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Abstract

The study expands Path Analysis (PA), and adopts microarray time course data to
identify gene regulatory networks (GRNs). It provides users degrees of confidence on
GRNs in databases. In addition, defective networks can be modified based on
modification indices in PA.

A couple of approaches, such as Bayesian, Boolean, structural equation modeling
and differential equations model, are used for the reconstruction of gene regulatory
networks in databases. We generate several alternative networks as candidates from
original networks in KEGG database for comparison. Furthermore, the static networks
are expanded to dynamic form (multiple orders). Finally, path analysis may suggest the
best one in the network pool based on various performance indices. In other words, this
approach can evaluate the existing networks in gene networks databases and provide
users degrees of confidence on each network.

The gene regulatory networks are form KEGG in this study, including
sub-networks of cell cycle —yeast, e.g., regulation of autophagy and MAPK signaling
networks, and corresponding microarray time course data are adopted from NCBI
database. Furthermore, we compare our approach with SSEM algorithm and dynamic

Bayesian model method.

il



Seven out of ten original GRNs in KEGG are ranked the best networks by our

approach, and 43 percent of defective networks generated from seven best original

GRNs can be correctly modified. Besides, we obtain better results than SSEM algorithm

and the dynamic Bayesian model method do to the same networks. The true positive

rate on the directed links of networks is at least 60 percent.

Key Words: Path Analysis, gene regulatory networks, performance index, modification

index.
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Chapter 1 Introduction

One of the most challenging works of systems biology is to reconstruct or identify
structures and mechanisms of interaction among components of gene regulatory
networks (GRNs) from microarray time course data. Because microarray time course
data have dynamic information about gene expression, GRNs should be dynamic
network to hold the temporal information about relationships among genes.
Understanding GRNs can provide new notions for treating complex disease and
breakthroughs for designing new drugs. Recently, several approaches have been
proposed to reconstruct GRNs' from microarray time course data, such as dynamic
Bayesian networks (DBN), Boolean networks, structural equation modeling (SEM),
neural network, and genetic algorithm. These approaches are used to search better
match between reconstructed models from microarray time course data and GRNs in
databases. The problem, mismatch between the models used for network inference and
the real mechanisms used for data generation, may lead to various network structures or
low accuracy of reconstructed model (Novikov and Barillot, 2008). Therefore, how to
improve the accuracy of reconstructed model and to identify the reconstructed model is

important issues.



Path analysis (PA), which helps understand comparative strengths of direct and

indirect relationships among a set of variables, was first developed for ecology and later

gradually adopted by social scientists, psychologists, and economists. Santos et al.

(2005) applied PA to elucidate biochemical pathway, but the model of PA he used was

static in essence.

In this study, we expanded path analysis (PA) to dynamic form and applied it to

GRN identification. We can judge whether the original GRN is the proper network by

four indices in PA, and the defective networks are modified toward the original one

based on modification indices in PA.



Chapter 2 Literature Review

Biological networks usually represented by graph can be used to describe
complex mechanism in biological systems, where nodes may indicate genes, proteins,
metabolites or other-level modules and edges may describe relations among nodes.
Many researchers focus on biological networks studies, particularly in the
representation, reconstruction, identification or dynamic behaviors of the networks
(Forster et al., 2003; Herrgard et al., 2006; Kim et al., 2007; Gille et al., 2007;
Sotiropolos et al., 2007). For the investigation of reconstructing GRNs based on gene
expression data and dynamic form; Bayesian network (Murphy and Mian, 1999; Kim
et al., 2003; Van Berlo et al., 2003; Zou et al., 2005; Luna et al., 2007), Boolean
network (Mehra, 2004) and structural equation modeling (SEM) (Shieh et al., 2008)
were developed. Murphy and Mian (1999) first proposed a dynamic Bayesian network
(DBN) to theoretically model various types of gene expression data. In this study,
different strategies were proposed under various modeling environment such as
partially observed parameters, fully observed parameters, partly known network
structures and known structures. Kim et al. (2003) advanced a general framework of

dynamic Bayesian networks to model real time course microarray data. They setup



criteria for network learning where biological knowledge was considered in posterior

probabilities calculation. Luna et al. (2007) developed the variational Bayesian

structure expectation maximization (VBSEM) algorithm that can learn posterior

distribution of model parameters, and they also compared their results with KEGG.

Boolean network is a simple computational model which simplifies large systems and

provides insight into the overall behavior of biological networks. Mehra (2004) used

Boolean approach to reconstruct the gene regulatory networks that can reduce the

miss-predicted ratio by distinguishing direct casual relations and indirect casual

relations in the networks. Shieh et al. (2008) alleged a stepwise structural equation

modeling (SSEM) algorithm that concerned about latent variables in gene networks.

Compared with other kinds of algorithms based on Bayesian networks or multivariate

autoregressive model, SSEM obtains higher percentage accuracy on reconstructing

networks.

For path analysis approach, Santos et al. (2005) first applied it to amplify the

biochemical network of carotenoid, and their study showed the efficacy of path

analysis for identifying key relation in complex pathways. Qiu et al. (2007) used path

analysis to identify causal interrelationship of various biomarkers, and their results

indicated that Coke-Oven exposure (cokework) played a more important role than the



genotypes in the induction of early genetic damage.

An S-system model (Savageau, 1969; Voit, 2000), a generalized framework for

modeling and analyzing a biological system, is widely used to represent the

mathematical relationship among components in the biological system (Wessels et al.,

2001). In the study, it is employed to generate rich data for preliminary model

identification under either noise-free or noise environment. If we know the interactions

among genes described by S-system model, the corresponding data of genes can be

produced.

SEM is a popular research tool in 'social science. It is a combination of two major

statistical research fields: factor analysis and path analysis. In this study, we apply the

SEM-approached path analysis (SEM-based PA) method to identify gene regulatory

networks based on microarray time course data and dynamic model. Besides,

defective networks can be modified toward identifiable GRNs based on modification

indices in PA.



