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A B S T R A C T   

High-throughput RNA sequencing technologies (RNA-Seq) have recently started being used as a tool for helping 
diagnose rare genetic disorders, as they can indicate abnormal gene expression counts — a telltale sign of genetic 
pathology. Existing solutions either require a large number of samples or do not provide proper statistical sig
nificance testing. 

We present a Bayesian model (OutPyR) for identifying abnormal RNA-Seq gene expression counts in datasets, 
particularly those with a small number of samples. The model incorporates recently introduced data- 
augmentation techniques to efficiently and accurately infer parameters of the underlying negative binomial 
process, while also assessing the uncertainty of the inference, and giving the possibility to generate simulated 
data. The model’s software implementation is object oriented and thus easily extensible, provides parameter- 
trace exploration, fault-tolerance and recovery during the parameter estimation process. We also develop a 
p-value based outlier score that naturally stems from our model. We apply the model to real and simulated 
datasets, for different organisms and tissues, and present comparisons with existing models. 

Our model is implemented purely in Python and its standalone source code is available at https://github. 
com/esalkovic/outpyr.   

1. Introduction 

One area in which RNA-Seq data analysis has been gaining traction 
recently is identifying the causes of Mendelian disorders, which have 
traditionally been studied using whole or exome genome sequencing 
(WGS or EGS). Mendelian disorders are genetic disorders that stem from 
mutations in a single gene, and can hence be inherited according to 
Mendel’s law. In many patients that might be suffering from these types 
of disorders pathogenic variants cannot be identified from genome 
sequencing data alone [1,2]. One suspected reason is that these variants 
are regulatory in nature, and regulatory sequences are significantly less 
well understood than coding sequences. Another difficulty is that the 
number of rare non-coding variants is large: around 60,000 non-coding 
single nucleotide variants (SNVs) vs. 475 rare variants that affect pro
teins [3,4]. 

Several recent studies have shown that RNA-Seq data can add value 
to the discovery of pathological regulatory gene expression such as: 

discovery of expression outliers, defects in splicing and loss-of-function 
heterozygous variants that are expressed in one allele [5,6]. 

When it comes to the identification of outliers, these studies 
approached it differently. Cummings et al. [6] used z-scores of loga
rithms of gene counts that were normalized (mean subtracted and 
divided by standard deviation). In this setting, the read counts that had a 
greater than 3 z-score were identified as outliers, without any statistical 
significance test. However, no outliers were identified using their setup. 
On the other hand, Kremer et al. [5] used DESeq2’s [7] z-score for the 
same task, by identifying as statistically significant outliers those counts 
that had a z-score greater than 3. They applied the test to every sample 
by comparing it to the rest of the group and identified 5 potential out
liers within their count data. 

Brechtmann et al. [4] proposed a model for identifying aberrant gene 
expression in RNA-Seq samples that also controls for co-variation in 
gene read counts. They implemented the model as a Bioconductor 
package called OUTRIDER. They use an autoencoder (AE) for modeling 
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expectations of read counts based on co-variation among genes. The 
co-variation is caused by genetic, environmental and technical factors, 
none of which are known a priori. The read counts are modeled as to 
follow a negative binomial distribution (NB), whose dispersion param
eter is gene specific. They fit the model in such a way as to, reportedly, 
get the best correction of data that is corrupted artificially. An important 
aspect of their work is that it clearly shows that statistical outliers can 
directly help in identifying actual aberrantly expressed genes. 
Concretely, 146 statistical outliers identified automatically by their tool 
contained 6 pathogenic outliers validated by Kremer et al. [5], whereas 
the ad hoc approach of Kremer et al. [5] identified 557 statistical out
liers, out of which only 4 were pathogenic. 

One limitation of their model is that it relies on a considerable 
number of samples (at least 60) for recalling the majority of pathogenic 
events. However, performance on smaller dataset sizes is relevant, due 
to the associated cost of producing the data, and due to the available 
number of patients for some particular rare disease in actual clinical 
practice. Another downside is the inherent ad hoc nature of the way they 
train their model, utilizing noise injection and an arbitrary number of 
training iterations. Due to that, their model, as well as their statistical 
p-value based outlier score, cannot precisely express the uncertainty of 
the estimated parameters of the NB, and similar can be said for the other 
models we mentioned. 

