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Abstract 
 

 
In this thesis project housekeeping genes in differentiating human embryonic stem cells 

were investigated. Housekeeping genes are involved in basic functions in the cells and 

are assumed to be expressed at relatively constant levels across different cell types and 

experimental conditions. Based on these features, housekeeping genes are frequently 

used as controls in calibration of gene expression data. Commonly used housekeeping 

genes in somatic tissues have shown to vary notably in human embryonic stem cells and 

are therefore inappropriate as reference genes in this unique cell type. In the present 

work a novel set of gene expression data obtained by profiling of undifferentiated and 

early differentiating cardiac cells, was analyzed. Stably expressed genes were identified 

in this data set and were subsequently intersected with a previously proposed set of 292 

stable genes in human embryonic stem cells. A resulting set of 73 genes show stability 

across all investigated cell lines and experimental conditions. These genes are suggested 

as a more reliable set of reference genes in differentiating human embryonic stem cells 

than frequently used housekeeping genes in somatic tissue. In addition, a novel set of 20 

genes was identified as very stably expressed during the differentiation towards the 

cardiac lineage.  After further validation of stability with RT-PCR, these genes could be 

useful as controls in studies of human embryonic stem cells that differentiate towards the 

cardiac lineage. 
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1 Background 
 

1.1 Housekeeping genes 

Housekeeping genes (HKGs) are defined as genes constitutively expressed to maintain 

essential cellular functions [1]. They are assumed to produce relatively constant levels of 

mRNA across different cell types and experimental conditions and therefore could be 

used as standards in quantitative expression studies [2]. With the advent of the 

microarray technology, it has become possible to measure the global gene expression in 

different tissues and under different conditions, and identify at least the putative “starter” 

set of HKGs for further validation. Previously used methods for HKG discovery with 

microarrays include data analysis using the basic statistic tools of geometric mean, 

standard deviation and linear regression [3], calculation of coefficient of variation and 

fold change [2, 4, 5]. On the contrast to microarray-based approaches, HKGs were also 

identified based only on physical and functional characteristics of genes already 

available in databases, like exon length and measures of chromatin compactness. It has 

been shown that HKGs tend to be more compact and shorter than other genes, have less 

exons and less packed chromatin upstream of a gene, which eases the HKG expression 

[6, 7]. 

Commonly used HKGs in assay techniques like microarrays, RT-PCR and Northern 

blotting, include glyceraldehyde-3-phosphate dehydrogenase (GADPH), beta-actin, beta-

tubulin and several ribosomal proteins [2, 4, 5, 8]. However, numerous studies have 

shown that these genes vary substantially under some conditions and in some tissue 

types [2, 8, 9]. This may partly be explained by the fact that proteins encoded by the 

HKGs are involved in other functions in addition to the basal cell metabolism [10, 11]. 

Therefore, it is generally recommended that the stability of HKGs is validated prior to 

using them as controls in expression studies [12]. 

 

1.2 Human embryonic stem cells 

Human embryonic stem cells (hESCs) have two unique properties that distinguish them 

from other types of cells. The first is that they do not have any tissue-specific structures 

that allow performing specialized functions. These unique cells have a capacity for 

prolonged undifferentiated proliferation in culture under specific conditions. Second, 

undifferentiated hESCs are pluripotent – they can differentiate into every cell type in the 

body, including heart muscle cells, blood cells, or nerve cells [13]. These abilities are 
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very promising for the use of hESCs in the development of novel approaches to drug 

discovery, cell replacement therapies and in vitro toxicology [14-16]. 

hESCs are derived from embryos developing from eggs that have been fertilized in vitro. 

The embryos are typically four or five days old and form a hollow microscopic ball of 

cells called the blastocyst. hESCs are isolated from the cluster of cells inside the 

blastocyst – the inner cell mass. To create a hESC line, the cells of the inner cell mass 

are proliferated in a cell culture for many months without differentiation, while each 

round of cell growth and proliferation is referred to as a passage [17]. 

Differentiation of hESCs may occur spontaneously in vitro, for example, when cells are 

allowed to clump together in a suspension to form rounded collections of cells - 

embryoid bodies [17]. In addition, hESCs can be coaxed to differentiate into specific cell 

types, including cardiomyocyte-like cells. They express cardiac-specific markers and 

have functional similarities to adult cardiac cells [18]. Adult cardiomyocytes do not 

regenerate and a major loss of these cells caused by myocardial infarction is irreversible 

and leads to the development of progressive heart failure [19]. This situation may 

potentially be improved by implantation of myogenic cells within the infarcted tissue 

[20, 21]. Therefore, hESC-derived cardiomyocytes have a prospective to be extremely 

useful in cell replacement therapies [18, 19, 22]. Increasing the understanding of the 

regulation of cardiomyocyte differentiation from stem cells is crucial for the 

improvement of cardiomyocyte differentiation in vitro, which will be necessary for 

transplantation therapy [22]. 

 

1.3 Microarray technology 

DNA microarray technology has become a standard tool in many areas of biomedical 

research and is used extensively for measurements of gene expression in various 

applications including the investigation of gene function [23], drug target evaluation 

[24], disease diagnosis [25] and identification of signaling pathways [26]. Two main 

types of microarrays are currently available: cDNA arrays and oligonucleotide arrays. In 

the cDNA microarrays the cellular mRNA which is converted to cDNA hybridizes to a 

clone of a piece of DNA sequence and in the oligonucleotide microarrays 

complementary mRNA (cRNA) hybridizes to short specific segments known as 

synthetic oligonucleotides [27]. An important distinction between these arrays is the 

length of the probes: 25-30 bases or 60-70 bases in the oligonucleotide arrays and up to a 

few thousands base pairs in the cDNA arrays [28]. The cDNA arrays are advantageous 

over the oligonucleotide arrays in terms of affordability with a lower cost and flexibility 
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of the design. The advantages of the oligonucleotide microarrays include a decreased 

chance for cross-hybridization, a smaller amount of mRNA required to prepare the 

target, and higher detection specificity [27]. 

Two commercially available high-density microarray platforms that use short 

oligonucleotides for expression profiling are CodeLink Bioarrays and Affymetrix 

GeneChip. These platforms are similar with respect to oligonucleotide length (30mers 

for CodeLink and 25mers for Affymetrix), target preparation and labeling methodology. 

The differences between the Affymetrix and CodeLink include, respectively, multiple 

probes vs. one pre-validated probe per gene target, two-dimensional surface vs. three-

dimensional array matrix, and in situ synthesized oligonucleotides vs. presynthesized, 

non-contact oligonucleotide deposition [29]. 

There is no standardization when comparing and cross-validating data from different 

platforms. Differences in types and composition of probes, deposition technologies, 

labeling and hybridization protocols, data acquisition, transformation and normalization, 

frequently result in poor reproducibility of results across microarrays [28]. Therefore, it 

is important to take into consideration issues related to sensitivity, accuracy, specificity 

and reproducibility of individual microarrays. 
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2 Problem description 

 

2.1 Importance of identifying housekeeping genes for hESCs 

The identification of genes that remain stable during the differentiation of hESCs and 

among different experimental conditions is important, but not well studied yet. 

