
and detection (SOLiD) technology is unique in that it employs a 
two-base encoding system where each color encodes two nucleo-
tides and each nucleotide is detected twice in a sequencing run. As 
a result, rather than the conventional “nucleotide space,” raw data 
from SOLiD sequencing are recorded in “color space.” Recent ver-
sions of the technology are capable of providing 300–500 million 
50 bp short reads in a single run. In addition to genome sequenc-
ing or re-sequencing (Lupski et al., 2010), the SOLiD technology 
has been used in transcriptomic (Bradford et al., 2010), or epige-
netic (Johannes et al., 2010) studies. Several recent reviews have 
summarized the advantages of RNA-seq over other gene expres-
sion profiling methods (Wang et al., 2009; Wilhelm and Landry, 
2009; Costa et al., 2010; Ozsolak and Milos, 2011). Among them, 
low background noise, capable of detecting novel transcripts and 
alternative splicing forms, exonal and nucleotide resolution, high 
dynamic range in detection, high precision, and high reproduc-
ibility all have been noted.

 IntroductIon
Many methods have been developed to measure gene expression 
levels in the central nervous system. Some of these methods, such as 
real-time polymerase chain reaction (RT-PCR), although accurate, is 
relatively low in throughput. High-throughput methods, such as DNA 
microarrays, are capable of measuring tens of thousands of genes in 
one sample. However, data from microarrays usually require confir-
mation by a second method (e.g., RT-PCR) because gene expression 
levels are derived from nucleotide hybridization, which is prone to 
false signal (Okoniewski and Miller, 2006). Another inherent limita-
tion of microarrays is that newly discovered genes or their variants 
are often not present on the platform, limiting the scope of research.

Recently, ultra-high-throughput DNA sequencing techniques 
have become viable alternatives to microarrays in measuring 
genome-wide transcript expression levels. Several competing plat-
forms are commercially available through Illumina, Roche, and 
Applied Biosystems (AB). These techniques have been collectively 
called RNA-seq. The AB sequencing by oligonucleotide ligation 
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The cellular heterogeneity of brain poses a particularly thorny issue 
in the measurement of gene expression. Not only are neurons inter-
mixed with glial cells, but each is composed of diverse phenotypes. 
Neurons can be classified based on many criteria, such as the neuro-
transmitter they produce, their morphology, or their projection region. 
Glial cells are much smaller, but much more abundant than neurons in 
most regions of the brain. Thus, the level of a particular gene transcript 
expressed in brain tissue is determined by its expression level in each 
of the cell types present in the tissue. Laser capture microdissection 
(LCM) is a technology that enables the precise extraction of a small 
area (e.g., 10–30 μm in diameter) of tissue mounted on a microscope 
slide. When combined with various visualization methods, such as 
fluorescent immunohistochemistry, or neuronal track tracing, it ena-
bles the collection of phenotype-specific neurons from brain tissue.

We report herein a comparison of microarray and RNA-seq, 
using the same set of samples (i.e., nucleus accumbens shell neu-
rons projecting specifically to ventral pallidum) enriched by LCM 
for neuronal phenotype and projection region. We found that the 
correlation of gene expression levels from these two platforms were 
highly significant. RNA-seq data showed a higher correlation with 
RT-PCR data when evaluated using 34 genes, with a wide range 
of expression levels.

MaterIals and Methods
anIMals and surgerIes
Lewis rats were bred in the lab using breeders purchased from 
Harlan Laboratories (Indianapolis, IN, USA). Adolescent male 
Lewis rats (postnatal day 35) were anesthetized with ketamine/
xylazine (90 and 10 mg/kg, respectively, i.p.) and then placed in a 
stereotaxic frame. Fluorogold (2% in sterile saline, Fluorochrome, 
Englewood, CO, USA) was deposited into ventral pallidum (AP: 
−0.22, ML: ±2.2, DV: −8.0) bilaterally by ionotophoretic injec-
tion using a Midgard high voltage current source (Stoelting Co., 
Wood Dale, IL, USA). The current was set at +5 μA (7 s on, 7 s off, 
for 5 min). Micropipettes were left in place for 15 min before the 
scalp incision was sutured. Five days later, rats were killed, brains 
removed, immediately frozen, and stored at −70°C. All procedures 
were conducted in accordance with the NIH Guidelines Concerning 
the Care and Use of Laboratory Animals and were approved by the 
Animal Care and Use Committee of the University of Tennessee.