To help mitigate some of the shortcomings of previous approaches 
we introduce OutPyR,1 a Bayesian method to detect abnormal values in 
datasets of RNA-Seq gene expression counts with a small number of 
samples. It uses a systematic statistical approach to model the data based 
on recent advances in Bayesian inference that allow it to correctly es
timate its model’s parameters even for a small number of datapoints, 
while still quantifying uncertainty of those parameters and therefore 
allowing its propagation to downstream analysis. 

1.1. OutPyR’s approach 

A high-level overview of OutPyR’s workflow can be seen in Fig. 1: 
after obtaining raw RNA-Seq data from a sequencing machine and using 
some of the widely available tools to map such raw data to an appro
priate genome, a gene expression count matrix is produced; OutPyR 
takes such a matrix as input and, based on it, estimates the parameters of 
its Bayesian model using a Markov chain Monte Carlo (MCMC) method 
for sampling the posterior distribution of the parameters; from the 
MCMC sampling traces, a matrix of p-values (i.e. means of the p-value 
trace) and their standard deviations (capturing uncertainty) will be 
produced for every count, allowing direct outlier identification, or 
further downstream analysis. 

OutPyR is written in Python, using an object-oriented and modular 
approach. We assume a NB distribution of the underlying process that 
generates the gene expression counts, and rely on recent advances in 
data-augmentation techniques by Zhou et al. [8] and Zhou and Carin [9] 
in order to obtain a closed-form Bayesian inference of the posterior 
distribution through efficient Gibbs sampling. More concretely, these 
advances allow a mathematically correct estimation of the dispersion 
parameter of NB, even when the number of data points is small. The 
dispersion parameter is critical in NB modeling, and its inference using 
the maximum likelihood estimator (ML), as performed by Brechtmann 
et al. [4], could be significantly biased and could actually fail when the 
number of samples is small [10]. 

1.2. Our contribution 

Here we briefly outline four important contributions of this work 
towards improved aberrant gene expression count detection in RNA-Seq 
data:  

1. p-value reporting along with uncertainty.  
2. Compared to recent work done in Bayesian inference for DE by 

Dadaneh et al. [11] who model the dispersion parameter r to be 
sample-dependent, in our model r is gene-dependent in order to 
allow for the calculation of p-values that are gene-specific. Moreover, 
unlike DE approaches which assume a case/control setup, our 
approach assumes that all samples can be treated as belonging to the 
same homogeneous group, and gene-specific r inference across all 
samples in this case is more appropriate for outlier identification.  

3. Additionally, our model is flexible, and can be matched upstream 
with other models, e.g. any batch-effect or confounder controlling 
tool that supports integration with external tools.  

4. Our model is easily parallelizable, can be easily implemented on a 
GPU, and even allows for a combined CPU +GPU approach. 

1.3. Paper structure 

In this article we adopt a Bayesian framework to assess the discovery 
of plausible aberrant counts. We show how our simple model accounts 
for uncertainty while predicting aberrant genes counts. In Section 2 we 
introduce the notation, the count model, the p-value based outlier score, 
and some software implementation details of OutPyR. In Section 3 we 
introduce real and synthetic benchmark datasets we use for measuring 
performance of OutPyR against competing methods. In Section 4 we 
briefly introduce those methods and provide a detailed analysis of theirs, 
as well as OutPyR’s results after running them on our benchmark 
datasets. Finally, we conclude the paper with Section 5. 

2. Methods 

2.1. Count model 

The NB is a distribution used for modeling overdispersed count data. 
The NB model consists of a negative binomial component representing 
the count process. For RNA-Seq data, the model represents the process 
that gives rise to the count data. Since the counts of a gene across 
samples are often over-dispersed, it is natural to model them using the 
NB, where its variance σ2 is related to its mean μ as: 

σ2 = μ +
1
r
μ2 (1)  

r is called the dispersion parameter.2 Also, the NB can be parameterized 
in two common ways: either via its mean μ and dispersion parameter r, 
or via its dispersion parameter r and probability parameter p which are 
related by μ = rp/(1 − p) and σ2 = μ(1 − p). The NB has been widely 
applied to model biological data [12], socio-economic data [13] and 
ecological data [14], to name a few. 