Chapter 3 Materials and Methods

The procedures of the network identification and defective network modification
are shown in Figure 3-1. We first adopt KEGG static networks as our original networks,
and generate several alternative networks as candidates for comparison. Based on a
network structure from KEGG and time course data from NCBI, we further expand the
static networks to dynamic ones, where the order of dynamic networks is equal to the
number of time points in the dataset. Finally, path analysis may suggest the best one
among those networks by four performance indices, and may modify defective
networks by modification indices. In addition, we canladd a gene to identified network,
and generate extended networks. In the end, path analysis can judge the best one from

extended networks.
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Figure 3-1 Flowchart of network identification and modification




3-1 Alternative networks

A series of alternative networks are generated as candidates to be compared with
the original network. Let’s take a simple example to illustrate the process of generation.
The network shown in Figure 3-2 (a) is assumed as the designated KEGG static network
with 4 genes and 3 links. The alternative networks are generated by connecting any 2
ones among 4 genes with 3 directional links and non-recursive loops. In this case, we
obtain 19 alternative networks by Eq. (3-1), and those alternative networks are shown in
Figure 3-2 (b). G, L, Q and T in Eq.(3-1) indicate the total numbers of genes, links,
source genes and alternative networks correspondingly. In the example, there are 3 links
in this network, and a 4 x 4 gene interaction matrix is build to indicate all relations

among any 2 of 4 genes. The number of elements in the lower triangular of the matrix

Ao

5 =6. Q is equal to 1 in this case because only one genel (g;) is assigned as

source which is not affected by other genes in the network. Therefore, we obtain the
number of alternative networks, T=C{-1=19, by Eq. (3-1). All networks have their
corresponding lower triangular matrices. Figure 3-3 shows the gene interaction matrices
corresponding to their network configurations in Figure 3-2. In the Figure, g, g, g3, g4

and L represent genel, gene2, gene3, gene4 and relation for g; being affected by g;.

G(G-)-Q(Q-1)
T=Cc, °* -1 (3-1)
8
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3-2 Dynamic networks expanded from static networks

The original and alternative static networks are further expanded to an n-order
dynamic form, where n indicates the number of time course. In other words, if gene vy,
affects gene y;in a static network, gene y; in time t may affect gene y; at time
pointt,t+1,---,or/and t + (n -1). Figure 3-4 shows a dynamic network sample. In this
network, gene expression level y;(t—1) may affect y,(t—1), y;(t) or/and y,(t+1]).

In the same token, u, (t), the transcription factor, may regulate other genes at different

time points.

Bss
Bgs Bos T
By
yi(t-1) -
By Bn - T
By,
" yi(t) yi(t+1)

Figure 3-4 Dynamic network
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3-3 Data interpolated

In microarray time course data, only one data is provided at each time point.
Therefore, data augmentation is necessary for network identification. In this study,
third-order curve fitting (piecewise cubic spline) is applied to generate extra data needed
for modeling. 9 adjacent points around the gene expression value at each time point are
obtained from piecewise cubic spline. Figure 3-5 shows the microarray data at time 0, 5,

15, 30 and 60 with corresponding values -0.464, -1.168, 0.162, -0.399 -0.89.

0.2

Microarray data

O
N
T

Piecewise

o
SN
T

cubic spline

value
O
(@]

O
0o
T

9 adjacent points

_12 | ‘ ‘ | | | | | |
-10 0 10 20 30 40 50 60 70
time
Figure 3-5 Interpolated data
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3-4 Path analysis algorithm and parameter estimation

The measurement equation (Eq. (3-2)) plays a major role in describing a gene
network for path analysis (SEM approach).
Measurement equation: Y = WY +E (3-2)
Where

TF,.(t)
Y =| ExoG (1)

EndoG (t)

TFn(t): A vector of transcription regulators, 1< m<M.
Exo0Gy(t): A vector of exogenous genes, 1< n< N.
EndoGi(t): A vector of endogenous genes, 1<r<R.
and

M: Number of transcription regulators.

N: Number of exogenous variables (genes).

R: Number of endogenous variables (genes).

E: Residual terms of all observed variables.

W: Weight matrix of all observed variables.

In the dynamic gene network, we consider genes and corresponding transcription

12



factors of gene’s level as their variables and links representing their relations. All
variables in the network model are observable. We derive a model implied covariance
matrix (Eq. (3-3)) from the measurement equation, where unknown parameter vector 0

consists of weighting matrix, W, and the covariance matrix of E, 'P’.

Y =WY +E
=(I-W)'E

Assume that X and ¥ are the covariance matrices of Y and E correspondingly.

Cov(Y)=Z(W,¥)=2(0)
=(I-W) E[(I- W) "E]’
=(I-W)'EE"(I-W)"
=(I-W)"y(a-w)' (3-3)

The Maximum likelihood (ML) algorithm is applied to estimate parameter vector
0 by minimizing the discrepancy function shown in Eq. (3-4). Given sample
covariance matrix S which is a Wishart distribution, we have the probability density

function of S.

Sy =— rexp— P uS Ty
Zo| 2

Where 2, =2(0,):0, is a true parameter vector but unknown
C : normalized constant
The negative log-likelihood function is as follows:

—logC+ g[logﬁ(eﬂ +trSX(0) 7]

Hence the discrepancy function is given as follows (Joreskog, 1978):

13



F(6) =1log>(0)|+ trSX(6) ' —loglS| - Z
Where Z is equal to M + N + R, number of all observable variables.
Because we also consider the minimization between sample mean vector y and the
model implied mean vector u(0), the discrepancy function is now become
E, (8) = logX(6)| + trSX(6) " ~loglS|~Z+ (¥~ (8))" ™ (¥~ 1(8)) (3-4)
To estimate 8, the gradient vectordF, (0)/d0 and the Hessian matrixd’F, (0)/d0’

are given to minimize F,_(0) .The measurement equation of Figure 3-4 can be described

by Eq. (3-5).

[y,(t=D] [0 0 0 © 0 0™, BEE® 0 0 [y (t=1]

y (0 0 0 0 10 0 0 = Byl ) 0 (1)

y(t+1) 000 0 0 0 By, By By |y (t+])

u, (t-1) 0 0 0" 0 0 0 0 0 0 ||u (t=1)

u (t) [=]0 0 0.0 0 0 0 0 0 u,(t) [+E (3-5)
u, (t+1) 00 0 0 0 0 0 0 0 ||u (t+1)

y.(t=1) 0 00 B, 0 0 0 0 0 ||y (t=1)

yi(t) 0 0 0 By By 0 0 0 0 yi(t)
ly,(t+1)] [0 0 0 B,, By By 0 0 0 Ly (t+1)]

Where y,(t): the expression level of gene j at time t.
u, (t) : the expression level of transcription factor k at time t.

E: 9x 1 vector
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3-5 Performance indices

In this study, four indices are considered for network identification, including
weighted least square Chi-square (WLS y?) (Eq. (3-6)), Akaike information criterion
(AIC) (Eq. (3-7)), standard root mean square residual (S-RMR) (Eq. (3-8)), and
goodness-of-fit index (GFI) (Eq. (3-9)). For the best network, WLS- Chi-Square, AIC,

and S-RMR indices are supposed to be small, and GFI index is supposed to be large.

