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Abstract
Background: The constant evolving and development of next-generation sequenc‑
ing techniques lead to high throughput data composed of datasets that include a
large number of biological samples. Although a large number of samples are usually
experimentally processed by batches, scientific publications are often elusive about
this information, which can greatly impact the quality of the samples and confound
further statistical analyzes. Because dedicated bioinformatics methods developed to
detect unwanted sources of variance in the data can wrongly detect real biological
signals, such methods could benefit from using a quality-aware approach.
Results: We recently developed statistical guidelines and a machine learning tool to
automatically evaluate the quality of a next-generation-sequencing sample. We lever‑
aged this quality assessment to detect and correct batch effects in 12 publicly avail‑
able RNA-seq datasets with available batch information. We were able to distinguish
batches by our quality score and used it to correct for some batch effects in sample
clustering. Overall, the correction was evaluated as comparable to or better than the
reference method that uses a priori knowledge of the batches (in 10 and 1 datasets
of 12, respectively; total = 92%). When coupled to outlier removal, the correction was
more often evaluated as better than the reference (comparable or better in 5 and 6
datasets of 12, respectively; total = 92%).
Conclusions: In this work, we show the capabilities of our software to detect batches
in public RNA-seq datasets from differences in the predicted quality of their samples.
We also use these insights to correct the batch effect and observe the relation of sam‑
ple quality and batch effect. These observations reinforce our expectation that while
batch effects do correlate with differences in quality, batch effects also arise from other
artifacts and are more suitably corrected statistically in well-designed experiments.
Keywords: Batch effect, Quality control, NGS, RNA-seq, Next-generation sequencing,
Machine learning, Bioinformatics, Artifacts, Batch effect origin
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Background
Batch effects arise from differences between samples that are not rooted in the experimental design and can have various sources, spanning from different handlers or experiment locations to different batches of reagents and even biological artifacts such as
growth location. In the context of sequencing data, two runs at different time points
can already show a batch effect [1]. Although these effects can be minimized by good
experimental practices and a good experimental design [2], batch effects can still arise
regardless and it can be difficult to correct them [3]. Batch effects are known to interfere
with downstream statistical analysis, for example by introducing differentially expressed
genes between groups that are only detected between batches but have no biological
meaning [4, 5]. Vice versa, careless correction of batch effects can result in loss of biological signal contained in the data [6–8]. Proper handling of batched data is thus paramount for successful and reproducible research.
Various methods have been developed to detect or even remove batch effects in
genomics data, particularly RNA-seq data and cDNA microarrays. For example, the sva
package from Bioconductor [9] can detect and correct effects from several sources of
unwanted variation, including batches. It also features functions to correct the data for
known batches [10]. Yet, such tools should be used with care because they can mistakenly detect and remove actual biological signals from the data as stated by their authors
and as cited above.
Quality control of next-generation sequencing data is an essential but not trivial step
in functional genome and epigenome analysis. Many tools have been designed to shed
light on the quality of a given sample or file. In previous studies, we used 2642 qualitylabeled FASTQ files from the ENCODE project to derive statistical features with different bioinformatics tools well known in the scientific community. We showed that
these features have explanatory power over the quality of the data from which they
were derived, and built a machine learning classification tool that uses these features as
input [11, 12]. With a grid search of multiple machine learning algorithms, from logistic
regression to ensemble methods and multilayer perceptrons, we were able to provide a
robust prediction of quality in FASTQ files.
As the quality of biological samples could be significantly impacted by batch processing, we hypothesized that an automated machine-learning-based quality classifier could
also detect batches in gene-expression datasets and be used to correct the batch effect.
Here, we leverage the explanatory power of our machine learning algorithm, to successfully detect batch effects based on quality differences in the samples. In addition, we provide a method for batch correction based on predicted sample quality that we evaluate
with 12 published RNA-seq datasets.
Results
Our workflow to process the data and derive low-quality scores Plow by biological sample
is depicted in Fig. 1. Plow is a machine-learning derived probability for a sample to be of
low quality, as derived by the seqQscorer tool [11]. From 12 publicly available RNA-seq
datasets, we downloaded a maximum number of 10 million reads per FASTQ file. Some
quality features were derived from the full files and others from a subset of 1,000,000
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Fig. 1 Workflow. Black boxes show components of the overall workflow. DeriveFeatures is a component that
uses four bioinformatic tools to derive the four feature sets from the FASTQ files (.fastq): RAW, MAP, LOC, TSS.
seqQscorer computes Plow, the probability of a sample to be of low quality. We used seqQscorer’s generic
model, which is derived from 2642 labeled samples and uses a random forest as classification algorithm. We
used the salmon tool to quantify gene expression and DESeq2 for rlog normalization [19, 20]

