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passages 10 and 15. As shown in Figure 1B and C, proliferation
of HMEC was significantly enhanced through treatment with
107 M BPA and 10° M E2 at passage 10 and passage 15, respec-
tively. These observations indicated that increased proliferation
induced by exposure to BPA or E2 at an early passage persists
during later cell divisions.

Effects of BPA exposure on the colony formation of HMEC.
We found that BPA and E2 treatment enhanced cell proliferation,
possibly also resulting in enhanced cellular senescence. To eluci-
date whether the enhanced cell proliferation by BPA and E2 had
any effect on the carcinogenic status of HMEC, we employed a
3D “on-top” assay that offers the advantages of both 2D and 3D
analysis.”

Cells covered with Matrigel produced rounded ductal colonies
similar to spheres comprising a monolayer of epithelial cells, indi-
cating that ductal formation had successfully occurred through
coating with the Matrigel. The morphological status of HMEC
at passage 13, which had been treated with BPA at passage 8,
was assessed via the 3D “on-top” assay (Fig. 2A). Significant
increases in sphere size of HMEC were found in the 107 M BPA
and 10° M E2 treatment groups (Fig. 2B). The 3D “on-top”
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re count, size

assay demonstrated that exposure to BPA and E2 at passage 8 can
affect sphere formation in HMEC at later passages.

Recent studies have described that the balance between pro-
liferation and senescence is important to develop cancer when
normal cells are damaged by exogenous stimuli.'*® We then
wished to determine whether BPA exposure could alter the bal-
ance between proliferation and senescence in HMEC. Therefore,
we simultaneously examined the expression of cell cycle, prolif-
eration and senescence markers in HMEC at passages 10 and 13,
2 to 5 weeks post-chemical treatment. Three-color fluorescence
imaging analyses characterized the distribution of cells of various
stages with Hoechst, HP1y and BrdU (Fig. 3A). Hoechst stain-
ing indicates the number of nuclei in all cells. BrdU incorpo-
ration into nuclei represents identification of cells in the early
S phase. HP1vy-positive cells at the early senescence stage (pas-
sage 10) were significantly increased by exposure to 107 M BPA
(Fig. 3B, left part). At the late senescence stage (passage 13), a
significant increase in HP1y-positive cells was observed by expo-
sure to both 10® M and 107 M BPA (Fig. 3B, right part). A
significant increase in BrdU-positive cells was demonstrated by
exposure to 10 M BPA at passages 10 and 13 (Fig. 3C).
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Gene and protein expression analysis. To determine the
effects of BPA on the cellular growth of HMEC at the transcrip-
tional level, gene expression analyses using a PCR array for mam-
mary cancer-related genes were performed in HMEC at passage
11. Genes showing differential expression with BPA exposure are
summarized in Figure 4A. It is noteworthy that the downregu-
lated genes are associated with cell cycle control in many cases. A
knowledge-based gene interaction network was then analyzed to
determine how BPA at a dose of 10® M plays a role in signaling
associated with cell cycle control (Fig. 4B). CCNEI, CCNA2 and
CDKNZ2A, which are among the key molecules underlying G -S
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control during the cell cycle, were downregulated or unchanged in
BPA-treated HMEC. Other factors related to cell growth such as
EGFR, ERBB2, PTGS2 and IGFBP2 were increased by BPA treat-
ment at 10® M or 107 M (Fig. 4A). These observations indicate
that the increased proliferation we observed in the BPA-treated
cells may have been due to enhanced G,-S progression resulting
from the decreased expression of negative cell cycle regulators.
Knowledge-based network analysis was then performed to fur-
ther clarify these findings. Network analysis for gene expression
profiling at 10* M of BPA found that Tp53 upregulated CDKN2A
and CCNAZ2, and indirectly interacted with CCNE], and that the
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upregulation of FASLG, CTSB, IGFBP2 and
PAPPA were not associated with TP53.
Wealso investigated the effects of BPAexpo-
sure on protein expression of p16 (CDKN2A),
p53 (TP53) and Cyclin E (CCNEL) in HMEC
using western blot analysis. As shown in
Figure 5, BPA exposure did not have a signifi-
cant effect on p53 protein expression, while a
dose-dependent increase in pl6 protein expres-
sion was observed. Downregulation at 10 M

p16
p53
cyclin E
beta-acti
DMSO 108 M 107M
BPA BPA

BPA and upregulation at 107 M BPA of Cyclin
E protein expression were also observed.
DNA methylation patterns. Alterations in
DNA methylation patterns are associated with
the development of a variety of human cancers,
including breast cancer.®® Previous studies
have found promoter hypermethylation of in
situ lesions and identified aberrant methyla-
tion at the promoters of candidate genes, which
include GSTPI, CCND2, RARB2, TWISTI,
RASSFIA, HIC1, CDKN2A, SFN (TP53),
BRCAI, CCNAl, THBSI, TNFRSF and
APC133 Therefore, BPA-induced changes
in the methylation status of 24 gene promot-
ers were investigated via quantitative real-time
PCR arrays in this study. Table 1 shows that

o

Relative intensity

107 M BPA

DMSO 108 M BPA

seven gene promoters exhibited changes of
more than 10% in hypermethylation status f
between DMSO control and BPA-exposed '
cells (Table 1). These genes exhibited an i
increased percentage of promoter hypermeth- I
ylation by BPA exposure including BRCAI, E
CCNAI, CDKN2A, THBSI, TNFRSFI0C
and TNFRSFI0D, while HICI had decreased
promoter hypermethylation by BPA exposure.

Discussion

To investigate how BPA affects the carcinogenesis process in nor-
mal breast cells, we exposed HMEC to this agent at an early pas-
sage for a duration of 1 week and examined subsequent effects on
cell proliferation, gene expression and DNA methylation at the
stage of later passages. HMEC are a model system for studying
early events in mammary tumorigenesis, and they have a nor-
mal karyotype and enter senescence after a lengthy culture, while
neoplastic cells are allowed to continuously grow, thus overcom-
ing the barrier of cellular senescence.** HMEC morphology and
growth status in in vitro culture assay have been shown to be
closely connected with malignancy in a comparison involving 25
mammary-gland-derived cell lines.”
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In the current study, we focused on the effects of early-passage
exposure to BPA in later-passage HMEC. In non-treated HMEC,
the rate of cell growth slowed at approximately passage 15
(Fig. 1A), indicating the onset of cellular senescence, as HMEC
are not immortalized. In contrast, HMEC treated with E2 or
BPA did not show a reduced cell proliferation rate at approxi-
mately passage 15 (Fig. 1A). Our previous study showed that the
telomerase activity of BeWo cells was enhanced by their exposure
to E2 or 2,3,7,8-tetrachlorodibenzo-p-dioxin, a known endocrine
disrupting agent.?> This suggests that BPA might also upregulate
telomerase activity in HMEC, resulting in an extended lifespan
until a crisis point is eventually reached and cell division ceases.

