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Background: Comparative DNA microarray analyses typically yield very large gene expression data sets that reflect complex
patterns of change. Despite the wealth of information that is obtained, the identification of stable reference
genes is required for normalization of disease- or drug-induced changes across tested groups. This is a prereg-
uisite in quantitative real-time reverse transcription-PCR (qRT-PCR) and relative RT-PCR but rare in gene micro-
array analysis. The goal of the present study was to outline a simple method for identification of reliable refer-
ence genes derived from DNA microarray data sets by comparative statistical analysis of software-generated
and manually calculated candidate genes.

Material/Methods: DNA microarray data sets derived from whole-blood samples obtained from 14 Zucker diabetic fatty (ZDF) rats
(7 lean and 7 diabetic obese) were used for the method development. This involved the use of software-gener-
ated filtering parameters to accomplish the desired signal-to-noise ratios, 75" percentile signal manual normal-
izations, and the selection of reference genes as endogenous controls for target gene expression normalization.

Results: The combination of software-generated and manual normalization methods yielded a group of 5 stably ex-
pressed, suitable endogenous control genes which can be used in further target gene expression determina-
tions in whole blood of ZDF rats.

Conclusions: This method can be used to correct for potentially false results and aid in the selection of suitable endogenous
control genes. It is especially useful when aimed to aid the software in cases of borderline results, where the
expression and/or the fold change values are just beyond the pre-established set of acceptable parameters.
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Background

The generation of very large amounts of gene microarray data
poses a challenge, not only for its processing but also for its in-
terpretation, due to intrinsic false discovery rates. In addition,
the problem of background noise along with differences in hy-
bridization efficiencies is also an important factor generating
variability within and among microarray chips, constituting ma-
jor confounding elements in gene expression analysis. Some
of the most advanced commercially available software can au-
tomatically account for most, but not all, of these challenges.

In general, the persistence of confounding elements gener-
ates the need for appropriate data normalization methods,
such as using the specific nt" percentile signal intensity val-
ue of a particular array. Often, software-generated normal-
ization methods have already incorporated the n*-percentile
approach (e.g., 75" percentile) along with some background-
subtraction mechanism [1]. In this regard, dealing with the as-
say’s inherent background noise becomes critical to account
for signal stringency. Hence, the importance of using filtering
parameters to accomplish the desired signal-to-noise ratios
becomes obvious.

Moreover, it becomes necessary to use housekeeping or refer-
ence genes as endogenous controls for further gene signal nor-
malization. This is not a common use in gene microarray anal-
ysis, where log transformation, background subtraction, and
n®" percentile normalizations have been the norm [1]. In this
regard, the use of endogenous control genes is prerequisite in
gRT-PCR and relative RT-PCR [2-4]. The principle behind this
methodology consists of simply using widely expressed genes
that do not respond to most treatments as references to com-
pare to genes of interest (target genes) that do change. This
helps in the proper interpretation of gene expression patterns
and in calculating relative gene expression fold changes be-
tween treatment groups, minimizing technique-derived exper-
imental errors. Thus, the same rationale should apply in gene
microarray analysis. However, selecting the right endogenous
control genes for normalizing data can be difficult since these
widely expressed reference genes are not truly universal. In this
regard, there have been observed changes in reference gene
expression with different treatments as well as tissue-specific
differential reference gene expression patterns [2-10]. For this
reason, a systematic method must be determined for its use
in the selection of array-specific (i.e., tissue- and taxa-specif-
ic) endogenous control genes based on a pool or pools of pre-
established and widely used housekeeping or reference genes.

In the present examination, dependent measure data sets were
derived from paired DNA microarray gene expression anal-
yses performed on whole-blood samples from homozygous
ZDF rats exhibiting clinically-relevant type 2 symptomatology
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in comparison to heterozygous healthy lean controls [11]. In
this regard, the ZDF rat has been well established in the bio-
medical literature as a high-resolution translational model for
elucidation of underlying pathophysiological mechanisms crit-
ically linked to advanced therapeutic development for major
human disorders, including type 2 diabetes [12,13], cardiovas-
cular disease [14], renal disease [15], atherosclerosis [16-18],
and rheumatoid arthritis [11]. In addition, a list of potential-
ly suitable endogenous control genes for the study of whole-
blood ZDF rat samples is provided.

