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3 Removing confounding effects from 
micro-array data 
Robert A. van den Berg, Machtelt Braaksma, Johan A. Westerhuis, Mariët J. van der Werf 
and Age K. Smilde 
 

Summary 
Confounding variation is variation that obscures the induced biological variation. 

Removal of the confounding variation can improve the interpretation of the data. In this 
paper we present a strategy to remove confounding variation based on an ANOVA 
approach, and to assess the impact of the removal on the interpretation of the variation 
induced by the experimental design. Our strategy is applied to an Aspergillus niger micro-
array data set in which the variation induced by the experimental design was obscured by 
confounding variation induced by the presence or absence of substrate. The confounding 
variation was successfully removed; however, variation induced by the experimental design 
was partially removed as well. This was due to correlation between the variation induced by 
the experimental design and the confounding variation. 
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1 Introduction 
In micro-array experiments the response of thousands of genes to the experimental 

conditions is measured. The experimental conditions are selected to study a certain 
biological phenomenon by inducing variation in processes relevant for the biological 
question [1,2]. Analysis of the resulting data aims to extract the variation relevant for the 
biological question from the total variation present in the data set. Sometimes, however, 
preliminary data analysis shows that variation relevant to the biological question is not the 
main source of variation in the data set. This can have different causes: (i) other sources of 
variation, for instance unexpected biological effects, obscure the variation of interest; (ii) the 
induced biological variation is very small compared to uninduced biological or technical 
variation; or (iii) the variation of interest is not present in the data set. 

Confounding variation is variation that obscures the induced biological variation. 
Furthermore, it originates from a certain structured source within the experimental setup. 
An example of a confounding effect from medical science could be an age or gender effect 
that influences the effectiveness of the medication. To improve the interpretation of the data, 
it is beneficial to remove this variation from the data set prior to data analysis.  

We use an analysis of variance (ANOVA) [3,4] approach to remove variation caused by 
confounding factors from a genomics data set. Furthermore, we analyze the impact of the 
removal of this variation and discuss the consequences for providing information relevant 
for the biological question. Our approach is illustrated by the application on A. niger micro-
array data in which an unwanted effect, related to substrate depletion, hampered the 
identification of effects related to the biological question. 

2 Theory 
2.1 Notation 

In section 2, we will provide the theoretical background of the method. For this, the 
following notations will be used.  

X (I x J) is the data matrix consisting of I experiments and J measured biomolecules. 
For simplicity, it is assumed that the variables in X are column mean centered.  

D (I x K) is a design matrix for K design factors coded with 0 and 1.  
U (I x L) is a matrix that consists of L dummy variables - also called confounders - that 

are used to encode the structure of the obscuring variation. u is a vector coded with -1 and 1 
if there are two groups; and a matrix U coded with 0 and 1 where 1 indicates group 
membership if there are more groups. 

F (I x [K+L]) is the concatenation of D and U.  
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B (K x J) and M (L x J) are weight matrices that describe the estimations of the 
contributions of each factor in respectively D and U to the J variables in X. The estimates of 

B and M are �B and . In the sequential approach (see below) B becomes �M �B and ��B . 
R (K+L x J) is a weight matrix that describes the contribution of each factor in F to the 

J variables in X. The estimate of R is �R . 

RD (K x J) and RU (L x J) are partitions of R, 
� �
� �
� �

D

U

R
R =

R
, that correspond to 

partitions D and U of F. Their estimates are �DR and �UR . 
E (I x J), G (I x J), Gsim (I x J)  and Gseq (I x J)  are matrices containing the residuals of 

the model. The expected mean of these matrices is zero. 

2.2 Variation in X 
In the ideal situation, the variation in X is fully attributable to the experimental design 

and can be estimated as follows: 
(1)  . EDBX �	
Sometimes, however, other sources of structural variation are present. This latter 

variation can be the result of co-occurring biological effects that are not directly, or only 
partially, related to the biological question. As a result of this structural extra variation, the 
confounding variation, the model has to be expanded to: 

(2)  �	 � �X DB UM G . 

2.3 Removal of the confounding variation in X 
An ANOVA approach is followed to estimate and remove the confounding variation. 

