
 

ABSTRACT 

 

NAIK, PUNITH PAVOOR. A Systems Biology approach towards understanding the 
Regulation of Monolignol Biosynthesis in Populus trichocharpa. (Under the direction of 
Dr. Joel Ducoste). 

 

Lignin is the most abundant polymer after cellulose and hemicelluloses found 

naturally in the secondary cell walls of all vascular plant. Lignin is entangled with 

cellulose and hemicelluloses forming an impermeable matrix. The primary purpose of 

lignin is to transport nutrients, provide protection against pathogens and provide upright 

support. With the recent push towards utilization of plant biomass as a source of biofuel, 

the rigidity of lignin unfortunately acts as a barrier in the utilization of high energy sugars 

like hemicellulose and cellulose.  With the advancement in high throughput 

technologies, the biosynthetic pathway of monolignol continues to be experimentally 

characterized. However, since most of the biological networks are characterized by 

highly non-linear interactions with multiple substrates competing with multifunction 

enzymes and proteins interacting with each other forming complexes, it may be 

challenging to predict the effect of genetic perturbations on the monolignol biosynthetic 

pathway. This gap in knowledge could be filled with the development of mathematical 

modeling that characterizes these non-linear interactions. The overall objective of this 

research was to develop mathematical models to enhance the understanding of 

monolignol biosynthesis in Populus trichocharpa. These novel mathematical models can 

then be used to predict the effect of genetic perturbations on the monolignol 

biosynthetic pathway, especially the lignin content and structure. The models can also 

be used to gain insights about regulatory control, generate testable hypotheses, and 



 

genetically engineer plants with desired lignin content and structure after experimental 

validation. 

As a result of this extensive modeling effort, the following outcomes of this thesis have 

been drawn: 

 

1. The model was able to assess the role of protein-protein interactions on the lignin 

biosynthetic pathway as well as the lignin composition and structure. The 

analysis of the model suggested that the presence of the protein-protein 

interactions improves the robustness of the pathway. 

2. Analysis of the RNA Seq data revealed the existence of a modular structure of 

the genes that regulate proteins involved in the monolignol biosynthesis pathway 

and its role on the lignin composition and structure. The analysis of this modular 

structure suggested that the plants maintain this compartmentalized structure to 

improve their resiliency against perturbations. The modular information was 

incorporated into the model which was then used to quantify the effect of 

perturbation of the proteins involved in each module on the lignin structure and 

composition. The analysis of the model suggest that the compartmentalization of 

genes that regulate proteins involved in lignin biosynthesis improves the stability 

of the pathway against perturbations. The same genes within these modules can 

also be used as viable targets, which may enable researchers to more effectively 

tailor the lignin structure. 

3. The predictive model was validated using the experimental data and showed that 

the model was able to account for 74% of the variations in the S:G ratio. For 

cases where detailed kinetics information is not available, a purely data driven 



 

model could be developed. In this study, an Artificial Neural Network (ANN) was 

used to predict the variation of S:G ratio and the total lignin content (S+G) as a 

function of protein concentration. The ANN model was able to account for 80% of 

the variation in S:G ratio and 74% of the variation in (S+G) values. 

4. Finally, a network inference algorithm was used to develop a gene regulatory 

network. The gene regulatory network was then combined with the metabolic 

network model to predict the role of perturbation of Transcription Factors (TF’s) 

and genes on the monolignol biosynthetic pathway as well as the lignin 

composition and structure. The complete model was able to predict that the 

upregulation of MYB TF`s result’s in an increase in the S:G ratio and a reduction 

in total lignin content. The knowledge of the interactions between the various 

transcription factors, genes and proteins would enhance our knowledge about 

the regulation of the monolignol biosynthetic pathway and identify the key 

transcription factors that affect the lignin composition and structure. 
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

 

With increasing global energy demands, the search for alternative fuel sources 

have dramatically increased over the past decade. Plant biomass has been identified as 

a viable source of biofuels as it contains energy rich cellulose and hemicellulose sugars, 

which can be converted into ethanol under fermentation (Chapple et al, 2007). The 

secondary cell wall of plants is primarily made up of lignin, cellulose and hemicellulose.  

Lignin binds into cellulose and hemicellulose via covalent bonds that then forms 

lignocellulosic biomass (Yang et al, 2007). The conversion of lignocellulosic biomass 

into biofuels, pulp, and paper involves chemical pretreatment followed by enzymatic 

hydrolysis.  However, this pretreatment process can be expensive and environmentally 

hazardous (Mosier et al, 2005). 

 

An alternative approach to pretreatment that would result in low pre-processing 

cost is to genetically modify the plant cell wall resulting in less lignin formation (Lee, 

2010). Although the lignin biosynthetic pathway is well studied, details about the 

regulation and underlying topology is still unclear (Lee et al, 2012, Bhatia and Bosch, 

2014). In order to enhance the understanding of the regulatory control involved in 

monolignol biosynthesis, the objective of this dissertation is to use mathematical 

modeling and simulation for systematic analysis of monolignol biosynthesis in wildtype 

and mutant plants. Mathematical models for biosynthetic pathways will be developed, 

validated, and analyzed, yielding insights about lignin regulation that are difficult to 



 

2 
 

obtain with traditional molecular and biochemical experimental approaches alone. The 

insights obtained from the model can then be used to generate testable hypotheses and 

suggest targets to engineer the lignin composition and structure. 

 

1.2 Lignin Biosynthesis: 

 

 Lignin is found in the secondary cell wall of all vascular plants and is a 

polymerized product of three monolignols namely p-coumaryl alcohol, coniferyl alcohol 

and sinapyl alcohol. The monomers are synthesized in the monolignol biosynthetic 

pathway inside the cytoplasm and then transported to the cytoplasm, where it 

undergoes polymerization to form syringyl (S), guaiacyl (G) and p-hydroxyphenyl (H) 

units. The lignin composition and content varies among plants depending on the 

environmental conditions (Boerjan et al, 2003). The lignin biosynthetic pathway involves 

24 metabolites along with 21 enzymes belonging to 10 protein families that convert 

substrates to products involving 32 intermediate metabolic reactions.   

 

 Although the topology of the monolignol biosynthetic pathway is well studied, the 

information about the mechanisms of regulations is not complete. The lignin 

biosynthetic pathway is regulated in several different ways: (1) Substrate inhibitions that 

exists between metabolites, (2) Proteins are multifunctional, hence they display different 

substrate specificity, and (3) Proteins interact with each other forming protein 

complexes. Due to these complexities, experimental perturbations made to the pathway 

may sometime result in counter-intuitive results, which cannot be explained by 

knowledge of the topology alone. Although there are several reported literatures 
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pertaining to the study of monolignol biosynthesis (Dixon et al, 2001; Humpreys and 

Chapple, 2002; Boerjan et al, 2003), only one study reported literature has focused on 

developing a mathematical model of the monolignol biosynthesis pathway (Lee et al, 

2010).However, the major drawback of Lee et al.’s model is that it uses a static and 

constraint based approach to gain an understanding of the pathway. The drawbacks of 

such methods will be explored in the literature review. The overall goal of this 

dissertation is to develop a computational framework that would enable researchers to 

gain insights that are otherwise difficult to obtain with traditional molecular and 

biochemical experimental approaches.  

 

1.3 Significance of this research: 

 

 Given the complexity of biological systems, mathematical modeling has been 

extensively applied to biological pathway to gain a better understanding of the system. 

Computational modeling might be advantageous to explain the sometimes 

counterintuitive results obtained from genetic perturbation of the pathway. The 

computational model can be used to explain the changes in the steady state flux 

distribution when the pathway is subjected to enzymatic perturbations and the role of 

protein interactions on the monolignol biosynthesis pathway. The model can also be 

used to gain insights about the regulation of monolignols and formulate testable 

hypotheses. Users of the model can perform in silico transgenics saving thousands of 

dollars in experimental test costs.
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1.4 Literature Review 

In this section, we will review the methods used in developing a computational 

framework for modeling monolignol biosynthesis. A biosynthetic pathway can be broadly 

divided into a regulatory network and a metabolic network. The regulatory network 

primarily involves interactions between genes, mRNA and proteins, whereas the 

metabolic network is made up of interactions between proteins and metabolites. The 

next few sections will involve a brief review of the methods used in developing these 

networks. 

1.4.1 Mathematical Modeling of Metabolic Network: 

 

 With the emergence of high throughput technologies, the current challenge in 

studying biological systems insilco is to develop a computational framework to gain a 

systematic understanding of the underlying mechanisms regulating the pathway.  The 

current modeling approaches for metabolic networks are classified into static (Schuster 

et al, 199; Schilling et al, 2000; Palsoon, 2006) and dynamic based models (Reich and 

Selkov, 1981; Palsoon and Lightfoot, 1984).  Static based model uses only the 

information about the stoichiometry of the network. Using mass conservation principles, 

the rate of change of the metabolite concentration as a function of stoichiometry and 

reaction rate can be expressed as follows 

 

          (1.1) 

 

where S is the vector of substrate concentrations of all the metabolites involved in the 

pathway, N is the stoichiometric matrix and v is the reaction flux. Each row of the 

dS
=Nv

dt
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stoichiometric matrix indicates all the reactions in which a given substrate is involved. 

The reaction flux, v, depends on the metabolite concentrations and other non-metabolic 

factors like pH and temperature. The constraint based methods and the kinetic based 

methods are distinguished based on the functional form of the metabolic flux, v. 

 

Constraint based methods are based on the stoichiometry structure of metabolic 

networks. The constraint based model assumes a quasi-steady state, which means that 

the systems reaches equilibrium relatively fast, thus reducing the left hand side of the 

above equation to zero. The system of equations can then be solved to obtain the 

steady state flux. However, the main challenge faced in the above approach is that the 

system is overdetermined, i.e the number of reactions are more than the number of 

metabolites. Methods such as extreme pathways (Schilling et al, 2000) and elementary 

flux modes (Shuster et al, 1999) have been developed to identify a finite set of fluxes, 

which is a basis vector of all possible steady state flux in the pathway.    

 

One of the most widely used constraint base approaches is the Flux Balance 

Analysis (FBA) (Palsson et al, 2001). FBA has been used in modeling the metabolic 

network of a variety of biological systems including the metabolic network of monolignol 

biosynthesis in alpha-alpha (Raman and Chandra, 2000, Lee et al, 2010).  The major 

drawback of this approach is that there is no best solution, rather there is an optimal 

solution based on imposed constraints. The other drawback is that the definition of the 

objective function is not always clear. Depending on the external environment, the cells 

may maximize biomass, maintain homeostasis, maximize metabolic product, or 

maximize growth rate (Almaas et al., 2004).    FBA does not include the enzyme 
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efficiency, which may be different for different substrates based on the concentration of 

the substrates as well as the substrate inhibition that exists in the metabolic network. 

The dynamics of the network, which is crucial in understanding the effect of 

perturbations, cannot be known. Nonetheless, in the absence of available experimental 

data, FBA has proven to be a powerful approach to model the metabolic networks of the 

biological systems (Papin et al., 2002; Almaas et al., 2004; Holzhutter 2004).  

1.4.2 Kinetic Based Models: 
 

The kinetic based modeling approach are by far the most widely used modeling 

tool to simulate the metabolic networks.  In the kinetics based approach, the metabolic 

flux is expressed as a function of substrate concentrations and kinetic parameters. The 

next step is to utilize the mass conservation principle to quantify the rate of change of 

metabolite concentration as a function of the net metabolic flux. The reaction rate can 

then be expressed using either Michaelis Menten kinetics, Generalized Mass Action 

(GMA) (Horn and Jackson, 1972) or S-systems (Savageau, 1976). Although the 

Michaelis Menten kinetics provides an accurate description of the changes in reaction 

flux involved in the metabolic networks, specification of Michaelis Menten kinetics 

require detailed knowledge of the activation and inhibition parameters, which may be 

difficult to obtain.  Michaelis Menten kinetics have been used to model a variety of 

biological systems ranging from glycolytic pathway (Johnson, 2013) to monolignol 

biosynthesis (Wang et al, 2014).  
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1.4.3 Gene Regulatory Networks  

 

Gene regulatory networks involves the interactions between genes, mRNA and 

proteins that interact with each other in the cell to regulate the expression levels of 

mRNA and proteins. The gene regulatory network provides crucial insights about the 

various regulatory interactions that are essential for day to day cellular function, growth 

and stress response (MacNeil and Walhout, 2011).  The knowledge about how the 

genes interact with each other is extremely important to quantify the effect of 

perturbations on the phenotype (Davidson and Levine, 2005; Walhout, 2006 and Long 

et al, 2008). With advances in high throughput technologies, large number of databases 

have been developed containing information about genes, protein-protein interactions 

and transcription factor data. However, one of the biggest challenges is to use the vast 

amount of data to infer interactions between the transcription factors, mRNA and 

proteins (Friedman, 2004). 

1.4.3.1 Modeling Gene Regulatory Networks: 
 

 Several methods have been reported to build a gene regulatory network using 

high throughput experimental data.  The most commonly used methods are Bayesian 

networks and other network inference methods (i.e., Mutual Information, PC algorithm). 

The Bayesian network is a graphical model, which uses the conditional probability 

distribution between random variables to infer relationship (Pearl, 2000). The random 

variables can be genes, mRNA or proteins (Friedman et al, 1998).  The advantage of 

the Bayesian network is that they can capture linear or non-linear, relationships among 

participating variables (Chen et al., 2008).  In the Bayesian network approach for 
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reconstructing a GRN from expression data, the best network is determined by a 

scoring function, which selects the best network based on the criterion of maximizing 

likelihood given the experimental data.  However, finding an optimal network is 

computationally intensive since each additional node increases the number of 

parameters by 2N, where N is the number of nodes.  The objective function can only be 

evaluated using heuristic approach, which may not result in a global maximum. An 

additional concern with the Bayesian approach is that well-connected networks tend to 

result in over fitting due to the increased number of parameters.  Using Bayesian 

networks, Burell et al. (2008) were able to identify the genes responsible for transducing 

cold stress genes to other genes. Other applications of Bayesian networks in gene 

regulatory networks are discussed in detail elsewhere (Beal et al., 2005).  The 

drawback of Bayesian networks that was identified in the literature was that the 

Bayesian networks couldn’t model feedback interactions, which are a major part of 

these regulatory networks.   

 

Mutual information based network inference relies on the knowledge of joint 

probability distribution between random variables to infer their interaction (Meyer et al, 

2010).  The mutual information measures the uncertainty reduction between a pair of 

random variables, given information about one of the variables (Altay and Emmert, 

2010). The advantage of mutual information is that it can account for both non-linear 

and linear relationship between the random variables. They have distinct advantage 

over correlation based networks since they are free of any assumptions of normality 
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distributions (Wang et al, 2013). A detailed review of mutual information methods used 

for network inference can be found in Marbach et al (2012). 

1.4.3.2 Peter Clark (PC) Algorithm 
 

The PC algorithm uses partial correlation or partial mutual information to infer 

causal relationships between random variables (Spirtes and Glymour, 1991). It 

assumes a Bayesian causal network model and it makes use of a set of constraints to 

produce a Directed Acyclic Graph (DAG) as an output. The PC algorithm comprises of 

three steps. In the first step, it applies the conditional independence test to discover 

relationships between variables. In subsequent steps, it tries to orientate these 

relationships without creating cyclic structures. More information on the PC algorithm 

can be found in Harris and Drton (2013). The gene network inference was performed 

using the package pacalg in R©. The advantage of the PC algorithm over the Bayesian 

network is that, PC algorithm used a constraint based approach rather than a scoring 

approach to infer the final DAG, which makes it less computationally intensive (Abellan 

et al, 2006). The drawback is that in some cases it may not arrive at a fully developed 

DAG; rather the final network may have some undirected DAG`s (Raskutti, 2013). 

1.4.3.3 A joint regulatory and metabolic network model: 
 

Although the methods to model the regulatory and metabolic network has been 

developed, little effort has been devoted towards bridging the two networks. By bridging 

the two networks, it would enable researchers to quantify the effect of regulatory based 

perturbations on the monolignol biosynthetic pathway as well as lignin composition and 
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structure.  In one of the recently proposed methodology, Covert et al (2007) developed 

a framework to combine the regulatory information into the metabolic network with a 

small ODE model for E. coli model. One of the drawbacks of the above method is that it 

simplifies the relationship between the transcriptional regulation and metabolic process 

to a binary process, where the regulation can either be present or absent. The model 

fails to capture the intermediate levels that are known to exist in biological networks 

(Chandrashekaran, 2010), as well as quantify the effect of the perturbation of genes in 

the regulatory network on the phenotypes. To overcome such drawbacks, Wittman et al 

(2010) developed a model that converts a discrete Boolean interaction into a continuous 

process using the Hill equation.  

 

Based on the literature review, it can be concluded that although several 

computational approaches have been developed towards modeling biological networks, 

most of the focus has been in studying the metabolic and regulatory networks 

separately. The cellular phenotype is an emergent property of a system, which is a 

result of interactions between the various components involved in a biological network 

(genes, mRNA, proteins and metabolite) (Hellerstien, 2003). The overall process of 

biosynthesis cannot be determined from information generated at a single level; rather it 

requires information at multiple levels, including gene expression levels, absolute 

protein concentrations, and metabolite concentrations.  

 

In this dissertation, a Michaelis Menten kinetics approach was used to model the 

metabolic network and the PC algorithm was used to infer the regulatory interactions 
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between the genes, mRNA and proteins. The two networks will then be linked using the 

continuous Hill cube transformation.  

1.4.4 Dissertation Overview and Objectives 

 

The main objective of this dissertation is to use computational and statistical 

approaches to develop a predictive model for the systematic analysis of monolignol 

biosynthesis in Populus trichocharpa (P. trichocharpa) wild-type and genetically 

engineered plants. The computational framework will help to improve our understanding 

of the regulation of monolignol biosynthesis. The results generated by this model would 

demonstrate that insilco investigation is an effective and predictive complement to 

traditional biotechnological and transgenic experimental methods in plants. 

Mathematical models will be constructed and analyzed, yielding insights about 

regulatory control that are difficult to obtain with traditional experimental approaches 

alone and allowing the formulation of more effective hypotheses with regards to the 

regulation of the pathway. The validated model can then be used to draw insights that 

will form a solid foundation for the design of genetic modification strategies towards the 

generation of lignin-modified crops. 

 

The dissertation research questions that the model will answer are: (1) what are 

the key regulators that affect the lignin composition and structure. (2) What is the role of 

these key regulators on the lignin composition and structure?  (3) How can we devise 

strategies to change the lignin structure? (4) What is the role of multi-enzyme 

interactions on the network? (5) How does the steady state concentration of 
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monolignols change when the pathway is perturbed? The hypotheses that will be tested 

in this research are as follows (1) the biochemical network is resilient and hence robust 

to internal and external perturbations. (2) The genes that control the proteins involved in 

monolignol biosynthesis form modules that provide resilience against perturbations.   

The specific objectives of this dissertation are:  

 (1) To identify and quantify the role of regulatory controls on the steady state flux 

distribution of the monolignol biosynthetic pathway.(2) Identify the effect of perturbations 

on the lignin composition and structure.(3) Identify the role of co-regulatory protein 

structure and its overall effect on the lignin composition and structure under enzymatic 

perturbations.(4) Validate the predictive power of the model by comparing the results 

with the experimentally determined phenotypic data.(5) Develop an artificial neural 

network (ANN) model to predict the S/G ratio by using transgenic data.(6) Develop a 

joint regulatory metabolic network model to quantify the role of perturbing the 

Transcription factors on the lignin composition and structure. 

 

The overall contributions of this dissertation are as follows: (1) a computational 

framework is proposed to develop a joint regulatory and metabolic model for lignin 

biosynthesis. The model would enable researchers to gain a better understanding of the 

monolignol biosynthesis process as well as reveal new regulatory mechanisms that 

affect the lignin composition and structure. (2) The knowledge about the role of complex 

and protein modules would enhance the overall understanding of the regulation of the 

monolignol biosynthetic pathway. (3) The knowledge about the steady state behavior of 

the system also enables us to understand the effect of perturbations on the network and 
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how the system switches from one steady state to another in the presence of these 

perturbations. Phenotypes resulting from the perturbations can be predicted by knowing 

the steady states.  (4) Due to the inherent complexities of biochemical pathways, the 

predictive model would allow researchers to analyze lignin biosynthesis in wild-type and 

genetically engineered plants. (5) The model would yield insights that are difficult to 

obtain with traditional experimental molecular and biochemical approaches and would 

allow researchers to formulate new, testable hypotheses about the regulatory 

mechanisms involved in the pathway. Although the model was developed for monolignol 

biosynthesis, the framework can be applied to any biochemical network of interest 
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CHAPTER II 

METHODS 

 

This section discusses the numerical methods that were used to perform this 

research study. Modeling approaches include: 1) a methodology to build a gene 

regulatory network to uncover relationships between the transcription factors and the 

transcript abundance and 2) a model to predict the reaction flux through the metabolic 

network to develop a predictive model for monolignol synthesis.  Combining these two 

networks would enable researchers to quantify the changes in transcription factors on 

the lignin composition and structure. The methodology used to infer gene regulatory 

network will be discussed in section 2.1, the regulatory interaction will be quantified in 

section 2.2 and the methodology to quantify the reaction flux through the metabolic 

network will be discussed in 2.3. 

 

2.1 Inferring gene regulatory network: 

 

The causal interactions between TF`s and genes involved in the monolignol 

biosynthetic pathway can be inferred using graphical Gaussian method (GGM).  The 

associative interactions between the proteins involved in the monolignol biosynthesis 

were inferred using information theory. The causal relationship between the genes and 

proteins were inferred using Graphical Gaussian Network (GGN).  A  GGN involves the 

development of a directed acyclic graph (DAG) by utilizing a heuristic search method. 

The objective function used for the heuristic search is to develop a DAG that maximizes 
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the likelihood function. Peter Clarke (PC) algorithm is a type of GGM that uses 

conditional independence for selection of DAG structure (Kalish, 2008; Harris and 

Drton, 2013). The conditional independence between the random variables are 

assessed using mutual information theory. Once the relationship between the TF`s and 

genes are inferred, the next step is to quantify the relationship between the TFS and 

genes and the genes and proteins. The regulatory relationship can be quantified by 

converting each interaction within the gene regulatory network into a discrete Boolean 

function.  The discrete Boolean function can then be converted into a continuous 

function using a hillcube approximation (Wittman et al., 2008). 

 

2.1.1  Mutual information 

 

In the presence of non-monotonic dependencies between genes, the correlation 

based methods fail to capture the relationship between genes. These drawbacks can be 

overcome by using mutual information to measure the degree of association between 

the random variables. The advantage of mutual information based methods is that it can 

be used for cases when the relationship between genes is non-monotonic (Butte and 

Kohane, 2000). The mutual information between the discrete variables A and B is 

defined in equation 2.1 
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where p(ai, bj) is the joint probability distribution of Ai and Bj and p(ai) and p(bj) are the 

marginal probabilities. Ai and Bj   are required to be discrete variables, which in the case 

of data, require a discretization step prior to the computation of mutual information. 

Mutual information was used to quantify non-linear relationships between variables but 

does not provide information about causality. 

 

2.1.2  CLR (context likelihood of relatedness) 

 

CLR (Faith et al., 2007) extends the relevance network method (RN) by taking 

the background distribution of the mutual information values I(Ai , Bj) into account. The 

interactions that deviate most from the background distribution are defined as the most 

probable interaction. A maximum z-score, zi, is calculated for each gene i as shown in 

Equation 2.2.   

         

( , )
max 0,

i j i

i
j

i

I A B
z

 
  

 
     (2.2) 

where µi and σi and are the mean value and standard deviation of the mutual 

information values I(Ai, Bk), k=1,...,n, respectively. The interaction score zij between two 

genes i and j is then defined as shown in Equation 2.3. 

