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Abstract: We have developed a novel 3-D, agent-based model of cell-wall digestion to 

improve our understanding of ruminal cell-wall digestion. It offers a capability to study cell 

walls and their enzymatic modification, by providing a representation of cellulose 

microfibrils and non-cellulosic polysaccharides and by simulating their spatial and catalytic 

interactions with enzymes. One can vary cell-wall composition and the types and numbers 

of enzyme molecules, allowing the model to be applied to a range of systems where cell 

walls are degraded and to the modification of cell walls by endogenous enzymes. As a 

proof of principle, we have modelled the wall of a mesophyll cell from the leaf of perennial 

ryegrass and then simulated its enzymatic degradation. This is a primary, non-lignified cell 

wall and the model includes cellulose, hemicelluloses (glucuronoarabinoxylans, 1,3;1,4-β-

glucans, and xyloglucans) and pectin. These polymers are represented at the level of 

constituent monosaccharides, and assembled to form a 3-D, meso-scale representation of 

the molecular structure of the cell wall. The composition of the cell wall can be parameterised 

to represent different walls in different cell types and taxa. The model can contain arbitrary 

combinations of different enzymes. It simulates their random diffusion through the 

polymer networks taking collisions into account, allowing steric hindrance from cell-wall 

polymers to be modelled. Steric considerations are included when target bonds are 

encountered, and breakdown products resulting from enzymatic activity are predicted. 
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1. Introduction  

The reticulo-rumen (more commonly known as the rumen) comprises the first two digestive 

compartments in the ruminant. It serves as a fermentation chamber in which the cell walls of plants 

(PCW) are converted into microbial biomass and end products that nourish the animal [1,2]. Improving 

rumen efficiency promises gains in both animal productivity and mitigating environmental impact 

from farming [1,3]. Understanding the physical disintegration of PCWs and the underlying enzymatic 

processes is vital to achieve this. 

Two major groups of PCWs are recognized: primary walls which are formed as the cells are still 

enlarging, and secondary walls which are deposited on the primary wall of some cell types after the 

cells have stopped enlarging [4–6]. Both primary and secondary walls have similar basic structures 

consisting of cellulose microfibrils (CMFs) embedded in a matrix of other polysaccharides 

(hemicelluloses and pectin). Fully developed secondary walls and their underlying primary walls often 

also contain the aromatic polymer lignin which provides resistance to enzymatic attack [7] and the 

general term lignocellulose is often used [3,8]. Cellulose molecules consist of long unbranched chains 

of (1,4)-linked β-glucosyl residues and are aligned in parallel to form partly crystalline CMFs, which 

are quite resistant to enzymatic attack [6,9–11]. However, the compositions of the matrix polysaccharides 

are often quite different in primary and secondary walls within an individual plant. Moreover, these 

compositions also vary among different plant groups (taxa). 

Perennial ryegrass (Lolium perenne L.) is a major component of the diet of pastoral ruminants and 

in this paper we focus on the primary (non-lignified) PCW of grasses, in which the principal matrix 

polysaccharide is usually the hemicellulose glucuronoarabinoxylan (GAX). GAXs have a backbone of 

(1,4)-linked β-xylosyl residues and side branches, mostly of single arabinosyl and glucuronic acid  

(or 4-O-methyl glucuronic acid) residues with ferulic acid being esterified to some of the arabinosyl 

residues [6,9,10,12]. Another family of hemicelluloses the (1,3; 1,4)-β-glucans occur in variable 

proportions. These consist of unbranched chains of (1,3)-linked cellotriosyl or cellotetraosyl  

residues [4]. Less than ~10% (by weight) of these polysaccharides contain longer blocks of up to  

~20 adjacent (1,4)-linked β-glucosyl residues [13,14]. Small proportions of pectic polysaccharides and 

xyloglucans are also present. 

Theoretical models have been proposed for the architecture of grass primary walls [5,6,15].  

The most common are referred to as “tethered or sticky network models” and involve two co-extensive 

polymer networks. In the first network the main bridging molecules are considered to be GAXs  

with low degrees of substitution (i.e., carrying few side chains) which may hydrogen bond to the 

surfaces of adjacent CMFs. Some of the (1,3;1,4)-β-glucans and xyloglucans may also hydrogen bond 

to the surfaces of CMFs and are included in this network. More highly substituted GAXs are 

considered to be the main components of the second polymer network, with contributions from pectins 

and perhaps (1,3;1,4)-β-glucans. GAXs in both networks may form cross links with one another by the 
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coupling of ester-linked ferulic acids on adjacent molecules forming a range structurally different 

diferulates [16,17]. 