It is well known that when a distribution belongs to the exponential 
family of distributions, such as the NB, there exists an associated class of 
priors called the class of conjugate priors which are appealing for the 
simple computational reason that the posterior distributions are exactly 
of the same form as the prior distributions. And it is also well known that 
the NB can be seen as equivalent to a Gamma–Poisson mixture distri
bution in which we can obtain a count c|p, r ∼ NB(p, r) by first drawing 
λ ∼ Γ(r, (1 − p)/p) and then generating c|λ ∼ Pois(λ). Furthermore, it is 
straightforward to prove that the beta distribution is the conjugate prior 
of the NB probability parameter p (0 < pj < 1), which makes its infer
ence trivial. However, the conjugate prior of NB’s dispersion parameter r 
is unknown and its inference has been a challenge until recent work by 
Zhou et al. [8], Zhou and Carin [9]. They show that a NB can also be 
augmented through an intermediate Poisson representation, so that by 

1 Rhymes with “outlier”. 

2 Some authors use the term “dispersion” for 1r, and the term “shape” for r, or 
vice versa. 
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including both parameters r and p with well-chosen conjugate priors, it 
will be possible to tractably draw samples from their posterior distri
bution. For this reason, we parameterize the NB with its dispersion r and 
probability p parameters throughout the paper. 

As a summary, Eqs. (2) and (3) describe the NB equation we use as 
our data model. The count data are modeled as: 

cji|pj, rj ∼ NB
(
pj, rj

)
(2)  

where j ∈ 1,…, J denotes a gene, while J is the total number of genes; 
and where i ∈ 1,…,N denotes a sample, while N is the total number of 
samples. Therefore, the counts cji for a particular gene j result from an 
underlying NB process that is gene-specific. This process is fully 
parameterized with pj (0 < pj < 1), which is the probability parameter, 
and rj > 0, which is the dispersion parameter, accounting for over
dispersion. The probability mass function (PMF) is then: 

PMFNB(cji|pj, rj) =

(
rj + cji − 1

cji

)

pcji
j (1 − pj)

rj (3)  

If we allow cji and rj to be continuous, then we can define an analogous 
probability density function as: 

PDFNB(cji|pj, rj) =
Γ(cji + rj)

Γ(cji + 1)Γ(rj)
pcji

j (1 − pj)
rj (4)  

This parametrization, provided appropriate priors are chosen, allows 
Gibbs sampling of the posterior distributions of both pj and rj parameters 
in closed form using recently introduced data augmentation methods by 
Zhou and Carin [15,9]. The sampling procedure is expounded in Section 
2.3, Eqs. (6)–(11). 

2.2. Pre-processing 

OutPyR supports DESeq’s normalization [16], namely the 
sample-wise size factors based on geometric means that control for li
brary size differences and sequencing depth: 

si = median
i

cji
( ∏N

t=1cjt
)1

N
(5)  

However, by default, no normalization is applied, which allows for other 
normalization methods to be applied if desired. If DESeq-like normali
zation is enabled, the input to the Bayesian parameter inference model, 
cji, will be the normalized value. 

2.3. Bayesian inference 

To model the gene counts in each sample with the NB, we consider 
the null hypothesis that with sample-specific NB probability parameters, 
the posterior distributions of the gene-specific NB dispersion parame
ters, regularized by the gamma process in the prior, are the same across 
different samples. Eq. (6) shows the weak conjugate priors for param
eters pj, rj: 

pj ∼ Beta(a0, b0)

rj ∼ Gamma(e0, 1/f0)
(6)  

where a0 = b0 = 1, and e0 = f0 = 0.1 are the hyperparameters of the 
priors, that can be changed by the user. The choice of the hyper
parameter values is not that important, as long the initial values of the 
priors are valid: the posterior samples will over time converge to the 
correct parameter values, due to the aforementioned tractability of the 
sampling procedure. 