laser capture MIcrodIssectIon
Brains were sectioned in a Leica cryostat at 10μm, and sections 
were mounted onto uncharged glass slides. Slides were dehydrated 
by immersion in: 100% methanol (3 min), 95% ethanol (2 min), 
100% ethanol (1 min, twice) and finally xylene (5 min, twice), 
and then air dried (15 min). Arcturus XT (Life Technologies) was 
used to capture Fluorogold-labeled neurons. The infrared laser 
was adjusted to produce spots approximately 15 μm in diameter, 
which allowed consistent capture of neurons onto CapSure LCM 
caps (Life Technologies). Approximately 1,500 labeled neurons were 
captured from each animal.

rna extractIon and aMplIfIcatIon
RNA trapped in the CapSure LCM caps was extracted using the 
PicoPure RNA isolation kit (Life technologies); RNA was eluted 
with 13 μl nuclease-free water. RNA quality was analyzed using 

Bioanalyzer (model 2100, Agilent, Foster City, CA, USA). The mean 
concentration of the four samples was 496 pg/μl. From each sample, 
two aliquots (∼500 pg total) of RNA were taken for Affymetrix 
microarray and ABI SOLiD sequencing, respectively.

affyMetrIx MIcroarray
Total RNA were amplified by Nugen Ovation Pico WTA system, 
followed by cDNA synthesis using the WT Ovation Exon mod-
ule. Ovation Biotin kits were then used to fragment and label the 
cDNA (Ovation reagents: NuGen Inc., San Carlos, CA, USA). 
The labeled cDNA was then hybridized to the Rat Gene ST 1.0 
array (Affymetrix), according to the manufacturer’s protocols for 
Whole Transcriptome arrays. Microarrays were then processed on 
a Fluidics Station 450 and scanned by the Affymetrix GeneChip 
3000 7G Scanner.

aBI solId transcrIptoMe sequencIng
Total RNA (500 pg) extracted from laser-captured neurons was 
amplified using the Ovation RNA-seq system (NuGen). The ampli-
fied cDNAs were end repaired using the End-It™ (Epicenter) kit, 
and ligated to the P1 and P2 adaptors used for SOLiD sequencing. 
The P2 adapter contains the “bar-codes” that allow multiplexing 
of assays. The standard sequencing protocol, provided by Applied 
Biosystems, was followed, thereafter. Briefly, the bar-coded librar-
ies were pooled and size-selected before preparing emulsions of 
templated beads. The emulsion was then transferred to a 96-well 
plate and thermocycled, using the recommended conditions. The 
beads were then enriched and deposited onto a slide for sequencing, 
using manufacturer’s protocols.

real-tIMe pcr
Quantitative PCR of 34 genes was performed on the Biomark PCR 
system with 48.48 Dynamic Array (Fluidigm Corp.) to provide 
an independent evaluation of gene expression. cDNAs, amplified 
using the Nugen Ovation Pico WTA system (for microarray) and 
Ovation RNA-seq (for transcriptome sequencing), were used. 
These cDNAs were subjected to 14 cycles of specific target ampli-
fication using TaqMan PreAmp Mastermix (Applied Biosystems), 
according to the manufacturer’s protocols. The samples were then 
diluted (1:5) in TE buffer. The sample mixtures were prepared 
by combining the samples with TaqMan Universal Master Mix 
with Rox (Roche Applied Science) and Gene Expression sample 
loading reagent (Fluidigm Corp.). The assay mixtures contained 
200 nM of each primer and 100 nM of the probe in Dynamic 
Array Assay Loading Reagent (Fluidigm Corp). All primers and 
probes for the 34 genes have been tested, demonstrating linear 
amplification. The sample and assay mixtures were loaded into 
appropriate inlets before the Dynamic Array was placed on the 
NanoFlex™ 4-IFC Controller to distribute the sample and assay 
mixture. The loaded Dynamic Array was then inserted into the 
BioMark™ RT-PCR System. The cycling program consisted of 
10 min at 95°C followed by 40 cycles of 95°C for 15 s and then 
60°C for 1 min. Data were analyzed using Fluidigm RT-PCR 
Analysis software to obtain Ct values. To permit comparison 
of CT values with microarray and RNA-seq data at log

2
 scale, 

an arbitrary unit was designed by  taking the negative of the 
normalized CT values.
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rna-seq
To compare transcriptome expression levels determined by RNA-
seq vs microarray, an aliquot of the same sample was used in each 
study. Total RNA from each of four samples was first amplified and 
then bar-coded sequencing libraries were prepared for the SOLiD 
platform. A total of 375 million 50-bp reads was obtained from the 
four samples. The number of reads for each rat sample (i.e., Total 
Tags) is shown in Table 1.

