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Abstract

A systematic modeling and simulation of cellulose hydrolysis with non-complexed cel-

lulase is presented here. Based on previous work, full chain fragmentation model is further

sophisticated with time-evolving substrate morphology, which is a direct result of continuous

defragmentation and solubilization. This modi�cation not only accounts for actual prolonged

hydrolysis timeframe, but also provides an innovative approach explaining the drop in ini-

tial hydrolysis rate, which is widely observed in industrial manufacturing. In addition, we

present a novel site-number formalism, which keeps track of time evolution of accessible

� (1; 4) glucosidic bonds of di�erent site types. Site-number formalism, unlike its predeces-

sors, is presented in a considerably reduced system size, i.e. for merely a dozen ordinary

di�erential equations (ODE) regardless of system size. The underlying local Poisson (LP)

assumption is found to agree very well with exact full chain fragmentation model, under

realistic experimental parameters. Furthermore, we discoveredtwo distinctive time-frames

for complete hydrolysis, associated with initial outer layer hydrolysis and more profound

complete substrate hydrolysis. Future possible work and the model's potential applications

are discussed.

Index words: cellulose hydrolysis; substrate morphology; hydrolysis modeling; site
number formalism



Cellulose Hydrolysis with Evolving Substrate Morphologies

by

Zhiqian Hao

B.A., Shanghai Jiaotong University, China, 2005

A Dissertation Submitted to the Graduate Faculty

of The University of Georgia in Partial Ful�llment

of the

Requirements for the Degree

Doctor of Philosophy

Athens, Georgia

2010



c
 2010

Zhiqian Hao

All Rights Reserved



Cellulose Hydrolysis with Evolving Substrate Morphologies

by

Zhiqian Hao

Approved:

Major Professor: Heinz-Bernd Sch•uttler

Committee: Steven P. Lewis
Uwe Happek

Electronic Version Approved:

Maureen Grasso
Dean of the Graduate School
The University of Georgia
July 2010



Dedication

This dissertation is dedicated to:

The memory of my dearest grand-aunt, Hao Shujuan,

for your unconditional 7,347 days of love.

My beloved parents,

for your constant caring and love,

for sacri�ces you have made throughout the years,

that guided me every single step of my journey.

iv



Acknowledgments

First and foremost, I would like to express my sincere appreciation to my advisor Dr. Heinz-

Bernd Sch•uttler. He has been constantly helping me during the whole process of our research,

from big pictures to small details. Without his incisive thoughts, wise directions, crucial

comments and kind encouragements, the completion of this dissertation would not have

been possible. His patience, optimism and con�dence will keep guiding me in my future

professional life. It is a truly privilege and pleasure to work with him.

I would also like to give my thanks to Dr. Steven P. Lewis and Dr. Uwe Happek for

enhancing this dissertation, o�ering valuable suggestions, and serving on my committee.

Special thanks to Dr. Loris Magnani and Linda Lee, who have alwaysbeen kind, generous,

and supportive.

I would like to extend my gratitude to Dr. Wen Zhou, for his studious work and dedication

into my related research. His work and results have been truly an inspiration for me.

Many thanks to my parents HAO, Jianguang and CHEN, Jiemian for o�ering me the

best they can; thanks to my grandparents for your pampering and care; special thanks to

my American family, Ron, Dale, Blair and Ben Terry, for your generous love and support.

Moreover, I would like to thank my dearest friends Dr-to-be Yue Fu, Dr. Bing Xu, Dr-

to-be Leilei Guo, Dr-to-be Xuehai Liang, Dr-to-be Yanping Huangand Dr. Jing Xu. With

them, I shared my 5 years of life; with them, we laughed and teared;with them, we explored

many facets of our world; with them, we grew into best friends.

Last, but not least, I am deeply grateful for being given the opportunity to pursue my

Ph.D degree in Physics and Astronomy Department here at UGA. Also, computing resources

provided by the UGA Research Computing Center are hereby acknowledged.

v



Table of Contents

Page

Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

Chapter

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 Fundamentals about Cellulose and Cellulases . . . . . . . . . . . 4

2.1 Cellulose Molecules and Hydrolytic Enzymes . . . . . . . 4

2.2 Substrate Morphology and Enzyme Accessibility . . . . . 5

2.3 Hydrolytic Evolution of Substrate Morphology . . . . . 9

3 General Site Ablation Model Development . . . . . . . . . . . . . 15

3.1 Surface Site Ablation Rate Equations . . . . . . . . . . . . 15

3.2 Ablation and Oligomer Rate Functions . . . . . . . . . . . 20

3.3 Chain Site Distribution Models . . . . . . . . . . . . . . . . 22

3.4 Super Chain and Chain Fragmentation Probability . . . . 24

3.5 Chain End Decomposition . . . . . . . . . . . . . . . . . . . . 30

3.6 Rate Equation Closure in the Long-Chain Limit . . . . . . 33

4 Five-Site Ablation Model Applications and Parameterizatio n . . 38

4.1 Five-Site Ablation Model in Site Number Formalism . . . 38

4.2 Five-Site Ablation Model in Chain Number Formalism . . 43

4.3 Comparisons Between Two Formalisms . . . . . . . . . . . . 45

vi



vii

4.4 Model Parameterization . . . . . . . . . . . . . . . . . . . . . 46

5 Numerical Results and Analysis . . . . . . . . . . . . . . . . . . . . 53

5.1 Testing the LP Approximation . . . . . . . . . . . . . . . . . 53

5.2 Hydrolysis Controlled by Morphology . . . . . . . . . . . 60

5.3 Two-Time Scale Behavior . . . . . . . . . . . . . . . . . . . . 63

5.4 Hydrolysis Slow-Down and Morphology Evolution . . . . 67

5.5 Enzyme Concentration Scale-Up . . . . . . . . . . . . . . . . 70

5.6 Quasi-steady state Analysis . . . . . . . . . . . . . . . . . . . 73

5.7 Degree of Synergy . . . . . . . . . . . . . . . . . . . . . . . . 78

6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91



List of Figures

2.1 Schematic illustration of SAC partitioning by SAV. . . . . . . . . . . . . . . 6

2.2 SAC elementary layer partitioning . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Prototypical SAC layer geometries . . . . . . . . . . . . . . . . . . . . . .. . 14

3.1 Homomgeneously Dirty Chain . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.2 Clean Chain Ends . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

5.1 Model comparison with mixed enzymes . . . . . . . . . . . . . . . . . . . . . 55

5.2 Model comparison with pure exo-enzymes . . . . . . . . . . . . . . . . .. . 56

5.3 Hydrolysis Controlled by Morphology - E1 system . . . . . . . . . . . . .. . 63

5.4 Hydrolysis Controlled by Morphology - E200 system . . . . . . . . . . .. . . 64

5.5 Quasi-steady state in water tank example . . . . . . . . . . . . . . . . .. . . 73

5.6 Quasi-steady state analysis . . . . . . . . . . . . . . . . . . . . . . . . . . .. 76

5.7 Degree of Synergy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

viii



List of Tables

4.1 Simulation parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

ix



Chapter 1

Introduction

Cellulose is the structural compound of many green plants, and thus considered as the most

abundant renewable biological resource (Zhang and Lynd, 2006).The abundance of cellulose

and its potential in environmental-friendly energy production attract many scientists to

study the biochemistry of cellulase enzyme systems, and many others formulate modeling

frameworks to quantitatively incorporate our understandings/speculations for engineering or

manufacture purposes.