Microbial degradation of plant matter involves the sequential and synergistic action of communities 

of microbes whose ecology is highly responsive to their substrate [18]. In the rumen these 

communities are dominated by anaerobic bacteria [2,19] which secrete a suite of different enzymes 

such as cellulases, which include endo- and exo-glucanases (including cellobiohydrolases), cellobiases, 

endo- and exo-xylanases, xylosidases, α-arabinofuranosidases, feruloyl esterases, glucuronidases, 

pectin lysases, and polygalacturonases. These enzymes and the bacteria that secrete them have been 

reviewed elsewhere [3,20–23]. Some of these enzymes are components of multi-enzyme complexes, 

known as cellulosomes, which often occur on the outer surfaces of bacteria [24]. The relative 

importance of these enzymes and how they interact are yet to be fully elucidated, as are the ecological 

factors governing the interactions and competitiveness of microbial species in the rumen. Knowledge 

of this is integral to understanding the fermentation process. However, the interactions involved have a 

complex interdependence that cannot be adequately understood by experiment alone, but rather 

requires a quantitative and integrative approach to link experimental data. 

Mathematical modelling of rumen fermentation has typically characterised the diet in terms of broad 

chemical constituents and applied empirically measured kinetics and fermentation stoichiometries to 

predict digestion rates and end products. Reviewing these models is outside the scope of this paper, 

and evaluations can be found in the literature [25–28]. Modelling of fermentation in bioreactors has the 

potential to inform modelling of rumen function and has focussed most significantly on cellulose 

hydrolysis using classical mathematical approaches, both currently [29–34] and historically [35]. 

Researchers have increasingly turned to computer simulation, because the spatial and chemical 

complexities involved are intractable with traditional approaches. 3-D computer simulation has been 

used for detailed modelling at the atomic level, from the structure of molecules and crystals through to 

protein folding [36–40]. Of particular interest is computer simulation to understand the properties of 

lignin [41], and to model the CMF [42] and the interactions during the dyeing of cellulose [43]. 

Developments in the simulation of crystalline cellulose and its enzymatic degradation (ranging from 

the atomic level through to the mesoscale level) have recently been surveyed [44,45]. Subsequently 

mesoscale models simulating the enzymatic hydrolysis of crystalline cellulose have been published, by 

Warden et al. [46] who used a 3-D cellular automaton and by Asztalos et al. [47] who used a 

stochastic, 2-D grid-based approach. We consider it imperative that models of cell-wall digestion 

represent the entire cell wall, rather than just cellulose, if enzymatic degradation of cell walls is to be 

properly understood. Kha et al. [48] developed software which represents CMFs and hemicelluloses as 

beams, with defined mechanical and dimensional properties, that are linked to form a 3-D structure. 

This approach allowed the mechanical properties of the PCW to be predicted via finite element 

analysis, and has been extended to account for the strength of biochemical interactions between CMFs 

and hemicelluloses [49]. However, this approach lacks a representation of the molecular arrangement 

of the plant polymers and the complexity of their spatial structures, both of which are important when 

considering enzymatic effects. Consequently we have developed a 3-D model that represents the 

spatial arrangement of polymers forming the non-lignified, primary wall of a specific cell type  

(a mesophyll cell) in the leaf of perennial ryegrass (Lolium perenne), and contains enzymes which 

diffuse randomly and cleave bonds in the polymer network. This model will provide a basis for 
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incorporating the gene, enzyme and microbial population data from rumen microbial genome projects, 

to investigate the extent to which components of ruminal cell-wall digestion affect each other, and to 

predict the sensitivity of the digestion system to changes in individual components and inputs. This is 

fundamental to understanding ruminal processes and manipulating them to maximise efficiency. 

2. Method  

We used an agent-based approach, which has the potential to reveal unexpected emergent  

behaviour [50]. Although agent-based modelling is usually associated with social science contexts 

using “intelligent” agents [50], it has application in the biological sciences [51], and has been used to 

model microbes and biofilm formation [52,53] and the immune system [54]. The model used an 

object-oriented approach implemented in C++. The ‘newmat’ vector and matrix library for C++ [55] 

was used for representing 3-D quantities, and the freeglut 2.8.0 library [56] was used to graphically 

represent individual molecules (monosaccharides, including uronic acids, and enzymes) in the simulation. 