Fig. 1. A typical OutPyR workflow. A gene expression count dataset obtained through an upstream RNA-Seq sequencing and processing protocol is fed into OutPyR’s 
model. Based on this dataset, OutPyR infers the posterior trace of the model’s parameters using tractable MCMC Gibbs sampling. Posterior predictive p-values are 
calculated for the whole parameters’ trace, thus capturing uncertainty. Based on these p-values, statistically aberrant counts are detected. 
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During posterior sampling, the parameters are updated as follows: 

pj|cji, rj… ∼ Beta

(

a0 +
∑

i=1
cji, b0 + nrj

)

(7)  

rj|lji, pj… ∼ Gamma

(

e0 +
∑

i=1
lji,

1
f0 − nlog(1 − pj)

)

(8)  

lji|cji, rj… ∼ CRT
(
cji, rj

)
(9)  

where CRT stands for Chinese Restaurant Table distribution. The CRT is 
computed as follows: 

lji =
∑cji

m=1
bm (10)  

bm ∼ Bernoulli
(

rj

m − 1 + rj

)

(11)  

The time complexity of computing the value of the latent count lji is 
O(cji), i.e. linear with respect to a particular count cji, so higher counts 
will take more time to compute. 

The whole graphical model can be seen in Fig. 2. 

2.4. Posterior predictive p-values 

In Bayesian models generally it is possible to calculate the posterior 
predictive p-value using an arbitrary discrepancy function, provided it is 
a function of the parameters of the model and the data [17]. Here we use 
the empirical CDF function as the discrepancy function. 

For every pair of gene j and sample i, we test the null hypothesis that 
counts follow the distribution described by Eq. (2). The algorithm 

computes two-sided posterior predictive p-values for which we assume 
that under H0, cji has a NB(pj, rj) distribution. Then we calculate the 
predictive posterior p-values as follows: 

p-valueji = 2⋅min
{

CDFNB(cji|pj, rj), 1 − CDFNB(cji|pj, rj)
}

(12)  

where CDFNB(cji|pj, rj) is the cumulative distribution function of the NB, 
which can be calculated with: 

CDFNB(cji|pj, rj) =

∫ cji

x=0
PDFNB(x|pj, rj)dx (13)  

PDFNB(x|pj, rj) was previously defined in Eq. (4). 
We can treat p-values obtained in this way as an outlier score: the 

lesser the p-value, the more of an outlier a particular count will be ac
cording to OutPyR’s model. 

2.5. Computational and software implementation details 

OutPyR is written only in Python, using widely available packages. It 
has been tested on Linux and Windows. Several options can be modified 
by supplying a settings file. OutPyR can take advantage of multiple 
cores, following a multi-process approach. It supports progress report
ing, trace saving to disk, with recovery if the program is stopped during 
execution. It uses pre-defined, but easily modifiable, Pseudo Random 
Number Generator (PRNG) seeds, allowing for experiment reproduc
ibility. In the case of using multiple cores, every (sub)process has its own 
PRNG, which allows computationally correct sampling. In addition, the 
full PRNG states for every process are saved along with the trace, 
providing resilient recovery even in the multi-process setting. 

If multi-processing is enabled it splits the data according to the 
desired number of virtual cores/processes, albeit smartly, taking into 
consideration not only the number of genes, but also the sum of counts in 
each gene, as the inference is computationally bottlenecked by CRT, 
which in turn is bottlenecked by count values, as outlined previously in 
comments regarding Eq. (10). 

Still, the whole running time is somewhat affected by saving the 
trace to disk, although it is possible to set the times at which the script 
saves to disk, or disable it completely. Consideration has to be taken 
with regards to how much RAM is utilized, as the script will keep part of 
the trace in RAM between saves. 

In order for the Python code execution to be as fast as possible, 
NumPy’s [18] array processing methods are used wherever possible. 
The CRT distribution is implemented with Numba [19], which produces 
binary code whose speed is comparable to a C/C++ based imple
mentation, but still allows for writing code in pure Python without the 
need for a C/C++ compiler toolchain. Due care is taken to synchronize 
NumPy’s PRNG states with Numba’s, in order to ensure proper PRN 
generation. 