Material and Methods

The analytical software used in this examination was Agilent’s
GeneSpring GX, ver.13.1.1. Manual calculations were performed
using the Microsoft Excel basic package. The gene microar-
ray data (Agilent single-color expression) was obtained from
a published study [11] using whole-blood samples collected
from 7 twelve-week-old male homozygous (Fa/Fa) leptin recep-
tor-deficient ZDF rats exhibiting a full-fledged type 2 diabetic
phenotype highlighted by hyperglycemia, hyperlipidemia, liv-
er hypertrophy, increased water consumption, and urine out-
put, and from 7 twelve-week-old male heterozygous (Fa/fa)
healthy lean controls. Briefly, the study animals were housed
2 per cage and maintained in an Innovive caging system (San
Diego, CA). The rooms were lit for 12 hours from 7:00 AM to
7:00 PM, each day, using artificial light. Animals had free ac-
cess to water and Purina 5008 rodent food (Waldschimdt’s,
Madison, WI) for the duration of the study (7 weeks) [11].
The study was approved by the Institutional Animal Care and
Use Committee (IUCAC, Study Number SNY1301). Animal care
and all technical procedures were performed by PhysioGenix,
Inc. staff in accordance with the established protocols in the
National Institute of Health Guide for Care and Use of Laboratory
Animals (Eighth Edition).

The initial data were processed using Agilent’s feature extrac-
tion software, followed by analysis using the microarray plat-
form software GeneSpring and by enhancement through a
manual optimization method, as follows:

First, using the microarray software, the following filtering pa-
rameters were implemented: a filter by flags (e.g., “detected”,
“not detected”, and “compromised”) where irregular features
(or signals) were discarded, and a signal-to-noise ratio of 2,
which was chosen as the lower limit in at least 1 of the sub-
ject groups. In addition, a list of 34 annotated reference genes
previously identified in the biochemical literature [2-8,19] was
built and used to filter the experimental data.

Second, the signal intensities of the reference genes passing
the above-mentioned filters were manually divided by the 75%
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percentile value of the corresponding arrays and the result-
ing values were used to calculate fold changes in gene expres-
sion between the healthy lean and the diabetic obese groups
by simple division (i.e., diabetic obese value/healthy lean val-
ue). It should be noted that a gene variation was deemed bi-
ologically irrelevant when its fold change value was defined
as -1.2<x<1.2.

Statistical analyses
Software-generated data was compared using moderated t
test method with Benjamini-Hochberg multiple testing cor-

rection. The t test was used for evaluating the manually nor-
malized data.

Results

Application of filtering parameters

The first step before data analysis deals with signal quality con-
trol and the setting of filtering parameters in a particular data
set. In this evaluation, the filters previously described were used
to identify potential endogenous control gene candidates from
the list of 34 widely used reference genes [2-8,19] (Table 1).
After this initial filtering process, in which genes not meeting the
signal quality criteria were filtered out (i.e., flagged as “compro-
mised”; S/N <2), a working list of 18 gene probes correspond-
ing to 16 endogenous gene candidates was made (Table 2).
It should be noted that there can be more than 1 probe per
gene, each having a different sequence, thus hybridizing to a
different region of the gene transcript.

Endogenous control gene determination
Software-generated gene selection

Suitable endogenous control genes should exhibit minimal-
to-no expression variation between groups (e.g., control vs.
treatment), in this particular study, between diabetic obese
and healthy lean groups. In this evaluation, an absolute fold
change value of 1.2 was set as the limit for the gene selection
criterion. In this way, further filtering by fold change yielded 3
suitable endogenous control gene candidates, which can be
seen in Figure 1. In addition, Table 3 shows these software-
selected genes (Hsp90ab1, Pum1, and Srsf4) along with their
fold change and p-values.