Enzymatic hydrolysis breaks down cellulose molecules into short-chain oligomers, which

are further metabolized into biofuels. This conversion is achieved byvarious cellulase sys-

tems, which all contain three major enzyme types: endoglucanases, exoglucanases and� -

glucosidases. Endoglucanases cut at any internal� (1; 4) glucosidic bonds in insoluble glu-

cose chains; exoglucanases, however, only act on two ends of insoluble chains;� -glucosidases

have been found to hydrolyze preferably soluble oligomers into glucose (Henrissat et al.,

1998; Wood, 1975), the �nal product of hydrolysis. Thus endo- and exo-glucanases depoly-

merize long chain cellulose molecules and feed their soluble product to� -glucosidases for

�nal touch-up. The depolymerization is believed to be the rate-limiting step (Lynd et al.,

2002).

There has been extensive work done on numerical simulations of hydrolysis. Zhang and

Lynd categorized available models into four groups: nonmechanistic, semimechanistic, func-

tionally based and structurally based. Nonmechanistic models mainly serve only as data

correlations to a very limited set of experiment conditions. Semimechanistic models feature

only one substrate state variable or single enzyme activity. Structurally based models pose

1
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a challenge to develop meaningful kinetic models based on our current limited knowledge.

Among all, functionally based models lend insight into an adsorption model with multiple

substrate variables and multiple enzyme solubilizing activities (Zhang and Lynd, 2004).

However, current functionally based models have fundamental limitations inherited from

the assumption of missing spatial interactions between di�erent molecules on solid substrate.

This is as if all cellulose chains are treated e�ectively as isolated, decoupled cellulose chains,

readily to be hydrolyzed by enzymes. In real solid substrate, cellulose chains are assembled

into random shapes that only expose a fraction of its content to enzyme adsorption. Steric

obstructions among surrounding cellulose chains impose further limitations to cellulose avail-

ability. As hydrolysis progresses, enzymatic erosion exposes cellulose chains previously buried

under the suface. Consequently, thesubstrate morphology, that is, the spatial organization

of cellulose chains into a solid material, along with enzymatic fragmentation hydrolysis are

mutually dependent and profoundly a�ect each other. This interaction has been largely

neglected.

Due to a lack of knowledge concerning cellulose spatial arrangements, some semi-

mechanistic models employed a pre-determined change in substratemorphology (Converse

and Grethlein, 1987; Converse et al., 1988; Luo et al., 1997; Movagarnejad et al., 2000; Oh

et al., 2001; Philippidis et al., 1992, 1993) The respective functions are highly empirical and

non-universal.

In our proposed model, we incorporate both enzymatic fragmentation kinetics and its

coupling to concurrent hydrolysis-driven evolution of substrate morphology. For illustration

purposes, we de�ne smallest accessible compartments (SACs) as aminimal volume that is

delimited by external surfaces and by internal surfaces exposedto enzyme-accessible hydrated

interior voids of the solid substrate material. The shrinkage of SAC units are illustrated in

surface ablation formalism which correlates time evolution of morphology with enzymatic

hydrolysis of cellulose on the surface. This approach presents a better replication of real-world

hydrolysis and thus allows us to simulate to near-completion cellulose conversion.
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In this dissertation, the general site representation formalism ofenzyme hydrolytic

fragmentation coupled with morphology evolution is introduced. Itsnumerical simulation

results are then compared to its corresponding exact chain number formalism (Zhang and

Lynd, 2006). Furthermore, we will investigate into model predictions regarding hydrolyti-

cally evolving substrate morphologies, their e�ects on the hydrolysis kinetics and enzyme

synergism. Lastly, quasi-steady state analysis is given to provide an alternative approach to

large time scale hydrolysis simulation, which is also a determining factorthat sets apart our

morphological model from aforementioned non-morphological models. The distinctive short

time scale behavior vs. long time behavior lends fresh insight into a frequently observed

phenomenon in industry: initial hydrolysis rate drop (Lynd et al., 2002). Potential future

work will be brie
y discussed at the end.



Chapter 2

Fundamentals about Cellulose and Cellulases 1

2.1 Cellulose Molecules and Hydrolytic Enzymes

Cellulose is a linear condensation of D-anhydroglucopyranose (C6H10O5) monomers that

are interconnected by� (1,4)-glucosidic bonds. Such bonds create alternating directionality

between neighboring monomers, leaving even number of hydroxyl groups on each side of the

chain. Each chain has two chemically distinctive chain ends,non-reducingend (L-end) and

reducing end (R-end). Due to hydrogen bonds and van de Waal's forces, coupled cellulose

molecules form a sheet of parallel-aligned crystalline structure, (abplane) with multiple

sheets stacked perpendicularly, creating a 3-D lattice structure. (Mosier, 1999; Zhang and

Lynd, 2004) Therefore there are distinctive faces in cellulose molecules and are believed to

be directly related to enzymatic hydrolysis rate. This is due to the fact that endo-acting

hydrolytic enzymes preferentially attack from a direction perpendicular to ab plane.

Solid cellulose substrates are solubilized by hydrolytic enzymes cutting at various� (1,4)-

glucosidic bonds exposed both internally and externally. For illustrative purposes, each D-

anhydroglucopyranose monomer is denoted asG1, and with the polymer of length` conve-

niently referred asG` . The enzymatic hydrolysis then produces small fragments ofG` , some

dissolves into ambient solution and some remain on the substrate.

We adopt several simplifying assumptions for this hydrolysis kinetics(Okazaki and Moo-

Young, 1978; Zhang and Lynd, 2006). For fragments produced by enzymatic hydrolysis with

length ` smaller than a certain cut-o� value, denoted as̀ s, those are treated as instantly

1Contain contents published in Zhou W, Sch•uttler HB, Hao Z, X u Y. 2009. Cellulose hydrolysis
in evolving substrate morphologies I: A general modeling formalism. Biotechnol Bioeng 104:261-
274. Permission acquired fromBiotechnol Bioeng journal.

4
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detached from the surface and solubilized. Otherwise, for fragments longer than `s, they

remain on the substrate surface with its own new chain ends. Typical industrial `s value

ranges� 4� 7. Further depolymerization and reattachment of soluble fragments are neglected

as insoluble hydrolytic kinetics is the dominating e�ect here.