As we rely on a closed-form and tractable Gibbs sampling procedure 
to infer all parameters, there is no need for running multiple sampling 
chains in order to check the convergence of the sampling procedure: the 
samples are guaranteed to converge to the actual posterior distribution 
after a certain number of iterations. For datasets with a small number of 
samples, we used 3000 iterations for the warm-up3 stage, and saved the 
consequent 1000 posterior samples of pj and rj. For datasets with a large 
number of samples (N ≥ 100) we used 2000 iterations for the warm-up, 
and 1000 as posterior samples. The smaller warm-up number for larger 
datasets was used as the sampling chains’ convergence took less itera
tions than for the smaller datasets, and also helped in decreasing the 
overall running time. The running time of the whole sampling procedure 
on a 24-core Threadripper 2970WX CPU was 1-3 h for smaller datasets, 
while it took 4-6 h for larger datasets. The longer times are due to larger 
outliers which detrimentally affect the CRT calculation step. 

Fig. 2. A graphical representation of OutPyR’s parameter model ((6)–(11)). 
The circle containing cji represent the data—RNA-Seq GE counts (2). Circles 
containing zero-indexed letters represent prespecified hyperparameters. The 
remaining circles represent the latent counts lji (9) and the gene-specific NB 
parameters pj (7) and rj (8) which are used for calculating the final p-values. In 
the Gibbs sampling inference procedure parameters pj and rj are initialized 
using their respective hyperparameters (6); subsequently, their posterior esti
mates are sampled using (7) and (8), with latent count lji being the recently 
introduced [8] key component for correctly estimating rj. 3 Also called “burn-in”. 
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Then, we calculated the predictive posterior p-value from Eq. (12), 
for all posterior samples and for every count. We then calculated their 
(a) mean for every count, which is our reported p-value estimate that can 
be used for comparison with other models; and (b) standard deviation, 
which contains the information about the uncertainty of the estimate. 

3. Datasets used for experiments 

3.1. Base datasets 

To measure the performance of OutPyR and competing methods, we 
relied on three base datasets: two real datasets and one synthetic. We 
used only real datasets with a relatively small number of samples, as 
processing datasets with a large number of samples requires confounder 
control, which OutPyR does not implement currently. 

The base datasets are the following:  

1. Kremer-10 The first real dataset is a 10-sample subset of the dataset 
introduced in [5], containing 119 samples of skin fibroblasts 
RNA-Seq. The patients from that study were suspected of having 
some rare mitochondrial disorder. Non-expressed genes were filtered 
out utilizing the pipeline of Brechtmann et al. [4], resulting in 
retaining 10,556 out of 27,682 genes. We selected 10 samples that 
contained most prominent outliers according to OUTRIDER. This 
was done to make it more difficult for the models to recall artificial 
outliers injected according to the procedure described in Section 3.2.  

2. GSE62368-16 The second 16-sample real dataset was chosen in 
order to show the applicability of OutPyR and other models for other 
types of organisms. It is accession GSE62368 from Gene Expression 
Omnibus (GEO) [20] which contains RNA-Seq data of whole circu
lating blood from a control group of 16 Rattus norvegicus organisms. 
Three hours prior to their blood being utilized for sequencing, these 
organisms were subjected to four doses of 1 ml/kg saline injections 
every two hours, while not having access to food nor water. We 
downloaded the gene expression count matrix from the GEO website 
and filtered out non-expressed genes utilizing the pipeline of 
Brechtmann et al. [4], resulting in retaining 17,781 out of 18,031 
genes.  

3. Simulated-100 We generated a 100-sample synthetic dataset using 
inferred pj and rj values from the filtered gene subset of the Kremer 
et al. [5] full dataset (all 119 samples) together with a NB random 
generator in order to get artificial data that are similar to Kremer 
et al. [5] data. As there are no confounder effects in this dataset, even 
though the number of samples is high (100) OutPyR should be able to 
compete successfully with the other methods. 

3.2. Datasets derived using artificial outlier injection 

In order to accurately assess and compare the performance of all 
methods, we tested them on datasets that were based on aforementioned 
real and synthetic datasets, but contained artificially injected outliers. 