Separate classes were written for celluloses, GAXs, xyloglucans, (1,3;1,4)-β-glucans, ferulic acid 

dimers (diferulic acids), pectins and enzymes. Lengths were defined in terms of the radius of glucose 

(assuming a spherical glucose molecule), which we found more convenient to deal with than 

angstroms or nanometres. All monosaccharides, including uronic acids, and enzymes were represented 

as spheres. A direction vector was associated with each monosaccharide, which defined a “head” and a 

“tail”. The head and tail represent points of attachment for covalent bonds and, where appropriate, can 

correspond to reducing and non-reducing ends of oligosaccharides and polysaccharides. Additional 

“left” and “right” covalent bonding sites were defined by a diameter perpendicular to the direction 

vector. To allow distinction between different molecules, glucoses were coloured light blue, xyloses 

magenta, arabinoses yellow, glucuronic acids brown, ferulic acids red, galacturonic acids green and 

enzymes white. More information on these classes is given in the Supplementary Information. 

2.1. Assembling the Simulation Environment  

A user-specified number of CMFs is inserted into the simulation environment to create a scaffold to 

which the first hemicellulose network of the PCW is attached. The first step in constructing  

this network is the insertion of (1,3;1,4)-β-glucans, with each attaching a CMF at a (linear) run of 

adjacent (1,4)-linked β-glucosyl residues. The network is completed by the attachment of xyloglucans 

and GAXs to CMFs, in one of two configurations: tethered (attached to two different CMFs) or  

semi-tethered (one end of the polymer backbone attached to a CMF and the other end floating). 

Attachment to CMFs occurs via the end three monosaccharides of the backbone for both GAX and 

xyloglucan. The second network is formed by inserting floating hemicelluloses and pectins in the 

spaces within the first network. During the formation of both the networks, if two ferulates (each from 

a different GAX) are proximal and in the correct configuration, these may covalently bond to create a 

cross-linking diferulate. 

During the construction of the PCW, an algorithm ensures the polysaccharides are placed so that the 

bond angles between all covalently bonded monosaccharides are maintained within a specified 

tolerance. This algorithm also ensures that monosaccharides are not placed so that they spatially 
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overlap. These constraints place considerable restrictions on the placements of polysaccharides, and 

the process of building the PCW is computationally intense. 

2.2. Simulating Enzymatic Action  

One enzyme class was written to represent all types of enzymes, in order that all enzymes could be 

stored in the same C++ STL container. Properties of the class include the types of catalytic activity an 

enzyme object possesses, and the dimension and shape of the enzyme. Catalytic activity is specified 

when each individual enzyme is created, in terms of the types of covalent bonds and degree of 

polymerisation (DP) of oligosaccharides that can be cleaved, and the cleavage time. Similarly, enzyme 

shape and dimension is specified when each enzyme is created. Additional algorithms can be contained 

which are specific to each enzyme being simulated. While we have represented each monosaccharide 

and enzyme as a sphere, in reality enzymes exhibit far more complex shapes, and including a method 

to specify enzyme shape makes provision to include a range of enzyme shapes in future developments 

of the model. The progress of time occurs implicitly with an iterative sequence (Figure 1) in which 

enzymatic action is simulated, although in the current version of the model iterations have not been 

calibrated to a unit of time. More information is supplied in the Supplementary Information. 

In each iteration diffusion of enzymes is modelled by a step of random size and direction, collisions 

are detected and resolved, and the proximity of an enzyme to bonds it can cleave is detected. An 

algorithm then determines whether or not a bond will be cleaved and the time (in iterative steps) taken 

to cleave the bond (during which the enzyme is bound to the site and remains stationary). Cleavage is 

simulated by changing Boolean flags for covalent bonds from true to false. Following this, the 

algorithm detects monosaccharides or oligosaccharides that have been cleaved from the PCW 

structure, and which are below a threshold chain length. These are identified as breakdown products, 

and the last step of the iteration is recording and removing them from the simulation (with a low 

probability inversely proportional to their DP to account for time taken for diffusion, and allowing a 

window of opportunity for further degradation of the product).  

Collision detection is required to simulate steric effects on the diffusion of enzymes and their access 

to bonds, and also to detect when an enzyme has encountered (collided with) a bond that it can cleave. 

There are a number of efficient methods for dealing with collision detection [57] and, of these, we used 

the so called Octagonal Tree approach which is discussed in detail by Lucchesis [58]. Our 

implementation of an OctTree class was a modified version of a C++ class available online [59]. The 

collision detection algorithm determines if two molecules have collided by comparing the separation of 

their centres with the sum of their bounding radii. For this to work effectively, and to prevent enzymes 

stepping through molecules, the maximum step size was limited to half the radius of the smallest 

molecule in the simulation (i.e., 0.5 glucose radii). 
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Figure 1. Structure diagram indicating the algorithm for simulating the enzymatic 

degradation of grass primary cell walls. A curved arrow through lines indicates continuous 

repetition; diamond shaped boxes indicate decision points. 