In this study, we consider a system with three glucanase enzymes produced by theTri-

chodermaspecies: cellobiohydrolase I (CBH1, Ce17A), cellobiohydrolase II (CBH2, Ce16B)

and endoglucanase I (EG1 or Ce17B). Cellobiohydrolase I/II are believed to "exo-cut" at 2nd

� (1,4)-glucosidic bond from both chain ends, producingG2 cellobiose that is immediately

dissolved into the solution. Endoglucanase I, on the other hand, randomly selects a� (1,4)-

glucosidic site within G` , resulting in G`1 and G`2 , with `1 + `2 = `. Apparently, if either `1

or `2 appears to be smaller thaǹ s, this endo-activity also results in soluble fragments. For

generality, in our modeling formalism, the foregoing three enzyme activities will be referred

as exo-L, exo-R, and endo, respectively, without reference to the speci�c microbial source

organism.

2.2 Substrate Morphology and Enzyme Accessibility

As-grown substrates are usually subject to pre-hydrolysis treatments, such as mechan-

ical grinding or thermo-chemical procedures. With the ultimate purpose of increasing

hydrolysis rate, mechanical and thermo-chemical treatments both serve to increase enzyme

accessible surfaces. For mechanical grinding, physical particle sizes are being reduced to

increase surface-to-volume ratio; whereas for thermo-chemical pretreatment, it mainly cre-

ates additional enzyme-accessibleinternal surfaces by weakening linkage, and by infusion of

water, between neighboring cellulosic �brils units (Himmel et al., 2007;Zhang and Lynd,

2004). "Swollen" internal voids are thus available to hydrolytic enzymes attacks, essen-

tially increasing the number of accessible� (1,4)-glucosidic bonds. Additionally, the removal

and/or spatial-redistribution of non-cellulosic components from thermo-chemical treatments

are proved to be bene�cial to increase hydrolysis rate as these components (e.g. lignin,
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hemicellulose and pectin) can obstructendo/exo-glucanase enzyme adsorption or cause

inhibitory competition. (Converse, 1993)

Figure 2.1: Schematic illustration of SAC partitioning by SAV. Schematic illustration
of the subdivision of a single contiguous cellulosic substrate particle into SACs by SAVs. The
particle's external surface is represented by the dot-dashline. The particle shown comprises four
SACs. SAC surfaces, comprising both external and internal surface pieces, are indicated by dashed
lines. The open void spaces between SACs are SAVs. SAVs are large enough to permit invasion by
an enzyme molecule, schematically indicated by the shaded square. Each SAC is shown to consists
of smaller irregularly shaped grains that are bounded by full lines and separated by smaller sub-
SAV-sized internal voids. These sub-SAV-sized voids that are too small to be invaded by enzymes.
Hence, SAC surfaces (dashed lines) comprise the entire enzyme-accessible surface area. Short bridges
between grains or between SACs (not shown) represent linking material which provides "solid"
structural stability to the substrate particle. Such linki ng material may consist of non-cellulosic,
surface-access-obstructing contaminants or of small bridging cellulosic components. Contaminant-
obstructed cellulosic material or surfaces are represented by " O-sites" in our model.

Previous studies (Chang et al., 1981; Weimer et al., 1990) indicate that enzyme accessible

surface area consists mostly of internal hydrated surface area. Therefore it is safe to infer a

positive relationship between hydrolysis rate and the availability of internal surface area. Sub-

micron imaging (Himmel et al., 2007) provides a direct visual con�rmation of the existence
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of a system of hydrated internal voids. Enzyme adsorption area only further justi�es our

assumption by exhibiting a much larger total adsorbing surface area than that of particle's

external geometric shape. (Bothwell et al., 1997; Gilkes et alk., 1992; Marshall and Sixsmith,

1974; Zhang and Lynd, 2004) Therefore, most hydrolytic enzymeactivity must happen on

internal voids that are su�ciently hydrated and of su�cient size, in order to permit enzyme

to invade and to access� (1,4)-glucosidic bonds internally.

There are several important parameters describing the properties of di�erent substrates:

(i) the Crystallinity Index (CrI) (ii) Degree of Polymerization (DP) an d (iii) the fraction of

enzyme-accessible� (1,4)-glucosidic bonds (Fa). Zhang and Lynd's study showed both the

type of substrate and hydrolytic pretreatments have signi�cante�ects on the aforementioned

structural features. (Zhang and Lynd, 2004). Moreover, it is experimentally impossible to

isolate the e�ects of each parameter on hydrolysis rate.

2.2.1 Crystallinity

Crystallinity (CrI) provides valuable insight of substrate's structural periodicity, and is often

correlated with substrate reactivity. Previous study revealed a negative correlation between

hydrolysis rate and crystallinity (Lynd et al., 2002), in other words,amorphous substrate with

low crystallinity undergoes hydrolytic reaction at a faster rate. Consequently, it is natural

to draw the conclusion that crystallinity increases as hydrolysis undertakes (Ooshima et al.,

1983). However, contradicting discoveries (Ohmine et al., 1983; Puls and Wood, 1991) render

crystallinity as an ine�ective indication of hydrolysis rate.

2.2.2 Degree of Polymerization (DP)

Degree of polymerization re
ects the average length of cellulose molecules in substrate,

counting by unit of anhydroglucose. In other words, degree of polymerization also denotes the
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relative abundance of terminal� (1,4)-glucosidic bonds available for exo-glucanase adsorp-

tion. Therefore, it is reasonable to predict with lower DP value thereshould be a higher

hydrolysis rate, which has been reported in previous studies. (Wood, 1975)

2.2.3 Accessibility Fraction Fa and Accessible Compartments

Fa, on the other hand, describes the fraction of� (1,4)-glucosidic bonds exposed to enzymes

across the whole substrate. It is thus a geometrical quantity that depends on both the cellu-

losic substrate morphologyand enzyme shape. Each cellulosic substrate consists of not only

cellulose molecules but inevitably also hydrated voids that likely to spanseveral orders of

magnitude (Grethlein, 1985; Marshall and Sixsmith, 1974). Smallestaccessible void (SAV),

de�ned based on enzyme size, along with external surfaces comprise of enzyme accessible

surfaces. In addition, these SAVs practically delimit the entire substrate into several sub-

division, known as aforementioned smallest accessible compartments (SAC), as illustrated

schematically in Figure(2.1). That is, by de�nition, an SAC is a minimal volume of sub-

strate material that is bounded by, but not further divisible by, enzyme accessible surfaces.