The outliers were injected as follows:  

• an outlier could be injected in any cell of the count matrix, if 
possible;  

• frequency of injection was 10− 4;  
• there were three schemes corresponding to  

1. only overexpressed outliers (the derived dataset would contain 
only injected outliers whose value was greater than the mean/ 
mode of a particular gene),  

2. only underexpressed (outlier value was less than the mean/mode 
of a particular gene), and  

3. both overexpressed and underexpressed outliers with a ratio of 
50%/50%; 

under each of these three schemes there were two sub-schemes 
where outliers were injected with z-scores of 3 and 4, although 

there was no mixing of different z-scores in the same dataset. 
Consequently, for each of the three base datasets, there were 3 × 2 =

6 derived datasets, corresponding to combinations of different types 
of injected outliers (3) and different z-scores (2). So, in total, there 
were 3 × 3 × 2 = 18 derived datasets. 

Using a similar set up as in [4], the original counts were replaced by 
outliers whose rounded values were calculated as follows: 

oji =
[
si2

μqj
±ezσqj

]
(14)  

where z is the z-score (3 or 4), and μqj 
and σqj are the gene-wise mean and 

standard deviation of 

qji = log2

(
cji

si
+ 1
)

(15)  

si is the sample-specific size factor (equation (5)). 
In contrast to the outlier injection procedure of Brechtmann et al. 

[4], an upper bound cutoff of 224 − 1 = 16,777,215 was enforced for 
overexpressed injected counts, because higher values would lead to slow 
CRT computation and therefore slow down the overall inference. Also, 
counts higher than this cutoff might be unrealistic for actual datasets: e. 
g. the maximum count value in the Kremer et al. [5] dataset is 4,718, 
136, while in GSE62368 it is 2,712,788. 

In the outlier injection algorithm for underexpressed genes, for the 
special case when the value of the outlier was 0 (i.e. smallest outlier 
possible), we made sure that only one z-score value will produce an 
outlier of 0 in a particular cell: e.g. if a 0 outlier is injected at some 
particular location in the matrix with a z-score of 3, then it will be 
impossible to inject a 0 outlier with a z-score of 4 in that same cell. This 
issue of outliers whose value is 0 was overlooked by Brechtmann et al. 
[4]. Brechtmann et al. [4] also used a z-score of 2 in their 
outlier-injecting experiments, but we did not, as both Cummings et al. 
[6] and Kremer et al. [5] used only z-scores greater or equal to 3 for 
determining outliers. 

4. Results and discussion 

We compared OutPyR’s performance on the derived datasets against 
(1) the novel autoencoder-based OUTRIDER model introduced by 
Brechtmann et al. [4], denoted by OUTRIDER-AE; (2) the alternative 
model that OUTRIDER supports using PEER [21] for confounder control, 
denoted by OUTRIDER-PEER; and (3) another alternative model that 
OUTRIDER supports which uses PCA for confounder control, denoted by 
OUTRIDER-PCA. 

For all methods, data were normalized using DESeq’s normalization. 
For the encoding dimension option requirement of OUTRIDER’s 
autoencoder, the dimension was set to the value returned by its provided 
function findEncodingDim. Other parameters of the autoencoder were 
left at their default values. 

In order to compare the performance of OutPyR against other 
methods we ran both OutPyR and other methods on the aforementioned 
derived datasets of all base datasets, estimated their model parameters 
and finally calculated the p-values for every count based on those pa
rameters, using functions provided by the methods. Similar to OutPyR’s 
p-values, these p-values can be treated as an outlier score: the smaller the 
p-value, the greater an outlier a particular count is for a particular 
method. 

Ideally, the smallest p-values would correspond directly to actual 
injected outliers, however, in reality, none of the methods were 
detecting outliers perfectly. Therefore, to accurately compare the 
methods against each other, we did not use absolute p-values, but we 
instead ranked p-values of each method separately from the smallest to 
the largest. In that way, the p-value ranks were identical between 
different methods, and thus directly comparable. The method that 
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would have actual injected outliers among the lowest p-value ranks 
would be the best performing method. 