      2 2
ij i j

z z z                                       (2.3) 

The main goal of the background correction step described is to reduce the prediction of 

false positives based on false correlations and indirect interactions that might be 

observed in the case of relevance networks.  
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2.1.3 Discrete to Continuous Boolean Transformation  

 

As described previously, the Boolean approach has been used significantly in 

previous years to build a gene regulatory network, based on the interactions between 

the various components within the network. Assuming that we already have a fully 

connected network (gene or metabolic) that has been justified by previous inference 

methods, the first step is to define a discrete Boolean function for each interaction and 

then convert it into a continuous function using a hill equation approximation for each 

component in the network. The methodology is shown in a simple network below 

showing interaction of 3 genes A, B and C (Figure 2.2).  As shown in Figure 2.1, gene C 

is activated by A and inhibited by B. The Boolean function for C in terms of A and B can 

be written as shown in Equation 2.4.  

 

 

Figure 2.1: Depiction of a toy network that includes three genes A, B and C, with A 
influencing C and B down regulating C.  

 

Discrete Boolean Logic    C = f(A!B)        (2.4) 
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Although gene C can be formed in the presence of A alone or B alone, the 

resulting equation would require a large number of parameters that needs to be 

estimated using experimental data. Since the amount of available experimental data is 

usually limited, we assumed that the simplest representation of the interaction graph 

can be represented using an AND function. 

 

The next step is to convert the discrete Boolean function into a continuous 

function using a transformation proposed by Wilttman et al (2010). The transformation 

uses Hill equation to quantify the changes in levels of each of the component (TF, gene, 

protein) involved in the interactions.  The continuous function showing the concentration 

of C as a function of genes A and B is shown in the equation 2.5 
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2.3 Michaelis-Menten kinetics:  

 

When the chemical reaction is catalyzed by an enzyme, the enzyme is not 

consumed or produced by this reaction, but it may form a temporary complex with the 

substrate in the reaction. In such cases, we can use Michaelis-Menten kinetics to 

describe its reaction rate under the key assumption of quasi steady state, which is valid 

when the enzyme concentration is much lower than the substrate concentration and 

when the enzyme is not allosteric. Michaelis-Menten kinetics with no inhibition has the 

following formulation:  

max[ ]

[ ]m

V S
V

k S



       (2.6) 

where Km is the Michaelis constant and is equal to the substance concentration that 

causes the half-maximal reaction rate Vmax.  

 

The Ordinary Differential Equation (ODE) modeling approach represents the 

concentration change of a substrate/product over time by an ordinary differential 

equation. For a certain substrate concentration [Si] varying as a function of time, the 

rate of change in substrate concentration is calculated using conservation of mass 

principle. The conservation of mass suggests that the rate of change in concentration 

[Si] is the difference between the rate of formation of S and the rate of consumption of 

S. The resulting rate of change in substrate concentration is shown in equation 2.7. 

i
consumptionproduction

dS
V V

dt
      (2.7)  
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2.4 Model simulation: 

 

Once the mass balance equations for all the metabolites involved in the pathway 

are obtained, the next step is to solve the series of ordinary differential equations (ODE) 

from an initial concentration level to a steady state concentration. The ODE’s were 

solved using the Matlab® function ode15s. The rate of change of each metabolite is 

expressed in terms of Michaelis Menten kinetics. The initial concentrations for each of 

the metabolites are assumed to be a very low concentrations and the parameters of the 

Michaelis Menten kinetics were obtained experimentally. The steady state 

concentrations can then plugged back into the original metabolic flux equation to obtain 

the steady state flux of all the reactions involved in the pathway. 

 

2.5 Sensitivity Analysis: 

 

Global sensitivity analysis is performed to estimate the changes in the output as 

a result of changes made to the model input. Sensitivity analysis is usually performed 

by evaluating the output of the model by varying the parameters of the model. The 

parameters are assumed to follow a particular probability distribution function. The 

most commonly used distributions are normal, uniform, and triangular (Staltelli et al, 

2000). A Monte Carlo sampling method is employed to ensure the parameter values 

are randomly sampled (Mckay et al, 1979).  

 

To calculate the sensitivity between the parameters and the output of interest, 

the most commonly used approach is to calculate the partial rank correlation coefficient 
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(PRCC) (Blower and Dowlatabadi, 1994; Saltelli, 2004). PRCC provides a measure of 

the linear relationship between the parameters and model output and varies from -1 to 

1. For the PRCC method, the output corresponding to the different values of the 

parameters are tabulated. The partial correlation between x and y is defined as the 

correlation coefficient between x and y, as shown in Equations 2.7 and 2.8. 

 

         (2.7) 

         (2.8) 

 

Once ˆ jx  and ŷ   are obtained, the residuals jxx ˆ    and   yy ˆ  were obtained 

and the partial rank correlation coefficient is calculated using Equation 2.9, where  x  

and  y  are the respective sample means.  
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2.6 Parameter Estimation 

 

 Parameter estimation is an inverse problem where the goal is to estimate the 

parameters of the model using experimental data given the model structure. The 

parameter estimation is an optimization procedure with a clearly defined objective 

function and constraints on the parameters. The objective function that was used in the 
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parameter estimation was the minimization of mean squared error between the 

experimental data and the results predicted by the model. The optimization problem is 

described in Equation 2.10, where p is the parameters to be estimated and n is the 

number of data points. A particle swarm optimization (PSO) algorithm (Kennedy and 

Eberhart, 1997) was used in this research. The advantage of PSO is that it is a heuristic 

based algorithm, hence the direction of the search does not involve the computation of 

the gradients, which is computationally intensive for non-linear objective functions. 

 

    

2
exp( ( ))

min
model

p R

y y p

n

 
 
 
 


    (2.10) 

 

2.7 System Dynamics 

 

  As mentioned earlier, biological networks are composed of nonlinear interactions 

between the various TF’s, genes, proteins and metabolites. The interactions between 

these components determines the resilience/robustness of the network to perturbations. 

The system dynamics is the study of the effect of perturbations on the stability of the 

system providing information about the long-term behavior of the system. Among the 

most well-known instances of complex dynamics are temporal variations in the 

concentrations of metabolic intermediates of the yeast glycolytic pathway (Selkov, 1968; 

Dano et al., 1999) and the photosynthetic Calvin cycle (Laisk and Walker, 1986; 

Giersch, 1986). 
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The rate of enzymatic reaction can be represented as a function the substrate 

concentration and kinetic parameters, shown in Equation 2.11.    

     ( )
dS

Nv S
dt

      (2.11) 

N is the stoichiometric matrix and v is the reaction flux. For small perturbations around 

the steady state, the behavior of a nonlinear system can be approximated by a linear 

system. Using the Taylor series expansion for a differential equation and ignoring higher 

order terms, we obtain Equation 2.12. 

       

                                         
0

0 0( ) ( )
S

dS
dt

v
Nv S N S S

S



                                  (2.12) 

At steady state 
0Nv(S )=0    

For a small perturbation, ΔS = S – S0 in the vicinity of S0 can be described by a linear 

differential equation shown in Equation 2.13. 

 

     
d

S M S
dt
          (2.13) 

where M is the Jacobian matrix    

 The solution to the above equation can be specified by the Eigenvectors and 

Eigenvalues of the Jacobian matrix. The stability of the system can be determined by 

the trace and determinant of the Jacobian matrix as shown in Figure 2.2.  
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Figure 2.2: Figure showing the regions of qualitative behavior of dynamic systems 
based on the range of trace and determinant (Keith, 2012). The x axis represents the 
determinant and y axis represents the trace.  
  

 When Δ ≥ 0 and Eigenvalues both positive, this results in an unstable node, 

which means that all the all trajectories in the neighborhood of the fixed point will be in 

the outward direction. When Eigenvalues both negative, its results in a stable node, 

where all the fields in the neighborhood of the steady state will be directed towards the 

fixed point. When Eigenvalues have opposite signs, it results in a saddle node, where 

the fields in the direction of the negative eigenvector will converge toward the fixed point 

but will be outwards as they approach a region dominated by the positive eigenvalue. A 

stable node means that when a system is at equilibrium, then small changes made to 

the system would not result in any changes in the steady state behavior of the system. 

On the other hand, an unstable node means that a small change might result in a 

system shifting to another stead state, which may be stable or unstable. 
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2.8 Artificial Neural Networks (ANN): 

 

 ANN models have been predominantly used in quantifying nonlinear 

relationships between the dependent and independent variables. One of the 

advantages of ANN is that the knowledge about the functional form of the relationship 

between the dependent and independent variables is not required (Morgan and 

Scofield, 2012).  The simplest ANN network is typically composed of 3 layers namely 

the input, hidden and the output layer. The most commonly used architecture for ANN is 

the multilayered neural network with backpropagation. The backpropagation training is 

composed of three steps: (i) Input is passed into the input layer and passed through the 

hidden layer and realized through the output layer (ii) the difference in values between 

the output and the target is back-propagated through the network and finally (iii) the 

weights are adjusted using optimization such that the error is minimized (Rumelhart et 

al, 1986). The number of neurons in the hidden layers are identified such that the 

training and testing errors are minimized. A neural network with more than optimum 

nodes results in overfitting and hence lacks generalization of patterns observed in the 

data (Hussain et al., 1992).   

 

The data to the input layer of the ANN is normalized and then passed from input 

layer through the hidden layer and finally to the output layer of the network (Hussain et 

al., 2002). The data from the input layer is assigned a random weight and then 

combined with the other inputs in the hidden layer. The output from the hidden layer 

undergoes a similar linear weighted transformation process. Each neuron can be 

viewed as a transfer function that converts an input into a sigmoidal output. The output 
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from a neuron is again transformed using an appropriate transfer function (Razavi et al., 

2003).   
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Abstract: 

Lignin is a polymer present in the secondary cell walls of all vascular plants. It is a 
known barrier to pulping and the extraction of high energy sugars from cellulosic 
biomass. While enzymatic perturbations have resulted in plants reduced lignin, some of 
these transgenic plants resulted in lignin monomers that were different from 
expectations. To address these issues, we performed an in depth analysis of the lignin 
biosynthesis pathway by incorporating the regulatory information about the enzymes 
involved in the pathway.  In particular, we investigated the role of a specific protein 
complex formation between Ptr4CL3 and Ptr4CL5 enzymes on the monolignol 
biosynthesis pathway. The role of this Ptr4CL3-Ptr4CL5 enzyme complex on the steady 
state flux distribution was quantified by performing Monte Carlo simulations to assess 
the variability in lignin composition and structure resulting from variations in the enzyme 
concentration. Simulation results suggest that the presence of the Ptr4CL3-Ptr4CL5 
complex leads to variability in the overall steady state flux distribution. The effect of this 
complex on the robustness and the homeostatic properties of the pathway were 
identified by performing sensitivity and stability analyses, respectively. Results from 
these robustness and stability analyses suggest that the monolignol biosynthetic 
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pathway is resilient to mild perturbations in the presence of the Ptr4CL3-Ptr4CL5 
complex. The presence of Ptr4CL3-Ptr4CL5 complex increased the stability of the 
pathway to 92% compared to 70% in the absence of the Ptr4CL3-Ptr4CL5 complex. 
The robustness in the pathway is maintained due to the presence of multiple enzyme 
isoforms as well as the presence of alternative pathways resulting from enzymatic 
perturbations. 
 

3.1 Introduction: 

 

Lignin is the second most abundant complex polymer that is synthesized in the 

secondary cell walls of all vascular plants (Sarkanen, 1971). It enables the transport of 

water and nutrients through the stem, upright growth, and protection against pathogens.  

Recalcitrance of lignin hinders the usage of plant biomass as the viable source of 

biofuels or in the use of plant biomass in pulp and paper. The lignin polymer is primarily 

composed of derivatives of the H, G, and S monolignols, which are synthesized via the 

phenylpropanoid pathway (Higuchi, 1997). The structure of the lignin polymer is directly 

linked to variations in lignin content and composition. The removal of lignin for the 

above-mentioned uses requires a chemical pretreatment and consequently, strong 

knowledge of the regulatory and metabolic framework that influences its formation 

(Chiang, 2002; Ragauskas et al, 2006). The lignin biosynthetic pathway consists of 

twenty-four metabolites, twenty-one enzymes belonging to ten gene families and thirty-

five reactions that convert various reactants to products (Figure 3.1).  The reactions and 

the enzymes catalyzing each of the reactions are outlined in supplemental Table 1. 

Substantial effort has been directed towards understanding the lignin biosynthesis 

pathway in plants to lower the amount of total lignin and/or change its relative ratio of 

monolignol subunits. Although all the metabolites, enzymes, and reactions involved in 
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the monolignol biosynthesis has been identified, critical details about the pathway 

regulation, however, remain un-clear (Lee et al, 2011). 

 

 

Figure 3.1: The Monolignol Biosynthetic Pathway in P. trichocarpa. Thirty-five 
metabolic fluxes (V0 to V35, represented by the circled numbers) mediate the 
conversion of 24 metabolites (underlined numbers) for monolignol synthesis by the 21 
pathway enzymes (Wang et al, 2014). 

 

Previous attempts towards quantitatively analyzing the monolignol biosynthesis 

pathway primarily relied on the usage of a static based kinetic model (Flux Balance 

Analysis) (Lee and Voit, 2010; Lee et al, 2011). The results from these analyses are 

largely hypothetical as the output is primarily based on constraints that are not 



 

33 
 

experimentally proven (Schallau and Junker, 2010). Results from prior simulations of 

the kinetic model for the metabolic network of monolignol biosynthesis (Wang et al., 

2014) provided useful information about the role of various enzymes on the flux 

distribution within the pathway, as well as the role of individual enzymes on the lignin 

content and structure. However, the model did not incorporate the enzyme complex 

formation resulting from the interaction between Ptr4CL family enzymes. In another 

recently completed study on the lignin biosynthesis pathway, researchers revealed that 

Ptr4CL3 and Ptr4CL5 enzymes react with each other forming an enzyme-enzyme 

complex (Chen et al., 2013; Song et al., 2014).  

 

3.2 Complex Formation: 

 

It has been argued that for proper function, most proteins form complexes that 

may be composed of monomers or heteromers (Marsh et al, 2013). The formation of 

protein complexes provides an evolutionary advantage. For the case of the monolignol 

biosynthetic pathway, it was experimentally determined that the 4CL enzymes that 

convert the various hydroxycinnamic acids into CoA esters, exhibited protein - protein 

interactions. Chemical crosslinking coupled with immune-detection and mass 

spectrometry suggested that the Ptr4CL3 and Ptr4CL5 are present at a ratio of 3:1 in a 

complex (Chen et al, 2014). Using this information and assuming mass action kinetics, 

a mechanistic model was developed to quantify the rate of reaction resulting from the 

complex (Song et al., 2014). In single substrate reactions, Ptr4CL5 showed broader 

substrate affinity as compared to Ptr4CL3. Ptr4CL3 displayed competitive inhibition 
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while Ptr4CL5 showed both allosteric regulation and substrate self-inhibition (Chen et 

al., 2011). The rate equations describing the role of the complex were developed only 

for 4-coumaric acid and caffeic acid, because Ptr4CL3 and Ptr4CL5 showed competitive 

and uncompetitive inhibition by substrates 4-coumaric acid and caffeic acid. The rate 

equations were not developed for Ferulic acid, 5-hydroxyferulic acid and sinapic acid 

since they were found to be weak inhibitors (Chen et al., 2011, 2014).  

 

 The results from the 4CL transgenic experiments suggest that the down 

regulation of 4CL leads to a reduction in lignin content in tobacco, Arabidopsis, and 

aspen (Hu et al, 1999; Kajita et al, 1997; Lee at al, 1999) and to a higher amounts of 

cell wall–bound hydroxycinnamic acids (p-coumaric, ferulic, and sinapic acid) in tobacco 

and poplar (Hu et al, 1999, Kajita et al, 1997). The effects on S/G lignin composition are 

contradictory. In tobacco, a reduction in S units is reported (Kajita et al, 1997, Kajita et 

al, 1996) while in Arabidopsis, only G units are reduced (Lee et al, 1999). In transgenic 

aspen, the S/G ratio was shown to be similar to that of the control (2:1) (Hu et al, 1999). 

These results suggest that the exact role of 4CL on the lignin structure and composition 

is still not clear and a more detailed quantification of the effects of 4CL on the lignin 

biosynthetic pathway would greatly enhance our understanding of the role of the 

complex on the pathway. 

 

In this work, we analyzed the mathematical model that was previously developed 

to simulate the lignin biosynthetic pathway (Wang et al., 2014) by incorporating the 

model developed to quantify the role of complex on the reaction rate (Chen et al, 2014 
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and Song et al, 2014). Using this model, we posed several questions to assess the role 

of the complex: (1) How does the steady state flux and steady state metabolite 

concentration change with uncertainty in initial metabolite concentrations? (2) What is 

the role of protein complex on the steady state flux and metabolite concentration under 

enzymatic perturbations? Finally, (3) Does the lignin biosynthetic pathway exhibit 

increased robustness/ homeostatic behavior in the presence of protein complex? 

 

3.3 Results and Discussion 

3.3.1 Steady State Metabolite Concentration Variation under WT conditions: 
 

  The steady state concentrations for the models with and without the complex 

were calculated for randomly sampled initial metabolite concentrations from a pre- 

specified range as mentioned in the methods section. The concentrations of all 21 

enzymes belonging to 10 enzyme families were fixed at their WT concentrations, which 

can be found in Wang et al (2014). In addition, the phenylalanine concentration was 

fixed such that the resulting S/G ratio was 2:1. The mean steady state concentrations of 

the 24 metabolites with and without complex are shown in Figure 3.2. From the figure, 

the model predicts that all the metabolite concentrations in the pathway are similar in 

the absence and presence of Ptr4CL3-Ptr4CL5 complex except for p-coumaric acid, 

caffeic acid and ferulic acid. The steady state concentration of p-coumaric acid, caffeic 

acid, and ferulic acid in the presence of the complex are 20 fold, 24 fold, and 100 fold 

higher, respectively, than for the model without the complex. The primary reason for the 

increased steady state concentration in the presence of complex is because the 



 

36 
 

substrate specificity of Ptr4CL3 is higher for the acids as compared to Ptr4CL5, as well 

as the self-inhibition of caffeic acid in the presence of Ptr4CL5. In the presence of 

complex, the inhibitory effect of ferulic acid on p-coumaric acid and caffeic acid is 

higher, due to the accumulation of ferulic acid, hence resulting in an accumulation of p-

coumaric acid and caffeic acid (Chen et al, 2014). As with the steady state 

concentrations, the steady state flux results are identical to the model without the 

complex except for the steady state fluxes V3, V7 and V8. The total lignin content and 

composition was also found to remain unchanged. These results support the recent 

findings that have demonstrated that lignin biosynthesis is more resistant to 

perturbations (Weng et al, 2010). This resistance to perturbation is also due to 

redundancies in the monolignol biosynthesis pathway where six of the ten enzyme 

families have functional redundancies (Shi et al, 2010). 

 

Under WT conditions, the presence of the Ptr4CL3-Ptr4CL5 complex provides an 

additional path for CoA ligation, which is in addition to p-coumaric acid, caffeic acid is 

also a preferred substrate of Ptr4CL in the presence of this complex. In the absence of 

the Ptr4CL3-Ptr4CL5 complex, the P-coumaric acid substrate specificity of Ptr4CL3 is 4 

fold higher than Ptr4CL5. In the presence of the Ptr4CL3-Ptr4CL5 complex, the majority 

of the flux in the pathway is routed through p-coumaric acid with a small portion of the 

flux flowing through caffeic acid (300% increase). The small portion of the flux that flows 

from cinnamic acid to caffeic acid and caffeic acid to caffeoyl-CoA as observed for the 

case of the Ptr4CL3-Ptr4CL5 complex is due to the controlling role that Ptr4CL5 plays in 
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lignin formation.  Ptr4CL5 in the complex controls the amount of activation and inhibition 

(Chen et al, 2013, 2014).  

 

 

Figure 3.2: Steady state metabolite concentrations observed for the model without the 
complex (a) and model with the complex (b) under WT enzyme concentrations. The 
concentrations are in the log scale because of the variability in the steady state 
concentrations for different metabolites. The distribution of steady state values is a 
result of 10,000 runs performed under varying initial concentrations of the metabolites. 
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Figure 3.3: Steady state flux pattern observed for the model without the complex WT 
enzyme concentrations. Colored arrows represent the magnitude of flux and the colors 
can be mapped to their flux values with the colorbar.  
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Figure 3.4: Steady state flux pattern observed for the model with the complex under 
WT enzyme concentrations colored arrows represent the magnitude of the flux as 
shown in the color bar. 

3.3.2 Role of Ptr4CL3-Ptr4CL5 complex on the flux distribution when Ptr4CL 
enzymes are perturbed: 

 

In this section, we assessed the role of Ptr4CL3-Ptr4CL5 complex on the lignin 

biosynthesis pathway in the presence of enzymatic perturbations. The enzyme 

concentration of Ptr4CL3 and Ptr4CL5 were varied from 0 to WT and 10,000 pairs of 

different combinations of Ptr4CL3 and Ptr4CL5 concentrations were randomly selected. 

For each pair, the resulting steady state concentrations of the twenty-four metabolites 

were calculated.  
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Figure 3.5: Steady state flux (V7, V8 and V9) variation as a function of total Ptr4CL 
concentration for models without the Ptr4CL3-Ptr4CL5 complex. 

 

Because the Ptr4CLs primarily mediate the conversion of hydroxycinnamic acids 

to CoA derivatives, which are represented by the reactions V7, to V11, we tried to assess 

the localized effect of varying Ptr4CL concentrations on the reaction flux when 

subjected to enzymatic perturbation. Prior research showed that the fluxes V10 and V11 

did not contribute towards monolignol biosynthesis (Chen et al, 2013). The variation of 

reaction flux V7 as a function of total Ptr4CL in the absence of the Ptr4CL3-Ptr4CL5 

complex is shown in Figure 3.5. In absence of the complex under WT concentration, the 

flux through the pathway is primarily routed through V7, hence the steady state flux V7 

corresponds to the input flux 0.9 μM/min and the flux V8 and V9 are 0 μM/min. As the 

concentration of Ptr4CL3 and Ptr4CL5 are reduced from WT concentration, we observe 
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a decrease in the steady state flux V7 with a corresponding increase in flux V8. At 

concentrations corresponding to 10% of WT concentration, the steady state flux V7 and 

V8 are equal and further decrease in Ptr4CL concentration results in caffeic acid being 

the primary substrate. These results are consistent with findings by Lin et al. (2015) that 

3-hydroxylation for monolignol biosynthesis can occur at both V3 and V13. 

 

 

Figure 3.6: Steady state flux (V7, V8 and V9) variation as a function of total Ptr4CL 
concentration for models without the Ptr4CL3-Ptr4CL5 complex. 

 

The presence of Ptr4CL3-Ptr4CL5 complex results in two steady state flux 

regimes due to the random sampling of different concentrations of Ptr4CL3 and Ptr4CL5 

as seen in Figure 3.6.  The flux regime close to zero corresponds to very low 
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concentrations of Ptr4CL5 and such low concentrations would not result in a viable 

plant. The spread in the predicted steady state flux is attributed to the random sampling 

of the Ptr4CL3 and Ptr4CL5 concentrations and depending on the concentration of 

Ptr4CL5, the resulting flux value may fall into one of the regimes. As the concentration 

of Ptr4CL3 and Ptr4CL5 is reduced, we see a decrease in the steady state flux V7 and a 

corresponding increase in the flux V8. As the concentration of the enzymes is reduced 

further up to 10% of its WT concentration, the flux through V7 reduces to zero. Any 

further reduction in the enzyme concentration results in the decrease in the flux V8 that 

eventually reduces to 0 µM/min. The major difference in flux variations for the models 

with and without the Ptr4CL3-Ptr4CL5 complex is that the complex results in the 

increased affinity of caffeic acid as the substrate; hence providing an alternate pathway 

towards the synthesis of S and G monolignols. This result is consistent with the 

observation that caffeic acid is the most abundant hydroxycinnamic acid in Stem 

Differentiating Xylem (SDX) of P. trichocarpa (Chen et al., 2013). 