For the purpose of enzyme hydrolysis, only voids larger than SAV become relevant in our

modeling since smaller voids are inaccessible to enzymes. Therefore,it is equivalent of saying

all enzyme-accessible glucosidic bonds are exposed on the surfaceof SAC and SAC sur-

faces comprise only enzyme-accessible bonds. Overall,Fa can be viewed as a dimensionless

SAC surface-to-volume ratio, with "surface area" de�ned as accessible glucosic bonds and

"volume" as total amount of glucosidic bonds contained within each SAC. Similar to DP,

consistent evidence suggests an increasing hydrolysis rate is correlated with higherFa value.

This is pretty straightforward as the more glucosidic bonds are exposed on SAC surface, the

readier and faster substrate will undergo hydrolytic conversion.

In principle, each type of enzyme de�nes its own SAV and in turn SAC subdivision,

since each enzyme can adopt di�erent sizes. Enzyme-type-dependent SAC subdivision can
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be readily incorporated into our model. However, due to a current lack of a detailed under-

standing of substrate morphologies, and because of the similar sizes of theexo-L, exo-R, and

endoenzymes of theTrichoderma species (Grethlein, 1985), we will assume a single common

SAV and in turn SAC subdivision for all three enzymes.

2.3 Hydrolytic Evolution of Substrate Morphology

The term "substrate morphology" speci�cally refers to the random geometry of the substrate

on mesoscopic (> 10-100nm) length scales. That is, morphology refers to how cellulose chain

molecules are connected into larger units on di�erent length scales larger than the molecular

scale (e.g. molecules form �bers, �bers form larger structures, such as theSACs de�ned

above and SACs form bigger particles, etc.); and how these larger units are sized, shaped,

evolved as quanti�ede.g. by random size and/or random shape distributions.

2.3.1 Elementary Layer

During the process of hydrolysis, the substrate morphology undergoes substantial changes,

and such change in turn a�ects enzymatic hydrolysis rate. Thus, substrate morphology

and enzymatic hydrolysis are inter-dependent. In mesoscopic level, enzymes attack� (1,4)-

glucosidic bonds on SAC surfaces and gradually solubilizing cellulose molecules, resulting

in exposure of new molecules and intact bonds underneath; in macroscopic level, hydrolysis

leads to the shrinkage of SAC units that as a consequence increases its surface-to-volume

ratio.

In order to quantitatively capture the essence of time evolution ofsubstrate morphology

as well as its e�ects on hydrolysis in return, we introduce the variable that indicates the

numbering of layered structure of substrate, denoted as� . (See Figure. 2.2) With the outer-

most layer carries the largest� value, a decreasing� kinetic corresponds with the hydrolytic

inward evolution of SAC morphology. The de�nition of an elementary layer is therefore that

the fraction of material which will be solubilized and removed from SACsurface if all outer
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glucosidic bonds, and only those, are hydrolyzed and removed fromthe substrate, generating,

by de�nition, a new surface layer. Notice, this de�nition does not require any actual physical

structural layer of substrate, and only serves as an "accounting" device to keep track of how

many glucosidic bonds are exposed on the surface from the variable� .

Moreover, � should not be limited to integers. Obviously, during hydrolysis, partial solu-

bilization of the outermost layer dominate most of the time, until a new layer is completely

exposed to enzyme attack. To model such state,� should be treated as a continuous dynam-

ical (time-dependent) real variable.

2.3.2 Power Law Dependence

An essential variable in our model is the average number ofG1 monomers contained within

each SAC unit, enclosed within all layers enclosed by, and including outermost layer � , to

be denoted bynV (� ). Due to a lack of knowledge in mesoscopic morphological informa-

tion during hydrolysis, we assume substrate shape similarity beforeand during hydrolysis

shrinkage, thusnV (� ) obeys power law dependence parameterized by the volume prefactor

cV and the ablation dimension variabledA . This is illustrated by the prototypical layer

geometries shown in Fig. 2.3. ThusnV (� ) has the form:

nV (� ) = cV � dA (2.1)

The simple formulae grants us the ability to keep track of the amountof G1 left within

the substrate with only a single geometry variable� . All other information, such as overall

shape of SAC, it's linear size(s) normal to ablation direction(s), andits averageG1 monomer

density, are all compacted into the prefactorcV .

As simple as power law gets, the model can be readily equipped with other nV modeling

once more detailed morphology information become available.
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Figure 2.2: SAC elementary layer partitioning. Schematic illustration of the partitioning of
a SAC into elementary layers. The layers must be labelled by the layer number � such that the
layer with the highest � -value is the �rst one to be removed due to solubilization by the attacking
enzymes during hydrolysis.

The number of G1 monomers contained in each layer� , denoted asnM , can then be

readily expressed in terms of the di�erence betweennV (� ) and nV (� � 1):

nM (� ) = nV (� ) � �( � � 1)nV (� � 1); �(� � ) �

8
<

:

1 if � � > 0

0 if � � � 0
(2.2)
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2.3.3 Geometry Classes �

Admittedly, any real substrate will adopt various types of SAC units, whose dimensions will

likely span several orders of magnitudes. Impossible to model every single one of them, it

is wise to group them into a �nite population of several SAC "geometry classes," labeled

by subindex � (� = 1; :::MMD and MMD is the population size). Each geometry class is

modeled by its own� -variable and volume functionnV (� ). Both are then labeled by their

class index� i.e., as � � and nV ;� (� � ). In the simple power-law model Eq. (2.1), the classes

are parameterized by� -dependent volume prefactorscV ;� . The ablation dimension could also

be made class-dependent asdA;� . In our model calculations, we will not consider this case

and use the samedA for all classes.

Adopting power law dependence of Eq. (2.1), we introduce a population (� � ; dA;� ; cV ;� )

of geometry parameter variables. Within each class-� , where all SAC units share similar

geometry parameter variables, letC� denote the concentration of class-� SAC units, in units

of moles of SACs per reactor volume. Then we can rewrite the concentration of total G1-

monomers,xV ;� , and the concentration of exposedG1-monomers on SAC surface,xM ;� , for

each SAC class-� :

xM ;� = C� nM ;� (� � ); xV ;� = C� nV ;� (� � ) (2.3)

Fa;� , the "partial" fraction of sterically accessibleG1 monomers within a single geometry

class-� , and �Fa, the overall macroscopically observable steric accessibility fraction of the

entire substrate, are given by

Fa;� (� � ) =
xM ;�

xV ;�
=

nM ;� (� � )
nV ;� (� � )

; �Fa =
xM

xV
=

X

�

� � Fa;� (� � ) (2.4)

wherexM =
P

� xM ;� , xV =
P

� xV ;� and � � = xV ;� =xV .