However, in most of the cases there was no method that would 
clearly outperform other methods for every single outlier. So, in order to 
visually compare the performance of all methods, we plotted precision- 
recall (PR) plots of all methods against each other using different colors. 
We then grouped such (sub)plots of all 6 derived datasets of a particular 
base dataset in a single plot. Fig. 3 shows such a group of PR plots for 
datasets derived from the Kremer-10 base dataset. 

As sometimes PR curves might not give a clear visual clue for which 
method is performing best, in order to get a precise comparison among 
different methods we also calculated area under curve (AUC) numerical 
values for the PR curves of each method and each derived dataset, and 
grouped such values of all derived datasets of a particular base dataset in 
a single table. One such table is Table 1, showing AUC-PR values of all 
methods for all derived datasets from the Kremer-10 base dataset. The 
AUC-PR values in the table correspond to PR curves in Fig. 3. 

If we look at Table 1, we can see that OutPyR is outperforming other 
models for all 6 datasets derived from the Kremer-10 base datasets, 
except for the derived dataset that contains underexpressed artificial 
outliers with a z-score of 4, where it is outperformed with a slight margin 
by OUTRIDER-PEER (0.4344 vs. 0.4686). In relative terms, i.e. when we 
look only at the ratios between AUC-PR values of different methods, and 
not at the absolute value, the AUC-PR value of OutPyR is almost 4 times 
greater than the next method’s for the case of overexpressed outliers 
with a z-score of 4. However, for that particular derived dataset all 
methods perform poorly in absolute terms, with the best performing 
OutPyR achieving an AUC-PR value of only 0.0237. For the remaining 
derived datasets, OutPyR outperforms other methods by a margin of at 
least 10%, and up to 70%. It is interesting to note that the second method 

performance-wise is consistently OUTRIDER-PEER, and not the novel 
OUTRIDER-AE. 

Similarly, for the GSE62368-16 base dataset, Fig. 4 shows the PR 
plots of OutPyR and other methods for various outlier injection schemes, 
while their AUC-PR values can be seen in Table 2. 

Again, OutPyR is, on average, the best performing method. However, 
this time his AUC-PR score is outmatched by the almost 4 times better 
OUTRIDER-PCA for the derived dataset containing only overexpressed 
genes with a z-score of 3. Still, on this derived dataset all methods are 
performing poorly, with the best OUTRIDER-PCA having a 0.1619 AUC- 
PR value. Additionally, OUTRIDER-AE is outperforming OutPyR by a 
slight margin for the case of only underexpressed outliers with a z-score 
of 3 (0.6835 vs. 0.6333). For the remaining derived datasets OutPyR is 
outperforming other models by a margin of at least 28%. Interestingly, 

Fig. 3. The ratio of injected outliers and reported outliers (precision) plotted vs. the ratio of all reported injected outliers and all injected outliers (recall) for the 
datasets derived from the Kremer-10 base dataset. 11 outliers in total were injected in every derived dataset separately. Graphs for all methods we tested are plotted 
using different lines. Subplots in different rows correspond to the different z-scores of injected outliers. Subplots in different columns correspond to the different types 
of injected outliers: “Over- & Underexpressed” refers to outliers of which half were overexpressed and half underexpressed, “Overexpressed” refers to outliers that 
were only overexpressed and “Underexpressed” refers to outliers that were only underexpressed. 

Table 1 
AUC values for PR curves for different methods that were ran on the datasets 
derived from the Kremer-10 base dataset, corresponding fully to Fig. 3 (refer to 
its caption for more detail).   

Over- &Underexpressed Overexpressed Underexpressed 

z-score 3 
OutPyR 0.2220 0.1148 0.3792 
OUTRIDER-AE 0.1133 0.0017 0.1782 
OUTRIDER-PEER 0.2067 0.0966 0.2205 
OUTRIDER-PCA 0.0846 0.0305 0.0209 
z-score 4 
OutPyR 0.2222 0.0237 0.4344 
OUTRIDER-AE 0.0546 0.0011 0.2781 
OUTRIDER-PEER 0.1457 0.0036 0.4686 
OUTRIDER-PCA 0.0102 0.0062 0.0263  

E. Salkovic et al.                                                                                                                                                                                                                                



Journal of Computational Science 47 (2020) 101245

7

with this base dataset OUTRIDER-PEER is the worst performant method, 
in contrast to the Kremer-10 base dataset, where it was the second best, 
even slightly outperforming OutPyR on one derived dataset. This might 
be to the slightly poorer quality of the GSE62368-16 dataset, when 
compared to the Kremer-10, which can be inspected by plotting the 
histogram of log-transformed counts for both datasets. 