Four accumbens shell GABAergic projection neuron RNA sam-
ples were “bar-coded” and sequenced in one SOLiD run. The 50-bp 
tags were aligned to rat reference genome (Baylor 3.4/rn4, Nov. 
2004) using the SHRiMP program in color space mode. The reads 
aligned to known splicing sites were obtained from the TopHat 
program. The combined genomic and splice site alignments were 
shown for each rat.

The SHRiMP program was used to map these 50-bp reads 
to the rat reference genome (Baylor 3.4/rn4, Nov. 2004). For 
each rat, the number of mapped reads is shown in Table 1. We 
attempted to determine why approximately 40% of reads were 
not mapped. We first ruled out the possibility that these reads 
were inadvertent inclusions of sequences from other species that 
might present in the lab during the amplification procedure. 
Because the percentage of mapped reads was similar in the four 
samples, only data from rat 1 were used for analysis. We found 
only 1.5 and 3.1% of the unmapped reads align with human and 
mouse reference genomes, respectively. Thus, contamination is 
unlikely the cause of large number of unmapped reads. We then 
compared the quality scores of the mapped vs the unmapped 

data analysIs
Microarray data were analyzed using the xps package of the 
Bioconductor data analysis software (Gentleman et al., 2004). 
Background signals estimated by the antigenomic probes were 
subtracted from each probe set. Data were normalized using RMA 
method. Only probe sets that were classified as “present” by the 
dagb.call function were analyzed further.

RNA-seq data were alignment to the rat reference genome 
(Baylor 3.4/rn4, Nov. 2004) using SHRiMP2 (Ver. 2.1.1b; Rumble 
et al., 2009). Sequences were aligned in color space with default 
parameters on a Dell T7500 work station with two X5680 Intel 
Xeon processors (6 cores each) and 48 GB of RAM. SHRiMP2 was 
used because of its high sensitivity, accuracy and reasonable speed 
(David et al., 2011). However, SHRiMP2 is not capable of mapping 
reads that are located on the exon–exon junctions. TopHat (Ver. 
1.2.0) was used to align the reads to both the reference genome and 
to all known splice junction sites (based on RefSeq annotation file 
in GTF format downloaded from UCSC genome browser on April 
06 2011). Reads aligned to the splices sites were then selected based 
on the CIGAR code (N) in the resulting SAM file (Li et al., 2009). 
The genomic alignments from SHRiMP2 and splice site alignments 
for each sample were then combined. The Cufflinks program (Ver. 
0.9.3; Trapnell et al., 2010; Roberts et al., 2011) was then used to 
estimate gene expression levels in reads per kilobase per million 
(RPKM). For exon level analysis, the SAM files and the GTF files 
were first converted to the BED format using a custom Perl script. 
The annotateBed command in the BEDTools suite (Quinlan and 
Hall, 2010) was then used to obtain the number of reads for each 
exon.

results
MIcroarray
Approximately 1,400 GABAergic neurons, located in nucleus 
accumbens shell and projecting to ventral pallidum, were captured 
from each rat. RNA was extracted and its quality was examined with 
an Agilent 2100 Bioanalyzer. The RNA integrity numbers (RIN) 
were 8.9, 8.2, 8.1, and 7, respectively, for the four samples, indicat-
ing minimal RNA degradation.

Half of each sample was amplified and then hybridized to 
Affymetrix GeneChip ST 1.0 microarrays. The data were normal-
ized using the RMA method, and fluorescence intensities were con-
verted to log

2
 scale. A total of 722,000 probes, representing 27,000 

different genes, were present on the array. The dabg.call function 
of the xps package determined 2,182 genes were not detected. The 
remaining 25,181 genes were used for subsequent analysis. The 
median intensity was 6.76, 6.79, 6.80, and 6.79 on log

2
 scale for 

the four samples, respectively. The distribution of the RMA signal 
intensities is shown in Figure 1.