WLSy* =c=(0-1)F_(0) (3-6)
AlIC=c+2p (3-7)

S —RMR = Normalization (RMR)

o M+N+R i (S; —Z(e)ﬁ)z
= Normalization (\/2 ; ; (M+N+R)(M+N+R+1)) (3-8)
G T O W)
tr(S'WS) (3-9)

Where O: sample size

p: the number of independent parameters estimated

M+N+R: the number of observed variables
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3-6 Modification of networks

Modification index (MI) offered by LISREL 8.8 (Joreskog and Sérbom, 2006)
helps us further study the ability of correction on defective networks. In the illustrated
example shown in Figure 3-6, we consider the network with only one missing link,
which is between gene ATG7 and other genes. With the static defective network, we
expand the static network to a dynamic one. In the study, we then focus on the defective
part to obtain the suggestion on the potential links in the flawed part of the network by
modification indices. The potential links between gene ATG7 and gene ATG10, where
MI>9, are shown by solid lines in the dynamic defective network. Besides ATG10, We
also examine the indices between gene ATG7 and other genes. Here, links with MI>9
are shown by dotted lines (e.g., gene ATGS and ATG16). A link between two genes is
added in the static defective network if the summation of MI values in the dynamic
defective network is greater than a specified threshold. To calculate MI’s more
efficiently, we only adopt three links between two genes with top weights in the same

layer of the defective part.
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Figure 3-6 Determination of possible links in a defective network
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3-7 Network extension

Network which has been identified can be extended and further identified by
considering more genes possibly involving in the network. We first add one more gene
to the network and generate all possible links for the new gene. Finally, path analysis in
LISRELS.8 is applied and suggests the best one for the extended networks based on
various performance indices. The number of extended networks can be calculated by Eq.
(3-10), where NG is the total number of genes in the network prior to extending, and H
is the total number of extended networks. For example, if we have one network, which

has five genes, we can obtain nine extended networks by Eq. (3-10).

H=2xNG-Q

(3-10)

Figure 3-7 shows a new gene, Clbl and all possible links (A, B, C, D, E, F, G, H,

and I). Solid lines represent given links in the network, and dotted lines indicate all

feasible links. Figure 3-8 shows all the extended networks, and we can find the best

network by path analysis.
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Figure 3-8 Extended networks
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3-8 Data generation for simulation

For evaluating the effectiveness of PA applied in the identification of networks,
we use S-system to describe network structures and generate time series data for

simulation. The S-system model, a set of power-law equations, is shown in Eq. (3-11).

. Z V4
X, = aiHX;‘."‘-‘ —Bil_[X;1ij for i=1,2,..,n (3-11)
i i1

in which: X : expression level of the j-th gene

o, and [3,: rate constants

g; and h;: kinetic orders for gene jon gene i

Z: the number of genes

We sample data every 0.5 time unit from S-system model. Two cases, shown in
Figure 3-9, are designed to illustrate the identification of the networks with PA
algorithm. A chain type network with 3 genes (case 1) and a branched type network

with 3 genes (case 2) are considered.
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Figure 3-9 S-system model and networks of Case 1 and Case 2
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Chapter 4 Results and Discussion

4-1 Networks and data from S-system

Tables 4-1 and 4-2 show the identification results of case 1 and case 2, and four
indices such as WLS xz, AIC, S-RMR and GFI are evaluated. In these two cases, the
original networks obtain majority votes (Figures 4-1 and 4-2). Therefore, they are
considered the best ones among all candidates of gene network pool in terms of

performance indices.

Table 4-1 Results of identification for case 1

Number of Number of Results
alternative networks  performance indices
with best scores
Case 1 2 3/4 Match

Table 4-2 Results of identification for case 2

Number of Number of Results
alternative networks  performance indices
with best scores
Case 2 2 3/4 Match

22



X4 —PX — P> Xg > X3 > X4 —PX — > Xg P> X3 >
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Figure 4-1 Case 1 (a) Original network; (b) Network with majority votes

— > —
/' X3 //' X3
X, > xzf Xp Xy
X4 > Xg— >
(a) (b)

Figure 4-2 Case 2 (a) Original network; (b) Network with majority votes
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4-2 ldentification of networks in KEGG

We further apply network identification approach to the networks in KEGG and

data acquired from NCBI. Figure 4-3 shows ten sub-networks regarding yeast cell cycle

may, including regulation of autophagy and MAPK signaling networks. Some networks

may overlap, such as GRN1 and GRN2; GRNS5, GRN7 and GRNS8; GRN9 and GRNI10.

Network GRNI1 includes four genes, Mecl, Chkl1, Rad53 and Pdsl. We express it as a

set GRN1={Mecl, Chkl, Rad53 and Pdsl}; GRN2 = {Mec3, Rad9, Ddcl, Mecl};

GRN 5={Ras2, Shol, Cdc42, Ste20}; GRN7={Ste20, Stell, Ste7, Kssl}; GRN8=

{Cdc42, Ste20, Stell, Ste7}; GRN9={Ste7, Msg5, Fus3, Farl}; GRN10 ={Ste7, Msg5,

Fus3, Stel2}. Database YEASTRACT (Teixeira et al, 2006) offers the necessary

information of transcription factors about their linked genes. Data with 5 time points

available in NCBI are provided by Segal et al. (2003).
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4-2-1 ldentification results of ten networks

Table 4-3 shows the genes and its transcription factors, and blank space in an entry

indicates that there exist no TFs in YEASTRACT. Table 4-4 shows number of

alternative networks, number of performance indices with best scores and result in

GRNI1 ~ 10. The GRN1, GRN6, GRN7 and GRNS8 have 19 alternative networks and

GRN2, GRN3, GRN4, GRNS5, GRN9 and GRN10 have 9 alternative networks. Figures

4-4 ~ 4-13 show the original network and the network, which wins the majority votes of

performance indices in the network pool, respectively, in each Figure.

Table 4-3 Genes and their transcription factors for GRN1 ~ 10

Networks Genes Transcription factors

GRNI1 Mecl Chkl Rad53  Pdsl  Yaplp Arrlp  Fkh2p
GRN2 Mec3 Rad9 Ddcl Mecl Hap4p Haclp Yaplp
GRN3 Cdc24 Cdc42  Ste20 Bnil Abflp Upc2p Inodp Hcmlp
GRN4 Ste20 Ssk2 Stell Pbs2 Inodp Leu3dp Gendp
GRNS5 Ras2 Shol  Cdc42  Ste20  Ace2p Mbplp Upc2p Sok2p
GRN6  ATG7 ATGI0O ATGS ATGl6 Aftlp Aftlp Aftlp  Put3p
GRN7 Ste20  Stell Ste7 Kssl  Sok2p Gendp  Abflp  Yaplp
GRN8  Cdc42  Ste20  Stell Ste7  Upc2p Sok2p Gendp  Abflp
GRN9 Ste7 Msg5 Fus3 Farl Abflp Mcmlp Hap4p Mcmlp

GRNI10 Ste7 Msg5 Fus3 Stel2  Abflp Mcmlp Hap4p Dotbp
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Table 4-4 Identification results for GRN1 ~ 10

Networks Number of alternative Number of performance indices ~ Results

networks with best scores
GRNI1 19 0/4 Mismatch
GRN2 9 4/4 Match
GRN3 9 0/4 Mismatch
GRN4 9 0/4 Mismatch
GRN5 9 3/4 Match
GRN6 19 4/4 Match
GRN7 19 4/4 Match
GRNS 19 4/4 Match
GRN9 9 3/4 Match
GRNI10 9 4/4 Match