reads (see Methods). Previously, we observed that random subsampling of the reads
does not strongly impact the predictability of P
 low and this significantly reduced computing time.
In 6 datasets, the samples have a significant difference of P
 low scores between the
batches. In 5 datasets, the differences are not significant (Fig. 2). One dataset shows a
marginally significant difference (close to the selected threshold of 0.05). Those results
confirm the ability of the quality scores to detect batches in some datasets. For the datasets showing no significant difference, other experiments would be required to clarify
if there are no substantial batch effects, if the batch effect is unrelated to quality, or if
the method failed. For example, a batch effect that is not related to quality could still be
observed by clustering analyses or by detailed analysis of dysregulated genes and related
pathways.
Figure 3 shows detailed results for the dataset GSE163214. A strong difference in
quality can be observed between the batches on the boxplot, supported by a significant
Kruskal–Wallis’s test (p-value = 1.03e−2) and a high correlation coefficient of Plow vs
sample’s groups (designBias = 0.44; also illustrated by the bar plot). We can observe a
strong batch effect in the uncorrected principal component analysis (PCA) (top row, left)
where samples from batch 1 cluster together on the right-hand side, and samples from
batch 2 on the left-hand side (panel: PCA Abundance). It is supported by poor clustering evaluation scores (the higher the better: Gamma = 0.09, Dunn1 = 0.01; the lower the
better: WbRatio = 0.91) and very few differential genes (DEGs = 4). Thanks to the reference method using a priori knowledge of the batches to correct the analysis, samples
on a batch-corrected PCA cluster by group and not anymore by batch (panel: PCA corrected Batch). It is supported by more differentially expressed genes (DEGs = 12) and
better clustering evaluation scores (Gamma = 0.32, Dunn1 = 0.17; WbRatio = 0.68), with
further improvement on another version of the batch-corrected PCA where an outlier
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Fig. 2 Predicted low-quality scores (Plow) of all samples for each surveyed dataset. Shapes represent sample’s
batches and colors represent sample’s groups. The p-values of a Kruskal–Wallis’s rank sum test of the batch
against Plow is given in the title of each plot

sample could be manually identified and removed (sample: SRR13253993; panel: PCA
corrected Batch and no outlier). Without using a priori knowledge but only using the
automatically derived quality scores to correct the analysis, samples are also clustered
by group and not anymore by batch (panel: PCA corrected Plow). Clustering results
and statistics are very comparable to the reference that uses a priori knowledge of the
batches, though the number of differentially expressed genes is even higher (DEGs = 21)
and removing outliers manually or based on quality scores did not improve the results
further. Finally, applying a correction based on both a priori knowledge and automatic
quality scores, together with outlier removal, showed the best clustering statistics
(panel: PCA corrected Batch and Plow and no outlier) (Gamma = 0.49, Dunn1 = 0.31;
WbRatio = 0.58).
In Fig. 4 the differences of clustering metrics for each dataset before and after correction are plotted. Across the datasets, the impact that batch correction and P
 low correction have is mostly comparable, although the true batch correction seems to work better
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Fig. 3 Expression data and four different types of batch correction. From top left to bottom right: PCA
Abundance, shows the uncorrected PCA of the rlog normalized counts quantified by salmon and imported
to a deseq2 object, next to it in the top right panel a bar plot shows the Low-Quality probability Plow for each
sample. The PCA corrected with batch uses the AC-PCA package [21] to return principal components that
were computed with the true batch as a confounding factor. The PCA corrected with P
 low uses the AC-PCA
package likewise, but Plow as a confounding factor. To the right of either corrected PCA we see a corrected
PCA on the basis of the data without outliers. For the correction with the real batch, we removed outliers
identified from either the base PCA or the corrected version. In Plow we also removed outliers based on the
corrected PCA, but additionally added a threshold for Plow after manual inspection of the bar plot on the top
right. The last two panels are the PCA corrected by both batch and Plow and the Boxplot of Batch against Plow
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Fig. 4 Difference in clustering metrics of the non-corrected PCA versus the batch and Plow corrected ones,
as well as a PCA with removed outliers depending on Plow. Quality-based correction can be compared to the
true batch correction that is the reference method. The last plot on the bottom right shows the combination
of Plow correction and removed outliers. Datasets are arranged in descending order by the difference of both
values

