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Abstract

Deep sequencing was used to investigate the subchronic effects of 1 ppm aflatoxin B1 (AFB1), a potent hepatocarcinogen,
on the male rat liver transcriptome prior to onset of histopathological lesions or tumors. We hypothesized RNA-Seq would
reveal more differentially expressed genes (DEG) than microarray analysis, including low copy and novel transcripts related
to AFB1's carcinogenic activity compared to feed controls (CTRL). Paired-end reads were mapped to the rat genome (Rn4)
with TopHat and further analyzed by DESeq and Cufflinks-Cuffdiff pipelines to identify differentially expressed transcripts,
new exons and unannotated transcripts. PCA and cluster analysis of DEGs showed clear separation between AFB1 and CTRL
treatments and concordance among group replicates. qPCR of eight high and medium DEGs and three low DEGs showed
good comparability among RNA-Seq and microarray transcripts. DESeq analysis identified 1,026 differentially expressed
transcripts at greater than two-fold change (p<<0.005) compared to 626 transcripts by microarray due to base pair resolution
of transcripts by RNA-Seq, probe placement within transcripts or an absence of probes to detect novel transcripts, splice
variants and exons. Pathway analysis among DEGs revealed signaling of Ahr, Nrf2, GSH, xenobiotic, cell cycle, extracellular
matrix, and cell differentiation networks consistent with pathways leading to AFB1 carcinogenesis, including almost 200
upregulated transcripts controlled by E2f1-related pathways related to kinetochore structure, mitotic spindle assembly and
tissue remodeling. We report 49 novel, differentially-expressed transcripts including confirmation by PCR-cloning of two
unique, unannotated, hepatic AFB1-responsive transcripts (HAfT's) on chromosomes 1.955 and 15.q11, overexpressed by 10
to 25-fold. Several potentially novel exons were found and exon refinements were made including AFB1 exon-specific
induction of homologous family members, Ugt1a6 and Ugtla7c. We find the rat transcriptome contains many previously
unidentified, AFB1-responsive exons and transcripts supporting RNA-Seq’s capabilities to provide new insights into AFB1-
mediated gene expression leading to hepatocellular carcinoma.
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Introduction

Deep sequencing technologies provide unprecedented coverage
of the transcriptome at nucleotide resolution and a wide dynamic
range compared to hybridization microarrays based upon
predefined probes [1,2]. RNA-Seq offers the potential for de novo
definition of intron-exon boundaries, 5’- and 3’-untranslated
regions, splice variants, single nucleotide polymorphisms (SNPs),
and potentially new transcripts at a highly accurate level of
quantitation, all of which are crucial for the analysis of differential
gene expression [3,4,5]. The laboratory rat is an important
experimental animal model for the study of chemically-induced
diseases but RNA-Seq studies of rat tissues [6,7,8,9,10,11] are still
rather limited in part because its complete genomic sequence and
annotation are still being refined [12,13]. Published rat transcript
profiling studies have focused on effects in the ageing cerebral
cortex [10], neurons in the nucleus accumbens [6], the hippo-
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campus of alcohol-addicted rats [7], functional compartments in
the rat placentation site [9], the ventricular myocardium from
SHR rats, [8] and kidneys from aristolochic acid exposed animals
[14]. Recent studies suggest that RNA-Seq is comparable to and
provides a greater level of transcriptional detail than genome-wide
microarrays, particularly for detecting low copy transcripts and
that it provides for an overall higher dynamic range of signal
intensity at 2 to 3 orders of magnitude greater than microarrays
[14,15].

Global gene expression studies using RNA-Seq can provide
insights into regulatory genes and critical pathways that might lead
to hepatocellular carcinoma [16,17,18]. For example, RNA-Seq of
ten matched pairs of hepatocellular carcinoma and adjacent, non-
cancerous tissues showed more than 1,000 differentially expressed
genes and about 25,000 differentially expressed exons, including
novel splice variants and a highly up-regulated exon-exon junction
in the ATAD?2 gene in HCC tissues [17]. In another study, CD90"
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stem cells from human HCC and parallel non-tumorous liver
tissue were cell sorted for deep sequencing of the transcriptome,
revealing elevated glypican-3 among the 500 gene changes specific
to liver stem cells [16]. Another genome-wide transcriptome
survey in HCC patients identified recurrent hepatitis B virus
(HBV) integration into sequences of induced, cancer-related
TERT, MLL4 and CCNEI genes [18]. Animal models can be
valuable for studying underlying processes leading to HCC such as
the aflatoxin Bl (AFBI) rodent model [19,20] at 1 ppm in feed
[21,22] that involve metabolic activation to an 8,9-epoxide
metabolite and which lead to DNA adducts, genetic damage,
cellular transformation and HCC [23,24]. Computational models
have also been used to derive gene signatures from microarray
data to distinguish genotoxic and non-genotoxic chemical agents
prior to the onset of hepatic tumors, including HCC [25] and we
recently validated one such signature for AFB1 [26].

The prospect of RNA-Seq’s increased resolution and sensitivity
compared to microarray profiling suggests that the subchronic
genotoxicity from AFBI1 exposure might reveal new properties of
the liver transcriptome not observable by conventional hybridiza-
tion-based analysis. The goals of the current study were to more
precisely define gene expression changes that might relate to
carcinogenesis produced by AFBI exposure prior to onset of
malignancy and to begin a high resolution map of the '344/N rat
liver transcriptome.

Results

Alignment of Sequencing Reads

All sequence data were at 2x75 bp length (Figure S1) with high
quality metrics (>20 Phred score) and nucleotide distributions
(Figure S2). The total number of sequenced reads ranged from 58—
74 million pairs of which nearly 65% of the reads were uniquely
aligned to the Rn4 genome assembly using the TopHat aligner
(Table 1). The percentage of genomic alignhment was similar
between the two groups (C'TRL, 64.3% *0.4; AFB1 group, 65.0%
*0.6; mean=S.E.M) suggesting there were no obvious detectable
biases in the sequence data. Alignment statistics indicated data
were of high quality and were uniform (ie., no outliers with
reference to alignment proficiency) and provided sufficient
sequencing depth to pursue differential expression testing between
two groups.

Table 1. Alignment of RNA-Seq Reads to the Rat Genome®.

RNASeq Liver Profiling of Aflatoxin B1

Transcript Assembly and Differential Expression Analysis

The Cufflinks pipeline was used to assemble transcripts and to
estimate their abundance. After assembling transcripts individually
for each sample, we employed Cuffcompare to produce a union of
transcripts from all eight samples which yielded 57,076 transcripts
(Table 2). Of all the transcripts assembled, 14,257 completely
matched RefSeq transcript annotations and over twice that
number (30,877) partially matched RefSeq annotation. Over
eleven thousand transcripts were obtained which likely included
novel transcripts. The number of RNASeq transcripts assembled
by Cufflinks that matched (overlapped) microarray probe sets were
44,469 for which 85.9% (38,186 transcripts) had RefSeq
annotation, while the remaining 14.1% (6,283 transcripts) were
classed as potentially novel (Table 3). Interestingly, 12,607 more
total transcripts were found by RNA-Seq (18.2% more than
microarray) and an additional 5,649 transcripts were classified as
novel since they did not overlap a microarray probe or RefSeq
annotation. Our findings suggest that RNA-Seq identified almost
double the number of unannotated transcripts compared to
microarray analysis.

Comparison of Cufflinks transcript level signals among the four
samples within the CTRL or AFB1 treatment groups showed
a high degree of correlation (Figure S3) with correlation

Table 2. Reference-Guided Assembly of RNA-Seq Reads into
Transcripts by Cufflinks®.

Total Transcripts Assembled 57,076
Complete Match, RefSeq 14,257
Partial Match, RefSeq 30,887
Novel Candidates 11,932

Cufflinks was employed to assemble reads into transcripts from each animal
sample and Cuffcompare was used to obtain a union of transcripts from all 8
animals as summarized in this panel. ‘Total Transcripts Assembled’ was the sum
of Complete, Partial and Novel transcripts. ‘Complete Match’ transcripts were
identical to RefSeq transcripts (intron chain matches RefSeq gene); transcripts in
the ‘Partially Match’ category include transcripts that overlap RefSeq transcripts
but do not completely match (these could include potentially novel isoforms of
an existing RefSeq transcript); and potentially ‘Novel’ transcripts are those that
did not overlap with any RefSeq transcripts at all and may therefore involve
intergenic transcripts.

doi:10.1371/journal.pone.0061768.t002

Total (uniquely) aligned

Sample Total reads reads % Aligned Both Ends mapped Singletons Spliced reads
CTRL_O 67,395,930 43,936,057 65.19 37,125,804 6,810,253 9,294,996
CTRL_1 64,538,856 41,448,207 64.22 35,167,586 6,280,621 10,012,853
CTRL_2 74,002,372 46,839,123 63.29 39,886,516 6,952,607 10,501,161
CTRL _3 71,263,544 46,051,262 64.62 39,785,288 6,265,974 9,963,622
AFB1_0 59,987,334 37,890,030 63.16 31,823,402 6,066,628 7,649,739
AFB1_1 58,988,872 38,868,457 65.89 33,733,256 5,135,201 9,106,175
AFB1_2 60,843,500 40,205,023 66.08 35,058,722 5,146,301 8,876,374
AFB1_3 66,458,154 43,107,025 64.86 37,343,234 5,763,791 9,919,540
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“Paired-end reads were aligned to Rn4 using TopHat v1.3.2 and unique, non-gapped alignments were obtained. TopHat parameters were: -g 1-r 200-best —strata,
where ‘-best’ and ‘—strata’ are bowtie parameters that were included in the TopHat source code. Each sample represents an individual RNA-Seq lane of liver mRNA from
one animal. The last three columns indicate the number of reads in which both ends were mapped; only one end was mapped but not both (singletons); and reads that
were spliced to allow for alignment, respectively.
doi:10.1371/journal.pone.0061768.t001
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Table 3. Analysis for Differentially Expressed Genes (DEGs)®.

Total
Transcripts by Analysis Assembled RefSeq Novel
Total CuffCompare 57,076 45,144 11,932
(— ‘Others’)
Cufflinks (MA probe+RNASeq) 44,469 38,186 6,283
DESeq DEG?X Fold p=0005) 1,026 945 81
Microarray (MA) DEG®X Fold 626 558 68
p<0.005)
Cuffdiff DEG®X Fold: p=0.005) 119 108 11

“Transcripts were grouped by various combinations of analysis into three
columns: Total Assembled transcripts; RefSeq - transcripts matching or partially
matching RefSeq genes; and Novel transcripts. In the first row, Total
CuffCompare transcripts included all transcripts (57,076); RefSeq transcripts
(complete or partial match) were 45,144 (14,257+30,887 =45,144); and 11,932
potentially novel transcripts. Note, that a set of 1,496 Cufflinks assembled
transcripts referred to as, ‘Others’, contained significant repeat sequences and
so this small set of transcripts was excluded (e.g. —'Others’) from Total
Assembled transcripts. In row 2, to enable comparison with available Microarray
data, we identified Cufflinks assembled transcripts that overlapped MA probes
(total 44,469 transcripts). From this group of transcripts, we determined
differential expression (DEGs) using student’s t-test in the case of MA
(microarray) data in row 4, or for RNA-Seq data we performed DESeq analysis in
row 3 or Cuffdiff analysis in row 5 (see Materials and Methods for details).
doi:10.1371/journal.pone.0061768.t003

coefficients (r?) uniformly about 0.98. Similarly, high r? values
(0.96-0.99) were observed for normalized probe intensities for
microarray data between samples for each treatment group
(Figure S4). The results of these analyses indicate that hepatic
gene expression of rats that were measured by RNA-Seq and
microarray platforms were highly stable and reproducible.