Figure 4-4 GRN1: (a) Original network; (b) Network with majority votes
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(@ (b)

Figure 4-7 GRN4: (a) Original network; (b) Network with majority votes
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@ (b)

Figure 4-8 GRNS: (a) Original network; (b) Network with majority votes

Aftlp Aftlp Aftlp Put3p Aftlp Aftlp Aftlp Put3p

Figure 4-9 GRNG6: (a) Original network; (b) Network with majority votes

Sol k2p G 4p Abf]p Ya plp

Figure 4-10 GRN7: (a) Original network; (b) Network with majority votes

(@)

Up 2p Sol k2p Gol 4p Abﬂp

Figure 4-11 GRNS: (a) Original network; (b) Network with majority votes

(@)
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Figure 4-12 GRNO: (a) Original network; (b) Network with majority votes

Abflp Hapdp Dot6p Abflp Hap4p Dot6p

Mcemlp @ Mcemlp @

(@) (b)

Figure 4-13 GRNI10: (a) Original network; (b) Network with majority votes

Table 4-5 shows the results of identification, where 7 of 10 original networks wins
the majority votes of performance indices in the network pool, including GRN2, GRNS,
GRN6, GRN7, GRNS, GRN9 and GRNI10. In the example of GRN10 shown in Table
4-6, the original network gets 4 best performance indices, where symbol V indicates the

best one in the specific index. Table 4-7 provides detailed index values for the 7 original
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networks which are correctly identified, where symbol X indicates that the network

doesn’t obtain the best score among the network pool. Therefore, GRN5 and GRN9

don’t perform better than alternative networks do in index S-RMR. The total numbers

of best indices for each network are given in the bottom row of Table 4-7.

Table 4-5 Results of identification

Networks Best one
GRNI1 No
GRN2 Yes
GRN3 No
GRN4 No
GRNS Yes
GRN6 1 Yes
GRN7 Yes
GRNS Yes
GRN9 Yes
GRNI10 Yes

Accuracy 70%

Table 4-6 GRN10: Networks marked with check symbols

GRN10 Original ALl AL2 AT3 AL4 AL5 AL6 AL7 AL8 AT9
WLS \

AIC \

S-RMR \ \ N A \

GFI \ \ \

Sum 4 0 2 0 2 2 0 2 0 0

“AL”: Alternative network
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Table 4-7 Index values for the 7 original networks

Index GRN2 GRN5 GRN6 GRN7 GRN8 GRN9 GRNI0

WLS o 43.23 21.63 3.1 6.83 7.95 33.11 31.01
AIC 363.23  391.63 373.1 376.83 37795 403.11 401.01
S-RMR 0.015  0.034(X) 0.049 0.0017 0.005 0.0081(X) 0.013
GFI 0.77 0.88 0.98 0.96 0.95 0.83 0.84
Votes 4/4 3/4 4/4 4/4 4/4 3/4 4/4

Furthermore, different models are compared in Table 4-8, including static model,

static model with transcription factors, dynamic model, and dynamic model with

transcription factors, where “Yes” indicate that the original network is the best one, and

“No” indicate that the original network is not the best. From Table 4-8, the dynamic

model with transcription factors is usually better than others.

Table 4-8 Comparison among different models

Static Static+TF Dynamic Dynamic+TF

GRNI1 No No No No
GRN2 No No No Yes
GRN3 No No No No
GRN4 No No Yes No
GRNS No No No Yes
GRN6 No No No Yes
GRN7 No No No Yes
GRNS8 No No No Yes
GRN9 No No No Yes
GRNI10 Yes No No Yes
Accuracy 10% 0% 10% 70%

“TF”: Transcription factors
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4-2-2 Results of modification

Table 4-9 shows the results of network modification. We create 21 defective
networks in total from the original networks which have been correctly identified, and
each defective network is allowed to have one flaw link. Overall, 9 of 21 defective

networks can eventually be corrected.

Table 4-9 Results of modification

Description Suggestion Results
GRN2 Flaw: Mec3 - Ddcl Mec3 = Ddcl Succeed in correction
Flaw: Rad9 - Mecl Rad9 = Mecl Succeed in correction
Flaw: Ddcl 2 Mecl Ddcl 2> Mecl Succeed in correction
GRN5 Flaw: Ras2 - Cdc42 Ras2 - Ste20 Fail to correct
Flaw: Shol-> Cdc42 Shol= Ste20 Fail to correct
Flaw: Cdc42-> Ste20 Ras2 = Ste20 Fail to correct
GRN6 Flaw: ATG7 > ATG10 ATG7 2> ATGI10 Succeed in correction
Flaw: ATG10 > ATG5 ATG10 > ATG16 Fail to correct
Flaw: ATGS - ATG16 ATG7 2> ATGI16 Fail to correct
GRN7 Flaw: Ste20 = Stell Ste20 = Stell Succeed in correction
Flaw: Stel1-> Ste7 Ste20 = Ste7 Fail to correct
Flaw: Ste7-> Kssl Ste20 =2 Kssl Fail to correct
GRNS Flaw: Cdc42 > Ste20  Cdc42 - Stell Fail to correct
Flaw: Ste20 - Stell Cdc42 - Stell Fail to correct
Flaw: Stel1-> Ste7 Cdc42 > Ste7 Fail to correct
GRN9 Flaw: Ste7 = Fus3 Ste7 - Farl Fail to correct
Flaw: Msg5 = Fus3 Msg5 = Fus3 Succeed in correction
Flaw: Fus3 - Farl Fus3 - Farl Succeed in correction
GRNI10 Flaw: Ste7 = Fus3 Ste7 = Fus3 Succeed in correction
Flaw: Msg5 = Fus3 Msg5 = Fus3 Succeed in correction
Flaw: Fus3 = Stel2 Msg5-> Stel2 Fail to correct
Accuracy 43%
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Figures 4-14 ~ 4-20 show the original networks, defective networks and results of
modification, where Modified networks Mod 1~3 are modified from defective networks

Def 1~3 respectively by PA.

@ Hap4p

) ) o

@ Yaplp

®
Def 1 Def2 @ Def 3 @

e
) [ |
o]

~

(©)

Figure 4-14 GRN2: (a) Original network; (b) Defective networks; (c) Results of

modification
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Figure 4-15 GRNS: (a) Original network; (b) Defective networks; (c) Results of

modification
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Figure 4-16 GRNG6: (a) Original network; (b) Defective networks; (c) Results of

modification
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Figure 4-17 GRNT7: (a) Original network; (b) Defective networks; (c) Results of

modification
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Figure 4-18 GRNS: (a) Original network; (b) Defective networks; (c) Results of

modification
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Figure 4-19 GRNO: (a) Original network; (b) Defective networks; (c) Results of

modification
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Figure 4-20 GRN10: (a) Original network; (b) Defective networks; (c) Results of

modification



4-3 Network extension

In this section, the network which has been identified will be extended to
incorporate more genes into the network. We also compare the proposed approach with
other algorithms such as SSEM algorithm (Chang et al., 2007) and dynamic Bayesian

model method (Luna et al., 2007).

