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 Microarray gene expression profiling is used in biology for a variety of purposes 

including identifying disease biomarkers or understanding cellular processes. Biological 

samples composed of multiple cell or tissue types pose a problem because different 

compositions of cell-types in samples affect the gene expression profile and also the 

expression profile of individual components of the sample may be of interest. Physical 

methods to separate mixed samples are time-consuming and expensive. Consequently, 

several computational methods have been developed to deconvolute heterogeneous 

samples into individual components. Different software packages and applications are 

available to perform these calculations. Microarray Deconvolution is a web application 

that provides a simple-to-use interface that fills some gaps left by other packages in 

performing heterogeneous sample microarray deconvolution including microarray raw 

data processing and normalization, cell-type proportion estimation and simple linear 

deconvolution. 
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1 INTRODUCTION 

Gene expression profiling is used for a variety of biological research purposes 

ranging from understanding basic cellular process to the identification of disease 

biomarkers [1, 2]. Biological samples are often heterogeneous, containing a mixture of 

cell or tissue types, and microarray gene expression profiles from these samples represent 

the total measured gene expression in the sample [3]. The gene expression profile in these 

heterogeneous samples can be affected by the proportion of different cells or tissues in 

the sample [3].   

Tissue sample heterogeneity is often mentioned as a problem. For instance, 

Chaussabel et al. [4], in reference to studying the immune system, mentions data 

interpretation of gene profiles in complex tissues is difficult because gene transcriptional 

measurement is not only affected by regulation of gene expression but also relative 

changes in cell population that express genes at constant levels. Also, Xu et al. [5] 

performed microarray analysis on human blood samples from healthy volunteers. It was 

noted that the predominant cause of variation was relative proportions of cell-types [5]. 

Other physiological factors were only associated with less than 10% of the variation in 

gene expression profiles [5]. 

Not only is the varying proportion of cell-types a problem, but in many 

applications the gene expression profile of a particular cell type in the 

heterogeneoussample is of interest, rather than the overall gene expression profile. Some 

examples are virus-infected cells, cancer cells or specific cell types in an organ [6].
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Laboratory methods have been developed to physically separate heterogeneous 

samples, but they have significant drawbacks, including being time consuming and 

costly. Some of these methods will be discussed in the related works section of this 

thesis.  

In response to the drawbacks of physical separation of tissues, several statistical 

and in silico methods have been developed to deconvolute gene expression in individual 

cell-types from microarray data of heterogeneous samples. Most of these methods are 

based on the assumption of linearity of gene expression in heterogeneous samples first 

proposed in Venet et al. [3]. This linearity assumption is that the gene expression for each 

gene in the heterogeneous sample is the weighted average of the gene expression values

 in pure samples of each cell-type, and the weight is the proportion of each cell-type 

in the heterogeneous sample [3]. This assumption is summarized in equation (1) 

    ∑     

 

 

 (1) 

where Mi, Gik, and Ck are respectively the gene expression for gene i in the mixed-tissue 

sample, the gene expression for gene i in a pure-sample of cell-type k and the proportion 

of cell-type k in the heterogeneous sample [3]. There is a possibility for two types of 

unknown factors: cell-type proportions and cell-type gene expression profiles.  

Sometimes proportion estimates can be physically estimated by histology 

examination, digital microscopy image analysis or with flow cytometry [7, 8]. Physical 

estimations of cell-type proportions has a drawback because a physical cell-type 

proportion in a sample does not necessarily reflect the amount of mRNA a cell-type 

produces [9]. Some cell-types produce more mRNA than other cell-types, for example 
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tumor cells produce more mRNA than normal cells [9]. This means that a physical 

proportion may not reflect the mRNA proportion in a sample. For example if a cell-type 

physically made up 20% of the volume of a sample, but actually contributed 50% of the 

mRNA, the disparity between physical proportion and mRNA proportion is large. Since 

microarray analysis is based on mRNA amount this is an important observation. The 

proportion of mRNA contributed in the heterogeneous sample by each cell-type can be 

estimated if expression profiles in pure samples for each cell-type are known [10]. 

Often it is not the proportion of cell-type that is desired, but the expression profile 

of a particular cell-type. In a two cell-type heterogeneous sample, if one pure cell-type 

sample expression profile is known, then proportion estimates of both cell-types and the 

expression profile of the other cell-type can be estimated [11]. 

Some methods for deconvolution do not require proportions or pure sample 

expression profiles to be known or estimated, but they require several samples with 

varying proportions of cell-types [12]. The related works section describes different 

heterogeneous sample microarray deconvolution software packages and their methods for 

deconvolution. 

1.1 Motivation 

Situations in need of heterogenous sample deconvolution involve samples from a 

variety of organisms with varying levels of complexity. The obtainable samples, 

information and data in each situation are different. Because of this having every known 

deconvolution algorithm implemented is necessary to fit as many situations as possible. 
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A few different software packages and programs have been developed to deal with 

the problem of gene expression deconvolution in heterogeneous tissues. None of the 

software packages use an algorithm for the situation where cell-type proportions are 

unknown, but the expression profile for one of two cell-types in the mixed sample is 

known and the other cell-type expression profile is unknown. This algorithm is useful 

because it only requires one heterogeneous tissue sample and takes advantage of known 

pure cell-type expression profiles which allows for estimation of cell-type mRNA 

contribution.  

The software packages that use algorithms that require cell-type proportions do not 

provide a way to estimate the cell-type mRNA contribution. The software packages that 

use algorithms that do not require proportion estimates require many mixed tissue 

samples. 

Also all of the software packages require programming knowledge. Even the 

packages with user-interfaces require programming knowledge because they do not 

process or normalize raw microarray data. 

1.2 Contribution 

This thesis presents a web application that allows users to perform heterogeneous 

sample microarray data deconvolution using the approach where measured cell-type gene 

expressions in a pure sample are available for one cell-type of the heterogeneous sample 

and these gene expressions are used to estimate the proportion of the mRNA contributed 

by each cell-type in a heterogeneous sample. Multiple methods for estimating cell-type 

proportion from gene expression ratios of a pure cell-type sample to the heterogeneous 

sample are implemented to obtain a range of proportion estimates. 
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The web application also processes and normalizes raw microarray data, so that this 

does not need to be done before hand. The application provides different processing 

options for comparison purposes. 

Multiple groups of samples from a single deconvolution application can be 

processed and deconvoluted at one time. For example if microarray analysis were done 

for a time series, each time point and the relevant heterogeneous and pure samples could 

be added to the application and handled at the same time. Each time point receives its 

own proportion estimates and is deconvoluted separately from the other time points, but 

output files would include all time points together. 

Plots of overall gene expression profiles and subsets of particular genes from the 

gene expression profiles are shown for quality control purposes throughout the process of 

proportion estimation and data deconvolution. The subsets of particular genes include 

cell-type specific genes for both the cell-type with a known expression profile and the 

cell-type without a known expression profile and mask genes. 

The web application requires CEL (microarray) data files for both the 

heterogeneous tissue and one cell-type from the tissue, cell-type specific genes and a 

relevant gene mask list for the microarray data. This web application can be used for any 

microarray application as long as the necessary CEL files for both the heterogeneous 

sample and one cell-type are available. No programming knowledge, whether in R, 

Matlab or Java, is required to use this application. 

1.3 Organization 

This thesis is organized as follows: 
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 The related works section describes a few different physical tissue separation 

methods and some of the software packages that perform heterogeneous tissue 

deconvolution. 

 The methodology section contains an in detail description of the approach used 

for heterogeneous tissue deconvolution that is the basis for this web application. It 

also contains descriptions of other algorithms and approaches used in the 

application for data processing and quality control. 

 The application description section describes the process and capabilities of the 

web application. It also describes what technologies were used to create the web 

application. 

 The case study section describes two case studies. One case study is the thymic 

microenvironment application of heterogeneous tissue deconvolution. The thymus 

microarray data is used to demonstrate this web application. This case study also 

describes general patterns elucidated by using this web application. The second 

case study uses mixed lung, liver and brain tissue microarray data with known 

measured proportion estimates of each tissue type. This case study is included to 

demonstrate the ability of the web application to be used for other deconvolution 

applications. It also further delves into the accuracy of the tissue type proportion 

estimates. 

 The conclusion section summarizes the thesis and presents future work for the 

web application. 
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2 RELATED WORKS 

As mentioned in the introduction both physical and in silico methods have been 

developed to determine the gene expressions for individual cell-types in mixed tissue 

samples. In this section a few different physical methods and software packages will be 

described along with their strengths and drawbacks. 

2.1 Physical Separation Methods 

Physical separation methods make it possible to obtain gene expression profiles for 

pure cell-type samples. Laser capture microdissection (LCM) [13] and cell sorting are 

two physical separation techniques that will be described. Other physical separation 

methods, such as density centrifugation and differential adhesion, will not be described 

because they have similar drawbacks to the methods described. Another physical 

technique of interest is in situ hybridization which is a technique used to see what cells 

are expressing which genes. LCM, cell sorting and in situ hybridization are very 

commonly used, any literary search for these methods will turn up thousands to hundreds 

of thousands of papers where these techniques are used or referenced. 

