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pOverview

� Gene expression and its profiling

− what it is and why we measure gene expression,

− new information about what genes do under various conditions,

− to understand gene function, discover relationships between genes,

� technologies

− RNA sequencing

� statistical gene expression models

− Poisson and negative binomial distribution,

− generalized linear modesl,

� outcomes of the statistical analysis

− focus on deregulated genes whose expression changes with changes in ex-
perimental conditions,

− also clustering, dimensionality reduction, classification, correlation analysis.
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pGene expression

� Cells must be able to respond to changes in their environment

− regulation of transcription and translation is critical to this adaptivity,

− genes unchanged, the changes in the abundance of particular proteins,

� gene expression

− the process by which information from a gene is used in the synthesis of a
functional gene product (protein, functional RNA),

− its complex multi-level regulation is the basis for cellular differentiation,
development, morphogenesis and the versatility and adaptability.

Szauter: BIOL 202 Genetics.
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pGene expression profiling

� Gene expression profiling

− the measurement of the activity (expression) of thousands of genes at once,

− repeated many times under different experimental conditions,

− followed by statistical analysis
(differential expression, clustering, enrichment analysis),

− new information about what genes do under various conditions,

� helps in gene annotation

− sequential similarity has its limitations,

− it cannot identify novel functions of genes/proteins.

� in this lecture, focus on differentially expressed genes

− the genes with statistically significant change in expression levels between
two experimental conditions (fold change/expression ratio 6= 1),

− commonly diseased vs healthy, treated vs untreated, wildtype vs strain X.
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pGene expression profiling

� How to examine the RNA quantity?

− DNA microarrays

* dedicated probes,

* hybridization,

− RNA sequencing

* next generation sequencing,

� Typical outcome:

− a read count data table,

− axes: transcripts/genes

samples/libraries,

− entries: the read counts. Introduction to DGE.

5/21 B4M36BIN Gene expression profiling



pRNA sequencing

Mackenzie: RNA-seq: Basics, Applications and Protocol.
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pRead mapping

Haas and Zody: Advancing RNA-seq analysis.
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pRead count as a random variable

� Consider the read count for a transcript observed in a set of samples

− the read count is a non-negative discrete variable,

− the simplest way is to model it with the Poisson distribution

* it expresses the probability of a given number of events k occurring in
a fixed interval of time or space,

* these events occur with a constant mean rate λ,

* these events appear independently

f (k;λ) =
λke−λ

k!

− in the case of RNA-seq data

* event = a read matches a transcript,

* fixed space = transcipt, samples = realizations of random variable.
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pRNA-seq data and Poisson distribution

� Poisson distribution assumes that mean and variance are equal (given by λ)

− this is often not true for RNA-Seq data.

Poisson distributions with 3 different λs.
Variance grows with mean.

RNA-seq counts have higher variance than expected by Poisson dist.
Histograms of two example transcripts in about 70 samples shown.
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pRNA-seq data and negative binomial distribution

� Employ the negative binomial (NB) distribution instead

− in a sequence of independent and identical Bernoulli trials with success
probability p, we observe k success trials before the r-th failure

f (k; r, p) =

(
k + r − 1

k

)
(1− p)rpk

− mean is smaller than variance

µ =
pr

1− p
σ2 =

pr

(1− p)2

� let us reparametrize NB(r, p) using mean µ and dispersion α instead of r
and p

r = α p =
µ

α + µ

� the new form of NB(µ, α)

f (k;µ, α) =

(
k + α− 1

k

)( α

α + µ

)α( µ

α + µ

)k
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pRNA-seq data and negative binomial distribution

� NB distribution allows to fit overdispersed count data

− we can compare fits of Poisson and NB model to decide whether overdis-
persion occurs.

NB distributions with 3 different α values.
Variance decreases with increasing α.

