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Learning objectives

After today’s course, you should be able to:

– Describe several mechanisms known to regulate gene expression;

– Describe how gene expression can be measured;

– Formulate biological problems as clustering tasks;

– Motivate the clustering of gene expression data;

– Outline the implementation of some classical clustering algorithms (hierarchical
clustering, K-means) and methods to evaluate them (tightness, separation, stability,
gene set enrichment analysis).
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1. Gene expression
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What is gene expression?

3



Central dogma of molecular biology
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How much of each gene product is made?
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The regulation of gene expression
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Variations in gene expression

With the same genetic material, gene expression differs
– between cells
– along the phases of the cell cycle
– depending on external signals.
The amount of protein produced by a cell is controlled by:
– transcriptional control
– RNA processing control
– RNA transport and localization control
– translational control
– mRNA degradation control
– protein activity control.
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Transcriptional regulatory mechanisms

– Recruitment of RNA polymerase

Source: https://www.boundless.com/biology/textbooks/
boundless-biology-textbook/
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Transcriptional regulatory mechanisms

– Chromatin remodelling
– Histone modifications
– Acetylated histones grip less tightly
– Methylated histones make more compact chromatine
– Methylation can be compensated for by phosphorylation

– DNA methylation reduces gene expression

– miRNAs (micro RNAs)
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Measuring gene expression
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DNA microarrays

– Also called DNA chips, gene chips, DNA
arrays

– Goal: measure mRNA abundance
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DNA microarrays

– Anchor pieces of DNA to slides (glass/nylon/silicon)
– Spotted arrays
– Oligonucleotide arrays

– Isolate and purify mRNA from sample of interest.
– Label the mRNA

– Reverse transcription: mRNA→ cDNA
– Labeling:
– single sample labeling: radioactive or fluorescent.
– two-color microarrays

→ green fluorescent dye (Cy3 or Alexa 555)
→ red fluorescent dye (Cy5 or Alexa 647).

– Complementary hybridization
https://www.youtube.com/watch?v=0ATUjAxNf6U
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DNA microarrays

– Left: red fluorescence (sample A)
– Right: green fluorescence (sample B)
– Middle:

– red: gene transcribed only in A
– green: gene transcribed only in B
– yellow: gene transcribed in both
– black: gene transcribed in neither
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Image processing

– Grid alignment
– Foreground and background detection
– Spot quality assessment/assurance
– Quantization: summarize intensities
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Microarray data

– X n× m.
– n genes
– m experiments:

– conditions
– time points
– tissues
– patients
– cell lines

Image obtained from one microarray
(each dot corresponds to one gene).
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Pre-processing microarray data

Pre-filtering
– Eliminate poorly expressed genes
– Eliminate genes whose expression remains constant
Missing values
– Ignore
– Replace with random numbers
– Impute based on:
– Continuity of time series
– Values for similar genes

Log scaling
log2(R/G)
→ induction and repression have opposite signs
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Pre-processing microarray data

Normalization
Goal: remove systematic biases

– log2(R/G)→ log2(R/G)− cte→ 0-mean
– Expression of housekeeping genes∼ constant
– Spatial bias (dye swap experiments)
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Pre-processing microarray data

– Assume the expression of most genes is the same under both conditions

Source: Fujita et al., BMC Bioinformatics 2006
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Pre-processing microarray data

Intensity ratio M = log2(
R
G ) Average intensity A = 1

2 log2(R.G)

We expect the red-to-green ratio to be constant and close to 1 for all intensities.
Source: Yang et al., NAR 2002

– LOWESS: LOcally WEighted polynomial regreSSion
– Quantile normalization methods:
Replace all smallest values by their average; repeat until all values replaced

LIMMA toolbox in R
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RNA sequencing

– Limitations of microarrays:
– The reference genome must be known
– High background noise
– Signal saturation
– Normalization across experiments

– RNA sequencing (or RNA-seq)
– High throughput
– High reproducibility
– Deep sequencing
– Distinguishes different isoforms
– Discovering novel small RNAs, micro-RNAs or long non-coding RNAs.