LCM is a technique for separating regions of a biological sample [14]. LCM has 

been used in a variety of applications. For instance, Fuller et al. [15] describes the role 

LCM has had in the molecular analysis of human breast cancer.  In the early stages of 

breast cancer, tumor cells often make up less than 1% of the cell population [15]. Using 

LCM, malignant cells were able to be isolated from surrounding normal cells [15]. The
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 patterns of differentially expressed genes of isolated malignant cells compared to the 

mixed sample were very different [15]. 

LCM is very useful but is not always possible and has a few other drawbacks. LCM 

requires solid-tissue samples and for regions of cells to be separated by a distance of at 

least a few cell widths [6, 9]. Also cell-types of interest need to be morphologically 

distinct [6, 9]. Specialized equipment is required to obtain a sufficient quantity of cells 

for expression profiling [6, 9]. LCM is also time-consuming [6, 9].  

Cell-sorting is another laboratory technique that can be used to isolate cells by 

particular type. Like LCM, cell-sorting is also used for a variety of applications. For 

example, recently White et al [16] employed cell-sorting to obtain pure samples of 

endothelial cells (ECs) derived from human embryonic stem cells (hESC) and ECs 

derived from  induced pluripotent (iPS) stem cells to compare gene expression profiles. It 

was shown that there was limited gene expression variability between ECs derived from 

iPS or hESC [16]. 

Cell-sorting requires the sample to be in suspension and a suitable biomarker for 

the cell-type of interest [6, 9]. For LCM, cell-sorting and other physical cell separation 

methods the act of separating cells can alter gene expression [6, 9]. Altering gene 

expression defeats the purpose of separating the cells for gene expression profiling. 

In situ hybridization is a common technique used to determine where in a sample a 

particular gene is expressed [3]. If the location where the gene is expressed is known then 

it can be determined what cells express it [3]. Serafini et al. [17] describes using 

radioactive in situ hybridization to verify the presence of Epstein-Barr virus in multiple 
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sclerosis brain tissue. Using radioactive in situ hybridization, Epstein-Barr virus was 

confirmed in tissue samples that had previously been labeled devoid of Epstein-Barr virus 

using non-radioactive in situ hybridization. In situ hybridization is time-consuming and it 

is not feasible to perform for every gene measured by a microarray analysis[3].  

2.2 Software 

Many different software packages have been made that deconvolute heterogeneous 

sample microarray data. The following four software packages implement four different 

approaches to determine the cell-type gene expression profiles and/or the proportions of 

cell-types in heterogeneous samples. Each method and implementation has been proven 

effective at deconvoluting microarray data, but each method requires different 

information to obtain accurate results. 

2.2.1 DECONVOLUTE 

Lu et al. [10]  uses a simulated annealing [18] based algorithm for calculating the 

proportions of different cell-types in a heterogeneous sample. This algorithm relies on 

knowing cell-type specific genes and their normal expression levels for each cell-type in 

the mixed sample [10].  

The algorithm was demonstrated by analyzing gene expression in yeast cells at 

various stages in the cell-cycle [9]. The normal expression level is known for the 696 

genes (out of approximately 6200) that express at different levels during the cell cycle 

[10]. Lu et al. [10] sets up 696 equations (one for each gene) each with 5 unknown values 

which is the proportion of mRNA contributed to the heterogeneous sample signal by the 
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cells in each stage of the cell cycle. A simulated annealing-[18] based algorithm is then 

applied to estimate the proportions of the cells in each cell cycle. 

Lu et al. [10] mentions that this algorithm was implemented in Java 2 and the 

package DECONVOLUTE  is available on 

http://bioinformatics.icmb.utexas.edu/deconvolute, but at the time of writing this thesis 

this link was not functional.  

Wang et al. [19] does not use DECONVOLUTE directly, but uses the same 

algorithm implemented by Lu et al. [10] to estimate proportions changes of cell-types and 

study differential gene expression in mouse mammary gland tissues during mammary 

gland development and induced mammary tumorigenesis. Reference mostly 

homogeneous samples for 8 different cell-types were obtained. From these reference 

samples, cell-type specific genes were determined by comparing the samples [19]. It was 

important that the cell-type specific genes used for this analysis maintain a fairly constant 

expression level regardless of any biological processes happening [19].  

A simulated annealing algorithm was performed using the gene expression 

profiles of the cell-type specific genes to estimate proportions for different cell-types in 

microarray data samples from different stages of mammary gland development and 

induced mammary tumorigenesis [19]. With proportion estimates of cell-type and the 

gene expression signals in reference sample, a predicted value was estimated for each 

gene in a given heterogeneous sample [19]. The predicted values using the reference 

samples were subtracted from the measured gene expression values in the heterogeneous 

samples to see which genes were differentially expressed [19]. The results of proportion 
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estimates and differentially expressed genes obtained from this study were consistent 

with previous reports in the literature [19].  

In this study, changes in proportions of cell-types in complex tissue were 

estimated which permitted improved detection of differentially expressed genes [19]. 

Wang et al. [19] mentions that this study is highly dependent on the behavior of 

individual genes in the reference samples, and that the success of the analysis depends on 

the purified populations. 

The strong point of this deconvolution algorithm is that it should have a high 

noise tolerance because of the over determined nature of the equations [10], which is 

particularly helpful with microarray data because as mentioned it is inherently noisy. This 

strong point is only applicable if there are several more known cell-type specific genes 

with constant gene expression than cell-types. A problem with this approach is for many 

heterogeneous tissue applications the normal expression level for cell-type specific genes 

is not known for all or any cell-types in the sample [9]. Also this method would be 

difficult to use for complex tissues in higher organism because it would require 

identifying cell-type specific genes that expression levels do not greatly change due to 

different biological states or from experimental perturbation [19]. 

2.2.2 DSection 

DSection is software package that uses a probabilistic model for deconvoluting 

heterogeneous microarray data including estimating experimental condition specific 

expression profiles [7]. DSection incorporates Bayesian prior densities to take into 

account that information such as cell-type proportions or cell-type specific expression 
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profiles have uncertainties associated with them [7]. It also uses Markov chain Monte 

Carlo sampling techniques to improve cell-type proportion estimates [7].  

DSection was demonstrated with 14 samples that were created using simulated 

expression profiles of 700 genes for three cell types and two experimental conditions [7]. 

Because this data was simulated normally distributed noise was added to the sample gene 

expression profiles [7]. DSection was better than linear regression at accurately 

identifying differential expression between cell-types and experimental conditions [7]. 

DSection also outperformed linear regression using real human brain and heart cell 

mixtures from Affymetrix [7]. 

Lehmusvaara et al. [20] used DSection to study the molecular mechanisms of two 

different hormone therapies for prostate cancer. 28 men were included in the study, 11 of 

which were the control group with no hormone treatment and 9 and 8 men were given 

one of the two hormone therapies. The hormone therapies (or no treatment) were 

followed by prostatectomy. Samples were taken from the prostates that included 

malignant cells and non-malignant epithelial cells. Because DSection does not provide a 

method of estimating cell-type proportions, physical proportions of cancer, epithelium 

and stroma cell-types in samples were estimated by examining adjacent sections using 

cell staining and virtual microscope system visualization. Normalization of the 

microarray data was performed before using DSection. The normalized microarray data 

was analyzed using DSection to calculate the average expression values of individual 

genes for each treatment group and tissue type. [20] 
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The differentially expressed genes obtained from DSection results were validated 

using two methods. One was comparing the differentially expressed genes obtained from 

the deconvoluted data to differentially expressed genes obtained from the original data. 

This method showed that DSection did seem to reliably estimate expression profiles. The 

second validation method was using LCM, which is one of the physical methods 

mentioned earlier. Samples were microdissected and gene expression was measured 

using qRT-PCR. Using this method only 10 genes were analyzed and 1 of the 10 genes 

showed differences between the measured and DSection predicted values. The results of 

the study were that the two hormone treatment types regulated different genes. DSection 

was able to reliably predict cancer cell gene expressions in heterogeneous samples. [20] 

DSection is available as Matlab code and also has a web interface at 

http://informatics.systemsbiology.net/DSection/ [7].  The application requires processed 

expression data and proportion estimates for each cell-type. Prior weight, transition 

weight, burn-in sampling and posterior sampling are required probabilistic input 

variables. For a deconvolution problem, this tool is only useful if proportion estimates are 

available. 

2.2.3 deconf 

Repsilber et al. [12] implements the deconvolution algorithm proposed by Venet 

et al. [3], which uses non-negative matrix factorization (NMF). The algorithm was 

demonstrated using experimental expression data for whole blood samples from 40 

tuberculosis patients (TB) and 40 healthy controls[12]. Accuracy for this method 
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increases with increasing number of samples, with simulated data Repsilber et al. [12] 

showed the improvement of results from using 4, 20 to 120 samples was significant. 

This algorithm is available in an R-package called deconf. This algorithm requires 

no prior knowledge (i.e. cell-type proportion estimates, cell-type specific gene expression 

profiles) [12]. deconf requires microarray data to be processed beforehand. Positive and 

negative marker genes are required for at least one cell-type to identify the cell-types 

after deconvolution [12]. The algorithm requires more than one heterogeneous sample 

and works best with a large number of samples that have varying cell-type proportions 

[12, 21]. The deconf R-package does not have a user-interface associated with it. 