2.3.4 Observable Simulation Parameters

�Fa serves as a bridge between modeling and real world experiments as itprovides a testable

predictions for the evolution ofFa parameter during hydrolysis. On the other hand, experi-
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mentally determinedFa values as a fraction of accessible� (1; 4) glucosidic bonds can be fed

back into our simulation as a constraint variable. For the purpose ofestimating SAC size

by our de�nition, we can substitute nV (� ) in Eq. ((2.4) with Eq. (2.1), realizing observed

Fa values are typically � 0:1 � 0:001 (Zhang and Lynd, 2004), we can approximate SAC

sizes� � dA =Fa � 20� 2000, assumingdA = 2. According to our previous assumption with

each elementary layer being the fraction of material covered only by the outermost glucosidic

bonds, and exposed at the SAC surface as a result of removal of only the outermost bonds,

it is reasonable to assume the typical thickness of an elementary layer to be the same order

of the chain order, that is, of order of the� 1nm glucose molecular size. Therefore, a typical

SAC sizes� are 20-2000nm, which is expected to exceed both typical enzyme molecular sizes

(Zhang and Lynd, 2004) and typical cellulosic �bril sizes (Himmel et al., 2007) by at least

an order of magnitude in all but the most highly accessible substrates.
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Figure 2.3: Prototypical SAC layer geometries. Prototypical SAC layer geometries illus-
trating the concept of an "ablation dimension" dA . Prototypes with ablation dimensions dA = 1 ; 2
and 3 are shown in panel (A), (B) and (C), respectively. Arrows indicate possible directions of
enzyme attack during hydrolysis. (A) Dimension dA = 1 is realized if the glucan chains within
the SAC exhibit "orientational" order with all glucan ribbo n faces oriented approximately parallel
to the layer surfaces. This would occur,e.g., in a highly crystalline substrate. Directional order is
not required for dA = 1. (B) Dimension dA = 2 is realized if the glucan chains within the SAC
are orientationally disordered, but do exhibit "directional" order, with all glucan chain directi ons
aligned approximately parallel to a common axis, corresponding to the cylinder axis in the drawing.
This would likely occur in a substrate consisting of highly aligned �bers of random glucan chain
ribbon facial orientations. (C) Dimension dA = 3 is realized if the glucan chains within the SAC are
highly disordered, both orientationally and directionall y. This would occur, for example, in highly
amorphous substrates.



Chapter 3

General Site Ablation Model Development 1

3.1 Surface Site Ablation Rate Equations

3.1.1 Site Type Classification

Our predecessors established model in which they kept track of concentrations of chains with

di�erent monomer lengths (Zhang and Lynd 2004). However, theirmodel was describing

only the process of enzymatic fragmentation of individual chains treated in isolation. Their

model, in other words, did not account for the e�ects of substrate solidity and the resulting

obstruction of enzyme access to all chains hidden below the substrate surface. It therefore

did also not capture the substrate morphology evolution and the surface chain exposure

kinetics. The latter must necessarily occur simultaneously with the enzymatic surface chain

fragmentation kinetics during a near-complete solubilization of the substrate.

Our hydrolytic surface ablation kinetics formaslim circumvented theproblem by keeping

track of the availability of di�erent � (1; 4) glucosidic bonds exposed on substrate surfaces,

categorized according to their respective positioning within each chain. Thus with a number

of pre-de�ned site types, we have successfully reduced the amount of variables to a �xed

amount regardless of system size. Each cellulose chain can be treated as a "train" of di�erent

types of "compartments", and the substrate is therefore an even bigger composite of these

basic "compartment" types. In our formalism, for convenience, we construct 7 basic site

types, namelyN -, O-, X -, Y-, Z -, L- and R-sites and labelled by a site type subindex� , as

1Contain contents published in Zhou W, Sch•uttler HB, Hao Z, X u Y. 2009. Cellulose hydrolysis
in evolving substrate morphologies I: A general modeling formalism. Biotechnol Bioeng 104:261-
274. Permission acquired fromBiotechnol Bioeng journal.
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illustrated in Figs. 3.1 and 3.2. Following the same notation as above, wethen de�ne n�;� (t)

as the time-dependent average number of accessible surface sites, of each type� , per SAC,

on SACs of geometry class-� .

The �rst �ve site types, N -, O-, X -, Y-, Z -, represent intact � (1; 4) glucosidic bonds.

Type X - (Y-) is the site where eitherexo-L- (exo-R-) or endo-acting enzyme can adsorb

and hydrolyze, and is thus locatedkX (kY ) G1-monomers from theL-end R-end) of the

chain, wherekX = 2 ( kY = 2) for cellohydrobiolase. TypeN -site, on the other hand, only

accepts adsorption from and therefore only be cut byendo-acting enzymes. TypeZ-site can

be treated as one whereX -, Y- and N - coincide on the same site, and is therefore only found

exactly in the midpoint of a chain with length ` = kX + kY � 1. Lastly, a type O-site is

one that cannot be absorbed with any type of enzyme due to stericobstruction or cannot

be hydrolyzed because of inactive adsorption. TypeL- and R-sites are the already broken

bonds residing on non-reducing and reducing chain ends respectively, and neither can further

absorb any enzyme, let alone undergo hydrolysis.

Straightforwardly, the sum ofn�;� (t) for all types should, at any timet, obey conversation

law: the weighted summation ofn�;� (t) equals the average total monomer concentration on

each SAC, of geometry class-� , nM ;� , i.e.,

X

�

w� n�;� (t) = nM ;� (� � (t)) (3.1)

where the weight factorw� represents the fraction of� (1; 4) glucosidic bonds on average

associated with each site type, and is therefore 1 for an intact bond (N -, O-, X -, Y-, Z -)

and 0.5 otherwise (L-,R-).

3.1.2 Uniform Segment Exposure

As hydrolysis progresses on real cellulosic substrate, enzyme activities solubilize the target

segment from the surface, leaving the underlying glucan chains onlypartially exposed with

the remaining part still subducted. Under the absence of experimental data elaborating the

degree of partial exposure, it is reasonable to reckon that any particular segment with length
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k on G` is as likely to be completely exposed/subducted, or partially exposedas any other

segment with the same lengthk on any other glucan chainG` , regardless of its relative

position with respect to each chain ends.

Therefore, each fully-exposed, complete chain under "Uniform Segment Exposure"

assumption can be perceived as a reassembly of di�erent pieces: For site counting purposes,

upon averaging over all SAC surfaces of the same class-� , we can construct a �ctitious

yet sterically unobstructed chain of length`, G` , based on pieces taken from several real,

partially exposed chains. This mathematically constructed chain,G` acts equivalently as a

real, fully-exposed chain with length` on SAC surface. In other words, we are not really

assuming here that all chains are either fully surface-exposed or fully subducted; but for site

counting purposes, we can treat them as if theywere. This should be kept in mind for all

following discussions as any "chain whole exposed at surface" is referred to such assembled

"whole chain on average".