– RNA-seq data: counts
⇒ different modelization techniques
– Typical approaches are based on negative binomial distributions (Poisson +
over-inflation).

– Tools: edgeR, DESeq2.

19



Single-cell RNA sequencing

– Isolate individual cells and sequence their RNA
– Challenges:

– Noise due to lower amout of start material
– Dropout: are zeros technical or real?
– Use a zero inflated negative binomial (ZINB), see ZIMB-WaVE.

– Applications:
– Understand the roles of different cells in a biological process
– Find novel subtypes of skin cells
– Understand tumor clonality.
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What can we learn from gene expression data?
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Gene expression data analysis

– Differential expression analysis
Between two groups, which genes are
– up-regulated?
– down-regulated?

– Classification
E.g. tumor classification

– Clustering gene expression data
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Clustering gene expression data

– Group samples
– Group together tissues that are similarly affected by a disease
– Group together patients that are similarly affected by a disease

– Group genes
– Group together functionally related genes
– Group together genes that are similarly affected by a disease
– Group together genes that respond similarly to an experimental condition
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Clustering gene expression data

Goals
– Build regulatory networks
– Discover subtypes of a disease
– Infer unknown gene function
– Reduce dimensionality
– Visualization
Popularity
– Pubmed hits (mid-2018): 23 046 for “"gene expression" AND clustering”
– Toolboxes: MatArray, Cluster3, GeneCluster, Bioconductor, GEO tools, . . .
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Summary

– The amount of mRNA transcribed from a gene is highly variable.
– It is controlled by multiple, complex mechanisms.
– It can be measured

– Using DNA microarrays;
– Using whole-genome techniques, such as RNA-seq.

– The analysis of gene expression data helps us understanding the underlying
biology.
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2. Clustering
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What is clustering?
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Goals and motivation

– Given a set of objects, group them into clusters:
classes that are unknown beforehand (unsupervised learning)

– Understand general characteristics of the data
– Visualize the data
– Infer some property of a data point based on how it relates to other data points
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Applications

– Cluster images to find categories

– Cluster financial time series or transactions to find structure and patterns
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Applications

– Cluster people in social networks to detect communities
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Applications

– Cluster proteins in interaction networks

– Cluster patient clinical data to find disease subtypes
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Applications

– Cluster protein sequences

32



Applications
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Clustering distances/similarities
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Distances and similarities

– Goal: assess how close/far
– data points are from each other
– a data point is from a cluster
– two clusters are from each other

– Distance metric

– d : X → R+

– d(x, x) = 0 ∀x ∈ X
– d(x, y) = d(y, x) ∀x, y ∈ X
– d(x, y) ≤ d(x,w) + d(w, y) ∀x, y,w ∈ X (triangle inequality)

– Convert a distance into a similarity:

sim(x, y) =
1

1+ dist(x, y)
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Pearson’s correlation

Correlation between gene x and y, given n samples
(or correlation between samples x and y, given n genes)

ρ(x, y) =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
∑n
i=1(yi − ȳ)2

Curves of similar shapes will be close to each other, even if they differ in
magnitude.
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Euclidean distance

Distance between genes x and y, given n samples
(or distance between samples x and y, given n genes)

d(x, y) =

√√√√ n∑
i=1

(xi − yi)2

Magnitude is taken into account.
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Euclide vs. Pearson

“Pearson”: 1− ρ
– If we want genes that are co-expressed to be similar: use Pearson
– If samples = timepoints and we want genes that have a similar dynamic to be
similar: use Euclide.
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Evaluating clusters
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Clusters shape

– Cluster tightness (homogeneity)

k∑
i=1

1
|Ci|
∑
x∈Ci

d(x, µi)︸ ︷︷ ︸
Ti

– Cluster separation
k∑
i=1

k∑
j=i+1

d(µi, µj)︸ ︷︷ ︸
Si,j

– Davies-Bouldin index

Di := max
j:j6=i

Ti + Tj
Si,j

DB :=
1
k

k∑
i=1

Di
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Clusters shape

– Silhouette coefficient

s(x) =
b(x)− a(x)
max(a(x), b(x))

a(x): average dissimilarity of x with the other points in the same cluster
b(x): lowest average dissimilarity of x with any other cluster

s(x) is close to 1 if x is very close to other points in the same cluster and very far
from points in other clusters.
If s(x) is close to−1, then x would be more appropriately assigned to its
neighboring cluster (the one that it has lowest average dissimilarity to).
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Clusters stability