To clarify the effects of BPA and E2 treatment on cell growth,
a 3D “on-top” assay was performed using Matrigel, which is the
optimal coating material for HMEC in this assay. Our opti-
mized 3D “on-top” assay showed that BPA and E2 enhanced the
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Table 1. Promotor methylation status of genes in HMEC at passage 12

- NM_003914

TNFRSF10D NM_003840 51%  949%  0.0%

HM, hypermethylated; UM, un-methylated, IM intermediately methylation

17.7% 12.6% 12.6% - 0.0%

. Cells were treated with vehicle (DMSO) and 10-® M BPA at passage 8 (7 d

period). findicated that different probes of the promoter region of CDKN2A were used in this assay.

nuclear count for each HMEC colony and increased the area of
these colonies at passage 13. Kenny et al.?’ reported morphologi-
cal differences among colonies under 3D “on-top” analysis of 25
mammary cancer-derived cell lines, and they could be classified
into four groups of “round,” “mass,” “grape-like” and “satellite.”
Relatively fewer malignant cells show round-shaped colonies
in the 3D “on-top” assay, and most malignant grades result in
grape-like or satellite shapes.” In our study, HMEC showed a
“mass” shape (Fig. 2), and treatment with BPA or E2 did not
change the shape of the colonies, but increased the size and cell
numbers for each colony. These results indicated that BPA expo-
sure at passage 8 had a subsequent effect on the cell growth of
HMEC. The increased nuclear count and body area of spheres
indicated overgrowth of the differentiated colony, possibly indi-
cating a hyperplastic state. This may provide a key insight into
the potential adverse effects of BPA upon the status of the mam-
mary gland, which may result in carcinogenesis.

BPA exposure was found to increase the number of HP1y-
positive cellsin HMEC at passages 10 and 13 in our study (Fig, 3A
and B). At the late senescence stage (passage 13), both 10® M
and 107 M BPA exposure increased HP1y-positive cells but not
BrdU-positive cells. A previous study reported that the onset of
senescence induces an increase in the number of positive nuclear
bodies that contain HP1y.>%* HP1vy protein is also known to be
positive for the entire nuclear area in the eatly S stage® and the
G,/S stage of the cell cycle.”*** When non-immortalized cells are
close to their cell division limit, they often show positive SA-Bgal
activity in the cytoplasm and senescence-associated DNA foci in
nuclei containing HP1y.¥” Therefore, there are several possible
explanations for the increased nuclear HP1y-positive nuclei by
BPA exposure in this study, such as enhanced cellular senescence
or a delayed cell cycle progression during the G,/S stage.

To elucidate the effects of BPA on enhanced cellular senes-
cence or a delayed cell cycle progression during the G,/S stage
in HMEC, gene and protein expressions of mammary cancer-
related genes were investigated in this study. Cyclin E protein
expression was increased by exposure to BPA at the high dose
(107 M), but not at the low dose (10 M) (Fig. 5). This might
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partly explain our findings that BPA exposure at the high dose
but not the low dose at passage 8 significantly increased HEMC
growth at passages 10 and 13 (Fig. 1B and C). Cyclin E is cycli-
cally expressed during the cell cycle, and it binds and activates the
cyclin-dependent kinase Cdk2 and catalyzes the transition from
the G, phase to the S phase.®*> Our findings suggest that Cyclin
E might play an important role in BPA-induced cell growth of
HMEC. However, a discrepancy between Cyclin E gene and
protein expression following BPA treatment was observed in our
study (Figs. 4A and 5). The regulation of Cyclin E is through
transcriptional regulatory mechanisms or through protein degra-
dation by the proteasome pathway.#® It is known that SCF (Skpl-
Cullin-F-box) ubiquitin ligases regulate the degradation of many
proteins involved in the control of cell division and growth %%
Indeed, it has been reported that the amount of Cyclin E protein
present in the cell is tightly controlled by ubiquitin-mediated pro-
teolysis and one ubiquitin ligase responsible for Cyclin E ubiqui-
tination is known as SCF™.4647 Fyrthermore, it was found that
phosphorylation within N- and C-terminal legions of Cyclin E
plays a critical role in the binding of Cyclin E to SCF™* and thus
its ubiquitination and proteasomal degradation.48 Therefore, one
possible explanation of our results is that BPA exposure might
affect the phosphorylation of Cyclin E. Interestingly, a recent
study that analyzed the effects of a low dose of BPA in a testicu-
lar cell line revealed that this compound induces the activation
of cAMP response-element-binding protein and strongly induces
the phosphorylation of retinoblastoma protein (Rb).” These
findings support our hypothesis that the effect of BPA exposure
on mammary cell proliferation is related with the dysregulation
of cell cycle regulatory genes, since the activation of Rb is also
known to enhance the cell cycle, particularly at the G-S tran-
sition. An animal study recently found that BPA exposure can
significantly accelerate mammary tumorigenesis and metastasis
in MMTV-erbB2 mice, and one of the underlying mechanisms
includes the regulation of phosphorylation of proteins involved
in the Akt pathway.” Because the overexpression of Cyclin E has
been related to progression of a variety of cancers and constitu-
tive expression of Cyclin E leads to genomic instability, further
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study on the mechanism by which long-term BPA exposure could
mediate Cyclin E expression might provide an insight into the
potential carcinogenic activity of BPA in the mammary gland.

Another interesting finding of our study is that BPA expo-
sure appeared to promote cellular senescence and proliferation of
HEMC simultaneously (Figs. 1-3). This was supported by our
findings that BPA exposure increased pl6 protein expression in a
dose-dependent manner; p16 has recently been found to promote
aging in murine cells’® Indeed, there has been increased atten-
tion on the balance between convergent and divergent mecha-
nisms of cancer and aging.'*” Both cancer and aging are fuelled
by the accumulation of cellular damage. Additionally, one con-
cern regarding BPA is that differing doses of BPA may function
in distinctly different, and sometimes opposing, manners at both
the tissue and molecular level.® Our study suggests that effects
of BPA exposure at differing doses on the balance of cancer and
aging in the mammary gland might partly contribute to this
issue.

Eckhardt et al.*! reported that approximately one-third of the
differentially methylated 50-UTRs were inversely correlated with
transcription in normal tissues. Radpour et al. and other research-
ers also reported that 10 hypermethylated genes (APC, BINI,
BMP6, BRCAI, CST6, ESRb, GSTPI1, CDKN2A, CDKNIA and
TIMP3) were identified for distinguishing between cancerous
and normal tissues** Therefore, hypermethylation of tumor
suppressor genes causes the inactivation of genes that are impor-
tant in suppressing the development of most or all tumor types.
In our study, we observed increases in DNA hypermethylation
of BRCAI, CCNAI, CDKN2A, THBSI and TNFRSF in BPA-
exposed HMEC (Table 1). We were interested in CDKN2A
hypermethylation status by exposure to BPA because CDKN2A
and GSTPI showed significantly (p < 0.002) higher mean meth-
ylation levels in increasing grades (I, II, III) of invasive ductal
breast cancer in a study by Moelan et al. Interestingly, both of the
two CDKN2A probes increased levels of DNA hypermethylation
by exposure to BPA, although DNA hypermethylation levels of
GSTPI were not altered in our study. CDKN2A (pl6), an inhibi-
tor of the cyclin D-dependent protein kinases, is a tumor sup-
pressor gene, and is altered in several tumor types.’® Correlation
of CDKN2A hypermethylation with CDKN2A protein loss has
been previously reported and its loss of function has been associ-
ated with the development of a variety of cancers>*® Our find-
ing is inconsistent with these previous studies, which found that
exposure to BPA in HMEC at passage 8 induced CDKN2A pro-
tein expression at passage 11 and promoter hypermethylation at
passage 12. However, a study using tumor tissues derived from
patients diagnosed with endometrial carcinoma found that loss
of nuclear pl6 protein expression is not associated with promoter
methylation.” Our study indicates that the mechanism by which
BPA upregulates CDKN2A protein expression appears to be
complicated and further study is required for clarification.