Commonly, researchers use a set of traditional HKGs for somatic tissues to normalize 

gene expression data of hESCs. However, it is well known that many of these HKGs 

show variability in mRNA expression levels across different microarray datasets, thus 

possibly leading to erroneous results in experiments [2, 8, 9].  

Recently, Synnergren et al. [30] have demonstrated that the majority of the traditional 

HKGs may vary considerably in differentiating hESCs and therefore are inappropriate as 

reference genes in this unique cell type. The authors have identified a novel set of genes 

that are stably expressed in differentiating hESCs and can be preferentially used as 

controls in gene expression studies in these cells. As a conclusion, the investigators 

suggested that differentiating hESCs have a unique HKG signature and emphasized the 

necessity to validate the expression profiles of putative HKGs before using them for 

calibration of results in gene expression studies. 

 

2.2 Aim of the thesis 

The aim of this thesis is to refine and extend the knowledge of HKGs in hESCs by 

analyzing a novel set of gene expression data, to investigate if the previously identified 

stable genes in hESCs are also stably expressed in this data set, and propose a more 

validated list of candidate HKGs in differentiating hESCs. A novel set of stably 

expressed genes during differentiation towards the cardiac lineage is also identified. 

In addition, since different technical platforms were used to generate the data sets, a 

cross-platform comparison is performed when analyzing the results. 
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3 Materials and methods 

 

3.1 Data sets used in this study 

All microarray data sets were provided by Cellartis AB, Göteborg, Sweden, 

[http://www.cellartis.com].  

The data set that was used for identification of stably expressed genes was generated by 

expression profiling of hESCs from cell line SA002 using GeneChip Human Genome 

U133 Plus 2.0 (Affymetrix, Santa Clara, CA). The cells were cultured as described in 

Norström et al. [18]. Two separate experiments were conducted for generation of 

microarray data sets (Figure 1). In the “Progenitor” experiment samples extracted from 

undifferentiated cells, basement cell colonies (progenitor-like cells that are not fully 

undifferentiated and not differentiated either) expressing cardiac progenitor markers, 

mixed differentiated cells, and spontaneously contracting cell colonies, were amplified 

using a two-cycle amplification due to limited amount of material. In the 

“Cardiomyocyte” experiment RNA from undifferentiated and spontaneously contracting 

cell colonies was amplified with a one-cycle amplification. The raw data was 

preprocessed using Affymetrix MAS 5.0 software. 

For the cross-platform comparison another data set generated with the CodeLink Human 

Whole Genome Bioarrays (GE Healthcare, Chandler, AZ), representing expression 

profiling of three hESC lines: SA001, SA002 and SA002.5, was used together with the 

Affymetrix data set. The cells were propagated as described in [31, 32]. SA001 has 

normal stable karyotype [33], SA002 is trisomic for chromosome 13 [31], whereas 

SA002.5 is a euploid subclone derived from SA002 [32]. Spontaneously differentiating 

hESCs were obtained using two different protocols (Figure 2), as previously described in 

Synnergren et al. [30]. In the high density (HD) protocol, cells were maintained on 

mouse embryonic fibroblast (MEF) feeder layers for spontaneous differentiation, and 

harvested for RNA extraction on days 5, 11 and 25 after passage. In the embryonic 

bodies (EB) protocol, undifferentiated hESC colonies were transferred from the MEF to 

suspension cultures at day 5 after passage. After an additional 6 days, the suspended EBs 

were either harvested for RNA extraction or plated onto gelatin-coated culture dishes to 

allow further differentiation. At day 14 after plating of the EBs, the cells were harvested 

for RNA extraction. The raw data was preprocessed using global median normalization. 
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Figure 1. Scheme of the experimental design for generation of the Affymetrix data set, as described in Materials 

and Methods. Each rectangle represents a different array. In the Progenitor experiment the RNA was amplified 

using a two-cycle protocol due to limited amount of RNA from the basement cells. In the Cardiomyocyte 

experiment the ordinary one-cycle amplification protocol was used. 

 

 

 

 

 

Figure 2. Scheme of the experimental design for generation of the CodeLink data set, as described in 

Synnergren et al. [30]. Undifferentiated hESCs were either harvested at day 5 after passage or subcultured 

further to induce differentiation through the HD or EB protocol, as described in Materials and Methods. 

Abbreviations; UD5d, undifferentiated cells at day 5 after passage; HD11d, differentiated cells maintained 

on MEF until day 11 after passage; HD25d, differentiated cells maintained on MEF until day 25 after 

passage; EB11d, cut out colonies 5days after passage and kept in suspension for 6 days; EB25d, EBs 

plated after 6 days in suspension and maintained for 14 additional days in culture. 

 



 

 12 

3.2 Software 

The R open source software package (http://www.r-project.org) was used for all data 

manipulations and analysis. R is a language and environment for statistical computing 

and graphics. It represents an integrated suite of software facilities and provides a wide 

variety of statistical (linear and nonlinear modeling, classical statistical tests, time-series 

analysis, classification, clustering) and graphical techniques, which can be extended if 

necessary. 

 

3.3 Identification of stably expressed genes in differentiating hESCs 

A schematic overview of the workflow for selection of the candidate HKGs in 

differentiating hESCs is presented in Figure 3. Affymetrix MAS 5.0 software assigns a 

present (P) or absent (A) absolute call to the data points on each microarray: the absolute 

call estimates the hybridization quality for an individual probe set based on the measures 

of background and signal dispersion [34]. Probe sets detected as absent in all 

differentiation stages were excluded from the analysis. After this filtering the coefficient 

of variation (CV) was calculated for each of the remaining genes, to identify those genes 

with the most stable gene expression. The CV represents the ratio of the standard 

deviation to the mean, and it is a useful statistic for comparing a degree of variation 

between genes, even if mean expressions are significantly different from each other [35]. 

The stability threshold was set to CV<20% since this threshold was used in the previous 

study of HKGs in hESCs [30]. First, the stability of commonly used HKGs in both the 

Progenitor and Cardiomyocyte experiments was investigated. The list of 56 commonly 

used HKGs was assembled by Synnergren and co-workers [30]. Probe sets 

corresponding to 48 of these 56 HKGs were identified in the Affymetrix data sets. The 

missing eight genes are either not targeted by the Affymetrix GeneChip Human Genome 

U133 Plus 2.0 array (six genes) or filtered as not expressed in these experiments (two 

genes). The CVs for these 48 commonly used HKGs in the Affymetrix data sets were 

investigated. Next, candidate HKGs displaying CV below 20% were selected in both the 

Progenitor and the Cardiomyocyte experiments and the intersection of stably expressed 

genes in these two sets was identified. The resulting set of stably expressed genes in this 

data was intersected with the list of 292 genes previously identified as HKGs in hESCs 

[30]. The CVs for the genes in the identified set of stably expressed genes in both the 

Progenitor and the Cardiomyocyte experiments were ranked. The 20 topmost ones are 

listed as stably expressed in hESCs differentiating towards the cardiac lineage. 
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Figure 3. A schematic representation of the workflow when selecting candidate HKGs in hESCs, as described in 

Materials and Methods. 

