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Abstract. In the field of RNA-Seq transcriptomics, detecting differ-
ences in expression levels between two data-sets remains a challenging
question. Most current methods consider only point estimates of the
expression levels, and thus neglect the uncertainty of these estimates.
Further, testing for differential expression is often done on predefined
regions. Here, we propose Pardiff, a method that reconstructs the profile
of differential expression at a base-pair resolution and incorporate uncer-
tainty via the use of a Bayesian framework. This method is built on our
approach, Parseq, to infer the transcriptional landscape from RNA-seq
data.

A program, named Pardiff, implements this strategy and will be made
available at: http://www.lgm.upmc.fr/parseq/.

1 Introduction

Various technologies allowing genome wide profiling of the transcriptional ac-
tivity have emerged in the last two decades. The microarray technology first
monitored those types of changes at the gene, and then down to the exon level
[7], [6]. More recently, the surge in throughput from sequencing technologies,
like Illumina or SOLiD, has raised this resolution to the basepair. Deep sequenc-
ing of the transcriptome (RNA-Seq) consists in random shearing of transcripts,
followed by amplification and sequencing of the RNA population. An RNA-Seq
experiment produces millions of reads which, after alignment to the reference
genome, serve to estimate the expression landscape [15].

One traditional question is, starting from two or more controlled experiments,
to identify the set of elements that exhibit differential expression (DE). Answer-
ing this question is an important step towards formulating a biological hypothe-
sis or for instance deriving disease biomarkers. In statistical terms, the question
translates into detecting significant changes of expression level, after accounting
for the sources of experimental and biological variability. However, this tradi-
tional statistical standpoint does not consider the magnitude of the effect, and
authors proposed to overcome this limitation by directly testing whether fold
change is above a given level [13].
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The analysis of DE usually starts from predefined units of possible change,
such as genes, exons or transcript isoforms. In this case, after cumulating counts
at unit level, one can estimate the statistical significance of differences [1], [17],
[18]. Replicating the data sets permits the control of expression variability and
mitigates the incertitude on expression level estimation. A challenging problem
arises when these units of potential DE are not known. In this case, one faces
the problem of having to jointly delineate the boundaries of the DE regions and
estimating the magnitude of the DE.

Approaches to tackle this problem group in two categories. The first category
consists of estimating the transcript structures from the different datasets (used
separately or jointly) and then applying DE detection methods on predefined
units. The second category computes the DE profile from the read coverage in
the two conditions and then segment this profile into DE regions. The first op-
tion is made possible by several methods [11], [14], [19] that deal with transcript
reconstruction. In this case, the DE units are derived from the estimated tran-
script structure and DE changes within those units remain invisible. Inferring
DE regions directly from the DE profile provide a more detailed view of DE
landscape but may raise problems concerning the correspondence to previous
annotation. A work in progress belonging to this second category of approaches
is presented in [10] where, from multiple replicates, coverage difference at po-
sition resolution are used to reconstruct DE regions. When replicates are not
available alternative ways to control the incertitude should be considered.

Here we propose another method that also belongs to the second category of
approaches and provides at base-pair resolution, both the regions whose expres-
sion changed above a given fold and an estimate of the change magnitude. Our
approach builds upon a statistically sounded model, Parseq [14], for the analysis
of the transcriptional landscape whose inference recovers the posterior distribu-
tion of expression levels for each genomic position. We complement this infor-
mation by inferring regions which are statistically differentially expressed at a
minimal fold change. After a description of the Parseq model, we will present our
method, Pardiff which detects DE regions at a given fold change from RNA-Seq
data. Then we will illustrate the relevance of such a strategy on semi-synthetic
data-sets derived from an RNA-Seq experiment conducted on S. cerevisae.

2 Methods

2.1 Reconstruction of Transcriptional Profiles with Parseq

Given an RNA-Seq experiment, after alignment of the reads to the genome, we
observe at each position t the counts yt of reads starting at this position. We
denote the transcription level by ut (ut and vt in the case of two conditions).
This level is by construction proportional to the expectation of yt.