Pair-wise Pearson correlation coefficients, comparing the fluo-
rescence intensities of all genes between pairs of samples, are greater 
than 0.95. Scatter plots comparing the arithmetic mean fluores-
cence intensity of each gene in the four samples to the values in 
each sample are shown in Figure 2. Pearson correlation coefficients 
are >0.98. These high correlation coefficients suggest that the tech-
niques used, including retrograde neuronal track tracing, LCM, 
whole transcriptome amplification, and microarray detection are 
highly precise.

Microarray

Mean Fluorescence Intensity, log2

N
um

be
r 

of
 G

en
es

0 2 4 6 8 10 14

0
50

0
10

00
15

00
20

00

FiGuRe 1 | Microarray gene expression profiles of GABAergic neurons 
projecting from nucleus accumbens shell to ventral pallidum. These 
projection neurons were labeled retrogradely by Fluorogold and were obtained 
by laser capture microdissection. RNA were extracted and amplified before 
hybridization to Affymetrix rat ST 1.0 microarrays. Background noise, estimated 
using the antigenomic controls, were subtracted and signals were normalized 
using the Bioconductor xps package. The distribution of mean microarray signal 
intensities for all gene transcripts detected in four rat samples from nucleus 
accumbens of inbred Lewis rats were plotted. The median fluorescence signal 
intensity was 6.78. Thus, LCM samples provided sufficient RNA for 
amplification and reliable detection of the transcriptome.
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every base position (mean difference: 4.74 ± 0.42). Therefore, 
it is likely low read quality is the reason a large fraction of the 
reads were not mapped.

The Cufflinks software was then used to assign the mapped 
reads to genes. The RefSeq annotation file, downloaded from 
UCSC genome browser (http://genome.ucsc.edu), was used as the 
reference annotation to estimate gene expression levels. Cufflinks 
provided estimates of gene expression abundance and normal-
ized the raw data to RPKM. A total of 12,136, 11,901, 12,170, and 
11,648 unique genes are detected in the four samples, respectively. 
The median RPKM for the four samples are 4.71, 3.52, 3.67, and 
3.74, respectively. The histogram of mean RPKM (log

2
) values 

for all genes in the four samples is shown in Figure 4A. We also 
counted the number of reads for each known exon using the 
BEDTools software. A total of 110,419, 106,789, 110,590, and 
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FiGuRe 2 | Correlation of each microarray sample with the mean of all samples. The correlation coefficients between the gene expression levels in each rat and 
the mean expression levels of the four rats are reported in the respective graphs. The high correlations demonstrated the reliability of detection of microarays.

Table 1 | Genome mapping.

 Total tags Mapped tags Percentage 

   mapped

Rat 1 78,112,626 43,755,322 56.0

Rat 2 101,636,549 57,107,267 56.2

Rat 3 113,033,712 65,109,480 57.6

Rat 4 82,242,499 47,940,274 58.3

Total 375,025,386 213,912,343 57.0

reads (Figure 3). There was a gradual decrease in the mean qual-
ity score from base 1 to base 50 in both the mapped and the 
unmapped reads. Additionally, the mapped reads consistently 
had higher mean quality scores than the unmapped reads at 
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98,405 unique exons were detected for the four samples, respec-
tively. The distribution of the mean reads for the exons were 
plotted in Figure 4B.

Reads per kilobase per million is highly correlated between the 
four biological replicates with the minimal Person coefficient of 
0.974. The Pearson correlation coefficients, comparing each of the 
four samples to the mean of the four samples, are 0.991, 0.995, 
0.996, and 0.997, respectively, as shown in Figure 5.