DESeq and Cuftdiff were used to test for differential expression
on Cufflinks assembled transcripts. Among the large number of
expressed liver transcripts, our initial differential expression
analysis focused upon changes in well annotated genes from
RefSeqGene as defined by RefSeq annotations. RefSeqGene is
a subset of NCBI's Reference Sequence (RefSeq) project and
defines genomic sequences that have sufficient literature support as
reference standards for well-characterized genes that generally
represent a prevalent, ‘standard’ allele. For differential expression
of RNA-Seq data, we used Cufflinks for transcript assembly
followed by Cuffdiff or DESeq for their different capabilities in
measuring and comparing transcript changes between groups.
RNA-Seq and microarray data were generated from the same
RNA sample for each animal to permit direct comparison of
differential expression from two high throughput platforms.
Correlation analysis of Cufflinks transcript expression (RNA-Seq)
and normalized probe intensities (microarray) were performed by
first dividing genes into quartiles, based on their expression levels
in control conditions, and then correlating expression measure-
ments originating from either RNA-Seq or microarray platforms.
A correlation was performed for all animal samples from CTRL
(Figure S5) and for AFB1 (Figure S6) treated animal samples. As
expected, the highest correlations were found for highly expressed
transcripts in quartile 4, with a comparatively weaker correlation
among transcripts in the lower quartiles. These data indicate that
a better correlation occurs between RNA-Seq and microarray
platforms as signal level increases.

The number of DEGs obtained at a 2-fold cutoff and
unadjusted p<<0.005 from RNA-Seq data by Cuffdiff and DESeq
were compared to microarray profiling (Figure 1A). DESeq
identified 1,026 DEGs which were 8.6 times more than the 119
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DEGs identified by Cuffdiff and almost twice the 626 DEGs
detected by microarray analysis. Among the DEGs, about 90% of
the transcripts were annotated by RefSeq for each of the DESeq,
Cuftdiff and microarray analyses, leaving approximately 10% that
were potentially novel, differentially expressed transcripts. Venn
diagram analysis of DEGs (Figure 1B) shows the common and
unique transcripts shared among the three analyses for DEGs from
RNASeq (DESeq and Cuftdiff) and Microarray platforms. Unique
and common transcripts from the Venn diagram are summarized
in Table S1. The top 30 expressed transcripts among the three
platforms are provided in Table S2. The proportion of DEGs that
were shared between RNA-Seq and microarray varied by analysis;
62.6% (392/626 transcripts) for DESeq and 8.1% (51/626
transcripts) for Cuffdiff’ analysis. Reasons for varying differential
expression by Cuffdiff compared to DESeq likely relate to the
depth of sequencing, unique distribution of genes and their
expression levels in liver tissue and fragment alignment cutoffs for
statistical comparison of low expression genes [27]. As a result of
greater DEGs, we focused on DESeq transcripts for further
comparison to microarray data. The PCA plot showed clear
separation between CTRL and AFBI treated groups (Figure 1C).
Cluster analysis of all samples using DEGs (Figure 1D) shows
a similar increase and decrease in transcript expression produced
by AFB1 exposure compared to CTRL as well as a high degree of
intragroup homogeneity of expression for both DESeq and
microarray analyses. We note that in comparing expression
platforms, transcript normalization was uncorrected for length
since we computed fold differences for each corresponding
transcript in CTRL and AFBI groups and not across different
transcripts. When RPKM normalization for RNA-Seq data was
computed and compared to microarray data (Table S3) we found
results were similar to those presented in Figure 1.

Validation of DEGs by qPCR

Expression changes of selected high, intermediate or low
expressing transcripts were analyzed by qPCR as described
previously [26] and compared to the same samples analyzed by
microarray and DESeq (Figure 2). Among genes displaying large
differential expression changes, Adam8 and Cdh13 were in good
agreement for consistency of response. Ddit4] increased from 98-
fold to 142-fold fold by DESeq and microarray, respectively, but
did not amplify well by qPCR (3.8-fold) which may be related to
sequence specific issues and primer selection. Genes with
intermediate expression agreed well among four of five transcripts
(Abcblb, Mybl2, Abcc3, Akr7a3) while Grin2c was slightly
reduced at —4.5-fold by qPCR compared to no change by
microarray and a 25-fold increase observed with DESeq. For low
expression change transcripts, two (Cxcll and Wwox) of three
transcripts agreed in direction and relative magnitude for these
three platforms with the only exception being Akr7a2 at (—1)-fold
by qPCR compared to slight increases at 1.2-fold and 1.3-fold in
DESeq and microarray analyses, respectively. Primer design and
other experimental conditions are probably responsible for some
varying expression results by qPCR with the other platforms for
these few transcripts as previously described [26]. Overall,
a comparison of a wide range of DEGs shows validation of the
direction of change for 9 of 11 transcripts analyzed by RNA-Seq

and microarray.

Greater Number of DEGs by RNA-Seq

We were interested in possible explanations of why RNA-Seq
data showed an increased number of DEGs compared to
microarray (Figure 1A). Investigation into several example cases,
as described in the gene tracks in Figure 3, revealed several

April 2013 | Volume 8 | Issue 4 | e61768



RNASeq Liver Profiling of Aflatoxin B1

C Microarray DESeq RNA-Seq

1,200
M Total DEGs Y (]
1,000 - g
- )
 RefSeq DEGs & = 3 8 g
£ 800 e s SHNeTTY g
2 2| s @ o\
2 Q € [
S 600 ® e
c
= (¢}
o
> 400
RC#1{42.0%) PC #1 (25.1%)
200 O — Control
0 @ —ArB1
DESeq
Microarra i
y Cuffdiff DEG by RNA-Seq DEG by Mlcroarray
B
Microarray DESeq RNA-Seq
Cuffdiff RNA-Seq

Raw Z Score

Figure 1. Differentially expressed genes (DEGs) identified from RNA-Seq by DESeq and Cuffdiff compared to microarray. Panel A.
Number of DEGs observed with change =2-fold at p=0.005 by DESeq, microarray and Cuffdiff analyses with Cufflinks assembled transcripts for all
eight animals (4 Control, 4 AFB1) is shown. Total number of Cufflinks assembled transcripts and those that match an existing RefSeq annotation are
displayed in the bar chart. Panel B. Venn diagram of DEGs from Panel A shows the number of common transcripts (overlapping circles) and unique
transcripts (non-overlapping circles) for all three analyses. Panel C. Principal component (PC) analysis was performed for all samples using the gene
expression values for DEGs found by microarray and DESeq (on Cufflinks assembled transcripts) analysis. The percentage variability captured by the
first three principal components is displayed across PC#1, 2 and 3 represented on X, Y and Z axes. Panel D. Heatmap shows all DEGs at =2-fold
change, p=0.005 from microarray or DESeq analyses (on Cufflinks assembled transcripts). Gene expression data were log2 transformed and then
quantile normalized prior to generating the Heatmap for direct comparison of data. DEGs (red or green are upregulated or downregulated,

respectively) for each animal were mapped by lane for each of four animals in the CNTL or AFB1 treatment groups.

doi:10.1371/journal.pone.0061768.g001

possible explanations that generally involved greater nucleotide
level resolution data provided by RNA-Seq analysis which allows
for both accurate quantification of expression levels and precise
demarcation of exon boundaries compared to probe hybridization.
For example, Eda2r (ectodysplasin A2 receptor) is a plasma
membrane bound receptor regulating initiation, morphogenesis
and differentiation of ectodermally-derived organs [28]. Figure 3A
shows a novel extension at the 3'-end of the Eda2r transcript (open
arrows) as assembled by Cufflinks. These additional reads
observed in an assembled transcript, Cufllinks_00063097, are
responsible for the larger fold increase at 45.5-fold by DESeq and
are not reflected by the smaller increase of 6.3-fold of single probe
(A_44_P387120) data at the 6" exon. It appears likely that these
additional reads in RNA-Seq comprise an undescribed UTR
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(observed continuity of reads, no exon breaks) portion of the Eda2r
transcript but additional work will be needed to support this
hypothesis. Figure 3B shows how probe placement can affect
which genes are identified as differentially expressed between
platforms. The probe, A_44_P703664, for the RefSeq transcript of
Srxnl (sulfiredoxin 1; GSH-depletion related oxidative stress [29])
which was placed in the 3’-region (3'-end microarray probe design
[30]) detects no significant change at 1.4-fold from AFBI
treatment. However, DESeq measured a 3.5-fold increase for
a transcript (Cufflinks_00036333) which represents expression of
all exons and UTRs that are identical to the RefSeq transcript
(NM_001047858) for Srxnl. Similarly, different results are
indicated by microarray probe and DESeq fold changes in
Figure 3C. The bar graph (Figure 3C) shows a 2.7-fold increased
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transcripts (inset). gPCR data were normalized to B-actin expression for each sample. Means of significant (p=0.05) fold changes from control were
computed for qPCR, DESeq and microarray using RNA from the same 4 animals in each analysis.

doi:10.1371/journal.pone.0061768.9002

hybridization to probe A_44_P541708 for Stxbp5L (Syntaxin-
binding protein 5-like; vesicle trafficking, exocytosis, negative
regulator of insulin secretion [31]) but DESeq for the Stxbp5L
transcript shows no significant difference at 1.2-fold change (bar
graph) when all exons, including a novel 3’- region (open arrows),
are counted. Interestingly, no fold change was found for the 5’-end
probe A_44_P375665 (see whole transcript at bottom of figure)
nor were any significant fold changes observed for four additional
microarray probes located within the 3’-terminal region (not yet
annotated to RefSeq Stxbp5L or Ensembl Stxbp3L transcript). We
further note that no Cufflinks transcripts included the 1* exon of
Stxbp5L (consistent with no observed reads in exon 1; data not
shown) suggesting transcription began at the 2"
tissue. In Figure 3D, novel Cufflinks transcripts which were
significantly ~ upregulated  (3.2-fold  increase  for  Cuf-
flinks_00055299; and 2.5-fold increase for Cufflinks_00055290)
did not have any probes assigned to these transcribed locus regions
(spliced ESTSs) in chromosome 8. Potentially, these two adjacent
Cufflinks transcripts (Cufflinks_00055299 and Cuf-
flinks_00055290) represent different portions of one transcript
but this awaits experimental confirmation.

exon in liver

Novel Transcripts Found by RNA-Seq

Of the 57,076 total transcripts in Table 2 that were assembled
from all eight animals, 11,932 (or 20.9%) were considered novel if
they were outside of RefSeq gene annotations; novel transcripts
could include Ensembl transcripts (ESTs, transcriptionally active
loci, hypothetical transcripts) or transcripts without prior annota-
tion. To ensure reproducibility, we counted how many animal
replicates contained each of the novel transcripts and selected
those transcripts that appeared in more than one replicate
(Figure 4A). Additionally, we also determined if the novel
transcripts appeared in either CTRL or AFB1 treatment
conditions or both. As expected, the number of total novel
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transcripts diminished as the criteria for reproducibility increased.
A further breakdown of the 1,811 potentially novel transcripts
observed in more than 50% of the animals (two or more rats) is
shown in the inset of Figure 4A. In the group of 1811 Cufflinks
transcripts, there were 1532 (+) that were also annotated in
Ensembl (1510 transcripts at no change and 21 transcripts with
differential expression), and 280 transcripts for which there were
no (—) Ensemble annotations (252 transcripts with no change and
28 transcripts with differential expression). Only 2.7% or 49 novel
transcripts met criteria for differential expression by DESeq (=2-
fold, p<0.005) of which 21 transcripts had some (+) Ensembl
annotation and 28 transcripts, shown as (—) Ensembl, which did
not have an Ensembl annotation (Table S4).