 

3. Results and Discussion  

3.1. Construction of the Grass Primary Cell Wall  

As a proof of principle we modelled enzyme degradation of a mesophyll cell wall (MCW)  

from the leaf of perennial ryegrass (Lolium perenne cv. Perma) [20,60–62]. Our simulation was of a 

small volume of cell wall, involving segments of nine CMFs arranged in parallel (with the cellulose 

molecules 60 glucosyl residues long). We included 245 GAXs, 93 xyloglucans, 100 pectins, and  

35 (1,3;1,4)-β-glucans. 

CMFs were modelled as bundles of 28 cellulose molecules (43% crystal interior), based on findings 

by Smith et al. [63] who performed C13-NMR spectroscopy on Italian ryegrass. Recent combined  

X-ray scattering and NMR spectroscopy data from mung bean (Vigna radiata) primary walls [64] 

supports an 18 cellulose molecule microfibril, and this could be implemented in our model as an 

alternative. In addition, experiments have found kinks in CMFs [65] and atomic modelling studies 

have suggested that CMFs are twisted [66,67]. Whether or not such findings are real or artifacts of 

experimental procedure and/or modelling assumptions has been questioned [65,68]. We have not 

included twists or kinks in CMFs in our model but these can be introduced at a later date. All  

35 (1,3;1,4)-β-glucans were specified to be attached to CMFs, as shown in Figure 2.  
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Figure 2. The first stage of constructing the simulated wall of a perennial ryegrass 

mesophyll cell involved the attachment of (1,3;1,4)-β-glucans to CMFs. Each blue sphere 

represents a glucose molecule. 

 

We assumed that 33% of xyloglucans and 7% of GAXs are tethered (attached to two different 

CMFs), and that 67% of xyloglucans and 13% of GAXs are semi-tethered (attached to one CMF). The 

progress of the simulated PCW is shown in Figure 3 with some of the tethered and semi-tethered 

hemicelluloses inserted during construction of the first hemicellulose network. 
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Figure 3. The second stage involved attachment of tethered and semi-tethered xyloglucans 

and glucuronoarabinoxylans (GAXs) to form the first hemicellulose network (shown 

partially complete). Glucose, xylose, arabinose, glucuronic acid and ferulic acid are 

represented by blue, magenta, yellow, brown and red spheres respectively. 

 

After completion of the first polymer network, pectins and the remaining 80% of GAXs were 

inserted as floating polymers to form the second polymer network (Figure 4).The nine CMFs contain 

15,120 glucosyl residues between them, and contribute 46.6% of the monosaccharides in the simulated 

wall. The 245 GAXs, 3 xyloglucans, 100 pectins and 35 (1,3;1,4)-β-glucans in the simulation contain 

respectively 9670, 4028, 2568 and 1028 monosaccharides, contributing 29.8%, 12.4%, 7.9% and  

3.2% of the simulated wall. This is in good agreement with the analysis by Chesson and  

colleagues [20,60–62] who found the composition of the perennial ryegrass MCW to be 46.6% 

cellulose, 29.8% GAX, 12.5% xyloglucans, 7.8% pectins and 3.2% (1,3;1,4)-β-glucans. Of the  

1434 ferulates in the simulation, only 18 (1.2%) formed covalent bonds with another ferulate, and thus 

only nine diferulate cross-bridges were formed between the 245 GAXs. 
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Figure 4. Free-floating GAXs and pectins (homogalacturonans) were inserted into the first 

hemicellulose networks to complete the model. Glucose, xylose, arabinose, glucuronic 

acid, ferulic acid and galacturonic acid are represented by spheres coloured blue, magenta, 

yellow, brown, red and green respectively. 

 

In the current version of our model, all monosaccharides, including uronic acids, comprising the 

different polysaccharides were assumed to be the size of a glucose molecule. However differing sized 

monosaccharides are readily implemented by adjusting parameters. Further, we did not follow the 

convention in carbohydrate chemistry of depicting poly- or oligosaccharides with non-reducing ends 

oriented to the left and reducing ends to the right; such a convention is inconsequential since the 

viewing angle can be rotated in the model and the polysaccharides (some of which are highly curved) 

point in a variety of directions. 
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3.2. Simulation of Enzymatic Action  

We chose to model three enzymes produced by Fibrobacter succinogenes S85 because this 

organism (i) does not secrete cellulosomes (which would be more complex to model than individual 

enzymes) and (ii) degrades but cannot utilise arabinoxylan. The first two enzymes were Cel51A and 

Cel9D, which have been characterised and shown to act synergistically [69,70]. Cel51A is an 

endoglucanase that acts on cellulose, but also (1,3;1,4)-β-glucans and xyloglucans mainly  

producing oligosaccharides with a DP of 2–5. Cel 9D is an exoglucanase that processively removes 

unsubstituted glucosyl residues from the non-reducing end of oligosaccharides with DPs > 2, including 

cellooligosaccharides, xyloglucan oligosaccharides and (1,3;1,4)-β-glucan oligosaccharides. 