Ribosomal RNAs (rRNA) constitute a large fraction of total 
RNA and are usually removed by dedicated steps in the RNA-seq 
laboratory protocol. However, the amounts of RNA obtained from 
LCM samples comprised of individual cells were, as expected, in 
the picogram range. With these highly limited quantities, there is 
no suitable method to specifically remove rRNA without sacrific-
ing a large fraction of the mRNA. However, the RNA amplifica-
tion method we used incorporates the RiboSPIA method, which 
preferentially amplifies mRNA. We found that reads from rRNA 
constitute less than 2% of the total reads in our samples. Therefore, 
the amplification approach we used selectively reduces the amount 
of rRNA in the amplified product.

coMparIson of MIcroarray wIth rna-seq
Both microarray and RNA-seq data were available for 10,413, 
10,204, 10,442, and 9,983 genes from the four rats, respectively. 
The scatter plots (Figure 5), directly comparing these two tech-
nologies, show a strong correlation in the reported gene expres-
sion levels. However, the relationship does not appear to be linear 
and is dependent on gene expression levels. We thus split the data 
using the mean RPKM for each sample. Correlation analysis shows 
that genes expressed at higher levels are better correlated across 
both platforms than those expressed at lower abundance, although 
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FiGuRe 3 | The quality of sequencing reads affects mapping. A total of 78 
million 50-bp reads were obtained for rat 1. Among them, 35.8 million reads 
were mapped to the genome or known splicing sites. The mean quality scores 
of the mapped vs the unmapped reads were plotted. In general, the quality 
scores declined over the sequencing runs (i.e., from base 1 to 50). On 
average, the unmapped reads had quality scores 4.74 ± 0.42 lower than those 
that were mapped. Thus, lower quality of the read data is likely one of the 
reasons many reads are not mappable.
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FiGuRe 4 | RNA-seq gene expression profiles of GABAergic neurons 
projecting from nucleus accumbens shell to ventral pallidum. The same 
RNA samples used in the microarray study were amplified before “bar-coded” 
cDNA libraries were prepared for SOLiD sequencing. All four samples were then 
pooled and sequenced in the same run. The 50-bp sequencing reads were 

mapped to the rat reference genome and known splicing sites using the 
SHRiMP and TopHat programs, respectively. Gene expression levels (normalized 
to RPKM) were obtained using the Cufflinks program. A total of 11,000 unique 
RefSeq genes and 100,000 unique exons were detected. The distribution of 
mean RPKM for these genes (A) and exons (B) was plotted.
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We thus divided each data set by their median. The distribution 
of CV for high abundance genes was almost identical between 
microarray and RNA-seq (Figure 7C). For low abundance genes, 
there were more genes with high CV (>0.2) in the RNA-seq than 
microarray data set (Figure 7D).

Because the samples were obtained from LCM neurons, it 
was expected that marker genes for GABAergic neurons will be 
enriched. Table 2 listed some markers of astrocytes, microglia, 
GABAergic, and glutamatergic neurons. As recently demonstrated 
(Okaty et al., 2011), laser-captured samples indeed was contami-
nated with other types of cells. It is worth noting, however, that 
the ratio of GABAergic markers to other cellular markers was 
much larger in the RNA-seq data set. For example, the linear ratio 
of Gad1 and Gad2 to Vglut1 and Vglut2 are approximately 56 in 
the RNA-seq data but was about 9 in the microarray data. The 

both are highly significant (p < 2.2E-16). The Pearson correlation 
coefficients for the four rats ranged from 0.698 to 0.764, as shown 
in Figure 6.

The variance in the data obtained from either microarray or 
RNA-seq was compared after scaling the two data sets so that 
they have the same median to allow the coefficient of variation 
(CV) be compared. In Figures 7A,B, we plotted these CVs for 
each gene against their mean expression values. To better display 
the relationships, the mean expression values (i.e., fluorescence 
intensity and RPKM) were shown in log

2
 scale. In both microar-

ray and RNA-seq platforms, there was less variation between the 
biological replicates when genes are expressed at higher levels. 
This variation increased progressively with decreasing levels of 
gene expression in RNA-seq. However, compared to RNA-seq, 
the CVs for microarray data were less for low intensity genes. 
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FiGuRe 5 | Correlation of each RNA-seq sample with the mean of all samples. The correlation coefficients between the gene expression levels from each rat 
and the mean expression levels of the four rats are reported in their respective graphs. The high correlation demonstrated the reliability of detection of RNA-seq.
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detected from these subsets. Although fewer genes are detected as 
the number of reads decreases, the decline is relatively gradual until 
approximately 11.3 million reads where it appeared to steepen. 
For example, at 26 and 19.5 million reads (i.e., 1/3 and 1/4 of 
the total reads available in rat 1), 90.4 and 87% of the total genes 
are identified, respectively. In Figure 8B, the ordinate shows the 
correlation coefficients for the RPKM values obtained from each 
of these subsets of rat 1 reads compared to the complete set of 
reads, while the abscissa shows different gene expression levels. 
The correlation remained steadily at ∼0.9 when RPKM is above 
∼23, despite gradual decreasing the number of reads to 9.8 million. 
Because one of the advantages of RNA-seq is the availability of 
expression data at the exon level, we plotted the effect of read depth 
and number of unique exons detected in Figure 8C. Fewer exons 