NMF is an unsupervised learning technique and Gaujoux et al. [22] compares 

deconf to other (NMF) packages using microarray data with known proportions and 

expressions. Gaujoux et al. [22] shows that deconf can be improved by enforcing marker 

genes for each cell-type to follow a block pattern in the deconvoluted cell expression 

profiles. 

No case-studies or journal articles were found that used deconf. This could partly 

be because with real-world biological applications it is difficult to obtain enough samples 

to obtain accurate results from deconf.  

2.2.4 csSAM 

Cell-type specific significance analysis of microarray (csSAM) is an algorithm for 

analyzing differentially expressed genes for cell-types in heterogeneous sample 

microarray data [8]. csSAM uses linear regression analysis to deconvolute cell-type 
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specific gene expression profiles [8]. The deconvolved gene expression profiles are used 

to find cell-type specific differentially expressed genes [8].  

csSAM was applied to whole-blood gene expression data from 24 kidney transplant 

recipients [8]. 15 recipients were rejecting the kidneys and the other 9 patients were 

stable [8]. No differentially expressed genes were detected between the two groups of 

patients when analyzing the whole-blood expression data [8]. csSAM was applied to the 

data and 318 differentially expressed genes were identified in the cell-type monocytes 

between the two groups of patients [8]. 

Shannon et al. [23] used csSAM to study differential expression in whole blood 

samples from 10 patients suffering acute heart allograft rejection (AR) (which is a serious 

complication of heart transplantation) and 16 patients not suffering from acute heart 

allograft rejection (NR). Proportion of cell-types in the whole blood samples were 

estimated from complete blood count (CBC) [23]. 5063 differentially expressed probe-

sets were found when analyzing the whole blood samples without considering sample 

composition [23]. Only 1474 differentially expressed probe-sets were found after 

accounting for sample composition by using csSAM. 1105 probe-sets were in common 

[23]. Using csSAM, 8 probe-sets were identified as differentially expressed in monocytes 

[23]. Shannon et al. [23] mentions that sample size is a concern because csSAM uses 

least-square regression approach which is sensitive to outliers.  

csSAM is available as an R-package and a Microsoft Excel-Addin. csSAM requires 

cell-type proportion estimates and the microarray data to be pre-processed.
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3 METHODOLOGY 

This section describes the different algorithms used in the web application to 

process, normalize and deconvolute microarray data and to validate the process and 

results. 

3.1 Data Preparation 

Microarray raw data requires processing before any calculations can be done. 

Different processing algorithms may affect the proportion estimates and calculated signal 

results. The general consensus on which processing method is the best is that it depends 

on the application [24, 25].  Therefore it is advantageous to be able to compare different 

processing methods. Three widely used microarray processing algorithms are Probe 

Logarithmic Intensity Error (PLIER) [26], Affymetrix® Microarray Suite version 5.0 

(MAS5) [27] and Robust Multi-array Average (RMA) [28].  

Microarrays use probe sets to measure gene expression. There are two different 

types of probes: Perfect-Match (PM) and Mismatch (MM). PM probes cover different 

regions of the genetic transcript, while MM probes measure non-specific hybridization. 

[25] 

PLIER is a multiplicative model fitted to the PM-MM values [24]. PLIER accounts 

for experimentally observed probe behavior patterns and uses data across all arrays 

analyzed to minimize the effect of probe-specific affinity differences [29]. PLIER 

performs a probe-specific background correction that provides better accuracy and
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 increases signal variance [29]. PLIER can have large variances because it produces 

expression measures close to 0 [24]. PLIER has a higher sensitivity for low expressors 

[26]. 

The MAS5 algorithm provides a robust average signal value using Tukey biweight 

estimator [24]. Background correction is performed by a removing a spatial background 

estimate of a weighted average of the lowest 2% intensities and then subtracting MM 

from the PM intensity [24, 29]. Affymetrix [29] states that the primary use of MAS5 

should be to obtain a quick report of the array performance and to identify any obvious 

problems before further analysis. MAS5 is not as sensitive as either PLIER or RMA to 

small changes in signal [29]. 

RMA fits a linear model at the probe level to minimize probe-specific affinity 

differences in a probe-set [29]. The posterior mean of specific signal given the observed 

PM is used to obtain a global correction for background correction [24]. RMA signal 

measurement is based only on PM values and was developed because using MM probe 

detection of non-specific binding is unreliable [30]. RMA has increased sensitivity to 

small changes between samples [29]. RMA is not able to detect small fold changes as 

well as PLIER [29]. 

Mieczkowski et al. [25] performed a comparison study of different processing 

methods including PLIER, MAS5 and RMA and found that PLIER performed better than 

RMA and MAS5 at detecting differentially expressed genes and estimating fold change. 

Gyorrffy et al. [31] also performed a comparison study of nine processing algorithms 

using samples taken under research conditions. These processing algorithms included 

PLIER, RMA and MAS5, and it was noted that all performed similarly well [31]. 
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In the web application PLIER, MAS5 and RMA are presented as options for 

processing. PLIER is the default and MAS5 and RMA are available for comparison. The 

data is quantile normalized [32] after using PLIER, MAS5 or RMA. The algorithm for 

quantile normalization is first to calculate an average distribution and then to adjust each 

of the  microarray distributions to have the same distribution as the average distribution 

[33].  

Quantile normalization causes the gene expression profiles to have the same 

distribution [32, 33]. Also for the linearity assumption to work, Venet et al. [3] mentions 

that the gene expressions for the pure cell-type need to have the same normalization as 

the mixed cell gene expressions. 

3.2 Heterogeneous Sample Deconvolution 

Gosink et al. [6] describes a method of calculating the gene expression signals for 

one cell type in a two cell-type heterogeneous sample by using the following equation:  

          
                      

    
 (2) 

Signal (S) is the gene expression signal in its respective cell or tissue. Proportion (P) is 

the proportion of a cell-type in the heterogeneous sample. If a pure sample of cell-type A 

is available and the PA is known then the gene expression signals for cell-type B can be 

calculated.  

 In the web application if multiple heterogeneous samples and/or cell-type A 

specific samples are analyzed then the average of the heterogeneous sample signals and 

average of the cell-type A specific sample signals are used to calculate the signals for 

cell-type B as done by Griffeth et al. [11]. 
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3.3 Cell-Type A Proportion Estimation 

As mentioned earlier PA can be physically determined using a few different methods, 

but physical proportion estimates do not necessarily reflect the amount of mRNA 

contributed by cell-type A. Using the pure gene expression profile of cell-type A 

compared to the heterogeneous tissue gene expression profile allows PA to be estimated 

as the amount of mRNA contributed by cell-type A [11]. Theoretically PA can be 

determined by plotting STissue to SA ratios from smallest to largest and extrapolating the y-

intercept [11]. This plot is known as the rank-ordered ratio plot (RORP). In reality, 

determining PA is not straightforward because microarray data is noisy due to factors 

such as biological variation, experimental variation and digital signal processing noise [6, 

11]. The following three methods have been documented to estimate PA [11]: 

1. Determine the y-intercept of the tangent line to the inflection point of the RORP 

(tangent). 

2. Determine the y-value of the inflection point of the RORP (perpendicular). 

3. Determine the mean STissue to SA ratio for a set of known cell-type A specific 

genes (cell-type A specific). 

All three PA estimates are provided by the web application for a range of PA values. 

Having a range of PA values is useful because a higher PA will be more exclusive of cell-

type B gene signal expression and a lower PA values will be more inclusive [11].   

The calculation of the PA estimates is performed as follows. The ratio of the 

average tissue signal to the average cell-type A signal per probe set is the first step in the 

calculation of all three PA estimations. The cell-type A specific estimate is calculated by 
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averaging the ratios of genes that are cell-type A specific genes. The perpendicular 

(equation (5)) and tangent (equation (6)) estimations require more processing by fitting 

the RORP as a cubic polynomial (equation (3)) and calculating the x-value of the 

inflection point (equation (4)). 

  ( )                (3) 

             
   

  
 (4) 

   (             )   (           )              (5) 

   (       )                (           )              (6) 

3.4 Present Calls 

Whether a measured gene is considered present or absent in microarray data is an 

important concept in microarray analysis because if a gene is not being expressed than it 

should not be considered in the analysis. In heterogeneous tissue deconvolution genes 

that are not present in the heterogeneous sample need to be filtered out because they 

would not be present in the calculated cell-type B gene expression profile. Also present 

call filtering can improve the performance of PLIER, MAS5, and RMA processing 

methods [25]. 

The method in this application used to determine presence or absence of a gene in a 

sample is Wilcoxon’s individual comparison ranking methods [34] implemented in the 

Affymetrix Microarray Suite version 5 [35]. The implementation determines presence or 

absence per probe-set by calculating the difference of PM and MM values divided by the 

sum of PM and MM values for each probe-pair in a probe-set. The median value is 

compared to a threshold value and a p-value is estimated. The probe-set is classified as 
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present (P), marginal (M) or absent (A) by comparing the p-value to two more thresholds 

(alpha1 and alpha2) as described using this model: 

       {

                                            
                                
                                             

 (7) 

 

 The default values for alpha1 and alpha2 are 0.04 and 0.06 respectively, in the web 

application alpha1 is set to 0.05 and alpha2 is set to 0.065 as in Griffeth et al. [11] which 

uses this deconvolution and present call method. The high alpha1 and alpha2 values 

result in more P and M classifications. 

