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Introduction

 RNA-seq uses NGS technology (Illumina, 454, SOLiD) to
sequence, map and quantify a population of transcripts

 Advantages
● Greater sensitivity than microarrays,
● Able to discriminate closely homologous regions,
● Does not require a priori assumptions about regions
of expression

 There are many steps in the experimental process that
may introduce errors and biases

Introduction
Data generation process:
● RNA is isolated from cells,
● Fragmented at random positions,
● Copied into complementary DNA,
● Selection of fragments with a certain size range,
● Amplification using PCR,
● Sequencing,
● Reads are aligned to a reference genome,
 The number of sequencing reads mapped to each gene
in the reference genome is tabulated.

 Use these gene counts or digital gene expression (DGE)
to test differential gene expression

Introduction

 Next Generation Sequencing (NGS) is becoming the

preferred approach for characterizing and quantifying
transcriptomes

 Even though the data produced is really informative,

little attention has been paid to fundamental design
aspects of data collection:

● Sampling
● Randomization
● Replication
● Blocking

 Discuss these concepts
in an RNA-seq framework

Introduction

 The experimenter is often interested in the effect of

some process or intervention (the "treatment") on some
objects (the "experimental units")

● Differential expression analyses: Researchers are

interested in comparisons across treatment groups
in the form of contrasts or pairwise comparisons.

 NOT NEW!
● Soon after the introduction of microarrays

researchers discuss about the need for proper
experimental design (Kerr et al, 2000)

Fundamental aspects of experimental design

 Randomization

formalized by Fisher in 1935!

It is the process of assigning individuals at random to groups or
to different groups in an experiment. Reduces bias by equalizing
so-called factors

 Replication
Measurements are usually subject to variation and uncertainty.
Replication helps to identify the sources of variation, to better
estimate the true effects of treatments  strengthen reliability
and validity

 Blocking
Blocking reduces known but irrelevant sources of variation
between units and thus allows greater precision in the estimation
of the source of variation under study.

Experimental design - example

 Effect of water stress on yield in tomatoes
 Greenhouse with two compartments available
 Grow many plants of particular genotype(s) (replication)
in both compartments (blocking) and within each
compartment randomly assign plants to water stress
regimes (randomization)

 It would have been wrong to apply one water stress regime in one
compartment and another regime in a second compartment;
 Similarly, in case of multiple plant genotypes, it would have been wrong to
assign one group of genotypes to one regime and another group of genotypes
to another regime!

Experimental Design

 These principles are well known but their

implementation often requires significant planning and
statistical expertise.

 In the absence of a proper design, it is impossible to

partition biological variation from technical variation.

 No amount of statistical sophistication can separate

confounded factors AFTER data have been collected

Experimental Design

Three levels of sampling (regardless of design)
 Subject sampling:
● individuals are ideally drawn from a larger population to
which results of the study may be generalized.

 RNA sampling:
● occurs during the experimental procedure when RNA is
isolated from the cell.

 Fragment sampling:
● only certain fragmented RNAs that are sampled from the
cells are retained for amplification. Since the sequencing
reads do not represent 100% of the fragments loaded
into a flow cells [McIntyre et al.(2011): <0.004%!]

Replication - Overview

 Unreplicated data
● E.g., seven treatments (tissues)

 Replicated (2x) data
 Balanced incomplete block design

 Balanced blocks by multiplexing
Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Unreplicated data

 Observational studies with no biological replication.
● Often: The assignment of subjects to treatment
groups is not decided by the investigator.

 Example
● mRNA isolated from liver and kidney
tissues (extracted from one human)
randomly fragmented and sequenced
 The different treatments consist of
different tissues.
Hypothetical Illumina GA flow cell with mRNA
isolated from subjects within seven different
treatment groups (T1;... ; T7) and loaded into
individual lanes (e.g., the mRNA from the subject
within treatment group 1 is sequenced in lane 1).

As a control, a X genomic sample is often
loaded into lane 5. The bacteriophage X
genome is known exactly and can be used to
recalibrate the quality scoring of sequencing
reads from other lanes.

Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Unreplicated data
 No information on within-group biological variation!
● Statistical methods for finding differences between groups are
limited to RNA and fragment-level sampling

 Analysis usually proceeds on a gene-by-gene basis by
organizing the data in a 2×2 contingency table

The cell counts nki represent the DGE
count for gene A (k = 1) or remaining
genes (k = 2) for Treatment i, i = 1, 2.

