Stat Biosci
DOI 10.1007/s12561-012-9057-6

Bias Correction in RNA-Seq Short-Read Counts Using
Penalized Regression
David Dalpiaz · Xuming He · Ping Ma

Received: 21 November 2011 / Accepted: 2 February 2012
© International Chinese Statistical Association 2012

Abstract RNA-Seq produces tens of millions of short reads. When mapped to the
genome and/or to the reference transcripts, RNA-Seq data can be summarized by a
very large number of short-read counts. Accurate transcript quantification, such as
gene expression calculation, relies on proper correction of sequence bias in the RNASeq short-read counts. We use a linear model for the sequence bias, which is much
more flexible than the popular Poisson model. We fit the model using a penalized
regression method, which allows for a significant dimension reduction. The algorithm
is scalable for modeling RNA-Seq data. We demonstrate the excellent performance of
our proposed method by applying it to real examples. The methods are implemented
in open-source code, which is available in the R package lmbc.
Keywords RNA-Seq · Next-generation sequencing · Gene expression · LASSO ·
Regularization · Penalized likelihood

1 Introduction
With the rapid development of second-generation sequencing technologies, RNA-Seq
has become a popular tool for transcriptome analysis [8, 9, 14]. It produces digital
signals and offers the chance to detect novel transcripts by obtaining tens of millions
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of short reads. When mapped to the genome and/or to the reference transcripts, RNASeq data can be summarized by a tremendous number of short-read counts. The huge
number of short-read counts enables researchers to make transcript quantification in
ultra-high resolution.
A number of researchers have worked on transcript quantification, in particular,
the gene expression calculation, using the short-read counts. Mortazavi et al. [8] develop a simple method, in which the expression level of a transcript is quantified as
reads per kilobase of the transcript per million mapped reads to the transcriptome
(RPKM). A variant, FPKM is developed in [11]. These analysis methods assume,
explicitly or implicitly, a naive constant-rate Poisson model, which often fits the data
poorly. Recent work found that short-read counts have significant sequence bias, e.g.,
GC-rich regions tend to have larger read counts than AT-rich regions, see [3], which
makes simple transcript quantification methods like RPKM questionable. Thus, more
elaborate statistical models that can effectively remove the sequence bias of the shortread counts are highly desirable to make transcript quantification more accurate. Li
et al. [7] and Bullard et al. [1] developed Poisson regression models with variable
rates for modeling the short-read counts. However, the short-read counts data are observed to be overdispersed, which renders the Poisson model inadequate. Moreover,
Poisson model-fitting using the iterative re-weighted least squares is computationally
expensive with large data. Because of the inadequate fit of the Poisson model, Li et al.
[7] also attempted a regression tree model, MART [4, 5], which provides a much better fit. However, the price paid is that as an algorithmic approach, the MART model
does not enjoy the nice interpretation of the Poisson model and it is hard to make
statistical inference based on the method.
To surmount these challenges, in this paper, we develop a model-based bias correct
approach, in which we model linearly the sequence bias of logarithm-transformed
read counts as a function of the surrounding dinucleotide configurations. The linear
model enjoys the easy interpretation and many readily available inference tools. We
fit the model using a distance-weighted penalized regression method, which enables
effective dimension reduction. The LARS algorithm is employed for model-fitting,
which provides efficient and fast computation. We demonstrate the excellent performance of our proposed method by applying it to real examples. The methods are
implemented in open-source code, which is available in the R package lmbc.

2 Methods
2.1 Dinucleotide Linear Model
Let nij denote the counts of reads that are mapped to the genome starting at the j th
nucleotide of the ith gene, where i = 1, 2, . . . , G, j = 1, . . . , Li . As observed in [7],
the read counts in each nucleotide in the same gene are highly heterogeneous, and
highly correlated across tissues, see Fig. 1 of [7].
Figure 1 of [7] also suggests that the read counts in a nucleotide might have
bias associated with its genomic position, which can be determined by the neighborhood nucleotide composition. Thus Li et al. [7] considered associating the read
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Fig. 1 An illustration of the
neighborhood overlapping
dinucleotide composition.
A read is mapped to the genome
starting at position 0. Upstream
positions are labeled as negative
and downstream positions are
labeled as positive

counts with neighborhood single nucleotide composition by additive models. In this
paper, we develop a linear model relating the short-read counts in a nucleotide
with its neighborhood overlapping dinucleotide compositions, through which the
nucleotide interactions are naturally built in. We assume that the log transformed
count of reads, yij = log(nij + 1), depends on Ku nucleotide pairs immediately
upstream and Kd nucleotide pairs immediately downstream the read, denoted as
bij,−Ku , bij,−(Ku −1) , . . . , bij,(Kd −1) , bij,Kd , see Fig. 1, through the following linear
model:
yij = α + vi +