As mentioned earlier, in the web application heterogeneous sample signals are 

averaged together. The percent present call is reported because average signals are 

reported. Percent present call for each probe set is calculated for the averaged signal by 

dividing the count of present classifications by the total number of tissue samples. 

3.5 Validation 

Two simple methods are used to validate processing, normalization and 

deconvolution of the data. One method uses cell-type specific genes and the other method 

uses a mask of ubiquitously expressed genes. 

3.5.1 Cell-Type Specific Genes 

Cell-type specific genes should only be expressed in a particular cell-type. This 

means that a pure cell-type sample would show expression of its specific genes but low 

or no expression of another cell-type’s specific genes.  
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The measured signal distribution of cell-type B and cell-type A specific genes in 

tissue should be random. In cell-type A cells, the measured signal distribution of cell-type 

A specific genes should ideally be higher than, and cluster distinctly from, cell-type B 

specific genes. The opposite should be true for calculated cell-type B signals; the cell-

type B specific gene distribution should be higher than cell-type A specific gene 

distribution.  

Showing the distribution of cell-type specific genes in the deconvoluted 

expression data is one way used to validate the deconvolution method. The separation of 

cell-type specific genes works best if the genes are expressed relatively high in the 

heterogeneous tissue sample. 

3.5.2 Mask Genes 

Mask genes are genes that are expressed at approximately the same level in all cell-

types. Originally it was thought that using mask list gene signal distribution distortion 

could be used as a quality control metric when too high of a PA is used to calculate cell-

type B signal. The theory was that if a PA significantly different than the actual value of 

PA was used, then the mask genes would be significantly distorted. But mask list 

distortion is dependent on the difference of tissue and cell-type A signal for each gene. If 

the signals are equal then there will never be any distortion of mask list genes for any 

proportion of cell-type A used to calculate cell-type B signals. But when there is any 

difference between tissue and cell-type A signals, distortion increases with increasing 

differences and proportions. The actual values of the gene signals do not matter. At 0.5 

proportion value, the distortion is equal to the difference between SA and ST. 
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Although mask genes distribution cannot directly validate the PA, if mask gene 

distribution is generally the same between tissue, cell-type A and calculated cell-type B 

signals then these expression profiles can be directly compared [36].
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4 APPLICATION DESCRIPTION 

Microarray Deconvolution is a web application that automates the process of 

heterogeneous tissue deconvolution. This application first processes the tissue and the 

cell-type A microarray data and then calculates the estimates of PA previously mentioned 

in the methodology section. Using a user-chosen estimate of PA, the application 

calculates the gene expression signals for cell-type B by subtracting cell-type A signal 

contribution from the tissue signals using equation (6). This application also provides 

quality control plots for process verification.  

Microarray Deconvolution is written in Java [37] and uses REngine Java client 

[38] to access an RServe [39]. Rserve allows Microarray Deconvolution to use R [40] 

functions and libraries. The main R package used by Microarray Deconvolution is 

Bioconductor [41]. As the functions of the web application are described, the R packages 

and functions used will be mentioned. 

The version of Microarray Deconvolution used for this thesis was deployed using 

Apache Tomcat [42] on a UNIX machine. A UNIX machine was specifically used 

because multiple connections to RServe are allowed, which allows multiple requests at 

one time. 

 Microarray Deconvolution is a web application instead of desktop because, as a 

desktop application, R along with the necessary packages would need to be installed with 

the application. Selecting several microarray samples requires a significant amount of
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 memory and could cause the desktop to freeze or crash. Also multiple processes would 

not be allowed if the machine the application was installed on was not UNIX based. 

4.1 Parameter Selection 

The parameter selection web page of the Microarray Deconvolution has three 

steps. The first step is to choose the processing option of PLIER, MAS5 or RMA (see 

Figure 1). PLIER is the default option and recommended processing method. MAS5 and 

RMA are available for comparison purposes.  

 

Figure 1: Normalization method selection 

The second step is to choose the output signal scale of linear or log2 (see Figure 

2). This choice does not affect the processing of the microarray data or calculations 

performed. All processing and calculations are done in linear scale. But if log2 is chosen, 

then the signal files made available for download by the tool will provide signals in log2 

scale, which can be useful for graphing. 

 

Figure 2: Signal output scale selection 

The third step is to choose samples to analyze. The application displays a table of 

samples to choose from. This table of samples is created by reading in a file that contains 

a list of samples and descriptive information pertaining to the samples including: short 
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name for the sample, chip file name, scaling factor, percent present, sample type (cell-

type A or tissue), description of when the sample was taken and the location of the 

sample. New samples can be added to the file without modifying the underlying code. 

The samples in the table are grouped by location, when sample was taken and sample 

type (see Figure 3). Scaling factor and percent present for each sample can be viewed by 

holding the mouse pointer over the name of the sample. The only constraint on sample 

selection is that at least one cell-type A and tissue sample must be selected from each 

group chosen because analysis is done per group after processing and normalization of 

the raw data. Microarray Deconvolution allows any number of tissue and cell-type A 

samples from multiple groups to be selected. 

 

Figure 3: Samples selection (thymus data) 
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4.2 Selected Samples Preparation 

The selected sample files are read into an R environment using the function 

ReadAffy from the Bioconductor library simpleaffy [43]. The selected samples are all 

processed together using the selected processing option. The simpleaffy library functions 

mas5 and rma are used respectively for MAS 5.0 and RMA processing. The function 

justPlier from Bioconductor library plier [44, 45] is used for PLIER processing. 

After processing, the expression signals are quantile normalized [32] to obtain a 

uniform distribution of gene expressions in all samples. The function normalize.quantiles 

from the preprocessCore [46] Bioconductor library is used to perform quantile 

normalization. 

Processing and normalization are the only times all of the selected samples are 

processed together, after normalization the selected samples are separated by group to 

estimate the proportion of cell-type A in the heterogeneous sample. 

4.3 PA Calculation 

In each group of samples the cell-type A signals are averaged and the tissue 

signals are averaged together per probe set. Resulting in average cell-type A signals and 

average tissue signals per probe set for each group selected. These average signals are 

used to calculate the three estimates for PA mentioned in the methodology section for 

each group of samples. The cell-type specific genes used to calculate the cell-type 

specific proportion estimate are read in from a text file and can be modified for different 

cell-types. The RORP 3rd degree polynomial fit and evaluation used to calculate the 

perpendicular and tangent proportion estimates are accomplished using the polyfit and 

polyval function from the pracma [47] R library.  
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4.4 Process Verification and PA Selection 

After the PA estimates are calculated, a new webpage is displayed with two 

sections. The first section displays a box plot of the normalized samples (see Figure 4) 

and has a button for downloading a text file of the normalized signals. After 

normalization, all samples should have the same expression distribution which can be 

verified by looking at the displayed box plot. 

 

Figure 4: Example normalized signals box plot 

  The second section displays the tangent, perpendicular and cell-type A specific PA 

estimates and the RORP for each sample group (see Figure 5). Users may choose or enter 

a value for PA. For each group, the user selects a PA and then the cell-type B signals are 

calculated. 
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Figure 5: Example web page display of PA estimates and rank-ordered ratio plot 

4.5 Cell-Type B Signal Results and Quality Control 

The cell-type B signal is calculated using equation (2) and then the calculated cell-

type B signal is quantile normalized to the average tissue distribution using the function 

normalize.quantiles.use.target from the preprocessCore library. A new web page is 

displayed. This webpage includes three plots for each sample group. These plots are 

useful for PA selection validation.  

The first plot is a box plot of the average tissue, average cell-type A and 

calculated cell-type B signals expression distribution (see Figure 6). This plot shows that 

the average tissue, average cell-type A and calculated cell-type B signals have the same 

expression distribution through normalization.  
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Figure 6: Example box plot of signal distribution for tissue and cell-types A and B 

The second plot is a comparison plot of the relative distribution of cell-type B 

specific and cell-type A specific gene signals for average tissue, average cell-type A and 

calculated cell-type B (see Figure 7). The cell-type A specific gene list is the same list 

used to calculate the cell-type A specific PA estimate. The cell-type B specific gene list, 

like the cell-type A specific gene list, is read from a text file and can be updated for 

different cell-types. Figure 7 also shows that some of the cell-type B specific genes are 

not expressed very high in the tissue sample and therefore the separation of cell-type A 

and cell-type B specific genes is not distinct in the calculated cell-type B signal. 

