained with principal components analysis,
multidimensional scaling or correspondence analysis can be compared and validated including
new approaches of dimensionality reduction recently proposed for integrative analysis (Reverter
et al., 2014; Reshetova et al., 2014; Simmons et al., 2015; Tomescu et al., 2014). Chapter 3,
provided and in-depth exploration of calling and genotyping SNPs. SNP datasets are one of the
fundamental data sources used when integrating datasets in genomics. For instance it is typical

to integrate SNP with gene expression (Conesa and Mortazavi, 2014) as in eQTL studies.
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