Kd 


βkh I (bij k = h) + ij ,

(2.1)

k=−Ku h∈H

where H = {CC, GG, T T , AC, CA, AG, GA, AT , T A, CG, GC, CT , T C, GT ,
T G} (AA was used as 
baseline), α is the grand mean, vi is the main effect of gene
i, under the constraint vi = 0, I (bij,k = h) equals 1 if the kth dinucleotide of the
surrounding sequence is h, and 0 otherwise, βkh is the coefficient of the effect of
dinucleotide h occurring in the kth position, and ij ∼ N (0, σ 2 ). Let K = Ku + Kd .
The constant 1 is added to the original counts to account for positions with zero reads
mapped. This linear model uses 15K + G parameters to model the sequence bias
of read counts. It is worth noting that the trinucleotide composition may be considered in the model, but the large number of parameters, i.e., 63 parameters for each
trinucleotide position, incurs a rapid surge of the computation costs for model-fitting.
2.2 Model-Fitting and the Distance-Weighted Penalized Regression
In practice, the number of upstream nucleotides Ku and Kd in model (2.1) need to
be specified. One way is to assign sufficiently large numbers to Ku and Kd so that
the related dinucleotides are all included in the model. However, if we set Ku = 40
and Kd = 40 (thus K = 80), we will have roughly 1200 dinucleotide coefficients βkh
to estimate. With such a huge number of coefficients, many of which are redundant,
the calculations are unstable and error-prone. To alleviate the computational cost and
to stabilize the algorithm, we use a penalized regression method to determine the
number of nucleotides adaptively. Since the number of overlapping dinucleotides K
corresponds to K single nucleotides, our penalized regression directly searches for
an optimal number of single nucleotides. Among penalized regression methods, the
L1 penalized likelihood procedure is very effective since the L1 penalty encourages
shrinkage of irrelevant predictors to be exactly zero. The standard L1 penalty uses the
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same weights for different predictors. However, the predictors in our model are dinucleotides, and it is observed in [7] that the impact of the nucleotides on the modeling
read counts becomes smaller as the nucleotides get further away from the mapped
reads. We thus consider a distance-weighted L1 penalty [16] in our algorithm so different nucleotides are penalized according to their relative distance to the mapped
reads.
Algorithm
(1) We first fit a single nucleotide model with distance-weighted penalty,

Li
G 


yij − α − vi −

Kd



∗
βkh
I

 ∗

bij k = h

k=−Ku h∈H∗

i=1 j =1

2
+λ

Kd



 ∗
,
wk βkh

k=−Ku h∈H∗

(2.2)
∗ is the nucleotide composition of the kth nucleotide away from the
where bij
k
j th nucleotide in ith gene, λ is the tuning parameter and H∗ = {C, G, T } (A
was used as baseline). The weight wk > 0 will be chosen to be proportional to
a certain power of distance between nucleotide j and the kth nucleotide in the
surrounding sequence [16, 17], i.e., wk = (|k| + 1)γ . We use the LARS/Lasso
algorithm (a.k.a. the homotopy algorithm) to find the solutions for all values of λ.
Even though the solution path for all values of λ can be effectively computed, it is
still highly desirable that one solution is given for a carefully chosen value of λ.
To choose a value of λ with a good balance of goodness-of-fit of the model and
model parsimony, we minimize the Bayesian Information Criterion (BIC).
(2) Based on the parameters of the penalized fit in step 1, we then select the new
∗ = 0 ∀h ∈ {C, G, T }}, and K ∗ = max{k :
sequence endpoints Ku∗ = min{k : βkh
d
∗
βkh = 0 ∀h ∈ {C, G, T }}.
(3) With the selected Ku∗ and Kd∗ and the dinucleotide expansion, we fit the model
(2.1) using the least squares,
Li
G 




i=1 j =1

yij − α − vi −

2

∗

Kd



βkh I (bij k = h)

,

(2.3)

k=Ku∗ h∈H

where H = {CC, GG, T T , AC, CA, AG, GA, AT , T A, CG, GC, CT , T C,
GT , T G}.
This model will then be used to estimate gene expression levels.