In this approach, the variation originating from UM is estimated and removed from X. In 
real life data, it is likely that there is correlation between D and U.  As a result it is not 
possible to fully distinguish between variation originating from D or U. We will discuss two 
approaches to remove the variation originating from U that deal differently with the 
correlation between D and U. The two approaches yield the same result when D and U are 
uncorrelated or orthogonal. 
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2.4 Simultaneous estimation of the variation originating from D 
and U 

The first option is to simultaneously estimate the variation resulting from U and D via 
a regression step: 

(3)  �
sim sim	 � �X DB UM G = FR +G  

(4)  � 
	 T 1 TR (F F) F X  
The variation originating from D and U is now divided over the weights in R. X* is 

estimated by removing the variation captured by URu.  

(5)  � � �
�

�sim sim

� �
� �
� �� �

D

U

R
FR +G = D U +G

R
 

(6)  � � � �
 	 � � 
U D UX UR DR UR G URU  

  �
sim	 �*

DX DR G  

2.5 Sequential estimation of the variation originating from D and 
U

For the sequential estimation of the variation originating from U, the variation 
originating from D is not taken into account in the model. The model then becomes: 

(7)  �( )seq	 � �X UM G DB  

  seq	 �X UM G�  

M can be estimated in the same way as in equation (4) by the following: �R
� 
	 T 1 TM (U U) U X  

The variation from �UM can then be removed to yield: 

(8)  �
seq seq
 	 	 �X UM G DB G� �  

seq	 �*X DB G�  

� *	 T -1 TB (D D) D X�  

�B� can be estimated analogously to (4) and analyzed. The estimation of �B�  is not 
pursued here as the objective was to prepare the data for further multivariate analysis. 
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2.6 Comparison of the simultaneous and sequential approach 
The variation induced by the confounder is estimated to subsequently remove this 

variation from the data matrix. By removing  in the sequential approach, all the 
variation attributable to grouping structure of U is removed from X. This includes variation 
that could originate from the part of the design D which correlates with U. In the 
simultaneous approach, the variation resulting from correlating factors in D and U is 
divided over D and U. As a result, it is not possible to distinguish between the two sources of 
variation and it is therefore not possible to fully remove U from X. The interpretation of the 
variation remaining in X* is therefore in the sequential approach more straightforward since 
only variation that is solely attributable to D remains. We therefore chose the sequential 
approach. 

ˆUM

2.7 Design factors in D affected by the sequential removal of 
the confounders 

To assess which factors in D correlate with U, the part of D that correlates with U can 
be removed from D: 

 (9)  DUU)U(UDD T1T* 

	
When there is a strong correlation between some factors of D and U, large parts of the 

variation of the factors that correlate with U will be removed in D*. D* can show which 
sources of variation from the experimental design are affected by the removal of the 
confounders. Depending on how severe the factors of the experimental design are affected, 
the contributions of these factors to the variation in the data set X* should be treated with 
care.  

3 Results 
3.1 Aspergillus niger micro array data set 

The approach discussed in the previous section is applied to an A. niger micro-array 
data set originating from a study in which the proteolytic activity of A. niger was studied. A. 
niger is a filamentous fungus of which the genome sequence was made available recently [5]. 
Metabolomics [6] was applied to A. niger to understand the mechanisms that induce the 
proteolytic system in order to be able to reduce extracellular protease activity. The 
experimental design consisted of four environmental parameters: pH, carbon source, 
nitrogen source, and nitrogen concentration selected to induce variation in the extracellular 
protease activity. The four parameters were present on two levels. Samples were collected 

 39



Chapter 3 

from controlled batch fermentations and analyzed by metabolomics. Later, however, micro-
arrays became available and the transcription profile of these samples was also analyzed 
using the Affymetrix GeneChip platform.  