4-3-1 Comparison with SSEM algorithm

To compare with SSEM algorithm, we use the very three networks that are chosen
in their study, as shown in Figure 4-21, for investigation, and these networks are
sub-networks regarding yeast cell cycle and Focal adhesion - Homo sapiens (human).
Data with 5 time points available in NCBI are adopted by Segal et al. (2003) and

Duggan et al. (2005).
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Cell cycle- Saccharomyces cerevisiae Focal adhesion - Homo sapiens

Figure 4-21 GRNs in KEGG
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4-3-1-1 Comparison with SSEM algorithm on sub-network of cell cycle-

yeast

Figure 4-22 shows the sub-network of the network in Figure 4-21 (a), and Table
4-10 shows the results of identification, where original networks wins the majority votes
of performance indices in the network pool. Then we add one more gene to the network
and generate all possible links for the gene, Rad53. Figure 4-23 shows all possible links
(A, B, C, D, E and F) for the new gene, Rad53. Figure 4-24 shows extended networks in

Figure 4-23, and Table 4-11 shows the results of identification in Figure 4-24.

@

Figure 4-22 Sub-network chosen to be identified in Figure 4-21 (a)
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Table 4-10 Results of identification in Figure 4-22

WLS x> AIC S-RMR  GFI

Original network 43.23 363.23 0.015 0.77
1 55.58 375.58 0.230 0.49
2**
3**
4 127.6 447.65 0.110 0.33
Alternative networks 5 266.5 586.48 0.180 0.29
6 44.60 364.60 0.068 0.76
7 4477 364.77 0.069 0.76
8 116.2 436.15 0.410 0.55
9 44.60 364.60 0.070 0.76

“*%7. fail in estimation

Figure 4-23 All possible links for the new gene, Rad53

44



Rad9

>

?

(@

Rad9

D

-
Q‘@
G

@

m

®

Figure 4-24 Extended networks in Figure 4-23

Table 4-11 Results of identification in Figure 4-24

Number of performance indices

Extended networks WLSy*> AIC S-RMR GFI )
with best scores
(a)** 0/4
(b) 67.39 30739 0.080 0.73 0/4
(c) 66.25 306.25 0.080 0.73 0/4
(d) 97.61 337.61 0.098 0.59 0/4
(e) 56.68 296.68 0.079 0.76 0/4
€3] 47.62  287.62 0.017 0.79 4/4

“*%7. fail in estimation



In Table 4-11, the extended network *‘(f)’” wins the majority votes of performance

indices in the network pool, and, we further add one more gene to the network (f) that

has been identified and generate all possible links (A, B, C, D, E, F, G and H) for the

gene, Cdc5. Figure 4-25 shows the network which has been identified in Figure 4-24

and all possible links for the new gene, Cdc5. Figure 4-26 shows extended networks in

Figure 4-25 (b), and Table 4-12 shows the results of identification in Figure 4-26.

(@) (b)

Figure 4-25 (a) Network which has been identified in Figure 4-24; (b) All possible links

for the new gene, Cdc5
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Figure 4-26 Extended networks in Figure 4-25 (b)
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Table 4-12 Results of identification in Figure 4-26

Number of performance indices

Extended networks WLS y* AIC S-RMR  GFI )
with best scores
(a)** 0/4
(b) 51.68 331.68 0.013  0.81 1/4
(c) 57.76 337.76 0.013  0.80 1/4
(d) 55.44 335.44 0.013  0.80 1/4
(e) 48.99 328.99 0.013  0.82 4/4
® 58.65 338.65 0.013  0.79 1/4
(g) 57.17 337.17 0.013  0.79 1/4
(h) 57.73 337.73 0.013  0.79 1/4

“*%7. fail in estimation

In Table 4-12, the extended network ‘‘(e)’” wins the majority votes of performance

indices in the network pool. Table 4-13 shows the genes and its transcription factors,

and Figure 4-27 shows the result of our approach and SSEM algorithm, where the true

positive rates are 80% for our approach, and 60% for SSEM algorithm.

Table 4-13 Genes and their transcription factors for Figure 4-21 (a)

Genes Transcription factors
Mec3 Hap4p

Rad9 Haclp

Ddcl

Mecl Yaplp

Rad53 Arrlp

Cdc5 Mcmlp
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() : (b)

Figure 4-27 (a) Result of our approach; (b) Result of SSEM algorithm
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4-3-1-2 Comparison with SSEM algorithm on sub-network of Focal

adhesion network (1)

Figure 4-28 shows the sub-network of the network in Figure 4-21 (b), where
biological knowledge was considered: RTK affects FAK and PI3K, and ITGB and RTK
are exogenous variables (genes). Table 4-14 shows the results of identification, and
original networks wins the majority votes of performance indices in the network pool.
Then we add one more gene to the network and generate all possible links for the gene,
Akt. Figure 4-29 shows all possible links (A, B, C, D, E and F) for the new gene, Akt.
Figure 4-30 shows extended networks in Figure 4-29, and Table 4-15 shows the results

of identification in Figure 4-30.

ITGB

Figure 4-28 Sub-network chosen to identified in Figure 4-21 (b)

RTK
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Table 4-14 Results of identification in Figure 4-28

WLSy> AIC S-RMR GFI

Original network 16.84 216.84 0.013 0.84
1 3823 23823 0.150 1.00
19.30  219.30  0.007  0.68

Alternative networks

IMGB | ----------————————- Am——mm—mm—m

ITGB A
RTK |
@

(b)
) — @) S (W
RTT‘ RT?‘ I nT
(©) (d)
) — o)
RT?‘ T
(e)

Figure 4-30 Extended networks in Figure 4-29
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Table 4-15 Results of identification in Figure 4-30

Number of performance indices

Extended networks WLSy*  AIC ~ S-RMR  GFI )
with best scores
(a)** 0/4
(b) 2424 15424  0.027 0.81 1/4
(c) 23.38 15338 0.027 0.82 4/4
(d) 111.06 241.06 0430  0.48 0/4
(e) 31454 44454 0430  0.32 0/4

“*%7. fail in estimation

In Table 4-15, the extended network “‘(c)’” wins the majority votes of performance

indices in the network pool, and further we add one more gene to the network (c) that

has been identified and generate all possible links for the gene, CycD. Figure 4-31

shows the network which has been identified in Figure 4-30 and all possible links (A, B,

C, D, E and F) for the new gene, CycD. Figure 4-32 shows extended networks in Figure

4-31 (b), and Table 4-16 shows the results of identification in Figure 4-31.