Our aim is to reconstruct the trajectory u = (ut)t≥1, i.e. estimate expected
values and credibility intervals along the genome and identify breakpoints from
the sequence of read counts y = (yt)t≥1. For this purpose we consider a State
Space Model where ut is a hidden variable taking values on the real half line
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[0; +∞) whose distribution depends on ut−1 via a Markov transition kernel and
yt is an observation whose emission distribution depends on ut. This framework
allows accounting for the longitudinal dependency between the ut’s and provides
great flexibility in the modeling of yt given ut. However, parameter inference and
trajectory reconstruction is more challenging than in a classical HMM where only
discrete values are considered for the hidden variable.

We recall shortly the characteristics of the Markov transition kernel and emis-
sion model underlying Parseq, more details are provided in [14].

Longitudinal model of transcriptional level Following the work of [16] on tiling
array data, the Markov transition writes as a mixture of different change types,
aiming at differentiating expressed (ut > 0) and non expressed (ut = 0) regions:

k(ut;ut−1) = 1{ut−1=0}
[
(1 − η)δ0(ut) + ηf(ut)

]

+1{ut−1>0}
[
αδut−1(ut) + βf(ut) + β0δ0(ut) + γ g(ut;ut−1, λ)

]
,

where 1 denotes the indicator function indicating the expression status at t− 1,
and δx denotes the Dirac delta function with mass at point x that serves to give
a non-zero probability for unchanged expression and for changes to 0 at t. The
parameters η ∈ (0, 1) and (α, β, β0, γ) ∈ (0, 1)4 with α+β+β0+γ = 1 define the
probabilities of the different types of moves. The terms f(ut; ζ) and g(ut;ut−1, λ)
are probability densities for the transcription level ut, at the beginning of a
transcribed region (occurring with probability η when ut−1 = 0) or after a shift
(probability β when ut−1 > 0), and after a drift (probability γ when ut−1 > 0)
respectively. The density f(ut; ζ) corresponds to an exponential distribution of
rate ζ and the parameter λ defines the average relative change caused by drifts.

Read count emission model Due to the sampling nature of the RNA-Seq ex-
periment, we model the distribution of the counts yt as a negative binomial
distribution with expectation that depends on ut. Previous analysis have re-
vealed protocol-specific effects that influence the scale of the observed counts.
Thus, we integrate two types of effect: (1) a position scaling term νt related to
the effect of k-mer composition [12] and (2) a short range correlation term st
modeled by a second sequence of Markov-correlated hidden variables with mean
1 [14]. Integrating the variability sources and adding the possibility of outliers,
our read count emission model is:

yt | ut, st ∼ (1− εb − εo)NB(φ, utstνt) + εbP−{0}(aνt) + ε0 U(0 . . . b) ,
where the parameters (εb, ε0) ∈ (0, 1)2 and εb + ε0 ≤ 1 correspond to the proba-
bility of two different types of outliers,NB(φ, utstνt) is the negative binomial dis-
tribution with mean utstξt and overdispersion φ, P−{0}(a) is the zero-truncated
version of the Poisson distribution with mean a and U(0 . . . b) is the discrete
uniform distribution over (0 . . . b). In practice a and b are respectively set to the
mean and the maximum values of the observed read counts.

Characterizing u|y For the expression reconstruction, we use a recent Sequential
Monte Carlo method known as Particle Gibbs (PG) that makes possible to obtain
exact joint samples of the hidden trajectory and parameters given the data [2].
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The result of the PG algorithms consists in trajectories drawn from u | y and

give access, for each position to ut|y through a sample of N particles (u
(i)
t )Ni=1

Note on Normalization. When we consider more than one condition, the
depth of sequencing (e.g. the total number of reads produced) will directly affect
ut, the inferred transcription level. Under a perfectly controlled experiment, ut

is expected to scale linearly with the depth, and thus people proposed to scale
ut accordingly. However, [4] highlighted that in most transcriptomes a small
fraction of the genes makes up most of the molecular mass, and thus simple
scaling could lead to very unstable normalization. Following classical strategy
for microarray data, we can perform scalar or quantile normalization on the set
of expression levels [3]. The analysis of semi-synthetic data-sets that served here
to compare the perfomance of the methods did not necessitate a normalization
step.