In summary, our present study is the first to address the long-
lasting effects of BPA exposure over multiple cellular passages of
HMEC. The underlying mechanism might include genetic and
epigenetic dysregulation of cell cycle regulatory genes or tumor
suppressor genes.
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Materials and Methods

Chemicals. Dimethyl sulfoxide (DMSO) and E2 were obtained
from Sigma Chemical Co. BPA was obtained from Wako
Industries. DMSO was used as the primary solvent for all chemi-
cals, and DMSO solutions were further diluted in cell culture
media for treatment. The final concentrations of DMSO in the
media did not exceed 0.1% (vol/vol).

Cell culture and chemical treatment. HMEC were obtained
from Cambrex Bio Science and maintained in accordance with
the supplier’s instructions. Briefly, the cells were cultured in
plastic dishes with MEGM SingleQuots medium in an incuba-
tor at 37°C in 5% CO,. HMEC were supplied at passage 7, and
were grown to passage- 8 prior to use in the experiments. BPA
at final concentrations of 107 M and 10® M or E2 at 10° M
was added to the culture media of passage 8 in HMECs and
maintained for a period of 1 week. During this week, the culture
media were changed twice with media containing the original
BPA concentrations. The culture was then further grown until
it was harvested for phenotype and gene expression analysis in
media without chemicals. The cumulative population doublings
(PDs) as a determinant of cellular lifespan were measured as
previously described in reference 26. Briefly, the total number
of cells harvested from each subculture was calculated and the
number of accumulated PDs per passage was determined by the
equation PD = (A/B)/log2, where A is the number of harvested
cells and B is the number of plated cells.?® Data were obtained
from 6 duplicate cultures at each passage. The cumulative PDs
from passage 8 to 16 were measured twice to validate the repro-
ducibility of the results. The 3D “on-top” in vitro culture assay
was performed essentially as described previously with different
biocoated plates” (BD BioCoat Cellware Matrigel or Collagen
Type I Coated Cellware plate, BD Biosciences).

Immunofluorescence cytochemistry. HMEC were trans-
ferred to 3D culture systems at passage 11 and maintained
until passage 13. HMEC were then fixed in 4% neutralized
paraformaldehyde solution for 60 min and blocked with 3%
normal goat serum (NGS)/0.5% Triton X-100 in phosphate-
buffered saline (PBS). The primary antibodies used were mouse
monoclonal antibodies for human heterochromatin protein-1y
(HP1y, S-19; Santa Cruz Biotechnology, sc-101004), and a rab-
bit polyclonal antiserum to a-tubulin (Abcam, ab15246). The
secondary antibodies were anti-mouse Alexa 546 and Alexa
Fluor 488 goat anti-rabbit IgG antibodies (Invitrogen). For the
measurement of 5-bromo-2'-deoxyuridine (BrdU) incorporation
during DNA synthesis, a cell proliferation fluorescence kit (GE
Healthcare, 25-9001-89) was used according to the instruc-
tion manual. DNA was visualized by Hoechst staining (Wako
Industries) and F-actin was visualized using Alexa Fluor 568
phalloidin (Invitrogen). Immunofluorescence staining signals
were detected with an IN Cell Analyzer 1000 (GE Healthcare),
a multiple-imaging analyzer, and morphological analysis was
performed using IN Cell Investigator image analysis software
(GE Healthcare).

Gene expression analysis. Total RNA was extracted using an
RNeasy kit (Qiagen) when cells at passage 11 were approximately
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70% confluent. These preparations were then used to detect the
expression of 83 genes (Table S1), which have been reported
to be frequently expressed in mammary cancers using a real-
time RT-PCR method, Superarray-qPCR (Estrogen Receptor
Signaling PCR Array, SA Biosciences). Gene expression was
normalized by B-actin expression and set to 1 for the control
DMSO-treated cells.

Western blot analysis. HMEC treated with BPA for a period
of 1 week at passage 8 were lysed at passage 11 using RIPA buf-
fer (Santa Sruz Biotechnology). After boiling at 99°C for 5 min,
the protein samples were resolved by sodium dodecyl sulfate
(SDS) PAGE on a 4-20% gel and transferred to a polyvinylidene
difluoride membrane (Bio-Rad Laboratories). After blotting in
tris-buffered saline (TBS) with 5% nonfat dry milkTris buff-
ered saline and 0.1% Tween, the membrane was probed with p16
(1:10,000 dilution, Abcam, ab51243), p53 (1:200 dilution, Santa
Cruz Biotechnology, sc-126), cyclin E (1:200 dilution, Santa
Cruz Biotechnology, sc-198), and B-actin (1:200 dilution, Santa
Cruz Biotechnology, sc-7210) primary antibodies. Blots were
then incubated with horseradish peroxidase-conjugated anti-rab-
bit or anti-mouse secondary antibodies (ECL plus western blot-
ting reagent pack, 1:10,000 dilution, GE Healthcare, RPN2124).
The immune complex was detected with the Amersham ECL Plus
western blotting Detection System (GE Healthcare, RPN2132).
The blots were exposed to Hyperfilm (Amersham Pharmacia
Biotech), and bands were quantified with Image] densitometry
software (National Institutes of Health).

DNA methylation pattern assay. Genomic DNA from
HMEC at passage 12 was isolated using the Qiagen DNeasy
kit according to the manufacturer’s instructions. Differentially
methylated fractions of DNA were then prepared using a Methyl-
Profiler DNA Methylation Enzyme Kit (SA Biosciences). After
DNA had been digested, digested DNA samples were prepared
with real-time PCR using a Methyl-Profiler DNA Methylation

PCR Array (SA Biosciences, MEAH-011A). The MEAH-011A
was loaded with 24 gene promoters.

Bioinformatics and statistical analysis. Gene networks
representing key genes for BPA exposure were identified using
GNCPro (SA Biosciences), which is a free online software and an
in silico research tool for collating gene and pathway interactions
with integrating collective biological knowledge through text
mining, data mining, data acquisition and computational pre-
diction. The interactions among a group of genes are represented
graphically and are interactive. All experiments in this study were
performed independently two or more times to test the repro-
ducibility of the results. Quantitative data are expressed as the
means + SD, except those for mRNA expression levels, which are
expressed as the mean of two independent experiments. A non-
parametric test, the Mann-Whitney U test, was applied to test
for statistical significance. Values of p < 0.05 were considered to
indicate statistical significance.
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Abstract—Chemical toxicity threat our daily health, especially
for embryos. Reveling toxicity-dependant regulation in human
embryo is one of the effective approaches to prevent some
chemical effects. In previous study, we developed a network
inference approach, based on Structural Equation Modeling
(SEM). In this study, we improved the SEM approach and
applied this enhanced approach to expression profiles in
human embryonic stem cells exposed to various chemicals. The
inferred gene regulatory models among neurodevelopment
related genes clarify the differences between chemicals, and the
network shapes reflected the features of chemical toxicities.
The effects of Acrylamide toxicity finally aggregated to a
neuronal cell-related gene, even though Diethylnitrosamine
distarbed normal cell differentiation-related  genes.
Furthermore, gene regulatory network with Thalidomide was
complicated, but embryonic development-related genes were
estimated as the finally effected genes by Thalidomide toxicity.

Keywords-Structural Equation Modeling; Embryonic Stem
Cell; Gene Regulatory Network; Chemical Toxicity.

I INTRODUCTION

We are exposed to many chemicals in our daily life, and
chemical toxicity is known to exert harmful effects on
human health. Actually, some diseases are caused by
exposure to environmental pollution [1][2], including
chemicals such as methylmercury [3}[4], and so on.
Furthermore, some chemical toxins are threatening, since
they can cause abnormal cell differentiation in embryos
[51[6][7]. Clarifying the details of the toxic stress response in
embryonic cells is crucial for the prevention of harmful
chemical effects [8][9].