Although the clustering is not distinct the cell-type B signals are more highly expressed 

and the cell-type A signals are down regulated in the cell-type B calculated signal. 
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Figure 7: Example cell-type A and B specific gene distribution comparison plot 

The third plot is a plot of the distribution of mask genes in average tissue, average 

cell-type A and calculated cell-type B (see Figure 8). The mask genes are read in from a 

text file and can be changed for different probe sets tested. For average tissue, average 

cell-type A and calculated cell-type B the distribution for the mask list genes should be 

about the same. 
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Figure 8: Example mask list signal plot 

If the distribution of mask genes in calculated cell-type B signal is significantly 

skewed from the average tissue and cell-type A gene distributions, then the expression 

profiles may not be comparable. An example of significantly skewed mask gene plot is 

shown in Figure 9. The PA used to obtain this plot is 0.999. This translates to 99.9% of 

the mRNA signal in the heterogeneous sample coming from cell-type A and only 0.1% 

coming from cell-type B. 
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Figure 9: Example skewed mask list plot (PA = 0.999) 

 On the web page, below all of the plots, are files available for download (see 

Figure 10). The output files contain the following: 

1. Normalized average tissue signals for all groups 

2. Normalized average cell-type A signals for all groups 

3. Normalized calculated cell-type B signals for all groups 

4. Normalized average Tissue, average cell-type A and calculated cell-type B signals 

for all groups 

5. Cell-type B, cell-type A and mask gene lists 

 

Figure 10: Web page buttons of output files available for download 
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All of the signal files include tissue percent present calls. Presence or absence for each 

gene is determined using the function mas5calls from the simpleaffy Bioconductor 

library. The percent present for each probe-set for the average tissue sample is calculated 

as described in the methodology section and is reported in the output files. 
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5 CASE STUDIES 

This section describes two case studies. One case study involves real world thymus 

data which does not have known proportions. This case study demonstrates the capability 

of Microarray Deconvolution to estimate cell-type proportions using pure cell-type 

sample gene expressions and deconvolute microarray data that other software packages 

are unable to. The other case study involves mixtures of rat tissues that have known 

proportions. This case study shows how Microarray Deconvolution can be used for 

different types of sample deconvolution and is able to verify proportion estimate 

methods. 

5.1 Thymus Case Study 

A relevant application of heterogeneous tissue deconvolution is the thymus. The 

thymus is an important lymphoid organ because it is the site of T-cell differentiation and 

maturation [48]. The thymus is composed of lymphoid and non-lymphoid cells. Non-

lymphoid cells are conventionally known as “stromal” cells and are a collection of 

different cell types [49]. The peripheral cortical region of the thymus is composed mainly 

of lymphoid cells, while the central medullary region is mainly composed of epithelial 

cells and some lymphocytes [48]. 

To produce T-cells, progenitor cells originating from the bone-marrow circulate 

through the blood and are recruited to the thymus [49]. While progressing through the 

thymus, the progenitors interact with the microenvironment, adopt the T-cell fate, and
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 asymmetrically diverge into multiple T lineages [11]. Different areas of the thymus may 

provide unique sets of signals to progenitors because progenitors are at various 

developmental stages as they migrate through the thymus [11]. Because the lymphoid 

cells are transient, stable thymic microenvironments depend primarily on stromal cells 

[49]. 

The thymic microenvironment is not well understood and only a few of the 

signals that specify T lineage developmental processes are known [11]. Stromal cell 

signals apart from lymphoid cell signals at various locations in the thymic 

microenvironment are of interest because they may contribute to the lymphocyte 

developmental process. 

Thymus tissue begins to atrophy beginning as early as birth, and the thymus 

produces less T-cells [36]. Castration is a known method to regenerate thymus tissue 

[36]. Griffeth et al. [36] explores whether the restored thymus microenvironment differs 

from young thymus and if  it produces T-cells with genomic function equivalent to young 

thymus.  

The microarray data from thymus tissue and lymphoid cells from the Griffeth et 

al. [36] study along with additional time points was made available from Dr. Howard 

Petrie’s research group at the Scripps Research Institute for demonstration of this web 

application. Samples were taken for microarray analysis from healthy male mice thymus 

in both the cortical and medullary regions at the nominal ages of 5 weeks old and 12 

months old. 12 month old mouse thymus had approximately 25% the number of cells as 

in 5 week old mice thymus [36]. After castration the thymus cell number further 

decreased [36]. 4 days after castration log-phase growth began and the thymus cell count 



37 
 

reach its peak at about 20 days after castration [36]. At this time point, the thymus had 

approximately the same number of cells as the 4 week old mice [36]. Medullary and 

cortical thymic samples for microarray analysis were taken at days 6, 8, 12 and 20 after 

castrating the mice. Table 1 lists the groups of samples (time point and location) and the 

number of tissue and lymphoid samples in each group.  

Table 1: Thymus case study microarray groups sample counts 

Time Point Location 
Tissue 

Samples 
Lymphoid 
Samples 

Five Weeks Old Cortex 7 5 
Five Weeks Old Medulla 7 5 
Twelve Months Old Cortex 4 4 
Twelve Month Old Medulla 4 4 
Day 6 After Castration Cortex 2 3 
Day 6 After Castration Medulla 2 3 
Day 8 After Castration Cortex 1 1 
Day 8 After Castration Medulla 1 1 
Day 12 After Castration Cortex 3 3 
Day 12 After Castration Medulla 3 3 
Day 20 After Castration Cortex 5 5 
Day 20 After Castration Medulla 3 5 

 

The microarray analysis was performed on Affymetrix mouse 430 2.0 chips. The 

mask genes used in the web application are 100 maintenance genes for Mouse Genome 

430 2.0 obtained from Affymetrix [50]. The lymphoid cell and stromal cell specific gene 

lists used in the web application were manually curated by Dr. Petrie’s lab and contain 

respectively 26 and 38 genes. 

 This data is a good example of the usefulness of Microarray Deconvolution 

because the data as is would not be able to deconvoluted using the other available 

software packages. There are no available physical cell-type proportion estimates, 
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proportions need to be estimated using the cell-type A (lymphoid) expression profiles. 

This data as is would not be able to be analyzed using DSection or csSAM because it 

does not have proportion estimations, and DSection and csSAM do not provide a way to 

estimate proportions. This data would is not able to be analyzed using DECONVOLUTE 

because normal cell-type specific gene expression profiles for both lymphoid and stromal 

cells are not known. The proportions of cell-types do not vary greatly between samples in 

each group and there are not enough samples available for each group for deconf to work 

properly. Also, none of the available software applications would take advantage of the 

known lymphoid gene expression profiles. 

 Microarray Deconvolution is useful not only because it implements a 

deconvolution method that the other software packages do not but also because it 

provides processing method options and multiple proportion estimates to use for 

comparison. 

5.1.1 Observations and Results 

Using the thymic data, this section will show and discuss some examples of how 

different processing methods can affect the PA estimates. Also the effect of different PA 

selection on the cell-type specific gene comparison plot and mask gene distribution will 

be discussed. PA, cell-type A and cell-type B will now be referred to respectively as 

PLymphoid, lymphoid cells and stromal cells. 

5.1.1.1 Processing Method 

All of the samples from all of the sample groups were selected and processed 

together using each of the three options for processing: PLIER, MAS5 and RMA. The 
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resulting lymphoid-specific, tangent and perpendicular PLymphoid estimates were recorded 

for comparison.  

Table 2 displays the lymphoid-specific PLymphoid estimates for all sample groups 

using MAS5, PLIER and RMA. The standard deviation between the PLymphoid values for 

each group of samples is shown in the last column. The average standard deviation 

between all samples is also shown. It can be seen that processing method has little effect 

on the lymphoid-specific PLymphoid estimate for any group of samples. The largest standard 

deviation between estimates was 2%, with an average of 1% standard deviation. 

Table 2: Lymphoid-Specific estimates for each normalization method (all samples) 

Time Point Location MAS5 PLIER RMA Std Dev 

Five Weeks Old   Cortex 0.7766 0.7547 0.7602 1% 
Five Weeks Old   Medulla 0.526 0.5133 0.5402 1% 
Twelve Month   Cortex 0.7806 0.7715 0.7753 0% 
Twelve Month   Medulla 0.4198 0.41 0.4425 2% 
Day 6 After Castration   Cortex 0.5968 0.5946 0.6021 0% 
Day 6 After Castration   Medulla 0.3844 0.3736 0.402 1% 
Day 8 After Castration   Cortex 0.6682 0.6747 0.6983 2% 
Day 8 After Castration   Medulla 0.4296 0.4317 0.4558 1% 
Day 12 After 
Castration   Cortex 0.6975 0.7149 0.7333 2% 
Day 12 After 
Castration   Medulla 0.4267 0.4264 0.4576 2% 
Day 20 After 
Castration   Cortex 0.7667 0.7538 0.7755 1% 
Day 20 After 
Castration   Medulla 0.5213 0.523 0.5538 2% 

    
Average 1% 

 

Figure 11 is a plot of the trends of lymphoid-specific PLymphoid estimates over the 

sampled time points for each of the processing methods and separated by location. It 

shows that the processing method estimates follow the same increase and decrease trends 
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for PLymphoid estimates between time points for both cortex and medulla samples. The 

cortex samples PLymphoid estimates for each time point are always higher than the medulla 

estimates which agrees with the knowledge that cortical region is composed mainly of 

lymphoid cells. 

 

Figure 11: Cortex and medulla lymphoid-specific PLymphoid estimates 

Table 3 displays the tangent PLymphoid estimates for all sample groups using MAS5, 

PLIER and RMA. The 6th column, “Std Dev (RMA, PLIER, MAS5)”, shows the standard 

deviations of PLymphoid values from all 3 processing methods for each group. The 7th 

column, “Std Dev (MAS5, PLIER)”, displays the standard deviation between the PLymphoid 

values generated by MAS5 and PLIER. In a likewise manner the 8th column shows the 

standard deviations between the PLymphoid values generated using MAS5 and RMA and the 

9th column shows the standard deviation between the PLymphoid values generated using 

PLIER and RMA. The average standard deviation for each of these columns is also 
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shown. The standard deviation between all three processing methods is significant with 

an average of 18%. MAS5 and PLIER estimates agree better with each other’s estimates 

than with RMA estimates. RMA always provided the highest estimate. 