Applying this assumption here, chain ends should obeyL-R-symmetry. The number of left

chain ends must, on average, equal the number of right chain ends, i.e. nL;� = nR;� . Notice,

this symmetry is based on previous "Uniform Segment Exposure" assumption. Substrates

without L-R-symmetry are in principle possible and can be readily treated in our formalism

by addition of site types markingL- and R-directed chain subduction loci.

3.1.3 Site Fragmentation Coupled Rate Functions

We are now in a position to derive a set of coupled rate equations governing hydrolytic

ablations on SAC surfaces. Let us �rst de�neV�;� to be the net rate of production of type-�

sites at the class-� SAC surfaces, due to all types of enzymatic chain fragmentation processes,

which can be further categorized into two cases:

1. A site of type� can be gained or lost as a result of hydrolytic enzyme cuts that produce

at least one insoluble substring. For ones residing on the insoluble substring, site of

type � can be created (or annihilated) due to conversion to (or from) another site of
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type � 0. For example, additional site typeX -, Y-, L-, R- and (possibly) Z -sites are

gained, andN -, as well as possiblyO-site(s), are lost due to anendo-activity at a site

at least `S monomers from either one of both pre-existing chain ends.

2. A site of type � can be lost along with a soluble chain fragment due to enzymatic cut

at site less than`S monomers away from either chain ends. Such cut can be generated

by either endo-activity or exo-activity, and all site types can be lost in this manner.

Straightforwardly, � V�;� would then be the rate of loss of type-� sites per class-� SAC during

the aforementioned processes. Each multiplied with its associated monomer fractionw� , the

sum of � V�;� over all site type-� then indicates the total rate of monomer loss from SAC

surface, denoted as� �V� .

� �V� = �
X

�

w� V�;� (3.2)

On the other hand, the total rate of monomer loss from SAC class-� can also be expressed

as d
dt nV ;� (� � (t)). Thus, setting this expression equal to�V� , and from chain rule, we arrive at:

_� � =
�V�

@� nV ;� (� � )
(3.3)

where@� ::: is shorthand for the� -derivative @
@�.

Now let's derive the native surface exposure term. Consider the removal of a small fraction

of a layer, d� � < 0, during a short time interval dt, resulting in a total monomer loss of

� dn(fra)
V ;� = � @� nV ;� d� � > 0 on SAC surface; and meanwhile, such ablation will cause a mean

shrinkage of SAC surface by� dn(fra)
M ;� = � @� nM ;� d� � monomers. Taking consideration of both

exposing underlying monomers from outermost layer ablationand geometrical shrinkage, the

net number of newly exposed monomers is thus

dn(exp)
M ;� = � dn(fra)

V ;� + dn(fra)
M ;� = � (@� nV ;� � @� nM ;� )d� � (3.4)

Of these newly exposed monomers, only a fractiong�;� consists of sites of type� , contributing

a positive increment to the type-� surface site count due to surface exposurealone. The newly
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exposed sites from surface exposure contribution is thus

dn(exp)
�;� = dn(exp)

M ;� g�;� = � �V� (1 � @� nM ;� =@� nV ;� )g�;� dt (3.5)

where we substitutedd� � with dt �V� =@� nV ;� from Eq.(3.3)

Therefore, the net increment of type-� surface sites, combining e�ects from both surface

exposure term and fragmentation term, becomesdn�;� = dn(fra)
�;� + dn(exp)

�;� . Noticing dn(fra)
�;� =

V�;� dt, Eq.(3.5) and _n�;� � dn�;� =dt, we �nally arrive at

_n�;� = V�;� � �V� � � � (� � ) � g�� (� � ) (3.6)

� � (� � ) = 1 � @� nM ;� (� � )
@� nV ;� (� � ) (3.7)

So far, we have derived a system of coupled rate equations (Eq. (3.3) and Eq. (3.6)),

describing the state of SAC surfaces during hydrolytic ablation, characterized only by two

dynamical variables� � (t) and n�;� (t).

The second term in Eq. (3.6),�V� � � (� � )g�� (� � ), denoted as surface exposure term, governs

the amount of site of type� being exposed at the surface due to removal of covering outermost

layer(s). �V� denotes net rate of monomer loss from the SAC due to ablation. Geometric

parameter � � (� � ) accounts for the shape curvature e�ect. As hydrolysis progresses inward

on SAC unit, not only volume but also surface area decreases whendA;� > 1, and as a result,

with each unit surface area being removed from the outermost layer, lessthan unit surface

area will be exposed underneath.g�� (� � ), the native site fraction function, describes the

fraction of type-� sites enclosed in SAC unit surface prior to hydrolysis as long as� < � � (t).

Apparently, the weighted sum of site fraction across all type� must be 1:
P

� w� g�;� (� � ) = 1.

The rate of production of dissolved monomers, contained in soluble oligomersGk of any

length k < ` S, per class-� SAC, is given by

_nS;� =
`S� 1X

k=1

kVS;� (k) (3.8)

where VS;� (k) is the production rate of soluble oligomersGk , per class-� SAC. The con-

struction of VS;� and V�;� requires the enzymatic bond cutting reaction rate coe�cients, the
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cellulose chain fragmentation probabilities, and the concomitant solutions of the enzyme-

substrate adsorption equilibria.

3.2 Ablation and Oligomer Rate Functions

For each hydrolytic cut, endo- or exo-acting enzymes must �rst bond with a target site and

successfully form an Enzyme-Substrate (ES) complex. Previous studies (Lynd et al., 2002;

Zhang and Lynd, 2004) assumes that the complex is formed at a much faster rate than

the actual bond cutting kinetics, and therefore an enzyme adsorption quasi-steady state is

maintained at the SAC surfaces during hydrolysis, governed by thelaw of mass action:

z�;�;� = L �;� v� y�;� (3.9)

where z�;�;� is the molar ES complex concentrations,y�;� the molar concentration of free

type-� sites exposed on class-� SAC surfaces, andv� the free type-� enzyme concentrations,

L �;� the adsorption coe�cient which is the inverse of the conventionaldesorption equilibrium

coe�cient (Zhang and Lynd, 2004). The number of ES complexes per SAC, m�;�;� , is related

to z�;�;� by a factor of C� , the SAC molar concentrations:

z�;�;� � C� m�;�;� (3.10)

The free enzyme and surface site concentrations,v� and y�;� are related to the corresponding

total concentrations,u� and x �;� � C� n�;� , respectively, by way of the total enzyme and total

site balance relations:

u� = v� +
X

�;�

z�;�;� (3.11)

x �;� = y�;� +
X

�

z�;�;� +
X

�;� 0

f �;� � � z�;� 0;� (3.12)

where f �;� � n�;� =nM ;� = x �;� =xM ;� and xM ;� � C� nM ;� . The last term in Eq. (3.12) arises

due to the face that the dimension of enzyme is greater than that of a single� (1,4) glucosidic

bond site (Zhang and Lynd, 2006). Hence, a type-� enzyme molecule, bound to a type-� 0
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surface site, will prevent further adsorption from other enzymes to sites that are located in

spatial proximity to the target type-� 0 binding site and e�ectively creating obstruction to

some number,� � , of other "collateral" surface sites. Eqs. (3.9), (3.11) and (3.12)can then

be solved simply by iteration, forv� , y�;� and z�;�;� .

