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Abstract  

Background: Batch effects are unwanted data variations that may obscure biological signals, lead-

ing to bias or errors in subsequent data analyses. Effective evaluation and elimination of batch ef-

fects is thus necessary for omics data analysis, especially in the context of large cohort of thousands 

of samples with different experimental platforms. Existing batch effect reducing tools mainly focus 

on the development of algorithms, while requiring programming skills and the knowledge of data 

distribution limits their application for many researchers. In order to facilitate evaluation and cor-

rection of batch effects, we provided an user-friendly and easy-to-use graphical batch effects analy-

sis web platform. 

Results: We developed an open-source R/Shiny based web server -- BatchServer that allows users 

to graphical interactively evaluate, visualize and correct of the batch effects in high-throughput data 

sets. BatchServer including a modified ComBat, which was a popular batch effect adjustment tool 

to correct batch effects, PVCA (Principal Variance Component Analysis) and UMAP (Manifold 

Approximation and Projection) to evaluate and visualize batch effects. BatchServer is an efficient 

batch effects processing platform, as its application in three publicly available data sets. 

Conclusion: Our user-friendly online open-source web server BatchServer supports comprehensive 

batch effects analysis facilitating the batch effect evaluations and corrections for biologists. 

BatchServer is deployed at https://lifeinfo.shinyapps.io/batchserver/ as a web server. The source 

codes are freely available at https://github.com/zhutiansheng/batch_server. 
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Background 

High-throughput omics data are usually generated with unwanted systematic variation or so-called 

“batch effects”. Batch effects are unwanted sources of systematic variation confounded with biologi-

cal signals when samples are processed and measured in different batches due to different laboratory 

conditions, reagent lots and personnels [1, 2]. If not handled properly, batch effects may distort bio-

logical signals [3] and mislead downstream analyses with high false positive rate [4]. Evaluation and 

correction of batch effects is essential in analyzing large-scale omics data. 

Assessing batch effects precedes omics-data analysis. Principal variance component analysis (PVCA) 

[5] and uniform manifold approximation and projection (UMAP)[6] are two widely adopted methods 

to identify or visualize batch effects. PVCA leverages principal component analysis (PCA) [7] and 

variance components analysis (VCA), and fits a mixed linear model to estimate the proportion of var-

iation of each factor. PVCA has been used to evaluate the effectiveness of batch effect correction [5]. 

UMAP is an emerging non-linear dimensionality reduction method, reported as the state-of-art tool 

for visualization of single cell cytometry and transcriptome data in terms of run times, reproducibility 

and organization of single cell clusters [6]. We applied these two methods to identify quantify or 

batch effect. 

The most intuitive way to correct batch effects is normalization technique, which adjusts the global 

properties of the data by comparing individual samples. However, batch effects may affect features 

in different extents, so simply exploiting normalization is sometimes insufficient to remove complex 

batch effects induced by multiple features [1]. To effectively eliminate batch effects, several methods 

have been developed, including singular value decomposition (SVD) [8], surrogate variable analysis 

(SVA) [9], exploBATCH [10], BatchI [11] and ComBat [12]. Among those methods, ComBat, based 

on a parametric or non-parametric empirical Bayes strategy, is arguably the most widely method for 

batch correction. ComBat has been reported to be reliable and robust to outliers when tested over a 

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 25, 2020. ; https://doi.org/10.1101/2020.03.23.996264doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.23.996264


 4 / 12 
 

large number of samples [2, 13]. However, User needs to determine whether to use parametric based 

method upon the distribution of data that is usually unknown [12]. Here, we automated this switch 

for ComBat with goodness of fit test. We further developed an open source web server – BatchServer 

that integrates PVCA, UMAP and autoComBat to provide researchers with easy-to-use interface to 

evaluate and correct potential batch effects in large-scale omics data. 

 

Implementation 

Architecture 

The architecture of BatchServer consists of three layers (Figure 1): 1) Data input layer is provided 

for uploading input files of data files and sample information files and for interactively selecting 

batches and co-variate names; 2) Data processing is responsible for batch effect estimation, visualiza-

tion and correction; 3) Data output layer can, used to display and download data processing results.  

BatchServer is written in R and calls several R packages, including Shiny and Shinydashboard for 

R/Shiny web interface; pvca for batch effect evaluation; plotly, umap and ggplot2 for batch effect 

visualization; sva for batch effect correction. BatchServer is inherited from the interactive micro-

service framework Shiny, integrating web interface in app.R, ui.R, and server.R which are called 

through global.R. BatchServer provided an easy-to-use interactive user interface. 

 

Imputation of missing values 

Missing values are common in omics data sets due to technical or biological issues [14]. The mecha-

nisms for missing values occurrence are complex and can be estimated in a number of ways [15]. 