A particularly interesting subset of these novel transcripts,
DEGPESed: (DFnsembl © ere those unique DEGs responding to
AFB1 but without rat RefSeq/Ensembl annotation. We have
termed two such Cufflinks assembled transcripts as ‘HAfT” or
‘Hepatic Aflatoxin-responsive Transcripts’ (Figures 4B, 4C). The
HAfT’s were further confirmed with independent validation by
Sanger sequencing. The HAfT'1 transcript was assembled as 4
exons (Cufflinks_00006229) in Chrl.q55 (Figure 4B). HAfT1 was
found in all four animal samples with an average upregulation of
21.5-fold in AFBI treated rats compared to C'TRL and 1s located
in an intergenic region between rat Tcf712 (NM001191052) and
Habp2 (RGD:1302979). Comparative genomics shows  this
intergenic region in the rat corresponds to the first intron of the
homologous mouse Tcf711 gene (NM009332) in which HAfT1 is
in an antisense orientation. No prior ESTs correspond to HAfT1.
Primers were designed from the sequence of the Cufflinks
transcript to clarify the exons of HAfT1. Sequencing of cloned
PCR products from two AFB1 rats (AFB1-0 and AFB1-1) showed
an 809 bp cDNA that aligned with predicted exons (Figure S7A).
A hypothetical peptide sequence of 115 amino acids could be
translated from a putative ATG start site at position 31 before
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Figure 3. Differing types of DEGs found by RNA-Seq and microarray data (Panels A-D). Numbers of reads in RPM (reads per million
mapped reads) are shown on the Y-axis and the genomic region is displayed on the X-axis using a common NCBI scale for representative AFB1 (blue
reads) and CTRL (black reads) sample tracks in UCSC browser format. Placements of microarray probes for specific transcripts are indicated by small
rose-colored squares with probe names below. Numbered Cufflinks assembled transcripts and the corresponding RefSeq (gene abbreviation) or
Ensembl annotated transcripts (ENSRNOT) identifiers are displayed under the RNA-Seq tracks. Exons are represented as blocks or bands; introns are
lines between exons. Arrows at the end of assembled or annotated transcripts show the direction of transcription. Open arrows in specific panels
point out a new Cufflinks identified exon. Bar graphs to the right show mean fold changes (AFB1/CTRL) for specific microarray probes and the
corresponding RNA-Seq transcripts (DESeq). At the bottom of Panels A and C, the entire transcript (red) is presented for which a portion of the
transcript which has been enlarged (blue bracket) for the RNASeq tracks shown above. In Panel D, only spliced EST’s (parallel lines in the center of
spliced EST represent gaps in the alignment) were available which were without RefSeq or Ensembl transcript annotation and for which no
microarray probe had been assigned. In Panel D bar graph, fold changes for two separate Cufflinks transcripts are indicated while no microarray data

were available (no probe).
doi:10.1371/journal.pone.0061768.g003

encountering a stop codon. Preliminary analysis suggests this novel
AFBl-responsive gene may be protein coding although further
experiments will be needed to demonstrate a translation product.
A second transcript, HAfT2, is also reported in Figure 4C as
a proposed 4 exon transcript (a combined product of Cuf-
flinks_00021611 and Cufflinks_00022036) on Chrl5.qll. The
Cufflinks_00021611 transcript was upregulated an average of 8.5-
fold by AFBI treatment compared to the C'TRL group. In this
case, two exons of rat EST AA851790 partially overlapped with
the Cufflinks transcripts. We note that there was no evidence of
any reads from our RNA-Seq data (Figure 4C) to support the
presence of the first designated exon in the EST AA851790 (in
liver tissue). We cloned PRC products from the same AFB1 treated
rats as above after designing primers for the 4™ exon. The 209 bp
cDNA aligned well with the last exon of this new AFB1 inducible
transcript (Figure S7B) that was 8 kD downstream of the 5'-end of

the rat Tptl gene (RGD:621623). Additional work must be
performed to confirm the sequence and expression of the entire
transcript proposed for HAfT2; however, our computational
predictions followed by PCR-sequencing validations strongly
support the presence of these novel HAfT'l and HAfT? transcripts
in liver and for their upregulation by AFB1 exposure.

RNA-Seq Reveals Novel Exons

Another goal of this study was to compare all exons generated
during the transcript assembly process and classify them into exon
categories in order to identify novel or newly annotated exons
(Figure S8). Our approach was to compare Cuffcompare
transcript fragments for each treatment with the RefSeq annota-
tion and place transfragment exons into various categories
according to the schema in Figure 5A. Only those exons were
considered that passed selection criteria for statistical significance
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browser format. See text for more details.

doi:10.1371/journal.pone.0061768.9004
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of expression were used in this analysis as described in Material
and Methods. A total of 15,204 total exons met stringent criteria
for consideration and about one-half of the total exons were
common (4,278 exons) to either control (9,936 Total CTRL exons)
or AFB1 (9,546 Total AFB1 exons) treatment groups in
(Figure 5B). Most of the exons common to both groups were
Exact matches to RefSeq exons (85% of Common, Total ‘Exons’)
while the other groups comprised smaller proportions (Common
Novel T, Common Novel-U locations shown in Table S5).
Interestingly, ‘Overlap’ exons made up the largest share of exons
unique to CTRL (71%) and unique to AFB1 (70%), followed by
about 20% of Novel-U exons which were found outside known
transcripts. ‘Exact’ matching exons, Novel-T exons, and ‘Within’
exons made up about 10% of the total exons unique to either
CTLR or AFBI groups. Overall, RNA-Seq analysis found almost
two hundred Common novel exons either within the positional
boundaries of annotated transcripts or outside RefSeq annotation
(genomic locations of novel exons are described in Table S5).
These novel exons from RNASeq data await further experimental
validation.

A few examples of Novel-T, Novel-U and Overlap exons are
presented in Figures 5C, 5D and 3A and 3C. RefSeq and Ensembl
annotations are shown in Figure 5C for the F11 gene (coagulation
factor XI) for which a Novel-T exon was found by Cufflinks in
both treatment groups. It seems reasonable that this transcript

RNASeq Liver Profiling of Aflatoxin B1

could include an alternative start site for F11 since this Novel-T
exon appears downstream of the predicted first exon (no reads
visible for predicted exon 1). Human F11 is recognized for
alternative splicing events in liver and platelets [32]. Extensions of
existing annotation at 3’-exons were described for Eda2r in
Figure 3A that represent an Overlap exon and also for Stxbp5l
(Figure 3C) that represent a Novel-U exon as one outside the
RefSeq and Ensembl annotated boundaries. A more extensive
example of multiple Novel-U exons is shown in Figure 5D for the
two exons (open arrows) toward the 5'-end of the Assl
(argininosuccinate synthase 1) gene, a well-expressed intermediary
metabolism enzyme (Figure 5D). In addition, we also provide eight
additional examples in Figure S9A to S9H of novel exons
discovered within known RefSeq or Ensembl gene boundaries that
are conserved in other species (e.g. human, mouse) but are not yet
annotated in rat.

The preceding data demonstrate the ability of RNA-Seq in
expanding the current annotation of the rat transcriptome at both
the transcript and exon level. However, alternative gene isoforms
present certain challenges to both RNA-Seq and microarray for
the accurate quantitation of transcript expression levels and the
ability to distinguish one isoform from another. We explored such
a case for Ugtla transcripts, belonging to the UDP glucuronosyl-
transferase 1 family, polypeptide A cluster, which are actively
expressed phase II, conjugators of xenobiotics and relevant for

A RefSeq P L ] L )  — l
RNA-Seq _I->____ S— — | ——
Exact Overlap Novel-T Within Novel-U
scale — 1kb chr 16
C afb1-0
B 25 %
s 3 | e 1 .M
a
= o ctrl-0
25
~ 5,658
- I AFB1 (Unique) % [ | ‘ L Ll
' 5,268 4,278 X 0 b |
| - o - i Control (Unique) 50280000 50290000 o 50300000
50007 990 || Common (AFB1+Control) F11
| B s B ENSRNOT00000018876
2 4,000 ‘ bﬁ V ENSRNOT00000041946
(@] ENSRNOT00000066959
ux_' 3,000 | D
1+ \‘ scale ——— 10kb chr3
2,000 afb1-0
‘ 39 250
1,000 - % %
2 1 ||
S o L [ - O 1 |
& - ] 2 ctrl-0
& 250
\‘JQ & R |
ST S I |
& 0 w Ly [yl L
10580000 10600000 . ¥ 10620000

ASS1

ENSRNOT00000012075

Figure 5. Novel exons found by RNA-Seq analysis. Panel A shows classification of different types of exons encountered during analysis of
a Cufflinks assembled transcript in a model gene. Exons include ‘Exact’ matches to known exons, ‘Overlapping’ exons corresponding to partial
matches, ‘Novel-T’ exons that occur with known transcripts, ‘Within’ exons occurring within the sequence of known exons and Novel-U exons that
were unknown and occur outside known transcripts. Panel B is a bar chart of such exon types that were unique to AFB1 or Control treatments and
those exons that were shared between treatments. Examples are shown for a Novel-T exon (Panel C) within the F11 transcript and two Novel-U exons
(Panel D) outside the ASS1 gene. Numbers of reads, as RPM, are shown on the Y-axis and the genomic region is displayed on the X-axis for
representative AFB1 (blue reads) and CTRL (black reads) sample tracks in UCSC browser format.

doi:10.1371/journal.pone.0061768.g005
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AFBI toxicity [33]. Ugtla isoforms share the last four exons but
generally contain one unique 5'-exon to define each isoform.
RefSeq annotation currently contains eight isoforms for this gene
family, namely, Uglal, Ugtla2, Ugtla3, Ugtla5, Ugtla6 and
Ugtla7c, Ugtla8 and Ugtla9. Figure 6A shows assembled
transcripts for Ugtlal isoforms except for Ugtla8 and Ugtla9
which were not expressed. Expression of the four common exons
at the 3'-end of Ugtla gene family is similar in CTRL and AFBI
samples which is evident from the fold change observed for the two
microarray ‘Ugtala-Common’ probes as well as the fold change
measured by RNA-Seq for each of the individual exons
(Figure 6B). Expression changes of AFB1 vs. CTRL were about
two-fold for all Ugtla isoforms using RNA-Seq primarily because
the four common exons contribute the majority of reads mapped
to each isoform, potentially masking any fold change observed in
isoform specific 5'-exon(s). For example, AFBI specific induction
of the two unique exons for Ugtla6 isoform in AFBI was not
observed when ratios were calculated for the whole transcript. By
contrast, the microarray probe annotated specifically for Ugtla6
isoform was elevated by 7.3 fold. Only when exon specific reads
from RNA-Seq data were counted for isoform specific exons of
Ugtla6 (exons 1 and 2) were the fold change values found to be
comparable (induction of 6.7 and 5.4 fold, respectively). On the
other hand, RNA-Seq analysis provided clear evidence for
expression of both Ugtlad and Ugtla7c, whereas no microarray
data were available because microarray probes were absent for
these genes. RNA-Seq exon specific reads showed a 2.7 fold
increase for Ugtla7, though this was not statistically significant.
Thus, exon specific data from RNA-Seq reads or microarray
probes placed at isoform defining exons appear best qualified to
give credible isoform measurements among homologous family
members.