To gain a better understanding of the role of the toxic
stress response, a gene regulatory network is useful. With the
gene expression information, the regulatory networks among
the genes can be inferred. Various algorithms, including
Boolean and Bayesian networks, have been developed to
infer complex functional gene networks [10][11]. In our
former investigation, we developed an approach based on
graphical Gaussian modeling (GGM). The GGM approach is
combined with hierarchical clustering for calculations with
massive amounts of gene expression data, and we can infer
the huge network among all of the genes by this approach
[12][13]. However, GGM infers only the undirected graph,
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whereas the Boolean and Bayesian models infer the directed
graph, which shows causality.

Recently, we developed a new statistical approach, based
on Structural Equation Modeling (SEM) in combination with
factor analysis and a four-step procedure [14]. This approach
allowed us to reconstruct a model of transcriptional
regulation that involves protein-DNA interactions, from only
the gene expression data. Furthermore, SEM approach
allows us to strictly evaluate the inferred model by using
fitting scores. The SEM approach is available for the
detection of causality among selected genes, as the linear
relationships between genes are assumed to minimize the
difference between the fitted model covariance matrix and
the calculated sample covariance matrix [15][16][17].

Here, we applied the SEM approach to the limited
expression data of neurodevelopment related genes in human
embryonic stem cells exposed to various chemicals. The
chemicals were considered to be toxic and to adversely affect
the neurodevelopment related genes. Thus, inferring the gene
regulatory network among neurodevelopment related genes
will help to elucidate the toxic stress response in the human
embryo. Since the regulatory interactions among the genes
were unclear, a new approach for assuming an initial model
should be developed for the application of SEM. In this
study, we used an improved SEM approach that includes a
new method for constructing a preliminary initial model, in
the absence of known regulatory interactions. The resulting
gene expression data clarified the chemical-specific
interactions among the neurodevelopment related genes.

II. MATERIAL AND METHODS

A. Expression data

We were provided the expression data which were
measured in previous investigation [6], and the details of
data are follows. The nine genes considered to be affected by
chemicals were measured in the human embryonic stem
cells: GATA2, LmxlA, MAP2, Nanog, Nestin, Nodal,
Oct3/4, Pax6 and Tujl [6][18]. As an internal control, the
expression of beta-actin was also measured. The expression
data were obtained from human embryonic stem cells
exposed to 15 chemicals [6][18]. The toxicity of each
chemical was classified into one of three types: Neurotoxic,
Carcinogenic and others. The human embryonic cells were
exposed to each chemical for several time periods: 24 hours,
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48 hours, 72 hours and 96 hours. Each chemical was also
tested at 5 concentrations: very low, low, middle, high and
very high. The expression of the selected genes was
measured twice under each condition by RT-PCR, and thus
300 expression patterns per gene were measured [18].

The measured expression level of each gene was
normalized as follows:

1& e 1
8 W;mgz[,._g] M)

ebAcn'n

Here, N is the number of repeated experiments, e; is the
measured expression level of gene g under one set of
conditions, and e, . is the beta-actin expression level

measured under the same conditions. The expression level of
each gene was divided by that of beta-actin, for intracellular
normalization. To minimize the experimental error, the
logarithms of the normalized expression data were obtained
and averaged.

B.  Extraction of causalities from expression data

For the iteration of model fitting in SEM, an initial model
should be assumed from known information. To construct
the initial model among the 9 neurodevelopment genes from
the time series expressions, we applied cross correlation to
the expression profiles measured for each chemical and each
concentration.

Cross correlation is utilized as a measure of similarity
between two waves in signal processing by a time-lag
application, and it is also applicable to pattern recognition
[19]. The cross correlation values range between -1 and +1.
In a time series analysis, the cross correlation between two
time series describes the normalized cross covariance
function. Let X, = {x,,---,x, }, ¥, = {y,--, , } represent two

time series data including N time points, and then the cross
correlation is given by

M=

{xz - ;}{ym-d _;} (2)

-
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[
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where d is the time-lag between variables X and Y. In this
case, the expression profiles were measured at 4 time points,
and thus three cross correlations of each gene pair were
calculated with d =—-1,0,1.

C. Construction of the initial model

In this study, we focused on the chemical-specific
regulatory network, and thus the differences between times
and concentrations could be merged for the construction of
the initial model. Figure 1 shows the new method developed
for constructing an initial model of each chemical, with the
merging of several conditions. The time difference was
summarized by the cross correlations among genes. The time

Copyright (c) The Government of National Institute of Advanced Industrial Science and Technology, 2012. Used by permission to 12RIA.

lag, which was defined for the calculation of the cross
correlation, was used for the extraction of causality between
all gene pairs. According to the time lags, three cross
correlations were calculated between each gene pair, and we
compared them with the absolute values of the cross
correlations. The value d, with the highest cross correlation,
was selected as the causal information between the gene
pairs, and a matrix composed of the selected ds was
constructed as the time lag matrix of each chemical at one
concentration. Thus, five time lag matrices were constructed
for each chemical (Fig. 1a).

To obtain the chemical-specific interactions among genes,
we extracted the binomial relationships between gene pairs
from the five constructed time lag matrices for each chemical
(Fig. 1b). From the binomial relationships, we constructed a
frequency matrix for each chemical, composed of the
frequencies of all gene pairs (Fig. 1c). In this step, the
difference in the concentration is merged as the frequency in
the matrix. We extracted the gene pairs with frequency
matrix values greater than or equal to two, as the chemical-
specific regulation (Fig. 1d). From the extracted relationships
between the genes, we reconstructed an initial model for
each chemical (Fig. le). These initial models included the
time series information as the directions of edges, and the
different concentrations of each chemical were summarized
as the existence of edges in the model.

g2 -> gl
gl > g9

g2 > g8
g9 > g8

N d.
G € Gy
g .
g /_,L\ o C=| :
;, . /X\* € Cyo
& G ifc; 22, g, —>g

Figure 1. Developed procedure for initial model construction.

The procedure for constructing an initial model from the time-lag
information of the cross correlation coefficients. (a) Time-lag matrices for
each chemical. In this study, three time-lags were selected for the
calculation of the cross correlation coefficients. Thus, three cross
correlation coefficient values were obtained between all gene pairs. The
time-lag value with the highest absolute value among the cross
correlation coefficients was selected. Time-lag matrices were constructed
for each concentration, so five time-lag matrices were obtained for each
chemical. (b) Binomial relationships. These relationships were extracted
from the five time-lag matrices. If the same relationships exist in several
concentration matrices, then the extracted binomial relationships are
duplicated in this step. (c) Frequency matrix of causal relationships
between all gene pairs. From the binomial relationship, we can count the
frequency of relationships between gene pairs. (d) Selection of possible
causal relationships from the frequency matrix. The possible relationships
between genes are considered to persist at several chemical
concentrations. Thus, we selected the relationships with two or more
values in the frequency matrix. (¢) Construction of an initial model with
selected causal relationships. By this approach, an initial model can

include cyclic structures,
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D. Structural Equation Modeling without Latent Variables
(SEM without LV)

In general, SEM is a comprehensive statistical model that
includes two types of variables: observed and latent. These
variables constitute the structural models that consider the
relationships between the latent variables and the
measurement models that consider the relationships between
the observed variables and the latent variables. These
relationships can be presented both algebraically, as a system
of equations, and graphically, as path diagrams.