3 Results and Discussion
3.1 Datasets
Our model was fitted to three genome-wide RNA-Seq datasets. These datasets will
be referred to as Wold, Burge and Grimmond as in [7]. The Wold data, which come
from [8], consist of 79, 76, and 70 million reads, which are of length 25, generated by
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Illumina’s Solexa. The 79, 76, and 70 million reads each correspond to a subdataset
from brain tissue, liver tissue, and skeletal muscle tissue, respectively. Like Li et al.
[7], when fitting the data, we will use the top 100 genes according to RPKM. So
for the brain, liver and muscle Wold datasets, we are considering 146828, 171776
and 143570 nucleotides for each datasets’ 100 genes, respectively. The Burge data,
which come from [12], consist of three subdatasets which will be referred to as G1,
G2 and G3. G1 consists of adipose, brain and breast tissue. G2 consists of colon,
heart and liver tissue. G3 consists of lymph node, skeletal muscle and testes tissue.
Each has reads ranging from 61 to 77 million. The datasets G1, G2, and G3 each
consider 157614, 125056 and 103394 nucleotides, respectively. The Burge data were
also generated from Illumina’s Solexa with reads of length 32. Lastly, the Grimmond
data, of [2], were generated from ABI’s SOLiD with an original read length of 35.
(Some are truncated into 30 or 25 nucleotides to ensure high quality.) The data consist of two subdatasets, each consisting of 16 million reads from each of two cell
lines, which will be referred to as EB (embryoid bodies) and ES (undifferentiated
mouse embryonic stem cells). The EB subdataset’s top 100 genes considers 51751
nucleotides and the ES subdataset uses 64966 nucleotides. We use the read counts
data for the top 100 genes as prepared by Li et al. [7].
3.2 Tuning the Algorithm
Our algorithm requires several tuning parameters. In this section, we present some
results of various choices we attempted for the parameters. As an assessment of
goodness-of-fit, we calculated the Bayesian Information Criterion (BIC),
BIC = −2loglike + (15K + G) log

G


Li

(3.1)

i=1

where the log-likelihood of the fitted model is
loglike =

Li
G 
2


(log(nij + 1) − log(n
1
1
ij + 1))
log
−
2
2
2
2π σ̂
2σ̂

(3.2)

i=1 j =1

2
2

where log(n
ij + 1) is the fitted value of the model. σ̂ is the estimated σ using the
residual sum of squares.

3.2.1 Determining Weights for Penalized Regression
In the penalized regression, γ , the power of the weights, wk = (|k| + 1)γ needs to be
determined. By fixing γ = 1, 2, . . . , 10 one-at-a-time, we calculated BIC based on the
resulting surrounding sequence, which is presented in Table 1. By inspecting Table 1,
we note that cubic and quartic weights led to the best results most frequently. For simplicity, we opt to use the cubic weight (γ = 3) as our final choice when determining
a surrounding sequence as it frequently preforms very well.
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Table 1 Bayesian Information Criterion (BIC) for linear model with various penalty weights, γ . BICs are
scaled with respect to the sample size of the dataset

Wold

Burge

Grimmond

γ

1

2

3

4

5

6

7

8

9

10

Brain

2.38

2.39

2.39

2.39

2.41

2.39

2.41

2.59

2.66

2.87

Liver

2.57

2.56

2.55

2.56

2.58

2.56

2.58

2.74

2.81

3.00

Muscle

2.76

2.74

2.74

2.74

2.76

2.74

2.76

2.88

2.93

3.10

G1

2.83

2.82

2.82

2.82

2.83

2.83

2.86

2.95

2.99

3.08

G2

3.07

3.07

3.05

3.05

3.06

3.04

3.07

3.15

3.19

3.29

G3

2.97

2.95

2.94

2.94

2.96

2.94

2.97

3.07

3.12

3.22

EB

3.52

3.52

3.52

3.52

3.55

3.52

3.55

3.59

3.65

3.77

ES

3.31

3.26

3.26

3.26

3.29

3.27

3.31

3.35

3.40

3.49

Table 2 The resulting
surrounding sequence lengths
upstream and downstream of the
reads