The third enzyme is endoxylanase 1 described by Matte and Forsberg [71], which additionally has 

α-arabinofuranosidase activity. It was chosen to investigate possible synergies with Cel51A and 

Cel9D. Further information on these enzymes and how they were modelled is given in the 

supplementary information. Three enzyme combinations were modelled, each of which contained the 

same number of enzymes capable of breaking (1,4)-β-glucosidic bonds: (i) 40 Cel51A enzymes;  

(ii) 20 each of Cel51A and Cel9D; and (iii) 20 each of Cel51A, Cel9D and endoxylanase 1, each 

attacking the cell wall depicted in Figure 4. Simulations were started with the enzymes placed in the 

‘biofilm” below the section of cell wall. Enzymes moved randomly with collision detection, and were 

thus constrained by the presence of other molecules. Enzymes which reached the bounding box of the 

simulation environment were not reflected back, but rather deemed to have irreversibly penetrated 

deeper into the cell wall structure, and were removed and replaced in the biofilm area. 

For each enzyme combination, five simulations (each 50 million iterations long) were run on a 

single thread of an Intel Core2 Duo 2.40 GHz processor. Graphics rendering was extremely  

resource-hungry with a tendency to slow the simulation. Thus simulations were run with graphics 

turned off, and had a mean run-time of 23.6 ± 0.3 h. Figure 5 contrasts the end results of a simulation 

run involving just Cel51A with a simulation run involving all three enzyme types (Figure 6). Activity 

on cellulose lagged that on hemicelluloses in all cases, which is consistent with these hemicelluloses 

providing protection to CMFs. 

The model results showed synergies between Cel51A and Cel9D with the combined 20 Cel51A  

and 20 Cel9D enzymes having 102%, 67% and 37% more activity on molecules and oligosaccharides 

of cellulose, (1,3;1,4)-β-glucan and xyloglucan respectively, when compared with the activity of  

40 Cel51A enzymes (Figure 7). An additional 20 endoxylanase 1 enzymes further increased activity on 

cellulose, (1,3;1,4)-β-glucan and xyloglucan by respectively 40% and 6% and 11%, when compared 

with the combination of 20 Cel51A and 20 Cel9D (Figure 7).  
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Figure 5. The degraded perennial ryegrass mesophyll cell wall (MCW) after the simulated 

enzyme action showing degradation of hemicelluloses and cellulose at the periphery of the 

wall after a simulation run involving Cel51A enzymes alone. Glucose, xylose, arabinose, 

glucuronic acid, ferulic acid and galacturonic acid are represented by the smaller spheres 

coloured blue, magenta, yellow, brown, red and green respectively. Larger purple spheres 

represent Cel51A enzymes.  
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Figure 6. The degraded perennial ryegrass MCW after the simulated enzyme action 

showing degradation of hemicelluloses and cellulose at the periphery of the wall after a 

simulation run involving a combination of Cel51A, Cel9D and endoxylanase 1. Glucose, 

xylose, arabinose, glucuronic acid, ferulic acid and galacturonic acid are represented by the 

smaller spheres coloured blue, magenta, yellow, brown, red and green respectively.  

Larger spheres coloured purple, blue and magenta represent Cel51A, Cel9D and 

endoxylanase 1, respectively.  
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Figure 7. Simulation results for cumulative enzyme activities on glucosidic bonds versus 

simulation progress (in iterations), for three enzyme combinations (with constant number 

of catalytic domains targeting glucosidic bonds). Synergies were evident between  

Cel51A and Cel9D, and Cel51A, Cel9D and endoxylanase 1. Combination 1: 40 Cel51A 

(endoglucanase) enzymes; Combination 2: 20 Cel51A (endoglucanase) and 20 Cel9D 

(exoglucanase) enzymes; Combination 3: 20 Cel51A (endoglucanase) and 20 Cel9D 

(exoglucanase) and 20 endoxylanase 1 (endoxylanase with α-arabinofuranosidase  

activity) enzymes. 

 

Considering activity per 20 Cel51A enzymes, Figure 8 shows that Cel9D enhanced the  

per-enzyme-activity of Cel51A on xyloglucan by 87%, compared with 53% for activity on (1,3;1,4)-β-

glucan and 44% for cellulose. The combination of endoxylanase 1 and Cel9D increased the  

per-enzyme-activity of Cel51 on xyloglucan, (1,3;1,4)-β-glucan and cellulose by respectively 111%, 

61% and 123% respectively, when compared with Cel51 alone (Figure 8).  