Activation of Biological Pathways by AFB1

The biological effects of AFB1 exposure prior to development of
hepatic tumor formation are of interest to better understand
malignant transformation by this model carcinogen. Pathway
analysis assisted us in determining the biological effects of AFB1
exposure using genes with statistically significant differential
expression. DEGs from AFBI1 exposure were contained in various
canonical pathways for which 26 were common (Table S6) to the
three approaches used for differential expression. Representative
pathways involved xenobiotic metabolism (AhR and xenobiotic
metabolism signaling, glutathione metabolism), cell cycle dysregu-
lation (G1/S checkpoint regulation, cyclins and cell cycle, ATM
signaling, estrogen-mediated S-phase entry), malignancy pathways
(glioma and hereditary breast cancer signaling), Nrf2-mediated
oxidative stress, and ten various intermediary and amino acid
metabolism pathways. Since the categories of canonical pathways
found by RNA-Seq platforms and microarrays were similar, we
considered the type and number of interrelationships among
DEGs datasets as another means of identifying potential drivers of
biological alterations that could set the stage for AFB1 carcino-
genesis. Twenty-six transcripts showed substantial connections
from DEGs by DESeq (Figure 7A). Here, Cdknla, E2f1, Cdkl,
Mdm?2, Fgfl, Ndc80, Bubl, Ccna2, Aurkb, Pttgl and Sppl
appeared to be major interacting transcripts showing 46, 28, 27,
14,12, 10,9, 8, 8, 8 and 8 connections (Table S7), respectively. A
number of elevated transcripts also formed mutual connections
relating to kinetochore structure and supportive functions in-
cluding Bubl, Ndc80, Mad2L.1, Nsll, Aurkb, Nuf2, Dsnl, Mcm3
and Mcm6 (Table S7). Microarray DEGs had far fewer
connections at 6 transcripts; Cdknla, Mdm2 and Fas were
primary contributors at 25, 8 and 8 connections, respectively
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(Figure 7B, Table S8). Only four substantial connected transcripts
were observed for Cuffdiff (Cdkl, CCndl, Cdkl and Fas had 24,
21, 14 and 5 respective connections; Table S9). Among these
pathway connection maps in Figure 7A and 7B, changes in
transcripts responsive to DNA damage were insufficient to form
a connection hub even though there were upregulated transcripts
(2 to 4-fold increase) associated with DNA damage and repair
processes including, Mgmt, Top2a, Rad51, Rad18, Xrcc6, Mndl
and Tyms.

Several of the interacting transcripts in Figure 7 are involved in
enhanced cell proliferation and turnover including E2f1, a member
of the E2f family of transcription factors, which was upregulated
by AFB1. Among many other cell cycle genes, E2f1 plays a critical
role in controlling both cell cycle progression and apoptotic cell
death in response to DNA damage (e.g. hepatic metabolites of
AFBI1 are genotoxic) and oncogene activation [34,35]. We queried
the RNA-Seq dataset (containing all possible AFB1-induced gene
changes by DESeq) for hub genes which we defined as controlling
=5 downstream genes that could be directly or indirectly
regulated by E2fl using IPA’s Grow Pathway algorithm (Table
S10). We found 223 directly or indirectly affected transcripts
(Figure 8) that mapped 198 transcripts that were upregulated and
25 transcripts that were downregulated. The pathway in Figure 8
shows a network of cellular processes potentially influenced by the
E2f1 transcription factor, including hub genes for cell cycle control
and proliferation (Cdkl, Mdm2, Ect2, Mad2L1, Nuf2, GNAII),
cell death (FAS), cellular damage by electrophiles (Mdm2, Gstpl),
growth factors (Fgfl) and tissue remodeling (Mmp2, Ezr, App,
Mme). Upregulated genes by DESeq in this integrated pathway of
particular interest for hepatocellular proliferation and trans-
formation were follistatin (442-fold), Aldh3al (302-fold), Mybl2
(21-fold), Mybl1 (6-fold), and Sox9 (6-fold).

Discussion

Liver cancer from chemical and viral (e.g. hepatitis C) exposures
is still an international problem for which AFBI is a primary,
contributing etiological factor [36,37,38]. Dietary models of AFB1
exposure in rodents continue to be useful in studying hepatocel-
lular carcinoma [24]. A major objective of our work was to exploit
the wider annotation capabilities of NextGen sequencing for
differential gene expression to better understand biological pro-
cesses leading to AFB1 malignancy. As part of a previous larger
study, a microarray analysis had been previously been conducted
on the same control and AFBI liver mRNA samples used to
conduct the current RNA-Seq study [25]. We hypothesized that
the increased dynamic range and base pair resolution capabilities
of RNA-Seq would allow for a more sensitive detection of
transcripts, as well as, for the detection of new isoforms and gene
products, resulting in an enhanced understanding of the AFBI
liver transcriptome. ‘Within group’ comparisons based on 4 rats
per group indicated a high degree of reproducibility among
samples. Cufflinks customization was used to assemble transcripts
and DESeq and Cufldiff were used to determine DEGs (=2X fold;
p<<0.005) from RNA-Seq data and were compared to similarly
filtered microarray DEGs. Using DESeq, a total of 1,026 DEGs
were found which were more than 400 transcripts or 63% greater
than microarray DEGs. Testing of differential expression by
Cuftdiff proved to be more stringent resulting in far fewer DEGs in
our study, so we employed a Cufflinks pipeline for reference-based
assembly and used the assembled transcript definitions with
DESeq for differential expression testing. Although we observed
a substantial overlap of DEGs by DESeq and microarray, some
DEGs were observed which were unique to either platform. When
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Figure 7. Connection pathway analysis of DEGs from subchronic AFB1 exposure. The top panel shows annotated interactions and
regulatory relationships using IPA’s (Ingenuity Pathway Analysis) connectivity analysis. The connective pathway maps were generated using DEGs
identified by DESeq_RNASeq (top panel) and for DEGs generated from microarray analysis (bottom panel) for only those transcripts with available
RefSeq annotation. Hub genes (bolded, enlarged gene symbols) were defined as those transcripts regulating or interacting with =5 transcripts (red,

upregulated; green, down-regulated).
doi:10.1371/journal.pone.0061768.g007

normalized gene expression of RNA-Seq and microarray data
were separated into four quartiles ranked on the basis of average
control signal across replicates, the Spearman rank correlation
coeflicient increased going from lowest to highest expression genes.
This indicates that transcripts with low microarray signal or small
read counts contribute to the weak correlation between platforms
for low expression genes and some of the differences in observed
unique DEGs between RNA-Seq and microarray. However, other
factors for platform differences are the presence of novel exons and

XPC

full length transcripts in the rat transcriptome shown by RNA-Seq
data which have not yet been annotated by microarray probes.
Notably, both platforms easily separated treated animals by PCA
and cluster analysis. PCR validation of eleven selected transcripts
covering a wide range of expression showed good agreement in
direction and fold-increase for gene expression among expression
platforms. Overall, RNA-Seq produced a more comprehensive
DEG profile than microarray analysis under the conditions of our
study, which was due to measuring reads across the entire
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doi:10.1371/journal.pone.0061768.9008
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transcriptome in agreement with the conclusions of other reports
[14,39,40].

Representative criteria for DEGs at =2-fold differences and
p=0.005 demonstrated areas of overlap and uniqueness between
RNA-Seq (DESeq and Cuffdiff) and microarray observed by Venn
diagram analysis. Many reasons were found for these differences.
For example, the detection of reads from a transcript for which no
probe was assigned was a common finding which is understand-
able considering the more complete mapping provided by RNA-
Seq data. RNA-Seq provided data at either the 3’-end or 5'-end of
RefSeq or Ensembl transcripts or sometimes in unannotated
regions of the transcriptome for which microarray probes did not
exist (e.g., Chr8 Cufflinks transcripts in Figure 3D), or had not
been assigned any specific annotation (e.g., probes at 3'-Utr of
StxbpdL). Probe placement within specific regions of a transcript
also appeared to be a determinant for differential expression since
the collective number of RNA-Seq reads per transcript could
outweigh a single probe or even multiple probe signals for DEG
criteria. For example, 3.7-fold increase in reads across the Srxnl
transcript by DESeq was in contrast to no change in signal by
microarray from the probe located within the 3’-UTR. Probe
placement and probe annotation as well as the large number of
RNA-Seq reads counted across the length of each transcript were
factors that greatly influenced the number of DEGs found by
RNA-Seq compared to microarray platforms.

Another important aspect of gene expression is the Cufflinks-
derived exon expression compared to RefSeq annotations to
determine known exons, novel exon boundaries and novel exons.
It is important to note that for this analysis we only analyzed those
exons that had a significant signal, so that exons with low and
possibly irreproducible signal were removed from consideration.
Classifications were defined as ‘Exact’ exon matches, ‘Over-
lapping’ or ‘Within’ matches and ‘Novel’ exons either within (—T)
or outside (U-unclassified) RefSeq transcript structure. A majority
of the ‘Exact’ matches were found as ‘Common’ to CTRL or
AFBI groups (3650 exons) with many fewer as unique to either
treatment. Interestingly, there were many more ‘Overlap’ exons
for AFB1 or CTRL groups than were shared (Common). These
data likely represent the substantial splicing and differences in
exon junctions (accompanying the large concordance of ‘Exact’
exon matches) between treatment groups. For example, nearly
20,000 previously unreported exon junctions were uncovered after
annotation-based mapping of mammalian RNA-Seq reads by
TopHat [41]. In addition, we also report about 200 shared and
unique ‘Novel-T” exons which were found between exons of
known transcripts, such as F11 (Figure 5C), and almost 100
‘Within’ exons which were also identified. The number of ‘Novel-
U’ exons is of particular interest since approximately 1,000 were
found for CTRL or AFBI groups, such as new 5'-exons for ASS1
(Figure 5D), and 179 Novel-U exons which were common to each
group.

Ugtla isoforms represent a specific case posing a challenge for
measurement of each isoform using either RNA-Seq or micro-
array. The UGT1 family consists of thirteen genes that are all five
exons in length for which exon 2 to exon 5 are common for all
UGT! mRNAs but the first exon is unique to each gene
(UGTIALI to UGTI1A13P) [42]. Since the shared exons compris-
ing each Ugtla isoform cannot be definitively assigned to any one
isoform, exon-specific probes or RNA-Seq signal at each isoform-
defining exon would be required for accurate differential
expression. Exon-specific reads from RINA-Seq could be measured
in our analysis but several Ugtla isoforms (e.g. Ugtla7c, Ugtlab
Ugtla3 and Ugtla2) did not have designated microarray probes
for measurement. In the present study, we report subchronic
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AFBI1 exposure causes isoform specific upregulation in Ugtlab
and possibly for Ugtla7c. Some studies have documented a general
increase in Ugtla expression induced by AFB1 in HepaRG [43] or
FLC-4 human hepatocarcinoma cells [44], and in rat liver [45]
and more recently, an upregulation of Ugtla3 mRNA was
reported in cultured HepaRG cells after a 48 hr AFB1 treatment
[43]. Our results of isoform specific induction from w vivo AFB1
exposure could have profound implications for liver function,
organ development and toxicity since a dramatic ontogenic
isoform switching has been reported in UGT1 isoforms in rats
during gestation, infancy, early childhood at days 14-28 and
young adulthood at day 56 [46]. It is also worth noting that
specialized methods such as CAGE (cap analysis of gene
expression) can complement RNA-Seq data in studying genes
with multiple isoforms since CAGE selects for 5'-mRNA ends to
find exact locations of TSSs (transcription start sites) [47].
Interestingly, after generating human and mouse CAGE libraries
it was found that the Ugtla gene family has seven promoters that
are preferentially used by different tissues as well as six alternative
ATGs to accommodate individual tissue needs [48].