Table 3: Tangent estimates for each normalization method (all samples) 

Time Point Location MAS5 PLIER RMA 

Std 
Dev 

(RMA, 
PLIER,
MAS5) 

Std Dev 
(MAS5, 
PLIER) 

Std 
Dev 

(MAS5
, RMA) 

Std 
Dev 

(PLIER
, RMA) 

Five Weeks Old   Cortex 0.59 0.64 0.90 17% 3% 22% 19% 
Five Weeks Old   Medulla 0.51 0.61 0.84 17% 7% 23% 16% 
Twelve Month   Cortex 0.61 0.73 0.91 15% 9% 22% 13% 
Twelve Month   Medulla 0.42 0.54 0.75 16% 8% 23% 15% 
Day 6 After 
Castration   Cortex 0.35 0.47 0.81 24% 9% 33% 24% 
Day 6 After 
Castration   Medulla 0.24 0.37 0.65 21% 9% 29% 19% 
Day 8 After 
Castration   Cortex 0.42 0.57 0.79 19% 11% 26% 15% 
Day 8 After 
Castration   Medulla 0.31 0.47 0.71 20% 11% 28% 17% 
Day 12 After 
Castration   Cortex 0.47 0.59 0.89 22% 8% 30% 22% 
Day 12 After 
Castration   Medulla 0.42 0.54 0.76 17% 9% 24% 15% 
Day 20 After 
Castration   Cortex 0.66 0.73 0.93 14% 5% 19% 14% 
Day 20 After 
Castration   Medulla 0.42 0.54 0.76 17% 9% 24% 15% 

    
Ave. 18% 8% 25% 17% 

 

Figure 12 is a plot of the trends of tangent PLymphoid estimates over the sampled 

time points for each of the processing methods and separated by location. It is not as clear 

to see with the tangent estimates as with the lymphoid-specific estimates but for each 

processing method the estimates follow the same increase and decrease trends between 
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time points for both cortex and medulla samples except for the RMA, Cortex, Day 8 

estimate. Unlike the lymphoid-specific estimates, the cortex sample PLymphoid estimates for 

each time point are not always higher than the medulla estimates across processing type. 

For instance, the RMA medulla estimates are higher than the PLIER and MAS5 cortex 

estimates. Also the PLIER medulla estimates are sometimes higher than the MAS5 cortex 

estimates. Within processing type the cortex estimates for each time point are always 

higher than the medulla estimates. 

 

Figure 12: Cortex and medulla tangent PLymphoid estimates 

Table 4 displays the perpendicular PLymphoid estimates for all sample groups using 

MAS5, PLIER and RMA. The column setup is the same as Table 3. The standard 

deviation between all three processing methods is less severe at 8% then the 18% 

standard deviation seen with the tangent estimates. MAS5 and PLIER estimates again 
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agreed better with each other’s estimates than with RMA estimates. RMA again always 

provided the highest estimate. 

Table 4: Perpendicular estimates for each normalization method (all samples) 

Time Point Location MAS5 PLIER RMA 

Std 
Dev 

(RMA, 
PLIER, 
MAS5) 

Std Dev 
(MAS5, 
PLIER) 

Std 
Dev 

(MAS5
, RMA) 

Std Dev 
(PLIER, 
RMA) 

Five Weeks 
Old   Cortex 0.92 0.94 1.0 4% 1% 6% 5% 
Five Weeks 
Old   Medulla 0.74 0.77 0.89 8% 2% 10% 9% 
Twelve Month   Cortex 0.85 0.88 0.94 4% 2% 6% 4% 
Twelve Month   Medulla 0.67 0.73 0.85 9% 4% 12% 9% 
Day 6 After 
Castration   Cortex 0.80 0.84 0.95 8% 3% 11% 8% 
Day 6 After 
Castration   Medulla 0.63 0.72 0.91 14% 6% 20% 13% 
Day 8 After 
Castration   Cortex 0.81 0.86 0.92 5% 4% 8% 4% 
Day 8 After 
Castration   Medulla 0.65 0.72 0.86 11% 5% 15% 9% 
Day 12 After 
Castration   Cortex 0.88 0.94 0.99 6% 4% 8% 4% 
Day 12 After 
Castration   Medulla 0.68 0.71 0.85 9% 3% 12% 9% 
Day 20 After 
Castration   Cortex 0.90 0.92 0.98 4% 1% 5% 4% 
Day 20 After 
Castration   Medulla 0.68 0.71 0.85 9% 3% 12% 10% 

    
Ave. 8% 3% 10% 7% 

 

Figure 13 is a plot of the trends of perpendicular PLymphoid estimates over the 

sampled time points for each of the processing methods and separated by location. The 

trends of estimate increase and decrease in between time points is not as uniform across 

processing methods. Also the RMA medulla estimates overlap with the MAS5 and 
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PLIER cortex estimates. Within processing type the cortex estimates for each time point 

are always higher than the medulla estimates. 

 

Figure 13: Cortex and medulla perpendicular PLymphoid estimates 

In summary these are the observations of processing method effect on the 

lymphoid-specific, perpendicular and tangent estimates. Processing method affects the 

tangent and perpendicular estimates but has little effect on the lymphoid-specific 

estimate. Tangent and perpendicular estimates are affected because they are dependent on 

the shape of the RORP curve. MAS5 and PLIER tangent and perpendicular estimates 

agreed with each other better than with RMA. RMA also provided the highest 

perpendicular and tangent estimates. RMA medulla perpendicular and tangent estimates 

were often higher than PLIER and MAS5 cortex estimates. It should be noted that the 
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perpendicular and tangent estimates are provided to give an approximate possible range 

of cell-type A proportions. 

5.1.1.2 PLymphoid Estimates 

PLymphoid estimates have a large effect on stromal signal calculation. As mentioned 

earlier, higher PLymphoid values will result in more false negatives and lower PLymphoid 

values will result in more false positives. Either of these situations may be more desirable 

than the other depending on the analysis being done. High PLymphoid values can result in a 

skewed mask list plot.  

Figure 14 shows the comparison (top row) and mask plots (bottom row) for 5 

week old cortex samples with decreasing PLymphoid values from left to right. The 

processing method used was PLIER and the PLymphoid values from left to right are 0.999 

(one standard deviation above the average of all three estimates), 0.9344 (the highest of 

the three estimates), 0.7302 (the lowest of the three estimates) and 0.49 (one standard 

deviation below the average of the three estimates). Both the 0.999 and 0.9344 estimates 

have a significant amount of skewing in the mask plot, but the separation of the stromal 

and lymphoid specific genes in the comparison plot is very good. For the 0.7302 plots, 

the comparison plot cell-type specific gene separation is still pretty good and the mask 

plot has little skewing. While the 0.49 comparison plot has poor separation and the mask 

plot also has little skewing. 

Figure 15 uses day 20 after castration medulla samples as another example of the 

effect of PLymphoid on the comparison and mask plots. The processing method used was 

PLIER and the PLymphoid values from left to right are 0.82 (one standard deviation above 

the average of all three estimates), 0.712 (the highest of the three estimates), 0.5236 (the 
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lowest of the three estimates) and 0.42 (one standard deviation below the average of the 

three estimates). Because these are medulla lymphoid cell proportion estimates, the high 

PLymphoid values are much smaller than the high cortex values used in Figure 14. But even 

with these smaller PLymphoid high values, the same skewing pattern is observed with the 

mask plots. 

In summary, Figure 14 and Figure 15 are examples of how increasing PLymphoid 

improves separation of stromal-specific and lymphoid-specific gene expression in 

stromal calculated signal, but the associated mask signals become skewed. Also, Figure 

14 and Figure 15 show that too small of a PLymphoid value can result in unnecessarily 

poorly separated stromal-specific and lymphoid-specific gene expression because a 

higher PLymphoid can separate the genes better and still result in an appropriate mask plot. 

This is also a testament to why it is important to estimate PLymphoid based on the lymphoid 

cell gene expression profile and not on physical proportion.
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Figure 14: Comparison and mask plots for 5 week old cortex samples 
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Figure 15: Comparison and mask plots for 20 day after castration medulla samples 
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5.2 Rat Tissue Case Study 

A second case-study was performed using microarray data from Shen-Orr et al. [8]. 

This data included pure and mixed cRNA derived from samples of brain, liver and lung 

of an untreated rat [8]. In this case study the proportions of tissue RNA in mixed samples 

and the expression profiles of pure samples are both known and in Shen-Orr et al. [8]. In 

Shen-Orr et al. [8] the data was used to validate the linear assumption [3] by 

reconstructing mixed expression profiles using the pure sample expression profiles and 

known proportions and comparing the reconstructed profile to the measured profile [8]. 

The mixed samples were not deconvoluted or analyzed using csSAM. 

The samples were hybridized to rat-specific RAE230_2 whole-genome expression 

arrays (Affymetrix) [8]. The number of samples and measured percentage of liver, brain 

and lung per mixture can be found in Table 5. Each mixture was done in triplicate. 