Most statistical and machine learning methods do not allow large portion of missing values; therefore, 

BatchServer provides four computationally efficient ways to replace missing values by ‘1’, ‘0’, ‘10% 

of minimum’, or ‘minimum’, where minimum is the minimal value in the upload data matrix.  
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Automated ComBat 

ComBat is essentially a linear model that attempts to eliminate batch effects directly from the data 

sets. Y��� is defined to represent the feature (e.g. protein or gene) g of sample j from batch i. Define a 

model that assumes 

                                   Y��� = α� � Xβ� � γ�� � δ������,                                                                        (1) 

here α� is the overall value of g, X is a design matrix for sample conditions, and βg is the vector of 

the regression coefficients. The error term, ����, is assumed to follow a normal distribution 

	~�0, σ�
��. γig and δig represent the additive and multiplicative batch effects of batch i for feature g, 

respectively. If (2) holds, ComBat will use the parametric Bayes method, otherwise it will use the 

non-parametric Bayes method to estimate γ�� and δ��
� . 

                                  γ��~ N (γ�, τ�
�), and δ��

� ~ Inverse Gamma (λ�, θ�)                                         (2) 

The hyperparameters γ�, τ�
�, λ�, θ� are estimated empirically from data using the method of 

moments[12]. When using ComBat, users must manually modify the default parameters to determine 

whether to use the parametric or non-parametric empirical Bayes method. For ease of use, we em-

ployed Kolmogorov-Smirnov Goodness of Fit Test (K-S) to test whether the additive parameter γig 

fits normal distribution and the multiplicative parameter δ2
ig fits inverse gamma distribution for each 

batch at the significance level of 0.05 [16], respectively. In other words, BatchServer automatically 

switches between parametric or non-parametric Bayes method upon the detected distribution under-

lying the input data. 

Compared with the original ComBat, the improved ComBat is integrated into BatchServer with only 

one parameter (i.e. “par.prior”) different. The improved ComBat added an option ‘auto’ for this pa-

rameter, which automatically determines the use of parametric or non-parametric Bayes method by 

the above described strategy. For a better visual experience, BatchServer not only plots all batches 
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interactively, but also improves the visualization by highlighting and changing the colors of lines and 

points. Using the default parameters, we can see the prior plot of γ� and δ� of batch ‘1’ which passed 

the K-S test (red and blue lines, Figure 2A). Batch ‘4’ did not pass the K-S test indicating this batch 

is not good (Figure 2B). 

 

Application of PVCA and UMAP 

As a dimension reduction technique, UMAP was integrated into BatchServer to visualize and judge 

the batch effects of high dimensional omics data. The PVCA method assesses the proportion of each 

source of variability in a given data set. Nevertheless, PVCA in R Bioconductor only accepts 

ExpressionSet objects, which greatly limits its applicability other types of data object. We thus 

wrapped the pvcaBatchAcessess function in the pvca package and simplified the input data format. 

To enhance its usability, we integrated it into our web server. 

 

Results 

BatchServer usage 

The detailed instructions for BatchServer are provided in the Readme section of the online web page. 

We also provide the flow diagram of using BatchServer in Figure 3. For data input, a data file and a 

sample information file are required. The format of these files can be tab-delimited, space-separated, 

comma-delimited or an Excel file. BatchServer provides test data files provided by the bladderbatch 

package in the web readme page. The user can upload these two files in the “Data Input” menu, then 

click the “Submit” button. The data read module will read, process, and store the files for subsequent 

uses. It is recommended for users to evaluate whether the data have batch effects using PVCA or 

UMAP with the online server. Both methods will display the visualization of batch effects. Once the 
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batch effect is present, it can be adjusted using improved ComBat. Users can check and download the 

results of batch effect evaluation. The corrected data can be also downloaded. 

 

Real data application 

Three data sets were employed to test the performance of BatchServer. Each data set was analyzed 

and evaluated for time consumption using the improved ComBat. The parameters were set as 

par.prior = TRUE for parametric estimation, par.prior = FALSE for non-parametric and par.prior = 

auto for automatic detection of parametric or non-parametric estimation. Other parameters were set 

by default. The data before and after ComBat adjusted were analyzed and plotted by pvca and umap 

module. 