How do you split this in 2 clusters? 3 clusters?
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Clusters stability

image from [von Luxburg, 2009]

Does the solution change if we perturb the data?
– Bootstrap
– Add noise
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Gene Ontology enrichment analysis

Do clusters correspond to natural/relevant categories?
“The GO project has developed three structured controlled vocabularies (ontologies) that
describe gene products in terms of their associated biological processes, cellular
components and molecular functions in a species-independent manner.”

– The Gene Ontology (GO)
http://geneontology.org/

– Cellular Component: where in the cell a gene acts
– Molecular Function: function(s) carried out by a gene product
– Biological Process: biological phenomena the gene is involved in (e.g. cell cycle,
DNA replication, limb formation)

– Hierarchical organization (“is a”, “is part of”).
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Gene Ontology enrichment analysis

– TANGO [Tanay, 2003]

– Are there more genes from a given GO class in a given cluster than expected by
chance?

– Assume genes sampled from the hypergeometric distribution

Pr(|C ∩ G| ≥ t) = 1−
t∑
i=1

(|G|
i

)(n−|G|
|C|−i

)( n
|C|
)

– Correct for multiple hypothesis testing
– Bonferonni too stringent (dependencies between GO groups )
– Empirical computation of the null distribution
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Hierarchical clustering
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Principle

Hierarchical clustering groups data over a variety of possible scales, in a
multi-level hierarchy.
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Construction

– Agglomerative approach (bottom-up)
Start with every element in its own cluster, then iteratively join nearby clusters.

– Divisive approach (top-down)
Start with a single cluster containing all elements, then recursively divide it
into smaller clusters.
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Linkage

– single linkage: d(A, B) = minx∈A,y∈B d(x, y)
– complete linkage: d(A, B) = maxx∈A,y∈B d(x, y)
– average (arithmetic) linkage:

d(A, B) =
∑
x∈A,y∈B

d(x, y)
|A||B|

also called UPGMA (Unweighted Pair Group Method with Arithmetic Mean)
– average (centroid) linkage:

d(A, B) = d(
∑
x∈A

x
|A|
,
∑
y∈B

y
|B|

)

also called UPGMC (Unweighted Pair-Group Method using Centroids)

49



Linkage

– Ward linkage:

d(A, B) =
∑
x∈A∪B

||x− cA∪B||2 −

(∑
x∈A
||x− cA||2 +

∑
x∈B
||x− cA||2

)

=
|A||B|
|A|+ |B|

||cA − cB||2

– cA =
∑

x∈A
x
|A| centroid of cluster A

– Only makes sense with Euclidean distance
– Join the two clusters that lead to the mininal intra-cluster variance.
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Linkage
single linkage = 0.22
complete linkage = 1.97
UPGMC = 1.01
UPGMA = 1.10
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Hierarchical clustering advantages and drawbacks

Advantages
– Does not require to set the number of clusters
– Good interpretability.
Drawbacks
– Computationally intensive: O(n2log n)
– Hard to decide at which level of the hierarchy to stop
– Lack of robustness
– Risk of locking accidental features (local decisions).
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Dendograms

abcdef

bcdef

def

de

d e f

bc

b ca

Applications in the life sciences
– Phylogenic trees
– Sequences analysis:
infer the evolutionary history of sequences
being compared

– Gene expression clustering.
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Case study: The Eisen 1998 PNAS paper
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A seminal paper [Eisen et al., 1998]
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Motivation

– Arrange genes according to similarity in pattern of gene expression
– Graphical display of output
– Efficient grouping of genes of similar functions
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Data

– Saccharomyces cervisiae:
– DNA micro-arrays containing all ORFs
– Diauxic shift; mitotic cell division cycle; sporulation; temperature and reducing
shocks