Dataset

Subdataset

Upstream

Downstream

Wold

Brain

13

14

Liver

17

12

Muscle

13

23

G1

21

20

G2

22

32

G3

25

31

EB

24

25

ES

25

27

Burge

Grimmond

3.2.2 Determining Surrounding Sequence
In our algorithm, the distance-weighted penalized regression results in a sparse set of
parameters βkh . Since each nucleotide position has three associated βkh , we need to
translate the sparse set of parameters βkh into a sparse set of surrounding nucleotides.
In the second step of our algorithm, we select the Ku as the upmost k with all βkh = 0
for h ∈ {C, G, T }, and Kd as the downmost k with all βkh = 0 for h ∈ {C, G, T }. To
examine the effectiveness of this strategy, we compare it with an alternative strategy
which selects Ku as the upmost k with at least one of βkh = 0 for h ∈ {C, G, T },
and Kd as the downmost k with at least one of βkh = 0 for h ∈ {C, G, T }. This
alternative strategy results in a larger Ku and Kd , however after refitting with the
dinucleotide expansion, the goodness-of-fit does not improve enough to justify the
increased number of parameters. This suggests that the strategy used in step 2 is
appropriate. Table 2 presents the sequence lengths determined by our algorithm.
This data-driven method of selecting a surrounding sequence gives different results from that in [7]. We find shorter surrounding sequences are needed for the Wold
datasets, but larger surrounding sequences for the Burge and Grimmond data.
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Table 3 Log-likelihoods for
linear models with single
nucleotide expansion and the fit
with the dinucleotide expansion.
Both fit with surrounding
sequences from Table 2

Dataset

Subdataset

Wold

Burge

Grimmond

Single nucleotide

Dinucleotide

Brain

1.28

1.172

Liver

1.36

1.26

Muscle

1.42

1.34

G1

1.44

1.38

G2

1.54

1.48

G3

1.50

1.42

EB

1.77

1.67

ES

1.66

1.55

3.2.3 Dinucleotide Composition
We also compare the linear model using neighborhood single nucleotide composition with the linear model using our neighborhood overlapping dinucleotide compositions. Table 3 presents the (negative) log-likelihoods for the two models. We can
see the (negative) log-likelihood of the linear model with dinucleotide composition
improves upon that with single nucleotide composition. This improvement can also
be seen through an increase in R 2 (data not shown). For example in the Wold Brain
data, R 2 is increased by 25% from the model with single nucleotides to that with
dinucleotide.
3.3 Comparison of Linear Models with the Existing Models
We now compare our linear model with the Poisson and MART models in [7]. As
a direct comparison of goodness-of-fit, we consider the log-likelihoods of our linear model and the Poisson model. (The MART is an algorithmic method, the loglikelihood cannot be calculated.) Since the read counts are clearly overdispersed, we
also fit a scaled (overdispersed) Poisson model as a fair comparison.
For the Poisson model, the log-likelihood is
loglike =


Li
G 

n̂ij
n̂ij !
nij
1 n̂ij
log
−
− log
σ
σ σ
σ
σ

(3.3)

i=1 j =1

where n̂ij is the fitted value of the model. For the scaled Poisson model σ is the
dispersion parameter estimated by a quasi-likelihood method [13]. For the unscaled
Poisson model, σ is taken to be 1. The predicted counts using linear model and Poisson model for gene TNNc2 in Wold data are given in Fig. 2.
The resulting likelihood of the models for each dataset were summarized in Table 4. Even after adjusting for the dispersion, we see that the linear model outperforms
the scaled Poisson model in terms of log-likelihoods.
In addition to goodness-of-fit, the computational costs of our linear and existing
models are also compared. Table 5 summarize the total runtime for each method.
When recording the runtime of the linear model, we include the time to determine
the surrounding sequence and the time to refit the model with the dinucleotide expansion. For the MART model, we use a predetermined surrounding sequence and
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Fig. 2 Predicted counts for gene Tnnc2. (a) True read counts for the Tnnc2 gene of the Wold muscle data.
(b) Predicted counts for the linear model for the Tnnc2 gene. (c) Predicted counts for the Poisson model
for the Tnnc2 gene

use the default parameters for fitting as suggested by Li et al. [7]. From Table 5, we
can clearly see that there is a significant run time difference between the Poisson
and the linear models. This observation is most notable when fitting with the dinu-
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Table 4 Log-likelihoods for
Poisson and linear models.
Likelihoods are scaled with
respect to the sample size of the
dataset. The Poisson models are
fit with a surrounding sequence
of 40. The surrounding
sequences used for the linear
model are the surrounding
sequences found in Table 2