ITGB

RTK |

(a)

RTK |

Figure 4-31 (a) Network which has been identified in Figure 4-30; (b) All possible links

for the new gene, CycD
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Figure 4-32 Extended networks in Figure 4-31 (b)

Table 4-16 Results of identification in Figure 4-31

Number of performance indices

Extended networks WLSy> AIC  S-RMR  GFI )
with best scores
(a) 36.47 186.47 0.210  0.77 0/4
(b) 2635 17635  0.023  0.82 4/4
(c) 4773  197.73  0.046  0.70 0/4
(d) 35.57 185.57 0.023  0.76 1/4
(e) 154.0 304.00 0430 044 0/4
€3] 359.7 509.73  0.440  0.31 0/4
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In Table 4-16, the extended network ‘‘(b)’’ wins the majority votes of performance

indices in the network pool, and further we add one more gene to the network (b) that

has been identified and generate all possible links for the gene, IkBa. Figure 4-33 shows

the network which has been identified in Figure 4-32 and all possible links (A, B, C, D,

E, F, G and H) for the new gene, IkBa. Figure 4-34 shows extended networks in Figure

4-33 (b), and Table 4-17 shows the results of identification in Figure 4-34.

Figure 4-33 (a) Network which has been identified in Figure 4-32; (b) All possible links

for the new gene, IkBa

54



ITGB

RTK |

(
ﬁ »CycD
RTK |
(
= —
RT?‘

(Bl @

<)
)

€

4

Q

<«

o
@

®

(&

»CycD

FAK

®

=
&
ol

IkBa

s,
5

»CycD

®

D

(d)

=
@
o

=}
H

W

h 4

2
)

"]

RTK

& -
z—» §
=)

(h)

Figure 4-34 Extended networks in Figure 4-33 (b)

55



Table 4-17 Results of identification in Figure 4-34

) Number of performance indices
Extended networks WLS y AIC | S-RMR | GFI )
with best scores
(a) 5193 | 22193 | 0.023 | 0.73 0/4
(b) 43.18 | 213.18 | 0.022 | 0.77 1/4
(c) 36.86 | 206.86 | 0.022 | 0.80 4/4
(d) 43.18 | 213.18 | 0.022 | 0.77 1/4
(e) 60.67 | 230.67 | 0.022 | 0.71 0/4
(f) 143.5 | 313.51 | 0.400 | 0.49 0/4
(g) 284.4 | 45440 | 0.400 |0.36 0/4
(h) 317.3 | 387.34 | 0.400 | 0.32 0/4

In Table 4-17, the extended network ‘(c)’’ wins the majority votes of performance

indices in the network pool. Figure 4-35 shows the result of our approach and SSEM

algorithm, where the true positive rates are 60% for our approach, and 60% for SSEM

algorithm.
FAK
RTK |

@

(@)

ITGB

@@

$

(b)

Figure 4-35 (a) Result of our approach; (b) Result of SSEM algorithm
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4-3-1-3 Comparison with SSEM algorithm on sub-network of Focal

adhesion network (2)

Figure 4-36 shows the sub-network of the network in Figure 4-21 (c¢), where ECM
1s exogenous variable (gene). Table 4-18 shows the results of identification, and original
networks wins the majority votes of performance indices in the network pool. Then we
add one more gene to the network and generate all possible links for the gene, Crk.
Figure 4-37 shows all possible links (A, B, C, D and E) for the new gene, Crk. Figure
4-38 shows extended networks in Figure 4-27, and Table 4-19 shows the results of

identification in Figure 4-38.

Figure 4-36 Sub-network chosen to identified in Figure 4-21 (¢)

Table 4-18 Results of identification in Figure 4-36

WLSy> AIC S-RMR GFI

Original network 0.17 120.17 0.0013  1.00
1 0.17 120.17  0.0014 1.00

924 21241  0.7200 0.39

Alternative networks
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Figure 4-37 All possible links for the new gene, Crk

B
A B

(@) | (b)

(©) (d)

Figure 4-38 Extended networks in Figure 4-37
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Table 4-19 Results of identification in Figure 4-38

) Number of performance indices
Extended networks WLS x~ AIC S-RMR GFI )
with best scores

(a)** 0/4
(b) 124.6 23458 0.10  0.48 0/4
(©) 15.09 190.94 0.08  0.85 3/4
(d) 7716 187.16 047  0.52 1/4
() 9562 205.62 048  0.46 0/4

“*%7. fail in estimation

In Table 4-19, the extended network “‘(c)’’ wins the majority votes of performance

indices in the network pool, and further we add one more gene to the network (c) that

has been identified and generate all possible links for the gene, Shc. Figure 4-39 shows

the network which has been identified in Figure 4-38 and all possible links (A, B, C, D,

E, F and G) for the new gene, Shc. Figure 4-40 shows extended networks in Figure 4-39

(b), and Table 4-20 shows the results of identification in Figure 4-40.

(a)

Figure 4-39 (a) Network which has been identified in Figure 4-38; (b) All possible links

for the new gene, Shc
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(a) (b)

(2

Figure 4-40 Extended networks in Figure 4-39 (b)



Table 4-20 Results of identification in Figure 4-40

) Number of performance indices
Extended networks WLSy~ AIC S-RMR GFI )
with best scores

(a) 44.66 17466 0.170  0.52 0/4
(b) 26.65 156.65 0.077 0.80 0/4
() 23.18 153.18 0.075 0.82 4/4
() 3181 161.81 0.076 0.77 0/4
() 1223 25225 0490 0.45 0/4
() 169.3 29929 0490  0.35 0/4
(2) 128.1 158.13 0.500 0.45 0/4

In Table 4-20, the extended network “‘(c)’” wins the majority votes of performance
indices in the network pool. Figure 4-41 shows the result of our approach and SSEM
algorithm, where the true positive rates are 100% for our approach, and 75

% for SSEM algorithm.

@ » FAK
@ » Shc

(a) (b)

Figure 4-41 (a) Result of our approach; (b) Result of SSEM algorithm
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4-3-2 Comparison with dynamic Bayesian model method

To compare with dynamic Bayesian model method (Luna et al., 2007), we use the
one network that is chosen in their study, as shown in Figure 4-42, for investigation, and
this network is sub-networks regarding yeast cell cycle. Alpha data sets that are also

chosen in their study with 6 time points are adopted by Spellman et al. (1998).

Figure 4-42 GRNs in KEGG
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Figure 4-43 shows the sub-network of the network as shown in Figure 4-42, and
Table 4-21 shows the results of identification, where original networks wins the
majority votes of performance indices in the network pool. Then we add one more gene
to the network and generate all possible links for the gene, Cdc5. Figure 4-44 shows all
possible links (A, B, C, D, E, F and G) for the new gene, Cdc5. Figure 4-45 shows

extended networks in Figure 4-44, and Table 4-22 shows the results of identification in

Figure 4-43 Sub-network chosen to identified in Figure 4-42

Figure 4-45.