RNA-Seq also holds intriguing possibilities for novel transcript
discovery. Several hundred (observed in two or more animals) to
thousands (observed in at least one animal of each group of four
animals) of putative, novel transcripts were found in control or
AFBI treated animals depending on the level of replication
stringency (Figure 4). The number of novel shared transcripts as
‘AFB1+ Control’ remained higher (927, 479, and 234 novel
transcripts, at two, three, and four of four animals, respectively)
than transcripts unique to either Control or AFB1 alone at similar
levels of replication. These data suggest a limited number of
treatment-specific, novel transcripts for follow-up study. We
validated two such novel AFBl-responsive transcripts identifying
them as HAfT1 and HAfT2 on Chrl.q55 and Chrlb.qll,
respectively. Four exons comprising an 809 bp cDNA were
confirmed by PCR cloning for HAfT'1. There is no known prior
annotation or EST corresponding to this transcript suggesting it is
a completely novel gene about 150 kD downstream from rat 5'-
end of the RefSeq gene Tcf712 in antisense orientation. This
region of rat Chrl also bears some homology to a portion the first
intron of mouse Tcf711. A second novel AFBl-responsive gene
homologous to one spliced EST (AA851790) was cloned as a 209
c¢DNA sequence corresponding to the last exon of this proposed 4
exon transcript, made up of two overlapping Cufflinks transcripts
(00021611 and 00022036). Ongoing work will clarify the
expression and function of these two novel transcripts regarding
their upregulated response to AFB1 exposure.

A further objective of our study was to generate new insights
into alterations in gene networks that might lead to the formation
of hepatocellular carcinomas. The increased sensitivity, wider
dynamic range and base-pair resolution profile possible with
RNA-Seq compared to microarray platforms reported by others
[49,50,51] provided a greater biological depth in unraveling
changes to the transcriptome due to AFBI effects. Analysis of
DEGs showed activation of various canonical pathways that were
involved in xenobiotic metabolism and detoxification, cell cycle
alterations, oxidative stress and malignancy signaling. Since
canonical pathways can sometimes be overrepresented by similar
gene sets [52], we also interpreted transcript interactions and
relationships (Figure 7 and accompanying supplemental tables) in
light of a perpetual, low level genotoxicity during AFBI dietary
exposure that engages drug elimination enzymes, redox stress and
a nascent cell turnover [19,23,24]. We found that the pattern of
cell cycle transcript upregulation in DEG datasets using RNA-
Seq_DESeq shows similarities to low level genotoxic damage
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described in some rodent liver cancer models; for example, p53
IHC (immunohistochemistry) negative preneoplastic liver lesions
stain positive for Gst-P and Mdm?2 with either chronic diethylni-
trosamine or AFB1 exposure in rats [53] and are often
accompanied by increased in Slc7all [54], a cystine-glutamate
transporter induced during GSH depletion and redox stress [53].
In RNA-Seq data, Gst-P, Mdm2 and Slc7all transcripts were
elevated by 73-fold, 2-fold and 51-fold, respectively, by AFB1 and
P53 was not significantly altered. Similarly, it is not unusual to
observe Cdknla induction (3-fold) as a protective response to
redox stress [56]. In all DEG datasets, the increases in apoptosis-
related genes such as Fas (2- fold) were relatively minor as were
changes in DNA damage and repair transcripts. Using only
transcripts from the DEGs of RNA-Seq in Figure 7, the highest
number of interactions were among Cdknla, E2f1, Cdkl and
Mdm?2 as well as transcripts whose proteins help create the mitotic
spindle (Prcl, Racgapl, Plkl, Mad2L1, Spagb) and proteins
assocliated with the kinetochore (Aurkb, Ndc80, Dsnl, Bub1l, Nuf2
and Nsll), the microstructure on chromatids where spindle fibers
attach during mitosis. For example, Aurkb controls microtubule
dynamics by phosphorylation of the Ndc80 complex, an essential
microtubule-binding component of the kinetochore [52] and by
phosphorylation of kinetochore component Dsnl [54]. Further-
more, others have reported that the normal phosphorylation of
Aurkb by the mitotic kinase, Bubl, is dramatically increased in
Bubl transgenic mice, causing hyperphosphorylation and in-
creased Aurkb activity [57]. These events cause chromosomal
missegregation and aneuploidization leading to formation of
multiple spontaneous tumors in Bubl transgenic mice [57].
Dysregulation of such nuclear structures and associated kinases
indicated by RNA-Seq data are consistent with AFB1’s well-
known mutagenic and clastogenic [58,59] properties.

E2f1 is a transcription factor regulating cell-cycle, DNA
replication, differentiation, apoptosis and DNA damage [60] and
may play a role in liver tumorigenesis [61]. We found E2f1 as
a regulatory hub that controls a large number of downstream
transcripts (Figure 7) altered by AFBI1 exposure which suggested
E2f1 could be one of the drivers for cell proliferation and tissue
remodeling. We report several E2f] regulated- and indirectly-
regulated transcripts further downstream in Figure 8 which help
reinforce  AFBIl’s effects on mitotic spindle assembly and
kinetochore components, implicating Ect2, in addition to those
transcripts already identified from Figure 7. Screening microarray
data from the NCI-60 cell line panel similarly revealed a common
coregulation of E2f1 expression (among other transcription factors)
with transcripts involved in either forming kinetochore compo-
nents and proteins responsible for kinetochore maintenance,
including Cenpe, Cenpf and Incenp [56] (each of which were
upregulated by AFBI1, see Figure 8).

Two DEGs found by RNASeq in E2F1-mediated pathways that
were highly upregulated by AFBI, were Wfikkn2 (WAP,
follistatin/kazal, immunoglobulin, kunitz and netrin domain
containing 2) and an aldehyde dehydrogenase isoform, Aldh3al.
The activin-follistatin system is comprised of members of the TGF-
B family for cell growth and differentiation and is critical for
maintaining liver homeostasis and in tissue rebuilding and repair
[62]. Imbalanced expression of follistatins and activins in
preneoplastic foci and hepatoma cells is well known [63] and
some researchers suggest follistatin expression is required for
proliferation and colony expansion of progenitor populations of
hepatocytes [64]. In cultured MEF cells from Mmp2 ™\~ mice,
transfected human MMP2 (matrix metalloprotease-2) protein was
found to increase the processing of Wiffk2 [65] and researchers
have suggested that binding of WFIKKN proteins with these
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growth factors may localize their action and thus help to establish
growth factor gradients in the extracellular space [66]. We
identified Mmp2 as a key protein upregulated by AFBI1 and its
activation is inferred by increased expression of Ddrl [67].
Upregulated Mmp?2 and Ddrl are events consistent with their
respective roles in tissue remodeling in preneoplasia [68,69].
Additionally, the 2 to 3-fold increase in the gelatinase Mmp2 [70]
and the metalloelastase Mmp12 have been linked to invasiveness
in rat liver tumor models [71]. Of related interest is that elevations
in aldehyde dehydrogenases, in particular Aldh3al, may play a role
in self-protection and expansion of stem cell populations [72].
Upregulation of liver cancer stem markers, Sox9 [73], Epcam [74]
and Dmbtl [75] were observed in this study. It is of interest that
Sox9 controls Dmbtl (deleted in malignant brain tumor 1)
expression which is highly amplified during the emergence of
ductal (oval) stem cell populations in injured liver [75].

Conclusions

In conclusion, RNA-Seq analysis demonstrates hundreds of new
transcripts and isoforms that includes gene expression changes at
a greater dynamic range than microarray and provides deeper
insight into pathways and molecular events at an AFBI exposure
level and time prior to the formation of liver tumors. The base pair
resolution of RNA-Seq provides an expanded depth of gene
expression changes and therefore increased annotation of the rat
liver transcriptome. We report novel genes, HAfT'1 and HAfT?2,
and potentially other transcripts that may prove important to
chemical response and liver biology. Pathway analysis findings
were interpreted as a reflection of a slow hepatocellular turnover
supported by an active stem cell population in response to
continual, low level, genotoxic injury by AFB1 in the presence of
barely perceptible apoptosis. Expression of various ECM proteases
suggests a pattern of tissue remodeling and activation of surface
receptors that favor tumor development and progression [76].
Differential expression of numerous components and associated
kinases of the mitotic spindle assembly and kinetochore structure
that support cell division are visible in this type of AFBI1 feed
exposure model which might otherwise be masked by other high
dose, injurious models of chemical carcinogenesis. While the
structure of the pathways reported here is contextualized to AFBI
exposure, it could form the basis for further hypothesis testing of
other carcinogenic agents for similar transcriptional drivers,
signaling pathways, activation of kinases, affected subcellular
structures and transcriptional changes within specific areas of the
liver architecture. Collectively, these findings highlight the
potential contribution of toxicant-mediated perturbations of the
transcriptome as a special tool for novel gene discovery using high
resolution, NextGen sequencing technologies.

Materials and Methods

RNA Extraction, Transcript Profiling and Illumina
Sequencing

All experiments were performed in accordance with the Animal
Welfare Act and the U.S. Public Health Service Policy on
Humane Care and Use of Laboratory Animals after review and
approval by the Institutional Animal Care and Use Committee
(IACUC) of Battelle Laboratories, Columbus, OH. Male F344/N
rats were exposed to 1 ppm AFBI in feed for 90 days and RNA
was obtained from fresh frozen liver as previously described [25].
At necropsy rats were anesthetized with isofluorene, the left and
median lobes of the liver were removed and animals were
cuthanized by exsanguination. A cross-section of each lobe was
obtained for histopathology. The remainder of the left and median
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lobes of the liver were minced quickly into very small pieces and
frozen in liquid nitrogen within 4 min of euthanasia and stored at
—80°C.

Briefly, RNA was extracted from 130-150 mg of liver tissue
with Qiagen RNeasy Midi kits (Valencia, CA, USA). A 500 ng
amount of total RNA was converted into labeled cRNA with
nucleotides coupled to fluorescent dye Cy3 using the Low RNA
Input Linear Amplification Kit (Agilent Technologies, Palo Alto,
CA, USA) according to the manufacturer’s protocol. Cy3-labeled
cRNA from each sample was hybridized to Agilent Rat Whole
Genome Oligonucleotide microarrays in a 4x44 K format.
Microarray data are available through the NTP Chemical Effects
in Biological Systems (CEBS) database with the accession number,
002-00100-0003-000-6, at the URL site, http://www.nichs.nih.
gov/research/resources/databases/cebs/index.cfm and direct ac-
cess to raw data files are at ftp://157.98.192.110/ntp-cebs/
individualstudy/002-00100-0001-000-4/NTP009-
Hepatocellular_CarcNon-CarcTox/RawFiles/. (Further details
on microarray file access in the CEBS database are in Figure S10.).

For RNA-Seq, RNA libraries were created from each of four
controls and four AFBI treated male F344/N rats. RNA samples
were the same as those used for the microarray analysis studies.
Starting with 5 pg total RNA, polyA-tailed mRNA was isolated by
oligo(dT) and fragmented by adaptive focused acoustic energy
(Covaris Inc., MA, USA). A random hexamer primed, cDNA
library of nucleotide sequences (400 bp median fragment size) was
created from which millions of short DNA reads were generated in
a paired-end orientation. Sequencing was performed on eight
RNA samples in individual lanes of an Illumina GXIIx instrument
(Ilumina, San Diego, CA, USA) by the NIH Intramural
Sequencing Center (NISC). Each lane produced 29-37 million
raw paired reads. Data output in fastq file format contained
information about sequences and quality (Phred quality score).
Average Phred scores of =20 per position were used for
alignment.