in a few cases (e.g. dataset GSE120099). However, if outliers of the base PCA or depending on sample quality are removed, the impact improves and even overcomes the simple
batch correction. It should be noted that these clustering metrics are also sensitive to the
removal of large proportions of samples, which is sometimes the case here. The impact
of outlier removal alone is negligible (data not shown). All PCAs that are discussed here
are given as panel plots similar to Fig. 3 in Additional file 1.
An additional view on the data is shown in Table 1. The table reports manual evaluation of the clustering results. Manual evaluation was necessary to overcome the limitations of the clustering metrics that do not handle biologically expected similarities
between samples correctly. Taking the dataset GSE82177 as an example, clustering metrics would score poorly on the fact that Control and Non-tumor samples cluster together
although it makes sense biologically. The two control groups of the dataset GSE61491
are another example. Also, the large negative changes to the clustering metrics after correction by the reference method or our approach for dataset GSE163857 were manually
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Table 1 Manual exploration of the PCA plots with different corrections for all datasets
Batch
effect
removed
after batch
correction

Batch
effect
removed
after Plow
correction

Plow
performance
compared to
batch

Performance
Plow
performance of combined
correction
with outlier
removal

4.24E−03 Yes

Yes

No

Worse

Worse

Worse

8.41E−04 Yes

No

Yes

Better

Better

Worse

0.522

2.09E−02 No

–

–

Comparable

Comparable

Worse

GSE162760 Good

0.496

2.36E−12 Yes

Yes

Yes

Comparable

Better

Comparabe

GSE182440 Very
good

0.495

1.06E−01 No

–

–

Comparable

Better

Better

GSE144736 Poor

0.494

3.63E−01 Yes

Yes

No

Comparable

Better

Worse

GSE82177

Very
good

0.493

5.75E−01 Yes

Yes

No

Comparable

Better

Better

GSE171343 Very
good

0.488

8.25E−02 Yes

Yes

No

Comparable

Comparable

Comparable

GSE173078 Very
good

0.479

2.93E−07 No

–

–

Comparable

Comparable

Comparable

GSE61491

GEO series Exp.
design
(group
vs
batch)

Design
bias
(Plow vs
group)

Kruskal
Wallis’s
P-value
(batch vs
Plow)

GSE120099 Good

0.655

GSE117970 Poor

0.608

GSE163857 Poor

Batch
effect
on
base
PCA

Good

0.448

2.13E−01 Yes

Yes

No

Comparable

Comparable

Better

GSE163214 Good

0.443

1.03E−02 Yes

Yes

Yes

Comparable

Comparable

Better

GSE153380 Poor

0.442

1.58E−01 No

–

–

Comparable

Better

Better

Exp. Design is a manually given label evaluating the balance of the biological groups between the batches. Design Bias
evaluates the clustering of the biological groups by quality scores Plow (normalized gamma of Plow against the group; the
higher, the better the clustering by quality; values from 0 to 1). The Kruskal–Wallis’s P-value is derived from a Kruskal–Wallis’s
test comparing average Plow values by batch. Taken together, those metrics show the potential association between our
quality metric, groups, and batches. Other columns show the manual evaluation of the batch effect and correction methods

evaluated to be actually not significant and most likely due to a different scaling of the
PCAs (the scale of the components shrinks two to three-fold; see Additional file 1).
Overall, the Plow correction was mostly evaluated as comparable to or better than the
reference method that uses a priori knowledge of the batches (in 10 and 1 of 12 datasets, respectively; total = 92%). When coupled to outlier removal, the Plow correction was
more often evaluated as better than the reference (comparable or better in 5 and 6 datasets of 12, respectively; total = 92%). Combining true batch and P
 low could improve the
results further but not systematically (5 datasets better but also 4 worse than the best
tested correction method ( Plow or true batch)) and notably with a strong association with
the imbalance of quality between groups of samples (designBias): the lower the bias, the
better this further improvement. Although performing well, the Plow correction could
not systematically remove the batch effect as well as the reference method using a priori knowledge. This result is in agreement with the multifaceted nature of batch effect,
which is not only explained by quality differences.
However, in some cases it is clear that the observable batch effect is not related to
quality. In these cases, the batch effect could be countered when correcting for the real
batch but not with P
 low (GSE120099) or vice versa a correction with Plow would improve
the clustering, but batch correction would not (GSE117970) (Additional file 1). In
GSE120099 we even observe a batch-like difference in quality between two groups of
samples, which does not correspond to the actual annotated batches, but seems confounded with the group, resulting in the highest value for the Design bias.
Also, a good example for a divergence of batch effect and quality is dataset GSE82177:
two very strong outliers skew the PCA plot and we observe a batch effect. When Plow or
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batch correction is employed, the PCA can be deconvoluted and the points are scattered
as expected, but still intertwined. When removing the outliers, the batch correction is
not able to differentiate between the groups well; with the quality-dependent outlier
removal the clustering is better. However, when we use both P
 low and true batch correction, the control and non-tumor samples cluster together and the tumor samples are
loose but not close to the others.
In Additional file 2, panel plots similar to Additional file 1 are available for each dataset, showing the correction of the PCA plot with surrogate variables detected by SVA
[9]. The first surrogate variable often has similar impact as either the true batch or P
 low,
while the combination of all surrogate variables together can sometimes outperform the
true batch as well as P
 low, suggesting artifacts of biological origin in the data: this is the
case in GSE117970 and GSE171343, although in the latter Plow can achieve good results
when removing an outlier. Vice versa, in some cases the correction with the combined
surrogate variables skews the data, most likely, because relevant biological information was identified as an artifact, see GSE82177, GSE162760 and GSE153380. The latter
is even skewed by just the first surrogate variable alone, which could be rooted in the
unbalanced nature of the dataset.
Overall, although batch effects are not only explained by quality differences, qualitybased data correction performs similarly to real batch correction on sample clustering.