 

Two main feedback inhibitions primarily affect the steady state flux distribution 

when the Ptr4CL3 and Ptr4CL5 concentrations are perturbed: (1) the feedback inhibition 

between p-coumaric acid and caffeic acid, and (2) the feedback inhibition between p-

coumaric acid and ferulic acid. The steady state distribution of metabolic flux V7, V8 and 

V9 is shown in Figure 3.7.  The violin plot shows the distribution of the steady state flux. 

The violin plot assumes that the steady state flux follows a normal distribution. The 

mean and median of the steady state flux distribution is shown in black and red lines 

respectively.  The presence of two distinct flux regimes can be clearly seen for the case 
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of flux V7. The two flux regimes were generated from the presence of the bimodal 

steady state distribution of the caffeic and ferulic acid concentrations. The high 

concentration of Ptr4CL5 results in low steady state concentrations of caffeic acid and 

ferulic acid. Reduction in concentration of Ptr4CL5 results in an accumulation of caffeic 

acid and ferulic acid as seen in Figure 3.8.  

  

Figure 3.7: Violin plot showing the steady state flux (V7, V8 and V9) variation as a 
function of total Ptr4CL concentration for models with the Ptr4CL3-Ptr4CL5 complex. 
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Figure 3.8: Variation of P-coumaric acid (μM) concentration as a function of total 
cinnamic acid concentration (μM) in the presence of complex 

 

The role of individual enzymes on the steady state flux distribution of V7 can be 

visualized with the help of contour plots presented in Figures 3.9 and 3.10. In the 

absence of the Ptr4CL3-Ptr4CL5 complex, the changes in steady state flux (V7) is 

primarily brought about by changes in levels of Ptr4CL3 as seen in Figure 3.9. Under 

WT levels of Ptr4CL3 and Ptr4CL5, the steady state flux corresponds to a maximum 

value of 0.8 μM/min shown in red, which represents almost 75% of the steady state 

solutions. In order to observe a change in the steady state flux by 0.1 μM/min unit, a 

reduction in Ptr4CL3 concentration of up to 90% of the WT levels would be required and 

achieved by holding the Ptr4CL5 concentration at WT. On the other hand, if the 

concentration of Ptr4CL5 were reduced by 90% of its WT concentration, then the 
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concentration of Ptr4CL3 would have to be reduced by 80% of the WT concentration to 

observe a 10% reduction in the steady state flux. These results suggest that in the 

absence of Ptr4CL3 – Ptr4CL5 complex, the model is robust to perturbations, requiring 

a high degree of enzymatic perturbations to observe significant change in the steady 

state flux. The robustness is primarily due to the abundance of Ptr4CL3 levels when 

compared to Ptr4CL5 levels. These results provide a mechanistic explanation to why 

severe downregulation of 4CL genes is needed to affect lignin biosynthesis in 

transgenic P. trichocarpa (Wang et al., 2014). 

 

 

Figure 3.9: Contour plot showing the variation of steady state flux (V7) as a function of 
Ptr4CL3 and Ptr4CL5 concentration in the absence of a complex. The axis values 
represents the percentage of the protein concentration as a function of the wild type 
concentration. 
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Figure: 3.10 Contour plot showing the variation of steady state flux (V7) as a function of 
Ptr4CL3 and Ptr4CL5 concentration in the presence of a complex, the colorbar 
represents the flux values (µM/min). 

 

 In the presence of the Ptr4CL3-Ptr4CL5 complex, the variation in the steady 

state flux V7 can be visualized in Figure 3.10. Under WT Ptr4CL3 and Ptr4CL5 

concentrations, the steady state flux is at its maximum value of 0.7 μM/min. As seen in 

the Figure 3.10, the change in flux V7 is primarily due to the changes in Ptr4CL5 

concentration. When the concentration of Ptr4CL5 is reduced by 50% of its WT 

concentration while holding the concentration of Ptr4CL3 at its WT level, we observe a 

10% reduction in the steady state flux. On the other hand, if the concentration of 

Ptr4CL3 was reduced by 80% of its WT, then the Ptr4CL5 concentration needs to be 

reduced by 20% to observe a 10% change in the steady state flux.   

 



 

47 
 

The variations of all the metabolic fluxes involved in the biosynthesis are 

summarized in supplementary Figure A1. In the presence of a complex, the variation of 

Ptr4CL concentration results in a large variability of steady state flux. The variation is 

primarily due to the changes in concentrations of Ptr4CL3-Ptr4CL5 complex bimodal 

flux regimes. The model with the complex is sensitive to the concentrations of Ptr4CL5 

enzyme hence variation in Ptr4CL5 concentration results in large variability in steady 

state flux. 

3.3.3 Role of Ptr4CL complex on S and G Monolignols, Lignin Content and 
Composition: 

 

So far, we discussed the model’s prediction on the impact of varying Ptr4CL 

concentrations on the steady state metabolite and flux distributions for the model with 

and without the complex. In this section, we extend the discussion to the total lignin 

content and ratio. Down-regulation of 4CL activity results in decreased lignin content in 

alfalfa, arabidopsis, tobacco, aspen (Populus tremuloides) and hybrid white poplar 

(Populus tremula X Populus alba) (Dixon et el, 2013). This decrease in lignin content is 

accompanied by a slight increase in the S/G ratio in alfalfa, a greater increase in S/G 

ratio in Arabidopsis, an unchanged S/G ratio in aspen, and a decreased S/G ratio in 

hybrid white poplar. The reduction in lignin content in Arabidopsis following down-

regulation of 4CL is achieved by a decrease in G units but not S units, leading to a 

higher S/G ratio and the plants appearing phenotypically normal (Lee et al, 1997). 

Researchers have shown that a down regulation of Ptr4CL enzyme in poplar results in a 

decrease in total lignin content and an increase in S/G ratio (Voelker et al, 2010; Wang 

et al, 2014). At low concentrations of Ptr4CL, lignin is primarily composed of S units, 
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which results in an elevated S/G ratio. In the absence of a complex and for a wide range 

of Ptr4CL concentrations, the S and G subunits do not change from the WT condition. 

At very low concentrations of Ptr4CL, the S and G subunits approach 0. In the presence 

of a complex and at higher concentrations of Ptr4CL, lignin is primarily composed of S 

and G monolignols; but as the concentration of Ptr4CL is reduced, the model predicted 

an increase in the S/G ratio. This result is in agreement with the results obtained by Li et 

al (1997) and Hu et al (2001). From the above results, we can conclude that the 

inclusion of the Ptr4CL complex in the model provides us with a more comprehensive 

model that better predicts the experimental lignin composition results for P. 

trichocharpa, when the pathway is subjected to 4CL perturbations. 

 

The changes in Ptr4CL3 and Ptr4CL5 did not affect the total lignin content and 

lignin composition for the model in the absence of a complex. This lack of impact on 

lignin content and lignin composition was expected since the changes in the 

concentrations of Ptr4CL3 and Ptr4CL5 did not significantly affect the steady state 

distribution of the metabolic flux. However, the model with the complex does display 

some deviation from the wildtype, leading to a 20 percent reduction in lignin content that 

does not have wildtype properties. The variation of S and G monolignol units when the 

Ptr4CL3 and Ptr4CL5 concentrations are perturbed in the presence of the complex is 

shown in Figures 3.11.a and 3.11.b respectively. About 80% of the S and G units 

correspond to the WT levels, while at low concentrations of Ptr4CL the majority of lignin 

is composed of S units and very low levels of G units 
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The effect of variation of Ptr4CL3 and Ptr4CL5 on the S/G ratio in the absence of 

a complex can be seen in the contour plot shown in Figure 3.12. As seen in Figure 3.12, 

changes in the Ptr4CL concentration do not result in a significant change in the S/G 

ratio over a wide range of values. When the Ptr4CL3 concentration was reduced to less 

than 10% of its WT concentration, the S/G ratio increased from its WT ratio. However, 

these results are not biologically achievable because reduction of Ptr4CL 

concentrations would result in plants with very low lignin content, a result that would 

produce plants lacking mechanical strength. 

 

Figure 3.11: Variation of S and G monolignol units resulting due to changes in levels of 
Ptr4CL3 and Ptr4CL5 concentrations in the presence of a complex. 

 

The variation in S/G ratio for the model with Ptr4CL3-Ptr4CL5 complex as a 

function of the Ptr4CL3 and Ptr4CL5 concentrations is shown in Figure 3.13. The 
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contour plot suggests that for the model with the complex, changes in S/G ratio is 

primarily due to variation in Ptr4CL5. The S/G ratio is robust to perturbations until the 

concentration of Ptr4CL5 is reduced to 60% of the WT concentration; any further 

change in the Ptr4CL5 results in a linear change in S/G ratio. These results confirm the 

regulatory role of Ptr4CL5 in the presence of the Ptr4CL3-Ptr4CL5 complex (Chen et 

al., 2013 and 2014).  

 

Figure 3.12: Variation of S/G ratio as a function of Ptr4CL3 and Ptr4CL5 Concentration 
in the absence of a complex. The color bar shows the variation of S/G ratio in log scale, 
where S/G ratio of 2 corresponds to a value of 0.3 in log scale. 

 

From the above results, the variation in lignin content and composition as a 

function of changes in concentrations of Ptr4CL is significantly influenced by the 

presence of the Ptr4CL3-Ptr4CL5 complex. Hence, the inclusion of the complex into the 
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model enhances our understanding about the regulation of metabolic flux through the 

pathway, which is otherwise not apparent in the absence of the Ptr4CL3-Ptr4CL5 

complex. The role of multi-enzyme complex on the genetic manipulation of lignin was 

previously studied by Campbell and Sederoff (1996). However, the exact role of the 

complex was not evident at that time. The simulation results of the PKMF model 

suggest that there is an opportunity to genetically modify the lignin content and structure 

by targeting the Ptr4CL5 enzyme. Although the role of the Ptr4CL3-Ptr4CL5 complex on 

the lignin content and structure were identified, the effect of changing levels of Ptr4CL3-

Ptr4CL5 enzyme concentrations on the individual reaction rates can be quantified by 

performing a sensitivity analysis. 

 

Figure 3.13: Variation of S/G ratio as a function of Ptr4CL3 and Ptr4CL5 concentration 
in the presence of a complex. The color bar shows the variation of S/G ratio in log scale. 
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3.3.4 Sensitivity Analysis of Ptr4CLs on the Monolignol Biosynthetic Pathway: 

 

 
As discussed previously, the sensitivity analysis considers changes to one 

parameter at a time, whereas in biological systems multiple parameters may act 

together to produce an effect. Thus, in a biosynthetic pathway, it is important to 

understand the role of multiple parameters in the pathway. Since the variation of the 

reaction flux with Ptr4CL enzymes were non monotonic, we used the variance 

decomposition method (Sobol, 1990) to assess the sensitivity of steady state reaction 

flux to Ptr4CL concentration. The concentrations of other enzymes were fixed at their 

WT levels. 

 

The sensitivity of the steady state flux to changes in the concentrations of 

Ptr4CL3 and Ptr4CL5 enzymes in the absence and presence of the Ptr4CL3-Ptr4CL5 

complex is shown in Figures 3.14 and 3.15, respectively. The first order sensitivity index 

measures the percentage of variance explained by varying the enzymes independently. 

To quantify the role of individual enzymes on the resulting flux or substrate 

concentration, the first order sensitivity indices for Ptr4CL3 and Ptr4CL5 were compared 

against a dummy parameter, which is an arbitrary parameter that has no influence on 

the model (Stalteli et al, 2000). The dummy parameter has no effect on the model as it 

does not appear in any of the equations and hence should have a very low sensitivity. 

The sensitivity index for Ptr4CL3 and Ptr4CL5 that is significantly different from the 

dummy parameter indicates that the particular enzyme has an influence on the resulting 

flux or substrate concentration. In Figure 3.14, the reaction flux is primarily affected by 

changes in the levels of Ptr4CL3 in the absence of a complex. The fluxes that are 
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affected mainly involve the reactions mediated by Ptr4CL enzymes and the reactions in 

the vicinity of the Ptr4CL pathway.  

 

Figure 3.14: The first order sensitivity index for monolignol flux with respect to Ptr4CL3 
and Ptr4CL5 concentrations for the model without the complex. 

  

In the presence of a Ptr4CL3-Ptr4CL5 complex, the reactions mediated by 

Ptr4CLs (V7, V8 and V9) are especially sensitive to the changes in Ptr4CL5 (Figure 

3.15). The terminal reactions towards the end of the biosynthetic pathway, which are 

directly responsible for the lignin content and structure (V27, V29, V31, and V32) all show a 

slightly higher sensitivity to variation in Ptr4CL3 and Ptr4CL5 concentrations for the 

model with the complex. The changes in the terminal metabolic flux might indicate the 

reason as to why we observe a distribution of S/G ratios around the WT Ptr4CL 

concentrations (see Figure 3.13). 
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Figure 3.15: The first order sensitivity index for monolignol flux with respect to Ptr4CL3 
and Ptr4CL5 concentrations for the model with complex. 

3.3.5 Robustness of Monolignol Biosynthetic Pathway: 
 

Robustness, a property that allows a system to maintain its functions in the 

presence of large environmental perturbations (Kitano, 2004, 2007), is a widely 

discussed topic in systems biology (Zhou et al, 1998; Steur, 2004; Kitano, 2004, 2007). 

The primary function in our case represents maintaining the levels of S/G ratio and the 

total lignin content (S+G). The biosynthesis of monolignols is a metabolic grid, which 

means that there is more than one route in the synthesis of monolignol subunits (Figure 

3.1). This potential flexibility in synthesis routes gives plants the ability to maintain near 

wild type lignin structure and composition when a step is inhibited. In the presence of a 

complex and depending on the level of Ptr4CL perturbation, the flux through the 

monolignol pathway can be routed through P-coumaric acid or caffeic acid (Figure 3.6).  
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In case of extreme perturbation, plants are known to have incorporated other phenolic 

components into the monolignol subunits (Ralph et al, 2004). As seen for the case of 

the model with the complex, the changes in Ptr4CL levels resulted in a proportional 

change in the S and G monolignol levels, with a majority of S and G monolignol 

subunits distributed around their WT concentrations, suggesting that the presence of a 

Ptr4CL complex results in increased plasticity of the pathway.  

 

Robustness applies to a few variables or a particular part of the model and not 

necessarily for the entire system, a key difference from stability where it is a property of 

the entire system. It has been suggested that there is some form of equilibrium in 

robustness; where some part of the pathway may be sensitive to perturbations while the 

remaining pathway remains unaffected (Zhou et al, 1998). A similar scenario was 

observed in our case, where the reaction flux corresponding to the early steps of the 

monolignol biosynthesis pathways were more sensitive to the changes in the levels of 

Ptr4CL3 and Ptr4CL5 concentrations.  As we move downstream towards the terminal 

reactions, the sensitivity of those reactions was considerably reduced. From the results 

of sensitivity analysis, the pathway is fairly robust to changes in levels of Ptr4CL3 and 

Ptr4CL5 concentrations under mild perturbations. These results explain the role of the 

complex as well as provide insights into why enzymes form a complex.  

3.3.6 Stability Analysis 
 

The role of Ptr4CL3-Ptr4CL5 complex on the overall monolignol biosynthetic 

pathway can also be assessed by performing stability analysis. Since the presence of 
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the complex affects the steady state flux distribution through feed forward and feedback 

inhibition, the complex affects the dynamic properties of the biosynthetic pathway. The 

Jacobian matrix was evaluated for models with and without the complex based on the ith 

λRe
max > 0 implying instability of the metabolic state (Steur et al, 2007).  A total of 10,000 

model evaluations were performed for different steady state metabolite concentrations 

resulting from different enzyme concentrations of Ptr4CL3 and Ptr4CL5 for the model 

with and without the Ptr4CL3-Ptr4CL5 complex. Based on the sign of the Eigenvalue for 

each set of metabolite and enzyme concentrations, the model was classified into stable 

or unstable conditions. The resulting Eigenvalues were then plotted as a histogram of 

Eigenvalues for 10000 iterations. The cumulative distribution function (CDF) of Eigen 

value distribution is shown in Figure 3.16 for the case of model with and without the 

complex. From the Figure 3.16, it can be seen that the lignin biosynthetic model is 

inherently stable for both cases, which suggests that under perturbations, the system is 

robust to small changes in enzyme levels. These results support the experimental 

findings that the S/G ratio of lignin in most transgenic plants is around the WT S/G ratio. 

The presence of complex increased the percentage of model stable conditions from 

70% to 92%. The percentage of stable models were calculated by counting the number 

of models with negative eigenvalues (ƛmax) divided by the total number of models 

(10000). Although a large percentage of the models are stable, a small percentage of 

unstable models cannot be neglected, as these steady states indicate that the network 

could be driven out of the observed steady state when Ptr4CL3 and/or Ptr4CL5 

concentrations are perturbed.  The increased stability in the model containing the 

enzyme complex enables plants to maintain the lignin composition and structure under 
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normal external or internal perturbation. The results from stability analysis suggests that 

although the efficiency of the Ptr4CL enzymes increase when they form a complex, the 

primary reason for the complex formation may be because they are able to help the 

plant maintain homeostasis more efficiently. This claim is supported by the results from 

the model that, in the presence of the Ptr4CL3-Ptr4CL5 complex, the pathway is able to 

use P-coumaric acid and caffeic acid as substrates to produce lignin. The results of 

varying the enzyme concentrations suggest that the monolignol biosynthetic pathway is 

homeostatic either in the absence and presence of the complex. The flux distribution for 

the model without complex appears to be unaffected with the variation in Ptr4CL 

concentrations. However in the presence of a complex, the model exhibits multi-

stability; i.e., the steady state flux corresponding to high enzyme concentrations are 

similar to the steady state flux observed for the model without complex. At very low 

concentrations of Ptr4CL, however, the model results in an additional steady state. 
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Figure 3.16: Cumulative distribution function plot of Eigenvalues for the model with and 
without the complex under WT enzyme concentrations.  

 

3.4 Conclusion: 

 

The simulations performed using the Monte Carlo simulation of PKMF model 

enables us to identify all the feasible steady state concentrations of the metabolites 

involved in the pathway. This approach provides a comprehensive analysis of the entire 

monolignol biosynthesis pathway involving all the metabolites, enzymes, and the multi-

enzyme complex. The results from the analysis enable us to quantify the effect of 

perturbation of Ptr4CL enzymes on the steady state flux distribution within the pathway 

as well as its effect on the lignin content and structure. The overall steady state flux 
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distribution within the pathway was mostly similar for the models in the absence and 

presence of the Ptr4CL3-Ptr4CL5 complex under WT conditions. In the presence of 

perturbations, the simulation results suggest that the presence of Ptr4CL3-Ptr4CL5 

complex in the model results in a redundant pathway towards the biosynthesis of S and 

G monolignols. The perturbation of the model in the presence of the Ptr4CL3-Ptr4CL5 

complex results in a bimodal distribution of steady state flux. This bimodal distribution is 

primarily due to the feedback inhibition that exists between the various hydroxy 

cinnamic acids involved in the Prt4CL pathway.  The analysis of the PKMF model also 

suggests that the Ptr4LC5 enzyme plays a key regulatory role in the modulation of the 

metabolic flux. These results further confirm the experimental findings that Ptr4CL5 is 

essential for regulating the levels of caffeic acid that is essential to moderate the CoA 

flux ligation, which is an essential step in the monolignol biosynthesis (Chen et al, 

2013). Sensitivity analysis of the PKMF model suggests that in the absence of a 

complex, the perturbation of Ptr4CL3 and Ptr4CL5 enzymes results in only a localized 

change in the steady state metabolic flux. Whereas, in the presence of complex, the 

steady state flux was sensitive to changes in Ptr4CL5 concentrations, further confirming 

the regulatory role of Ptr4CL5 enzyme. An interesting result that was observed for the 

model with the Ptr4CL3-Ptr4CL5 complex is the presence of redundant pathways in the 

CoA ligation step. Previous results on redundancy in pathways, suggests that 

biochemical pathways display a high level of redundancy against random failures 

(Stelling et al., 2002). It also explains why, despite the perturbations, the metabolic 

networks are unaffected (Kitano, 2002, 2004a, 2004b). Thus, the presence of the 

complex enhances the robustness of the pathway in the presence of perturbations. The 
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robustness of a metabolic network can be attributed to the stability of the metabolic 

states of the different metabolites involved in the pathway. The local stability analysis 

suggests that in the presence of Ptr4CL3-Ptr4CL5 complex, the stability of the 

metabolic network increases by 15%.   

 

3.5 Methodology: 

3.5.1 Computing Steady State Metabolite Concentration: 
 

Biological networks are characterized by highly nonlinear interactions between 

various components within the network. One of the results of these nonlinear 

interactions in biological networks is the presence of multiple steady states, which 

correspond to metabolic flux conditions that the cell achieves during growth or when 

perturbed by external stressors. It’s because of the presence of multiple steady states, 

that the biological systems are able to perform the required functions, even in the 

presence of external perturbations (Steur et al, 2007). For the monolignol biosynthetic 

pathway, the existence of multiple steady states corresponds to different phenotypes 

(lignin structure).  The identification of multiple steady states would aid plant biologists 

in determining the biological conditions that would lead to a particular lignin structure.  

 

Identification of multiple steady states is challenging and computationally 

intensive, mainly due the high dimensionality of biological networks and the inherent 

nonlinearity associated with the networks (Grimbs, 2010). In this study a Latin 

Hypercube Sampling (LHS) procedure is employed. In LHS, random initial metabolite 
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concentrations are sampled and used to simulate the system of Ordinary Differential 

Equations (ODE) to achieve a steady state concentration.  

 

The above procedure was repeated with 10000 different initial metabolite 

concentrations, thus enabling us to identify all possible steady states of the system. The 

ranges of initial sampled concentrations were specified based on the maximum Km 

values for each substrate enzyme reaction (i.e., values of metabolites ranged from 0 to 

10 times the Km values) (Wang et al, 2014). A uniform distribution and 10000 different 

concentrations of the metabolites were sampled to perform the simulations.  

 

The reaction fluxes for all the reactions in the pathway were expressed in the 

form of Michaelis Menten kinetics (Wang et al, 2014). The rate equations developed by 

Song et al. (2014) that capture the interactions between Ptr4CL3, Ptr4CL5, and the 

Ptr4CL3/Ptr4CL5 complex were incorporated in the lignin biosynthesis pathway model 

from Chen et al (2014).    

3.5.2 Sensitivity Analysis of Ptr4CLs on the Monolignol Biosynthetic Pathway: 
 

Sensitivity analysis provides a measure of the influence of model parameters on 

the model output (Helton and Iman, 1985). We used global sensitivity analysis to 

quantify the overall impact of model inputs on the model output by perturbing model 

input parameters that have a large range of values (Sumner, 2010). In this study, 

variance decomposition method (Marino et al, 2008) was used. The algorithm divides 
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the output variance into explained and unexplained variance. The explained variance is 

a result of the variations in the output as a result of variations in the input parameters. 

 

In this study, we used Ptr4CL3 and Ptr4CL5 as the factors and the steady state 

flux (V1 to V32) as the output. Assuming uniform distribution, 10,000 values of Ptr4CL3 

and Ptrr4CL5 were randomly sampled using the LHS procedure. The range of the 

enzyme concentration was assumed to be ±50% of the WT concentrations. All 

remaining enzymes were fixed at their respective WT concentrations. The first order 

and total sensitivity index were calculated using eFAST technique, which is based on 

Fourier transforms (Marino et al, 2008). 

3.5.3 Stability Analysis of the Monolignol Biosynthetic Pathway: 
 

 One of the important aspects of the biochemical pathway modeling is stability of 

the steady states resulting from the interconnected kinetic models. It has been 

hypothesized that metabolic stability is the key mechanism through which the biological 

systems maintain homeostasis. Stability is the qualitative behavior of the systems 

resulting from the perturbation of the system. Since the overall goal of this study is to 

identify the role of the 4CL enzyme complex on the monolignol biosynthetic pathway, 

performing stability analysis on the kinetic model would provide insights about the role 

of complex on the change in the stability of the system under perturbation.  