In this study, the selected genes (GATA2, LmxlA,
MAP2, Nanog, Nestin, Nodal, Oct3/4, Pax6 and Tujl),
which are related to neurogenesis, were defined as the
observed variables. Meanwhile, none were defined as latent
variables. All observed variables were categorized into one
of two types of variables, exogenous and endogenous,
according to their interactions with other variables.
Exogenous variables are those that are not regulated by the
other variables, and endogenous variables are regulated by
the others. In the initial model, the starting genes are defined
as exogenous variables, while all other genes are defined as
endogenous variables. Regulatory relationships exist
between the observed variables in the network models. The
model is defined as follows:

y=Ay+e 3)

Here, y is a vector of p observed variables (measured gene
expression patterns), and A is a p X p matrix representing
the regulatory relationships between the observed variables.
Errors that affect the observed endogenous variables are
denoted by & . The SEM software package SPSS AMOS
17.0 (IBM, USA) was used to fit the model to the data.

E. Parameter Estimation

Parameter estimation was performed by comparing the
actual covariance matrix, calculated from the measured data,
and the estimated covariance matrices of the constructed
model. Maximum likelihood is commonly used as a fitting
function to estimate SEM parameters:

F,.(S,2(6))=1log=(6) - loglS| +t(Z(6) ' S)-p 4

Here, X(6) is the estimated covariance matrix, S is the
sample covariance matrix, IZ' is the determinant of matrix

%, tr(X) is the trace of matrix X, and p is the number of
observed variables. The principal objective of SEM is to
minimize F,, (S,2(0)), which is the objective function
and is used to obtain the maximum likelihood. Generally,
F,,;(S,Z(0)) is a nonlinear function. Therefore, iterative
optimization is required to minimize F}; (S,Z(6)) and to
find the solutions [20]. '
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F.  [Iteration for Optimal Model

The regulatory network analysis by SEM consists of two
parts: parameter fitting and structure fitting, After the
parameters of the constructed model are estimated by
maximum likelihood, the network structures are evaluated
according to the goodness of fit between the constructed
model and the measured data. Through acceptance or
rejection of the models, the optimal model that describes
measured data can be selected.

In the network model, the covariance matrix between
variables is calculated by the estimated parameters. The
similarity between a constructed model and the actual
relationships is predicted by comparing the matrix calculated
from the network model to the matrix calculated from the
actual data. To detect quantitative similarity between a
constructed model and an actual relationship, fitting scores
were developed. In this study, the quality of the fit was
predicted by four different fitting scores: GFI, AGFI, CFI
and RMSEA. Values of GFI, AGFI and CFI above 0.90 are
required for a good model fit. RMSEA is one of the most
popular parsimony indexes displayed in the table, and
RMSEA values below 0.05 represent a good model fit [21].
Furthermore, RMSEA values of 0.10 or more are considered
to indicate that the constructed model is far from the actual
data.

To optimize the model, an iteration algorithm was
developed, as follows:

Step1: Deletion of a non-significant edge from the model.
Use 0.05 as the significance level for the determination of
the chemical-specific interactions among genes. The output
of SEM programs includes the probability of each edge, and
thus we deleted the edge with the highest probability.

Step2: Reconstruction of the network model. The
structure of the network model without the non-significant
edge is different from the former network model. Thus, all
parameters should be re-calculated from the reconstructed
model, and the similarity of the network structure is also re-
calculated.

Step3: Iteration of Steps 1 and 2 until all edges become
significant. Since the probabilities of all of the edges in the
reconstructed models have also changed, the deletion of the
non-significant edges is executed step-by-step.

Step4: Addition of a possible causal edge to the
reconstructed model. According to the Modification Index
(MI), we add a new causal edge between the observed
variables. The MI value indicates the possibility of new
causality between the variables, and thus we add a new edge
according to the highest M1 score.

Step3: Iteration from Steps 1 to 3. By the addition of a
new edge to a constructed model, the structure of network
model is changed again. In other words, all parameters,
including the probabilities of all edges, have also changed
again. Thus, we execute the iteration from Step 1 to Step 3
again.

Step6: Determination of significant relationships among
error terms. After all of the edges are significant and all of
the MI scores are lower than 10.0 in the constructed model,
significant relationships between error terms are estimated
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by the MI scores. The relationships among the error terms
have no direction, and thus they are a correlation between
error terms. These relationships were used for the
calculations, but were not incorporated into the network.

III. RESULTS AND DISCUSSION

A.  The chemical concentrations have no effect

In this study, gene expression was measured in the
presence of various chemicals, with several exposure times
and at different concentrations. To reveal the most effective
factor for gene expression, ANOVA and Tukey's HSD test
were applied to the measured data. In statistics, ANOVA is
utilized to detect differences between groups in terms of
some variables. Since the chance of committing a type I error
will be increased by performing multiple two-sample t-tests,
a statistical test is needed to determine whether or not the
means of more than two groups should be applied. The use
of Tukey's HSD test clarified which means are significantly
different from one another. Interestingly, the groups that
were classified by the concentration of chemicals showed no
significant difference in their gene expressions. Thus, the
concentration of chemicals had no effect on the expression of
the tested genes in the ES cells.

The numbers of significantly expressed genes between
each chemical pair are shown in Table 1. From this table, the
differences in the gene expression were not significant
among the same type of toxic chemicals. Furthermore, the
toxicity difference between neurotoxic and carcinogenic did

not cause an expression difference for almost all of the genes.

However, the exposure to 'other' chemicals, such as
Thalidomide, bisphenol A and Permethrin, caused significant
expression changes in many genes. To reveal the differences
in gene expression due to the type of chemical toxicity, we
selected one chemical, which was the most different from
those of the other toxicity types, as the representative
chemical for each toxicity type.

TABLE 1. NUMBER OF GENES WITH SINIFICANTLY DIFFERENT EXPRESSION

Methylmercury | - I I
2-Nitropropane | 1 - { :
Neurotoxicity Acrylamide |0 4 - 1 )
p-Nitroaniline |1 2 1 1 I
4-hydoroxy PCB107 Z_A__D _l_)_;_l _________ 1 -
Benzo[a] pyrene |4 5 1 2 0 ™ 1
Diethylnitrosamine |4 3 5 4 5 { 5 - :
Diethylaminofluorene |3 3 4 5 5 1 7 0 - 1
Carcinogenic Phenobarbital |3 2 4 0 112 6 6 - I
Tamoxifen 13 4 3 1 0]J0 6 6 O i
Diethylbestrol |3 5 2 0 1l0 5 6 0 0 - 1}
Teop §3 2 10 0li s 6 000 1
Thalidomide |5 7 S 5 5'_4 7 7 4 4 4 .’TI -
others Bisphenol-A |5 6 5 5 3;4 6 7 6 3 3 330 -
Permethrin {4 6 4 5 414 7 7 3 4 4 410 0 -
> 9 9 9 nly 9 o5 8 35 0jle « &
5 £ 3 £ 9l £ £ o ajzs +
EEsd|lbeestzolice
S R
$8Ei3=zisefz ($55
£ 5 < Z ojg € £ g8 k1 £ B &
sz L 5l S EE B "
2 & S|Z E =
o ¥ =
= g =
< 8 3
2
Neurotoxicity Carcinogenic others

Expression profiles were compared between all chemical pairs for each gene by Turkey's HSD test,
and the genes that were estimated as exhibiting significantly different expression dependent on
chemicals were counted.

Copyright (c) The Government of National Institute of Advanced Industrial Science and Technology, 2012. Used by permission to I8RIA.