The first set of data are microarray-based transcriptomic data (GSE19804 and GSE10072) of 227 

lung cancer disease (118 cancers and 109 controls) in female nonsmokers [2]. We combined these 

two data matrices on their shared probes, naturally bringing out a data that were generated from two 

distinct batches (we named bath1 and bath2). Figure 4A showed an estimation of proportions of each 

factor by pvca: 1) before using ComBat (no correction) 71.57% variation was attributed to batch ef-

fect, 16.87% to biological signals (tumor and normal), 0.73% to interaction between batch and bio-

logical types, and10.84% left to residual variation; 2) after ComBat correction, batch effect variation 

reduced to nearly zero and consequently intensified biological variation considerably. Figure 4B and 

C showed consisted effect with A when using UMAP. The results were the same when using nonpar-

ametric and auto parameters (Figure 4A, B, C) because neither batch passed the K-S test (Figure 4D). 

Although the computational cost for method choice was negligible for combat (Additional file 2, 

Supplementary Table 1), the nonparametric estimation was always computational expensive than the 

parametric one. We also tested another two datasets. Both showed substantial batch effects as visual-
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ized by our batchServer, but after applying automated procedures the batch effects were well con-

trolled, leading to enhanced biological signals. Details were presented in additional file 2. 

 

Discussion 

Although parametric and nonparametric ComBat often brought out similar results, the parametric 

Bayes implantation was much computationally faster than its nonparametric one. As proposed in this 

study, the choice of using parametric or non-parametric Bayes implementation should be upon the 

goodness-of-fit test for the underlying distribution of the data set. Secondly, to extend batch effect 

method, we used feature selection strategies to filter out batch-specific features, inspired by the 

method of PCA and SVD that deal with batch effects by filtering out eigen features (e.g. protein, 

gene, and metabolite) that are inferred as batch affect factors[12]. Finally, we developed an online 

web server named BatchServer, especially dedicated to evaluation, visualization, and correction of 

batch effects, including quantifying the proportion of variation of batch effects using PVCA, visual-

izing batch effects using UMAP, and correcting batch effects using the improved ComBat with 

goodness-of-fit test. 

 

Conclusions 

We developed a web server called BatchServer to facilitate the evaluation, visualization, and correc-

tion of batch processing results for large-scale omics data sets. The automated ComBat can automati-

cally select parametric or non-parametric empirical Bayes methods for batch calibration. It also inte-

grates PVCA and UMAP to evaluate and visualize potential batch effects. BatchServer has an 

R/Shiny graphical user interface for enhanced usability and is easy to install on a personal computer 

or server, thus providing a convenient service to process batch effect for the community. 
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Availability and requirements 

Project name: BatchServer (Batch effects server) 

Project home page: https://lifeinfo.shinyapps.io/batchserver/ 

Operating system: Linux, Mac OS, and Windows. 

Programming language: R 

Other requirements: Tested with Chrome, Firefox and IE browsers 

License: Freely available to academic researchers. 

Any restrictions to use by non-academics: None 

 

Availability of data and materials 

The proposed BatchServer and its manual are deployed at https://lifeinfo.shinyapps.io/batchserver/. 

Source codes and testing data are freely available at https://github.com/zhutiansheng/batch_server 

 

List of abbreviations 

PCA: principal components analysis; PVCA: Principal Variance Component Analysis; UMAP: Man-

ifold Approximation and Projection; SVD: Singular Value Decomposition; t-SNE: t-distributed sto-

chastic neighbor embedding; K-S test: Kolmogorov–Smirnov test. 
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Figure legends 

Figure 1. The architecture of BatchServer. Users can submit data and sample information files via the 

data input layer. Once submitted, files are processed by the data process layer. Thereafter, the user is 

required to specify potential batch effect columns and interactively set variables, if any. The data 

processing layer then calculates and returns the results. Finally, the data output layer will display the 

results interactively through   and tables. 

Figure 2. The screenshot of prior plot of γ � and δ � of (A) batch ‘1’ which passed the K-S test and 

(B) batch ‘4’ which didn’t pass the K-S test using BatchServer. The first 50 rows of bladder data in 

bladderbatch Bioconductor package were used as input data. 

Figure 3. Flow diagram of BatchServer. 

Figure 4. Improved performance of ComBat by the first data set. (A) Pie plots of batch effect using 

PVCA with no correction and par.prior set to nonparametric, parametric or auto for improved Com-

Bat. (BC) UMAP plots show the clustering of biological and batch effect, respectively. D) Priori 

plots of batch effect by improved ComBat. 

Additional Files 

Additional file 1. A zip archive containing the source codes of BatchServer. 

Additional file 2. A zip archive containing the source codes of BatchServer. 