 

As described in Synnergren et al. [30], in the previous study of HKGs in hESCs a 

selection of the stability threshold of CV<20% was based on the sensitivity 

characteristics of the CodeLink platform used to generate the data sets. In particular, the 

CodeLink platform can detect a fold change of 1.5 with 90% power using three technical 

replicates. The number of probes that were within 1.5-fold change in the data sets 

investigated in [30] matched the number of probes below the threshold of CV<20%. In 

the present study of HKGs the data sets were generated using the Affymetrix platform. 

However, no information regarding the ability of the Affymetrix platform to detect a 

specific fold change with a high reliability was found. The thresholds of gene stability 

used in the previously reported studies of HKGs vary from CV<5% and 2.0 fold change 

[4] to 4.0 fold change [5] and CV<70% [2]. As mentioned earlier in this section, the 

stability threshold was set to CV<20% in the present study of HKGs in hESCs. 

However, the effect of varying the CV threshold on the number of candidate HKG 

selected was also investigated. Stably expressed genes in the Progenitor and the 

Cardiomyocyte experiments were selected, while the CV threshold of gene stability has 

varied from 5% to 95%, with an interval of 5%. Then, for each investigated CV 
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threshold, the intersection of the resulting set of stable genes common to both these data 

sets with the previously identified set of 292 HKGs in hESCs [30] was calculated. 

 

3.4 Cross-platform comparison of gene stability in dependence of 

expression level 

The stability of genes measured by the two different platforms was investigated with 

respect to expression level and a comparison across two platforms was conducted. In the 

Affymetrix data sets, probes with ‘absent’ absolute calls in all experiments were filtered 

out as not expressed, and in the CodeLink data sets, probes detected as ‘background 

contaminated’ and ‘manufacturer removed spot’ in all experiments were excluded from 

the analysis. For each data set, mean expression intensity was calculated for each gene. 

Mean expression values were visualized by plotting a histogram where the x axis 

represented the intensity level and the y axis represented the number of genes, thus each 

bar indicating the number of genes having a certain mean intensity. The intensity range 

was divided into four intervals by dividing the histogram into four equally wide parts as 

illustrated in Figure 4. Next, all genes were subdivided into one of these four groups 

according to mean expression values, so that each group included genes with relatively 

similar numerical values of average expression. Then, for each of these four groups the 

mean CV for all the genes within the group was calculated and compared to the other 

groups. 

The same investigation, as described above, was repeated while only probes ‘present’ in 

all experiments in the Affymetrix data sets and probes detected as ‘good’ in all 

experiments in the CodeLink data sets, were included in the analysis. 
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Figure 4. The four expression intensity intervals for the Progenitor data set. The x axis represents the log2 

expression intensity and the y axis represents the number of genes with that mean expression value. 
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4 Results 

 

4.1 Stability of commonly used HKGs in hESCs 

Before identifying a list of HKGs specific for the hESCs, the stability of commonly used 

HKGs was investigated in both Affymetrix data sets. In the previous study it was found 

that only 4 out of 56 commonly used HKGs [30] were stably expressed in differentiating 

hESCs. The CVs for the 48 identified commonly used HKGs in the Affymetrix data sets 

were calculated and analyzed. The threshold for identifying a gene as stably expressed 

was set to CV<20%. The results are shown in Figure 5 (A) and (B) for the Progenitor 

and Cardiomyocyte experiments respectively. 

An important distinction between the investigated platforms is that CodeLink arrays, 

used in the previous study of HKGs in hESCs [30], have one specific and functionally 

validated probe per gene [36], while Affymetrix arrays often use multiple probe sets 

targeting the same gene [37]. It has been demonstrated that different probe sets assigned 

to the same gene could have totally different expression profiles [38, 39], which makes 

the interpretation of results complicated. Different results might be observed due to 

various reasons: detecting cases of alternative splicing, cross-hybridization to different 

genes, or transcripts with different poly-A sites [39, 40]. 

Results show that the CVs of probe sets corresponding to the 48 commonly used HKGs 

are relatively consistent between the two experiments for most of these genes: when high 

CV is observed for some probe set in the Progenitor experiment, it rarely has very low 

CV in the Cardiomyocyte experiment. It was noticed, however, that in the 

Cardiomyocyte data set CVs of many probe sets are slightly lower than those observed 

in the Progenitor data set, possibly because of different amplification methods used to 

generate these data sets. 7 genes (ACTG1, GUSB, GAPDH, SDHB, RPL7A, RPL32, 

and RPL3) out of 48 commonly used HKGs had a CV<20% for all probe sets mapping 

to the individual gene in both data sets. The most widely used reference gene GADPH 

showed a CV of 11% and 8% in the Progenitor and the Cardiomyocyte experiments, 

respectively. 17 genes (ACTG1, GUSB, UBC, RPL13A, GAPDH, YWHAZ, RPL15, 

RPS9, SDHB, FH, EEF1D, COX4M, RPL7, RPL32, RPL3, OAZ1, and ATP5F1) of 

these 48 HKGs displayed a CV below 20% for at least one probe set in both data sets. 

However, only 2 (UBC and RPL15) of these 17 genes were detected as stably expressed 

in the previous study of hESCs [30]. Therefore, the results indicate that traditional HKGs 

are not very reliable when studying differentiating hESCs. 
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Figure 5(A) 
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(B) 

 

Figure 5. CVs of commonly used HKGs in the hESC “Progenitor” (A) and “Cardiomyocyte” (B) data sets. Y axis represents 

the CV in decimal points. Red horizontal line corresponds to the stability threshold of CV<20% (0.2 in decimal points). 

Different bars represent different probe sets for each HKG. 7 out of 48 commonly used HKGs that have all probe sets with 

CV<20% in both of these data sets, are indicated with a star sign. 

 

4.2 HKGs in differentiating hESCs 

Stable genes were identified in both data sets. For the Progenitor experiment, the 

expression levels of 17,873 unique genes represented by 35,873 probe sets were used in 

the analysis. In the Cardiomyocyte experiment there were 17,643 unique genes 

represented by 36,085 probe sets. The number of probes used in the analysis is different 

between the two experiments because of unequal quantities of probes filtered as not 

expressed in each experiment. 3,642 and 5,004 unique genes showed CV below 20% in 

the Progenitor and Cardiomyocyte experiments respectively. Of these, 2,501 genes were 

common to both data sets, showing quite good consistency. This list of genes, identified 

as stably expressed in the Affymetrix data sets, was intersected with the list of 292 genes 

previously identified as HKGs in hESCs [30]. 