Bioinformatic Analysis: Alignment of Paired End Reads
RNA samples were sequenced by the standard Illumina
protocol to create raw sequence files (.fastq files) which underwent
quality control analysis using FastQC (http://www.bioinformatics.
babraham.ac.uk/projects/fastqc/). Two of the eight total samples
(one each from CTRL and AFBI treated samples) were initially

sequenced as a pilot experiment at paired end read length of

100 bp each; however they showed declining average base call
quality beyond the 75th nucleotide of the 100 bp read. To avoid
low quality data negatively influencing downstream analysis, we
trimmed the reads on the 3’-end and only used the first 75 bp
from the 5'-end of each read for further analysis. The remaining
six samples were sequenced at 75 bp paired end read length and
did not show any quality issues and hence they were retained at
75 bp length without any trimming. Quality Control (QC) plots
are provided in the supplementary information (Figure S1). We
aligned the quality checked reads to the Rn4 build of the Rat
genome (http://hgdownload.soe.ucsc.edu/goldenPath/rn4/
chromosomes/) using TopHat version 1.3.2 (parameters: -g 1 -r
200-best —strata) allowing for unique non-gapped alignments to
the genome [27]. We modified the TopHat source code to add the
parameters ‘“~best —strata” to the standard set of parameters used.

Resulting alignments were summarized to the evaluate number
of uniquely aligned reads per sample along with information such
as singleton vs. both-ends mapped, and number of spliced
alignments per sample (Table 1). Aligned reads were converted
to UCSC genome browser tracks and uploaded to the browser to
allow for visual inspection of normalized signal at any genomic
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location. The UCSC browser tracks contain RPM (Reads Per
Million) normalized read counts. Deep sequencing data files are
stored in the Sequence Read Archive (SRA) under Study
Accession No. SRP017598 that contains sample accession
numbers to fastq data files.

Analysis of Differential Gene Expression

DEG’s were identified using DESeq version 1.8.2 [77] and
Cufflinks version 1.3.0 [78,79]. These methods represent two
widely accepted and complementary analysis approaches of RNA-
Seq data. For DESeq analysis, we first obtained RefSeq gene
annotation for all known genes in the rat genome, as provided by
the UCSC genome browser as of Oct 2011. RefSeqGene is
a subset of NCBI’s Reference Sequence (RefSeq) project and
defines genomic sequences that have sufficient literature support as
reference standards for well-characterized genes that generally
represent a prevalent ‘standard’ allele. This annotation included
17,194 unique transcript entries with genomic coordinates. Using
the reads mapped to the genome, we calculated the number of
reads mapped to each transcript in the above RefSeq annotation
table. These raw read counts were used as input to DESeq for
calculation of normalized signal for each transcript in the CTRL
and AFBI samples, and differential expression was reported as
Fold Change along with associated p-values. DESeq calculates p-
values using a negative binomial distribution which accounts for
technical as well as biological variability. The DESeq approach is
well suited for count data (read counts) as is the case for RNA-Seq
experiments, and the method estimates variance in a local fashion
for varying signal strength [79].

Cufllinks is a complementary method that assembles transcripts
and estimates its abundance using read data. Transcript assembly
allows for identification of splice variants, new exon boundaries,
novel exons, or novel full length transcripts. The differential
expression is calculated by Cuftdiff based on transcript abundances
[79]. We used Cufflinks v1.3.0 with parameters set at: “~GTTF-
guide refseq.GTT —frag-bias-correct —multi-read-correct”. The
resulting Cufflinks assemblies of all eight samples were combined
together using Cuffcompare v1.3.0 with parameters “-r -M —N —
s”. Cuftdiff v1.3.0 was then employed on the combined transcripts
to identify differentially expressed genes/transcripts with param-
eters set at “-r —frag-bias-correct -multi-read-correct”.

Identification of Novel Transcripts

To identify novel transcripts assembled either in the C'TRL or
AFBI treated samples, we compared the genomic coordinates of
Clufflinks assembled transcripts to known genes annotated in the
RefSeq (17,194 unique transcripts) table. If a Cufflinks transcript
does not overlap with any known RefSeq transcript (i.e. they occur
in intergenic regions without any RefSeq annotation) it was
considered to be putatively ‘novel’.

Among those that were considered novel, we further narrowed
the list by requiring the putative novel transcript to be present in
more than one of the biological replicates. Since the Cufflinks
analysis assembled these transcripts individually for each replicate,
it is likely that the identical transcript may not be identified in each
sample. However by requiring the transcript to be present in at
least two of the four biological replicates, we could focus upon
reproducibly detected transcripts. Among those that were found in
more than one replicate, we further narrowed our list by requiring
the novel transcript display statistically significant differential
expression (absolute Fold Change >2, p-value<<0.005 as calculat-
ed using the DESeq method). A table describing differentially
expressed Cufflinks transcripts, their normalized signal and fold
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change values, including those potentially novel ones is provided in
the supplemental table information.

Exon Classification and Annotation

We compared the list of exons obtained from Cufflinks
assembled transcripts to all exons present in the RefSeq annotation
table. The goal of this comparison was twofold; first, we wanted to
identify completely novel exons that were part of previously
annotated genes and secondly, we wanted to identify exons where
our data indicates partial disagreement with available RefSeq
annotation, thus indicating potentially novel exon boundaries for
the given exon [27].

Prior to classifying exons, we wanted to ensure to analyze only
exons that had a statistically significant signal. To accomplish this,
we first calculated the read count per Cufflinks assembled exon,
and computed a signal threshold as described below. The
threshold to detect significant novel Cufflink exons from each
sample was computed as:

E=Fn='(0.95 Fn(4)]

In this equation, F, denotes the empirical distribution function
of read counts from all RefSeq exons where:

A=03+1.5(03—01)

The preceding expression denotes the outlier limit in which Q;
and Qs represent the first and third quartiles of all unique read
counts from all RefSeq exons, respectively.

Following this analysis, we removed exons that were detected as
outliers based on their read counts. Using empirical relative
frequency distribution of read counts for the remaining exons in
each sample, a minimum number of reads were determined at
p<<0.05 per sample. This criterion was applied to each sample and
exons that passed the criteria were used for further exon
classification analysis. Further details can be found in Trapnell
et al [27].

Cufflinks exons were classified by comparing them to all RefSeq
exons. If a Cufflinks exon exactly matched a RefSeq exon (i.e.,
exon start and end positions are identical), it was labeled as
‘Exact’. If a Cufflinks exon did not overlap a known RefSeq exon
by one or more base pairs, and the exon was located in between
the transcription start and end site of a gene, we labeled it at as
a ‘Novel-1T” exon (I for within a Transcript); otherwise it was
labeled as ‘Novel-U’ (U for Unknown). If a Cufflinks exon
overlapped with a RefSeq exon such that it was completely
contained within the RefSeq exon, it was labeled as “Within’. If the
Cufflinks exon had partial overlap with the RefSeq exon it was
labeled as ‘Overlap’ (for more details refer to supplemental
information, Figure S8).

Mapping of Microarray probes to Cufflinks Transcripts
Comparisons between gene expression values measured by
microarray vs. RNA-Seq were performed by first mapping all
available microarray probes to their corresponding rat transcripts.
The available microarray data was generated in a previous study
using Agilent Rat Whole Genome Oligonucleotide microarrays in
a 4 x44 format, using the identical rat liver RNA from these same
samples [25] that were used for RNA-Seq analysis in the current
study. To compare signal/fold change obtained from Microarray
and RNA-Seq platforms for all possible transcripts from the rat
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transcriptome, we first created mapping between all Agilent
probes to the rat genome (Rn4) using bowtie2 local alignment
(parameters —local -M 10 -D 30 -R 10 -N 1) [80]. We used the
default mode of bowtie2 where it searches for multiple alignments
to the genome and then reports the best scoring local alignment.
Using these alignment results, we found 26,310 microarray probes
that overlapped exons of Cufflinks transcripts. We used this set of
26,310 probes for further analysis since they directly corresponded
to the set of cufflinks transcripts for which fold change/p-values
were calculated from RNA-Seq data.

Microarray Data Normalization

Agilent whole genome microarray data (feature extraction
software produced raw microarray signal) for the eight samples
were log2-normalized and summarized for each probe using
a median polish algorithm. The signal from multiple probes
overlapping the same Cufflinks transcript was summarized using
a median polish algorithm. Thus, for each Cufflinks transcript that
overlapped one or more microarray probes, we obtained
a microarray signal and calculated C'TRL vs. AFBI treated fold
changes and corresponding p-values. Here the p-value was
computed using empirical distribution of Student’s t-statistic
derived from 10000 random sample label permutations [81]. To
identify differentially expressed genes identified by the microarray
study, we employed an absolute Fold Change>2 and p-value
<<0.005 cutoff uncorrected for multiple testing.

RNA-Seq Data Normalization

The raw RNA-Seq read counts for Cufllinks transcripts were
first log2 transformed at RPM =reads per million and then
quantile normalized.

Combining and Correlating RNA-Seq and Microarray
Data

In order to perform correlation analysis on microarray and
RNA-Seq data, we used array data from 26,310 microarray
probes that map to Cufflinks exons as described above. We used
the Cufflinks transcripts that have overlap with one or more
microarray probes. The dataset was divided into 4 quartiles
ranked on the basis of the average control signal (across replicates)
in the microarray platform. Using this microarray and Cufflinks
transcript data, we calculated Spearman (Rank) correlation
statistics and corresponding asymptotic p-values based on a t-
approximation for data points in each quartile. For this particular
analysis, we did not correct for transcript length assembled by
Cufflinks since our objective was to compute fold differences for
each corresponding transcript in Control vs. Treated groups for
comparison of transcript expression. This approach allowed us to
correlate microarray signal to RNA-Seq signal and obtain a p-
value for the correlation.

Principal Component Analysis (PCA)

We calculated the normalized expression level for all genes in
the RefSeq table as implemented in DESeq. We performed PCA
using RefSeq gene level signal data for RNASeq_DESeq and
microarray platforms. Samples were plotted in three dimensional
plots across the first three principal components.