However, in the low-free-enzyme limit, de�ned by the condition

X

�

� � L �;� v� � 1 for all � ; (3.13)

we can approximatey�;�
�= x �;� and evaluatev� without iteration directly from the following

equation, which can be easily derived from mass action and balance relations presented

above.

v� =
u�

1 +
P

�;� L �;� y�;�
(3.14)

Following earlier nomenclature, setV�;� as the net rate of production of type-� sites

resulting from cuts of all bond site types� subject to all enzyme types� , per SAC of class-

� . The complex formation and hydrolytic cut process can be mathematically formulated

as

V�;� =
X

�;�


 �;� m�;�;� � �N �;�;� (3.15)

� �N �;�;� =
1X

k=1

1X

k0=1

P� (k; k0j�; +1)� N �;� (k; k0) (3.16)

In Eq. (3.15), 
 �;� is the cutting rate coe�cient for an ES complex formed by enzyme type

� and substrate site type� , in units of cuts per second per ES complex. In our formalism,

� = 1; 2 or 3, representing theendo-, exo-L- and exo-R-acting glucanase, respectively. The

product, 
 �;� m�;�;� , then illustrates the cutting rate for intact bonds of site type� , having

absorbed an enzyme of type� on the surface of an SAC of class-� . � �N �;�;� contains the

information of an average change in site type-� concentration at surfaces of SAC class-� ,

as a result of cutting a bond at site type� . As mentioned before, such cut may a�ect

concentrations of several, if not all, site types.
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In Eq. (3.16), P� (k; k0j�; +1) denotes the probability of �nding an intact bond of site type

� on the surface of SAC class-� , to be locatedk monomers away from theL-nonreducing

end and k0 monomers away from the otherR-reducing end. Equivalently, it is the same

probability for a cut of a randomly selected type-� bond to generate two segments lengthk

and k0, from the L-end andR-end, respectively, for the surface-exposed chainG` of length

` = k + k0. � N �;� (k; k0) denotes the increment of type-� sites that is produced by a bond

cut generating a (Gk ; Gk0) chain fragment pair. We will elaborate further its dependence and

propose two corresponding chain site distribution models.

The production rate of soluble oligomersGk , VS;� (k), is likewise be expressed as:

VS;� (k) =
X

�;�


 �;� m�;�;�

1X

k0= `S� k

[P� (k; k0j�; +1) + P� (k0; kj�; +1)] (3.17)

The resulting oligomer production rates _nS;� from Eq. (3.8) can then be shown to obey

general monomer conservation laws.

3.3 Chain Site Distribution Models

The change in type-� site number, � N �;� (k; k0), originated from enzymatic cut at site that

generates two fragmentsGk and Gk0 can be expressed in terms ofN �;� (k), which denotes for

average number of type-� sites per insoluble cellulose chainGk . Naturally, for any soluble

chain, k < ` S, N �;� (k) should by de�nition set to 0.

� N �;� (k; k0) = N �;� (k) + N �;� (k0) � N �;� (k + k0) : (3.18)

This is easy to understand, as the increment in site type-� is simply the di�erence between

the number of site type-� on two segments (Gk , Gk0) after the cut and the number of same

site type-� on the original chainGk+ k0.

The speci�c information containedN �;� (k) must be provided as model input, and depends

on the site distribution along the chain. Here we propose two simpli�edmodels and future

calculation results will be presented based on these two models. Again, more realistic or
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complicated models can be readily built into our model upon the availability of experimental

knowledge over cellulosic chain structures.

Fig. 3.1 illustrates a simple site distribution called "Homogeneously DirtyChain" (HDC

model). The model is constructed on the assumption thatO-sites are randomly distributed

over (̀ � 1) intact bonds on chainG` at a �xed probability � O;� . The site distribution for

the rest of site types can be done through straightforward site counting, and N �;� (k) is thus

calculated as:

N (HDC)
�;� (`) =

8
>>>>>>>>>><

>>>>>>>>>>:

(1 � � O;� )(` � 3 + � `;k X + kY ) ; � = N ;

(1 � � O;� )(1 � � `;k X + kY ) ; � = X or Y;

(1 � � O;� )� `;k X + kY ; � = Z ; ` � `S � 3

1 ; � = L or R;

� O;� (` � 1) ; � = O :

(3.19)

Another more sophisticated model, known as "Clean Chain Ends" (CCE) model is illus-

trated in Fig. 3.2. As opposed to HDC model whereO-sites are randomly distributed among

all sites over the chain, leaving possibility of obstructingX -,Y-, or Z -sites, hence blocking

exo-access from enzymes, CCE restrains possibleO-sites only within an interior segment,

leaving two short terminal chain segments unobstructed. These two terminal chain segments

are designed to be of monomer lengthskL and kR away from L-end andR-end respectively.

With kL � kX + 1 and kR � kY + 1, we assured that no obstruction will preventexo-access

to X -,Y-sites to occur due to near-endO-sites. As far as interior segment goes, it only exists

for chain lengths` � kL + kR, and contains` � kL � kR + 1 bonds. And in CCE model,� O;�

is the fraction of interior chain segment sites that areO-sites, with the complement being

N-sites. Based on these model assumptions, we getN �;� (`) in the CCE model for insoluble
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chainsG` with ` � `S > 3, kL > k X and kR > k Y :

N (CCE)
�;� (`) =

8
>>>>>>>>>><

>>>>>>>>>>:

` � 3 + � `;k X + kY � � O;� max(` � kT ; 0) ; � = N ;

1 � � `;k X + kY ; � = X or Y;

� `;k X + kY ; � = Z ;

1 � = L or R

� O;� max(` � kT ; 0) ; � = O;

(3.20)

wherekT = kL + kR � 1.

The chain site number functionsN �;� (`) are actually closely related with the conditional

site type probabilities P� (� jk; k0; � ), which will be introduced in the next section.

3.4 Super Chain and Chain Fragmentation Probability

3.4.1 Super Chain

We are �rst going to construct purely �ctitious Super Chain for the purpose of a mathemat-

ically accounting device and later aid in the process ofP� (k; k0j�; +1) derivation from chain

length distribution P� (`).