Manual normalization
The manual method involving 75% percentile normalization

of background-subtracted signals along with fold change cal-
culations yielded 5 potentially suitable endogenous control
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candidates. Three were the same as the software-generated
genes, plus 2 additional genes — Dimt1 and Gusb (Table 4).
These genes exhibited fold change values <1.2 and >-1.2, with
p-values considered not significant (p>0.05). In this regard, af-
ter manual normalization, there was an additional gene, Decr1,
that exhibited an acceptable fold change value of 1.19 but had
a p-value <0.05 and hence was not selected (Table 2). Table
5 shows an arbitrary gene grouping based on signal intensity
values (low, medium, high). This helps in the selection of suit-
able endogenous control genes because, as mentioned earli-
er, these genes should ideally be chosen so that they encom-
pass a large signal intensity spectrum in such a way that it
compensates for the potentially diverse copy numbers of tar-
get genes (translated as signal intensities) [3]. Finally, Table
6 shows the Agilent probe sequences of each of the endoge-
nous control genes selected by this method.

Discussion

Filtering parameters to accomplish the desired signal-to-
noise ratios

Gene microarray data need to be adequately filtered. The first
step before data analysis involved a quality control step in which
irregular signals or “compromised” features are removed (i.e.,
filter by flags: detected; not detected; compromised). Often, in
order to accomplish an acceptable microarray signal intensity
level, a signal should be at least twice as strong as that of the
background (i.e., signal-to-noise ratio >2) and, depending on the
desired stringency level, this filter cut-off can be set to a signal-
to-noise ratio of 3 or higher. Normally, gene microarray technol-
ogies produce a consistent background signal whose mean lev-
el information can be easily obtained from the raw image data
(e.g., using feature extraction software). A microarray platform’s
software automatically subtracts calculated background signal
from raw signal values, effectively yielding processed raw signal
values. To filter out genes whose processed raw signal values
are less than twice the background (S/N <2), a filter (i.e., pro-
cessed raw signal cut-off) should be set to a lower limit equiv-
alent to the array’s mean background signal value. In this way,
if the processed (i.e., background-subtracted) raw signal is add-
ed to the technology’s mean background signal value, it will be
equivalent to S/N=2. Processed data falling below the S/N=2
level were eliminated from the final data set. Moreover, this fil-
tering by expression level was applied so it would accept a gene
when in at least 1 of the subject groups studied (e.g., control;
treatment “A”; and treatment “B”) is detectable since, for exam-
ple, a given treatment/s could cause downregulation of a gene
below a level corresponding to S/N=2. The same applies when
a gene is only detectable after a treatment. In this way, when a
particular gene or group of genes was present at S/N >2 in at
least 1 of the subject groups, then those genes passed the filter.

Indexed in: [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS] [Index Copernicus]



Casares F.M.:

AN I MAL STU D I ES A Simple method for optimization of reference gene identification...

© Med Sci Monit Basic Res, 2016; 22: 45-52

Table 1. List of commonly used reference genes.

Gene symbol Gene name Chromosome
Adgalt alpha 1,4-galactosyltransferase chr7
A Actinbeta iz
Bm beta-2 microglobulin s
ok Cholecystokinin s
oy Cryptochrome 2 (photolyase-ike) s
kg Caseinkinase Lgamma2 N
Dert 24-dienoyl CoA reductase 1, mitochondrial s
Cpimtt DIM1 dimethyladenosine transferase 1 homolog (5. cerevisiae) 2
Ceeflal Eukaryotic translation elongation factor 1alpha1 g
CPapt FERM, RhoGEF (Arhgef) and pleckstrin domain protein 1 (chondrocyte-derived) chris
s Folypolyglutamate synthase s
CGapdh Glyceraldehyde-3-phosphate dehydrogenase chra
G2 GINS complex subunit 2 (Psf2 homolog) o
Gub Glucuronidase,beta iz
CHmbs Hydroxymethylbilane synthase g
CHpt1 Hypoxanthine phosphoribosyltransferase 1 o
CHspooabl Heat shock protein 90 alpha (cytosolc), class B member 1 o
CMape2 Microtubule-associated protein, RP/EB family, member2 g
Cpexts Peroxisomal biogenesis factor 16 s
pgt Phosphoglycerate kinase 1 hx
Cpo2a Polymerase (RNA) Il (ONA directed) polypeptide A o
Cpia Peptidylprolyl isomerase A (cyclophilin ) chria
b Peptidylprolylisomerase B8 s
Chumt Pumilo RNA-binding family member1 s
R Ribosomal proteinta g
CRelp2 Ribosomal protein, large P2 i
Csdha Succinate dehydrogenase complex, subunit A, flavoprotein /) 1t
st Serine/arginine-rich splicing factor4 chrs
Tp TATA box binding protein 1
e Tansferrin receptor il
CTapt TNFreceptor-associated protein1 o
Cube UbiquinC iz
Cvwhag Tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation protein, gamma iz
Cvwhaz Tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation protein, zeta 7

