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Day 3: Counting reads

1.  QC of aligned reads – recap

2.  counting reads
• working with read counts
• normalizing
•  transforming

3.  similarity assessments
• hierarchical clustering
• PCA



Summary read alignment
•  aligning unspliced reads is not too difficult, but it still takes a long time (depending on the size 

of the genome)

•  aligning reads that cover exon-exon junctions after splicing is more complicated than 
continuous (unspliced) reads because they don’t have exact continuous matches in the 
reference genome

•  identifying novel splice junctions is error-prone and far from being solved (see refs in footnote 
on p. 20 of the course notes)

•  the file format for storing aligned reads (SAM/BAM) is fairly standardized, but the optional 
fields (and how alignment tools interpret some of the mandatory entries) leave lots of room for 
variability

•  the file format(s) for storing genome annotation (e.g. genes, transcripts) tend to be even stricter 
defined and even less well followed (aka it’s a mess!)

•  historically, samtools are the most widely used tools when it comes to exploring and 
manipulating SAM/BAM files (although there are alternatives, e.g. bamtools)

•  QC of aligned read files is at least as important as QC of the raw reads, if not more so!



QC recap

•  aligned reads QC
•  % (uniquely) aligned reads
•  % exonic vs. intronic/intergenic
•  gene diversity
•  gene body coverage

•  raw reads QC 
•  adapter/primer/other contaminating and 

over-represented sequences
•  sequencing quality
•  GC distributions
•  duplication levels

FastQC
(QoRTs)

geneBody_coverage.py

aligner’s log files
samtools flagstat

RSeQC
QoRTs

MultiQC
…



Visualize the results!

https://github.com/friedue/course_RNA-seq2015/blob/master/01_Alignment_visualizeSTARresults.pdf 

QoRTs & MultiQC can help with the visualization – you may need to find your own 
solutions, though



COUNTING READS
from alignments to count tables
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Quantifying expression

https://www.youtube.com/watch?v=ztyjiCCt_lM

Disclaimer:
There are 3 schools of thought when it comes to how expression values should be 
generated. We currently present the one that’s based on the raw reads and gene 
overlaps. See the course notes for references for the other strategies’ arguments.

genes != transcripts



http://www-huber.embl.de/users/anders/HTSeq/doc/count.html#count

Counting read–gene overlaps

featureCounts will use read-gene overlaps 
as small as 1 bp

multi-overlap reads will be discarded



http://www.nature.com/nmeth/journal/v8/n6/full/nmeth.1613.html



at the saturated sensitivity and precision values (Table 2). These
sets are obtained when mean coverage is equal to 100 and com-
prise the best reconstruction achievable using these methods
with standard parameter settings.

For these transcript sets, the correlation between true and
estimated expression values of TP transcripts for Cufflinks is 0.95
and for Oases is 0.85 (Table 2). A lower correlation for the de novo
set is expected, given that the corresponding transcript set con-
tains more non-existent transcripts, which absorb some of the
true expression signal. The correlation for Cufflinks is compar-
able with that of some of the simulated curated annotation sets.

The FP=TP ratio is significantly higher for computational
methods than for reference-based methods using annotations
with similar accuracy. This is because FP transcripts that are re-
constructed from the data are necessarily supported by reads,
and thus have expression signal assigned to them, whereas se-
quence in FP transcripts in a curated annotation set will in gen-
eral not coincide with read sequence in the data, and so will be
assigned low expression values. Cufflinks appears worse in this
respect, as on average it assigns the equivalent of 81% of mean
TP expression to FP transcripts, while for Oases this value is
only 41% (Table 2). This is consistent with Cufflinks assembling
fewer incorrect transcripts than Oases, which concentrates the
signal in a smaller number of FP transcripts.

The correlation of TP transcripts reconstructed by Cufflinks
is high relative to the low sensitivity (s¼ 0.36) of the method. As
the more highly expressed transcripts are more likely to be re-
constructed accurately (Figure 6) than the more lowly expressed
transcripts and as highly expressed transcripts are easier to es-
timate accurately (on the logarithmic scale), the result is a high
correlation for a small subset of the truly expressed transcripts.

We note that the sampling of TP annotated transcripts in
our simulations does not depend on the expression level,
which is favourable towards reconstruction methods. As we
have shown (Figure 2), the annotated fraction of truly expressed
transcripts tends to be more highly expressed than the unanno-
tated fraction. Thus, the TP correlations for the annotation-
based approach are conservative.