Altogether, 73 genes were identified as stable in all investigated data sets, indicating that 

a rather large number of genes remain stable across different cell lines and experimental 
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conditions. A Venn diagram depicting the number of stably expressed genes in cell line 

SA002 studied using Affymetrix arrays and their intersection with the previously 

identified 292 HKGs in cell lines SA001, SA002 and SA002.5 is shown in Figure 6. A 

complete list of the 73 genes that were stable in both the CodeLink study [30] and the 

present Affymetrix study is shown in the Appendix. 

 

 
Figure 6. Venn diagram showing the number of stably expressed genes in the different hESC lines and the 

intersections between stable genes in the different data sets 

 

As mentioned in the previous section, Affymetrix often use multiple probe sets mapped 

to the same gene.  When exploring all the probe sets related to the 73 identified genes, it 

was noticed that not all of them are stably expressed in the investigated data sets (Figure 

7). However, the gene was indicated as stable if at least one probe set representing that 

particular gene had a CV below 20%. As a matter of fact, Affymetrix probe set names 

have different suffixes according to the probe set’s specificity [41]. Unique probe sets 

suffixed with ‘_at’ are predicted to match perfectly a unique transcript of a particular 

gene. Probe sets with ‘_a_at’ suffix are predicted to match different transcripts of the 

same gene, while probe sets with ‘_s_at’ match multiple transcripts, which may be from 

different genes. Finally, probe sets suffixed with ‘_x_at’ are least specific and may 

hybridize unpredictably to multiple sequences. Those candidate HKGs represented by at 

least one identical ‘_at’ probe set that are believed by the manufacturer to be most 

specific, and have CV<20% in both Affymetrix data sets, are marked with a star in 

Figure 7, in total 31 of the 73 stable genes (Table 1). These genes are suggested for 

further validation with RT-PCR. 
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Figure 7(A) 
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 (B) 

 

Figure 7. CVs of 73 stable genes in the hESC “Progenitor” (A) and “Cardiomyocyte” (B) data sets. Y axis represents the CV 

in decimal points. Red horizontal line corresponds to the stability threshold of CV<20% (0.2 in decimal points). Different 

bars represent different probe sets for each gene. The 31 genes represented by the identical ‘_at’ probe set showing CV<20% 

in both data sets, are indicated with a star sign.  

 

The biology of the potential 73 HKGs for differentiating hESCs was investigated using 

FatiGO [42]. Genes were grouped according to biological process, molecular function 

and localization using available Gene Ontology (GO) annotations. The results are shown 

in Figure 8. Biological process annotation was available for 43 genes, which are mostly 

involved in metabolism: cellular protein metabolic process (42%), regulation of cellular 

metabolic process (30%), RNA metabolism (30%). Of the 48 genes with molecular 

function annotation, 28% are involved in transition metal ion binding, 19% in adenyl 

nucleotide binding, 14% in amino-acid ligase activity and 11% in transcription. 47 genes 

have a GO annotation for cellular localization. Of these, 53% are located in nucleus, 

14% in mitochondrion and 8% in ribosome. These results are in high agreement with 

functional annotations of the previously proposed set of 292 HKGs in hESCs [30]. The 

majority of the previously identified HKGs with available GO biological process 

annotation (151 genes) are also involved in metabolic functions. Of the 113 genes with 
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GO cellular location annotation, 42% are located in the nucleus and only 3% are 

ribosomal. Finally, of the 121 genes with GO molecular function annotation, 22% are 

involved in transition metal ion binding, 15% in adenyl nucleotide binding, and 10% in 

transcription. Synnergren and co-workers [30] have also compared the distribution of 

GO annotations between the set of 292 HKGs in hESCs and the previously reported 

HKGs in somatic tissues. Their results have shown that, for example, genes associated 

with metal ion binding are overrepresented in the set of 292 HKGs, compared with 

somatic cells. In addition, the fractions of genes located in the ribosome and cytoplasm 

are significantly smaller than in the set of HKGs derived from other tissues. 

 
Table 1. A subset of 31 candidate HKGs in hESCs that are represented by at least one identical ‘_at’ probe set 

displaying CV<20% in both Affymetrix data sets. 
   % CV 

   CodeLink Affymetrix 

UniGeneID Symbol Gene name  
Affymetrix            

Probe set ID 
SA001 SA002 SA002.5 Progenitor Cardio 

        

Hs.518773 UBE2D3 Ubiquitin-conjugating enzyme E2D 3 
(UBC4/5    homolog, yeast) 

200667_at 18 11 12 15 17 
 

Hs.462323 NCOR1 Nuclear receptor co-repressor 1 200854_at 7 6 14 10 15 

Hs.351875 COX6C Cytochrome c oxidase subunit Vic 201754_at 10 12 15 12 14 

Hs.188879 RBM6 RNA binding motif protein 6 201967_at 15 17 17 17 7 

Hs.459759 CREBBP CREB binding protein (Rubinstein-Taybi 
syndrome) 

202160_at 9 16 15 15 8 

Hs.632161 AP3S2 Adaptor-related protein complex 3, sigma 
2 subunit 

202398_at 16 16 12 16 9 

Hs.12253 SMAD2 SMAD, mothers against DPP homolog 2 226563_at 
203075_at 

11 15 13 6 
19 

13 
9 

Hs.32826 HDDC2 HD domain containing 2 203260_at 7 7 9 17 8 

Hs.489811 ING3 Inhibitor of growth family, member 3, 
transcript variant 2 

205070_at 17 12 8 19.9 13 
 

Hs.237825 SRP72 Signal recognition particle 72kDa 208802_at 14 16 11 8 7 
Hs.189409 FNBP1 Formin binding protein 1 212288_at 12 13 6 9 19 

Hs.362733 FEM1B Fem-1 homolog b (C. elegans) 212367_at 16 12 15 19.8 5 

Hs.501868 TMEM41B Transmembrane protein 41B 212622_at 
212623_at 

15 16 9 7 
14 

17 
15 

Hs.524630 UBE2N Ubiquitin-conjugating enzyme E2N 212751_at 11 15 8 12 16 
Hs.556018 IRAK1BP1 Interleukin-1 receptor-associated kinase 1 

binding protein 1 
213074_at 7 8 10 17 17 

Hs.126550 VPS4B Vacuolar protein sorting 4 homolog B 218171_at 17 11 16 13 3 

Hs.302977 C12orf4 Chromosome 12 open reading frame 4 222613_at 11 17 4 17 18 
Hs.9728 ARMCX1 Armadillo repeat containing, X-linked 1 218694_at 5 18 14 11 17 

Hs.436098 MAK10 MAK10 homolog, amino-acid N-
acetyltransferase subunit 

219362_at 
220925_at 

11 7 12 12 
16 

3 
16 

Hs.161181 PRPF18 PRP18 pre-mRNA processing factor 18 
homolog (S. cerevisiae) 