– Human
– 9 800 cDNAs representing∼ 8 600 transcripts
– fibroblasts stimulated with serum following serum starvation

– Pre-processing:
Cy5 (red) and Cy3 (green) fluorescences→ log2(Cy5/Cy3)
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Methods

– Distance: Pearson’s correlation
– Pairwise average-linkage cluster analysis
– Ordering of elements:

– Ideally: such that adjacent elements have maximal similarity (inpractical)
– In practice: weight genes by average gene expression, chromosomal position
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Results

– Genes “present” more than once cluster
together

– Genes of similar function cluster together
– cluster A: cholesterol biosyntehsis
– cluster B: cell cycle
– cluster C: immediate-early response
– cluster D: signaling and angiogenesis
– cluster E: tissue remodeling and wound healing
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Results

– cluster E: genes encoding glycolytic enzymes
share a function but are not members of large protein
complexes

– cluster J: mini-chromosomoe maintenance DNA replication
complex

– cluster I: 126 genes strongly down-regulated in response
to stress
112 of those encode ribosomal proteins
Yeast responds to favorable growth conditions by
increasing the production of ribosome, through
transcriptional regulation of genes encoding ribosomal
proteins

– cluster I: 126 genes strongly down-regulated in response to stress
112 of those encode ribosomal proteins
Yeast responds to favorable growth conditions by increasing the production of
ribosome, through transcriptional regulation of genes encoding ribosomal
proteins
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Validation

Randomized data does not cluster
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Conclusions

– Hierarchical clustering of gene expression data groups together genes that are
known to have similar functions

– Gene expression clusters reflect biological processes
– Coexpression data can be used to infer the function of new / poorly
characterized genes
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More examples of hierarchical clustering

– MammaPrint: Predict the risk for an early-stage breast tumor to metastasize.
[Van’t Veer et al., 2002]

MammaPrint is used as a companion test worldwide.
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More examples of hierarchical clustering

– Microbiota analysis separates elderly subjects based upon where they live.
[Claesson et al., 2012]
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More examples of hierarchical clustering

– Identification of 17 genes predictive of clinical outcome of ER-targeted
therapies in breast cancer [Bergamaschi et al., 2011].
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K-means
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Principle

Partition the data in K clusters so as to minimize the intra-cluster variance
(within cluster sum of squares).

V =
∑
k=1...K

∑
xj∈Sk

||xj − µk||2

– S1, S2, . . . , SK are the clusters
– µk is the mean of cluster Sk

NP-hard problem in general.
source: scikit-learn.org
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Lloyd’s algorithm

– Partition the data into K clusters at random
– Compute the mean (centroid) of each cluster
– Assign each point to the cluster whose mean it is closest to
– Repeat until cluster membership converges

Demo

Source: David Kosbie, CMU

– What is the complexity of this algorithm?
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K-medoids

Identical to K-means, but one uses medoids instead of centroids.
– medoid: point of the cluster that is closest to its mean (centroid)

mk = argminxj∈Sk ||xj − µk||
2

– Only uses points that are in the dataset.
– Computational speedup
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K-means/K-medoids Pros and Cons

Advantages
– Relatively efficientO(nptK)
n objects, p features, K clusters, t iterations

– Easily implementable
Drawbacks
– Need to specify K ahead of time
– Sensitive to noise and outliers
– Stochastic: Results depend on the initial, random partition
→ k-means++

– Clusters are forced to have convex shapes
→ kernel k-means
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More clustering algorithms

– soft clustering
– disjunctive clustering
– density-based approaches E.g. DBSCAN
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Current challenges

– Tumor heterogeneity
– Biclustering (or co-clustering): Simultaneous clustering of rows and columns.
– Analysing RNA-Seq data
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Summary

– Clustering is a form of unsupervised learning
– Its goal is to uncover classes in the data
– It depends on the choice of distance metric
– Its quality can be evaluated on a variety of criteria:

– inter- or intra-cluster distance
– stability
– matching “natural” categories

– Clustering algorithms include
– Hierarchical clustering
– k-means clustering
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