2.2 Statistics to Detect Differential Expression

We want to provide a statistically sounded way of estimating the fold change
and calling regions exhibiting DE above a given fold change level c between two
data-sets. We base our method on the separate estimation of the expression level
on each sample, denoted u = (u)t≥1 and v = (v)t≥1, with Parseq algorithm. Our
goal is to estimate the fold change at a base-pair resolution, that is to estimate
the change between ut and vt where t is the position on the genome. For this
reason, all our variables refer to the position resolution and we often omit to
write the position index t.

The ratio distribution has already attracted attention in sample survey and
many other areas. Multiple approximation were proposed, either from large sam-
ple or hypothesizing a Gaussian distribution of the variables. A more general
approach was also proposed [9] to derive confidence intervals.

A direct point estimate is provided by the ratio of posterior means r̂RM = ū
v̄

where ū and v̄ are expectations of the posterior distributions of the expression
levels u and v in the two conditions as sampled with ParseqMCMC algorithm. To
incorporate the information on uncertainty embeded in the posterior distribution
we also considered fold-change estimate based on the posterior distribution of the
ratio r = u

v . A natural way of doing it is to consider the empirical distribution

of the sample (r)1≤i≤N2 = (u
iu

viv )1≤iu≤N,1≤iv≤N where N is the sample size
drawn from each posterior using Parseq MCMC algorithm and iu and iv the
corresponding sample indexes.

Here, we also analyzed the results obtained with another approximation of
the posterior distribution of the ratio r = u

v build on the hypothesis that the
posteriors on expression levels u and v can be well approximated by a gamma
distribution. Namely, l ∼ γ(κl, θl), l = {u, v}, where the parameters κl and
θl represent the shape and the scale parameters of the gamma distribution. In
practice, examination of the posterior distributions suggest that this assumption
is roughly justified for all of our experiments. Rescaling v by θu

θv
brings the
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two gamma distributions to the same scale while keeping the shapes unchanged
allowing an explicit form of the ratio distribution. The ratio r̃ = u

v · θv
θu

has a
Beta prime distribution B′(κu, κv) with density

π(r̃) =
r̃κu−1 · (1 + r̃)−(κv+κu)

β(κu, κv)
(2.1)

where β refers to the beta function.
The parameters κ and θ can be estimated for each individual posterior using

the method of the moments or by maximum likelihood. By default we use the
moment estimates of κ and θ which gives κ̂l = ū2

l /σ̂
2
l and θ̂l = σ̂2

l /ūl, where σ̂2
l

is the sample estimate for the variance.

Estimating Fold Change and Differential Expression. We approximate
the fold change and the differential expression above a given threshold c by using
these three estimation methods:

1. RM - the point estimate based on the ratio of posterior means r̂RM

2. DR-e - the posterior distribution of the ratio r as approximated by its
empirical distribution;

3. DR-β’ posterior distribution of the ratio r as derived from the Beta prime
approximation r̃ ∼ B′(κu, κv).

We derive the DE at a given fold change c from the cumulative probability
above c (tail function). In each method we obtain the complementary cumulative
probability as follows:

RM: 1{r̂RM≥c}; DR-e:
1

N2

1:N2
∑

iu,v

1{uiu

viv
≥c} and DR-β′:

∫ ∞

c θv
θu

β′
κu,κv

(r) dr.

. Also, we determine positions having a given fold change c. We define a preci-
sion level and for this level build a precision interval [c1, c2] around the target fold
value. We then identify positions with point estimators in this interval or with
a cumulative probability P (c1 ≤ r ≤ c2) greater than a probability threshold.

Annotation of Differentially Expressed Regions. Read coverage variabil-
ity induces uncertainty in the estimation of the expression level, which in turn
can lead to discontinuities in the annotation of DE regions. In order to cluster
positions, we used a local score approach, defined by the classical recurrence
relation:

st = max{st−1 + log zt −m, 0},

where, in the context of DE region detection, zt = π(rt ≥ c) and the score st is
the signal in which we search enriched regions. The penalty m is set higher than
the average of zt, in practice at 0.5. We selected regions with positive score from
the first positive value to the maximum local score in the region. The score was
set back to a null value after the end position of each of these segments to avoid
overlooking downstream high scoring segments.