221547_at 18 8 17 15 6 

Hs.356460 LOC644096 Hypothetical protein LOC644096 44669_at 16 13 11 17 15 

Hs.181112 MED4 Mediator of RNA polymerase II 
transcription, subunit 4 

222438_at 11 17 15 15 18 

Hs.11184 UBE2R2 Soares placenta, Ubiquitin-conjugating 
enzyme E2R 2 

223014_at 18 7 9 19 13 

Hs.134183 C1orf26 Chromosome 1 open reading frame 26 223548_at 14 17 16 18 14 

Hs.425178 MGC11102 Hypothetical protein MGC11102 239377_at 8 14 15 15 18 

Hs.485910 RARSL Arginyl-tRNA synthetase-like 225264_at 11 14 14 10 15 

Hs.190548 BRWD1 Bromodomain and WD repeat domain 
containing 1 

225446_at 
231960_at 

12 10 18 15 
16 

17 
10 

Hs.96852 EDC3 LSM16 homolog (EDC3, S. cerevisiae) 226042_at 6 14 15 14 14 

Hs.287830 PLEKHA1 Pleckstrin homology domain containing, 
family A member 1 

226247_at 5 8 9 17 5 

Hs.13268 KLHL11 cDNA FLJ39096 fis, clone 
NTONG1000247 

226883_at 11 10 7 11 10 

Hs.490510 ZNF398 Zinc finger protein 398 235513_at 17 15 15 16 19 
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Figure 8. GO annotations for the 73 candidate HKGs. Genes were grouped according to biological 

process, molecular function and cellular localization. 
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The expression levels of the 73 candidate HKGs genes in the Affymetrix data sets were 

explored and the distribution of average expression intensities is shown in Figure 9. It 

was noticed that all stable genes have mean intensity above 4 (log2 scale), thus being 

located only at the medium and high range of the fluorescence detection. However, no 

genes at the lower end of the fluorescence detection range have fulfilled the chosen 

criterion of stable expression. In contrast, in the previous study of HKGs in hESCs [30] 

it has been shown that there are stably expressed genes displaying CV<20% among low, 

medium, and high expressed genes in that data set. To investigate if only the identified 

73 stable genes lie at the medium and high regions of the fluorescence detection range or 

if this characterizes all the stably expressed genes in the Affymetrix data sets, the 

expression intensities for all the stably expressed genes in these two data sets were 

visualized (Figure 10). Again, very few genes with log2 expression levels below 4 were 

identified as stable. 

 

 

 
Figure 9. Distribution of average expression intensities of the 73 candidate HKGs in Progenitor (left) and 

Cardiomyocyte (right) experiments. Blue dots correspond to the 73 stably expressed genes and orange dots 

correspond to remaining genes in the data sets. X and Y axis represent log2 expression values of genes 

measured at two differentiation stages. For the Progenitor, these stages are “Cardiomyocyte 1 beating 

colonies” (PE_CM2_a) and “Undifferentiated cells” (PE_UDH) corresponding to the x and y axis, 

respectively. For the Cardiomyocyte, the stages are “Cardiomyocyte 3 beating colonies” (CE_CM3_b) and 

“Undifferentiating cells” (CE|_UD_b) corresponding to the x and y axis, respectively.  
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Figure 10. Distribution of expression intensities of stably expressed genes with CV below 20% in 

Progenitor (left) and Cardiomyocyte (right) experiments. Blue dots correspond to stable genes and orange 

dots correspond to remaining genes in the data sets. X and Y axis represent log2 expression values of 

genes measured at two different differentiation stages. For the Progenitor, these stages are 

“Cardiomyocyte 1 beating colonies” (PE_CM2_a) and “Undifferentiated cells” (PE_UDH) corresponding 

to the x and y axis, respectively. For the Cardiomyocyte, the stages are “Cardiomyocyte 3 beating 

colonies” (CE_CM3_b) and “Undifferentiating cells” (CE|_UD_b) corresponding to the x and y axis, 

respectively. 

 

The distribution of CVs for genes with log2 average expression intensities below and 

above 4 in the Progenitor experiment is shown in Figure 11. The majority of genes with 

lower average expression have a notably higher variation across samples than genes with 

average log2 expression value above 4 in both Affymetrix data set: only about 1% of 

genes have CV<20% and about 20% display CV<40%. A larger fraction of the genes 

that are higher expressed show stable expression values: approximately 20% of these 

genes have CV<20% and about 40% have CV<40%. The same features were observed 

in the Cardiomyocyte data set (data not shown). 

  

 

Figure 11. Distribution of CVs for genes with log2 average expression intensities below 4 (left) and above 

4 (right) in the Progenitor experiment. X axis represents CV in decimal points (0.1 corresponds to 10%). Y 

axis represents frequency (number of genes).  
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Due to the notable results above, the correlation between stability and expression levels 

of genes in both Affymetrix and CodeLink platforms was further analyzed, since this 

phenomenon might have a direct impact on the interpretation of the results. This 

investigation is presented in the section 4.4. 

 

4.3 Stably expressed genes in developing cardiac tissue 

A set of most stably expressed genes in hESCs differentiating towards cardiomyocytes 

was also selected from the list of 2,501 stable genes, identified as common to both the 

Progenitor and Cardiomyocyte experiments. Only genes represented by the identical 

‘_at’ probe set targeting the same transcript in both data sets were selected. If other 

probe sets targeting the particular gene were observed in addition to the ‘_at’ probe set, 

they all had to show CV<20% in both investigated data sets to be considered as stably 

expressed during cardiomyocyte differentiation (Table 2). 

 

Table 2. A set of 20 most stably expressed genes in hESCs differentiating towards cardiomyocytes. All genes 

represented by the identical most specific ‘_at’ probe in both data sets were selected. If additional probe sets 

targeting the same gene were detected, they also display CV<20%. 

 
    % CV 

UniGeneID Symbol Gene name 
Affymetrix            
Probe set ID 

Progenitor Cardio 

      
Hs.446588 RPS13 Ribosomal protein S13 200018_at 6 3 

Hs.14611 DUSP11 Dual specificity phosphatase 11 (RNA/RNP complex 1-
interacting) 

202703_at 8 3 

Hs.156367 RPS29 Ribosomal protein S29 201094_at 9 3 

Hs.500526 BTAF1 BTAF1 RNA polymerase II, B-TFIID transcription factor-
associated, 170kDa (Mot1 homolog, S. cerevisiae) 

209430_at 7 6 

Hs.334911 PGEA1 PKD2 interactor, golgi and endoplasmic reticulum associated 1 203450_at 6 8 

Hs.92308 LOC144438 Hypothetical protein LOC144438 225493_at 6 8 

Hs.356190 UBB Ubiquitin B 200633_at 7 8 

Hs.11125 SPCS1 Signal peptidase complex subunit 1 homolog (S. cerevisiae) 217927_at 7 8 
Hs.567849 GRINL1A Glutamate receptor, ionotropic, N-methyl D-aspartate-like 1A 212241_at 11 4 