List of 34 widely used housekeeping/reference genes screened for endogenous control gene selection.
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Table 2. Filtered reference gene candidates for endogenous control gene selection.

Probe name Gene symbol Gene name Fold change  p-value Chromosome
A_64_P050964 Cry2 Cryptochrome 2 (photolyase-like) -1.46 7.40x107 chr3
A 42 P526030 Decrl 2,4-dienoyl CoA reductase 1, mitochondrial -1.32 1.91x107? chr5
A 44 P524471 Dimt1 DIM1 d|methylade'nvosme transferase 1 126 1.60x10-" chr2

- - homolog (S. cerevisiae)

A_64_P232432 Gapdh Glyceraldehyde-3-phosphate dehydrogenase -2.83 2.20x107 chr4

A_64_P052510 Gapdh Glyceraldehyde-3-phosphate dehydrogenase -2.88 3.40x107 chr4

A_64_P073003 Gusb Glucuronidase, beta -1.34 1.90x1073 chrl2

A_44 P421363 Hmbs Hydroxymethylbilane synthase -2.38 3.00x10™* chr8

A_43_P11257 Hprt1 Hypoxanthine phosphoribosyltransferase 1 -2.30 7.00x10™* chrX

A 64_P045716 Hsp90ab1 Heat shock protein 90 alpha (cytosolic), class 1.08 1.99x1022 chro
B member 1

A_64_P140020 Hsp90ab1 Heat shock protein 90 alpha (cytosolic), class _1.60 8.30x10°3 chro
B member 1

A 64_P047724 Mapre2 Microtubule-associated protein, RP/EB family, _1.85 3.50x10°2 chris
member 2

A_42_P492082 Pex16 Peroxisomal biogenesis factor 16 231 7.40x1073 chr3

A_64_P058353 Ppia Peptidylprolyl isomerase A (cyclophilin A) -1.80 5.30x1073 chri4

A 43 _P13976 Ppib Peptidylprolyl isomerase B =071 3.00x10™* chr8

A_42_P767897 Pum1 Pumilio RNA-binding family member 1 -1.11 1.28x107? chr5

A_64_POS0678 Sdha Succinate .dehydrogenase complex, subunit A, 1.67 3.60x10° chrl
flavoprotein (Fp)

A_42_P816010 Srsf4 Serine/arginine-rich splicing factor 4 -1.08 3.96x10! chr5

A_44_P416641 Ywhaz Tyrosine 3-monooxygenase/tryptophan -2.71 9.00x10™* chr7

5-monooxygenase activation protein, zeta

List of 18 gene probes resulting from software-generated filtering of 34 widely used housekeeping/reference genes. The fold change
and p-values represent the variation between diabetic obese and healthy lean subjects. Statistics: Moderated t-test method with
Benjamini-Hochberg Multiple Testing Correction.