The onset of the proteolytic system generally occurs during the transition from the 
exponential growth phase to the stationary growth phase. This phase transition usually 
starts when the carbon source is depleted [7]. Different samples were obtained around this 
transition phase. For the transcriptomics analysis, 20 samples from the samples collected for 
the metabolomics study were selected based on the presence of proteolytic activity. After 
initial analysis of the micro-array data, it became clear that a strong effect was present in 
these data which seemed to be related to the presence or absence of substrate. The principal 
component analysis (PCA) [8,9] score plot of the first two principal components of the 
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Figure 1: PCA score plots of A. niger micro-array data before and after the removal of the 
confounding variation. (A) The original micro-array data with a clear presence of a 
confounding effect. The ovals indicate different groups. (B)  The confounding effect removed 
based on two confounding groups. The dotted line indicates the separation based on pH. (C) The 
confounding effect removed based on three confounding groups. The dotted line indicates 
separation based on nitrogen source. 
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range scaled [10] transcriptomics data showed a strong grouping of the experimental 
conditions (Figure 1A). The protease activity of these samples showed that the grouping of 
the experiments in the PCA score plots was not related to high or low protease activity. 
Closer inspection of the conditions in the fermentor at the time of sampling indicated that 
the grouping was based on the presence or depletion of the substrate. This effect is clearly 
visualized by samples obtained from the same fermentation, collected at different time 
points. The first samples 4G8xNH4-2a and 4G8xNH4-2b (a and b indicate technical 
duplicates for the array analysis) were taken when there was still substrate present, while 
4G8xNH4-3a and 4G8xNH4-3b were obtained when the substrate was depleted. The samples 
4G8xNH4-2a and 4G8xNH4-2b are grouped in a different cluster than the samples in 
4G8xNH4-3a and 4G8xNH4-3b (Figure 1A). As the variation induced by the depletion of the 
substrate was therefore the likely cause that obscured the variation relevant for the induction 
of the proteolytic activity, we removed the variation related to the depletion of the substrate 
from the data set.   

Experiment Two effects Three effects 
5G4xNO3 -1 1 0 0 

3.2 Removal of the 
confounding variation 

5X4xNO3 1 0 0 1 To remove the confounding 
variation, a confounder matrix U was 
defined. It was anticipated based on 
medium composition analysis that the 
effect was related to either two groups: 
presence or depletion of substrate; or three 
groups: substrate present, substrate 
depleted for two to five hours, substrate 
depleted for more than 13 hours. 
Beforehand it was not clear whether two 
or three groups were sufficient to fully 
describe the effect. For both cases, U is 
defined as shown in Table 1.  

4X8xNO3 -1 0 1 0 
4G8xNO3 1 0 0 1 
4X4xNO3 -1 0 1 0 
5G8xNO3 1 0 0 1 
5X4xNH4 1 0 0 1 
4G4xNO3-2 -1 0 1 0 
4G4xNO3-3 -1 0 1 0 
5G4xNH4 -1 1 0 0 
4G4xNH4 -1 0 1 0 
5X8xNO3 -1 0 1 0 
4X4xNH4 -1 0 1 0 
4X8xNH4 -1 0 1 0 
4G8xNH4-2a 1 0 0 1 
4G8xNH4-2b 1 0 0 1 

To assess the effect of the removal of 
the variation induced by the different 
groups, a PCA analysis was performed on 
the resulting X* (Figure 1B and 1C).  

4G8xNH4-3a -1 0 1 0 
4G8xNH4-3b -1 0 1 0 
5G8xNH4 1 0 0 1 
5X8xNH4 1 0 0 1 
Table 1 – Design of confounder effects 
(matrix U)
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3.2.1 Groups based on presence or depletion of substrate
When two groups were defined (Figure 1B), the grouping in the score plots was no 

longer dominated by the presence or depletion of the substrate. Furthermore, it seemed that 
there was a mild separation based on the experimental design parameter pH. This could 
indicate that the variation resulting from parameters of the experimental design became 
dominant, instead of the variation resulting from the confounders. However, samples 
5G4xNO3 and 5G4xNH4 still stood out in the PCA score plots compared to the remainder of 
the samples (Figure 1B). These samples were obtained 2-5 hours after substrate depletion, 
and this could indicate that not all confounding variation was removed. The removal of the 
confounding variation based on two groups resulted in the removal of 52.5% of the sum of 
squares (SS) of the original centered data set.  

Removal of the confounding variation can affect the variation originating from the 
experimental design. To assess the influence of this effect, the confounding effects were also 
removed from the original design matrix. The SS that remained relative to the SS of the 
original design matrix is an indication how strong a design factor is affected. For the 
confounding effects based on two groups, the design parameters pH and nitrogen 
concentration were affected the most by the removal of the confounding design effect (Table 
2). Here, more than 10% of the variation of these parameters of the experimental design was 
removed. The experimental design parameters carbon and nitrogen source were only mildly 
affected, in these cases less than 1.5% of the variation was removed. Since the pH factor of 
the experimental design is affected by the removal of the confounder effects, it is remarkable 
and to a certain extent alarming that the PCA score plot indicate that a major part of the 
remaining variation in the data set is related to the pH parameter of the experimental design 
(Figure1B). This, together with the separation of samples 5G4xNO3 and 5G4xNH4 from the 
other samples could indicate that two groups are not sufficient to fully remove the 
confounding variation. 