Dataset

Subdataset

Poisson

Scaled
Poisson

Linear

Wold

Brain

6.54

3.69

1.17

Liver

13.00

4.43

1.26

Muscle

17.00

4.61

1.34

G1

9.32

3.97

1.38

G2

16.8

4.64

1.48

G3

15.6

4.54

1.42

EB

89.95

6.38

1.67

ES

34.79

5.43

1.55

Dataset

Subdataset

Linear

Poisson

MART

Wold

Brain

313

777

2751

Liver

394

900

3314

Muscle

220

513

1733

G1

325

1478

1843

G2

344

2317

527

G3

176

648

1273

EB

90

312

618

ES

125

594

768

Burge

Grimmond

Table 5 Runtime for the linear,
Poisson and MART models.
CPU time (in seconds) for fitting
the models obtained on a PC
with an Intel Xeon E5540
processor and 24 Gbytes of
RAM running openSUSE 11.4
and R 2.12.1. When fitting the
linear model, the time used to
determined the surrounding
sequence is included

Burge

Grimmond

cleotide expansion. As an example for the Wold brain dataset, the linear model (with
sequence selection) runs roughly three times faster than the Poisson model, which
uses an iterative re-weighted least squares algorithm.
3.4 Estimating Gene Expression Levels
Using our linear model, we have two methods to estimate gene expression levels.
First, to estimate the gene expression for gene i, we can use α̂ + vˆi from the estimated
model. As an alternative, we can also estimate the gene expression by bias-removed
 i
read counts L
j =1 nij /Wi where
Wi =

Li

j =1

exp α̂ +

K 


β̂kh I (bij k = h)

(3.4)

k=1 h∈H

which is the sum of the sequence bias across all the nucleotide positions of gene i.
Because there is no gold standard to validate the gene expression estimates, we opt
to correlate our estimates with the estimates using MART model in [7]. We find that
both methods are highly correlated with the results in [7] using non-linear MART
model with the sum of sequencing preferences. Our second method, using the sequence bias, does slightly better than the first method based on the estimated α̂ + vˆi .
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Table 6 Spearman rank
correlations between MART and
linear model gene expression
estimates

Dataset

Subdataset

Wold

Brain

0.992

Liver

0.994

Muscle

0.993

G1

0.968

G2

0.956

G3

0.972

Burge

Grimmond

Correlation

EB

0.974

ES

0.980

Fig. 3 Gene expression estimates of the MART and linear model. Estimates of the expression are plotted
for the linear and MART models fit on each subdataset of the Wold, Burge and Grimmond data. Subdatasets
are differentiated by color and point shape. Plotted on a log scale

Table 6 shows the Spearman rank correlation between the linear model and the MART
model for each dataset using the sequence bias for gene expression estimation. Figure 3 compares the gene expression estimates of the MART method and the linear
model.
Our work suggests that we can use the estimates from the linear model in place
of the MART model. Since their results are very similar, the linear model may be a
better choice due to its significantly lower computation time and easily interpretable
parameters.

4 Conclusion
We propose a linear model for the sequence bias in RNA-seq read counts data using
the neighborhood overlapping dinucleotides. We develop a penalized least squares
algorithm for model-fitting. Fitting the linear model using a penalized least squares
approach, we use weights to penalize parameters which are further away from the
read in the surrounding sequence. We then use a data-driven method to determine
an appropriate number of dinucleotides in the neighborhood sequence. Finding the
sparse set of surrounding sequence which captures as much variation of read counts as
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possible results in a great savings in computational cost, especially compared with a
computationally intense method such as MART. We also find that the gene expression
estimates from our model are highly correlated with the estimates from the non-linear
model MART.
After we submitted this paper, we were made aware of some recent work in correcting bias in RNA-seq. In particular, Zheng et al. [15] directly corrects the gene
expression estimates through nonparametric regression on all potential bias factors.
Zheng et al. [15] focuses on gene level bias whereas our paper focuses on base level
(nucleotide) bias. Roberts et al. [10] develops a Markov model with 744 parameters
to model both gene level and base level biases. Hu et al. [6] develops a Poisson mixed
effect model to model the base level bias one-gene-at-a-time. The computation of the
latter two methods is expensive. On the other hand, the fragment bias considered in
those papers may be integrated into our method to further improve the accuracy of
transcript quantification.
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