 

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 25, 2020. ; https://doi.org/10.1101/2020.03.23.996264doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.23.996264


Evaluation Visualization Download Correction

D
a

ta
file

S
a

m
p

le
in

fo
. file

D
a

ta
in

te
ra

c
tiv

e

Batch column

Covariates name

Data process layer Data input layer

Data output layer

server.Rui.R

app.R

global.R

…

(Other R source files)

Shiny compiler
R

Interpreter
Web

server

Semicolon-separated

Tab-separated

Comma-

separated

Excel file

Semicolon-separated

Tab-separated

Comma-

separated

Excel file

Parameters

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 25, 2020. ; https://doi.org/10.1101/2020.03.23.996264doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.23.996264


−1.5 −0.5 0.5 1.0 1.5

0.0

0.2

0.4

0.6

0.8

1.0
Density Plot of Batch ' 1 ' for γ̂

N = 50   Bandwidth = 0.1626

D
en

si
ty

−2 −1 0 1 2

−1.0

−0.5

0.0

0.5

1.0

Normal Q−Q Plot of Batch ' 1 ' for γ̂

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

0 1 2 3 4 5 6

0.0

0.2

0.4

0.6

0.8

1.0
Density Plot of Batch ' 1 ' for δ̂

N = 50   Bandwidth = 0.2563

D
en

si
ty

1 2 3 4

1

2

3

4

5

Inverse Gamma Q−Q Plot of Batch '1 ' for δ̂

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

−1 0 1 2

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Density Plot of Batch ' 4 ' for γ̂

N = 50   Bandwidth = 0.2324

D
en

si
ty

−2 −1 0 1 2

−1.0

−0.5

0.0

0.5

1.0

1.5

Normal Q−Q Plot of Batch ' 4 ' for γ̂

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

−2 0 2 4 6 8 10

0.0

0.1

0.2

0.3

Density Plot of Batch ' 4 ' for δ̂

N = 50   Bandwidth = 0.9993

D
en

si
ty

2 4 6 8 10 12

0

2

4

6

Inverse Gamma Q−Q Plot of Batch '4 ' for δ̂

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

B

A

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 25, 2020. ; https://doi.org/10.1101/2020.03.23.996264doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.23.996264


Data file Sample info. file

Upload

PVCA UMAP

Serious batch effect?

Not required 

to remove 

batch effect

ComBat

Batch effect 

corrected

s1 s2 … sn

f1 3  5  …  3

f2 6  9  …  8

…

sampleName batch tissue …

s1 b1    leaf  …  

s2 b2    root …

…

Yes
No

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 25, 2020. ; https://doi.org/10.1101/2020.03.23.996264doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.23.996264


71.57

16.87

10.84

0.73

Source

batch

batch:type

resid 

type

46.71 51.8

1.5 0

51.846.71

1.5 0

No correction Nonparametric Auto

−2

0

2

−10 −5  0 5 10
X1

X2

−4

−2

0

2

4

−4 −2 0 2
X1

X2

−4

−2

0

2

4

X2

−4 −2 0 2 4
X1

Type

Cancer

Normal

Batch#

Batch1

Batch2

−2

0

2

−10 −5 0 5 10
X1

X2

−4

−2

0

2

4

−4 −2 0 2
X1

X2

−4

−2

0

2

4

X2

−4 −2 0 2 4
X1

A

B

C

−10 −5 0 5

0.0

0.1

0.2

0.3

0.4

Density Plot of Batch '1' for γ̂

N = 22277   Bandwidth = 0.119

D
en

si
ty

−4 −2 0 2 4

−5

0

5

Normal Q−Q Plot of Batch '1' for γ̂

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

0.0 0.5 1.0 1.5 2.0

0.0

0.5

1.0

1.5

Density Plot of Batch '1' for δ̂

N = 22277   Bandwidth = 0.03329

D
en

si
ty

0.5 1.5 2.5

0.5

1.0

1.5

Inverse Gamma Q−Q Plot of Batch '1' for 

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

−10 −5 0 5 10

0.0

0.1

0.2

0.3

0.4

Density Plot of Batch '2' for γ̂

N = 22277   Bandwidth = 0.1335

D
en

si
ty

−4 −2 0 2 4

−5

0

5

10

Normal Q−Q Plot of Batch '2' for γ̂

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s

0.0 0.5 1.0 1.5 2.0

0.0

0.5

1.0

1.5

Density Plot of Batch '2' for δ̂

N = 22277   Bandwidth = 0.03737

D
en

si
ty

1 2 3 4

0.0

0.5

1.0

1.5

2.0

Inverse Gamma Q−Q Plot of Batch '2' for 

Theoretical Quantiles

Sa
m

pl
e 

Q
ua

nt
ile

s
D

51.3447.23

1.43 0

Parametric

−2.5

0.0

2.5

−4 −2 0 2
X1

X2

−2.5

0.0

2.5

−4 −2 0 2
X1

X2

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted March 25, 2020. ; https://doi.org/10.1101/2020.03.23.996264doi: bioRxiv preprint 

https://doi.org/10.1101/2020.03.23.996264