Discussion
In this work we have tested our automated quality analysis tool, seqQscorer, for its capabilities to detect batch effects in the data. Taken as a confounding factor to correct the
data for the clustering of the samples, the quality evaluation led to results comparable to
the reference method that uses the real batch information.
We observed that in half of the data there were significant differences in the Plow quality score between the batches. We could observe that Plow would often have similar
effects as correcting for the true batch, but also observed a divergence between batch
effect and P
 low: In some datasets, we would correct for Plow, but the batch effect was still
clear, even when we otherwise improved clustering.
It should be noted that even with the correction based on the true batch, the PCA
clustering could not always be improved. In fact, only for half of the datasets, a true
batch correction would improve the clustering. This may be for a variety of reasons, such
as the fact that there may not actually be a significant biological difference between the
groups of samples. For example, in GSE162760 we can successfully remove the batch
effect with both Plow and true batch correction but the samples do not cluster better by
biological group. Also, PCA plots are not always appropriate to observe small changes
between samples such as changes due to a disease that impacts the expression of only a
few genes.
When correcting with Plow we could observe similar levels of improvement for the
clustering and even surpassed the batch correction when removing outliers. However,
the selected metrics could be impacted by changes in the number of samples and not
only by the clustering of the data points. Such metrics also do not weigh expected and
non-expected biological group similarities differently. Nevertheless, the manual inspection of the plots leads to the same conclusion.

Page 8 of 14

Sprang et al. BMC Bioinformatics

(2022) 23:279

When combining the two methods (correcting based on a priori knowledge of the
batches and automated quality control), we observed very different outcomes. The combination of the methods could perform better or worse in comparison to the individual
approaches. We hypothesize that the improvement of a combination of two confounding factors depends on whether they model different artifacts in the data or not. We did
not take into account other confounding factors, since they are generally not well documented in public datasets. Poor results in this study from true batch or quality-based
correction could be explained by such unaccounted confounding factors.
Batch effects that would impact data quality, such as effects explained by different handlers, sequencers or reagents during RNA extraction, will most likely be detected by our
software [1, 13]. Biological artifacts explained for example by the origin of the tissue or
location of sampling would not impact quality, but they can still majorly skew the data
[1]. Experiments to investigate sources for such biases, would be best addressed by the
wet-lab in charge of the analysis: it would be necessary to perform an NGS experiment
with deliberate batches. To have a possibility to observe if these batch effects are related
to quality, the files would need to be evaluated by seqQscorer as well as manually by an
experienced NGS scientist, for example the RNA Integrity Number (RIN) values should
be used as an indicator. Another possibility to approach this would be to do the same
experimental setup with batches two times, one time by an experienced handler and
one time by a less experienced handler or by inducing errors that will likely impact the
quality directly, like not keeping the temperature steady or gradually overreach the given
time limits during library preparation.
Batch effect correction algorithms such as SVAseq and RUVseq can detect any types
of artifacts in the data and could potentially outperform a simple correction by known
batch or by a single confounding factor such as P
 low. However, they must be guided
with information about the biological groups of interest beforehand in order to avoid
their detection as unwanted variation to be corrected [4, 14]. Such detection methods
bring the risk of detecting biologically relevant information, such as subpopulations in
groups of the data, as bias and subsequently removing this information [8]. This was also
observed in this work: while the sample-group-informed surrogate variable could often
outperform Plow or even the true batch information, it could be observed that in 25% of
the cases investigated the correction would skew or even remove the group clustering
(see Additional file 2). Goh et al. suggest to use a combination of gene fuzzy scoring with
neural-network-based feature extraction to circumvent this problem for downstream
application without data transformation, especially with machine learning applications
in mind [8]. Future work could explore ensemble methods leveraging a variety of models specializing in different technical effects or artifacts, together with our quality-aware
models.
Overall, our automated quality control method produces a score able to model technical differences between the samples of a dataset. It can be used as a confounding factor in downstream analysis. However, there are still biological artifacts and batch effects
that are not explained by quality. It would be desirable to increase the number of datasets to be able to better investigate if there are properties in the data and metadata that
give rise to artifacts. Cross referencing this information to batch correction and correction by Plow could give insight about the origins of artifacts in the data. Still, this type of
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information is not commonly given in publicly available datasets. Even with regard to
batches, it is not easy to find well annotated datasets, which led to the small number of
them used in this work.