 

The local stability of steady states can be assessed using the linearization 

principle (Strogatz, 1997). In the presence of multiple steady states, the Jacobian matrix 
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is evaluated over a range of steady state metabolite concentrations and for each steady 

state concentration, the Eigenvalues are calculated. In order to assess the role of the 

complex, the concentrations of Ptr4CL3 and Ptr4CL45 were varied from 0 to WT levels. 

The steady state metabolite concentrations for all 24 metabolites were calculated for 

each pair of Ptr4CL3 and Ptr4CL5 values and the Jacobian matrix was evaluated over 

the range of steady state concentrations. The Jacobian matrix was calculated 

numerically using the forward difference method and the Eigenvalues were calculated 

using the MATLAB eig function. More information about steady state analysis and its 

application on biochemical pathways can be found in Steur et al (2005), Grimbs et al 

(2007) and Girbig et al (2012).  



 

64 
 

Table 3.1: List of all the reactions involved in the monolignol biosynthesis pathway. 

Flux Substrate Product Protein  

V1 Phenylalanine  Cinnamic Acid PAL 

V2 Cinnamic Acid p-Coumaric acid C4H 

V3 p-Coumaric acid Caffeic Acid C3H 

V4 Caffeic Acid Ferulic Acid COMT 

V5 Ferulic Acid 5-Hydroxy ferulic Acid CAld5H 

V6 5-Hydroxy ferulic Acid Sinapic Acid COMT 

V7 p-coumaric acid p-Coumary-CoA 4CL 

V8 Caffeic Acid Caffeoyl-CoA 4CL 

V9 Ferulic Acid Feruloyl-CoA 4CL 

V10 5-Hydroxy Ferulic Acid 5-Hydroxy feruloyl-CoA 4CL 

V11 Sinapic Acid Sinapoyl-CoA 4CL 

V12 p-Coumaryl-CoA p-Coumaroyl Shikimic Acid HCT 

V13 p-Coumaroyl Shikimic Acid Caffeoyl Shikimic Acid C3H 

V14 Caffeoyl Shikimic Acid Caffeoyl-CoA HCT 

V15 Caffeoyl-CoA Feruloyl-CoA CCoAOMT 

V16 5-Hydroxy feruloyl-CoA Sinapoyl-CoA CCoAOMT 

V17 p-Coumaryl-CoA p-Coumaraldehyde CCR 

V18 Caffeoyl-CoA Caffealdehyde CCR 

V19 Feruloyl-CoA Coniferaldehyde CCR 

V20 5-Hydroxy ceruloyl-CoA 5-Hydroxy-coniferaldehyde CCR 

V21 Sinapoyl-CoA Sinapaldehyde CCR 

V22 Caffealdehyde Coniferaldehyde COMT 

V23 Coniferaldehyde 5-Hydroxy-coniferaldehyde CAld5H 

V24 5-Hydroxy-coniferaldehyde Sinapaldehyde COMT 

V25 p-Coumaraldehyde p-Coumaryl Alcohol CAD 

V26 Caffealdehyde Caffeyl Alcohol CAD 

V27 Coniferaldehyde Coniferyl Alcohol CAD 

V28 5-Hydroxy-coniferaldehyde 5-Hydroxy coniferyl Alcohol CAD 

V29 Sinapaldehyde Sinapyl Alcohol CAD 

V30 Caffeyl Alcohol Coniferyl Alcohol COMT 

V31 Coniferyl Alcohol 5-Hydroxy coniferyl Alcohol CAld5H 

V32 5-Hydroxy coniferyl Alcohol Sinapyl Alcohol COMT 
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Figure A1: The steady state distribution of all the metabolic flux involved in the 
monolignol biosynthetic pathway. (a) The steady state flux distribution in the absence of 
Ptr4CL3-Ptr4CL5 complex; (b) The steady state flux distribution in the presence of 
Ptr4CL3-Ptr4CL5 complex. As seen in the figure, the presence of complex induces a 
bimodal steady state flux distributions. The green box represents the median steady 
state flux and the red + sign represents the mean steady state flux values 
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Abstract: 

The resistance of lignocellulosic biomass to sugar release is a key challenge in the 
utilization of biomass as an economically viable source of energy. The variation in lignin 
content and composition has been directly linked to the recalcitrant property of plant 
biomass.   While recent advances in genomics, proteomics and metabolomics have 
broadened our understanding of lignin biosynthesis significantly, the regulation of 
monolignol biosynthesis pathway is still not fully understood. In the past decade, 
computational and mathematical methods have been used extensively in understanding 
the regulation of complex metabolic networks. In this study, we used mutual information 
theory and community detection methods to identify the genes that control the groups of 
proteins that appear to form functional modules and regulate the monolignol 
biosynthetic pathway.  The role of these modules on lignin content and composition 
were quantified using the previously developed Proteomic Kinetic Mass Flux (PKMF) 
model and performing a Monte Carlo simulation. We hypothesize that the cells maintain 
a modular co-expression structure to protect from detrimental environmental stressors.  
The robustness of the pathway in the presence of such modular topology was quantified 
using stability analysis. The results from stability analysis suggests that the modular 
topology provides a stable architecture when the cell is subjected to external 
perturbations. The results further suggest that each module corresponds to a particular 
abiotic/biotic stress that is experienced by plant cells and that the modular structure acts 
as a protective mechanism to limit the effect of these specific perturbations. The 
analysis of the PKMF model also enables us to identify the most suitable proteins that 
can be targeted to engineer the lignin content and structure.  
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4.1 Introduction: 

 

Lignin is a second most abundant polymer found in cells walls of all vascular plants and 

plays a vital role on the growth and development of plants (Dixon et al, 2001; Rogers 

and Campbell, 2004). Lignin  is composed primarily of three main alcohol precursors or 

monolignols, namely p-coumaryl, coniferyl, and sinapyl alcohols, which later undergo 

polymerizations by peroxidase (PER) and laccase (LAC) to form p-hydroxyphenyl (H), 

guaiacyl (G) and syringyl (S) lignin, respectively (Weng et al, 2008). The relative 

percentage of each lignin unit varies with species, plant type, and developmental 

stages. The monolignol biosynthetic pathway has undergone several revisions over the 

past decade, primarily resulting from the various transgenic studies performed (Boerjan 

et al, 2003).  

 

In addition to lignin, the secondary cell walls of vascular plants contain abundant 

polysaccharides, particularly as cellulose and hemicelluloses. Extraction of these 

polysaccharides from lignocellulosic biomass for biofuel production has been of great 

interest. However, the natural resistance of lignocellulosic biomass to enzymatic 

hydrolysis has been an impediment in the utilization of high energy sugars. While 

advances have been made toward the reduction of biomass recalcitrance, (Lee et al, 

2012; Raguskas et al, 2006) rational design of less recalcitrant plant cells walls would 

require a deeper understanding of monolignol biosynthesis in plants, which is still 

lacking.  
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Phenotypic changes resulting from stress (abiotic or biotic) is due to the changes 

in levels of multiple genes and proteins that are interconnected by complex networks. 

Thus, the phenotypic properties cannot be determined from information generated at a 

single level. Rather, information at multiple levels, including gene expression, enzymatic 

activity, mRNA, protein, and metabolite concentrations, contribute to the phenotypic 

properties (Ovacik and Androulakis, 2008). Studying the interactome, which is the 

interactions between biological components in cells and organisms, is essential in 

understanding how gene function and regulation are integrated at the level of an 

organism.  Therefore, the main goal is to integrate information from different levels and 

provide a holistic view of the structural and functional organization of biological systems 

(Zhang et al, 2008). The metabolic flux, which quantifies the rate of conversion of 

biochemical molecules in a metabolic network, has been identified as one of the most 

critical parameters in understanding the regulation of biological pathways 

(Stephanopoulos, 1999). The mechanisms involved in the changes of metabolic fluxes 

is extremely important in gaining a deeper understanding of the responses and 

emerging phenotypic properties of the cell. 

 

The advances in high throughput technology has enabled us to generate large 

amount of genomic, proteomic and metabolomic data. These technologies have 

exposed new ways to use this information for analyzing how groups of genes/proteins 

are connected in pathways that might explain how organisms accomplish the integration 

on an organismal level (Phizicky and Fields, 1995; Ma and Bohnert, 2007; Raman, 

2010).  The protein functions can be better understood by analyzing the large-scale 
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interactomic datasets based on using graphical methods, in which the proteins are 

represented by nodes and the edges represent the interactions between the proteins. 

(Rivas and Fontanillo, 2010). One way of understanding the cellular function and 

organization is to identify a group of proteins (modules) in these networks that share 

more of the common functionalities (Royer et al, 2008; Navlakha et al, 2009 and Pinkert 

et al, 2010; Nepusz et al, 2012). Based on RNA Seq transgenic data, if two proteins are 

associative, then they are more likely to share the same cellular functions than proteins 

that are not associative. Thus, highly interconnected set of proteins within a network can 

be viewed as potential functional modules. Several modularity-based algorithms 

(Newman, 2006; Newman and Girvan, 2004) have been successfully developed and 

utilized to identify functional modules in Protein-Protein Interaction (PPI) networks. 

 

 One of the fundamental goals of systems biology is to link structure of biological 

network to its function. The approaches used to integrate regulatory interactions into 

metabolic network modeling are however limited. Understanding how to best formulate 

a joint modeling framework for metabolism and its regulatory control constitutes an 

important ongoing challenge (Yeang and Vingron, 2006). Although most of the proteins 

involved in monolignol biosynthesis have been identified, there is little information about 

how the proteins are co-regulated following perturbations. Knowledge about how the 

various proteins are co-regulated could provide valuable information about how the 

monolignol biosynthesis pathway is regulated under stress or in transgenics. Another 

important observation is that since both biological and non-biological networks are 

insensitive to random node removal, however, they are extremely sensitive to the 
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targeted removal of hubs (Jeong et al, 2001). Such hubs would also yield insightful 

information about the robustness of the pathway to perturbations. Analysis of the 

functional modules allows the understanding of both the functionality of proteins and the 

biological processes that involve such proteins. 

  

 In this paper, we identified protein communities resulting from the proteins 

involved in monolignol biosynthesis and integrated the network into a previously 

developed PKMF (Wang et al, 2014) model for lignin biosynthesis metabolic pathway 

modified to include the Ptr4CL3-Ptr4CL5 enzyme complex (Song et al, 2014) .  The 

effect of the modules on lignin content and structure were quantified using a Monte 

Carlo Simulation of the PKMF model. We hypothesize that the protein modules provide 

robustness to the monolignol biosynthetic pathway in the presence of various 

perturbations.  The effect of the modules on the robustness of the pathway to 

perturbations were quantified using stability analysis (Grimbs et al, 2010). The absolute 

concentrations of the proteins involved in the monolignol biosynthesis pathway were 

obtained from RNA Seq data. RNA Seq data has been widely used in the protein co-

expression network inference. Using RNA Seq data of DNA damage response in 

Saccharomyces cerevisiae, Ulitysky and Shamir (2009), were able to identify novel 

modules and predict novel protein functions. RNA Seq data was used to identify protein 

modules associated with the drought response in Rice (Zhang et al, 2012).  Similarly, 

Ding et al (2014) used gene expression data to predict the protein- protein interaction 

network for sweet orange. Using the RNA Seq data, we hope to uncover the regulatory 

mechanisms that affect the proteins involved in the monolignol biosynthetic pathway.  
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4.2 Materials and Methods:   

4.2.1  Mutual Information Relevance Networks: 
 

Before identifying the communities in the network, we need to obtain a network 

that represents all the interactions that exist between the different proteins in the 

pathway. Several methods ranging from simple correlation to more complex approaches 

like Bayesian networks have been used to identify putative interactions, each with its 

own advantages and disadvantages. Correlation based approaches do not 

accommodate non-linear interactions, which is common in biological networks. The 

mutual information/relevance network approach is similar to the correlation-driven 

network inference methods, but measures mutual information (MI) between proteins 

instead of correlation to predict interactions. The mutual information between random 

variables Xi and Xj is defined as 

 

                     (4.1) 

 

where p(xi, xj) is the joint probability distribution of Xi and Xj, and p(xi) and p(xj) are the 

marginal probabilities. Mutual information has the advantage over the correlation-based 

methods to identify non-linear relationships between variables but does not inform about 

the type of interaction such as activating or inhibitory. Mutual information between a 

gene pair can be due to random background effects or a regulatory relationship. 

Context Likelihood Relatedness (CLR) (Faith et al, 2007) extends the mutual 
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information approach by taking the background distribution of the mutual information 

values I(Xi, Xj) into account. The most probable interactions are those that deviate most 

from the background distribution. 

4.2.2 Community Detection and Modularity: 
 

 Once the network of interactions between various proteins in the pathway was 

obtained, the next step was to partition the nodes of the network into disjoint sets that 

maximizes the modularity of the network. Modularity detection has received a lot of 

attention over the past few years especially in biological networks (Badger and Hogue, 

2003; Rives and Galitski, 2003; Newman and Girvan, 2004; Dunn et al, 2005 and 

Sharan et al, 2005).  In general, the detection of functional modules would enhance our 

understanding about the organization and orientation of biological networks and also 

serves as the basis for other network analysis. Several approaches have been 

developed for community identification and summarized by Arenas et al. (2004). These 

approaches include (1) link removal methods; (2) agglomerative methods; (3) 

modularity maximization and (4) spectral methods. In this paper, we used modularity 

maximization to identify the different protein co-regulatory modules, primarily due to 

their computational speed as well as their applicability to larger networks (Newman, 

2003). 

 

Modularity (Q) is the measure of strength of division of a network into smaller sub 

networks or modules. Networks that are highly modular have a high degree of 

connectivity between the nodes belonging to the same modules, but are sparsely 
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connected between the nodes that belong to different modules.  Modularity varies from 

0 to 1, with values approaching 1 representing increased modularity found by 

partitioning in the network. The mathematical representation of modularity is calculated 

using equation (4.2). 

 

                                                         (4.2) 

 

where, Aij is the weighted adjacency matrix, which is a matrix indicating the weight of 

interaction between two nodes i and j. ki and kj are the degrees of nodes i and j, m is the 

total number of edges in the network,  is 1 if nodes i and j are in the same community 

and -1 if nodes belong to different communities. However, it is computationally 

expensive to search for partitions that would yield a maximum modularity since 

modularity optimization is known to be (Non-deterministic Polynomial-time) (N-P) hard 

(Brandes et al, 2008). Many heuristic methods were introduced to find high-modularity 

partitions, such approaches include greedy algorithms (Newman et al, 2004; Blondel et 

al, 2008) spectral methods (Newman, 2006), simulated annealing (Guimera and 

Amaral, 2005; Massen and Doye, 2005), sampling technique (Sales et al, 2007), and 

mathematical programming (Agarwal and Kempe, 2008).  In this paper, we used the 

spectral partitioning algorithm proposed by Newman (2006) to determine the optimal 

number of communities and the simulations were performed in R using the package 

igraph. To ensure that the resulting community was not sensitive to a particular 

detection algorithm, we compared the results of 3 different community detection 
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algorithms (1) Leading Eigen value community; (2) Optimal modularity and (3) Fast 

greedy community.  

 

To identify the protein modules, we used three different approaches that try to 

maximize the modularity in a given network to ensure that the resulting community is 

consistent despite the approaches used to calculate modularity. All three methods aim 

to maximize modularity by dividing a network into its disjoint sets.  Because the 

community detection methods are stochastic (Trevino et al, 2012), there is a level of 

uncertainty associated with the community detection algorithms (Good et al, 2010), 

which might result in a different community structure for the same modularity score 

(Trevino et al, 2012). To verify that the resulting modular structure is robust to noise, we 

added noise to the experimental data set with Gaussian noise varying from 0% to 20% 

of the mean for each protein in the pathway obtained experimentally. The CLR 

algorithm was rerun for each noisy dataset and the resulting communities were 

obtained. 

4.2.3 Monte Carlo Simulation of PKMF model: 
 

     Once the different protein co-expression modules were identified, the next 

step was to quantify the role of the individual modules on the lignin content and 

composition.  This analysis was achieved by randomly sampling the concentration 

values for each of the enzymes from a uniform distribution belonging to a particular 

module. The enzyme concentrations were varied from ± 50% of their WT concentrations 

and the protein concentrations of the other enzymes belonging to other modules were 
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fixed at their respective WT concentrations. We used the Latin Hypercube Sampling 

procedure (LHS) (Iman et al, 1980) to sample the 10000 concentration values of 

different proteins in the module. The PKMF model was simulated to steady state and 

the resulting metabolite concentrations and pathway fluxes were calculated for the 

randomly selected protein concentrations. 

 

4.3 Results and Discussion: 

4.3.1 Inferring association networks from expression data 

 

 The protein interaction network was obtained using the mutual information 

approach as outlined in the methods section. The CLR method was used to infer 

association strength between the various proteins in the pathway.  The CLR matrix 

resulting from the analysis provides pairwise related strength between the proteins and 

is shown in Figure 4.1. In Figure 4.1, there is a strong association between proteins 

belonging to the PAL family. Similarly, the edges between proteins belonging to 4CL 

and HCT families are higher as compared to the rest of the network. The interactions 

between the proteins belonging to the cytochrome P450 families namely CAld5H, C3H 

and C4H are dense as compared to the other proteins in the pathway. The association 

network showing the interactions between the proteins involved in the monolignol 

biosynthesis is shown in Figure 4.2. The nodes indicate the proteins and the edges 

indicate the interaction (association) between the proteins. Once we have an 

association network between all the proteins involved in the pathway, the next step is to 

apply the community detection algorithm to obtain disparate modules such that the 
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number of edges observed within the module is greater than the edges between the 

modules. 

 

Figure 4.1:  The Context Likelihood Relatedness (CLR) matrix shows the strength of 
association between different proteins in the pathway, and the strength ranges from 0 to 
1.  The size and intensity of each circle corresponds to the strength of association 
between the pair of proteins. Smaller circles and lighter colors indicate weak 
associations, and as the association between proteins approaches 1 (indicating strong 
association) the size of the circle increases correspondingly and the intensity of the 
circle also increases. 
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Figure 4.2: The protein interaction network of all the proteins involved in the 
monolignol biosynthetic pathway. 
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4.3.2 Robustness of community structure to experimental noise: 
 

 We added a Gaussian noise equivalent to the standard error that was reported 

for each measurement to assess the robustness of the community detection to noise. 

The community detection algorithm was then re-run to detect the community. The 

resulting community structure due to noise clearly had some impact on the resulting 

community structure. In the absence of any noise, there were 4 distinct modules present 

in the network (Figure 4.3). As the level of noise increased to 10%, the change in 

community structure lead to the merging of one community reducing the number to 3 

communities (Figure 4.4). Any further increase in the noise did not result in any shift in 

communities or changes in number of modules. These results suggest that the 

community structure is robust and the three core communities were preserved despite 

the addition of noise. 
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Figure 4.3: The modular structure obtained for the data without any Gaussian noise. 
The colorbar quantifies the strength of association in terms of Context Likelihood 
Relatedness (CLR).  
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Figure 4.4:  The modular structure obtained for the data in the presence of Gaussian 
noise. The colorbar quantifies the strength of association in terms of Context Likelihood 
Relatedness (CLR). 

4.3.3 Role of perturbing Pt4CL3, Ptr4CL5, PtrCCoAOMT3 and PtrHCT-PtrCOMT2 
on the lignin content and composition: 

 

 When the dataset was subjected to a noise level of 10% of the original dataset, 

the resulting community structure suggested that Ptr4CL3, Ptr4CL5 and PtrCCoAOMT3 

were part of a distinct community. In order to assess the role of the perturbation of 
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Ptr4CL and PtrCCoAOMT3 concentrations on the lignin content and ratio, the 

concentrations Ptr4CL and PtrCCoAOMT3 were varied and the resulting steady state 

flux was then calculated.  The lignin content and composition are displayed in the 

histogram plot below (Figure 4.5). About 95% of the steady state total lignin content and 

S/G ratio is distributed around the WT levels, suggesting that the changes in levels of 

Ptr4CL3, Ptr4CL5 and PtrCCoAOMT3 does not significantly affect the lignin content 

(mean = 0.9 µMmin-1) and results in a slight increase in lignin composition (mean = 2.6). 

Although the perturbation of Ptr4CL and PtrCCoAOMT3 individually results in a 

reduction in lignin content and increased S/G ratio, when both enzymes are down 

regulated simultaneously, they do not significantly affect the lignin content and lignin 

composition steady state values.  

 

 Similarly the role of PtrHCT and PtrCOMT2 on the lignin content and composition 

was quantified. Since there was an extra module identified when the dataset was 

subjected to noise, we decided to perturb the enzymes belonging to the additional 

module separately. The variation of the lignin content and composition as a function of 

the variation in protein concentrations is shown in the histogram plot in Figure 4.6. 

These results suggest that changes in concentrations of PtrHCT and PtrCOMT2 did not 

significantly alter the lignin content and composition when compared to the WT levels.  

Arounf 70% of the steady state lignin content values and about 70% of the S/G ratio 

steady state values are distributed around the WT levels. The resulting mean and 

median values of the lignin content as a result of perturbing PtrHCT and PtrCOMT2 are 

0.8 µM/min and 0.9 µM/min, respectively. Similarly, the mean and the median values for 
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the lignin composition values are 3.6 and 2.0, respectively. The remaining 30% of the 

steady state lignin content and ratio values are a result of very low values of PtrHCT 

concentrations. The variation in S/G ratio as a function of the PtrHCT and PtrCOMT2 

enzymes are shown in Figure 4.7 to assess the contribution of each enzyme. In Figure 

4.7, a majority of the S/G ratio corresponds to the WT levels with any change in S/G 

ratio coming primarily from changes in the PtrHCT concentration. From these results, 

we can conclude that the changes in S/G ratio can be achieved by varying the 

concentrations of PtrHCT enzymes alone.  

 

 Although the role of perturbing multiple enzyme families on the lignin content is 

unknown, the effects of perturbing single enzyme families have been well studied 

(Wang et al, 2014). When levels of Ptr4CL enzymes are perturbed, the transgenic 

plants resulted in lower lignin content and an increased S/G ratio compared to the WT 

levels (Lee et al, 1997). On the other hand, the down-regulation of PtrCOMT2 levels in 

transgenic tobacco and hybrid poplar resulted in a decrease in total lignin content as 

well as a decrease in the S/G ratio (Dwivedi et al, 1994). Perturbation of PtrHCT 

concentration from wild type levels in tobacco results in a reduction in total lignin 

content and an increase in S/G ratio (Shadle et al, 2007).  

  



 

87 
 

  

Figure 4.5:  Steady state distribution of (a) total lignin content and (b) the lignin ratio 
(b) from 10000 runs as a result of perturbing Ptr4CL and PtrCCoAOMT3. 

 

 

Figure 4.6:  Steady state distribution of total lignin content (a) and the lignin ratio (b) 
from 10000 runs as a result of perturbing PtrHCT and PtrCOMT2. 



 

88 
 

 

Figure 4.7:  Contour plot showing the variation of S/G ratio as a function of the 
changes in concentrations of PtrHCT and PtrCOMT2. 

4.3.4 Role of the co-expressed protein communities on lignin content: 
 

 The histogram plot of the variation of total lignin content and lignin ratio as a 

function of changes in the enzyme concentrations in module 1 (Ptr4CL, PtrHCT, 

PtrCOMT2, PtrCAD and PtrCCoAOMT3) is shown in Figure 4.8. At WT protein 

concentrations, the lignin content and composition distribution is spread around the 

peak corresponding to a high total lignin content and low lignin ratio. About 80% of the 

steady state total lignin content values and 85% of the steady state S/G ratios are 

distributed around the WT levels. The mean S/G ratio values as predicted by the PKMF 

model is 2.75 with a median of 2, similarly the mean lignin flux predicted by the model is 

0.84 µM/min and the median is 0.9 µM/min. The spread in lignin content and distribution 
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suggests that a very low fraction of the steady state lignin content and S/G ratios 

deviate significantly from the WT levels. This deviation is a result of very low levels of 

protein concentrations of enzymes involved in the module. 