Pardiff: Inference of Differential Expression at Base-Pair Level 423

3 Results

The difficulty raised by evaluating our strategy on real data motivated the use
of semi-synthetic datasets. The relevance on real cases is shown in the paragraph
on detection of DE positions.

We started from a RNA-Seq experiment which was published in a study on
regulatory non-coding RNAs in S. cerevisae [8] and sequenced on a SOLiD plat-
form (Short Read Archive identifier SRR121907). Currently available RNA-Seq
simulators (simNGS, Flux simulator) do not account for coverage variability as
we observe on real datasets. Thus, we decide to generate synthetic data by taking
real transcript expression values and generating counts according to a dispersion
estimated by Parseq on real datasets.

We simulated data for the first 6 chromosomes of S.cerevisiae using transcripts
from the SGD annotation [5]. For the ”wild” data set (v) we set the expression
level for each transcript to the value computed from real data. This value is ob-
tained by averaging the counts of reads corresponding to each transcript. For the
”mutant” data set (u) we used the same expression levels but we over expressed
randomly 15% of the transcripts (corresponding to 200 transcripts) with folds
change values of 1/4, 2, 4 or 8. To augment resemblance to real data we integrated
in both cases local coverage alterations (s) as estimated on the real data. Condi-
tioning on the expression profile and local alterations we sampled read counts:
yl | l, sl, l ∈ {u, v} according to a Negative Binomial distribution. We used mean
(μ = l · sl) and over-dispersion (φ) parametrization. The parameter φ was set to
2.9, a value estimated by Parseq on the real dataset. We then ran Parseq to esti-
mate the expression profile for both data sets and obtained 2 samples of expression
trajectories ui and vi, i=1:N. For each condition we run 2200 Parseq sweeps with
a thinning step of 10 and we discard the 200 sweeps burn-in. Results using Parseq
estimates were systematically compared with the estimation based on a sliding
100bp window average of the read counts (SW). In order to avoid border effect,
the SW estimate was constrained to the regions covered by at least one read.

For comparison at bp level we considered those positions where Parseq esti-
mated average levels and SW values are above a background value (here 0.01
reads / bp). Reconstruction of DE regions included all values and we set to the
background value all expression values below it. Estimation of parameters for the
fold change distribution is done as described in the methods. However in some
cases, degeneracy of the particles can lead to underestimate of the variance. We
bound the coefficient of variation cv to the maximum between 1�low quantile
cv1� and 0.001 and then recalculate the variance: σ̂lt = lt · cv1�.

Given a level of fold change c, the results are assessed from three different
standpoints: detection of positions with c fold change, of positions with at least
c fold change, and the detection of DE regions of level c or above.

Results are reported in terms of sensitivity and positive predictive values
(PPV) i.e. the fraction of true positives identified TP

TP+FN and the percentage of

positives from total predictions TP
TP+FP . Of main relevance, the comparison of

results obtained using (1) RM, (2) DR-e and (3) DR-β′ will motivate the choice
of having sample estimates of expression level.
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Table 1. Detection of change magnitude at position resolution. Synthetic data results.
Positions expressed in any dataset lower than 0.01 reads/bp were disregarded. We show
sensitivity and positive predictive values. Three fold values (2, 4, 8) were evaluated with
a precision of ± 25% ; the threshold for the cumulative probability was set to 0.3.

DR-e DR-β′ RM SW
Fold Sens. PPV Sens. PPV Sens. PPV Sens. PPV

2 0.93 0.08 0.75 0.13 0.51 0.18 0.34 0.09
4 0.86 0.44 0.73 0.55 0.46 0.61 0.32 0.31
8 0.89 0.52 0.70 0.63 0.45 0.70 0.35 0.51

Fold Change Estimation. We consider a ± 25% precision around the correct
fold change. Considering the theoretical cumulative betaprime function, for this
precision interval, we threshold the cumulative probability (% of ratio values
falling in the precision interval) at 0.3. Increasing this threshold will provide
very high PPV but with significant sensitivity loss while, in reverse, at lower
thresholds sensitivity reaches 1 but with very low PPV. All results based on
Parseq expression level estimations are significantly better in both sensitivity
and PPV that those obtained using SW (table 1). While DR-e and DR-β′ show
high sensitivity values for a moderate PPV decrease comparing to RM, the DR-
β′ seems to mediate better the trade-off between these two indicators.