3.2.2 Three groups 
Removal of the effects based on three groups seemed to fully remove the confounding 

effects based on absence or presence of the substrate (Figure 1C). There was no indication 
that grouping of experiments was related to the absence or presence of a substrate. 
Furthermore, there was a mild separation between the experiments based on the nitrogen 
source. The removal of the confounding variation removed 66.4% of the variation of the 
original centered data set. 
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Subtraction of the confounding effects from the design matrix leads to the removal of 
42.2% of the variation of the pH parameter of the experimental design. Furthermore, 19.2% 
of the nitrogen concentration parameter, and 8.9% of the carbon source parameter of the 
experimental design were removed. Only the effect based on the nitrogen source in the 
experimental design remained relatively unaffected as only 1.5% was removed. The 
variation induced by this experimental design parameter became a dominant source of 
variation in X* (Figure 1C). The importance of the nitrogen source as design parameter was 
also confirmed by an ANOVA analysis of protease activity (results not shown). This could 
indicate that three groups were better in removing the confounding variation than two 
groups, but may also throw away too much of the biological variation. 

4 Discussion 
Variation induced by confounding factors can hamper the interpretation of data sets 

resulting from omics experiments. In this paper, an ANOVA approach is used to remove 
confounding variation that was not related to extracellular protease activity, which was the 
main focus of this –omics study.  

Removal of the confounding variation comes at a cost since the variation originating 
from factors in the experimental design that correlate with the confounding factors is 
removed as well (Table 2). This can hamper the interpretation of the relation of 
experimental design parameter with the biological question. In the data set studied in this 
paper, the pH parameter of the experimental design was affected by the removal of the 
confounding variation with both estimates of the confounding factors. As a consequence, 
large parts of the variation that could result from the pH parameter of the experimental 
design were removed from the original data together with the confounding variation. By 
removing the confounders from the original design matrix, it is possible to estimate which 
design factors are affected by the removal of the confounders. 

The most important and also most difficult step for the removal of confounding 
variation is to define the confounder matrix as good as possible with regard to the biological 
question. The confounder matrix should be chosen based on expert knowledge of the nature 
of the effects that hamper the interpretation of the results. When the confounding 

Design factor Two groups (%) Three groups (%) 
pH 86.5 57.8 
Carbon source 99.8 91.1 
Nitrogen source 98.5 98.5 
Nitrogen concentration 89.7 80.8

Table 2 – SS remaining in design factors D after removal of confounding effects.
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parameter is not easily described as a discrete group structure, continuous measurements 
can directly be used as a parameter as well. Such an approach is called ANCOVA [4]. The 
choice for a certain confounder matrix can be validated by analyzing the removal of the 
confounding variation from the data matrix, for instance, by PCA. This, however, might not 
be sufficient to be confident that the correct confounding variation is removed.  

In this paper, the problems of selecting the proper confounders are illustrated by the 
results for the removal of these confounder effects. In the two group example, the pH factor 
of the experimental design is affected by the removal of the confounders while the PCA 
analysis (Figure 1B) indicated that the pH factor might have become an important source of 
variation of the experimental design. The three group example strongly affected the pH 
factor of the experimental design, and contribution of the pH factor is not obvious anymore 
in the PCA score plot (Figure 1C). This example illustrates that determining the 
confounding effects is both very important and difficult, as the results of the removal of the 
confounding effects are strongly influenced. 

The results of removing the confounding variation should ideally lead to the ability to 
extract the information relevant to the biological question under study. Depending on the 
biological question, and when it is unclear what the best confounder matrix is, different 
confounder effects can be tested empirically for better performance with regard to the 
biological question. For the data set analyzed in this paper, a strategy could be to validate the 
full model, the two group, and the three group model by the generation of PLS regression 
[11,12] models that model the relation between the gene expression data and protease 
activity, or another relevant phenotype parameter. This will most likely provide the best 
indication which approach gives the best results. This strategy is pursued in a follow up 
project.  
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