Pathway Analysis

A list of differentially expressed genes from either the
microarray or RNA-Seq platforms was generated using a Fold
Change>2, p-value <0.05 criteria and used as an input for
Ingenuity Pathway Analysis (IPA) software (licensed use of
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Ingenuity®Systems, www.ingenuity.com). Canonical pathways
that were found to be enriched in the DEG datasets were
determined. The significance value associated with overrepresent-
ed pathways measures the likelihood that association between an
experimental gene set and molecules in Reference gene sets for
a specific process or pathway is due to random chance. In general,
p-values less than 0.05 indicate a statistically significant, non-
random association. The p-value is calculated with the right-tailed
Fisher’s Exact Test. Ingenuity uses public databases (e.g.
HumanCyc) and performs in-house curation to formulate and
update signaling pathways. In our study, pathways were
constructed with the Build pathways function using either the
‘Connect’ feature for RefSeq annotated DEGs of our microarray,
DESeq and Cuffdiff datasets or the ‘Grow’ feature. The Connect
feature displayed annotated relationships among DEGs within
each dataset, while the Grow feature showed upstream and
downstream relationships among DEGs in the DESeq dataset.
The ‘Connect’ feature shows relationships among transcripts that
have been annotated by Ingenuity®Systems according to the
following categories: direct and indirect Interactions, expert and
third party Data Sources, various Species, Tissues and Cell lines,
Diseases, Molecules (e.g. chemicals and pharmaceuticals) and
Biofluids. A pathway of ‘Cionnect’ relationships was constructed by
applying these annotated categories for each DEG dataset from
DESeq, microarray and CuffDiff. Hub genes (bolded, enlarged
gene symbols in pathway) were defined as those transcripts
showing regulation or interaction with equal to or more than five
other transcripts. The ‘Grow’ feature uses a specified transcript of
interest as a starting point to find relationships (upstream,
downstream, direct and indirect relationships) between that
transcript and other molecules of interest. The E2fl pathway
was constructed by the ‘Grow’ feature using only the DEG dataset
from DESeq analysis, filtered by direct and indirect Interactions
from all molecules that are upstream or downstream on specified
transcripts. ‘Grow’ started on the E2fl transcript and we then
tested subsequent downstream DEGs in which we defined
regulatory transcripts (bolded, enlarged gene symbols in pathway)
as those with equal to or greater than five connections (interactions
or relationships). Objects representing upregulated genes (e.g.
Figures 7, 8) are colored red and downregulated genes are colored
green for which increasing color intensity is associated with
increasing fold change.

gPCR Validation of Gene Expression

We have previously validated differential transcript expression
of Adam8, Ddit4l Cdh13 Abcblb Grin2c, Mybl2, Abcc3, Akr7a3,
Akr7a2, Cxcll and Wwox in the liver of AFBl-treated male rats
[26]. qPCR analysis was performed on an ABI Model 7500 Real-
Time instrument (Applied Biosystems, Foster City, CA, USA).
SuperScript II First Strand cDNA system (Invitrogen, Carlsbad,
CA, USA) was mixed with RNA from fresh frozen samples for
reverse transcription using random hexamers. Gene changes were
determined using the 272 method by normalizing to B-actin
expression which did not vary significantly with AFBI treatment.
Primers and further details are provided in prior work [26].

PCR Ampilification, Cloning and Sequencing

Two potentially novel genes were investigated on chromosome
1.g55 and 15.q11. Based upon RNA-Seq data, primers (Figure S7)
were designed for PCR amplification of products from liver cDNA
created from Oligo(dT)-primed reverse transcription reactions of
liver RNA isolated from AFBI1 treated rats. PCR products were
gel-purified, cloned and Sanger sequenced. Briefly, amplicons
were gel purified in 2% agarose, cut out, melted and purified on
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silica gel spin columns (Qiagen, Valencia, CA, USA) and TOPO
TA cloned into chemically-competent Escherichia coli (TopTen
cells, Invitrogen) according to the manufacturer’s protocol.
Transformed cells were selected for positive clones on 50 pg/mL
Kanamycin LB agar dishes and screened for inserts by agarose gel
electrophoresis prior to Sanger sequencing of plasmids using
forward and reverse MI3 sequencing primers (Forward:
GTAAAACGACGGCCAG; Reverse: CAGGAAACAGCTAT-
GAC). At least 4 sequences were obtained for each amplicon from
two different animals.

Supporting Information
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RNA-Seq reads from rat RNA.

(DOCX)

Figure S2 Nucleotide composition of sequencing
paired-end RNA-Seq reads from rat RNA.

(DOCX)

Figure S3 Pearson correlation coefficient (r”) of within
group sample comparisons by Cufflinks transcript level
from RNA-Seq analysis.

DOCX)

Figure $4 Pearson correlation coefficient (r?) of within
group sample comparisons by RMA normalized probe
set intensities from microarray analysis.
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Figure S5 Comparison of RNA-Seq and microarray data
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Table S6 Common canonical pathways of DESeq,
Microarray, Cuffdiff analysis.
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Table S9 Cuffdiff connectivity pathway.
(XLSX)
Table S10 E2fl connectivity pathway.
(XLSX)
References

1. Mardis ER (2008) Next-generation DNA sequencing methods. Annual review of

20.
. Butler WH, Greenblatt M, Lijinsky W (1969) Carcinogenesis in rats by aflatoxins

22.

genomics and human genetics 9: 387-402.

. Marioni JC, Mason CE, Mane SM, Stephens M, Gilad Y (2008) RNA-seq: an

assessment of technical reproducibility and comparison with gene expression
arrays. Genome research 18: 1509-1517.

. Wang Z, Gerstein M, Snyder M (2009) RNA-Seq: a revolutionary tool for

transcriptomics. Nature reviews Genetics 10: 57-63.

. Mortazavi A, Williams BA, McCue K, Schaeffer L., Wold B (2008) Mapping and

quantifying mammalian transcriptomes by RNA-Seq. Nature methods 5: 621
628.

Sultan M, Schulz MH, Richard H, Magen A, Klingenhoff A, et al. (2008) A
global view of gene activity and alternative splicing by deep sequencing of the
human transcriptome. Science 321: 956-960.

. Chen H, Liu Z, Gong S, Wu X, Taylor WL, et al. (2011) Genome-Wide Gene

Expression Profiling of Nucleus Accumbens Neurons Projecting to Ventral
Pallidum Using both Microarray and Transcriptome Sequencing. Frontiers in
neuroscience 5: 98.

. Enoch MA, Zhou Z, Kimura M, Mash DC, Yuan Q, et al. (2012) GABAergic

gene expression in postmortem hippocampus from alcoholics and cocaine
addicts; corresponding findings in alcohol-naive P and NP rats. PloS one 7:
€29369.

. Neckar ], Silhavy J, Zidek V, Landa V, Mlejnek P, et al. (2012) CD36

overexpression predisposes to arrhythmias but reduces infarct size in
spontancously hypertensive rats: gene expression profile analysis. Physiological
genomics 44: 173-182.

Shankar K, Zhong Y, Kang P, Blackburn ML, Soares M], et al. (2012) RNA-seq
analysis of the functional compartments within the rat placentation site.
Endocrinology 153: 1999-2011.

. Wood SH, Craig T, Li Y, Merry B, de Magalhaes JP (2012) Whole

transcriptome sequencing of the aging rat brain reveals dynamic RNA changes
in the dark matter of the genome. Age.

. YuC, LiY, Holmes A, Szafranski K, Faulkes CG, et al. (2011) RNA sequencing

reveals differential expression of mitochondrial and oxidation reduction genes in
the long-lived naked mole-rat when compared to mice. PloS one 6: ¢26729.

. Twigger SN, Pruitt KD, Fernandez-Suarez XM, Karolchik D, Worley KC, et al.

(2008) What everybody should know about the rat genome and its online
resources. Nature genetics 40: 523-527.

. Atanur SS, Birol I, Guryev V, Hirst M, Hummel O, et al. (2010) The genome

sequence of the spontaneously hypertensive rat: Analysis and functional
significance. Genome research 20: 791-803.

Su Z, Li Z, Chen T, Li QZ, Fang H, et al. (2011) Comparing next-generation
sequencing and microarray technologies in a toxicological study of the effects of
aristolochic acid on rat kidneys. Chemical research in toxicology 24: 1486-1493.

. Chen KD, Chang PT, Ping YH, Lee HC, Yeh CW, et al. (2011) Gene

expression profiling of peripheral blood leukocytes identifies and validates
ABCBI as a novel biomarker for Alzheimer’s disease. Neurobiology of disease
43: 698-705.

. Ho DW, Yang ZF, Yi K, Lam CT, Ng MN, et al. (2012) Gene expression

profiling of liver cancer stem cells by RNA-sequencing. PloS one 7: ¢37159.

. Huang Q, Lin B, Liu H, Ma X, Mo I, et al. (2011) RNA-Seq analyses generate

comprehensive transcriptomic landscape and reveal complex transcript patterns
in hepatocellular carcinoma. PloS one 6: €26168.

Sung WK, Zheng H, Li S, Chen R, Liu X, et al. (2012) Genome-wide survey of
recurrent HBV integration in hepatocellular carcinoma. Nature genetics 44:
765-769.

. Kensler TW, Roebuck BD, Wogan GN, Groopman JD (2011) Aflatoxin: a 50-

year odyssey of mechanistic and translational toxicology. Toxicol Sci 120 Suppl
1: S28-48.
RoC (2011) Aflatoxins. Rep Carcinog: 32-34.

B1, G1, and B2. Cancer Res 29: 2206-2211.
Wogan GN, Newberne PM (1967) Dose-response characteristics of aflatoxin Bl
carcinogenesis in the rat. Cancer Res 27: 2370-2376.

PLOS ONE | www.plosone.org

RNASeq Liver Profiling of Aflatoxin B1

Acknowledgments

The authors would like to thank John E. French and Kevin E. Gerrish for
critical review of the article. RNA-Seq analysis was carried out by the NIH
Intramural Sequencing Center (NISC). The authors thank the NIEHS
NextGen Sequencing Committee chaired by Paul Wade, Ph.D. for
proposal review and advice. We acknowledge the contribution of Laura
Wharey in RNA quality analysis.

Author Contributions

Conceived and designed the experiments: BAM SSA RRT. Performed the
experiments: BAM SSA. Analyzed the data: DPP DM SMS RRS.
Contributed reagents/materials/analysis tools: DPP DM RRS. Wrote the
paper: BAM.

23.

24.

26.

27.

28.

31

32.

34.

36.

37.

38.

39.

40.

41.

42.

Guengerich FP, Johnson WW, Shimada T, Ueng YF, Yamazaki H, et al. (1998)
Activation and detoxication of aflatoxin B1. Mutat Res 402: 121-128.

Wogan GN, Kensler TW, Groopman JD (2011) Present and future directions of
translational research on aflatoxin and hepatocellular carcinoma. A review.
Food Addit Contam Part A Chem Anal Control Expo Risk Assess: 1-9.

. Auerbach SS, Shah RR, Mav D, Smith CS, Walker NJ, et al. (2010) Predicting

the hepatocarcinogenic potential of alkenylbenzene flavoring agents using
toxicogenomics and machine learning. Toxicology and applied pharmacology
243: 300-314.

Merrick BA, Auerbach SS, Stockton PS, Foley JF, Malarkey DE, et al. (2012)
Testing an aflatoxin b1 gene signature in rat archival tissues. Chemical research
in toxicology 25: 1132-1144.

Trapnell C, Roberts A, Goff L, Pertea G, Kim D, et al. (2012) Differential gene
and transcript expression analysis of RNA-seq experiments with TopHat and
Chufflinks. Nature protocols 7: 562-578.

Mikkola ML, Thesleff I (2003) Ectodysplasin signaling in development. Cytokine
& growth factor reviews 14: 211-224.

Gao W, Mizukawa Y, Nakatsu N, Minowa Y, Yamada H, et al. (2010)
Mechanism-based biomarker gene sets for glutathione depletion-related
hepatotoxicity in rats. Toxicology and applied pharmacology 247: 211-221.

. Borczuk AC, Gorenstein L, Walter KL, Assaad AA, Wang L, et al. (2003) Non-

small-cell lung cancer molecular signatures recapitulate lung developmental
pathways. The American journal of pathology 163: 1949-1960.

Bhatnagar S, Oler AT, Rabaglia ME, Stapleton DS, Schueler KL, et al. (2011)
Positional cloning of a type 2 diabetes quantitative trait locus; tomosyn-2,
a negative regulator of insulin secretion. PLoS genetics 7: ¢1002323.

Asselta R, Rimoldi V, Guella I, Solda G, De Cristofaro R, et al. (2010)
Molecular characterization of in-frame and out-of-frame alternative splicings in

coagulation factor XI pre-mRNA. Blood 115: 2065-2072.