Conclusions
In this work, we used our machine learning software that estimates the probability of
low quality for a given RNA-seq, DNAse-Seq or ChIP-Seq sample and showed that the
produced probability score P
 low can be used to predict batch effects that arise from technical issues.
We were also able to use the score to aid clustering visualization of the data and to
remove the batch effect comparably to the reference method that uses a priori knowledge. We observed the existence of batch effects that our quality-based approach could
not identify and most likely stemmed from biological artifacts.
Methods
We used 12 batched RNA-seq datasets from the NCBI’s GEO database. Table 2 shows
the datasets that were used and gives some metrics about the data. 7 batched datasets
were paired-end and 5 datasets single-end RNA-sequencing. The smallest number of
samples in a dataset is 10 samples, the highest number is 128. Metadata was collected
by hand from GEO and SRA and the datasets were downloaded using the samples’ SRA
accession numbers by the fastq-dump tool from the SRAtools library (10,000,000 random reads were selected for download with the -X flag). The computation was done on a
personal computer with an Intel® Core™ i7-8700 K CPU and 32 GB ram. With 5 threads,
the genome mapping process for a FASTQ file was between 20 and 30 s. The script that
derives LOC and TSS features took approximately 40 s per file.
Most datasets are related to diseases, except for dataset GSE163857, which is surveying the effects of metals on Microglia cells, and GSE163214 surveying the impact of a
gene on overall gene expression and histone acetylation in a HeLa cell line. Surveyed
diseases in the datasets span from neuronal diseases (e.g. Microcephaly, Dementia or
the impact of Alcoholism on neuronal cells) to inflammatory diseases (e.g. periodontitis
and parasitic diseases with leishmaniasis) and also different cancer types and cardiovascular diseases, showing a broad overview over biological data despite the relatively small
number of datasets. Table 2 gives an overview of the datasets and the corresponding
publications. As indicated in the last row, for some datasets only a subset of the samples
was chosen, either to keep the number of samples small, or if the samples were too convoluted to get any cluster metrics.
We used our software seqQscorer to derive the quality features and to predict the
quality of a sample, assigning the probability of low-quality P
 low [11]. Our software first
needs to derive the features from the FastQ files representing the biological samples. To
this end, it utilizes four bioinformatic tools: FastQC to produce the RAW features (Summary statistics of FastQC) [15], Bowtie2 for the MAP features (genome mapping statistics) [16], ChIPSeeker for the LOC feature (percentages of reads in genomic regions)
[17] and ChIPPeakAnno for the TSS features (percentages of reads in bins around the
transcription start sites) [18]. FastQC was applied to the full downloaded FastQ file,
while other quality features were derived from 1,000,000 randomly selected reads. The
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Table 2 Batched datasets used in this work
Dataset

Authors

Tissue

Disease

n samples n groups n batches Sample
filtering

GSE120099 Lo Sardo et al. Vascular
[24]
smooth mus‑
cle cells

Cardiovascu‑
lar diseases

29

2

3

Only WT cells

GSE61491

Sugathan
et al. [25]

Neural pro‑
genitor cells

Memory
disorders

54

2 (3)

2

No

GSE82177

Wijetunga
et al. [26]

Liver

Carcinoma,
hepatocel‑
lular

27

3

2

No

Breast neo‑
plasms

53

3

5

Only breast
related
samples

36

3

2

No

GSE117970 Cassetta et al. Breast
[27]
GSE173078 Hyunijin Kim
et al. [28]

Periodontium Periodontitis,
gingivitis

GSE162760 Farias et al.
[29]

Whole blood

Leishmania‑
128
sis, cutaneous

2

6

No

GSE171343 Bowles et al.
[30]