The toxicities of the 15 chemicals were divided into 3
categories, Neural, Carcinogenic and others. Thus, three
chemicals, Acrylamide, Diethylnitrosamine and Thalidomide,
were selected as the representative toxic chemicals for neural,
carcinogenic and others, respectively.

B.  Genes are hierarchically controlled by chemical
toxicity

We utilized the new method to construct the initial gene
regulatory network models under the conditions with the
three chemicals. Even though the new method can detect the
cyclic interactions among genes, such as feed-back
regulation, the structures of the constructed initial models
indicated the hierarchical regulations among the genes.
Figure 2 shows the constructed initial network models. The
initial models of Acrylamide, Diethylnitrosamine and
Thalidomide were composed of 9 genes with 19
relationships, 8 genes with 14 relationships, and 8 genes with
10 relationships, respectively.

There are some obvious features in the hierarchical
diagram of each initial model. The numbers of exogenous
and endogenous genes are different from each other. The
initial Acrylamide model was composed of 4 genes as
exogenous genes, but only Oct3/4 was the last endogenous
gene. Thus, the expression profiles of Acrylamide indicated
the quick responses of many genes after the chemical
exposure, and only one gene was affected later. In contrast,
Thalidomide exposure induced the expression of only one
gene. These differences between the initial chemical models
summarized the distinctive gene expression profiles for each
chemical.

All of the initial models included some duplicated gene
interactions, such as a direct interaction between two genes
and an indirect interaction between them. To simplify these
duplicated interactions, we only retained the longest path
between two genes, since the regulation displayed by a direct
path could be replaced by indirect paths in the model. In the
initial model, the edges do not represent the direct regulation,
but the preceding information. Thus, the difference between
direct interaction and indirect interaction in the initial model
is not very important. By retaining the longest paths, all of
the preceding information was included, as the simplest
diagram.

a. b. c.

)
Figure 2. Initial network models.

The initial models which include summarized time-series information
and concentration information. (a) Initial model of Acrylamide. (b) Initial
model of Diethylnitrosamine. (¢) Initial model of Thalidomide.
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C. Inferred Network by SEM

The final inferred networks for each chemical and the
estimated regression weights of the edges are depicted in
Figure 3. The inferred networks of chemicals revealed
distinct structures. In the inferred network of Acrylamide,
many genes were arranged as exogenous objects, and only
one gene was arranged as the final result of all regulation in
the network. On the other hand, two serial regulations
interacted with each other in the Diethylnitrosamine network
model. One serial regulation was from Lmx1A to Pax6, and
the other was from Tujl to Nestin. The signal input genes in
the Diethylnitrosamine network were also different from
those in the Acrylamide network. Even though Tujl was
arranged as an output object in the Acrylamide network,
Tujl was arranged as input in the Diethylnitrosamine
network. The inferred network of Thalidomide was also
different from both the Acrylamide and Diethylnitrosamine
networks. In the Thalidomide network, only two genes were
arranged as input objects, but four genes were arranged as
output objects. This means that only a few genes will be
directly affected by Thalidomide, but finally many genes
were affected throughout the gene regulatory network.

According to our inferred network, the differences
between the gene regulation by chemicals were clarified, and
the network shapes reflected the features of chemical
toxicities. In the inferred network, the effects of Acrylamide
toxicity finally aggregated to Tujl, which is known to
contribute to microtubule stability in neuronal cells [22].
Acrylamide is neurotoxic, and thus it is reasonable that the
effect of Acrylamide finally aggregated to a neuronal cell-
related gene.

As compared with the Acrylamide network, the cell
differentiation genes were arranged at downstream steps in
the Diethylnitrosamine network. From the carcinogenic
features of Diethylnitrosamine [23][24][25], normal cell
differentiation in the embryonic stem cell may be disturbed.

The most complicated structure was the Thalidomide
network. In the Thalidomide network, several type of genes
are finally affected by its chemical toxicity. Particularly, two
cell differentiation-related genes, Nodal and Nanog, are
important for normal early embryonic development. Nodal is
related to the development of the left-right axial structure
[26][27], and its signaling pathway is known to be important
very early in development for cell fate determination and
many other developmental processes [27]. Nanog is known
as a key factor for maintaining pluripotency in embryonic
stem cells [28][29]. Thus, the unusual expressions of these
genes, which occurred due to Thalidomide toxicity, may
have caused its harmful side effects.

IV. CONCLUSION

We applied an improved SEM approach to reconstruct a
gene regulatory model from gene expression data in human
embryonic stem cells, and we have shown that SEM is a
powerful approach to estimate the gene regulation caused by
chemical toxicity. The inferred networks clarified the
differences between the gene regulation by chemicals, and
the features of chemical toxicities were well reflected in the
network structures. Thus, the network construction by SEM
is one of the useful approaches for inferring the regulatory
relationships among genes. Furthermore, the inferred

d. Acrylamide Diethylnitrosamine Thalidomide
m w Efi’, i T @ parent  child  regression weight parent  child regression weight parent  child regression weight

N [N GATA2  LmxlA 0.919 Tuji Nodal 0.702 MAP2  Oct-34 -0.448

\ Nanog  Nodal 0.515 Lmx1A  MAP2 0.537 MAP2 Pax6 0.43

* Nestin  Oct-34 -0.442 Tul  Oct-34 0.623 Oct-34  Paxé 0.951
Lmx1A Pax6 -0.129 MAP2  Oct-34 -0.492 Nestin  Nodal 1.026

Nestin Paxé 0.606 MAP2  Nanog 0.9 Nestin  GATA2 0.664

Nodal Pax6 -0.844 Nodal  Nanog 0.284 Oct-34  Nodal 0.25
Oct-34  Pax6 0.643 imxlA  GATAZ 0.636 Oct-34  Tujl -0.477

Pax6 Tujl 1.145 Nodal Pax6 -0.209 GATA2 Tujl 0.183

Oct-34 Tuji -0.77 Noda!  Nestin 0.269 MAP2  Nanog 0.948
Nodal Tujl 0.933 Nanog  Nestin 0.843 Nestin  Lmx1A 0.831
MAP2  Nanog 0.968 Oct-34  Pax6 1121 Paxé Tujl 1.002
MAP2  Nestin 0.944 Nanog Pax6 0.428 Nodal Tujl 0.308
Nanog  Nestin 0.966 Nestin ~ MAP2 0.922

Figure 3. Inferred network by SEM.

The optimal model for each chemical, obtained by the developed SEM iteration procedure. A positive relationship between genes is displayed with a
solid arrow. A negative relationship between genes is displayed with a dashed arrow. Gene names with blue characters indicate "neurodevelopment
related genes", genes with red characters indicate "cell differentiation-related genes" and genes with black characters indicate "related to transcription of
insulin". (a) Acrylamide model, (b) Diethylnitrosamine model and (c¢) Thalidomide model. (d) The estimated regression weights of all edges in the

optimal models.
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network among genes can be utilized for the estimation of a
chemical’s effect, from experimentally obtained expression
profiles. The ability to identify expression profiles and the
corresponding biological functions is expected to provide
further possibilities for SEM in the inference of regulatory
mechanisms by chemical toxicity.
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Abstract

We are exposed to many environmental chemicals in our daily life. Certain chemicals threaten our health,
especially that of embryos and can cause serious developmental problems. To prevent abnormal development
and diseases caused by chemicals, it is important to clarify the mechanisms of chemical toxicity in embryonic
cells. The gene regulatory network is one of the useful methods for clarifying functional mechanisms in living
cells, so we applied a statistical method to infer the gene regulatory network in human embryonic stem cells. In
this study, we improved our previously developed SEM approach for inferring a network model from 9 gene
expression profiles in human embryonic stem cells, which were exposed to various chemicals. The estimated
regulatory models clarified the differences between chemicals, and the shapes of the inferred models reflected
the features of the chemical toxicities. The toxicity of acrylamide affected neuronal cell-related genes, while that
of diethylnitrosamine disturbed cell differentiation-related genes. On the other hand, the TCDD network
reflected feedback regulation, and finally disturbed neuronal cell-related genes. In the Thalidomide network, cell
differentiation genes related to axis formation in embyronic cells were affected by thalidomide toxicity.