Hs.532749 C1orf122 Chromosome 1 open reading frame 122 225480_at 9 7 

Hs.508266 COMMD6 COMM domain containing 6 225312_at 9 7 

Hs.196177 PHKG2 Phosphorylase kinase, gamma 2 (testis) 203709_at 10 6 

Hs.301040 CABLES2 Cdk5 and Abl enzyme substrate 2 226004_at 9 8 

Hs.568945 MGC3032 Hypothetical protein MGC3032 218641_at 9 8 
Hs.190384 COPS4 COP9 constitutive photomorphog 218042_at 9 8 

Hs.546449 MGC4268 Hypothetical protein MGC4268 223297_at 11 6 

Hs.470417 PEF1 Penta-EF-hand domain containing 1 217923_at 11 7 

Hs.532469 PAOX Polyamine oxidase (exo-N4-amino) 50400_at 11 8 

Hs.632276 EDEM2 ER degradation enhancer, mannosidase alpha-like 2 218282_at 11 8 

Hs.397609 RPS16 Ribosomal protein S16 201258_at 
226131_s_at 
213890_x_at 

11 
7 

10 

5 
3 
9 
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4.4 Correlation between stability and expression levels of genes in 

Affymetrix and CodeLink data sets 

To examine the correlation between gene stability and its expression intensity level all 

data sets were divided into four groups, as described in Materials and Methods, and the 

average CVs for each group were calculated. Figure 12(A) demonstrates the significant 

differences that were observed between the two platforms, while only probes labeled as 

‘absent’ or ‘background’ in all experiments were filtered as not expressed. The mean 

CVs of all gene groups are quite similar in all CodeLink data sets, with a maximal 

variation of 11% between different groups. However, the results differ for the 

Affymetrix data sets. Variation of genes expressed at lower levels is notably larger than 

of higher expressed genes. The difference of average CVs between the groups reaches 

64% in the Progenitor data set and 75% in the Cardiomyocyte data set. To determine 

whether the differences in mean CVs between the groups are significant, a two sample t-

test was performed on all possible pairs of groups in each data set. The observed 

differences in mean CVs were statistically significant (P<0.05) for all groups. 

The analysis was repeated using only probes labeled as ‘present’ or ‘good’ in all 

experiments in each investigated data set, and the results are shown in Figure 12(B). 

There is not a notable difference between groups in the Affymetrix data sets in contrast 

to the previous analysis: the maximal observed difference is 12% in the Progenitor data 

set and 11% in the Cardiomyocyte data set. In the CodeLink data sets the difference 

between groups is at most 11%. Thus, using probe sets that are not labeled as ‘present’ 

in all experimental conditions in Affymetrix data sets will largely increase the observed 

variability of low expressed genes. 
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Figure 12. Stability of genes with correspondence to their expression intensity for CodeLink and 

GeneChip platforms. (A) Probes detected as ‘absent’ in all experimental conditions were excluded from 

the analysis. (B) Only probes detected as ‘present’ in all experimental conditions were included in the 

analysis. G1 corresponds to Group 1, G2 to Group2 etc.  
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4.5 The effect of varying the CV threshold on the number of HKG 

selected 

The effect of varying the CV threshold from 5% to 95% on the number of selected 

candidate HKGs in hESCs was investigated, as described in Materials and Methods. The 

results are presented in Figure 13. It is obvious that the bigger fraction of stably 

expressed genes common to all investigated data sets is selected as the CV threshold 

increases. However, the most notable differences in number of genes selected are 

observed when varying the CV threshold in the interval between 10% and 25%. Using 

the threshold of CV<20%, as described in the present work, results in the set of 73 

candidate HKGs. Changing the threshold from CV<20% to CV<15% decreases the 

number of selected HKGs to less than half, from 73 genes to 34 genes, while varying the 

threshold from CV<20% to CV<25% increases the number of selected genes nearly 

twice, from 73 genes to 115 genes (Table 3). Raising the CV threshold above 25% with 

intervals of 5%, each time increases the number of selected genes by 20% or less. The 

notable effect observed when changing the CV threshold between 10% and 25% might 

indicate that the sensitivity threshold of the Affymetrix platform lies in this interval of 

gene expression variation. In other words, the Affymetrix platform might be less 

sensitive in detecting stably expressed genes with CV<10% than genes with CV<25%.  
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Figure 13. The effect of varying the CV threshold on the number of selected candidate HKGs in hESCs. X 

axis represents CV in % and Y axis represents the number of selected candidate HKGs. 
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Table 3. Number of selected candidate HKGs in hESCs depending on the used CV threshold.  

% CV 5 10 15 20 25 30 35 40 45  

# of HKGs  0 11 34 73 115 139 153 167 172  

           

% CV 50 55 60 65 70 75 80 85 90 95 

# of HKGs  180 190 197 205 209 214 216 218 218 218 
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5 Discussion 

 

This work aims to identify a refined set of HKGs in differentiating hESCs. These genes, 

being expressed at relatively constant levels across different experimental conditions and 

cell lines, can be used as internal controls in normalization of gene expression data. Few 

traditionally used HKGs were found to be stably expressed in all investigated data sets 

of undifferentiated and differentiating hESC. One possible explanation of the difference 

between the sets of HKGs in hESCs and somatic cells is the uniqueness of hESCs. It has 

been shown that hESCs have a specific molecular signature that differs from somatic 

cells and even from other stem cell populations [43]. Experiments on somatic cells often 

compare the same cell type under different experimental conditions. On the other hand, 

when investigating differentiating hESCs we are in fact looking at different cell types, 

since the different stages of differentiation change the properties of these cells.  

A list of 2,501 stably expressed genes was initially identified using two global gene 

expression data sets generated from undifferentiated and various differentiated cell 

populations. The intersection between the previously identified 292 HKGs in hESCs 

[30] with these 2,501 stably expressed genes in the Affymetrix data set investigated here 

left a list of 73 candidate HKGs stably expressed in all investigated datasets. This is 

quite a high overlap of stable genes across various cell lines considering differences in 

experimental design, cell culturing and platforms used for the analysis. 

A notable difference between the Affymetrix and CodeLink microarrays is multiple 

probe sets vs. one specific pre-validated probe per gene. Having one specific probe per 

gene may be advantageous with respect to sensitivity of the platform, but this probe 

should be designed accurately to cover the range of all splicing variants available [29]. 

Different splicing events enable one gene to encode multiple proteins that might have 

different functions and expression profiles [44]. Multiple Affymetrix probe sets might 

detect such cases of alternative splicing. However, these probe sets have different 

specificity to the target gene, which often results in cross-hybridization to different 

transcripts of the same gene or even to unrelated genes. Therefore, in some cases it is 

difficult to identify exactly which transcript is being measured. The study performed by 

Harbig et al. [38] using the Affymetrix HG-U133 plus 2.0 GeneChip array has suggested 

that more than one third of the probe sets detect multiple transcripts. The authors [38] 

recommend treating each probe set of interest independently and perform accurate 

manual annotations when interpreting the data. Similar conclusions were reached by 

other authors when analyzing different Affymetrix arrays [39, 45]. It was noticed in this 
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work that not all probe sets related to the 73 candidate HKGs were stably expressed in 

the Affymetrix data sets, but at least one probe set for each gene showed CV below 20%. 