Table 4-21 Results of identification in Figure 4-43

WLSy> AIC  S-RMR GFI

Original network 39.46  393.46  0.012  0.80
1 4543 39943  0.012 0.78

2 64.69 41869 0250 0.43

Alternative networks
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(d) (e)

Figure 4-45 Extended networks in Figure 4-44



Table 4-22 Results of identification in Figure 4-45

Number of performance indices

Extended networks WLSy*> AIC  S-RMR GFI )
with best scores
(a)** 0/4
(b) 70.14  346.14  0.017 0.75 1/4
(c) 63.01  339.01 0.017 0.76 4/4
(d) 79.61 355,61 0.019 0.72 0/4
(e) 75.54 351.54 0.017 0.73 1/4

“*%7. fail in estimation

In Table 4-22, the extended network “‘(c)’’ wins the majority votes of performance

indices in the network pool, and further we add one more gene to the network (c) that

has been identified and generate all possible links for the gene, Clb2. Figure 4-46 shows

the network which has been identified in Figure 4-45 and all possible links (A, B, C, D,

E, F and G) for the new gene, Clb2. Figure 4-47 shows extended networks in Figure

4-46 (b), and Table 4-23 shows the results of identification in Figure 4-47.
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Figure 4-46 (a) Network which has been identified in Figure 4-45; (b) All possible links

for the new gene, Clb2
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Figure 4-47 Extended networks in Figure 4-46 (b)
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Table 4-23 Results of identification in Figure 4-47

Number of performance indices

Extended networks WLSy*> AIC S-RMR GFI )
with best scores
(a) 2724 5964 026 042 1/4
(b) 3303 6573 027 0.4l 0/4
(c) 281.2  605.2 026 0.4l 1/4
(d) 279.1  603.1 031 048 0/4
(e) 4279 7519 029 034 0/4
63 408.2 7322 029 0.34 0/4
(2) 133.2 457.2 0.29  0.66 4/4

In Table 4-23, the extended network ‘‘(g)’” wins the majority votes of performance

indices in the network pool, and further we add one more gene to the network (g) that

has been identified and generate all possible links for the gene, Cakl. Figure 4-48

shows the network which has been identified in Figure 4-47 and all possible links (A, B,

C,D, E, F, G, H and I) for the new gene, Cakl. Figure 4-49 shows extended networks in

Figure 4-48 (b), and Table 4-24 shows the results of identification in Figure 4-49.

Because covariance matrix is not positive-definite, ridge constant is used to make

correction, LISREL 8.8.
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Figure 4-48 (a) Network which has been identified in Figure 4-47; (b) All possible links

for the new gene, Cakl
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Figure 4-49 Extended networks in Figure 4-48 (b)
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Table 4-24 Results of identification in Figure 4-49

Number of performance indices

Extended networks WLSy*> AIC S-RMR GFI )
with best scores
(a) 199.5 571.52 025 0.60 0/4
(b) 199.5 571.54 025 0.60 0/4
(c) 199.5 57153 025 0.60 0/4
(d) 253.1  625.10 023 0.51 0/4
(e) 5429 91486 023 035 0/4
63 202.1 57413 025 0.60 0/4
(2) 311.8  683.77 026 0.51 0/4
(h) 2114 58342 025 0.61 0/4
(1) 2230 39425 0.07 0.93 4/4

In Table 4-24, the extended network ““(1)’” wins the majority votes of performance

indices in the network pool, and further we add one more gene to the network (i) that

has been identified and generate all possible links for the gene, Gin4. Figure 4-50 shows

the network which has been identified in Figure 4-49 and all possible links (A, B, C, D,

E, F, G, H, I, J and K) for the new gene, Gin4. Figure 4-51 shows extended networks in

Figure 4-50 (b), and Table 4-25 shows the results of identification in Figure 4-51.

Because covariance matrix is not positive-definite, ridge constant is used to make

correction, LISREL 8.8.
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(b)

Figure 4-50 (a) Network which has been identified in Figure 4-49; (b) All possible links

for the new gene, Gin4
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Table 4-25 Results of identification in Figure 4-51

Number of performance indices

Extended networks WLSy* AIC S-RMR GFI )
with best scores
(a) 35.68 455,68 0.11 0091 0/4
(b) 35.68 455.68 0.11 0091 0/4
(c) 78.37  498.37 0.13 0.77 0/4
(d) 69.59  489.59 0.13 0.78 0/4
(e) 7242 49242 0.12 0.79 0/4
® 35.77 455.77 0.11 0091 0/4
(2) 35.67 455.67 0.11 0091 0/4
(h) 35.17 45517  0.10 0091 0/4
(1) 25.52 44552  0.09 0.93 0/4
() 22.05 442,05 007 0.94 4/4
(k) 22.52 44252 007 0.94 2/4

In Table 4-25, the extended network ““(j)’’ wins the majority votes of performance

indices in the network pool. Figure 4-52 shows the result of our approach and dynamic

Bayesian model method, where the true positive rates are 83% for our approach. Our

approach has better true positive rates than dynamic Bayesian model method, but the

network that has been identified is small than dynamic Bayesian model method.
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Figure 4-52 (a) Result of our approach; (b) Result of dynamic Bayesian model method
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Chapter 5 Conclusions

We proposed the novel identification and modification approach to identify gene
regulatory networks and to evaluate the ability of correction for defective networks by
dynamic path analysis (PA) algorithm. In ten original gene regulatory networks from
KEGG, including sub-networks of cell cycle —yeast, e.g., regulation of autophagy and
MAPK signaling networks, 7 out of 10 original gene regulatory networks have major
votes in terms of the performance indices by PA estimation, and 9 out of 21 selected
defective networks can be corrected based on modification indices. Furthermore, we
extend networks which have been correctly identified, and compare the approach with
other algorithms such as SSEM algorithm and dynamic Bayesian model method (Luna
et al., 2007). Compared with SSEM algorithm, the study obtains better results on three
networks which are chosen in their study. The true positive rates are 60, 80 and 100%,
respectively. Besides, the result is also better than one by dynamic Bayesian model
method: the true positive rate is 83.3%. The proposed approach is proved to be able to
effectively identify gene regulatory networks, and provide users the degree of

confidence on a built network.
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Appendix-A

Table A-1 Indices for GRN1

WLS > AIC  S-RMR GFI
Original network 3568 35568  0.098 0.81
1 3283  352.83 0.097 0.81
2 5298  372.98 0.092 0.73
3 6510  385.10 0.100 0.71
4 3213 352.13 0.096 0.81
5 2178 537.80 0.150 0.24
6 3693  356.93 0.100 0.80
76510  385.10 0.100 0.71
8 30.80 — 350.80 0.098 0.82
Alternative networks 9 52.94 372.94 0.120 0.68
10 1063 | 142625 0.400 0.57
11\ |4147 | 734.65 0.580 0.22
129651  416.51 0.390 0.59
13 96.08  416.08 0.450 0.59
14 9592 41592 0.420 0.59
15 96.83  416.83 0.400 0.59
16 9645  416.45 0.440 0.59
17 9570  415.70 0.420 0.59
18 9736  417.36 0.400 0.59
19 1214  441.40 0.400 0.39
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Table A-2 Indices for GRN2