 

Figure 4.8:  Steady state distribution of total lignin content (a) and the lignin ratio (b) 
from 10000 runs as a result of perturbing proteins in module 1. 

 

 The role of individual enzyme families in module 1 on the steady state S/G ratio 

can be visualized using a contour plot (Figure 4.9). From Figure 4.9, when 

concentrations of Ptr4CL and PtrHCT are plotted as a function of % WT concentration, 

the majority of the S/G ratio is around the WT value of 2:1. The variation in the S/G ratio 

in module 1 is primarily from variations in PtrHCT and Ptr4CL concentrations. As the 

total concentration of PtrHCT is reduced from WT, the S/G ratio varies from WT to very 
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high values but depends on the concentration of Ptr4CL. When the concentration of 

Ptr4CL is fixed at WT, the S/G ratio remains unchanged until the total concentration of 

PtrHCT is reduced by 60% from its WT concentration. Additional reduction in total 

PtrHCT concentration results in an increase in S/G ratio. Similarly, when the 

concentration of Ptr4CL is reduced to less than 10% of its WT concentration, an 

increase in S/G ratio is predicted when the total PtrHCT concentration is reduced to 

60% of its WT concentration.  

 

Figure 4.9:  Variation of S/G ratio as a function of changes in Ptr4CL and PtrHCT 
concentrations in module 1. 

 

 Similarly, the variation of S/G ratio when the total concentrations of PtrHCT and 

PtrCOMT2 are perturbed are shown in Figure 4.10. In Figure 4.10, the variation is S/G 

ratio is primarily a function of the changes in the total PtrHCT concentrations. From 

these results, we can conclude that for module 1, the major changes in S/G ratio is due 
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to changes in levels of PtrHCT concentrations. A combination of PtrHCT and Ptr4CL 

down-regulation would be useful in fine-tuning the desired S/G ratio required in a 

transgenic plant.  

 

Figure 4.10:  Variation of S/G ratio as a function of changes in PtrHCT and PtrCOMT2 
concentrations in module 1. 

 

 The enzymes belonging to module 2 were perturbed in a similar manner 

described earlier.  Module 2 is composed of PtrCCoAOMT1, PtrCCoAOMT2, PtrCCR2 

and the entire PtrPAL family. The variation of the lignin content and composition as a 

result of varying all the proteins in the module is shown in Figure 4.11.   More than 90 % 

of the distribution in lignin content and composition is distributed around the WT levels 

from the perturbation of module 2. The mean and the median lignin content as predicted 

by the model is 0.88 µM/min and 0.9 µM/min, respectively. Similarly, the mean and 

median S/G ratios resulting from the perturbations of all the enzymes in module 2 are 



 

92 
 

2.52 and 2, respectively. Both the PKFM model predictions and the literature suggest 

that when PtrPAL family is perturbed, the pathway is robust to the changes in levels of 

PtrPAL enzymes because of the presence of redundant PAL isoforms (Wang et al, 

2014).  We also observe a slight variation in lignin content and S/G ratio around the WT 

lignin content levels. This variation in total lignin content is due to the changes in the 

levels of PtrCCR2 (Figures 4.12 and 4.13). The contour plot shows that the changes in 

S/G ratios in module 2 is primarily a result of the changes in concentrations of PtrCCR2. 

 

Figure 4.11:  Steady state distribution of (a) total lignin content and (b) lignin ratio as a 
result of perturbing concentrations all the proteins involved in module 2. 
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Figure 4.12:  Variation of S/G ratio as a function of changes in PtrCCR2, 
PtrCCoAOMT2 and PtrCCoAOMT3 concentrations in module 2. 

 

Figure 4.13:  Variation of S/G ratio as a function of changes in PtrPAL and PtrCCR2 
concentrations in module 2. 
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Figure 4.14:  Steady state distribution of (a) total lignin content and (b) lignin ratio as a 
result of perturbing concentrations all the proteins involved in module 3 (C3H, C4H and 
CAld5H). 

 

The third module primarily consists of PtrC3H, PtrC4H, and PtrCAld5H1 and 

PtrCAld5H2 enzymes.  An interesting observation is that all 3 proteins belong to the 

cytochrome P450 family (Reddy et al, 2005). Here PtrC3H and PtrC4H primarily 

catalyze the initial steps of the monolignol biosynthetic pathway, while PtrCAld5H 

catalyzes the last step in the pathway.  It has been proposed by several authors that the 

enzymes C3H, C4H and CAld5H are rate limiting and any possible changes in these 

enzyme concentrations would lead to the regulation of not only the genes involved in 

monolignol biosynthesis as well as the lignin composition and structure, but also of their 

rates of polymerization. The results from perturbing the cytochrome P450 enzymes 
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suggest that the reduction in levels of those enzymes lead to a significant variation in 

the S/G ratio without a significant change in total lignin content (Figure 4.14). The 

changes in S/G ratio is mainly a result of PtrCAld5H enzymes. The down-regulation of 

PtrCAld5H leaves the total lignin content unaffected but the concentration of S subunit 

varies over a wide range as seen in Figure 4.15. The wide spread in the total lignin 

content is primarily from PtrCAld5H involvement in the conversion of coniferaldehyde 

and coniferyl alcohol to 5-hydroxy coniferaldehyde and 5-hydroxy coniferyl alcohol, 

which are the last steps in the monolignol biosynthesis pathway.   

Figure 4.15:  Steady state distribution of (a) S subunit (b) G subunit resulting from 
variation in concentrations of all the proteins (C3H, C4H and CAld5H) involved in 
module 3. 
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The variation of S/G ratio as a function of enzymes in module 3 is shown as a 

contour plot in Figure 4.16. As shown in Figure 4.16 under WT concentrations of 

PtrCAld5H, PtrC3H and PtrC4H, the steady state S/G corresponds to the ratio 2:1. 

When the concentration of PtrCAld5H is reduced from the WT and the concentrations of 

other enzymes are fixed at WT, an increase in S/G ratio is seen for very low levels of 

PtrCAld5H, which is consistent with the experimental results. As the concentration of 

PtrC3H and PtrC4H is decreased, we observe an increase in S/G ratio with little to no 

change in PtrCAld5H concentration. When all the concentrations of the enzymes in the 

module are decreased, an increase in the S/G ratio is observed. The increase in S/G is 

primarily due to the decrease in levels of PtrC3H and PtrC4H.  

 

Figure 4.16:  Steady state distribution of total lignin content (a) and the lignin ratio (b) 
from 10000 runs as a result of perturbing proteins in module 3. 
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 From the simulations reported above, the results suggest that module 2 (PtrPAL, 

PtrCCoAOMT2, PtrCCoAOMT3, CCR2) is most resilient to transgenic perturbations with 

respect to the lignin content and structure. Transgenic perturbations of module 3, on the 

other hand, results in large variations in lignin content and structure. When the enzyme 

concentrations in module 1 are varied, the majority of changes in S/G ratio is a result of 

changes in PtrHCT levels. In order to modify the lignin composition without altering the 

lignin content, the most probable targets should be PtrHCT and Ptr4CL enzymes which 

are part of Module 1. The perturbation results of the PKMF model suggest that the lignin 

content and structure can be tailored for specific needs by targeting a set of enzymes in 

the pathway as opposed to targeting an individual enzyme. 

4.3.5 Importance of Protein Community Structure on Biosynthetic Pathways 
 

 In the previous section, we showed how the information about the protein 

community structure provides resiliency to changes in the lignin content and 

composition from their perturbation. However, the most important question that needs to 

be answered is why do cells prefer such community structure/topology and what are the 

evolutionary advantages of this particular topology? A previous study conducted by 

Moura et al (2010) suggest that the modular structure of monolignol biosynthesis 

enzymes acts as a self-defense mechanism in which only a few enzymes are affected. 

Thus, a modular enzyme structure based on co-expression enables cells to perform the 

cellular functions and also acts as a mechanism that provides robustness against 

perturbations.  
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 To begin our understanding of the role of modules on regulatory robustness, let’s 

assume that all the proteins in the pathway are a part of a single highly connected 

network (i.e., no modularity as suggested in the previous section). In order to quantify 

the effect of changing the protein concentrations on the S/G ratio, we performed a 

simulation by simultaneously changing the concentrations of all the enzymes in the 

pathway.  All 21 enzyme concentrations in the pathway were sampled between 0 to WT 

levels and the resulting lignin content and composition is shown in Figure 4.17. The 

results show a high degree of variability in lignin content and composition and suggest 

that in the absence of a modular framework, the pathway would be unable to withstand 

large perturbations eventually leading to an un-survivable condition or a plant that is not 

resilient to environmental stressors. 

 

Figure 4.17:  Steady state distribution of (a) total lignin content and (b) lignin ratio as a 
result of perturbing concentrations all the proteins involved in the monolignol 
biosynthetic pathway. 
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4.3.6 Role of perturbing individual enzyme at a module level on lignin 
composition and structure: 

 

In the previous section all the concentrations of all the enzymes belonging to a 

particular module were perturbed and their effect on the lignin composition and structure 

were quantified. However, under that assumption the associative strength between the 

proteins were not taken into consideration, rather the proteins concentration can take 

any random value irrespective of the concentration of the other proteins in the module. 

In this section we perturbed concentration of individual protein and the concentrations of 

other proteins are varied based on the associative strength between two pair of 

proteins. The concentrations of the proteins are perturbed by ± 50% of their WT 

concentrations and 10000 concentration values were randomly sampled from a uniform 

distribution. The results from the simulations are summarized in the Table 4.1 and 4.2, 

which shows the targeted protein in each community and the corresponding mean, 

median and standard deviations of the simulates lignin composition and lignin content 

distributions respectively. From the results it can be seen that when the proteins in 

modules 1 and 2 are perturbed, a small variation in the lignin content and composition 

are observed as indicated by the standard deviation values. However, when the 

proteins in module 3 are perturbed, a large variation in the lignin composition is 

observed. Suggesting that for the plants to maintain resiliency, the proteins in module 3 

should remain unaffected.  
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Table 4.1: Distribution summary of the variation in lignin composition (S/G) when 
individual enzymes in the community are perturbed. 

Community Target Mean  Median Std. dev 

 Ptr4CL3 1.94E+00 1.90E+00 3.36E-01 
 Ptr4CL5 2.01E+00 2.00E+00 3.56E-01 
 PtrHCT1 2.00E+00 1.98E+00 3.51E-01 

Community 1 PtrHCT6 1.96E+00 1.92E+00 3.40E-01 
 PtrCAD1 1.87E+00 1.81E+00 3.17E-01 
 PtrCCoAOMT3 1.93E+00 1.90E+00 3.35E-01 
 PtrCOMT2 1.91E+00 1.90E+00 3.21E-01 
 PtrCCoAOMT1 1.88E+00 1.85E+00 4.26E-01 
 PtrCCoAOMT2 1.88E+00 1.85E+00 4.66E-01 
 PtrCCR2 1.88E+00 1.85E+00 4.27E-01 

Community 2 PtrPAL1 1.90E+00 1.85E+00 5.02E-01 
 PtrPAL2 1.89E+00 1.86E+00 3.96E-01 
 PtrPAL3 1.88E+00 1.86E+00 2.75E-01 
 PtrPAL45 1.87E+00 1.85E+00 2.41E-01 
 PtrC3H3 1.40E+00 1.06E+00 1.18E+00 
 PtrC4H1 1.47E+00 1.09E+00 1.29E+00 

Community 3 PtrC4H2 1.31E+00 1.01E+00 1.10E+00 
 PtrCAld5H1 2.45E+00 1.80E+00 1.96E+00 
 PtrCAld5H2 2.50E+00 1.82E+00 2.05E+00 
 PtrCAD2 6.69E-01 5.89E-01 4.41E-01 
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Table 4.2: Distribution summary of the variation in lignin content (S+G) when individual 
enzymes in the community are perturbed. 

 

  Community Target Mean Median Std. Dev 

 Ptr4CL3 9.04E-01 9.06E-01 8.32E-02 
 Ptr4CL5 9.04E-01 9.06E-01 8.75E-02 
 PtrHCT1 9.04E-01 9.06E-01 8.64E-02 

Community 1 PtrHCT6 9.05E-01 9.06E-01 8.25E-02 
 PtrCAD1 9.04E-01 9.06E-01 7.78E-02 
 PtrCCoAOMT3 9.04E-01 9.06E-01 8.09E-02 
 PtrCOMT2 9.04E-01 9.06E-01 8.00E-02 
 PtrCCoAOMT1 9.04E-01 9.06E-01 1.84E-02 
 PtrCCoAOMT2 9.04E-01 9.06E-01 1.79E-02 
 PtrCCR2 9.03E-01 9.05E-01 1.73E-02 

Community 2 PtrPAL1 9.03E-01 9.06E-01 2.18E-02 
 PtrPAL2 9.03E-01 9.05E-01 3.32E-02 
 PtrPAL3 9.03E-01 9.05E-01 2.12E-02 
 PtrPAL45 9.04E-01 9.06E-01 1.76E-02 
 PtrC3H3 9.04E-01 9.06E-01 2.94E-01 
 PtrC4H1 9.04E-01 9.06E-01 3.05E-01 

Community 3 PtrC4H2 9.04E-01 9.06E-01 2.88E-01 
 PtrCAld5H1 9.04E-01 9.06E-01 3.24E-01 
 PtrCAld5H2 9.04E-01 9.06E-01 3.29E-01 
 PtrCAD2 9.01E-01 9.06E-01 2.22E-01 

4.3.7 Stability Analysis of protein co-expression modules: 
  

 An alternate view of robustness displayed by these modular configured lignin 

biosynthesis proteins can be performed using stability analysis (Girbig et al, 2014).  The 

enzyme protein concentrations belonging to each module was perturbed by +/- 50% of 

their respective WT concentrations to assess the stability of the modules. The steady 

state concentrations of all the 24 metabolites were calculated corresponding to the 

enzyme concentrations. The stability of the system over the range of enzyme 

concentrations were assessed based on the Eigenvalues of all the metabolites in the 

system.   
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 The variation of Eigenvalues for different proteins are displayed in the histogram 

plot (Figure 4.18).  The protein concentrations of all the enzymes in the three modules 

were perturbed simultaneously from their WT concentrations to assess the effect of the 

plant cell developing a modular co-expression framework for the lignin biosynthesis 

pathway.  In Figures 4.18.a – 4.18.c, the majority of the Eigenvalues are negative 

(~90%), suggesting that the modular structure confers stability to the pathway as 

compared to the scenario when all the proteins in the pathway are perturbed (Figure 

18.d) (~50%). These results further support the hypothesis that, the presence of 

modules in the pathway provides a mechanism through which the cells maintain 

robustness with respect to lignin structure.  
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Figure 4.18: Eigen value distribution for different topology of proteins in the monolignol 
biosynthetic pathway. (a) Module 1 (b) Module 2 (c) Module 3 (d) all proteins 
concentrations were varied. 

4.3.7 The role of modules on the robustness of the pathway in the presence of 
stress: 

 

 Complex cellular processes are a result of functional modules working together in 

unison (Ravasz et al, 2002; Hartwell et al, 1999).  One important property of networks is 

their ability to maintain the overall network topology despite the loss of individual 

components (Barbarasi, 2004). The modular organization makes a system relatively 

robust to perturbations that target individual components. By performing stability 

analysis, we were able to establish that one of the primary reasons why the regulatory 
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control that result in protein communities is to maintain robustness to perturbations.  

The reason why proteins may form co-expression communities is that, the community 

architecture serves as a protective mechanism through which the pathway is able to 

function despite some of the communities being adversely affected. 

 

 During their entire life cycle, plants are faced by a myriad of environmental 

stresses. Two major categories of environmental stress are namely the abiotic stress, 

which corresponds to environmental conditions, such as drought, submergence, salinity, 

and biotic stress which is caused by infectious living organisms, such as bacteria and 

viruses. Both biotic and abiotic stress negatively affect the productivity and survival of 

plants (Shaik and Ramakrishna, 2014).  

 

 Suppressing single and multiple genes involved in lignin biosynthesis leads to an 

accumulation of secondary metabolites (Wang et al, 2014). Many of these compounds 

play a vital role in plant-environment interactions and altering their biosynthesis can 

influence the response of plants to such stresses (Baxter and Stewart, 2013). 

Additionally, transcriptomic and proteomic studies have indicated that lignin 

modifications can trigger an increase in expression of stress response genes (Gallego 

et al, 2011).   

 

  Since the lignin biosynthesis pathway is robust to moderate perturbation, we 

hypothesize that the modules act as a protective mechanism by which each module 

reacts to a particular type of stress, thus leaving the other modules unaffected. This 
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modularity enables the plant to absorb stress and still continue to function. Our 

hypothesis is supported by recent findings that report the effect of abiotic and biotic 

stresses on the various genes involved in the monolignol biosynthetic pathway.  

 

 In a recent study, it was observed that under iron depravation, an increase in 

CCoAOMT1, 4CL and HCT gene expression occurred in Arabidopsis (Teeples et al, 

2015). In rice, proteomic studies suggested that drought stress resulted in an increased 

amount of PAL levels (Pandey et al, 2010) while in Grey-maranta (Ctenanthe setosa), 

there was a16-fold increase in PAL activity as a result of drought stress (Terzi et al, 

2013). Drought stress also resulted in an increase in level of genes encoding 

CCoAOMT (Yoshimura, 2007).  

 

 Cold stress results in changes gene expression and plant metabolism which 

ultimately effects the biological functions (Stitt and Hurry, 2002). Under lower 

temperatures, the activity of PAL enzyme was higher in Brassica napus (Domon et al, 

2013).  In leaves, the accumulation rate of phenolic compounds in leaves depended on 

the temperatures the plant was subjected to (Solecka and Acperska, 2003). The 

expression levels of the genes involved in monolignol biosynthesis such as PAL, CCR, 

and CCoAOMT were higher in pea in response to cold (Zhu et al, 2013; Badowiec et al, 

2013).  

 

 Salt stress has been shown to impact secondary cell wall formation and 

structure, as revealed by an altered lignin biosynthesis. Prior studies have shown that 
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the expression levels of PAL and CCoAOMT in response to salt (Salekdeh et al, 2002; 

Zhao et al, 2013). The inclusion of heavy metals in soil and the contamination of water 

with heavy metals have detrimental effects on plants (D’Emilio et al, 2012; Kelepertziz 

et al, 2014). The activities of PAL and CAD enzymes were altered when Panax ginseng 

was exposed to a higher level of copper (Cu). The change in enzyme levels was 

correlated with an accumulation of lignin (Ali et al, 2006). Similarly, the genes encoding 

4CL and COMT in Medicago truncatula where were up-regulated in response to Al 

stress in root tips (Chandran et al, 2008).  

 

 Although light, which contains Ultra Violet (UV) is essential for plants to ensure 

normal growth, excess light can cause cellular damage. Plants have therefore 

developed mechanisms to counter the effect of light through changes in cell wall. The 

effect of light was countered through pigmentation, regulating levels of antioxidant, 

metabolites, and enzymes. Studies have shown that the lignin content in several plants 

were altered depending on the intensities of light. As an example, the lignin content in 

the seedlings of Ebenus cretica L. grown in presence of light doubled when compared 

to the lignin content of the seedlings grown in the shade (Syros et al, 2005). A Similar 

result was observed in leaves of coffee exposed to sunlight, where the lignin content in 

leaves was higher when compared to the leaves that were grown in the shade (Cabane 

et al, 2013). The activity of PAL enzymes were induced in the leaves of orchid plants 

when it was exposed to different light intensities (Ali et al, 2005). In Arabidopsis, 

expression of 7000 genes were altered when plants were subjected to high light 

intensity. Several genes involved in the lignin biosynthetic pathway had shown an 
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increase in expression levels (Kimura et al, 2003).   

 Ozone (O3) is one of consequences of air pollution and the plant cell walls have 

been shown to be an early target of ozone (Gunthardt-Goerg et al, 1997). O3 induces 

leaf and root injuries, resulting in biomass reduction, as observed in tobacco, poplar and 

birch (Racherla et al, 2008; Paoletti et al, 2010). In Manna ash (Fraxinus ornus L.), one 

of the main structural impacts of O3 is a puncture within the cell wall, as observed on 

leaf mesophyll cells (Paoletti et al, 2010). In poplar, ozone damage results in the 

reduction in stem diameter and the structural properties of wood (Richet N, 2011). O3 

affects the lignin biosynthesis process due to the reduced cambial growth and xylem 

differentiation, which in turn results in a reduction in cellulose and lignin (Richet et al, 

2011). Changes in lignin structure were seen in poplar trees exposed to O3, the lignin 

structure contained higher proportion of H-units that were higher than the WT levels 

(Cabane M, 2004). The enzyme activity of CAD was strongly increased during the 

developmental stage, and the activity of PAL was increased in old and mid-aged leaves 

(Cabane M, 2004). In non-woody plants, the transcript level of PAL mRNA increased 3-

fold compared to control Arabidopsis or parsley plants (Sharma et al, 1994; Eckey-

Kaltenbach et al, 1994). O3 was also found to modify cell wall components by de-

polymerization of lignin, which released small phenolic compounds (Wiese et al, 2000). 

 From this literature, a summary of various stresses affecting the protein co-

expression modules can be developed (Figure 4.19). An interesting observation from 

this analyses is that the proteins belonging to module 2 are the ones that are most 

affected by abiotic and biotic stress. At the same time, module 2 is most resilient to 

enzymatic perturbations as shown by earlier simulations. Similarly, module 3 is least 
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affected by the abiotic/biotic stress suggesting that the enzymes belonging to module 3 

were shielded because these enzymes significantly impact lignin content and structure. 

As a result, the enzymes belonging to module 3 may have evolved after the divergence 

of angiosperms and gymnosperms compared to other enzymes in the monolignol 

biosynthetic pathway (Xu et al, 2009). 

 The results from the Monte Carlo Simulation of the PKMF model revealed that 

except for module 3, the majority of the steady state S/G ratios are distributed around 

the WT S/G levels when the protein concentrations of enzymes were perturbed.  In the 

presence of perturbations, the pathway was able to maintain the overall function despite 

the changes in levels of some of the enzymes involved in the monolignol biosynthesis. It 

can be concluded that the primary reason why plants produced a regulatory mechanism 

that results in enzymes forming modules is simply homeostatic. In other words, 

regulatory modularity was needed as a defense mechanism to provide resiliency 

against perturbations. The data from literature supports this hypothesis, where different 

modules correspond can be induced by different kind of stressors. Modules 1 and 2 can 

be influenced by a majority of stressors, while module 3 can be influenced by few 

stressors, thus enabling the cells to maintain function. The results from stability analysis 

also suggest that when a few proteins belonging to a particular module are perturbed, 

the system is robust to perturbations and when all the proteins are perturbed in the 

pathway, the system loses its stability.  
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Figure 4.19: The protein modules and the stresses that affect the expression levels of 
proteins on the modules.  

Conclusions: 

 

In this study we were able to identify the modular structure of proteins that are 

regulated by the genes involved in the monolignol biosynthetic pathway. The hypothesis 

is that the modular structure results in an improved resiliency of the pathway under 

perturbations. From the community wise perturbation analysis of the PKMF model, we 

were able to confirm that the pathway is resilient/robust to the changes in the total lignin 

content and composition when modules 1 and 2 perturbed. However, perturbation of 

module 3 results in large variations in the lignin structure. The changes in lignin 

structure is primarily because the module 3 is composed of CAld5H1 and CAld5H2 

proteins that catalyze the last step in the monolignol biosynthesis pathway. Hence, 
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changes made to module 3 would result in the changes in S:G ratio. It has also been 

suggested that the enzymes in module 3 belongs to the cytochrome p-450 enzyme 

family, which have evolved recently compared to the other enzymes in the pathway. 