Finally, for all datasets derived from the Simulated-100 base dataset, 
all methods were performing with an AUC-PR value close to 1, i.e. 
almost perfectly, so we are omitting PR plots and the AUC-PR table for 
brevity. This confirms our assumption that, provided there are no con
founders, OutPyR can match the performance of other methods. 

To summarize: from the results, it is clear that for the majority of 
derived datasets from the two base datasets with a small number of 

samples OutPyR outperforms the other methods. Even for the simulated 
dataset with a large number of samples OutPyR is very competitive, due 
to the absence of confounders. 

In addition to that, due to the data-driven Bayesian nature of the 
underlying statistical model, OutPyR’s results incorporate uncertainty, 
in an arguably better manner than what the other (non-Bayesian) 
methods can provide. This can be particularly important in case there is 
a need for additional downstream analysis. 

5. Conclusion and future work 

Our model is an example of how recent advances in Bayesian 
modeling of the NB can be used to outperform existing models for outlier 
detection on real RNA-Seq datasets with a small number of samples, 
independent of the underlying organism or tissue type. Although our 
model currently does not control for confounders which are inherent in 
RNA-Seq datasets with a large number of samples, the performance of 
our model on a simulated dataset with a large number of samples shows 
that, provided confounders are controlled for, our model could poten
tially match, or even outperform other models. A recently created 
Bayesian method similar to ours by Dadaneh et al. [11], but tailored to 
the differential expression setting, showed that NB models introduced by 
Zhou and Carin [9] can be successfully extended to incorporate con
founding factors, albeit known ones. That further suggests that our 
model could incorporate similar control of confounding factors, perhaps 
even unknown ones. Moreover, as Bayesian inference is general and 
extensible, more information could be introduced to the model, such as 
splicing events and upstream transcript-level analysis results. Further
more, although the straightforward parallelizability of our model allows 

Fig. 4. The ratio of injected outliers and reported outliers (precision) plotted vs. the ratio of all reported injected outliers and all injected outliers (recall) for the 
datasets derived from the GSE62368-16 base dataset. 28 outliers in total were injected in every derived dataset separately. Graphs for all methods we tested are 
plotted using different lines. Subplots in different rows correspond to the different z-scores of injected outliers. Subplots in different columns correspond to the 
different types of injected outliers: “Over- & Underexpressed” refers to outliers of which half were overexpressed and half underexpressed, “Overexpressed” refers to 
outliers that were only overexpressed and “Underexpressed” refers to outliers that were only underexpressed. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.) 

Table 2 
AUC values for PR curves for different methods that were ran on the datasets 
derived from the GSE62368-16 base dataset, corresponding fully to Fig. 4 (refer 
to its caption for more detail).   

Over- &Underexpressed Overexpressed Underexpressed 

z-score 3 
OutPyR 0.3573 0.0428 0.6333 
OUTRIDER-AE 0.2590 0.0091 0.6835 
OUTRIDER-PEER 0.0643 0.0371 0.1718 
OUTRIDER-PCA 0.2695 0.1619 0.5519 
z-score 4 
OutPyR 0.3718 0.0107 0.9469 
OUTRIDER-AE 0.2937 0.0017 0.7300 
OUTRIDER-PEER 0.0773 0.0044 0.2352 
OUTRIDER-PCA 0.2110 0.0064 0.5077  
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faster execution, perhaps some further speed optimizations are possible, 
as running times of other models are significantly better (several hours 
vs. several minutes). Finally, while our p-value score is sufficient for the 
task at hand, it would be useful to see whether other Bayesian ap
proaches to outlier detection could further improve the performance of 
the model. 
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