. Aninat C, Piton A, Glaise D, Le Charpentier T, Langouet S, et al. (2006)

Expression of cytochromes P450, conjugating enzymes and nuclear receptors in
human hepatoma HepaRG cells. Drug metabolism and disposition: the
biological fate of chemicals 34: 75-83.

Carcagno AL, Ogara MF, Sonzogni SV, Marazita MC, Sirkin PF, et al. (2009)
E2F1 transcription is induced by genotoxic stress through ATM/ATR
activation. IUBMB life 61: 537-543.

. Farra R, Dapas B, Pozzato G, Scaggiante B, Agostini F, et al. (2011) Effects of

E2F1-cyclin E1-E2 circuit down regulation in hepatocellular carcinoma cells.
Digestive and liver disease : official journal of the Italian Society of
Gastroenterology and the Italian Association for the Study of the Liver 43:
1006-1014.

Shirabe K, Toshima T, Taketomi A, Taguchi K, Yoshizumi T, et al. (2011)
Hepatic aflatoxin BI-DNA adducts and TP53 mutations in patients with
hepatocellular carcinoma despite low exposure to aflatoxin Bl in southern
Japan. Liver international : official journal of the International Association for
the Study of the Liver 31: 1366-1372.

Asim M, Sarma MP, Thayumanavan L, Kar P (2011) Role of aflatoxin B1 as
a risk for primary liver cancer in north Indian population. Clinical biochemistry
44: 1235-1240.

Kirk GD, Bah E, Montesano R (2006) Molecular epidemiology of human liver
cancer: insights into etiology, pathogenesis and prevention from The Gambia,
West Africa. Carcinogenesis 27: 2070-2082.

Bottomly D, Walter NA, Hunter JE, Darakjian P, Kawane S, et al. (2011)
Evaluating gene expression in C57BL/6] and DBA/2] mouse striatum using
RNA-Seq and microarrays. PloS one 6: ¢17820.

Malone JH, Oliver B (2011) Microarrays, deep sequencing and the true measure
of the transcriptome. BMC biology 9: 34.

Trapnell C, Pachter L, Salzberg SL (2009) TopHat: discovering splice junctions
with RNA-Seq. Bioinformatics 25: 1105-1111.

Maruo Y, Iwai M, Mori A, Sato H, Takeuchi Y (2005) Polymorphism of UDP-
glucuronosyltransferase and drug metabolism. Current drug metabolism 6: 91—
99.

April 2013 | Volume 8 | Issue 4 | e61768



43.

44.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

Hanioka N, Nonaka Y, Saito K, Negishi T, Okamoto K, et al. (2012) Effect of
aflatoxin B1 on UDP-glucuronosyltransferase mRNA expression in HepG2 cells.
Chemosphere 89: 526-529.

Kobayashi K, Yoshida A, Ejiri Y, Takagi S, Mimura H, et al. (2012) Increased
expression of drug-metabolizing enzymes in human hepatocarcinoma FLC-4
cells cultured on micro-space cell culture plates. Drug metabolism and
pharmacokinetics.

. Nayak S, Sashidhar RB (2010) Metabolic intervention of aflatoxin B1 toxicity by

curcumin. Journal of ethnopharmacology 127: 641-644.

Kishi M, Emi Y, Sakaguchi M, Ikushiro S, Iyanagi T (2008) Ontogenic isoform
switching of UDP-glucuronosyltransferase family 1 in rat liver. Biochemical and
biophysical research communications 377: 815-819.

Bajic VB, Tan SL, Christoffels A, Schonbach C, Lipovich L, et al. (2006) Mice
and men: their promoter properties. PLoS genetics 2: e54.

Carninci P, Sandelin A, Lenhard B, Katayama S, Shimokawa K, et al. (2006)
Genome-wide analysis of mammalian promoter architecture and evolution.
Nature genetics 38: 626-635.

Fang Z, Martin JA, Wang Z (2012) Statistical methods for identifying
differentially expressed genes in RNA-Seq experiments. Cell & bioscience 2: 26.
Ding L, Wendl MC, Koboldt DC, Mardis ER (2010) Analysis of next-generation
genomic data in cancer: accomplishments and challenges. Human molecular
genetics 19: R188-196.

Givan SA, Bottoms CA, Spollen WG (2012) Computational analysis of RNA-
seq. Methods in molecular biology 883: 201-219.

Umbreit NT, Gestaut DR, Tien JF, Vollmar BS, Gonen T, et al. (2012) The
Ndc80 kinetochore complex directly modulates microtubule dynamics. Proceed-
ings of the National Academy of Sciences of the United States of America 109:
16113-16118.

Silins I, Stenius U, Hogberg J (2004) Induction of preneoplastic rat liver lesions
with an attenuated p53 response by low doses of diethylnitrosamine. Archives of
toxicology 78: 540-548.

Yang Y, Wu F, Ward T, Yan F, Wu Q, et al. (2008) Phosphorylation of
HsMis13 by Aurora B kinase is essential for assembly of functional kinetochore.
The Journal of biological chemistry 283: 26726-26736.

Laws ER Jr (1991) Conservative surgery and radiation for childhood
craniopharyngiomas. Journal of neurosurgery 74: 1025-1026.

Reinhold WC, Erliandri I, Liu H, Zoppoli G, Pommier Y, et al. (2011)
Identification of a predominant co-regulation among kinetochore genes,
prospective regulatory elements, and association with genomic instability. PloS
one 6: €25991.

Ricke RM, van Deursen JM (2011) Aurora B hyperactivation by Bubl
overexpression promotes chromosome missegregation. Cell cycle 10: 3645—
3651.

Josse R, Dumont J, Fautrel A, Robin MA, Guillouzo A (2012) Identification of
early target genes of aflatoxin Bl in human hepatocytes, inter-individual
variability and comparison with other genotoxic compounds. Toxicology and
applied pharmacology 258: 176-187.

Trzos R]J, Petzold GL, Brunden MN, Swenberg JA (1978) The evaluation of
sixteen carcinogens in the rat using the micronucleus test. Mutation research 58:
79-86.

Biswas AK, Johnson DG (2012) Transcriptional and nontranscriptional
functions of E2F1 in response to DNA damage. Cancer research 72: 13-17.
Reed CA, Mayhew CN, McClendon AK, Yang X, Witkiewicz A, et al. (2009)
RB has a critical role in mediating the in vivo checkpoint response, mitigating
secondary DNA damage and suppressing liver tumorigenesis initiated by
aflatoxin B1. Oncogene 28: 4434-4443.

Lee SJ, Lee YS, Zimmers TA, Soleimani A, Matzuk MM, et al. (2010)
Regulation of muscle mass by follistatin and activins. Molecular endocrinology
24: 1998-2008.

Grusch M, Drucker C, Peter-Vorosmarty B, Erlach N, Lackner A, et al. (2006)
Deregulation of the activin/follistatin system in hepatocarcinogenesis. Journal of

hepatology 45: 673-680.

PLOS ONE | www.plosone.org

19

64.

66.

67.

68.

69.

70.

71.

72.

73.

74.

78.

79.

80.

81.

RNASeq Liver Profiling of Aflatoxin B1

Ooe H, Chen Q, Kon J, Sasaki K, Miyoshi H, et al. (2012) Proliferation of rat
small hepatocytes requires follistatin expression. Journal of cellular physiology
227: 2363-2370.

. Dean RA, Butler GS, Hamma-Kourbali Y, Delbe J, Brigstock DR, et al. (2007)

Identification of candidate angiogenic inhibitors processed by matrix metallo-
proteinase 2 (MMP-2) in cell-based proteomic screens: disruption of vascular
endothelial growth factor (VEGF)/heparin affin regulatory peptide (pleiotro-
phin) and VEGF/Connective tissue growth factor angiogenic inhibitory
complexes by MMP-2 proteolysis. Molecular and cellular biology 27: 8454
8465.

Szlama G, Kondas K, Trexler M, Patthy L (2010) WFIKKN1 and WFIKKN2
bind growth factors TGFbetal, BMP2 and BMP4 but do not inhibit their
signalling activity. The FEBS journal 277: 5040-5050.

Roberts ME, Magowan L, Hall IP, Johnson SR (2011) Discoidin domain
receptor 1 regulates bronchial epithelial repair and matrix metalloproteinase
production. The European respiratory journal : official journal of the European
Society for Clinical Respiratory Physiology 37: 1482-1493.

Ferri N, Carragher NO, Raines EW (2004) Role of discoidin domain receptors 1
and 2 in human smooth muscle cell-mediated collagen remodeling: potential
implications in atherosclerosis and lymphangioleiomyomatosis. The American
journal of pathology 164: 1575-1585.

Theret N, Musso O, Turlin B, Lotrian D, Bioulac-Sage P, et al. (2001) Increased
extracellular matrix remodeling is associated with tumor progression in human
hepatocellular carcinomas. Hepatology 34: 82-88.

Sze KM, Wong KL, Chu GK, Lee JM, Yau TO, et al. (2011) Loss of
phosphatase and tensin homolog enhances cell invasion and migration through
AKT/Sp-1 transcription factor/matrix metalloproteinase 2 activation in
hepatocellular carcinoma and has clinicopathologic significance. Hepatology
53: 1558-1569.

Ng KT, Qi X, Kong KL, Cheung BY, Lo CM, et al. (2011) Overexpression of
matrix metalloproteinase-12 (MMP-12) correlates with poor prognosis of
hepatocellular carcinoma. European journal of cancer 47: 2299-2305.

Muzio G, Maggiora M, Paiuzzi E, Oraldi M, Canuto RA (2012) Aldehyde
dehydrogenases and cell proliferation. Free radical biology & medicine 52: 735~
746.

Furuyama K, Kawaguchi Y, Akiyama H, Horiguchi M, Kodama S, et al. (2011)
Continuous cell supply from a Sox9-expressing progenitor zone in adult liver,
exocrine pancreas and intestine. Nature genetics 43: 34-41.

Dolle L, Best J, Empsen C, Mei J, Van Rossen E, et al. (2012) Successful
isolation of liver progenitor cells by aldehyde dehydrogenase activity in naive
mice. Hepatology 55: 540-552.

. Bisgaard HC, Holmskov U, Santoni-Rugiu E, Nagy P, Nielsen O, et al. (2002)

Heterogeneity of ductular reactions in adult rat and human liver revealed by
novel expression of deleted in malignant brain tumor 1. The American journal
of pathology 161: 1187-1198.

. Coban Z, Barton MC (2012) Integrative genomics: liver regeneration and

hepatocellular carcinoma. Journal of cellular biochemistry 113: 2179-2184.

. Anders S, Huber W (2010) Differential expression analysis for sequence count

data. Genome biology 11: R106.

Roberts A, Pimentel H, Trapnell C, Pachter L (2011) Identification of novel
transcripts in annotated genomes using RNA-Seq. Bioinformatics 27: 2325
2329.

Trapnell C, Williams BA, Pertea G, Mortazavi A, Kwan G, et al. (2010)
Transcript assembly and quantification by RNA-Seq reveals unannotated
transcripts and isoform switching during cell differentiation. Nature bio-
technology 28: 511-515.

Langmead B, Salzberg SL (2012) Fast gapped-read alignment with Bowtie 2.
Nature methods 9: 357-359.

Storey JD, Tibshirani R (2003) Statistical significance for genomewide studies.
Proceedings of the National Academy of Sciences of the United States of
America 100: 9440-9445.

April 2013 | Volume 8 | Issue 4 | e61768