. Figure 1. Scatter Plot Visualization of Software-
: generated Endogenous Control Gene
) Candidates. Scatter plot comparison
between healthy (Lean) and diabetic
1 -— obese (ZDF) rats. Outer lines delimit
fold change values <1.2 and >-1.2.
0 2 Highlighted in blue are those genes
é /‘i--: with the least modulation differences
-1 . between the two groups.
-2
-3
4
—4 -3 -2 -1 0 1 2 3
[Lean]
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Table 3. Software-generated endogenous control gene candidates.
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Probe name Gene symbol Gene name Fold change  p-value Chromosome
A 64 P045716 Hsp90ab1 Heat shock protein 90 alpha (cytosolic), class 1.08 1.99x107 chro
B member 1
A_42_P816010 Srsf4 Serine/arginine-rich splicing factor 4 -1.08 3.96x10! chr5
A_42_P767897 Pum1 Pumilio RNA-binding family member 1 -1.11 1.28x107? chr5

The use of Agilent’s GeneSpring GX 13.1.1 software yielded 3 housekeeping/reference genes as suitable candidates for endogenous
control genes. The fold change and p-values represent the variation between diabetic obese and healthy lean subjects. Statistics:
Moderated t-test method with Benjamini-Hochberg multiple testing correction.

Table 4. Endogenous control genes selected after manual normalization.

Gene name

Software generated

Manually normalized

DIM1 dimethyladenosine
transferase 1 homolog
(S. cerevisiae)

A_44 P524471

Heat shock protein 90 alpha
(cytosolic), class B member 1

Pumilio RNA-binding family
member 1

Serine/arginine-rich splicing

A_42_P816010 Srsf4 factor 4

-1.26 1.60x10™! -1.13 3.46x10! chr2
e el e s G
1.08 1.99x1072 1.16 2.19x10! chr9
"""" 1207 01 osea0t e
""" G5 3960 100 samaot s

Manual normalization yielded 2 additional genes, Dimt1l and Gusb, to the original list of 3 software-generated endogenous control
candidates. Statistics: Student t-test was used for evaluating the manually normalized data.

Endogenous control gene selection and normalization

As mentioned earlier, selecting the right endogenous control
genes for data normalization can be difficult due to gene ex-
pression changing with treatments or to tissue-specific dif-
ferential gene expression patterns [4,9,10]. For this purpose,
based on several important publicly available studies [2-8,19],
a list of 34 widely used reference genes was built to be eval-
uated with the experimental data.

Ideally, it is preferable to select more than 1 endogenous con-
trol gene and to average their values. In this regard, it is rec-
ommended that, when possible, the endogenous control genes
be chosen so that they will exhibit different signal intensity
levels (e.g., low, medium, and high) [3]. This would account for
the differences in copy number (i.e., signal intensities) among
the target genes. Hence, the signal intensity levels of the po-
tential endogenous control gene candidates were compared
to be sure they spanned a relatively wide range. Moreover,
suitable endogenous control genes should be selected such

This work is licensed under Creative Common Attribution-
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that each is involved in a different cellular function and/or is
found in different chromosomes [5,6]. Although this may not
always be possible, it is recommended that at least 2 of these
criteria be satisfied (Table 5).

Finally, in order to overcome or minimize inter-array differenc-
es, scaling to the nth percentile is recommended (in this case,
to the 75 percentile) [1]. If using a linear scale (i.e., not log-
normalized), as in this case, the processed (background-sub-
tracted) signal intensity values are divided by the 75" percen-
tile value corresponding to the particular array. This scaling is
applied to both potentially suitable endogenous control genes
and target genes.

Normalization of target genes

After finding and normalizing suitable endogenous control
genes, the next step is to use them to normalize genes of in-
terest to calculate their expression pattern though fold change
values. In this regard, the problem with software-generated
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Table 5. Gene expression levels by signal intensity value.