Endoxylanase 1 had a synergistic effect on the activity of Cel9D activity on cellulose (33%) and 

xyloglucan (8%) and (1,3;1,4)-β-glucan (7%) (Figure 9). Endoxylanase 1 activity on the arabinosidic 

bonds of GAX was significantly greater than on xylosidic bonds and arabinoses (including arabinoses 

esterified to ferulic acid) were produced as by-products in greater number and earlier than 

xylooligosaccharides (Figure 10), which is consistent with the branches providing protection to  

the backbone. 
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Figure 8. Simulation results showing the activity per 20 Cel51A enzymes on glucosidic 

bonds versus simulation progress (in iterations), for three enzyme combinations. Synergies 

existed both between Cel51A and Cel9D, and between Cel51A, Cel9D and endoxylanase 1. 

Combination 1: 40 Cel51A (endoglucanase) enzymes; Combination 2: 20 Cel51A 

(endoglucanase) and 20 Cel9D (exoglucanase) enzymes; Combination 3: 20 Cel51A 

(endoglucanase), 20 Cel9D (exoglucanase) and 20 endoxylanase 1 (endoxylanase with  

α-arabinofuranosidase activity) enzymes. 

 

The model predicted a numerous variety of breakdown products, varying in the lengths of the 

oligosaccharide backbones and in the combinations of side branches. The simulation keeps track of the 

polysaccharide that a breakdown product originates from. Breakdown products from β-glucans 

(cellulose, 1,3;1,4-β-glucan, and xyloglucan) are summarised in Table 1, although for clarity, 

information on branching structure and the presence of 1,3-linkages in oligosaccharides from 

respectively xyloglucan and (1,3;1,4)-β-glucan have been suppressed. Variability between runs for the 

same enzyme combination are represented as standard deviations. Unsurprisingly, Cel51A, being an 

endoglucanase, did not produce glucose. Interestingly, while glucosyl trimers were the most prominent 

product of Cel51A when acting on cellulose or (1,3;1,4)-β-glucan, glucosyl tetramers were the most 

prominent from xyloglucan. The effect of introducing Cel9D with Cel51A, in addition to increasing 
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the degradation of the cell wall by producing 11% more glucosyl residues (either as glucose or 

oligosaccharides), was to shift the size distribution of oligosaccharides towards glucose, with a 

reduction in larger oligosaccharides. Endoxylanase 1 increased production of glucosyl residues by 

33%, but appeared to have little effect on the degradation of (1,3;1,4)-β-glucan or xyloglucan. Rather, 

endoxylanase 1 appeared to accelerate the degradation of cellulose, and significantly increased the 

production (from cellulose) of oligosaccharides with DPs 1–5 when compared with Cel51A and Cel9D 

in combination, and of oligosaccharides of DP 6 when compared with Cel51A alone.  

Figure 9. Simulation results showing the activity of Cel9D enzymes on glucosidic bonds 

versus simulation progress (in iterations), for two different enzyme combinations. 

Endoxylanase 1 and Cel9D had significant synergies for degrading cellulose. Combination 

2: 20 Cel51A (endoglucanase) and 20 Cel9D (exoglucanase) enzymes; Combination 3: 20 

Cel51A (endoglucanase), 20 Cel9D (exoglucanase) and 20 endoxylanase 1 (endoxylanase 

with α-arabinofuranosidase activity) enzymes. 
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Figure 10. Simulation results showing the activity of endoxylanase 1 on arabinoxylan for 

the enzyme combination with equal numbers of Cel51A (endoglucanase), Cel9D and 

endoxylanase 1 (an endoxylanase that also has α-arabinofuranosidase activity). Arabinoses 

counted as breakdown products include some esterified to ferulic acid, and 

xylooligosaccharides include those with branches. 

 

3.3. Considerations  

We have achieved a model that uses rules on architecture to construct a 3-D representation of the 

structure of a mesophyll cell wall (MCW) from a perennial ryegrass leaf, and then predicts its 

enzymatic degradation by simulating the diffusion (with steric hindrance) and synergistic action of 

catalytic enzymes using an agent-based approach. Our simulations involving three characterised 

enzymes from F. succinogenes S85 showed synergies between the endoglucanase Cel51A and the 

exocellulase Cel9D, in terms of increased activity on glucosidic bonds. Qi et al. [69] found Cel51A 

and Cel9D showed in vitro synergies when degrading crystalline cellulose, compared with Cel51A 

alone. Our simulation result cannot be compared quantitatively with this result since the substrate 

being degraded differed. However on a qualitative level our simulation agrees with the experiment, 

highlighting the potential of our approach for investigating enzyme synergies.  