Recent studies on the effect of various abiotic and biotic stresses suggest that under 

variety of stresses the levels of enzymes belonging to module 3 remain unaffected 

suggesting that the plant is able to maintain levels of enzymes  
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Abstract: 

Lignin is the second most abundant polymer found primarily in the cell walls of all 
vascular plants. With the recent shift in focus on renewable energy, plant biomass has 
been identified as a future energy source. However, the presence of lignin hinders the 
release of sugar, which can be fermented to ethanol. The variation in lignin content and 
composition among different species is primarily due to the difference in proportions of 
H, G and S monolignols. The variability in these monolignols has a direct correlation on 
the structural rigidity of lignin. While recent advances in metabolomics and proteomics 
have significantly enhanced our understanding of lignin biosynthesis, the regulation of 
monolignol biosynthetic pathway is still not clear. Several computational and 
mathematical methods have been used as effective tools for understanding the 
structure and regulation of complex biochemical networks. As increasing amounts of 
data are being published, the application of these methods to study lignin biosynthesis 
may be crucial in developing genetically engineered crops with reduced recalcitrance. 
Here, we experimentally validate a mass action kinetic model using transgenic data. In 
addition to the mass action model, we also developed an Artificial Neural Network 
(ANN) model to predict the changes in lignin composition as a function of enzyme 
concentrations to evaluate the effectiveness of purely data driven modeling approaches. 
The mass action model was able to predict the changes in lignin composition as a 
function of enzyme concentrations and were quantitatively consistent with several 
transgenic experiments. The Predictive Kinetic Metabolic Flux (PKMF) model was able 
to account for 73% of the variations in S/G ratio resulting from changes in protein 
concentrations. The ANN model, however, was able to predict 80% of the variations in 
the lignin composition.  The results generated by our model of invivo lignin biosynthesis 
demonstrate that mathematical modeling can be an effective complement to 
experimental biotechnological and transgenic approaches in plants. The ANN model 
may also serve as a complementary tool to predict the changes in lignin composition 
resulting from enzymatic perturbations. Although it predicted a higher percent accuracy, 
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ANN, cannot be used to explain the changes in the metabolic flux and metabolite 
concentrations resulting from the perturbations. 

 

5.1 Introduction: 

 Lignin is the second most abundant polymer found naturally in the biosphere. 

The primary role of lignin is to provide strength and rigidity to the plant cell wall for 

mechanical support, water transport, and resistance against pathogen attack. With the 

recent focus on plant biomass as a source of biofuels, the recalcitrance of lignin can 

hinder the use of plant biomass as biofuels. Overcoming this ‘‘recalcitrance” is essential 

fermentation of sugars from hemicellulose and cellulose into ethanol, butanol or other 

biofuels (Raguskas et al, 2006). Since lignin plays a central process in this process, 

much attention has been focused on understanding lignin biosynthesis and on exploring 

the potential of developing transgenic plants with reduced lignin content or modified 

lignin which would greatly reduce or even eliminate the acid pretreatment step (Chen et 

al, 2007).  

Extensive research efforts have enabled researchers to identify the specific roles 

of most genes involved in the monolignol biosynthetic pathway (Lee et al, 2012). 

Complete genome sequences along with functional annotation of relevant genes for two 

model plants, Arabidopsis thaliana and the black cottonwood Populus trichocarpa, are 

available (Somerville, 1999). Although the information from the genome sequences are 

valuable,  on its own, it is insufficient for predicting how the monolignol biosynthetic 

pathway would respond to changes in enzyme activities or gene expression. 
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Systems modelling of intracellular biochemical processes can provide 

quantitative insight into a cell’s response to stimuli and perturbations (Lee et al, 2010; 

Kholodenko et al, 2012). Understanding the dynamic behavior of biological systems has 

been one of the challenges in the post-genomic era. Quantitative models describing the 

changes in the dynamic of metabolic network has been a valuable tool to understand 

complex biological systems properties and to guide experimentation (Kitano, 2007). In 

this context, ordinary differential equations have been used predominantly to simulate 

the dynamics of metabolic network (Bakker et al., 1999; Klipp et al., 2007) that require 

prior knowledge of the network structure and a large amount of experimental 

information, such as initial concentrations of metabolites and kinetic parameters. 

Mechanistic kinetic rate expressions have been the typical approach in metabolic 

networks modeling.  The advantages of using kinetic based ODE models in comparison 

to constraint based pathway models have been discussed (Rohwer et al, 2012). The 

metabolic networks of plants have been genetically engineered in the past to achieve a 

desired outcome (Sewalt et al., 1994; Ye et al., 2000; Kebeish et al., 2007; Aluru et al., 

2008). However, there has been instances where genetic modification of plants has 

resulted in unanticipated or little or no net change to the system (Lee et al, 2010). As an 

example, down-regulation of the enzymes involved in the terminal steps of the 

monolignol biosynthetic pathway did not result in a reduction of lignin content (Dwivedi 

et al., 1994;  Atanassova et al., 1995; Van Doorsselaere et al., 1995). Some genetic 

modifications of plants have resulted in unanticipated changes in cellular metabolite 

pools or have affected pathways that are not directly involved in the targeted network. 

These unexpected alterations sometimes lead to negative effects on plant growth and 



 

121 
 

development (Wu et al., 2006; Dauwe et al., 2007; Napier, 2007). In many cases, these 

problems are due to an incomplete understanding of network dynamics and control 

even though the general network structure may be known. Thus, the current challenge 

is to find ways to detect such changes in order to prevent or overcome these difficulties. 

One of the ways to make genetic engineering a powerful tool is through the use 

of predictive models that provide accurate description of metabolic networks kinetic 

equations (Daae et al., 1999; Libourel and Shachar-Hill, 2008). Mass action based 

kinetic models have been used to understand the dynamics and steady state behavior 

as well as regulatory control mechanisms (Pearcy et al., 1997; Wang et al, 2015). 

In this paper, we used the previously developed Predictive Kinetic Metabolic Flux 

(PKMF) model (Wang et al, 2014) that was modified to incorporate the protein 

interactions between Ptr4CL enzymes (Song et al, 2014 and Chen et al, 2014), to 

validate the experimentally determined S/G ratio from transgenic experiments 

(Sermsawat et al, 2015). In order to obtain a confidence interval for the predictions, we 

performed simulations on the PKMF model by randomly sampling the enzyme 

concentrations using the standard errors of the experimentally determined protein 

concentrations for all 21 enzymes involved in the monolignol biosynthesis pathway.  

 

Although the mechanistic model is an effective approach towards understanding 

the role of perturbations on the lignin composition and structure as well as quantifying 

the changes in the steady state flux distributions in the pathway, developing a detailed 

model for every biological process is tedious and time consuming. Alternatively, if the 
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only goal of the model is to predict the changes in lignin structure as a result of 

perturbations, researchers can employ statistical learning techniques to carry out that 

goal. In this paper, we also developed an artificial neural network model to predict the 

changes in S/G ratio as a function of protein concentrations of all the enzymes involved 

in the monolignol biosynthesis. Artificial Neural Networks (ANN) are one of the most 

popular statistical learning tools due to their ability to learn/approximate complex, 

nonlinear behavior of relatively poorly understood processes without any prior 

knowledge of the relationship between the inputs and outputs (Richardson et al., 2002). 

The reliability of using neural networks in practice has been affirmed in many different 

applications ranging from pattern recognition (Basu et al, 2010), in chromatographic 

spectra (Jalali-Heravi et al, 2009; Cartwright, 2009), and expression profiles (Urda et al, 

2010; Lancashire et al, 2010), to functional analyses of genomic and proteomic 

sequences (Choe et al, 2010) to QSAR models (Devilliers, 1996; Agrafiotis et al, 2002). 

 

5.2 Methodology: 

 

In this paper, we used a previously developed kinetic model whose parameters 

were determined experimentally (Wang et al, 2014) and the metabolic fluxes for the 

pathways involved in the enzyme complex were incorporated into the PKMF model 

(Song et al, 2014). In order to compare the experimentally obtained S/G ratio to the 

simulated results, we used the protein concentrations obtained from transgenic 

experiments as input to the PKMF model and the corresponding S/G ratio from the 

transgenic experiments were compared to the output from the PKMF model. We 



 

123 
 

assumed that the measured protein concentrations was subjected to Gaussian noise 

with the mean corresponding to the average of the replicates and the standard errors 

(S.E) as the standard deviation for the measured data. The input flux to the pathway 

model was calculated based on the WT S/G ratio for each batch of transgenic data. The 

initial concentrations of the metabolites along with the input flux for each batch is shown 

in the Table 5.S.1. The protein concentration for each enzyme was then sampled from 

the Gaussian distribution, which was then input to the model.  The PKMF model was 

simulated to steady state and repeated for a 1000 different sampled protein 

concentration data. A box and whiskers plot was used to plot the S/G distributions 

predicted by the PKMF model for each construct.     

 

The steady state concentrations of all the metabolites in the pathway were 

computed by solving the set of ODE equations using the MATLAB ode15s function. The 

computation of steady state metabolite concentrations using ODEs requires the 

specification of initial metabolite concentrations, which is usually unknown in plant 

biosynthetic pathways. To overcome this, we employed a Monte Carlo sampling 

procedure to sample the initial concentrations from a pre-specified range and then 

simulated the ODE to steady state under WT enzyme concentrations. The procedure 

was repeated for 10000 different initial concentrations such that we have a large 

enough sample to draw conclusions about the nature of steady states. The steady state 

metabolite concentrations were then used as initial concentrations to compute the 

steady state metabolite concentrations for the pathway when subjected to enzymatic 

perturbation. The outline of the modeling approach is shown in Figure 5.1. For step 1 
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shown in Figure 5.1a, the initial concentration of the metabolites were sampled from a 

range of 0-10km using Latin Hypercube Sampling (LHS) (Mckay et al, 1979 ; Iman et al, 

1980). The parameter km is the Michaelis-Menten constant for each enzyme substrate 

combination. The km values are listed in Wang et al (2014). The ODE model was then 

simulated to steady state using the initial metabolite concentrations, kinetic parameters 

and WT enzyme concentrations. The above procedure was repeated for 10000 different 

sets of initial concentrations. The mode of the resulting steady state metabolite 

concentrations were then used as an initial concentration for the second step of the 

simulation, which is shown in Figure 5.1b. In the second step, the model is simulated for 

different enzyme concentrations resulting from targeting a particular gene involved in 

monolignol biosynthesis. The enzyme concentrations were sampled from a Gaussian 

distribution, with an experimentally determined mean and standard deviation. The input 

flux is fixed such that the resulting S/G ratio for WT enzyme concentrations match the 

experimentally determined WT S/G ratio for each transgenic batch. The model is 

simulated to steady state for different enzyme concentrations and the resulting S/G 

distribution is then plotted as a box and whiskers plot. 
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Figure 5.1: (a) An outline of the methodology used to assess the effect of uncertainty in 
initial metabolic concentrations on the steady state metabolic concentrations. (b) The 
simulation procedure used to obtain the distributions of S/G values for different 
transgenic experiments.  

5.2.1 Data: 
 

 The protein concentrations and the corresponding lignin composition data was 

obtained from transgenic experiments. Each construct in the transgenic experiment 

corresponds to a perturbation of a single or group of enzymes involved in the 

monolignol biosynthesis. The transgenic experiments were split into 4 different batches. 

For a more detailed description of the transgenic data and constructs, the reader is 

referred to Wang et al (2015). The constructs for each batch of the transgenic 

experiments along with the experimentally measured S/G ratio are shown in the Tables 

5.1, 5.2 and 5.3. Although, the experimental data was measured for five batches, we 

compared results from batch1, batch 2, batch 4, and batch 5 transgenics with the PKMF 

model. We did not perform simulations on batch 3 data primarily because batch 3 data 

consisted of only CAD1 and CAD2 transgenics. Because WT concentration of CAD2 
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was very low, the S/G values predicted by the PKMF model resulting from the 

perturbation of CAD2 enzymes did not show any variation with respect to the WT S/G 

levels. 

Table 5.1: The description of constructs in batch 1 and batch 2 along with the 
corresponding S: G ratio determined experimentally. 

Tree ID Targets S:G 

a1-1-1 pal1 2.04 

a1-8-1 pal1 1.86 

a2-1-1 pal3 2.08 

a2-3-1 pal3 2.18 

i7-10-1 pal2,pal4,pal5 2.29 

i7-2-1 pal2,pal4,pal5 2.44 

i7-6-1 pal2,pal4,pal5 2.09 

i7-8-1 pal2,pal4,pal5 2.17 

o67-3-1 oCAD2 2.14 

o67-9-1 oCAD2 2.17 

NSF1_WT-1 WT 1.97 

a3-3-1 pal4 2.38 

a3-4-1 pal4 2.38 

a4-3-1 pal5 3.08 

a5-6-1 pal2 2.32 

i6-5-1 pal1,pal3 2.22 

i6-9-1 pal1,pal3 2.46 

i8-1-1 pal1,pal2,pal3,pal4,pal5 2.59 

i8-10-1 pal1,pal2,pal3,pal4,pal5 2.40 

NSF2_WT-1 WT 2.33 
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Table 5.2: The description of constructs in batch 4 and batch 5 along with the 
corresponding S: G ratio determined experimentally 

Tree ID Targets S:G 

a10-8-1 c4h1 1.98 

a9-2-1 c4h2 2.21 

a9-6-1 c4h2 1.96 

i26-4-1 ccr2 1.43 

i26-9-1 ccr2 1.77 

NSF4_WT-1 WT 1.81 

a17-1-1 hct1 2.18 

a17-10-1 hct1 2.25 

a17-4-1 hct1 2.09 

a17-9-1 hct1 2.18 

a18-11-1 hct6 2.20 

a18-4-1 hct6 1.99 

a18-5-1 hct6 2.08 

a18-9-1 hct6 1.99 

a22-10-1 ccoaomt1 2.65 

a22-17-1 ccoaomt1 2.21 

a27-M-1 cald5h1 0.65 

a28-H-1 cald5h2 2.14 

a28-L-1 cald5h2 0.71 

i19-15-1 hct1,hct6 2.26 

i19-4-1 hct1,hct6 2.49 

i19-7-1 hct1,hct6 1.99 

i29-H-1 cald5h1,cald5h2 1.18 

i29-L-1 cald5h1,cald5h2 0.24 

i29-M-1 cald5h1,cald5h2 0.12 

NSF5_WT-1 WT 2.44 
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Table 5.3: The description of constructs in batch 3 along with the corresponding S: G 
ratio determined experimentally. 

Tree ID Target  S:G 

i20-10-1 c3h3 3.73 

i20-2-1 c3h3 2.27 

i20-5-1 c3h3 9.93 

i33-10-1 cad1 2.26 

i33-2-1 cad1 2.59 

i33-5-1 cad1 2.45 

i34-2-1 cad2 2.09 

i34-6-1 cad2 2.38 

i34-8-1 cad2 1.86 

i35-1-1 cad1,cad2 2.00 

i35-7-1 cad1,cad2 3.02 

i69-10-1 c3H3,c4h1,c4h2 2.55 

i69-13-1 c3H3,c4h1,c4h2 3.06 

i69-4-1 c3H3,c4h1,c4h2 2.77 

o65-11-1 cad1,oCAD2 2.30 

o65-16-1 cad1,oCAD2 1.90 

o65-7-1 cad1,oCAD2 2.49 

o66-21-1 cad1,oCAD2 2.15 

o66-7-1 cad1,oCAD2 1.98 

NSF3_WT WT 2.56 

 

5.2.2 Artificial Neural Network (ANN): 
 

ANN models have been widely used in quantifying nonlinear relationship 

between the dependent and independent variables. One of the advantages of ANN is 

that it does not require prior information about the functional form of the relationship 

between the dependent and independent variables.  In its simplest form, ANN is 

composed of 3 layers namely the input, hidden and the output layer. The most 

commonly used architecture for ANN is the multilayered neural network with 

backpropagation. The backpropagation training is composed of three steps: (i) Input is 
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passed into the input layer and passed through the hidden layer and realized through 

the output layer (ii) the difference between the output and the target is back-propagated 

through the network and finally (iii) the weights are adjusted using optimization such that 

the error is minimized. The number of neurons in the hidden layers are identified such 

that the training and testing errors are minimized. A neural network with more than 

optimum nodes results in overfitting and hence lacks generalization of patterns 

observed in the data (Hussain et al., 1992).   

 

The data to the input layer of the ANN is normalized and then passed from input 

layer through the hidden layer and then to the network output layer (Hussain et al., 

2002). The data from the input layer is assigned a random weight and then combined 

with the other inputs in the hidden layer. The output from the hidden layer undergoes a 

similar linear weighted transformation process. Each neuron can be viewed as a 

transfer function that converts an input into a sigmoidal output. The output from a 

neuron is again transformed using an appropriate transfer function (Razavi et al., 2003).  

 

 In this study, we used ANN to estimate the changes in S/G ratio and total lignin 

content (S+G) as a function of protein concentrations. The network was trained using 

experimentally determined S/G ratios and (S+G) values from transgenic experiments. 

The network consists of an input layer with 21 neurons, hidden layers and an output 

layer. Inputs for the network are the 21 enzyme concentrations, while the output is the 

S/G ratio and (S+G) values. The structure of the proposed ANN is shown in Figure 5.2. 
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Figure 5.2: The architecture of the ANN used for the prediction of lignin composition 
consisting of twenty one inputs, one hidden layer with five neurons and one output. 
 

The artificial neural network was built using the Neural Network Toolbox, 

MATLAB® Release 14 (The Mathworks, Natick, MA). Transfer function between the 

input and the hidden layer was ‘tansig’ (Vogl et al, 1988) and the one between the 

hidden layer and the output layer was ‘logsig’. Training of the network was performed 

with the function ‘trainlm’ (Hagan and Menhaj, 1994), which updates weight and bias 

values according to Levenberg–Marquardt optimization (Marquardt, 1963). The 

parameters of the neural network were obtained using training data such that  the mean 

square error (MSE) between targets and outputs was minimum (Basri et al, 2007; 

Izadifar et al, 2007; Wang et al, 2008). 
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The number of neurons in hidden layer, were determined using an iterative 

procedure, in which the number of hidden layers was varied from 1 to 25. The mean 

square error (MSE) was used as the error function, the number of neurons resulting in 

the minimum MSE was chosen as an optimum. The ANN model was trained using the 

experimental data, which was split into training (70%) and testing (30%) sets. Due to the 

limited amount of data, we used a 10 fold cross-validation of training data. The data set 

as divided into 10 equal subsets and for each run, one of the 10 subsets is used as the 

test set and the other 9 subsets were used as training sets The advantage of cross 

validation is that it reduces the generalization effect of the model, hence resulting in an 

unbiased model, which performs well both on training and testing data and avoids over-

fitting (Cawley and Talbot, 2010). The training data was used to compute the network 

parameters. The testing data was used to assess the predictive ability of the generated 

model. 

 

5.3 Results: 

5.3.1 A Kinetic Model to Predict Lignin Composition 
 

The predictive capabilities of the PKMF model was evaluated by comparing the 

simulated and experimental data. The comparisons were made batch wise for four 

batches. Because the protein concentration measurements were subjected to 

experimental errors, we incorporated those errors into our simulations as outlined in the 

methods section.  
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The batch 1 and 2 transgenics primarily involve downregulation of PAL genes 

either individually or a combination of more than one PAL gene. The description of the 

constructs in batch 1 and 2 is shown in the Table supplemental table 5.S.1. The S/G 

variation for the PKMF model, along with the corresponding experimental values for 

different constructs are shown in Figure 5.3. In Figure 5.3, the PKMF model was able to 

capture the increase and decrease in S/G values compared to the WT for different 

constructs.  The variations of S/G ratio in batch shows that majority of the S/G values are 

around WT levels. The PKMF model predicted mean S/G values distributed around the 

WT levels, with some extreme values/outliers, which may be due to the low 

concentrations of other enzymes involved in the pathway as a result of PAL 

downregulation.  
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Figure 5.3: Comparison of the predicted S/G ratios shown in box plots to the 
experimentally measured S/G ratio shown as red dot for batch 1 and batch 2 transgenics.  
 

The distributions of S/G values predicted by PKMF model are in close agreement 

with the experimentally determined S/G values. The model was able to capture the 

changes in S/G ratio resulting from the enzymatic perturbations for different constructs. 

The transgenic S/G values determined experimentally are distributed around the WT 

levels as expected because lignin biosynthetic pathway is robust to changes in levels of 

PAL enzymes as seen in Wang et al (2014).  

 

The changes in the S/G levels resulting from the transgenics in batch 4 is shown 

in Figure 5.4. Batch 4 transgenics primarily consist of C4H1 (a10), C4H2 (a9) and 



 

134 
 

CCR2 (i29) as targets. The S/G values predicted by the PKMF model shows a large 

variation for some of the transgenic constructs involving perturbations of C4H1, C4H2 

and CCR2. Downregulation of C4H1, C4H2 and CCR2 are known to increase the S/G 

values with respect to the WT levels (Wang et al, 2014). The increase in S/G ratio is 

due to re-routing a majority of the metabolic flux through sinapyl alcohol pathway.  At 

low levels of C4H1 and C4H2, the S/G ratio increases with respect to the WT levels, 

similarly low levels of CCR2 results in an increase in S/G ratio. The range of predicted 

S/G distribution contains the experimentally measured S/G ratio and in most cases, they 

lie within the 1st and 3rd quantile of the box plots.  

 

Figure 5.4: Comparison of the predicted S/G ratios shown in box plots to the 
experimentally measured S/G ratio shown as red dot for batch 4 transgenics.  
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The final transgenic batch consists of HCT1 (a17), HCT6 (a18), CCoAOMT1 

(a22), Cald5H1 (a27), CAld5H2 (a28), HCT1 and HCT6 (i19), CAld5H1 and CAld5H2 

(i29) as targets. The transgenic constructs for batch 5 is shown in Table 5.S.2.  The S/G 

predictions from the PKMF model along with the experimental results in Figure 5.5 show 

that the S/G values vary from 0.3 to 2.5 depending on the targets. The PKMF model is 

able to predict the S/G values, which is in agreement with the experimental values. The 

S/G ratio increases when PtrHCT1 and PtrHCT6 enzyme concentrations are down 

regulated while a decrease in S/G ratio is observed when concentrations of PtrCAld5H1 

and PtrCAld5H2 concentrations are down regulated.  

 

Figure 5.5: Comparison of the predicted S/G ratios shown in box plots to the 
experimentally measured S/G ratio shown as red dot for batch 5 transgenics.  
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A comparison of the experimentally measured S/G values and the mean S/G 

values predicted by the PKMF model is shown in Figure 5.6. In Figure 5.6, the PKMF 

model is able to predict 73% (R2) of the variation in the experimentally measured S/G 

values. The slope of the resulting regression line is 1 suggesting that the model 

predictions are in close agreement with the experimental data. 

 

 

 

Figure 5.6: The scatter plots of PKMF predicted S/G ratio versus actual S/G ratio for 
training dataset, blue line is the regression line. The distance of each data from the blue 
line corresponds to its deviation from the related experimental value.  
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5.3.2 An Artificial Neural Network for prediction of lignin composition: 
 

In the previous section, the results of the PKMF model were compared to the 

experimentally determined S/G ratios. The PKMF model was able to predict the 

changes in S/G ratios due to the changes in the underlying protein concentrations of the 

enzymes involved in the monolignol biosynthetic pathway.  Although the mass action 

model provides an accurate description of the dynamics and control mechanisms of the 

pathway (including metabolite concentration, reaction flux, and protein concentrations), 

developing a kinetic model, requires the experimental determination of all inhibition and 

activation parameters.  

 

If the only goal of this network model is to solely predict the changes in S/G ratio 

or the total lignin content (S+G) induced by changes in the protein concentrations, then 

one can use ANN or some other statistical learning technique to make these 

predictions.  The input to the ANN model is the 21 protein concentrations of enzymes 

belonging to 10 different families while the output of the model is the S/G ratio and the 

(S+G) values.  The same procedure was repeated to predict the variation in (S+G) as a 

function of protein concentrations. 