Transcriptome reference-guided reconstruction
provides modest improvements in accuracy of
expression estimates

The CufflinksþRABT approach supplements a curated annota-
tion transcript set with additional reconstructed transcripts
required to explain the data. In our simulation set-up, we con-
sider the range of annotation sets with different sensitivities
and precisions, as above. We present two aspects of the results:
firstly the effect that RABT has on the sensitivity and precision
of the final transcript set, and secondly the correlation between
true and estimated expression of the TP transcripts and the
overall FP=TP ratio.

Supplementing annotated transcripts with reconstructed
transcripts using CufflinksþRABT generally increases sensitiv-
ity (the starts and ends of the arrows in Figure 7 point to the
annotated and supplemented sensitivities and precisions, re-
spectively). When using annotations with the lowest sensitivity
of s¼ 0.2, RABT roughly doubles sensitivity of the transcript set.
The gains in sensitivity decrease substantially as the sensitivity
of the annotations increases and are not noticeable beyond
s¼ 0.6. Thus, CufflinksþRABT is no better than an annotation-
based approach overall when the sensitivity of annotations is
moderate to high.

Table 2. Performance of the computational transcriptome recon-
struction methods

Cufflinks Oases

Sensitivity 0.36 0.36
Precision 0.45 0.17
Correlation of TPs 0.95 0.85
FP=TP 0.81 0.41

Sensitivity, precision, correlation between true and estimated expression of TP tran-
scripts and FP=TP for the computational transcriptome reconstruction methods.

Figure 6. Estimated expression levels of reconstructed transcripts by Cufflinks.
Densities of the log expression estimates of transcripts properly reconstructed and
incorrectly reconstructed by Cufflinks (p ¼ 2:17# 10$6, Kolmogorov–Smirnov test).

Figure 7. Log expression estimates for FP transcripts obtained using RABT.
Densities of the log expression estimates of FP transcripts reconstructed by
RABT and FP transcripts present in the simulated annotation set used by RABT
as a starting point (s ¼ 0.6, p¼0.4).
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•  Transcriptome reconstruction 
suffers from bad precision and 
bad sensitivity => many FP 
transcripts (esp. for tricky 
transcriptomes)!

•  False transcripts capture a 
considerable portion of the reads

Janes et al. (2015). Briefings in Bioinformatics, (January), 1–9. doi:10.1093/bib/bbv007

Please don’t rely on transcriptome 
reconstruction unless you really need to

instead of transcript reconstruction, perhaps resort to:
•  transcript quantification with pseudo-alignments à kallisto, salmon
•  exon counts à DEXSeq
•  focus on specific splice events à MISO

This includes Cufflinks!

incorrect

correct
sensitivity 
saturates 
around .35 



From counting reads to expression units

7.1 Additional tables

Table 12: Normalization methods for the comparison of gene read counts within the same sample.

Name Details Comment

RPKM (reads
per kilobase of
exons per
million mapped
reads)

1. For each gene, count the number of reads mapping
to it.

2. Divide that count by: the length of the gene in
base pairs divided by 1,000 multiplied by the total
number of mapped reads divided by 106.

RPKMi =
Xi

(
li
103

)(
N

106
)

• introduces a bias in
the per-gene
variances, in
particular for lowly
expressed genes
(Oshlack and
Wakefield, 2009)

• implemented in
edgeR’s rpkm()
function

FPKM
(fragments per
kilobase...)

1. Same as RPKM, but for paired-end reads:
2. The number of fragments (defined by two reads

each) is used.

• implemented in
DESeq2’s fpkm()
function

TPM Instead of normalizing to the total library size, TPM
represents the abundance of an individual gene i in re-
lation to the abundances of the other transcripts (e.g.,
j) in the sample.

1. For each gene, count the number of reads map-
ping to it and divide by its length in base pairs (=
counts per base).

2. Multiply that value by 1 divided by the sum of all
counts per base of every gene.

3. Multiply that number by 106.

TPMi =
Xi

li
⇤

1

P
j

Xj

lk

⇤ 106

• details in Wagner
et al. (2012)
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•  Raw counts: number of reads (or fragments) 
overlapping with the union of exons of a gene

strongly influenced by:
•  gene length
•  transcript sequence (% GC)
•  sequencing depth 
•  expression of all other genes 

in the same sample

raw counts != expression strength

may cause variations for 
different genes 
expressed at the same 
level

may cause variations for 
the same gene in 
different samples 



Different expression units you will hear about

7.1 Additional tables

Table 12: Normalization methods for the comparison of gene read counts within the same sample.

Name Details Comment

RPKM (reads
per kilobase of
exons per
million mapped
reads)

1. For each gene, count the number of reads mapping
to it.

2. Divide that count by: the length of the gene in
base pairs divided by 1,000 multiplied by the total
number of mapped reads divided by 106.