 Fisher’s exact test using hypothesis:

ki is the true proportion of counts in
cell k, i (k=1, 2; i=1; 2)
(assuming every transcript was
isolated and perfectly sequenced)

What is the probability of observing an outcome at least as unlikely as n11 gene A?
Probability is small  The column classification (=Treatment) has affected the gene expression!
Table 1, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Log2 fold change, between Treatment1 and Treatment2, of the normalized gene expression is
plotted on the y-axis, and the mean log2 expression is plotted on the x-axis. Gene expression
counts were normalized by the column totals of the corresponding 2 × 2 table
Blue dots represent
significantly differentially
expressed genes as
established by Fisher’s
exact test; Gray dots
represent genes with
similar expression.

Fisher’s exact test becomes
more conservative as
expression values decrease
to zero, a point concurrent
with the fact that genes
with small expression
values also demonstrate
larger variability.

Figure 2. Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Unreplicated data: Limitations

 Complete lack of knowledge about biological variation.

 Without an estimate of variability (i.e. within treatment

groups), there is no basis for inference (between treatment
groups) (already noted by Fisher 1935!).

 The results only apply to the specific subjects included in the
study.

Replicated Data (3 biological reps)


The biological replicates allow for the estimation
of within-treatment group (biological) variability,
provide information that is necessary for making
inferences between treatment groups
 A conclusion that can be generalized.



A simple method for testing differential expression
that incorporates within-group (or within-treatment)
variability relies on a generalized linear model (GLM)



For each gene k: fit a Poisson GLM




IFF Variance(Yijk) = Mean(Yijk): Likelihood Ratio Test
ELSE: inflated type I error rates. Estimate dispersion
parameter to adjust LRT.
[or take Negative Binomial model  edgeR package]

Fig 3, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

A multiple flow-cell design
based on three biological
replicates within seven
treatment groups. There are
three flow cells with eight
lanes per flow cell.
Tij refers to the jth replicate in
the ith treatment group (i= 1,
...,7; j=1,...,3).

Balanced Designs: Confounding
 Without careful planning an unblocked design faces a

fundamental problem with generalizing the results: the
potential for confounding.

 If the treatment effects are not separable from possible

confounding factors, then for any given gene, there is no way
of knowing whether the observed difference in abundance
between treatment groups is due to biology or technology.

Example:
All replicates of treatment 1 (T1) are sequenced in lane 1 and
all replicates of treatment 2 (T2) in lane 2, and goes on.
Any differences in expression between T1 and T2 are
confounded with possible lane effects that may persist across
flow cells.

Fig 3, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Balanced Block Designs
.

● Different genes have different variances and are potentially
subject to different errors and biases
 Sources of variation affecting only a minority of genes
should also be integrated into design(e.g., PCR-based GC bias)

Two main sources of variation that may contribute to
confounding effects:

● Batch effects: errors that occur after random
fragmentation of the RNA until it is input to the flow cell
(PCR, reverse transcription).

● Lane effects: errors that occur from the flow cell until
obtaining the data from the sequencing machine (bad
sequencing cycles, base-calling)

RNA-seq: Barcoding
 DNA fragments can be labeled or barcoded with sample

specific sequences that allow multiple samples to be
included in the same sequencing reaction while maintaining
with high fidelity sample identities downstream.

 Multiplexing can be used as a control quality feature,

apart of increasing the number of samples per sequencing run,
it offers the flexibility to construct balanced blocked designs
for the purpose of testing differential expression.

 All the samples of RNA are pooled into the same batch and then sequenced
in one lane of a flow cell.
 Any batch effects are the same for all the samples, and all effects due to
lane will be the same for all samples.
Achieved by barcoding the RNA immediately after fragmentation!

Balanced Block Design via bar-coding
Two treatments (TA, TB) (“red”, “blue”). Three biological replicates /treatment.