A manual annotation analysis of each probe set was not performed in this work due to 

the time limitations. Instead, a subset of 31 genes, represented by the most specific probe 

sets in both Affymetrix data sets, was selected. It is recommended that the stability of 

these 31 genes is further validated with RT-PCR, and the design of probes is extremely 

important to specifically target those transcripts that are stably expressed and not other 

splicing variants. After validation, these genes can be suggested as a more reliable set of 

reference genes for differentiating hESCs. As a matter of fact, Synnergren and co-

workers [30] have validated the stability of nine of the 292 previously proposed HKGs 

in hESCs (NRPS998, FBX212, RNF7, SRP72, SLC4A1AP, NUBP1, RND, ELN, and 

CREBBP) using RT-PCR.  Four of these nine genes (SRP72, SLC4A1AP, ELN, and 

CREBBP) were detected as stably expressed in the data sets investigated in this work 

and included in the final list of 73 candidate HKGs in hESCs. 

A novel set of the 20 most stable genes in the differentiating cardiac cells was also 

proposed. All probe sets corresponding to these 20 genes show stability in both 

Affymetrix data sets, including the most specific ‘_at’ probe set. After a further 

validation of stability with RT-PCR, these genes could be useful controls when 

investigating differentiating cardiomyocytes. 

Remarkably, in the study by Synnergren et al. [30] the most frequently used reference 

gene GAPDH had a CV ranging from 72% and 103% in different data sets, 

demonstrating a high variability according to the stability selection criteria, though it 

was identified as stably expressed (CV< 20%) in the data sets investigated in this study. 

This could possibly be because GAPDH is stably expressed only during differentiation 

towards the cardiac lineage but not towards the other cell types. However, it needs to be 

noticed that GAPDH is represented in the Affymetrix data sets only by the least specific 

‘_x_at’ probe set that may cross-hybridize to sequences unrelated to the gene of interest, 

thus leading to a risk of erroneous results. Therefore, the annotation analysis of this 

probe set and a validation by RT-PCR is recommended if one is interested in using 

GAPDH as a reference gene in studies of hESCs. 

The average stability of genes with respect to expression levels was investigated in the 

Affymetrix and CodeLink data sets. When only probe sets ‘absent’ in all experiments 

were excluded from the analysis as not expressed, a considerable variation in CVs was 

observed between genes expressed at different levels in the Affymetrix data sets. The 

mean CV was much higher for low expressed genes than for higher expressed genes. 
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When filtering out all probe sets apart from ‘present’ in all experiments, such variation 

in the CVs was not detected in the Affymetrix data sets. Without regard to the filtering 

method, the average CVs of genes expressed at different levels remain quite consistent 

in the CodeLink data sets. Comparisons of these two platforms have been reported 

previously [29, 46]. Shippy et al. [29] have analyzed expression measurements for 

10,763 uniquely represented genes, common between Affymetrix U133A/B GeneChips 

and Amersham CodeLink UniSet Human 20 K microarrays. When investigating 

expression intensity distribution in data sets that have not been filtered by noise (‘absent’ 

calls), they have detected a wider distribution for genes at the lower end of fluorescence 

range in Affymetrix than in CodeLink. In addition, when calculating CV as a function of 

expression intensity for each platform, they have observed that the average CV was the 

same for the higher expressed genes in both platforms. However, as intensity decreased, 

the CV increased earlier in Affymetrix relative to CodeLink. The authors demonstrate 

that the wider observed distribution in the Affymetrix platform is within the noise 

population by the manufacturer’s indication for gene signal, and recommend filtering the 

data by ‘absent’ calls before performing the analysis. 

The results of cross-platform comparison observed in this thesis agree with the findings 

described by Shippy et al., thus confirming a higher variability of genes at the lower 

expression range in the Affymetrix data sets compared to the CodeLink data sets. The 

data analysis method used in this work suggests that probe sets with a ‘present’ call in at 

least one experimental condition should be included in the analysis and not filtered a 

priori when investigating HKGs. This method extends the previously used method for 

the identification of HKG in hESCs [30], where only probes labeled as ‘good’ in all 

experimental conditions in the CodeLink data sets were used in the analysis. The ‘good’ 

label in the CodeLink data sets corresponds to the ‘present’ label in the Affymetrix data 

sets. It has been shown that low abundance transcripts could be detected as ‘absent’ by 

Affymetrix while their expression was verified by other techniques, such as RT-PCR 

[47], or PCR-select cDNA subtraction (SSH) [48]. It might happen that some low 

expressed transcripts are ‘absent’ in one condition and ‘present’ in another due to the 

Affymetrix sensitivity limits, but still meet the selection criteria of stability. Therefore, it 

is suggested that such transcripts should be taken into consideration and investigated 

further. Thus, the contribution of the method used in this work to methods for HKGs 

discovery is that it allows analyzing a bigger fraction of genes in the data set that might 

potentially include stably expressed genes of interest. In addition, the methodological 
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contribution in the present work is the investigation of the effect of varying the CV 

threshold on the number of selected candidate HKGs in hESCs. 

In future work, the stability of the proposed candidate HKGs in differentiating hESCs 

should be further validated with RT-PCR. Importantly, the designed RT-PCR probes 

should target those transcripts that have shown stability in the Affymetrix data sets, and 

not other splicing variants. Therefore, the accurate annotation analysis of the Affymetrix 

probe sets needs to be done prior to the RT-PCR validation. 
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Appendix 

 
A set of  73 candidate HKGs that are stably expressed in undifferentiated and differentiating hESCs both in present study 

and in [30]. If several Affymetrix probe sets were detected for the particular gene, the lowest observed CV is listed in the 

table. 

 
   % CV 

   CodeLink Affymetrix 

UniGeneID Symbol Gene name SA001 SA002 SA002.5 Progenitor Cardio 

        
Hs.518773 UBE2D3 Ubiquitin-conjugating enzyme E2D 3 (UBC4/5    

homolog, yeast) 
18 11 12 15 15 

Hs.430425 GNB1 Guanine nucleotide binding protein (G protein), beta 
polypeptide 1 

13 16 15 14 3 

Hs.462323 NCOR1 Nuclear receptor co-repressor 1 7 6 14 10 4 

Hs.281707 PUM1 Pumilio homolog 1 (Drosophila) 10 13 15 4 7 

Hs.491440 PPP2CB Protein phosphatase 2 (formerly 2A), catalytic 
subunit, beta isoform 

17 13 8 9 5 

Hs.82887 PPP1R11 Protein phosphatase 1, regulatory (inhibitor) subunit 
11 

15 7 16 18 6 

Hs.514806 GALNT1 UDP-N-acetyl-alpha-D-galactosamine 13 16 15 13 18 

Hs.432862 MARCH6 Membrane-associated RING-CH protein 6 13 17 10 7 9 

Hs.351875 COX6C Cytochrome c oxidase subunit Vic 10 12 15 12 14 

Hs.379466 UBE2A Ubiquitin-conjugating enzyme E2A (RAD6 homolog) 16 16 8 6 6 
Hs.188879 RBM6 RNA binding motif protein 6 15 17 17 17 7 