RPKMi =
read count of gene i

(
length of gene i

103
)(
library size

106
)

• introduces a bias in
the per-gene
variances, in
particular for lowly
expressed genes
(Oshlack and
Wakefield, 2009)

• implemented in
edgeR’s rpkm()
function
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kilobase...)

1. Same as RPKM, but for paired-end reads:
2. The number of fragments (defined by two reads

each) is used.

• implemented in
DESeq2’s fpkm()
function

TPM Instead of normalizing to the total library size, TPM
represents the abundance of an individual gene i in re-
lation to the abundances of the other transcripts (e.g.,
j) in the sample.

1. For each gene, count the number of reads map-
ping to it and divide by its length in base pairs (=
counts per base).

2. Multiply that value by 1 divided by the sum of all
counts per base of every gene.

3. Multiply that number by 106.

TPMi =
Xi

li
⇤

1

P
j

Xj

lk

⇤ 106

• details in Wagner
et al. (2012)

c� 2015-2016 Applied Bioinformatics Core | Weill Cornell Medical College Page 65 of 71

7.1 Additional tables

Table 12: Normalization methods for the comparison of gene read counts within the same sample.

Name Details Comment

RPKM (reads
per kilobase of
exons per
million mapped
reads)

1. For each gene, count the number of reads mapping
to it.

2. Divide that count by: the length of the gene in
base pairs divided by 1,000 multiplied by the total
number of mapped reads divided by 106.

RPKMi =
Xi

(
li
103

)(
N

106
)

• introduces a bias in
the per-gene
variances, in
particular for lowly
expressed genes
(Oshlack and
Wakefield, 2009)

• implemented in
edgeR’s rpkm()
function

FPKM
(fragments per
kilobase...)

1. Same as RPKM, but for paired-end reads:
2. The number of fragments (defined by two reads

each) is used.

• implemented in
DESeq2’s fpkm()
function

TPM Instead of normalizing to the total library size, TPM
represents the abundance of an individual gene i in re-
lation to the abundances of the other transcripts (e.g.,
j) in the sample.

1. For each gene, count the number of reads map-
ping to it and divide by its length in base pairs (=
counts per base).

2. Multiply that value by 1 divided by the sum of all
counts per base of every gene.

3. Multiply that number by 106.

TPMi =
Xi

li
⇤

1

P
j

Xj

lk

⇤ 106

• details in Wagner
et al. (2012)

c� 2015-2016 Applied Bioinformatics Core | Weill Cornell Medical College Page 65 of 71

7.1 Additional tables

Table 12: Normalization methods for the comparison of gene read counts within the same sample.

Name Details Comment

RPKM (reads
per kilobase of
exons per
million mapped
reads)

1. For each gene, count the number of reads mapping
to it.

2. Divide that count by: the length of the gene in
base pairs divided by 1,000 multiplied by the total
number of mapped reads divided by 106.

RPKMi =
Xi

(
li
103

)(
N

106
)

• introduces a bias in
the per-gene
variances, in
particular for lowly
expressed genes
(Oshlack and
Wakefield, 2009)

• implemented in
edgeR’s rpkm()
function

FPKM
(fragments per
kilobase...)

1. Same as RPKM, but for paired-end reads:
2. The number of fragments (defined by two reads

each) is used.

• implemented in
DESeq2’s fpkm()
function

TPM Instead of normalizing to the total library size, TPM
represents the abundance of an individual gene i in re-
lation to the abundances of the other transcripts (e.g.,
j) in the sample.

1. For each gene, count the number of reads map-
ping to it and divide by its length in base pairs (=
counts per base).

2. Multiply that value by 1 divided by the sum of all
counts per base of every gene.

3. Multiply that number by 106.

TPMi =
Xi

li
⇤

1

P
j

Xj

lk

⇤ 106

• details in Wagner
et al. (2012)

c� 2015-2016 Applied Bioinformatics Core | Weill Cornell Medical College Page 65 of 71

•  Raw counts: number of reads/
fragments overlapping with the union of 
exons of a gene

•  [RF]PKM: Reads/Fragments per 
Kilobase of gene per Million reads 
mapped

•  TPM: Transcripts Per Million

•  rlog: log2-transformed count data 
normalized for small counts and library 
size (DESeq2)

gene read 
counts per bp

all gene 
counts per all 

gene bp

gene length seq. depth



Avoid [RF]PKM and 
total read count 
normalization for 

DGE! 