Our simulations also showed that endoxylanase 1 had a synergistic effect on the activities of 

Cel51A and Cel9D, allowing faster degradation of cellulose, very likely through increasing access to 

cellulose by removing arabinoxylans. The pattern of degradation suggests that during the course of the 
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simulations, hemicelluloses surrounding the outer CMFs reduced access to these CMFs until they were 

degraded. This is consistent with hemicelluloses protecting CMFs from enzymatic degradation in vivo, 

and highlights the potential for synergies between enzymes with differing activities. 

Table 1. Glucosyl-containing oligosaccharide breakdown products predicted by 

simulations of degradation of the mesophyll primary plant cell wall by three different 

enzyme combinations. Values are means and standard deviation (in parentheses) for the 

number of glucoses and glucosyl-containing oligosaccharides from the five simulation runs for 

each enzyme combination. The number of branches on xyloglucan oligosaccharides and the 

number of 1,3-linkages in (1,3;1,4)-β-glucan oligosaccharides has been omitted, although 

detailed in simulation output. DP: degree of polymerisation; Combination 1:40 Cel51A 

(endoglucanase) enzymes; Combination 2:20 Cel51A (endoglucanase) and  

20 Cel9D (exoglucanase) enzymes; Combination 3:20 Cel51A (endoglucanase), 20 Cel9D 

(exoglucanase) and 20 endoxylanase 1 (endoxylanase with α-arabinofuranosidase activity) 

enzymes. The same superscripted letter appearing to the right of any two entries in a row 

indicates that the values are significantly different at the 5% level. 

Source polysaccharide DP Combination 1 Combination 2 Combination 3 

(1,3;1,4)-β-Glucan 

1 0.0 (0) a,c 76.8 (6.5) a 82.2 (9.5) c 
2 10.3 (6) 7.6 (4) 9.7 (4.6) 
3 14.6 (3) a,c 9.6 (2.2) a 9.4 (2.7) c 
4 7.1 (2.7) 5.7 (1.7) 5.5 (2.7) 
5 5.3 (2.1) 3.5 (2.6) 3.5 (2.5) 
6 4.4 (2.7) 4.9 (3.5) 4.6 (3.5) 

Cellulose 

1 0.0 (0) a,c 381.4 (43.2) a,b 506.0 (43.1) b,c 
2 83.8 (11.7) c 68.0 (14) b 118.0 (23.3) b,c 
3 98.2 (8.7) a 53.8 (17.2) a,b 81.6 (14.7) b 
4 37.4 (8.7) a 25.2 (5.1) a,b 40.8 (10.2) b 
5 23.0 (2.8) a 14.8 (3.4) a,b 27.4 (10.5) b 
6 13.6 (4.3) c 17.0 (6.6) 27.4 (8.8) c 

Xyloglucan 

1 0.0 (0) a,c 64.0 (5.9) a 68.8 (8.1) c 
2 11.5 (4.7) 8.6 (4.2) 11.9  (4.2) 
3 27.2 (1.5) a,c 48.6 (6.8) a 54.2 (6.9) c 
4 46.6 (5.8) a,c 32.8 (4.4) a 35.6 (6.4) c 
5 24.2 (3.7) a 17.6 (2.1) a 20.4 (2.1) 
6 4.8 (3.5) 3.2 (2.2) 3.8 (1.6) 

Glucosyl residues removed 1592 (51) 1764 (196) 2350 (228) 

The trends in the simulation suggested that F. succinogenes could release glucose faster with 

endoxylanase 1 than without, and this may explain the reason that organism secretes endoxylanases 

even though it cannot utilise arabinoxylan breakdown products. The trade-offs between cost of producing 

an endoxylanase and the extra glucosyl residues released before it is defunct would determine the 

benefit of this strategy, and this is a question that could potentially be investigated with our model. 

The ability of our model to simulate how enzyme combinations influence the profiles of 

monosaccharides and oligosaccharides in the array of breakdown products is a significant capability 



Computation 2014, 2 40 

 

 

since these breakdown products can influence the end products of fermentation. Further, breakdown 

products may govern the growth rates of competing microbial species, and thus contribute to factors 

that determine the composition of the microbiota. For example, F. succinogenes appears to readily 

utilise glucose and cellobiose [72], whereas some microorganisms utilise larger oligosaccharides more 

effectively [73]. Certainly a study of Butyrivibrio proteoclasticus B316T enzymes suggests a variety of 

complex oligosaccharides resulting from extracellular hydrolysis are metabolized within the cell [74]. 