µ is kept 10 in the three distributions being shown.
NB model much better fits RNA-seq counts.
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pMean and variance in RNA-seq data (ReCount project)

https://github.com/bioramble/sequencing
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pDifferential expression

� Up to now, we have seen expression distributions in all the samples,

� there could be variables of interest whose influence has to be considered,

� let us have the following experiment

− response variable: read count for a transcript t,

− factor to study: treatment with a new drug d,

− experimental design: 70 units/people, a randomly selected half is treated
with d, the rest of people untreated/placebo,

� possible outcomes

− d regulates the mean transcription level of t or it remains unchanged.

Three transcripts with increasing chance of differential expression.
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pGeneralized linear model (GLM)

� There could be more experimental variables that influence the expression

− multiple factors of interest,

− other confounders that could not be fully controlled: age of people in the
study, personnel that carries out the experiment, cell distribution in the
bulk sample, etc.

− a multivariate model is generally needed,

� linear regression model

− its assumptions (linearity, homoscedasticity, normality) not met here,

E(Y ) = µY |X = β0 + β1X1 + β2X2 + · · · + βpXp

� generalized linear model

− introduces a link function g, often non-linear,

g(E(Y )) = g(µY |X) = β0 + β1X1 + β2X2 + · · · + βpXp

− for count response models (Poisson, NB) g=log().
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pGLM with a negative binomial distribution

� Transcript read count is a generalized linear function of exp. conditions

− i – transcript index, j – sample index, r – covariate (treatment) index,

− sij – transcript and sample specific factor,

− xjr – treatment r of sample j,

− βir – logarithmic fold change for transcript i contributed by covariate r,

� Observed read count Yij of a transcript i in sample j

Yij ≈ NB(mean = µij, dispersion = αi)

� Mean read count proportional to the true transcript count qij

E(Yij) = µij = sijqij

� Nonlinear (log) link function

log
E(Yij)

sij
= log qij =

∑
r

xjrβir
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pThe Pasilla gene RNA-seq experiment

� Pasilla (PS) gene knock-down

− the Drosophila melanogaster ortholog of mammalian NOVA1/2,

− PS gene regulates alternative splicing of pre-mRNA,

� Experiment: Pasilla is depleted (treated) and RNA-seq is measured,

� Control: wild type (untreated) RNA-seq is measured,

� What genes are differentially expressed in response to Pasilla depletion?

� see Brooks et al.: Conservation of an RNA regulatory map between Drosophila
and mammals. Genome Res. 2011.

Drosophila melanogaster, https://www.yourgenome.org
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pThe Pasilla experiment, experimental design

� 7 samples available

− condition: 3 of them treated (PS depleted), 4 untreated (wild type),

− data type: 3 single-read samples and 4 paired-end read samples,

� experimental design in GLM

− g(Y ) = Xβ,

− Y: (normalized) transcript counts,

− X: covariates (condition, data type, interactions),

− build GLM for ≈ 15,000 transcripts.

Count matrix (two transcripts shown only). Sample information.
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pPasilla, relationships between sample expression profiles

� Employ dimensionality reduction (PCA) and/or clustering (hierarchical).

Galaxy Training, https://training.galaxyproject.org/
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pPasilla, differentially expressed genes

� Can be found e.g., with DESeq2 tool (R package)

− it implements NB GLM,

− improved with shrinkage estimators for dispersion and fold change.

DESeq2 outcome, Love et al.: RNA-seq workflow. An example of DEG,
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pPasilla, differentially expressed genes

� Can be visualised with MA plot or Volcano plot

− the dots correspond to transcripts,

− differential expression supported by a high fold change and small p-value.

Love et al.: RNA-seq workflow. Blighe et al.: EnhancedVolcano.
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pSummary

� RNA-sequencing

− NGS technique that examines quantity and sequences of RNA in a sample,

− can be used for gene expression profiling between samples,

− also to study alternative splicing events associated with diseases,

− identification of allele-specific expression, etc.

� negative binomial generalized linear models (NB GLMs)

− case studies show their usefulness on datasets with different characteristics,

− find more differentially expressed genes with statistical evidence,

− the genes truly biologically relevant (could be validated e.g., by qPCR),

� other issues

− RNA-seq quality control

* FASTQ raw reads, the read numbers, GC content, base quality scores,

− feature count normalization

* sequencing depth, gene length, RNA composition.
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