 

Figure 5.7 illustrates the performance of the ANN network for testing data versus 

the number of neurons in the hidden layer using LM algorithm. The number of neurons 

in the hidden layer were changed from 1 to 25 and for each Neural Network 

architecture, the MSE between the experiment and model were compared. A network 

with 9 hidden neurons for the S/G model and 14 hidden neuron for the (S+G) model 
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resulted in the minimum MSE for the training and testing data, when LM algorithm was 

employed.  

 

The performance of the ANN model on the training data is shown in Figure 5.8. 

In Figure 5.8 (a), the resulting R2 value for the ANN model on the training data was 0.9, 

suggesting that the ANN model is able to account for a majority of the variations in the 

training data. The majority of the S/G ratio are spread around the WT level which is 

about 2:1. The predictive power of the ANN model can be further explored when using 

the model on the testing data, the plot of the variation of measured S/G data and the 

S/G values predicted by ANN using the testing data is shown in Figure 5.8 (a). Results 

in Figure 5.8 (a) show that the ANN model was able to accurately predict 80% of the 

variation in the S/G ratio on the testing data.  Similarly the performance of the ANN 

model developed to predict the (S+G) values on the training and testing data is shown 

in Figure 5.8 (b). The resulting R2 value for the model on the training data was 0.88, 

suggesting that the model was able to explain majority of the variation in the total lignin 

content. When the model was input with the testing data, the model was able to predict 

74% of the variation of (S+G) values.   
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Figure 5.7: Network performance under different number of nodes in the hidden layer. 
(a) The variation of Mean Squared Error (MSE) as a function number of nodes in the 
hidden layer for the ANN to predict the total lignin content (S+G). (b) The variation of 
Mean Squared Error (MSE) as a function number of nodes in the hidden layer for the 
ANN to predict the lignin composition (S/G) 
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Figure 5.8: (a) The scatter plots of ANN predicted S/G ratio versus actual S/G ratio or 
testing dataset plotted along with the training dataset, blue line is the regression line for 
the training dataset and orange line is the regression line for the testing dataset. The 
distance of each data from the orange line corresponds to its deviation from the related 
experimental value. (b) The scatter plots of ANN predicted S+G values versus actual 
S+G values.  
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Figure 5.9: A cumulative distribution plot showing the probability of measured S/G 
ratios. 

The discrepancy between the predicted and measured S/G values for  lower S/G 

values is primarily caused by the majority of S/G values measured experimentally are 

around 2 or greater and hence the ANN model was presented with such values in the 

training data. The cumulative distribution plot for the experimentally measured S/G 

values are shown in the Figure 5.9. Results in Figure 5.9 show that 70% of the S/G 

values lie between 2 to 2.5, hence the training data provided to the ANN would contain 

more of those values compared to other transgenic results.  Similarly for the ANN model 

developed to predict the S+G values, about 80% of the values lie between 17 and 25, 

whereas from the Figure 5.8b majority of the discrepancies between the predicted and 

measured values are for S+G values below 15. Although, ANN is a black box model in 
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terms of the variable transformation, the role of the inputs on the output of the ANN can 

be assessed by the weights associated with each input. An input with a larger input 

suggests that that particular input is important in explaining the variation in the output 

function as compared to an input with a smaller weight. The weights associated with 

each of the inputs in the ANN model used to predict the S/G ratio and (S+G) values are 

shown in the Table 5.4. As seen in the table, based on the weights associated with each 

of the protein concentrations for the ANN model used to predict the S/G ratio, the S/G 

ratio is most negatively affected by the variation in concentration of C4H2 and positively 

affected by the variation of CAld5H1. Similarly, the variation in the total lignin content is 

negatively affected by the variation in the CCoAOMT3 concentration and positively 

affected by the changes in the C3H3 concentration. These results are mostly consistent 

with the findings from chapter 4, where most of the variation in S/G ratio are brought 

about by the perturbations of C3H3, C4H1. C4H2, CAld5H1 and CAld5H2 proteins. 

However perturbation of PKMF model suggests that the decrease in composition of 

PAL, 4CL and HCT enzymes should result in an increase in the S/G ratio. The 

discrepancies between model is primarily because the ANN model is a purely data 

driven model with a limited amount of transgenic data and does not take into 

consideration the various inhibition and activation kinetics. A similar argument can be 

made for the ANN model  to predict the total lignin content, where the total lignin content 

in most positively affected by C3H3 concentration followed by C4H2, HCT6 and 4CL3 

which is in agreement with the PKMF model.   
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Table 5.4:  The weights associated with the inputs to the ANN model to predict the 
variation in the lignin composition (S/G) and the structure (S+G). The protein 
concentrations are arranged in ascending order based on the weights.  

                       S:G               (S+G)  

Protein Weight Protein Weight 

pC4H2 -0.82 pCCoAOMT3 -0.46 

pCCoAOMT2 -0.65 pPAL1 -0.26 

pCAD1 -0.45 pCOMT2 -0.26 

pC3H3 -0.42 pHCT1 -0.21 

pPAL3 -0.39 pCCR2 -0.19 

pHCT1 -0.28 pCAld5H1 -0.11 

pCAD2 -0.21 pCCoAOMT1 0.00 

pCCoAOMT3 -0.20 pCAld5H2 0.08 

p4CL5 -0.19 p4CL5 0.14 

pPAL4|5 -0.15 pCCoAOMT2 0.15 

pPAL1 -0.05 pPAL2 0.15 

pC4H1 -0.05 pCAD2 0.20 

pPAL2 -0.02 pC4H1 0.21 

pCAld5H2 0.13 pCAD1 0.24 

pCCoAOMT1 0.16 pPAL3 0.28 

pHCT6 0.21 pPAL4|5 0.32 

pCOMT2 0.22 p4CL3 0.37 

p4CL3 0.32 pHCT6 0.40 

pCCR2 0.44 pC4H2 0.42 

pCAld5H1 0.46 pC3H3 1.00 

5.4 Discussion: 

 The PKMF model was able to capture the majority of the variation in the S/G ratios 

for different batches as shown in the Figure 5.6. In some cases, however, the mean S/G 

value predicted by the PKMF model for certain constructs deviated from the 

experimentally determined S/G values. The cause for the discrepancies can be analyzed 

with the help of scatter plots of the enzyme concentration variations from the WT for the 

specific construct. Figure 5.10 displays the variation of enzyme concentrations relative to 

their WT levels for the overexpression of CAD2 construct (O67-9-1) in batch 1.  
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Figure 5.10: Variation of protein concentrations of all the enzymes involved in monolignol 
biosynthesis as a result of overexpressing PtrCAD2 (O67-9-1). The blue dash line 
represents the WT level.  
 

In Figure 5.10, the majority of the enzyme concentrations involved in the 

monolignol biosynthetic pathway were reduced relative to their WT levels during the 

overexpression of PtrCAD2. Previous results from the analysis of PKMF model (Wang et 

al, 2014 and Naik et al, 2016(Chapter 3)) have shown that the reduction in the majority of 

the enzyme concentrations involved in the monolignol biosynthesis resulted in an 

increase in S/G ratio with the exception of PtrCAld5H and PtrCOMT2.  

 

Similarly for the case of batch 2, the S/G mean predictions from the PKMF model 

for the construct i8-1-1 (Figure 5.3), which corresponds to the downregulation of PAL1, 

PAL2, PAL3, PAL4 and PAL5 are higher when compared to the experimentally 

determined S/G values. The variation in enzyme concentrations relative to WT levels are 

shown in Figure 5.11. In Figure 5.11, the majority of the proteins concentrations are below 
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the WT levels with the exception of PtrCAld5H1, PtrCCoAOMT3 and PtrHCT1. Because 

the downregulation of PtrPALs results in a significant increase in S/G ratio (Wang et al, 

2014), the resulting steady state S/G ratio distribution from the PKMF model are higher 

as compared to the WT levels.   

  

Figure 5.11: Variation of protein concentrations of all the enzymes involved in monolignol 
biosynthesis as a result of downregulation of PtrPAL enzymes. The blue dash line 
represents the WT level. 
 

For the batch 5 transgenics, the PKMF predicted S/G values followed the same 

trend as the experimentally determined S/G values. The PKMF model results for two 

constructs (a28-H-1 and i29-L-1), however, deviated from the experimental results.  For 

the case of construct a28-H-1, which corresponds to the downregulation of PtrCAld5Hs, 

the experimental S/G value was 2.14, which was over three times the PKMF model 

predicted mean S/G of 0.57. The cause for the deviation can be assessed with the help 

of Figure 5.12. As seen in Figure 5.12, the downregulation of PtrCAld5H1 results in an 

overall decrease in the levels of PtrCAld5H1 by 100% and PtrCAldH2 by 50%. Because 
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downregulation of PtrCAld5H results in a decrease in the lignin content as well as S/G 

ratio, the PKMF model predicts a low S/G value compared to the WT. Similarly for the 

construct i29-L-1, which corresponds to downregulation of both PtrCAld5H1 and 

PtrCAld5H2, the predicted S/G value is different from the experimental S/G value.  

 

 

Figure 5.12: Variation of protein concentrations of all the enzymes involved in monolignol 
biosynthesis as a result of downregulating PtrCAld5H2 and PtrCAld5H 1 and CAld5H2. 
The blue line represents the WT level. 
 

The discrepancies in some of the predicted S/G values may be attributed to the 

simplifying assumptions made while developing the model. One of the most important 

assumptions we made was the measured S/G ratios correspond to the steady state 

concentrations of sinapyl alcohol and coniferyl alcohol. Another assumption was that 

because the mechanism of polymerization of monolignols to lignin is unclear, we 

assumed that there is a 1:1 relationship between the steady state flux of formation of S 

and G monolignols to their polymerized products. The PKMF model does not 
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incorporate any information about transcription and assumes that only Ptr4CL forms a 

multi-protein complex. Studies on lignin biosynthesis formation in P. trichocharpa has 

revealed that other multi enzyme complex exists such as between PtrHCT1 and 

PtrHCT6 (Lin et al, 2015) and between PtrC3H and PtrC4H (Chen et al, 2012). In 

addition, the PKMF model does not incorporate feedback mechanism between the 

metabolites and the transcription factors, which are known to regulate the levels of 

metabolites involved in the monolignol biosynthesis pathway (Tamagnone et al, 1998). 

Future models that include these additional characteristics will need to be evaluated to 

determine if they explain the discrepancies noted in the current study.   

 

5.5 Conclusions: 

 

In this paper, we utilized experimentally measured S/G ratio data to validate a 

previously developed PKMF model. The PKMF model was able to capture the majority 

of the experimental S/G ratios as a result of changes in enzyme concentrations. A linear 

fit of the PKMF model S/G values against the observed S/G values revealed a slope of 

1 and the R2 value of 0.7 indicating that the model predictions are in close agreement 

with the observed data. For a few transgenic constructs, the S/G values predicted by 

the PKMF value were distributed over a wide range of ratios. The wide variation in S/G 

ratio was primarily caused by low concentrations of Ptr4CL and PtrHCT enzymes. For 

constructs involving downregulation of enzymes belonging to PtrCAld5H family, the 

PKMF model underestimated the S/G ratio compared to the measured S/G ratio. This 

particular model discrepancy was primarily due to the inhibition of PtrCAld5H enzymes, 
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which results in the accumulation of aldehydes and alcohols that in turn are 

incorporated into the lignin structure. The PKMF model assumes a 1:1 relationship 

between the rate of formation of lignin polymer and monolignol concentrations. Overall, 

the PKMF model was able to predict a majority of the variations in the S/G ratios. The 

model would serve as a valuable tool to predict changes in lignin composition due to 

changes in the protein concentrations. The model can then be used to engineer lignin 

content and composition in plants for its use in pulp and paper and biofuels. We also 

developed an ANN model to predict the S/G ratio and the total lignin content as a 

function of protein concentrations. The model was able predict 84% of the variation in 

the S/G ratios and 77% of the variation in the total lignin content. Although such models 

are advantageous in predicting the changes in S/G ratios and total lignin content as a 

function of changes in protein concentrations, the model does not explain the changes 

in steady state flux distribution or the changes in the metabolite concentrations.  The 

ANN model is still a potential tool for researchers in predicting the different S/G ratios 

and total lignin content resulting from transgenic perturbations and does not rely on the 

information regarding the reaction rate or enzyme kinetics. 
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CHAPTER VI 

A JOINT REGULATORY METABOLIC MODEL FOR UNDERSTANDING 
MONOLIGNOL BIOSYNTHESIS IN POPULUS TRICHOCARPA 

 
 
Abstract: 

Lignin is an important component of wood and supports the structure of the secondary 
cell wall by forming covalent and non-covalent bonds to cellulose and hemicelluloses. 
Lignin is a complex phenylpropanoid polymer, which is not degraded by chemical, 
physical or biological means. The binding to cellulose and hemicellulose makes lignin 
difficult to extract and hinders the utilization of biomass from the plant. The transcription 
factors that control regulation of monolignol biosynthesis are key to understand and 
manipulate the monolignol biosynthesis genes that are important for the modification of 
the secondary cell walls. Gene regulation and metabolic reactions are two primary 
activities that regulate the biosynthesis process. Although significant prior research has 
been dedicated to study each system, the coupling between gene regulation and 
metabolism is less well understood. To overcome this knowledge gap, we developed a 
joint model that incorporates gene regulation and metabolic reactions. We integrated 
regulatory and metabolic networks using the Hill equation to quantify pairwise interactions 
between Transcription Factors (TFs), transcripts, and proteins concentrations. The 
interactions between TFs and transcripts were obtained from analyzing the RNA-Seq 
data. The transcription factors that control regulation of monolignol biosynthesis are key 
to manipulating the monolignol biosynthesis gene expressions that modify secondary cell 
wall structures. We quantified the effect of downregulating the TFs on the lignin 
composition using a previously developed mass action kinetics model. The results 
suggest that the MYB221 TFs play a significant role in the regulation of the lignin 
biosynthesis as well the composition and structure. 
 

6.1 Introduction: 

 

High throughput post genomic technologies such as microarray and proteomics 

analyses have provided powerful tools to study gene expression and regulation (Horak 

and Snyder 2002; Smith et al. 2002). In order to build a predictive model of complex 

biological systems, all aspects of the systems need to be quantified or understood. Gene 

expression is achieved through a multi-step process involving transcription, translation, 

and protein synthesis.  Understanding a biochemical pathway requires the knowledge of 
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quantitative relationships between genes, transcripts, proteins, and metabolites. Previous 

studies based on the analyses of gene expression data have shown that the correlation 

between mRNA and protein abundance was typically moderate (Futcher et al., 1999; Gygi 

et al., 1999; Ideker et al., 2001; Greenbaum et al., 2003; Washburn et al., 2003). It has 

been proposed that the three primary reasons for the weak correlation between transcript 

abundance and protein expression levels are: (i) translational regulation, (ii) differences 

in in vivo half-lives of proteins, and (iii) experimental error that includes the differences in 

experimental test conditions (Greenbaum et al., 2003; Beyer et al., 2004). The steady 

state concentration of protein depends on the post transcriptional, translational, and 

protein degradation (Schwanhäusser et al., 2011).   

 

 Lignin is an abundant polymer that is synthesized in the secondary cell walls of all 

vascular plants. It enables conduction of water through the stem, mechanical strength 

and protects against pathogens. In addition, lignin hinders the utilization of the cellulosic 

cell walls of plants in the production of pulp and paper and as forage. The removal of 

lignin for the above-mentioned uses typically requires chemical pretreatment (Chiang, 

2002 and Ragauskas et al., 2006). Lignin is a hydrophobic polymer that is formed from 

three hydroxycinnamyl alcohols, p-coumaryl, coniferyl and sinapyl alcohol (pCA, CA and 

SA, respectively), which differ in their methoxylation degree on the aromatic ring 

(Koutaniemi, 2007). They give rise to p-hydroxyphenyl (H), guaiacyl (G) and syringyl (S) 

units in lignin. Gymnosperm lignin is composed mainly of G units, whereas in angiosperm 

lignin, both G and S units predominate. H units are a minor component in both 

gymnosperms and angiosperms (Higuchi, 1997). Monolignols are biosynthesized through 
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the phenylpropanoid pathway. A total of 21 enzymes catalyze various reactants into 

products through a series of reactions (Figure 6.1). The first step in lignin biosynthesis is 

the deamination of phenylalanine to cinnamic acid by PtrPAL (Higuchi, 1997). The next 

step is the conversion of cinnamic acid to P-hydroxy cinnamic acid catalyzed by PtrC4H. 

P-hydroxy cinnamic acid is the last common precursor for all monolignols (Dixon et al., 

2006).  In P. trichocharpa, there are two PtrC4H present, PtrC4H1 and PtrC4H2, 

respectively (Lu et al., 2006).  The next step is the formation of CoA esters from hydroxy 

cinnamic acid, caffeic acid, ferulic acid, 5-hydroxy ferulic acid and sinapic acid in the 

presence of Ptr4CL (Ptr4CL3 and Ptr4CL5). PtrHCT catalyzes the conversion of P-

Coumaryl CoA to shikimic acid. The C3H protein converts P-coumaryl shikimic acid to 

caffeoyl shikimic acid. In the next set of reactions, CCoAOMT catalyzes the methylation 

of caffeoyl CoA to feruloyl CoA, eventually leading to the biosynthesis of coniferyl alcohol 

and sinapyl alcohol, through the reduction of the CoA derivatives to the corresponding 

aldehydes and alcohols. 

 

Cell wall formation is regulated primarily by two main group of transcription factors. 

The first group is the Mining Yeast Binding site (MYB) transcription factors. MYB protein 

is a direct target of a NAC transcription factor controlling regulation of secondary cell wall 

biosynthesis (Nakano et al., 2010). The second group is the LIM group, which is a 

transcription factor that consists of two LIM domains in its protein (Arnaud et al., 2007). 

LIM1 regulates the monolignol biosynthesis in tobacco (Kawaoka et al., 2001). LIM1 

downregulation in eucalyptus results in the reduction in expression levels of PAL, C4H, 

and 4CL (Kawaoka et al., 2006). In P. trichocarpa, however, the monolignol biosynthesis 
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pathway is regulated by 12 LIM transcription factors (Arnaud et al.,2012). In differentiating 

xylem from tension wood and normal differentiating xylem tissue, the levels of LIM 

transcription factors are highly expressed (Arnaud et al., 2012). The MYB transcription 

factor family is characterized by three domains, a DNA binding domain, DNA activation 

domain, and a repression domain.  In Arabidopsis, downregulation of MYB4 results in 

overexpression of C4H and decreased expression levels in CCoAOMT (Jin et al., 2000). 

Overexpression of MYB4 results in an increased expression of CCoAOMT and reduction 

in levels of 4CL and C4H. In P. trichocarpa, MYB156 and MYB221 are homologs of 

MYB4. In Arabidopsis, it has been reported that MYB52 controls the biosynthesis of the 

secondary cell wall (Zhong et al., 2008). Similarly MYB90 and MYB167 are homologs of 

MYB52. Studies on tobacco has shown that the upregulation of MYB transcription factors 

result in a decrease in the total lignin content (Tamagnone et al, 1998).   

 

Clearly there are a number of studies that have shown different phenotypic 

responses to changes in MYB and LIM transcription factor groups. Yet no study has used 

modeling to uncover why these responses occur from analyzing the regulatory pathway 

in isolation. This study sets out to use a combine regulatory-metabolic pathway model 

that seeks to trace the regulation of the lignin biosynthesis pathway from TF to overall 

lignin content and structure. The model will help elucidate how enzyme protein 

concentrations, metabolite concentrations, and metabolite pathway fluxes change to 

produce specific phenotypes 
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Figure 6.1: The monolignol biosynthetic pathway showing the various reactions and the 
enzymes that catalyze the reactions. The circled number indicates the reaction flux of 
individual reactions. 
 
6.2 Materials and Methods: 

6.2.1 Modeling Approach for Gene Regulatory Network: 

 

 The protein concentrations of Transcription Factors (TF), Transcript Abundance 

(TA) and absolute protein quantity (p) were estimated from RNA-Seq analysis 

(Sermsawat et al, 2015). A curve fitting procedure was performed to obtain a 

mathematical description of the relationship between the TF - transcript abundance and 

Transcript abundance-protein quantity. We used a Hill equation and non-linear regression 
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to fit the experimental data. The advantage of using the Hill equation is in its simplicity in 

biochemical modeling when the kinetic parameters are not readily available.  

6.2.2 Parameter Estimation: 

 

 The parameters of the Hill equation were estimated using the experimental data 

available from RNA-Seq experiments, by performing an optimization procedure. The goal 

of the optimization problem was to minimize the objective function MSE (Mean Squared 

Error) shown in Eq. 6.1, where K is a vector of 3 parameters that will be estimated and n, 

is the number of data points.  Because the objective function is highly non-linear; we used 

a hybrid optimization method to minimize the objective function. The hybrid method uses 

a gradient-based approach in conjunction with a heuristic based method (Ebessen et al., 

2007). We used Fmincon (Mathworks. Optimization Toolbox, Version 3, User’s Guide 

2007) for gradient based optimization and Particle Swarm Optimization (PSO) for 

heuristic optimization (Kennedy and Eberhart, 1995). The hybrid optimization procedure 

was repeated 100 times with random initial conditions over the range n = [0.01-5], pmax= 

[0.01-150], k = [0-100]. A 95% confidence interval for each parameter was also computed. 

    

2

exp model(y ( ))
min

k R

y K

n

 
  
 

     (6.1) 

6.2.3 Modeling Approach for Metabolic Network 

 

 The metabolic flux for all the reactions involved in the monolignol biosynthesis 

pathway were quantified using Michaelis Menten kinetics. The Michaelis Menten 
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activation and inhibition parameters were experimentally identified and obtained from 

Wang et al (2014). Utilizing the conservation of mass principle, the rate of change of 

metabolite concentrations was then expressed as a function of the reaction fluxes 

resulting in the production and consumption of individual metabolites. The resulting set 

of Ordinary Differential Equations (ODE) are solved to steady state using MATLAB®  

ode15s function. The steady state metabolite concentrations are then plugged back into 

the reaction flux equations and the resulting flux for the formation of S and G 

monolignols were calculated.   

6.2.4 Monte Carlo Simulation: 

 

 Because the overall goal of the predictive model is to assess the role of 

perturbing various TFs on the lignin composition, we performed a Monte Carlo 

simulation to quantify the effect of perturbing the TFs on the S/G ratio. The TF protein 

concentrations were varied from 0.5 – 1.5 times the WT concentration, which was 

obtained from the RNA-Seq data. We employed a Latin Hypercube Sampling (LHS) 

procedure to randomly sample from the distribution of the TF concentrations. The TF 

concentrations were assumed to be uniformly distributed. Using LHS procedure, 1000 

different concentrations of TFs were sampled and for each iteration, the model was 

simulated to steady state and the resulting flux of S and G monolignol formation was 

calculated. The input flux (V1) to the metabolic network was calculated such that, at WT 

TF levels, the S/G ratio corresponds to 2:1. 
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6.2.5 Gene Network Inference 

 

The levels of gene products that influence cellular function are controlled via 

Gene Regulatory Networks (GRNs). Several methods have been used to reconstruct 

GRNs in systems biology including: Differential Equations (Novak et al, 1995; Goss and 

Peccoud, 1998, Chen et al, 1999; Kyoda and Kitano et al 1999) Stochastic Petri Net 

(Goss and Peccoud, 1999), Boolean Network (Liang et al, 1999), regression method 

(Gardner et al, 2003), linear programming (Wang et al, 2006) and Bayesian Network 

(Friedman, 2000 and Marcbach et al, 2010). Each method has its own advantages and 

limitations and it has been shown that inferring GRNs from gene expression data is a 

Non deterministic Polynomial time (NP)-hard problem. As a consequence, there is still a 

great potential to improve the current approaches for the inference of GRNs (Marcbach 

et al, 2010). Inferring GRNs from gene expression data based on Bayesian Network 

models has been previously explored (Friedman et al, 2000 and Sprites et al, 2000). 