Thus the model outputs could be used as inputs into models of microbial growth to make predictions 

of the competitiveness of different microbial species for different compositions of the PCW. 

Furthermore, the effect of introducing novel enzymes into a mix of enzymes already present could be 

ascertained for potential improvements in the nutrition of the ruminant. 

3.4. Refinement of the Model  

The model assumed that proximity of an enzyme to a target glycosidic bond was the only 

requirement for cleavage. This implicitly assumes that the binding domain of an enzyme would 

position the catalytic domain in the correct orientation relative to the bond to be cleaved. A more 

refined representation of enzyme shape, including the positions of catalytic and binding domains, 

would allow for a more detailed consideration of enzymatic activity, and could potentially alter the 

predicted profile of breakdown products. To this end, including the relative sizes of enzymes would 

provide a better understanding of steric effects involved during enzyme diffusion and access to  

target bonds. 

An assumption in the model is that an oligosaccharide was considered to be a breakdown product if 

it had a DP of six or fewer glycosyl residues (and, in the case of GAX, if it were not ester linked by 

diferulic acid to another oligosaccharide of DP 6 or greater). At each iteration, oligosaccharides 

identified as breakdown products would have a small probability (decreasing with DP) of being 

removed from the simulation but would otherwise remain in the simulation with the potential for being 

further degraded. This algorithm was intended to mimic the time taken for breakdown products to 

diffuse out of the cell wall matrix. Modelling a random walk for breakdown products may result in 

different profiles for breakdown products and relative activities of enzymes, but would require 

considerably increased computational power.  

Our modelling of a perennial ryegrass primary cell wall used tethered network models of these 

walls. Our model can be used to explore alternative theories on the architecture of such walls, and 

indeed, the development of the model raised these issues as important considerations when simulating 

enzymatic action. Additionally, in order to represent a mesophyll cell wall of perennial ryegrass, we 

used few molecules of pectin, xyloglucans and (1,3;1,4)-β-glucans. By varying the proportions of 

pectins and the different types of hemicelluloses, we can tailor the model to represent different wall 

types in different groups of plants, such as forage legumes. Our model represents primary cell walls 

that predominate in immature, leafy forage plants. However, by including lignin, we could extend the 

applicability of the model to lignified secondary walls that predominate in forages with mature 

flowering stems. Moreover, the part of the cell wall we have modelled is significantly smaller than a 

bacterial cell, and thus it would be desirable to considerably expand the size of our representation in 

terms of the length and number of CMFs, and concomitantly the proportions of other polysaccharides. 
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Such extensions would dramatically increase the computational power needed to run the model. 

When graphics rendering is turned off, the time needed for collision detection appears to be the 

limiting factor governing the execution speed of the model and, since this is implemented using an 

OctTree, computational requirements are likely to show between linear and quadratic scaling  

with the size of the problem. Future work is likely to involve parallelising the code to allow it to be run 

on a cluster. 

Ultimately we wish to extend this model by incorporating a representation of a biofilm attached to 

the PCW. This would then allow us to model the diffusion of detached structural agents through the 

plant polymer matrix to the biofilm, where they can interact with microbial agents and influence their 

growth and gene expression. 

4. Conclusions  

Our mesoscale model provides a number of advancements in the study of cell-wall degradation. It 

provides (to our knowledge) the first computer simulation in which cellulose, hemicelluloses and 

pectin are linked together to model the polysaccharide networks found in a specific type of PCW. It 

also provides a novel capability to study the enzymatic degradation of cell walls, by modelling the enzymes 

involved in cell-wall degradation, their diffusion, and their interaction with the polysaccharide networks at 

both the steric and catalytic level, and predicting the range of breakdown products. 

The model can be applied to the study of enzymatic degradation of cell walls in a number of 

environments. These include industrial fermentation systems such as bioreactors and microbial 

ecosystems such as the rumen, composts and litters, and sludge. The capacity to simulate enzymatic 

action could be used to explore modification of PCWs by endogenous enzymes. An important potential 

application in this context is ripening of fruit, which involves a range of enzymes [75] including the 

pectin-degrading polygalacturonase [76,77] and could be invaluably explored in the context of an  

in silico model. 

The 3-D representation of a primary perennial ryegrass cell wall provided by the model can be 

sequentially manipulated and modified, and provides an opportunity to explore different models of 

primary and secondary cell-wall architecture and hypotheses of how cell-wall components are linked. 

Thus the model has potential application in the area of plant physiology, particularly the study of the 

conformation of polymers comprising PCWs. 
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