low level expression of Vglut1 and Vglut2 are likely from dopa-
minergic neurons (El Mestikawy et al., 2011). The relatively high 
levels of Vglut detected on microarray potentially could be due 
to cross hybridization from other mRNAs. Similarly, the ratio of 
GABAergic to oligodendritic markers was approximately 4 in the 
RNA-seq data and was only 2 in the microarray data. These results 
suggest RNA-seq is a more sensitive method in detecting differ-
ences in gene expression levels.

We obtained approximately 80–110 million 50-bp reads from 
each of the samples. To estimate if fewer reads could still provide 
reliable estimates of gene expression levels, we randomly sam-
pled different numbers of reads from rat 1 and compared the 
gene expression levels of these samples with the full data set. As 
shown in Figure 8A, we first counted the number of unique genes 
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FiGuRe 6 | Comparison of microarray with RNA-seq data. The gene 
expression levels obtained from microarray and RNA-seq for each rat were 
matched based on RefSeq IDs. Over 11,000 genes were detected by both 
techniques. The correlation coefficients were provided in the respective graphs. In 
general, genes expressed at higher abundance tend to be better correlated than 

those expressed at lower abundance levels. More importantly, the dynamic range 
of RNA-seq is much higher than that of microarray (from −4 to 10 vs from 5 to 15 
on log2 scale for RNA-seq and microarray, respectively, representing ∼2–3 orders 
of magnitude in difference). This enhanced dynamic range is likely to provide better 
accuracy in detecting the differences between samples or treatments.
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FiGuRe 7 | Comparison of the variances between microarray and RNA-seq. 
(A) The coefficient of variation for each gene was plotted against its signal 
intensity obtained from microarray. (B) The coefficient of variation for each gene 
was plotted against its signal intensity obtained from RNA-seq. (C) The 
distribution of the CVs for low abundance genes showed microarray has less 

genes with high CVs (e.g., greater than 0.2) than RNA-seq. (D) The distribution 
of the CVs for high abundance genes were similar between microarray and 
RNA-seq. These data suggest that the samples size of RNA-seq experiments 
need to be the same or larger (for low abundance genes) than those of 
microarray experiments.

Table 2 | expression of cellular marker genes.

RefSeq Symbol Microarray (RMA, log2) RNA-seq (RPKM, log2) Gene name

NM_017009 Gfap 8.39 ± 0.80 6.25 ± 0.64 Glial fibrillary acidic protein

NM_031140 Vim 8.50 ± 0.66 4.96 ± 0.70 Vimentin

NM_017007 Gad1 8.41 ± 0.12 7.59 ± 0.15 Glutamate decarboxylase 1

NM_012563 Gad2 10.64 ± 0.14 7.99 ± 0.12 Glutamate decarboxylase 2

NM_053859 Vglut1 7.34 ± 0.34 2.53 ± 1.04 Solute carrier family 17, member 7

NM_053427 Vglut2 5.35 ± 0.05 1.40 ± 0.77 Solute carrier family 17, member 6

NM_019291 Car2 8.34 ± 0.23 5.65 ± 0.30 Carbonic anhydrase II

NM_022668 Mog 8.98 ± 0.44 5.80 ± 0.41 Myelin oligodendrocyte glycoprotein
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amplified RNA that was used in the microarray and RNA-seq 
experiments. All primers were tested and showed amplification 
efficiencies close to 2. All the threshold cycle (CT) values were 
normalized for different input amount by subtracting the geo-
metric mean of three reference genes (i.e., HPRT, SDNA, and 
PGK1). As shown in Figure 9, the correlation between PCR and 
RNA-seq is −0.66, while the correlation between PCR and micro-
array is −0.47 (The negative correlation is due to the use of cycle 
number for PCR data).