Structural learning of Bayesian networks is also an NP-hard problem. Hence, there 

exists many methods for structural learning. There are basically three methods for 

learning the structure of Bayesian networks from data; 1) constraint-based methods 

(Sprites et al, 2000; Pearl, 2000 and Zhang et al, 2012), 2) score and search methods 

(Imoto et al, 2002; De Campos, 2006 and Faulkner, 2007) and 3) Hybrid methods (Acid 

and De Campos, 2001 and Tsamardinos et al, 2006). The constraint-based methods 

uses Conditional Independent (CI) to determine the degree of dependency between 

random variables. The score and search methods identifies a set of candidate networks 

and returns the network with the highest –log likelihood score. The hybrid method is a 

combination of these two methods. In this study, we present a hybrid method, which is a 
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combination of Peter and Clarke (PC) -algorithm-based approaches such as a PC 

algorithm based on Conditional Mutual Information (PCA-CMI) (Zhang et al, 2012) and 

score and search method (Hill Climbing (HC) algorithm based on MIT (Mutual 

Information Tests) score (De Campos, 2006)).  

The PC algorithm tries to find the causal relationships between random variables 

in a network. It assumes a Bayesian causal network model and it makes use of valid 

statistical testing to produce a Directed Acyclic Graph (DAG) as output (Spirtes and 

Glymour, 1991). It is comprised of three steps. In the first step, it applies the conditional 

independent test to discover relationships between variables. In the other steps, it tries 

to orientate these relationships without creating cyclic structures. More information on 

the PC algorithm can be found in Harris and Drton (2013). The gene network inference 

was performed using the package pacalg in R. The following constraints were applied 

on the interactions (1) Edges can be present between TFs and Transcript Abundance 

(TA)’s but not the other way round. (2) Each TA edge exits only with its product (ex 

t4CL3 -> Ptr4CL3) (3) No feedback interactions between proteins and TFs and TAs 

were allowed.  

6.2.6 Discrete to Continuous Boolean Transformation:  
 

As described previously, the Boolean approach has been used significantly in 

recent years to build GRNs, based on the interactions between the various components 

within the network. Assuming that a fully connected network (gene or metabolic) has 

been developed, the first step is to define a discrete Boolean function for each 

interaction and then convert it into a continuous function using a Hill equation 
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approximation for each component in the network. Hill equation is a three-parameter 

equation based on a non-linear linear relationship between the variables.  The Hill 

equation for a single variable can be defined as  

      
max

n

n n

y x
y

x k



                                          (6.2) 

where,  ymax  is the maximum concentration of y, n is the measure of cooperativity 

between y and x, k is the association constant. The methodology is shown in a simple 

network in Figure 6.2 showing interaction of 3 genes A, B and C.  In Figure 6.2, gene C 

is activated by A and  B. The Boolean function for C in terms of A and B is shown in Eq. 

(6.3) and the discrete Boolean function can be then converted into a continuous function 

using a hill cube approximation (Wittman et al., 2008) shown in Equation (6.4). 

 

 

Figure 6.2: Depiction of a toy network that includes three genes A, B and C, with A and 
B influencing C 
 
 
 

Discrete Boolean Logic C = f(AB)     (6.3)  
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Continuous Function 

max

A B

A A B B

n n

n n n n

A B
C C

A k B k

   
    

    
         (6.4) 

The above approach was used to quantify every pairwise relationship between the TFs 

and TA’s as well as the relationship between TA and proteins. 

6.3 Results: 

 Although several of the TFs responsible for regulating the lignin biosynthesis 

have been identified (Zhong et al, 2009), their effect on lignin biosynthesis has not been 

quantified. Researchers have shown that tMYB002 and tMYB021 are MYB homologs in 

the P. trichocarpa genome (Li et al, 2012). The variation of tMYB021 as a function of 

tMYB002 is shown in Figure 6.3. In Figure 6.3, a strong nonlinear relationship is 

displayed between tMYB021 and tMYB002. As seen in the Figure, the levels of 

tMYB021 increases as the level of tMYB002 increases. Similarly the interactions 

between other TFs were quantified and the hill parameters associated with the pairwise 

interactions are shown in Table 6.S.1 
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Figure 6.3:  Variation of tMYB021 as a function of tMYB021. The red line shows the 
variation of tMYB021 predicted by Hill equation and the dots show the experimentally 
determined tMYB021 levels. 

 

 Using the hill equation, we were able to quantify the relationship between the 

absolute protein concentration and transcript abundance. The variation of some of the 

key proteins as a function of their respective transcript abundance will be discussed in 

this section.  Figure 6.4 displays the variation of Ptr4CL3 as a function of its transcript 

abundance. The variation of the Ptr4CL3 with the transcript t4CL3 follows a sigmoidal 

shaped curve, where at low levels of t4CL3 the concentration of Ptr4CL3 is also low, as 

the concentration of t4CL3 is increased, Ptr4CL3 levels rises linearly and then levels off 

for very high levels of t4CL3. Since the data used to fit the relationship between 

Ptr4CL3 and Ptr4CL5 was from all the constructs, some of the Ptr4CL3 concentrations 
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may be increased due to the indirect effect of perturbations of other proteins in the 

pathway. 

 

Figure 6.4: Variation of Ptr4CL3 as a function of t4CL3. The red line shows the variation 
of Ptr4CL3 predicted by Hill equation and the dots show the experimentally determined 
Ptr4CL3 levels. 
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Figure 6.5: Variation of PtrPAL3 as a function of tPAL3. The red line shows the variation 
of PtrPAL3 predicted by Hill equation and the dots show the experimentally determined 
PtrPAL3 levels. 

 

 The variation of protein abundance as a function of transcript abundance for PAL 

is shown in Figure 6.5. PAL catalyzes the first step in the monolignol biosynthesis 

pathway. The lignin content and composition is a strong function of the activity of PtrPAL 

genes. The PtrPAL genes are functionally redundant and xylem specific (Shi et al., 2010).  

The data for the protein abundance as a function of transcript abundance shows that a 

strong correlation exits at lower transcript abundance and as it increases to its wildtype 

concentration, the protein quantity tends to level off. From this result, we can infer that 

PtrPAL, being a crucial gene in monolignol biosynthesis, is robust to small perturbations.  
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These results are consistent with the results of perturbation analyses performed on 

PtrPAL enzymes in metabolic network, which required a very high level of down regulation 

of PtrPAL enzyme concentration to observe changes in the lignin content and composition 

(Sewalt et al., 1977; Elkind et al., 1990; Bate at al., 1994 and Wang et al, 2014).   

 

 

Figure 6.6: Variation of PtrCAld5H1 as a function of tCAld5H1. The red line shows the 
variation of PtrCAld5H1 predicted by Hill equation and the dots show the experimentally 
determined PtrCAld5H1 levels. 
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low concentrations of tCAld5H1. As the concentration of tCAld5H1 increases, the 

concentration of pCAld5H1 levels off.  

 In poplar, there are only a few studies that provided information on how 

transcription factors regulate the monolignol pathway (Sermsawat, 2015). The 

transgenic plants that down regulate the monolignol pathway can be a great resource to 

study the genes that control the monolignol pathway. The whole transcriptome can 

reveal the relationship of all transcription factors and the monolignol enzymes. The 

interactions between the TFs, transcripts, and the proteins involved in the monolignol 

biosynthesis pathway is shown in Figure 6.7. Since the roles of many specific TFs on 

the lignin biosynthesis pathway are not known, we used only the known MYB and LIM 

as the TFs in the network. The results suggest that MYB090 is a key regulator, which 

controls the expression levels of other genes.  Each pairwise interaction was quantified 

using the Hill equation. For the case of more than 1 regulator, we used Boolean logic to 

quantify the interactions using Hill equations. Once all the interactions were quantified, 

the next step was to incorporate this information into the PKMF model to quantify the 

effect of perturbing TFs on the lignin content and structure. The regulatory information is 

incorporated into the PKMF model by substituting the enzyme concentrations in the 

Michaelis Menten kinetics rate equation used to quantify the metabolic reactions in the 

metabolic network, with the Hill equations, which quantifies protein concentration as a 

function of transcript levels.  



 

170 
 

 

Figure 6.7: A gene regulation network for monolignol biosynthetic pathway. The boxes represent the TF’s, the grey 
ellipses represent the transcripts of the monolignol biosynthesis genes and the proteins are denoted in green ellipses. 
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The ODE model was simulated to steady state and the steady state metabolic 

flux are computed for all the reactions in the pathway. The input flux to the PKMF model 

was fixed such that the S/G ratio was 2:1. The concentrations of TF’s were varied from 

50% to 150% of their WT levels. Assuming that the concentrations of TF’s were 

uniformly distributed, we sampled the concentrations of the TF’s using LHS procedure. 

10000 different concentrations of the TF’s were sampled and for each concentration of 

the TF, the PKMF model was simulated to steady state and the resulting metabolic flux 

was calculated.  

The effect of varying MYB221 levels on the lignin composition was quantified by 

performing LHS simulation. The concentration of MYB221 was varied from a specified 

range. The resulting steady state S/G values were then plotted as a function of 

tMYB221, which is shown in the Figure 6.8.a. As seen in the figure, as the MYB221 

levels are down regulated, the S/G levels decrease, which is in agreement with the 

results obtained by Tamagnone et al. (1998) for tobacco transgenics. The histogram 

plot showing the distribution of S/G plot is shown in Figure 6.8.b. 
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Figure 6.8: (a) Variation of S/G ratio as a function of MYB221. (b) Histogram showing 
the distribution of S/G ratios. 

 

 Similarly the effect of perturbing MYB003 on the lignin composition was 

quantified. The variation of S/G ratio as a function of MYB003 is shown in Figure 6.9. 

The S/G variation follows a similar trend as observed for MYB021, however for this 

case, it is non-linear.   
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Figure 6.9: (a) Variation of S/G ratio as a function of MYB003. (b) Histogram showing 
the distribution of S/G ratios. 

 

6.4 Discussion: 

  The transgenic data obtained by downregulating various genes involved in the 

monolignol biosynthesis can be promising in inferring the gene regulatory network of 

monolignol biosynthesis. The results from the gene regulatory network suggest that 

MYB090 plays a crucial role in regulating the biosynthetic pathway along with the LIM 

Transcription factors.  The MYB transcription factors are one of the largest families of 

transcription factors in plants (Martin and Paz-Ares, 1997). In poplar, many of the MYBs 

(PtrMYB2, PtrMYB3, PtrMYB20, PtrMYB21, PtrMYB103, PtrMYB90, PtrMYB167, 
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PtrMYB0, PtrMYB128, PtrMYB92, and PtrMYB125) have previously been shown to 

control monolignol biosynthetic genes (McCarthy et al., 2010; Chai et al., 2014; Wang et 

al., 2014).The relationship between transcript abundance and proteins provide crucial 

information about the regulatory interactions that exists between the transcript’s and 

proteins. The methodology used to develop a joint regulatory and metabolic network 

can be crucial to infer the role of TFs on the lignin content and composition.  

  



 

175 
 

References: 

 

Acid S, De Campos LM (2001).A hybrid methodology for learning belief networks: 
Benedict, International Journal of Approximate Reasoning 27 (3) 235–262. 

Beyer,A. et al. (2004).  Post-transcriptional expression regulation in the yeast 
Saccharomyces cerevisiae on a genomic scale. Mol. Cell. Proteomics, 3, 1083-1092. 

Chen T, Filkov V and Skiena SS (1999). Identifying gene regulatory networks from 
experimental data. In Proc. 3rd Ann. Int. Conf. Comp. Mol. Biol. (RECOMB’99), 94–103, 
New York, ACM Press. 

Chiang V (2002). From rags to riches. Nat. Biotechnol. 20:557-558 . 

De Campos LM (2006). A scoring function for learning Bayesian networks based on 
mutual information and conditional independence tests, The Journal of Machine 
Learning Research 7 2149–2187. 

Dixon R, Achnine L, Deavours BE and Naoumkina M (2006).  Metabolomics and gene 
identification in plant natural product pathways. In Biotechnology in Agriculture and 
Forestry, Volume 57: Plant Metabolomics. Edited by Saito, K. , Dixon , R.A. and 
Willmitzer , L. pp. 243 – 259 . Springer-Verlag, Berlin 

Faulkner E (2007). K2ga: heuristically guided evolution of Bayesian network structures 
from data, in: Computational Intelligence and Data Mining, 2007. CIDM 2007. IEEE 
Symposium on, IEEE, pp. 18–25. 

Friedman N (2004). Inferring cellular networks using probabilistic graphical 
models. Science 303, 799-805. 10.1126/science.1094068 

Futcher B, Latter GI, Monardo P, McLaughlin CS and Garrels JI (1999). A sampling of 
the yeast proteome. Mol Cell Biol 19: 7357-7368 

Gardner TS, Cantor CR and Collins JJ (2000). Construction of a genetic toggle switch in 
Escherichia coli. Nature 403, 339-342. 

Goss PJE and Peccoud J (1998). Quantitative modeling of stochastic systems in 
molecular biology by using stochastic Petri nets. Proc. Natl. Acad. Sci. USA 95, 6750–
6755. 

Greenbaum D, Colangelo C, Williams K, Gerstein M (2003). Comparing protein 
abundance and mRNA expression levels on a genomic scale. Genome Biol 4: 117.  



 

176 
 

Gygi SP, Rist B, Gerber SA, Turecek F, Gelb MH, Aebersold R (1999). Quantitative 
analysis of complex protein mixtures using isotope-coded affinity tags. Nat 
Biotechnol 17: 994-999. 

Higuchi T (1997). Biochemistry and Molecular Biology of Wood. pp. 131-181. Springer, 
New York. 

Horak CE and Snyder M (2002). Global analysis of gene expression in yeast. Funct. 
Integr. Genomics, 2, 171-180. 

Ideker T, Thorsson V, Ranish JA, Christmas R, Buhler J, Eng JK, Bumgarner R, 
Goodlett DR, Aebersold R, Hood L (2001b). Integrated genomic and proteomic 
analyses of a systematically perturbed metabolic network. Science 292: 929-934 

Imoto S, Goto T, Miyano S. et al. (2002). Estimation of genetic networks and functional 
structures between genes by using Bayesian networks and nonparametric regression. 
Pacific Symposium on Biocomputing, Vol. 7, World Scientific, pp. 175–186. 

Kyoda KM, Muraki M and Kitano H (2000). Construction of a generalized simulator for 
multi-cellular organisms and its application to Smad signal transduction. In R.B. Altman, 
K. Lauderdale, A.K. Dunker, L. Hunter, and T.E. Klein, eds. Proc. Pac. Symp. 
Biocomput. (PSB 2000), vol. 5, 314–325, Singapore, World Scientific Publishing. 

Liang S, Fuhrman S and Somogyi R (1998). REVEAL: A general reverse engineering 
algorithm for inference of genetic network architectures. In R.B. Altman, A.K. Dunker, L. 
Hunter, and T.E. Klein, eds. Proc. Pac. Symp. Biocomput. (PSB’98), vol. 3, 18–29, 
Singapore, 1998, World Scientifc Publishing. 

Marbach D, Costello JC, KÙffner R, Vega NM, Prill RJ, Camacho DM (2012). Wisdom 
of crowds for robust gene network inference. Nat. Methods 9, 796–804. 
10.1038/nmeth.2016 

Novak B and Tyson JJ (1995). Quantitative analysis of a molecular model of mitotic 
control in yeast. J. Theor. Biol. 173, 283–305. 

Pearl J (2000). Causality: models, reasoning and inference, Vol. 29, Cambridge Univ 
Press. 

Ragauskas  A, Williams C, Davison B, Britovsek G, Cairney J, Eckert CA (2006). The 
path forward for biofuels and biomaterials. Science 311: 484 -489  

Schwanhausser B, Busse D, Li N, Dittmar G, Schuchhardt J, Wolf J, Chen W and 
Selbach M (2011). Global quantification of mammalian gene expression control. Nature 
473, 337-342 



 

177 
 

Smith RD. et al. (2002).The use of accurate mass tags for high-throughput microbial 
proteomics. OMICS, 6, 61-90. 

Spirtes P, Glymour C, Scheines R (2000). Causation, prediction, and search, Vol. 81, 
The MIT Press. 

Tsamardinos I, Brown LE, Aliferis CF (2006). The max-min hill-climbing Bayesian 
network structure learning algorithm, Machine learning 65 (1) 31–78. 

Walhout AJM. What does biologically meaningful mean? A perspective on gene 
regulatory network validation. Genome Biol.2011:12:109. 

Washburn MP, Koller A, Oshiro G, Ulaszek RR, Plouffe D, Deciu C, Winzeler E, Yates 
JR III (2003). Protein pathway and complex clustering of correlated mRNA and protein 
expression analyses in Saccharomyces cerevisiae. Proc Natl Acad Sci USA 100: 3107-
3112 

Zhang X, Zhao XM, He K, Lu L, Cao Y, Liu J, Hao JK , Liu ZP, Chen L (2012). Inferring 
gene regulatory networks from gene expression data by path consistency algorithm 
based on conditional mutual information, Bioinformatics 28 (1) 98-104. 

  



 

178 
 

CHAPTER VII 

CONCLUSIONS AND FUTURE WORK 

 

7.1  Conclusions 

  

In this dissertation, mathematical and statistical techniques were used to: (i) 

Identify the role of Ptr4CL Protein-Protein complex formation on the steady state flux 

distribution in the monolignol biosynthetic pathway which also included the 

quantification of metabolite concentrations, lignin content, and composition under 

perturbation; (ii) The identification of protein communities and their role on the overall 

monolignol biosynthesis pathway under perturbations; and (iii) Validate the PKMF 

model using the experimentally determined phenotype data The results from model 

predictions, have enhanced our knowledge about the regulation of the monolignol 

biosynthesis pathway. The main goal of Aim 1 was to use a previously developed 

kinetic-based dynamic model of monolignol biosynthetic pathway to understand the role 

of protein complex formation on the monolignol biosynthetic pathway, as well as their 

roles on the lignin composition and structure. As shown in Chapter 3, the kinetic model 

not only facilitated in the changes in S/G ratio in response to enzymatic perturbations in 

the pathway, but also provided insights about the role of the protein complex on the 

robustness/resilience of the pathway. Using the results from chapter III we were also 

able to confirm that Ptr4CL5 enzyme dominates the complex and is primarily 

responsible for the changes in the lignin composition and structure. One of the 

simplified assumptions that was made in simulating the PKMF model was that the 



 

179 
 

changes in proteins concentrations are independent of other protein families. To 

incorporate the associative relationship which exists between proteins, Aim 2 of this 

dissertation was devoted towards identifying the modular structure of the proteins in 

wild-type and transgenic lines where measurements of absolute protein concentrations 

of enzymes in the monolignol biosynthesis pathway are available. By identifying the 

community structure, we were able to analyze the role of perturbing a particular module 

on the lignin biosynthesis as well as the lignin composition and structure. By evaluating 

the protein modules in a systematic way, we were able to elucidate regulatory 

mechanisms that may have remained elusive in traditional approaches. The analysis of 

the model incorporating the protein modules suggest that the presence of modules 

improve the resiliency of the pathway. The perturbation analysis also suggest that the 

lignin content and structure can be fine-tuned by target a group of enzymes rather than 

targeting individual enzymes. These findings based on the model simulation would 

result in formulation of testable hypothesis towards a better understanding of monolignol 

biosynthesis. While the results presented in Chapter 4 have greatly improved our 

knowledge of how monolignol biosynthesis is regulated, we wanted to assess the 

predictable power of the PKMF model. In order to assess the predictability of the PKMF 

model, we compared the S/G ratios predicted by the model for different perturbations 

with the transgenic S/G data in Chapter 5. The model was able to predict majority of the 

variations in the S/G ratios as of result of enzymatic perturbations. While, the PKMF 

model is a valuable tool to understand the effect of perturbations on the biosynthetic 

pathway and quantify the role of perturbations on the lignin composition and structure, 

one main drawback is that developing such a comprehensive model is a tedious and 
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time consuming process. If the primary purpose of a model is to predict the changes in 

lignin composition as a function of changes in protein concentrations, one can use 

statistical machine learning approaches to attain that goal. In Chapter 5, we also 

developed an ANN model to predict the changes in S/G ratios resulting from enzymatic 

perturbations.  The key results from each chapter is summarized in the table 7.1. 

 

Table 7.1: Table outlining the key results accomplished in this research. 

Chapter Key Results 

III  The pathway is unaffected by the presence of complex under 
WT conditions 

 The Ptr4CL5 is the dominant enzyme and responsible for the 
changes in the steady state flux as well as the lignin 
composition and structure under pertrubations 

 Presence of Ptr4CL3-Ptr4CL5 results in alternate route for 
monolignol biosynthesis 

 The Ptr4CL3-Ptr4CL5 complex increases the 
resiliency/robustness of the pathway by almost 20% 

IV  The proteins involved in monolignol biosynthesis pathway are 
oriented into 3 distinct modules 

 The modules provided resiliency to perturbations 

 Protein modules can be targeted to tailor lignin composition 
and structure 

V  Validate the results from the PKMF model using experimental 
S:G data. Developed a data driven ANN model to predict the 
variations in S:G ratio and total lignin content as a function of 
protein concentrations 

 PKMF model was able to predict 72% of the variation in S:G 
ratios as the function of protein concentrations 

 The ANN was able to account for 82% of the variation in S:G 
ratios as a function of protein concentrations 

 The ANN model accounted for variations in 74% of the 
experimentally determined (S+G) values as a function of 
protein concentrations 

VI  The interaction network developed using RNA-Seq data 
suggest that the regulation of monolignol biosynthesis is 
controlled by MYB221 TF. 
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7.2 Future Work 

 

In chapter 3 we modified the PKMF model to incorporate the Ptr4CL complex into 

the model. Recent studies have shown that several other proteins involved in the 

monolignol biosynthesis interact with each other to form complexes (Chen et al, 2012). 

The next step in the model development would be to incorporate such complex 

interactions into the predictive model and quantify the role of the protein complexes on 

the lignin composition and structure. One of the assumptions that we made in predicting 

the lignin content and composition is that there exists a 1:1 relationship between the flux 

of formation of the monolignol subunits and the concentration of subunits. This 

assumption was primarily because the mechanism of polymerization of monolignol was 

not clear. Future modeling efforts should be focused on developing a computational 

framework to model the polymerization process in the monolignol biosynthetic pathway.  

The other improvement that can be made to the PKMF model is to validate the steady 

state concentrations of the metabolites with the experimentally determined steady state 

concentrations both under WT and transgenic conditions.  This would enable us to fine 

tune the input concentrations as well as the input flux to the pathway and provide an 

additional step in validating the model.  

 

The next step should be focused on incorporating the feedback inhibitions that 

exists between the metabolite and regulatory network level. Once this step is 

accomplished, such a model will become an invaluable tool for: (i) designing genetically 

engineered crops with reduced recalcitrance (ii) gain a deeper understanding of the 
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regulatory mechanisms that govern the monolignol biosynthetic pathway. The 

computational framework developed in this dissertation only considers lignin 

biosynthesis. It is well known that other pathways such as biosynthesis of cellulose, 

hemicellulose, and pectin are associated with cell wall synthesis. Future modeling 

efforts should develop strategies that would integrate the pathway models into a 

comprehensive cell wall model. One complex issue that needs to be addressed is that, 

lignin, cellulose and hemicellulose are biosynthesized at different locations within the 

cell. Cellulose undergoes synthesis in the plasma membrane, monolignols in cytoplasm 

and most other hemicellulose in the Golgi apparatus (Wolf et al, 2012). The new 

modeling frameworks should incorporate spatial information, partial differential equation 

(PDE) or some other data driven method like agent-based modeling (ABM) can be used 

to incorporate such spatial information.  