Differential Expression. Estimation was done at bp precision for thresholds
ranging from 2-fold to 8-fold. RM method performs better than SW mainly
in terms of positive predictions (figure 1). DR-e and DR-β′ results depend on
the probability threshold. High sensitivity values are obtained by lowering the
cumulative probability threshold to 0.25 with the cost of having PPV values
similar to the SW method. We observe that, lowering the sample size, the PPV
loss comparing to RM diminishes in the sensitivity - PPV trade. It is important
to notice is the similar behavior of the DR-e and DR-β′ sustaining the choice of
the gamma distributions in modeling the expression level.

Differential Expression on Real Data. We analyzed the DE at position reso-
lution on data from the study on regulatory non-coding RNAs, Xrn1-sensitive
unstable transcripts (XUTs), in S. cerevisae [8]. XUTs accumulate in the mutant
condition and their loci thus correspond to DE regions. As in [8], we scaled the
reconstructed mutant expression profile so that levels of tRNA and snoRNA is
equal between the two data sets and we excluded already annotated regions [5]
from the DE analysis. To minimize the detection of UTRs we also excluded an
additional 100 bp on both sides of each annotated gene. For DE thresholds rang-
ing from 2 to 8 we compute the sensitivity and PPV in detecting XUT positions
as annotated in the study. Results are shown in figure 2. As for the synthetic
data, DR-e and DR-β′ methods allow a good control of sensitivity with slight
PPV changes.
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Fig. 1. Detection of DE at position level. X-axis: DE threshold. Y-axis: Sensitivity
(top) and PPV (bottom). Sample size 200 (left) and 10 (right). Methods: DR-e (blue
band), DR-β′ (green band), RM (red line) and SW (black dots). Borders for DR-e
and DR-β′ bands: Sensitivity - top and low represent the 0.25 and 0.75 cumulative
probability thresholds; PPV - top and low represent 0.75 and 0.25 thresholds.

Table 2. Accuracy in 5’ End detection of DE regions. Results are shown for 3 values
of DE thresholds. Estimated DE regions below 100 bp were discarded.

DR-e DR-β′ RM SW
Fold Sens. PPV Sens. PPV Sens. PPV Sens. PPV

≥ 2 0.72 0.20 0.72 0.25 0.69 0.25 0.66 0.12
≥ 4 0.57 0.43 0.58 0.39 0.54 0.39 0.63 0.26
≥ 8 0.43 0.39 0.48 0.38 0.38 0.35 0.44 0.23

Detection of DE Regions. To evaluate DE region detection we compared
borders of regions estimated as having a fold change at least the DE threshold
against those of transcripts with simulated fold change above the same threshold.
The absence of noise and of longitudinal bias in the synthetic datasets allowed a
high detection of transcript and DE regions borders. Sensitivity reaches values
above 50% for all methods and most DE thresholds (table 2). Parseq based
approaches have a net improvement in PPV with DR-e and DR-β′ having slightly
higher sensitivity results than RM.

4 Conclusion

This paper describes a method to reconstruct the regions having significant
changes in expression between 2 conditions without recurring to predefined an-
notation and data sets replicates. This method is based on estimates of DE at
position level and mitigates the lack of replicates by accounting for the incerti-
tude in expression level estimation.
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Fig. 2. Detection of XUTs at position level. Detection sensitivity and PPV computed
on the whole repertoire of XUTs are shown as a function of the fold change threshold.
Symbols are the same as in figure 1: DR-e (blue band), DR-β′ (green band), RM (red
line) and SW (black dots); the DR-e and DR-β′ bands are delimited by the 0.25 and
0.75 cumulative probability thresholds.

Parseq, a probabilistic model for inferring expression profiles provides poste-
rior estimates at position resolution which can be used to describe, directly or
by approximation with a Betaprime distribution, the fold change distribution.
Within this framework, we show improvements in the accuracy of predictions for
methods based on empirical and betaprime approximation of ratio distribution,
mainly for the estimation of the fold change.

This probabilistic model opens the way to more sophisticated approaches for
the delineation of regions with constant a fold change, contributing to a better
characterization of differences in expression.
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