Keywords: structural equation modeling, environmental chemical, gene regulatory network, embryonic stem
cell

1. Introduction
1.1 Introduction of the Problem

Environmental pollution is a byproduct of our usual life activities. Vehicle exhaust contains gases, including
many noxious chemicals. Factories discharge industrial waste in the air, ground, and water. Many rivers are
polluted by domestic sewage and wastewater. The emitted chemicals are sometimes trapped in clouds and then
contaminate the ground in rainfall. Thus, we are exposed to many chemicals in our daily life, and some
environmental chemicals can cause serious developmental toxicity effects. Developmental toxicity is either a
structural or functional alteration, and these alterations interfere with the normal developmental programming in
early embryos. These interferences can cause abnormal development and diseases (Baccarelli & Bollati, 2009;
Hou et al., 2012). One of the most infamous environmental chemicals is methylmercury, which is known to
affect fetal development (Yuan, 2012; Tatsuta et al., 2012). Furthermore, other chemicals are also considered to
be toxic, since they can cause abnormal cell differentiation in embryos (Rappolee et al., 2012; He et al., 2012;
Harrill et al., 2011).

To prevent chemically-induced developmental abnormalities and diseases, it is important to clarify the
mechanisms of chemical toxicity in embryonic cells (Giindel et al., 2007; Thompson & Bannigan, 2008). The
gene regulatory network is one of the useful methods to clarify the regulatory mechanisms. To infer the networks
among the genes from the mRNA levels, various algorithms, including Boolean and Bayesian networks, have
been developed (Akutsu et al., 2000; Friedman et al., 2000). In our previous investigation, we developed an
approach based on graphical Gaussian modeling (GGM) in combination with hierarchical clustering, and we
could infer the huge network among all of the genes by this approach. (Aburatani et al., 2003; Aburatani &
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Horimoto, 2005). However, GGM infers only the undirected graph, whereas the Boolean and Bayesian models
infer the directed graph, which shows causality. Although all of these approaches are suitable for establishing the
relationships among the genes, they cannot reveal the relationships between un-observed factors and genes,
because of insufficient information in the gene expression profiles. To clarify the mechanisms of biological
processes in living cells, un-observed factors, which affect the target gene’s expression, should also be
considered. Thus, an alternative approach that includes un-observed factors should be applied.

Recently, we developed a new statistical approach based on Structural Equation Modeling (SEM), to infer the
protein-DNA interactions for gene transcriptional control from only the gene expression profiles, in the absence
of protein information (Aburatani, 2011; 2012). We applied this approach to reveal the causalities within the
well-studied transcriptional regulation system in yeast (Aburatani, 2011). The significant features of SEM are the
inclusion of latent variables within the constructed model and the ability to infer the network, including the cycle
structure. Furthermore, the SEM approach allows us to strictly evaluate the inferred model, by using fitting
scores. The linear relationships between variables are assumed to minimize the differences between the model's
covariance matrix and the calculated sample covariance matrix. Some fitting indices are defined for evaluating
the model adaptability, and thus the most suitable model can be selected by SEM (Bollen, 1989; Duncan, 1975;
Pearl, 2001).

Here, we applied the SEM approach to infer the regulatory relationships among 9 neurodevelopmentally-related
genes. The expression profiles of these genes were measured in human embryonic stem cells exposed to four
environmental chemicals. The chemicals are known to have harmful toxicities that affect the developmental
process in human embryos. Thus, inferring the regulatory network among the developmentally-related genes will
help us to reveal the mechanisms of toxicity-dependent responses in the embryo. Furthermore, we improved our
SEM approach for assuming preliminary initial models from the time-series data. By using this new approach,
we can construct an initial model for the SEM calculation in the absence of known regulatory interactions. The
resulting gene expression data clarified the chemical-specific interactions among the developmentally-related
genes.

2. Methods
2.1 Expression Data

We utilized the expression data that were measured to clarify the effects of environmental chemical exposure on
neuronal differentiation (He et al., 2012; Fujibuchi et al., 2011). In these expression data, nine genes considered
to be affected by chemicals were measured in human embryonic stem cells: GATA2, Lmx1A, MAP2, Nanog,
Nestin, Nodal, Oct3/4, Pax6 and Tujl (He et al., 2012; Fujibuchi et al., 2011). The expression of beta-actin was
also measured, as an internal confrol. The expression levels of these 10 genes were measured in human
embryonic stem cells exposed to four chemicals: acrylamide, diethylnitrosamine, TCDD and thalidomide (He et
al., 2012; Fuyjibuchi et al., 2011). The toxicities of these chemicals are different: acrylamide is neurotoxic,
diethylnitrosamine is genotoxic, TCDD is carcinogenic, and thalidomide has other toxicity. The human
embryonic cells were exposed to each chemical for several time periods: 24 hours, 48 hours, 72 hours and 96
hours. Each chemical was also tested at 5 concentrations: very low, low, medium, high and very high. The
expression of the selected genes was measured twice under each condition by RT-PCR, and thus 160 (4 time
periods x 5 concentrations x 2 repeats x 4 chemicals) expression patterns per gene were measured (Fujibuchi et
al., 2011).

First, the expression level of each gene was normalized to the internal beta-actin control and averaged, as
follows:

1 e, .
E, =F§log2 —5 6]

bActin
Here, N is the number of repeated experiments, e:; is the measured expression level of gene g under one set of

conditions, and e,’; 4cin 1S the beta-actin expression level measured under the same conditions. By dividing by

the expression level of beta-actin, the intracellular expression level of each gene was normalized. To minimize

the experimental error, the logarithms of the normalized expression data were obtained and averaged.
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2.2 Extraction of Causalities from Expression Data

Usually, we assume an initial model from previous knowledge for the SEM calculation, but there are no defined
regulations among the selected genes in this study. Thus, we had to construct an initial model of each chemical
from the regulatory relationships between the gene pairs. To detect the regulatory relationships from the
measured time series expression data, cross correlation coefficients were applied to the expression profiles.
These cross correlation coefficients were calculated for each chemical and each concentration. Cross correlation
is utilized as a measure of similarity between two waves in signal processing by a time-lag application, and it is
also applicable to pattern recognition (Li & Caldwell, 1999). In a time series analysis, the cross correlation
between two time series describes the normalized cross covariance function. Therefore, the range of cross
correlation values is from -1 to +1. If we let X, = {x1,~ Xy i Y =Wy N} represent two time series
datasets including N time points, then the cross correlation is given by

{xi —f}{ywd _J_/}
y = (2

T

1=

~
i
N

=

t=1 t=1

where d is the time-lag between variables X and Y. In this case, the expression profiles were measured at four
time points, and thus three cross correlations of each gene pair were calculated with d=-1, 0, and 1.