WLS AIC  S-RMR GFI
Original network 4323 36323 0015 0.77
1 5558 37558  0.230 0.49
2**
3**
4 1277 44765  0.110 0.33
Alternative networks 5 266.5  586.48  0.180 0.29
6 4460 36460  0.068 0.76
7 4477 36477  0.069 0.76
8 1162  436.15 0410 0.55
9 4460 36460  0.070 0.76

“*%7. fail in estimation
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Table A-3 Indices for GRN3

WLS AIC  S-RMR GFI

Original network 12892 49892  0.180 035
1 1601  386.01 0.140 0.91

2 1557  525.65 0.170 0.42

3 16.09  386.09 0.140 0.91

4 17.02  387.02 0.130 0.90

5 18.46  388.46 0.100 0.90

6 3931  409.31 0.088 0.80

7 3938  409.38 0.096 0.80

8 1838 38838 0.088 0.90

Alternative networks 9 44.03 414.03 0.088 0.79
10 3023  400.23 0.098 0.84

11 31.16 = 401.16 0.120 0.84

12 3037 = 400.37 0.120 0.84

13 [ 30.18 | 400.18 0.086 0.84

14 [30.14 || 400.14 0.087 0.84

15/ | 31.19 | 401.19 0.120 0.84

16 | 3204 | 690.41 0.180 0.26

17 31.39 . 401.39 0.086 0.84

18 59.62  429.62 0.087 0.73

19 31.36  401.36 0.086 0.84
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Table A-4 Indices for GRN4

WLS AIC  S-RMR GFI

Original network 3940 359.40  0.012 0.78
1 66.06 38.06  0.019 0.69

2 4030 36030  0.012 0.78

35224 37224 0011 0.74

4 4338 36338  0.012 0.77

Alternative networks 5 56.96 376.96 0.011 0.72
6 3225 35225  0.012 0.82

7 5464 37464  0.160 0.64

8 4332 36332  0.011 0.77

9 3195 35195  0.011 0.82

Table A-5 Indices 'for GRN35

WLS o AIC  S-RMR GFI

Original network 21.63  391.63  0.0034 0.88
1 2355 39355  0.0033 0.87

2 2166 391.66  0.0034 0.88

32165  391.65  0.0034 0.88

4 2334 39334  0.0033 0.87

Alternative networks 5 21.71 391.71 0.0034 0.88
6 2331 39331  0.0033 0.87

7 23.63  393.63  0.0033 0.87

8 3527 40527  0.0055 0.82

9  68.63 43863  0.004 0.72
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Table A-6 Indices for GRN6

WLS AIC  S-RMR GFI

Original network 310 37310 0.049 0.98
1 315 37315 0.049 0.98

2 325 37325 0.050 0.98

3 316 37316 0.049 0.98

4 314 37314 0.049 0.98

5 311 37311 0.049 0.98

6 376 37376  0.053 0.98

7 371 37371 0.053 0.98

8§ 3.1 37311  0.049 0.98

Alternative networks 9 3.71 373.71 0.053 0.98
10 321 37321  0.049 0.98

11, 340 37340  0.051 0.98

12339 37339  0.050 0.98

13 (821 ) 37321 0.049 0.98

14 | 320 37320  0.049 0.98

15/ 339 | 37339  0.050 0.98

16| 339 37339  0.050 0.98

17 338 . 37338  0.050 0.98

18 372 37372 0.053 0.98

19 339 37339 0.050 0.98
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Table A-7 Indices for GRN7

WLS o AIC  S-RMR GFI

Original network 6.83  376.83  0.0017 0.96
1 743 37743 0.0018 0.96

2 276 39758  0.0180 0.85

3 6.8 37686  0.0017 0.96

4 693 37693  0.0018 0.96

5 764 37764  0.0017 0.95

6 257 39571  0.0074 0.86

7 265 396.54  0.0074 0.86

8 724 37724  0.0018 0.96

Alternative networks 9 25.5 395.54 0.0074 0.86
10 152 52245  0.110 0.29

11 11.9  381.90  0.0018 0.93

12 /119 38191  0.0018 0.93

13 11.8 | 381.80 = 0.0017 0.93

14 | 117 | 381.68  0.0018 0.93

15/ 119 | 38191  0.0018 0.93

16 121 | 382.09 0.0180 0.93

17 122 38223  0.0017 0.93

18 335 40348  0.0073 0.83

19 122 382.15  0.0017 0.93
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Table A-8 Indices for GRNE&

WLS AIC  S-RMR GFI

Original network 7950 37795  0.0050 0.95
1 49.07 419.07  0.0330 0.75

2 9501 465.01  0.2600 0.11

3 8.090 378.09  0.0050 0.95

4 8070 378.07  0.0050 0.95

5 2293 39293  0.0054 0.88

6 11.53  381.53  0.0051 0.93

7 1150  381.50  0.0051 0.93

8 139.1  509.02  0.0820 0.37

Alternative networks 9 575.3 945.30 0.1400 0.25
10 2373  393.73  0.0063 0.87

11 1650 = 386.50  0.0053 0.91

12 17.61 = 386.71  0.0053 0.91

13 | 1648 | 386.48  0.0053 0.91

14 1632 || 386.32  0.0053 0.91

15/ | 16,53 | 386.53  0.0053 0.91

16 | 16.77 | 386.77  0.0053 0.91

17 16.63 = 386.63  0.0053 0.91

18 2125 39125  0.0053 0.88

19 16.24 38624  0.0052 0.91
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Table A-9 Indices for GRN9

WLS AIC  S-RMR GFI
Original network 33.11  403.11  0.0082 0.83
1 101.6 47156  0.1000 0.39
2 1403 51027  0.0850 0.39
3 3852  408.52  0.0080 0.81
4 3377 403.77  0.0081 0.83
Alternative networks 5 33.40 403.40 0.0083 0.83
6 33.81  403.81  0.0080 0.83
7 3381  403.81  0.0080 0.83
8§ 1365 506.52  0.0660 0.41
9 507.8 877.76  0.2600 0.20
Table A-10/Indices 'for GRN10
WLS AIC  S-RMR GFI
Original network 31,01 401.01 0.013 0.84
1 1194 48939 0.110 0.40
2 31.68  401.68 0.013 0.84
31019 47186 0.340 -0.09
4  31.15 401.15 0.013 0.84
Alternative networks 5 31.54 401.54 0.013 0.84
6 3055  675.50 0.070 0.30
7 31.65  401.65 0.013 0.84
8 1414 51137 0.052 0.35
9  622.1 992.14 0.290 0.19
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