Table 5: Rat tissue sample mixtures 

Number of Samples Liver % Brain % Lung % 
3 100 0 0 
3 0 100 0 
3 0 0 100 
3 5 25 70 
3 70 5 25 
3 25 70 5 
3 70 25 5 
3 45 45 10 
3 55 20 25 
3 50 30 20 
3 55 30 15 
3 50 40 10 
3 60 35 5 
3 65 34 1 
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For this case study, tissue specific gene lists were generated by present call analysis. 

For each set of pure tissue sample replicates, probe sets which received 3 out of 3 present 

calls and had expression values above the mean were intersected with the probe sets 

which received 0 out of 3 present calls in both of the other two pure tissue sample 

replicate sets. Then these lists were randomly sampled to have the same number of genes 

as the lymphoid specific gene lists from the first case study. For the cell-type B specific 

genes, 3 lists were made (liver/brain, liver/lung, brain/lung) consisting of the combined 

list of the genes from each tissue-type. The mask list used is the Rat Genome 230 2.0 

from Affymetrix [50]. 

A general difference between this data and the thymus data is that the mixed sample 

is made up of different tissues from different organs, where as the thymus cased study 

samples are all from one organ. This case study was included to show that the Microarray 

Deconvolution is able to be generalized to other deconvolution applications. The case 

study was also included to highlight a key difference between this application and other 

deconvolution software packages. This difference is that Microarray Deconvolution 

provides proportion estimates based on the pure expression profile of one cell-type. 

csSAM and DSection expect proportion estimates to be provided, deconf needs several 

mixed samples of varying proportions to obtain proportion estimates, and 

DECONVOLUTE needs expression profiles from all cell-types to estimate proportions. 
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5.2.1 Observations and Results 

In this case-study measured proportion values are known, so the PA value estimations 

from the application can be compared to the known measured proportion values. Also the 

comparison and mask plots will be displayed for further confirmation of the algorithm.  

5.2.1.1 Proportion Estimate Comparison 

Using Microarray Deconvolution, the set of replicate pure-samples for each tissue 

type were processed with each of the mixture replicates. Using PLIER, RMA and MAS5, 

the three proportion estimates were compared against the measured proportion for the 

pure-sample. Plots of absolute difference between the measured proportion and estimated 

proportion are shown to demonstrate the accuracy and performance of each estimate type 

when computed using each processing method. The smaller the absolute difference, the 

better the estimate performed. 

Figure 16 is a plot of the absolute difference between the estimated liver proportions 

and the measured liver proportion using PLIER. Perpendicular estimates perform poorly 

at measured proportions less than 40%. Perpendicular estimates perform better than tissue 

specific and tangent estimates for proportions greater than 40%. Tissue specific and 

tangent estimates perform similarly across the spectrum of measured proportions.  
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Figure 16: Plot of absolute difference between estimated and measured liver 
proportion values versus measured values (PLIER) 

Figure 17 is a plot of the absolute difference between the estimated liver 

proportions and the measured liver proportion using RMA. Perpendicular and tangent 

estimates perform poorly at measured proportions less than 40%. Tangent estimates 

perform better than tissue specific and tangent estimates for proportions greater than 

40%. Tissue specific estimates perform reasonably well (less than 20% difference from 

measured proportion) across the spectrum of proportions. 
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Figure 17: Plot of absolute difference between estimated and measured liver 
proportion values versus measured values (RMA) 

Figure 18 is a plot of the absolute difference between the estimated liver proportions 

and the measured liver proportion using MAS5. Perpendicular estimates perform poorly 

at measured proportions less than 40%. Perpendicular estimates perform better than tissue 

specific and tangent estimates for proportions greater than 40%. Tissue specific estimates 

perform reasonably well across the spectrum of measured proportion values. 
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Figure 18: Plot of absolute difference between estimated and measured liver 
proportion values versus measured values (MAS5) 

 The following is a summary of the proportion estimates for liver tissue. 

Perpendicular estimates performed poorly at estimating proportions under 40% for every 

processing method. Tangent estimates were most reliable when using PLIER. Tissue 

specific estimates were more reliable with differences from measured proportion values 

always being less than 20% for every processing method. Figure 19 shows the average 

absolute difference between the liver proportion estimates and measured value. 

Considering all three estimate types, PLIER provided the most reliable estimates. 
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Figure 19: Average absolute difference between estimated and measured liver 
proportion values per processing method per estimate 

Figure 20 is a plot of the absolute difference between the estimated brain proportions 

and the measured brain proportion using PLIER. Perpendicular estimates perform poorly 

at measured proportions less than 60%. Tissue specific estimates perform the best out of 

the three estimates for each measured brain proportion.  
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Figure 20: Plot of absolute difference between estimated and measured brain 
proportion values versus measured values (PLIER) 

Figure 21 is a plot of the absolute difference between the estimated brain proportions 

and the measured brain proportion using RMA. Perpendicular and tangent estimates 

perform poorly at measured proportions less than 60%. Once again, tissue specific 

estimates perform the best out of the three estimates for each measured brain proportion.  
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Figure 21: Plot of absolute difference between estimated and measured brain 
proportion values versus measured values (RMA) 

Figure 22 is a plot of the absolute difference between the estimated brain proportions 

and the measured brain proportion using MAS5. Perpendicular estimates perform poorly 

at measured proportions less than 60%. Tissue specific and tangent estimates perform 

similarly for each measured brain proportion.  
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Figure 22: Plot of absolute difference between estimated and measured brain 
proportion values versus measured values (MAS5) 

The following is a summary of the proportion estimates for brain tissue. 

Perpendicular estimates performed poorly at estimating proportions under 60% for every 

processing method. All three estimates performed similarly at the measured brain 

proportion of 70% across processing methods. Tissue specific estimates were more 

reliable than both tangent and perpendicular estimates when using RMA and PLIER. 

Figure 23 shows the average absolute difference between the brain proportion estimates 

and measured value. Considering all three estimates, MAS5 and PLIER provided more 

reliable estimates of brain tissue proportion than RMA. Tangent and perpendicular 

estimates both performed poorly for all processing methods. 



59 
 

 

Figure 23: Average absolute difference between estimated and measured brain 
proportion values per processing method per estimate 

Figure 24 is a plot of the absolute difference between the estimated lung proportions 

and the measured lung proportion using MAS5. Perpendicular estimates perform poorly 

at measured proportions less than 40%. Tissue specific estimates perform the best out of 

the three estimates.  
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Figure 24: Plot of absolute difference between estimated and measured lung 
proportion values versus measured values (PLIER) 

Figure 25 is a plot of the absolute difference between the estimated lung proportions 

and the measured lung proportion using RMA. Tangent and perpendicular estimates 

perform poorly for proportions less than 40%. Tissue specific estimates perform well for 

all proportions. 

 

Figure 25: Plot of absolute difference between estimated and measured lung 
proportion values versus measured values (RMA) 
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Figure 26 is a plot of the absolute difference between the estimated lung proportions 

and the measured lung proportion using RMA. Perpendicular estimates perform poorly 

for proportions less than 40%. Tissue specific estimates perform well for all proportions. 

 

Figure 26: Plot of absolute difference between estimated and measured lung 
proportion values versus measured values (MAS5) 

The following is a summary of the proportion estimates for lung tissue. 

Perpendicular estimates performed poorly at estimating proportions under 40% for every 

processing method. All three estimates performed similarly at the measured lung 

proportion 70% across processing methods. Tissue specific estimates were very accurate 

compared to the measured proportion values. Figure 27 shows the average absolute 

difference between the lung proportion estimates and measured value. Considering all 

three estimates, MAS5 and PLIER provided more reliable estimates of lung tissue 

proportion than RMA, although all performed similarly well for tissue specific estimates. 

Tangent and perpendicular estimates both performed poorly for all processing methods. 
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Figure 27: Average absolute difference between estimated and measured lung 
proportion values per processing method per estimate 

 In this case study, the perpendicular estimates performed very poorly for 

measured proportion values less than 50%. The estimates were always much higher than 

the measured proportion. Perpendicular estimates may not have performed well for many 

reasons. The gene expression intersection may be high for these tissues. The tissues may 

contain an intersection of cell-types that have similar gene expressions. The 

perpendicular estimates may only be applicable for higher proportions (approximately 

greater than 50%) of tissue or cell-type. Also it is possible that the perpendicular 

estimates may be misleading and appear to perform well for higher proportions but this is 

only coincidental. These reasons could also explain why the perpendicular estimates for 

the thymus data tend to agree better with the other two estimates. 

Although, tangent estimates performed better than perpendicular estimates most 

of the time they still were not very close to the measured proportion values with 
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differences often much greater than 20%. The same reasoning for the poor performance 

of perpendicular estimates could apply to tangent estimates. 

Tissue specific estimates performed well for each tissue type and for each 

processing method. Tissue specific estimates were particularly accurate at estimating 

lung proportions. If considering all three estimate types for every tissue type, then PLIER 

and MAS5 performed similarly and provided more accurate estimates than RMA.  

5.2.1.2 Comparison and Mask Plots 

Comparison and mask plots are shown for each tissue type to demonstrate that the 

algorithm is effective and able to be used for other heterogeneous tissue samples. 

Separation of tissue specific genes is more distinct for calculated signal in these 

comparison plots than in the thymus comparison plots. 