Hs.210532 KIAA0141 KIAA0141 gene product 4 10 9 15 15 

Hs.459759 CREBBP CREB binding protein (Rubinstein-Taybi syndrome) 9 16 15 15 8 

Hs.632161 AP3S2 Adaptor-related protein complex 3, sigma 2 subunit 16 16 12 16 9 

Hs.12253 SMAD2 SMAD, mothers against DPP homolog 2 11 15 13 6 6 
Hs.32826 HDDC2 HD domain containing 2 7 7 9 17 8 

Hs.500466 PTEN Phosphatase and tensin homolog 11 8 3 17 16 

Hs.148677 SMCR7L Smith-Magenis syndrome chromosome region, 
candidate 7-like 

13 10 9 9 4 

Hs.567425 APRIN Androgen-induced proliferation inhibitor 7 8 17 11 7 
Hs.489811 ING3 Inhibitor of growth family, member 3, transcript 

variant 2 
17 12 8 19 13 

Hs.381126 RPS14 Ribosomal protein S14 17 6 17 6 3 

Hs.369017 RAB2 RAB2, member RAS oncogene family 17 8 17 16 8 

Hs.237825 SRP72 Signal recognition particle 72kDa 14 16 11 8 7 
Hs.160324 ITSN1 Intersectin 1 (SH3 domain protein), chromosome 

21q221 
15 17 17 18 19 

Hs.469022 DGUOK Deoxyguanosine kinase 12 12 10 8 8 

Hs.584884 ATP2C1 ATPase, Ca++ transporting, type 2C, member 1, 
transcript variant 1 

11 10 14 14 7 

Hs.466391 C19orf2 Chromosome 19 open reading frame 2, transcript 
variant 1 

17 12 6 16 18 

Hs.520943 ELN Elastin (supravalvular aortic stenosis, Williams-
Beuren syndrome) 

6 13 8 14 16 

Hs.19121 AP2A2 Adaptor-related protein complex 2, alpha 2 subunit 14 15 9 11 7 

Hs.571841 RPL7 Ribosomal protein L7 9 2 12 9 4 

Hs.189409 FNBP1 Formin binding protein 1 12 13 6 9 19 

Hs.362733 FEM1B Fem-1 homolog b (C. elegans) 16 12 15 18 5 
Hs.501868 TMEM41B Transmembrane protein 41B 15 16 9 7 15 

Hs.524630 UBE2N Ubiquitin-conjugating enzyme E2N 11 15 8 12 16 

Hs.188553 RBBP6 Retinoblastoma binding protein 6, transcript variant 
3 

2 17 15 7 14 

Hs.113150 GARNL1 GTPase activating Rap/RanGAP domain-like 1 9 15 10 10 14 
Hs.556018 IRAK1BP1 Interleukin-1 receptor-associated kinase 1 binding 

protein 1 
7 8 10 17 17 

Hs.513145 NGRN Neugrin, neurite outgrowth associated 14 18 14 12 9 

Hs.520205 EIF2AK1 Eukaryotic translation initiation factor 2-alpha kinase 
1 

8 10 13 15 19 

Hs.523054 TMEM50A Transmembrane protein 50A 8 12 7 10 15 

Hs.396740 NIP30 NEFA-interacting nuclear protein NIP30 5 16 15 8 14 

Hs.126550 VPS4B Vacuolar protein sorting 4 homolog B 17 11 16 13 3 

Hs.302977 C12orf4 Chromosome 12 open reading frame 4 11 17 4 17 10 

Hs.436913 CHCHD7 Coiled-coil-helix-coiled-coil-helix domain containing 
7 

7 11 17 18 14 

Hs.306000 SLC4A1AP Solute carrier family 4 (anion exchanger), member 1 7 11 14 8 11 

Hs.9728 ARMCX1 Armadillo repeat containing, X-linked 1 5 18 14 11 17 

Hs.371210 C1orf27 Chromosome 1 open reading frame 27 12 11 17 14 7 
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Hs.187823 C2orf43 Chromosome 2 open reading frame 43 15 18 17 14 13 

Hs.9527 C2orf28 Chromosome 2 open reading frame 28, transcript 
variant 1 

16 10 10 13 15 

Hs.436098 MAK10 MAK10 homolog, amino-acid N-acetyltransferase 
subunit 

11 7 12 12 3 

Hs.632314 PILRB Paired immunoglobin-like type 2 receptor beta 13 17 17 18 9 

Hs.549171 C1orf56 Chromosome 1 open reading frame 56 17 7 17 15 10 

Hs.161181 PRPF18 PRP18 pre-mRNA processing factor 18 homolog (S. 
cerevisiae) 

18 8 17 15 6 

Hs.122514 MSCP Mitochondrial solute carrier protein 18 12 15 13 16 

Hs.356460 LOC644096 Hypothetical protein LOC644096 16 13 11 17 11 

Hs.181112 MED4 Mediator of RNA polymerase II transcription, subunit 
4 

11 17 15 15 5 

Hs.412186 ACTR8 ARP8 actin-related protein 8 homolog (yeast) 11 10 16 14 15 

Hs.11184 UBE2R2 Soares placenta, Ubiquitin-conjugating enzyme E2R 
2 

18 7 9 19 13 

Hs.134183 C1orf26 Chromosome 1 open reading frame 26 14 17 16 18 14 

Hs.425178 MGC11102 Hypothetical protein MGC11102 8 14 15 15 15 

Hs.40763 ASB3 Ankyrin repeat and SOCS box-containing 3, 
transcript variant 1 

13 9 7 19 13 

Hs.497369 NAV1 Neuron navigator 1 11 14 13 19 15 

Hs.191186 TTC17 Tetratricopeptide repeat domain 17 10 10 16 14 18 

Hs.485910 RARSL Arginyl-tRNA synthetase-like 11 14 14 10 15 

Hs.190548 BRWD1 Bromodomain and WD repeat domain containing 1 12 10 18 15 10 

Hs.96852 EDC3 LSM16 homolog (EDC3, S. cerevisiae) 6 14 15 14 14 

Hs.287830 PLEKHA1 Pleckstrin homology domain containing, family A 
member 1 

5 8 9 17 5 

Hs.496943 FAM58A Family with sequence similarity 58, member A 9 11 14 17 7 

Hs.13268 KLHL11 cDNA FLJ39096 fis, clone NTONG1000247 11 10 7 11 10 

Hs.133916 LOC152485 AGENCOURT_6561616 NIH_MGC_72 cDNA clone 14 12 11 13 8 

Hs.490510 ZNF398 Zinc finger protein 398 17 15 15 16 19 

Hs.311346 CMAS Cytidine monophosphate N-acetylneuraminic acid 
synthetase  

5 7 16 18 11 

Hs.229988 PGAP1 GPI deacylase 10 6 13 17 15 
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