IPSC derived
cerebral
organoids

Dementia

36

3

3

Only of one
Type: GIH6-C1-(delta)
A02

GSE153380 AlvarezBenayas et al.
[31]

Primary
Muliple
plasma—and myeloma
myeloma
cells

33

2

3

Only primary
cells

GSE163214 Procida et al.
[32]

HeLa Kyoto
cell line

None

10

2

2

No

Alcoholism

GSE182440 Lim et al. [33]

Brain

GSE163857 Moser et al.
[34]

Microglia

GSE144736 Roth et al.
[35]

iPSC-derived
patient neu‑
roepithelium

Microcephaly

24

2

2

No

24

3

2

Only human
samples

52

3

2

No

Samples in each dataset have been filtered to remove factors that could bias batch effect evaluation

tool uses these features to compute the probability score Plow for each sample. Among
the predefined models of seqQscorer some were trained on certain subsets of a large
main training set: 2642 samples labeled for low- and high-quality. We used the generic
Random Forest model that was trained on the complete training set. With this generic
model, Plow is computed from the ratio of votes by trees in the random forest. To derive
the differential gene expression, we used Salmon [19] to quantify the gene expression
from 1,000,000 randomly selected reads per sample, and DESeq2 [20] for statistical
tests and to compute rlog normalized expression values for PCA plotting. Differentially
expressed genes were considered at an adjusted p-value < 0.05. See Fig. 1 for an overview
of the computing workflow.
We plotted the batches against P
 low with R and ggplot2 and computed a Kruskal–Wallis’s test to confirm if there are significant differences of P
 low values between batches.
To investigate if P
 low values could be used for batch corrections, we observed the
first two dimensions of a PCA either without any correction, or with correction by
Plow as well as correction by the real batch identifier as confounding factors. We
used the AC-PCA package for this, which allows to add confounding factors to the
computation of principal components [21]. We also tested the impact of removing
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outliers according to P
 low as well as the combination of all correction methods and
outlier removal. Outliers removed according to batch correction were identified by
the uncorrected PCA as well as the PCA with correction by the true batch. If a sample or a small group of samples was clearly skewing the clustering it was removed.
The same was done for the Plow correction, with the help of the bar plot showing Plow
values by samples (a sudden increase in high values was considered as a potential
threshold to identify outliers). For the combination of all outliers, the outliers of P
 low
were used, since they always contained the outliers used for the batch correction and
normal PCA. To have a metric of evaluation for these plots, we used the clusterstats
function from the fpc package and employed the wbratio, pearsongamma and dunn1
statistics [22].
The dunn statistic considers the ratio of the minimum separation of all clusters by the
maximum diameter of all clusters. That makes it a worst-case indicator, since it shows
the smallest index, even if some of the clusters are well defined and only one cluster is
scattered.
The pearsongamma is the correlation between distances and a 0–1-vector in which
0 indicates the same cluster, while 1 indicates a different cluster. It is derived from the
Normalized gamma of Halkidi et al. [23].
The wbratio is the average distance within the clusters divided by the average distance
between the clusters. While the other two metrics increase with clustering improvement, wbratio decreases.
In Table 1 we give a manual evaluation of the PCA plots: “comparable” means that a
correction with Plow (either with or without outliers) worked similarly to a batch correction (with or without outliers, respectively). The same information is given for the
combination of both corrections, but the reference is then the best overall PCA plot.
One main point considered was the change of the grouping of the clusters from the
second to the first principal component and if the groups clustered together. Especially a widely scattered cluster which can often be found with cancer versus normal
tissue would not score high with the metrics used, but it would be easily identified
at a glance. It is furthermore indicated if the experimental design is poor, good, or
very good, according to the manual observation of the balance of samples between
batches. If there is information about confounding factors available, it is also taken
into account.
We computed a design bias representing the agreement of Plow to biological groups,
utilizing Pearson gamma or “normalized gamma” [23], to have a positive value between
zero and one we added one and divided the result by two.
We compared our results with the results of the sva method of the package of the
same name [9]. We used it according to its documentation and used the biological group
information and the expression data. Other possible confounding factors were not used.
Abbreviations
DEGs	Differentially expressed genes
NGS	Next-generation sequencing
PCA	Principal component analysis
RIN	RNA integrity number
SVA	Surrogate variable analysis