Figure 28 shows comparison and mask plots using the perpendicular (left) and 

tissue specific (right) proportion estimates obtained using PLIER for lung tissue in a 1% 

lung sample. The perpendicular estimate is extremely high at 0.735 and results in a 

severely skewed mask plot (bottom left). The tissue specific estimate was very close to 

the measured proportion value and even though the PA is only 0.0324, the tissue specific 

genes are clearly separated in the comparison plot (top right). 
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Figure 28: Comparison and mask plots for 1% lung samples. 

Figure 29 shows comparison and mask plots using the perpendicular (left) and 

tangent (right) proportion estimates for liver tissue in a 25% liver sample. The 

perpendicular estimate of 0.4894 was high and resulted in a slightly skewed mask plot 

(bottom left). The tangent estimate of 0.2105 was close to the measured proportion value. 

The tissue specific genes for respective tissues (liver and lung together with brain) are 

well separated in the comparison plot (top right) even though the genes are randomly 

distributed and very well mixed in the mixed sample. The mask plot (bottom right) is also 
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not skewed for this PA value, which is logical considering the PA is slightly below the 

measured proportion. 

  

  
Figure 29: Comparison and mask plots for 25% liver samples. 

Figure 30 shows comparison and mask plots using the tangent (left) and tissue 

specific (right) proportion estimates for brain tissue in a 70% brain sample. Both 

estimates are high, but the tangent estimate of 0.8888 resulted in a slightly skewed mask 

plot (bottom left). Even though the tissue specific estimate of 0.8153 is high, the tissue 

specific genes in the comparison plot (top right) are not distinctly separated, but 
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compared to the distribution of genes in the whole tissue the brain tissue genes are 

upregulated and the other tissue (lung and liver) genes are down regulated. 

 
 

  
Figure 30: Comparison and mask plots for 70% brain samples. 

In summary it is evident that proper portion estimates using a pure sample expression 

profile allows for deconvolution of mixed tissue samples. Unlike other software 

packages, Microarray Deconvolution provides a method to estimate cell-type proportions. 

Also, Microarray Deconvolution can be used for different types of deconvolution 

problems.
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6 CONCLUSION 

Heterogeneous biological samples are problematic because the cell composition of 

the sample affects the gene expression profile. Both physical and in silico methods have 

been developed as solutions to determine individual cell-type gene expression profiles. 

Physical methods are time consuming and expensive. Computational methods for 

deconvolution rely on the assumption of linearity of the heterogeneous sample gene 

expression profile being the weighted average of the gene expression profiles from the 

pure samples of composite cell-types, with the weights being the proportion of the cell-

type in the sample. The linearity assumption has been proven to be generally valid. A few 

different software packages are available to deconvolute microarray data from 

heterogeneous samples. Each software package requires different information which can 

include: cell-type specific genes, cell-type proportions or pure sample gene expression 

profiles. 

Microarray Deconvolution is a web application and its purpose is to computationally 

calculate the cell-type B signal in a heterogeneous tissue sample. The use of this 

application does not require any programming knowledge. The application is a Java 

project that through RServe and REngine uses R libraries and functions including the 

Bioconductor package.
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The application implements a useful deconvolution method that the available 

software packages have not implemented. This method uses a known subcomponent cell-

type expression profile to estimate the cell-type’s proportion in the heterogeneous sample 

and then subtract the expression contribution of the cell-type from the heterogeneous 

sample signal. This is different from other implemented deconvolution algorithms 

because it uses the pure expression profile from one cell-type where as other algorithms 

do not use pure expression profiles at all or require pure expression profiles from all cell-

types. Also this algorithm provides a unique way to estimate cell-type proportions from 

the ratio of the pure expression profile to the heterogeneous sample profile. Any available 

software application that requires cell-type proportions does not provide a way to 

estimate them. 

Microarray Deconvolution also allows for samples to be separated into groups. 

Multiple groups of samples from an experiment series can be processed at one time. This 

allows for situations like time point series to be handled together and for time points to be 

compared easily after deconvolution. 

An improvement from other software packages is that Microarray Deconvolution 

processes data using PLIER, RMA or MAS5 as desired which allows for comparison of 

the processing methods effects on proportion estimations and signal calculations. The 

other available software packages expect the raw microarray data to be processed before 

using the package. 

This application provides three different estimates of the proportion of cell-type A in 

a heterogeneous sample. The estimates provide a range of appropriate cell-type A 

proportion values. These estimates allow for users to either minimize false positives or 
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false negative values because low estimates will produce more false positives and high 

estimates will produce more false negatives. 

Helpful plots are provided throughout the process for quality control of the 

proportion of cell-type A and approach selection. These plots include boxplots of 

processed and normalized gene expression profiles, comparison plots of cell-type specific 

gene distribution and comparison plots of mask gene distribution. 

Another feature of Microarray Deconvolution is that it can be customized for any 

heterogeneous tissue problem by only updating the microarray data text file, cell-type A 

and B specific gene text files, and the mask list text file if necessary. 

Thymus and lymphoid cell microarray data were used as a case study. This data 

would not have been able to be analyzed using the other deconvolution software 

packages because it lacked proportion estimates, cell-type specific gene expression for 

both stromal and lymphoid cells, and many samples with varying proportions. Through 

the case study it was seen that different processing methods do affect the perpendicular 

and tangent proportion estimates, while the cell-type specific estimate remained mostly 

unaffected. Also the comparison plots shows how PLymphoid estimates affect the 

distribution of cell-type specific genes. Low PLymphoid values can result in poorly separated 

cell-type specific genes. While high PLymphoid values will skew the mask gene distribution 

from the lymphoid and tissue distributions.  

A second case study was done using rat liver, brain, and lung microarray data. 

This case study demonstrated the ease with which this web application can be applied to 

different heterogeneous sample deconvolution problems. This case study also showed the 
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possibility of a precise tissue specific estimate and the possible flaws with the tangent and 

perpendicular tissue proportion estimates. 

This tool has proven a very powerful and useful tool for the rapid mining and 

analysis of this data, and is extendable to other tissue types as well. 

6.1 Future Directions 

Microarray Deconvolution version 1.0 is described in this paper. The user-

interface can be improved and the functionality can be extended to make this tool even 

more useful.  

6.1.1 User-Interface 

A few different things can be done to improve the user-interface. First, the processes 

performed by the application are slow. With 84 samples selected, the user could be 

waiting for around 20 minutes for the next web page to come up. This amount of waiting 

is normally not conducive for a web application, but as mentioned in the application 

description section, there are good reasons for Microarray Deconvolution to be a web 

application. There are a few options to improve this. For instance, add a waiting web-

page in between processes so that users know the application is still working. Also, 

another way to improve waiting time would be to speed up algorithms such as MAS5, 

PLIER and RMA because they are slow, especially if many samples are selected. A few 

different options were explored to speed up the application, including parallelization 

using multiple cores, but none were successful. 
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Another improvement could be allowing the user to upload CEL files and change the 

default CEL file list, cell-type A specific genes, cell-type B specific genes and mask list 

genes from the user-interface. 

6.1.2 Functionality 

Microarray Deconvolution’s functionality could be expanded. The application could 

provide a quantitative way to compare calculated cell-type B signal results obtained using 

different processing methods, samples or PA. It could also provide proportion estimates 

for each heterogeneous tissue sample replicate instead of averaging the tissue signals. 

There are several other algorithms than PLIER, MAS5, RMA used to process 

microarray data that could be incorporated as options to use for comparison [31]. Also 

adding an the processing option PLIER + 16 would be useful because that is the standard 

method used to stabilize the signal variance because of the low values produced by 

PLIER [29]. Gyorffy et al. [31] also mentioned the PLIER + 16 performed slightly better 

than the other 8 processing methods compared. 

Also, other deconvolution methods could be incorporated in the tool. csSAM could 

be particularly useful because it provides differential gene calculations. deconf would 

also be useful because it does not require proportion estimates, but it was compiled under 

an old version of R and would need to be recompiled under a version later than 2.10 to be 

able to be used in this application. Recently, CellMix, an R package has been made 

available that provides easy access to benchmark data, marker gene lists and the other 

deconvolution packages such as deconf, csSAM and DSection [51]. Incorporating the 

package CellMix into Microarray Deconvolution would also be useful.  
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Another improvement may be to offer the option of filtering probe-sets based on 

present call before the PA is estimated. This may improve PA estimation reliability across 

processing methods. 

As demonstrated by the rat tissue case study, further research is needed to verify the 

validity of perpendicular and tangent estimates. These estimates may only be applicable 

for certain heterogeneous tissues. 

Microarray Deconvolution is meant for two cell-type heterogeneous tissue 

deconvolution. Cell-types can be grouped together and considered as was done one group 

as was done with the two case studies.  Expanding Microarray Deconvolution to be able 

to provide proportion estimates and subtract the contribution from the heterogeneous 

sample for any number (n) of cell-types as long as pure-expression profiles were 

available for n-1of the cell-types would make the application even more versatile. 

6.1.3 Other improvements 
Currently, for Microarray Deconvolution to work, R must be installed on the same 

machine along with the necessary packages mentioned in the application description 

section. Another functional improvement would be for the application to install the 

necessary R-packages upon initialization of the servlet. This would make the installation 

and use of Microarray Deconvolution one step simpler. 

Microarray Deconvolution is an easy to use application that deconvolutes 

heterogeneous microarray data. It allows for some flexibility, such as with processing 

method choice and proportion selection. For more flexibility in choices, developing an R 

package that implements this algorithm would allow for more control.
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