Manually

Probe name Gene symbol Fold change p-value e ) it Chromosome
A_64_P232432 Gapdh -2.42 3.35x10™* 14.85 chra
 AeaPos2510  Gapdh 246 9agx10 448 chra
. AcapoaTre Mapre2 et 134107 na g
. Acarpossisz Ppia “es 64210 653 s
 Adapaesal  ywha 23 488105 629 7
. A4sp3976 Pob s 573104 o1 s
 Ae4PossTIE Hspo0abl e 21«10 607 o
o Ad4pa1363 Hmbs -9 7200 a8 s
Agzpis? Hptl 208 915.10° a0 i
. A42Psie0n0 st 2 9.28x10 265 s
AP0 HepoOabl s sa210% 258 o
 Ae4posos7s s -4 41610+ 222 o
 Aazps030 Dect ST 277100 126 s

Selected endogenous control candidate genes shown in bold font. Signal Intensity: 10-15 = high  ; 1-9.99 = med | ; 0-0.99 = low [l
Arbitrary signal intensity-based separation of mean background-subtracted signals normalized by their corresponding microarray’s
75th-percentile value. Note that the genes selected (in bold) show fold changes between 1.2 and -1.2, with p-values greater than

0.05, indicating that changes in expression were not statistically significant. Also note that although gene Decrl exhibits a fold change
below 1.2, its p-value is lower than 0.05 and therefore this gene was not selected. Statistics: Student t-test was used for evaluating
the manually normalized data.

Table 6. Gene probe sequences.

Probe name Gene symbol Sequence
A_44_P524471 Dimt1 CAGAAGATTTCAGTATAGCCGATAAAATACAGCAGATCCTAACCAACACAGGTTTTAGTG
 A64PO73003  Gusb AGAGGTTACGGTTCAGTGCCGAGGACCCAGTGTATGGGAAGCAGACCGTTCACATTCTAA
 A64PO4STIE HspoOabl TCTCATGAAGGAGACACAGAAGTCCATCTACTATATCACTGGTGAGAGCAAAGAGCAGGT
 A42pr67897 Pumt AAGTACACCTATGGCAAGCACATCCTGGCCAAGCTTGAGAAGTACTACATGAAGAATGGT
 A42P8le0l0  ssfa CTTGTGAATAGCACAGTCAAGAGAAATGGATACCTGCATAGCCCATAGGAAGTAACACTG

This table shows the gene probe sequences for Rattus norvegicus, corresponding to Agilent’s microarray technology.

microarray gene signal intensities becomes more evident at significant (e.g., >0.05) and hence, relevant genes may be fil-
the time of their fold change determination. This challenge is tered out. However, with the normalization method described
not only observed with the calculated fold changes, but also above, along with the utilization of reliable endogenous con-
with the corresponding p-values, which may not be statistically ~trol genes, this can be corrected.
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One important step taken before the analysis of gene expres-
sion is to restrict the search to a specific gene list or lists per-
taining to a more focused field of interest (e.g., a particular
disease-related list of genes). This helps in the manageabili-
ty of the data set by restricting it to a much lower number of
genes. The next step will be to filter the data according to the
filtering parameters depicted in the previous section. That is,
filtering by flags, leaving out those having compromised sig-
nals, and then filtering by expression, leaving out genes whose
processed (background-subtracted) raw signal values are less
than twice the background (S/N <2). Again, this is achieved by
setting the processed signal’s lower limit to the equivalent of
the technology’s mean background signal value. Once this se-
lected group of genes is filtered, the next step is to manually
scale the gene’s processed raw signals to the 75" percentile,
as described above. The resulting target gene values are then
normalized by simple division using the combined value (i.e.,
mean) of the endogenous control or reference genes selected
earlier, as follows: target gene value/endogenous control mean
value, for each target gene. In this way, the values obtained can
be used to compare control and treatment groups through fold
change calculations (e.g., treated vs. control group) and the cal-
culated p-values used to evaluate their statistical significance.

Conclusions

The ZDF rat is a proven model for the study of different comor-
bidities associated with type 2 diabetes. The results obtained
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in the present study demonstrate how use of a simple combi-
nation of software-generated and manual normalization meth-
ods can correct for potentially false results and aid in the selec-
tion of suitable endogenous control genes to be used in further
gene expression determinations; in the present case, in the study
of ZDF rat whole-blood samples. The expression of these genes
showed no statistically significant differences between homozy-
gous ZDF rats exhibiting clinically-relevant type 2 symptomatol-
ogy and the heterozygous healthy lean controls, a characteristic
which rendered them suitable. Importantly, the endogenous con-
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