dIscussIon
This research describes a process for selective transcriptome profil-
ing of a highly heterogenous organ, the brain. Retrograde neuronal 
track tracing was applied to a brain region almost entirely com-
posed of GABAergic neurons in order to identify a subset within 

were detected as the number of reads decrease. The decline was at 
the same rate as genes: 90.4 and 87% at 1/3 and 1/4 of the reads, 
respectively. Figure 8D showed the correlation of exonal reads 
from the subsets and the original data set. For exons with more 
than 25 reads, the correlation was >0.9 despite the decrease in reads. 
At 20 million reads, exons with eight reads still had correlation of 
∼0.7 with values obtained from the entire data set. These results 
suggest that approximately 15–20 million reads are sufficient to 
generate estimates of gene expression levels that are similar to 
those obtained from 70 to 80 million reads. With the availability 
of “bar-codes,” this will allow multiplexing of ∼20 samples on a 
single slide, using the SOLiD Ver. 4 hardware.

To validate the data from microarray and RNA-seq, we selected 
34 genes with different abundance levels and measured them 
using RT-PCR. PCR reactions were performed using the same 
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FiGuRe 8 | effect of sequencing depth on RNA-seq data quality. (A) We 
obtained 78 million 50-bp reads from rat 1. Different numbers of reads were 
randomly sampled from the full data set of 78 million reads. The number of 
unique RefSeq genes was calculated from the full and randomly sampled 
subsets. The total number of unique genes remained stable when greater than 
9.8 million reads were analyzed. (B) Gene expression levels calculated from 
these randomly selected subsets were highly correlated with the full data set 
when RPKM is above ∼23, despite gradual decreasing the number of reads to 
9.8 million. (C) The number of unique exons detected were calculated for the 

entire and randomly sampled subsets. The total number of exons remained 
stable when greater than 9.8 million reads were analyzed. (D) The number of 
reads for each exon obtained from the randomly sampled data sets were 
correlated to the entire data set. The correlation for exons with more than ∼25 
reads was greater than 0.9 despite the decrease in reads to 9.8 million. At 19.5 
million reads, exons with ∼8 reads still had correlation of ∼0.7 with values 
obtained from the entire data set. These results suggest that ∼15–20 million 
reads are sufficient to generate estimates of gene expression levels that are 
similar to those obtained from 70 to 80 million reads.
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alternative method to reduce the amount of rRNA. One trade-off 
is that the orientation or, the “strandedness” of the RNA was lost 
during the RiboSPIA amplification procedure, complicating, to 
some extent, the downstream analysis.

We found good overall correlations in the gene expression levels 
measured by microarray and RNA-seq in all four biological replicates. 
Pearson correlations ranged from 0.698 to 0.764, which were in line 
with other published reports (ranging from 0.509 to 0.84; Mortazavi 
et al., 2008; Wang et al., 2009). One of the known disadvantages of 
microarray technology is that probes may also hybridize to off-tar-
get transcripts, affecting the measurement of transcript abundance 
(Okoniewski and Miller, 2006). Although RNA-seq can also be skewed 
by reads that align to incorrect loci due to sequencing errors, a recent 
study found that only 3–6 exons on the Y chromosome falsely aligned 
with more than one read in a female sample, suggesting the error rate is 
extremely low (Bradford et al., 2010). The present study also found that 
the dynamic range of signal intensity is ∼2–3 orders of magnitude larger 
in RNA-seq than in microarray (Figure 6). Lastly, we used RT-PCR 
to evaluate the abundance of 34 genes from each of the four samples. 
Compared to the RT-PCR data, RNA-seq shows a higher correlation 
than microarray (−0.66 vs −0.47; Figure 8). Together, these findings 
suggest RNA-seq is capable of providing gene expression estimates 
that are comparable to microarray-based genome-wide gene expres-
sion data from picogram quantities of total RNA; the quality of data 
is similar to or better than microarray. The moderate correlation co-
efficiency compared to those reported in other studies (Nagalakshmi 
et al., 2008; Mane et al., 2009) could be due to the noise introduced 
in the amplification steps that are necessary for picograms of starting 
RNA or the relative small number of genes studied.