FP rates for varying % of DE genes (0-30%) 

Dillies et al.(2012). Briefings in Bioinformatics. doi:10.1093/bib/bbs046

Effects of normalization methods on FC calculation 
and DGE analysis

if you need normalized 
expression values, use 
TPM or DESeq’s rlog



Let’s count some reads & 
explore in R!


Please save the .RData and 

the commands!


You will need them tomorrow!



Clustering gene expression values

NATURE BIOTECHNOLOGY   VOLUME 23   NUMBER 12   DECEMBER 2005 1499

How does gene expression clustering work?
Patrik D’haeseleer

Clustering is often one of the first steps in gene expression analysis. How do clustering algorithms work, which ones 
should we use and what can we expect from them?

Our ability to gather genome-wide expression 
data has far outstripped the ability of our puny 
human brains to process the raw data. We can 
distill the data down to a more comprehensible 
level by subdividing the genes into a smaller 
number of categories and then analyzing those. 
This is where clustering comes in.

The goal of clustering is to subdivide a set 
of items (in our case, genes) in such a way that 
similar items fall into the same cluster, whereas 
dissimilar items fall in different clusters. This 
brings up two questions: first, how do we 
decide what is similar; and second, how do we 
use this to cluster the items? The fact that these 
two questions can often be answered indepen-
dently contributes to the bewildering variety 
of clustering algorithms.

Gene expression clustering allows an open-
ended exploration of the data, without get-
ting lost among the thousands of individual 
genes. Beyond simple visualization, there are 
also some important computational applica-
tions for gene clusters. For example, Tavazoie 
et al.1 used clustering to identify cis-regulatory 
sequences in the promoters of tightly coex-
pressed genes. Gene expression clusters also 
tend to be significantly enriched for specific 
functional categories—which may be used to 
infer a functional role for unknown genes in 
the same cluster.

In this primer, I focus specifically on clus-
tering genes that show similar expression pat-
terns across a number of samples, rather than 
clustering the samples themselves (or both). I 
hope to leave you with some understanding 
of clustering in general and three of the more 
popular algorithms in particular. Where pos-

sible, I also attempt to provide some practical 
guidelines for applying cluster analysis to your 
own gene expression data sets.

A few important caveats
Before we dig into some of the methods in 
use for gene expression data, a few words of 

caution to the reader, practitioner or aspiring 
algorithm developer:

•  It is easy—and tempting—to invent yet 
another clustering algorithm. There are hun-
dreds of published clustering algorithms, 
dozens of which have been applied to gene 

Patrik D’haeseleer is in the Microbial Systems 
Division, Biosciences Directorate, Lawrence 
Livermore National Laboratory, PO Box 808,
L-448, Livermore, California 94551, USA.
e-mail: patrikd@llnl.gov
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Figure 1  A simple clustering example with 40 genes measured under two different conditions. 
(a) The data set contains four clusters of different sizes, shapes and numbers of genes. Left: each 
dot represents a gene, plotted against its expression value under the two experimental conditions. 
Euclidean distance, which corresponds to the straight-line distance between points in this graph, was 
used for clustering. Right: the standard red-green representation of the data and corresponding cluster 
identities. (b) Hierarchical clustering finds an entire hierarchy of clusters. The tree was cut at the level 
indicated to yield four clusters. Some of the superclusters and subclusters are illustrated on the left.
(c) k-means (with k = 4) partitions the space into four subspaces, depending on which of the four 
cluster centroids (stars) is closest. (d) SOM finds clusters, which are organized into a grid structure
(in this case a simple 2 × 2 grid).
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Experiment 2

single-sample (or single-gene) clusters 
are successively joined 

+  “unbiased” 
-  not very robust 

• Similarity measures
•  Euclidean
•  Pearson correlation

• Distance measures
•  Complete: largest distance
•  Average: average distance

hclust: stepwise algorithm that iteratively builds a hierarchy of similar samples

Figure from D’haeseleer P. Nat Biotechnol. 2005 Dec;23(12):1499-501. 10.1038/nbt1205-1499 !



PCA

http://www.cs.otago.ac.nz/cosc453/student_tutorials/principal_components.pdf 

starting point: matrix with expression values per gene and sample, 
e.g. 7,100 genes x 10 samples

If we want to understand the main differences between 
SNF2 and WT samples, the most detailed view (with the 
most “dimensions”) would entail all 7,100 genes.

However, it is probably enough to focus on the genes that 
are actually different.
In fact, it’ll be even better if we could somehow identify 
entire groups of genes that capture the majority of the 
differences.

PCA does exactly that (“grouping genes”) using the 
correlation amongst each other. 2 PCs (or more) x 10 samples