2.3 Construction of the Initial Models

To infer the chemical-dependent regulatory networks, the differences between times and concentrations should
be merged. In this study, we developed a new method for constructing an initial model of each chemical, with the
merging of time and concentration conditions. Figure 1 shows the newly developed method. First, we
constructed lag matrices to simplify the information from the time series data. The elements of the lag matrices
were the time lags, which were defined for the calculation of the cross correlation. In this study, cross
correlations were calculated with three lags, -1, 0, and +1. The absolute values of these three cross correlations
were compared, and the lag value d with the highest absolute value was arranged as a matrix element. Lag
matrices were constructed for each concentration, and thus five lag matrices were obtained for each chemical
(Figure 1a).

In the next step, we merged the difference in the concentrations of each chemical. Binomial relationships were
extracted from each lag matrix. For each chemical, there are five lag matrices according to the chemical
concentration, and we considered that the chemical-specific relationships among the genes will be conserved in
several lag matrices. If the same relationships existed in several lag matrices, then the binomial relationships
were duplicated (Figure 1b).

We subsequently constructed one frequency matrix of binary relationships for each chemical. We counted the
frequency of the appearance of relationships in binomial relationships. The number representing the frequency of
each gene pair was arranged in this matrix, and thus the range was from 0 to 5 (Figure 1c). In the frequency
matrix, we can merge the differences in the concentrations, since the elements of the frequency matrix indicate
the information for the different concentrations. We selected the possible relationships from the frequency matrix.
It is considered that a possible relationship would be indicated by its frequency of appearance. Thus, we selected
the relationships with two or more values in the frequency matrix (Figure 1d). At the final step, an initial model
was constructed with the selected possible relationships. By this approach, an initial model can include cyclic
structures (Figure le).
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Figure 1. Developed procedure for initial model construction

The procedure for constructing an initial model from the time-lag information of the cross correlation
coefficients. (a) Time-lag matrices for each chemical. In this study, three time-lags were selected for the
calculation of the cross correlation coefficients. Thus, three cross correlation coefficient values were obtained
between all gene pairs. The time-lag value with the highest absolute value among the cross correlation
coefficients was selected. Time-lag matrices were constructed for each concentration, so five time-lag matrices
were obtained for each chemical. (b) Binomial relationships. These relationships were extracted from the five
time-lag matrices. If the same relationships exist in several concentration matrices, then the extracted binomial
relationships are duplicated in this step. (c) Frequency matrix of causal relationships between all gene pairs.
From the binomial relationship, we can count the frequency of relationships between gene pairs. (d) Selection of
possible causal relationships from the frequency matrix. The possible relationships between genes are considered
to persist at several chemical concentrations. Thus, we selected the relationships with two or more values in the
frequency matrix. (¢) Construction of an initial model with selected causal relationships. By this approach, an
initial model can include cyclic structures.

2.4 Structural Equation Modeling without Latent Variables (SEM without LV)

After the construction of an initial model for each chemical, we applied the SEM calculation to infer the network
model that fit the measured expression data. Usually, two types of variables can be included in the SEM model:
observed and latent. These variables constitute the structural models that consider the relationships between the
latent variables and the measurement models that consider the relationships between the observed variables and
the latent variables. These relationships can be presented both algebraically, as a system of equations, and
graphically, as path diagrams.

In this study, the nine developmentally-related genes (GATA2, Lmx1A, MAP2, Nanog, Nestin, Nodal, Oct3/4,
Pax6 and Tujl) were defined as the observed variables. Meanwhile, none were defined as latent variables, which
were common regulators of several genes. The un-observed factor, which affected each gene's expression, was
displayed as an error. The observed variables were classified as one of two types: exogenous variables and
endogenous variables. Exogenous variables are not regulated by other variables in the system, as opposed to
endogenous variables, which are regulated by other variables in the system. In the initial model, the starting
genes are defined as exogenous variables without errors, while all other genes are defined as endogenous
variables with errors. We inferred the regulatory relationships that exist between the observed variables in the
network model. The model is defined as follows:

y=Ay+e 3)

57



www.ccsenet.org/jmbr Journal of Molecular Biology Research Vol. 2, No. 1; 2012

Here, y is a vector of p observed variables (measured gene expression patterns), and Ais a p X p matrix
representing the regulatory relationships between the observed variables. Errors that affect the observed
endogenous variables are denoted by & . The above equation can be represented in the SEM matrix format as:

oHo alBHE .

In this study, we did not define the latent variables, and thus Os were arranged as zero partial matrices, which
denote no relationships with g latent variables. The SEM is based on a covariance analysis defined as
S = 2(9) , where S is the covariance matrix calculated from the observed data and 2(0) is the
matrix-valued function of the parameter &.Let @ denote the covariance matrix of the error terms £, and G
denote the pXx(p+¢q) combined matrix of the px g zero matrix and the p x p identity matrix. The
covariance matrix of model is given by

2(0):6{1“0 0 } @[1_0 0 } G )
o I-1I 0 I-1I

Each element of the covariance matrix model is expressed as a function of the parameters that appear in the
model. The unknown parameters were estimated, in order to minimize the difference between the model
covariance matrix and the sample covariance.

The SEM software package SPSS AMOS 17.0 (IBM, USA) was used to fit the model to the data. The quality of
the fit was estimated by the goodness-of-fit index (GFI), which measures the relative discrepancy between the
empirical data and the inferred model, and the adjusted GFI (AGFI), which is the GFI modified according to the
degrees of freedom. Furthermore, we used CFI and RMSEA as fitting scores, to evaluate the model fitting. Since
these indices have threshold values, as criteria to decide whether the model is suitable to obtain data independent
of a huge sample number, they are considered to be useful to clarify the degree of model fitting in this study.

2.5 Parameter Estimation

Parameter estimation was performed by comparing the actual covariance matrix S, calculated from the measured
data, and the estimated covariance matrices 2%9) of the constructed model. To minimize the difference
between S and 2(9), the Maximum Likelihood (ML) method is commonly used as a fitting function to
estimate the SEM parameters:

F,(S,2(0)) = log|=(6)| - log|S| + +(Z(8) ' S) — p (6)

Here, Z(@) is the estimated covariance matrix, S is the sample covariance matrix, lZl is the determinant of
matrix X, #7(Z) is the trace of matrix Z, and p is the number of observed variables. The principal objective
of SEM is to minimize F, (S ,2(6’)), which is the objective function and is used to obtain the maximum
likelihood. Generally, F,,\S,Z(6)) is a nonlinear function. Therefore, iterative optimization is required to
minimize F); (S ,2(6)) and to find the solutions (Joreskog & Sorbom, 1984).

2.6 Iteration for Optimal Model

In the SEM analysis, both the parameters and network structures are fitted to the measured data. The parameters
are estimated by maximum likelihood, and the network structures are evaluated by the scores of goodness of fit
indices. The goodness of fit scores indicate the similarity between the constructed model and the measured data.
Through the acceptance or rejection of the models, the optimal model that describes the measured data can be
selected.

By using the estimated parameters, the variance-covariance matrix between the variables could be calculated in
the network model. This model’s variance-covariance matrix is compared with the actual variance-covariance
" matrix between observed variables, which is calculated from the measured data. The similarity between a
constructed model and the actual data is defined in a quantitative manner by the fitting scores. In this study, four
different fitting scores were utilized: GFI, AGFI, CFI and RMSEA. Values of GFI, AGFI and CFI above 0.90 are
required for a good model fit. RMSEA is one of the most popular parsimony indexes displayed in the table, and
RMSEA values below 0.05 represent a good model fit (Spirtes et al., 2001). Furthermore, RMSEA values of 0.10
or more are considered to indicate that the constructed model is far from the actual data. To optimize the model,
we developed an iteration algorithm as follows:
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