Several studies have found that RNA-seq is highly accurate and 
has low technical variance (Mane et al., 2009). Therefore, we com-
pared the biological variance obtained from microarray and RNA-
seq, using four samples from inbred strains of rat (Figures 7A,B). It 
appears that high abundance genes have similar CV values between 

NAcc that specifically innervate the ventral pallidium. A relatively 
small number of these labeled neurons were excised by laser-capture 
microdissection, and high quality RNA was extracted and ampli-
fied prior to transcriptome-wide measurements of mRNA levels 
by microarray and RNA-seq. Using this approach, we obtained 
reliable genome-wide gene expression data from approximately 
700 labeled neurons. When compared to data obtained by RT-PCR, 
the gold-standard for measuring gene expression levels, RNA-seq 
showed a higher correlation than microarray. Lastly, our analysis 
showed that the total number of unique gene transcripts detected 
by RNA-seq is not significantly degraded by reducing the total 
number of reads from ∼80 million to ∼20 million. This allows for 
concurrent measurement of 20–30 samples on a single slide, using 
the current SOLiD technology (Ver. 4).

We used LCM to obtain GABAergic projection neurons labeled 
by a retrograde track tracer. Although the neurons were clearly 
defined when they were captured, our data showed contaminations 
form glial cells. This is in agreement with the lack of cellular speci-
ficity reported recently by others (Okaty et al., 2011). The difference 
of GABAergic vs glial marker in general is two-fold or larger in the 
RNA-seq than in the microarray data set. This suggests RNA-seq is 
a more sensitivity method in measuring gene expressing. The low 
background in detection and high dynamic range (see below) make 
RNA-seq a better method for detecting difference between samples.

One of the major challenges of applying RNA-seq to small 
RNA samples, such as those obtained by LCM, is to enrich the 
mRNA used in the sequencing library. Current methods for mRNA 
enrichment, which directly select mRNA or remove rRNA, require 
microgram quantities of total RNA. We used linear amplification 
to generate sufficient amounts of cDNA to construct libraries for 
sequencing. This amplification process preferentially amplifies 
mRNA, thereby reducing the amount of rRNA present in the final 
amplified sample. We found that less than 2% of the mapped reads 
are rRNA. This suggests that linear amplification can be used as an 
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FiGuRe 9 | Validation of gene expression data using real-time PCR. A total 
of 34 genes were selected across a wide dynamic range. Real-time PCR was 
performed using the amplified cDNA from each of the microarray and RNA-seq 
samples. The correlations of the expression levels of these genes measured 

using real-time PCR and the respective microarray or RNA-seq measures were 
highly significant (p < 8.1E-08 and p < 4.4E-16, respectively). However, the 
overall correlation is higher for RNA-seq than microarray, suggesting data from 
RNA-seq is likely to be more accurate than those obtained from microarray.
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High-throughput sequencing is emerging as an attractive plat-
form for whole transcriptome analysis. One of the main advantages 
of a sequencing-based method is that it does not rely on a prede-
termined set of probes designed against known target sequences, 
thereby allowing novel transcripts to be studied. Further, the digi-
tal nature of the sequencing process makes it more accurate than 
hybridization based methods. In summary, this study showed that 
RNA-seq can provide genome-wide transcriptome expression data 
using picograms of total RNA obtained from LCM. Furthermore, 
20–30 million 50-bp reads are sufficient to provide estimates of 
gene expression levels that are comparable to those produced by 
Affymetrix microarrays.
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the two platforms, while low abundance gens have higher varia-
tion from RNA-seq. This observation is in agreement with a recent 
estimate that the reproducibility of RNA-seq data is comparable to 
microarrays for genes that have been detected by at least 100 reads 
(Mane et al., 2009) and is confirmed when all the genes were divided 
at the median expressing levels into high and low abundance catego-
ries. The distribution of CVs (Figures 7C,D) showed RNA-seq has 
larger variation for the low abundance genes. This is likely due to the 
combination of two factors: (1) RNA-seq has reduced accuracy for 
low abundance genes; and (2) The microarray data contains some 
degree of background signal that is stable and might be higher than 
the gene-specific signals obtained from low abundance genes. The 
presence of this background signal can be inferred from the fact that 
the lowest value in gene expression is not zero, rather, it is somewhere 
around 3–4 on log

2
 scale. Therefore, the seemingly smaller CVs for 

low abundance genes on microarray is potentially due to the relatively 
low contribution of gene-specific signal to the total signal.
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