Page 12 of 14

Sprang et al. BMC Bioinformatics

(2022) 23:279

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/s12859-022-04775-y.
Additional file 1. Results of Correction Experiments for all Datasets.
Additional file 2. Comparison of P
 low and SVA Correction.
Acknowledgements
We thank the IT group of the JGU for continued computational support and training.
About this supplement
This article has been published as part of BMC Bioinformatics Volume 23 Supplement 6, 2022 Selected articles from the
17th International Conference on Computational Intelligence Methods for Bioinformatics and Biostatistics (CIBB 2021).
The full contents of the supplement are available online at https://bmcbioinformatics.biomedcentral.com/articles/suppl
ements/volume-23-supplement-6.
Author contributions
MS: formal analysis, visualization, data curation, investigation, methodology, and writing—original draft, review, and
editing. MAA-N: supervision, funding acquisition, methodology, project administration, and writing—original draft,
review, and editing. J-FF: conceptualization, data curation, formal analysis, supervision, investigation, methodology, and
writing—original draft, review, and editing. All authors read and approved the final manuscript.
Funding
This research received no external funding. Publication costs were funded by the Johannes Gutenberg-University Mainz.
The funding body did not interfere in any way with the design of the study and collection, analysis, and interpretation of
data or in writing the manuscript.
Availability of data and materials
All data used in this work is publicly available via the NCBI GEO Database, all Accessions can be found in Table 2.

Declarations
Ethics approval and consent to participate
Not applicable.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Received: 1 June 2022 Accepted: 8 June 2022

References
1. Altman N. Batches and blocks, sample pools and subsamples in the design and analysis of gene expression studies.
In: Scherer A, editor. Batch effects and noise in microarray experiments: sources and solutions. Chichester: Wiley;
2009.
2. Grass P. Experimental design. In: Scherer A, editor. Batch effects and noise in microarray experiments: sources and
solutions. Chichester: Wiley; 2009.
3. Chen C, Grennan K, Badner J, Zhang D, Gershon E, Jin L, et al. Removing batch effects in analysis of expression
microarray data: an evaluation of six batch adjustment methods. PLoS ONE. 2011;6(2): e17238.
4. Leek JT, Scharpf RB, Bravo HC, Simcha D, Langmead B, Johnson WE, et al. Tackling the widespread and critical impact
of batch effects in high-throughput data. Nat Rev Genet. 2010;11(10):733–9.
5. Li T, Zhang Y, Patil P, Johnson WE. Overcoming the impacts of two-step batch effect correction on gene expression
estimation and inference. Biostatistics. 2021.https://doi.org/10.1093/biostatistics/kxab039.
6. Nyamundanda G, Poudel P, Patil Y, Sadanandam A. A novel statistical method to diagnose, quantify and correct
batch effects in genomic studies. Sci Rep. 2017;7(1):10849.
7. Cai H, Li X, Li J, Liang Q, Zheng W, Guan Q, et al. Identifying differentially expressed genes from cross-site integrated
data based on relative expression orderings. Int J Biol Sci. 2018;14(8):892–900.
8. Goh WWB, Wang W, Wong L. Why batch effects matter in omics data, and how to avoid them. Trends Biotechnol.
2017;35(6):498–507.
9. JT L, WE J, HS P, EJ F, AE J, Y Z, et al. sva: Surrogate Variable Analysis. 3.42.0 ed2021. p. R package.
10. Zhang Y, Parmigiani G, Johnson WE. ComBat-seq: batch effect adjustment for RNA-seq count data. NAR Genom
Bioinform. 2020;2(3):lqaa078.
11. Albrecht S, Sprang M, Andrade-Navarro MA, Fontaine JF. seqQscorer: automated quality control of next-generation
sequencing data using machine learning. Genome Biol. 2021;22(1):75.
12. Sprang M, Kruger M, Andrade-Navarro MA, Fontaine JF. Statistical guidelines for quality control of next-generation
sequencing techniques. Life Sci Alliance. 2021. https://doi.org/10.26508/lsa.202101113.