Balanced block design:
Allows partitioning of
batch and lane effects
from the within- group
biological variability

six technical replicates
of each sample

each lane is dedicated to
sequencing one sample

Fig 4, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Balanced incomplete block designs (BIBD)

 In reality, technical constraints and the scientific hypotheses under
investigation will dictate:
● the number of treatments (I),
● the number of biological replicates per treatment (J),
● the number of unique barcoded (s) that can be included in one lane,
● the number of lanes available for sequencing (L)
 When s<I a complete block design is not possible!
 If T is the total number of possible technical replicates,
then a BIBD satisfies T=s×L / J×I
Suppose 12 different barcodes in a single lane,
then in total 96 samples can be multiplexed
- three treatment groups (T1, T2, T3)
- one subject per treatment group (T11, T21, T31)
- two technical replicates of each (T111, T112, T211, T212, T311, T312).
After fragmentation, each of the three samples is bar coded and divided
in two (e.g., T11 would be split into T111 and T112) and then pooled and
sequenced as illustrated (e.g., T111 is pooled with T212 as input to lane 1).
Fig 5, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Blocking without multiplexing
A multiple flow-cell design based on three biological replicates within seven
treatment groups. There are three flow cells with eight lanes per flow cell. Tij
refers to the jth replicate in the ith treatment group (i= 1, ...,7; j=1,...,3).
Replicated Data – confounding treatments with lanes!

In this design the flow cells form balanced complete blocks, and the lanes form
balanced incomplete blocks.

Fig 6, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Hypothesis testing: Truth versus Decision

 Type I error (= a false positive):

● “You decide I am not telling the truth BUT I am telling the truth”

 Type II error (= a false negative):

● “You decide there is not enough evidence to conclude I am not




telling the truth BUT I am lying”
The probability of a false positive (denoted )  Significance level
The probability of a false negative (denoted )  Power (= 1 - )
Reducing Type I error  increase Type II error
Reducing Type II error  increase Type I error

Other useful definitions

Specificity=A/(A+B)
(=true negative rate)

Sensitivity=D/(C+D)
(=true positive rate)
Cell B : A false positive
Cell C : A false negative
Cell D : A true positive
Cell A : A true negative

Positive predictive value = D / (B+D)
Negative predictive value = A / (A+C)
Accuracy = (A+D) / (A+B+C+D)
Precision = (D) / (C+D) (=Sensitivity!)

Simulation study: Power of Designs
Four designs (A–D) are compared in the simulation study for treatments T1 and T2.

Gene counts were simulated across treatment
groups with/without Lane & Batch effects.
Design A is a biologically unreplicated unblocked design with one subject for treatment group
T1 (T11) and one subject for treatment group T2 (T21).
Design B is a biologically unreplicated balanced block design with T11 split (bar coded) into two
technical replicates (T111; T112Þ and T21 split into two technical replicates (T211; T212) and input
to lanes 1 and 2.
Design C is a biologically replicated unblocked design with three subjects from treatment
group T1 (T11; T12; T13) and three subjects from treatment group T2 (T21; T22; T23).
Design D is a biologically replicated balanced block design with each subject (e.g., T11) split
(bar coded) into six technical replicates (e.g., T111; . . . ; T116) and input to six lanes.
Fig 7, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Results: ROC (Receiver Operating Characteristic) curves

Compare the false positive rate (type I error, specificity) and the true positive rate
(statistical power/sensitivity)

If one ROC curve is always above another, this
indicates its superiority in classifying genes as
differentially expressed.

The designs featuring independent replication
(C&D) demonstrate remarkably better
performance than the unreplicated designs (A&B)
whenever there is non-negligible withintreatment- group biological variability

Fig 8, Auer & Doerge, Genetics 2010 "Permission for Use Granted by Genetics Society of America."

Discussion
 Replication, randomization and blocking are essential

components of any well planned and properly analyzed design.

 NGS platforms allow us to work with the concepts of
randomization and blocking (multiplexing).

 Biological replicates remains in the decision of the scientist.


The best way to ensure reproducibility and accuracy of results is to
include independent biological replicates (technical replicates
are not substitute) and to acknowledge anticipated nuisance factors
in the design.



Balanced Block Designs are as good as, if not better than, their
unblocked counterparts in term of power and type I error and are
considerable better when batch and/or lane effects are present.

Concluding remarks
 How many replicates do I need?
● Not different from ANY other experiment!!
● It does not matter that each sample costs 1000 dollars
the rules about sample size remain the same

Significance level (pretty standard at 0.05
but wait… what about multiple tests?!)

Smaller significance level
 Larger sample size

Power (a matter of opinion 0.80-0.95)

Higher power
 Larger sample size

Effect size (discipline dependent best to
have pilot data)

Larger Effect Size
 Smaller sample size

Questions?
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