Page 13 of 14

Sprang et al. BMC Bioinformatics

(2022) 23:279

Page 14 of 14

13. Scholes AN, Lewis JA. Comparison of RNA isolation methods on RNA-Seq: implications for differential expression
and meta-analyses. BMC Genomics. 2020;21(1):249.
14. Risso D, Ngai J, Speed TP, Dudoit S. Normalization of RNA-seq data using factor analysis of control genes or samples.
Nat Biotechnol. 2014;32(9):896–902.
15. Andrews S, et al. FastQC: a quality control tool for high throughput sequence data. 2010. https://www.bioinforma
tics.babraham.ac.uk/projects/fastqc/. Accessed 20 Nov 2020.
16. Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nat Methods. 2012;9(4):357.
17. Yu G, Wang L-G, He Q-Y. ChIPseeker: an R/Bioconductor package for ChIP peak annotation, comparison and visuali‑
zation. BMC Bioinform. 2015;31(14):2382–3.
18. Zhu LJ, Gazin C, Lawson ND, Pagès H, Lin SM, Lapointe DS, et al. ChIPpeakAnno: a Bioconductor package to anno‑
tate ChIP-seq and ChIP-chip data. BMC Bioinform. 2010;11(1):237.
19. Patro R, Duggal G, Love MI, Irizarry RA, Kingsford C. Salmon provides fast and bias-aware quantification of transcript
expression. Nat Methods. 2017;14(4):417–9.
20. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2.
Genome Biol. 2014;15(12):550.
21. Lin Z, Yang C, Zhu Y, Duchi J, Fu Y, Wang Y, et al. Simultaneous dimension reduction and adjustment for confounding
variation. Proc Natl Acad Sci USA. 2016;113(51):14662–7.
22. Henning C. fpc: flexible procedures for clustering. 2.2-9 ed2020. p. R package.
23. Halkidi M, Batistakis Y, Vazirgiannis M. On clustering validation techniques. J Intell Inf Syst. 2001;17(2):107–45.
24. Lo Sardo V, Chubukov P, Ferguson W, Kumar A, Teng EL, Duran M, et al. Unveiling the role of the most impactful
cardiovascular risk locus through haplotype editing. Cell. 2018;175(7):1796-810.e20.
25. Sugathan A, Biagioli M, Golzio C, Erdin S, Blumenthal I, Manavalan P, et al. CHD8 regulates neurodevelop‑
mental pathways associated with autism spectrum disorder in neural progenitors. Proc Natl Acad Sci USA.
2014;111(42):E4468–77.
26. Wijetunga NA, Pascual M, Tozour J, Delahaye F, Alani M, Adeyeye M, et al. A pre-neoplastic epigenetic field defect in
HCV-infected liver at transcription factor binding sites and polycomb targets. Oncogene. 2017;36(14):2030–44.
27. Cassetta L, Fragkogianni S, Sims AH, Swierczak A, Forrester LM, Zhang H, et al. Human tumor-associated mac‑
rophage and monocyte transcriptional landscapes reveal cancer-specific reprogramming, biomarkers, and thera‑
peutic targets. Cancer Cell. 2019;35(4):588-602.e10.
28. Kim H, Momen-Heravi F, Chen S, Hoffmann P, Kebschull M, Papapanou PN. Differential DNA methylation and mRNA
transcription in gingival tissues in periodontal health and disease. J Clin Periodontol. 2021;48(9):1152–64.
29. Farias-Amorim C, Novais FO, Nguyen BT, Nascimento MT, Lago J, Lago AS, et al. Localized skin inflammation during
cutaneous leishmaniasis drives a chronic, systemic IFN-gamma signature. PLoS Negl Trop Dis. 2021;15(4):e0009321.
30. Bowles KR, Silva MC, Whitney K, Bertucci T, Berlind JE, Lai JD, et al. ELAVL4, splicing, and glutamatergic dysfunction
precede neuron loss in MAPT mutation cerebral organoids. Cell. 2021;184(17):4547-63.e17.
31. Alvarez-Benayas J, Trasanidis N, Katsarou A, Ponnusamy K, Chaidos A, May PC, et al. Chromatin-based, in cis and
in trans regulatory rewiring underpins distinct oncogenic transcriptomes in multiple myeloma. Nat Commun.
2021;12(1):5450.
32. Procida T, Friedrich T, Jack APM, Peritore M, Bonisch C, Eberl HC, et al. JAZF1, a novel p400/TIP60/NuA4 complex
member, regulates H2A.Z acetylation at regulatory regions. Int J Mol Sci. 2021;22(2):678.
33. Lim Y, Beane-Ebel JE, Tanaka Y, Ning B, Husted CR, Henderson DC, et al. Exploration of alcohol use disorder-associ‑
ated brain miRNA-mRNA regulatory networks. Transl Psychiatry. 2021;11(1):504.
34. Moser VA, Workman MJ, Hurwitz SJ, Lipman RM, Pike CJ, Svendsen CN. Microglial transcription profiles in mouse and
human are driven by APOE4 and sex. iScience. 2021;24(11):103238.
35. Roth JG, Muench KL, Asokan A, Mallett VM, Gai H, Verma Y, et al. 16p11.2 microdeletion imparts transcriptional
alterations in human iPSC-derived models of early neural development. Elife. 2020. https://doi.org/10.7554/eLife.
58178.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