Now assume we have a su�ciently large collection of chains, with random chain lengths

` drawn according toP� (`) and sample sizeNL ! 1 . Have theseNL ! 1 chains to be

concatenated, in random order, into a "superchain" in a way that the L-end of one chain

is bonded with R-end of another to form an imaginary bond, referred to as a "� 1-bond",

while all intact, real internal bonds between monomers inside each chain are referred to as

"+1-bonds". According to this de�nition, we therefore assign each bond a "bond integrity"

variable � with � = +1 for bonds inside chains (i.e. for N; X; Y; Z , or O-sites) and� = � 1

for the bonds between adjacent chain ends (i.e. for a pair of adjacentL; R -sites).

3.4.2 Derivation of Chain Fragmentation Probability P� (k; k0j�; +1)

Both average increment in site type-� , � �N �;�;� , and site number rate functions,V�;� , among

many others are expressed in terms of chain fragmentation probabilities P� (k; k0j�; +1).
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Figure 3.1: Homomgeneously Dirty Chain. Distribution of the seven site types
N; X; Y; Z; L; R; O along glucan chains of monomer lengths̀ = 9 (A) and ` = 5 = kX + kY

(B) in the "homogeneously dirty chain" (HDC) model. Both exa mples (A) and (B) are for a hypo-
thetical system of endo-, exo-L - and exo-R-acting enzymes withexo-L - and exo-R-cuts to produce
soluble oligomers of lengthskX = 2 and kY = 3 from the L- and R-end, respectively. Square boxes
represent � (1,4) glucosidic bonds betweenG1 monomers; vertical lines separating boxes represent
the G1 monomers themselves. Bonds labelled with lettersN; X; Y or Z in shaded boxes, are either
of the site type indicated by the letter, with probability 1 � � O;� ; or they are of site type O, with
probability � O;� . Only chains of lengths ` � kX + kY + 2 have an "interior segment", indicated
in (A) by the horizontal bar labelled "I". Vertical arrows ar e fragmentation examples: the (k; k0)
labels indicate the monomer lengthsk and k0 of the resulting L- and R-end fragments if the bonds
pointed to were cut.
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Figure 3.2: Clean Chain Ends. Distribution of the seven site types N; X; Y; Z; L; R; O along
glucan chains of monomer lengths̀ = 12 (A), ` = 8 = kL + kR � 1 (B), and ` = 5 = kX + kY (C), in
the "clean chain ends" (CCE) model. Notation and graphical representation of bonds, monomers,
interior chain segment, and possible fragmentation examples are the same as in Figure 4, with the
same hypothetical values ofkX = 2 and kY = 3, respectively, in all three examples (A), (B) and
(C). The assumed clean chain end segments (kept free ofO-sites) have monomer lengthskL = 4
and kR = 5, counted from the L- and R-end respectively. Bonds labelled with lettersN in shaded
(grey) boxes, are either of the site typeN , with probability 1 � � O;� ; or they are of site type O,
with probability � O;� . Bonds labelled with letters N; X; Y or Z in unshaded (white) boxes, are of
the site type indicated by the letter with probability 1. Onl y chains of lengths` � kL + kR have
an "interior segment", indicated in (A) by the horizontal ba r labelled "I". Only a bond within an
interior chain segment can of site typeO (with probability � O;� ).
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In this section, we will construct chain fragmentation probabilities through surface chain

length probabilities P� (`) and conditional site type probabilitiesP� (� jk; k0; +1), using Bayes'

theorem.

P� (`) is a time-dependent variable that describes the probability of randomly selected

insoluble glucan chain, exposed on surface of class-� SAC, to be comprised of̀ G1 monomers.

P� (� jk; k0; +1), on the other hand, is the probability for a selectedintact bond (� =

N ,X ,Y ,Z ,O), at a position k monomers away from theL-end andk0 monomers away from

the R-end, to be of type� . Thus, P� (� jk; k0; +1) contains information about the site type

distribution along the glucan chain, and similar toN �;� (`), must be provided as model input.

Consider �rst the site type fractions, f �;� , de�ned as the ratio between number of site

type-� on all SAC surfaces of class-� over number of all site types on these same SAC

surfaces.

f �;� =
n�;�

nM ;�
(3.21)

Next, de�ne P� (k; k0; � ) to be the probability that a randomly selected bond on a superchain

to be a � bond (� = � 1), located at k monomers away from its nearestL-end (i.e. nearest

� = � 1 bond to its left) and k0 monomers away from its nearestR-end (i.e. nearest� = � 1

bond to its right). Therefore, we are in a position to write outP� (k; k0; � ) in terms of site

type fractions and surface chain length probabilities:

P� (k; k0; � ) = � �; +1 f L;� P� (k + k0) + � �; � 1f L;� P� (k)P� (k0) (3.22)

This equation can be conceived in two scenarios. First, if� = +1, P� (k; k0; � ) is equivalent

of a probability �nding intact bond (bond type � = N; X; Y; Z; O ) on a chain whose total

length is k + k0. This probability is then simply the product of probability �nding the ch ain

L-end, f L;� , and probability of that chain to have total length k + k0, P� (k + k0). Similarly, if

� = � 1 (bond type � = L; R), P� (k; k0; � ) is the probability to �nd speci�cally L- or R-end


anked in between two chains with length equal tok and k0, respectively. Notice, we used the
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L-R-symmetry adopted earlier where it gives usf L;� = f R;� . Also, it can be easily veri�ed

that,
P

k;k 0� 1

P
� = � 1 P� (k; k0; � ) = 1.

Next we are in a position to introduce "conditional site type probability, given fragments,"

denoted byP� (� jk; k0; � ). This is a probability for a randomly selected site type to be� , given

that its bond integrity is � ; located k monomers away from nearestL-end to its left and k0

monomers away from nearestR-end to its right. Apparently P� (� jk; k0; � ) also depends on

chain site distribution probabilities, and we are now going to give its format according to

models we discussed earlier (HDC and CCE models). As we de�ned earlier, � = +1 bonds on

superchain corresponds to intact glucan bond types (N ,X ,Y ,Z or O) while � = � 1 bonds on

superchain maps intoL-,R-ends with probability 1/2 ( � = L or R). The latter is consistent

with the assignment of monomer weightsw� = 1=2 for � = L or R introduced in Eq. (3.1).

Following the same HDC and CCE model descriptions illustrated in Fig. 3.1and 3.2,

P� (� jk; k0; � ) is given as:

P (HDC)
� (� jk; k0; � ) =

8
>>>>>>>>>>>>>><

>>>>>>>>>>>>>>:

� �; +1 (1 � � O;� )(1 � � k;k X )(1 � � k0;kY ) ; � = N ;

� �; +1 (1 � � O;� )� k;k X (1 � � k0;kY ) ; � = X ;

� �; +1 (1 � � O;� )(1 � � k;k X )� k0;kY ; � = Y ;

� �; +1 (1 � � O;� )� k;k X � k0;kY ; � = Z ;

� �; +1 � O;� ; � = O;

� �; � 1=2 ; � = L; R ;

(3.23)



29

with � O;� de�ned as in section 3.3, Eq. (3.19); and

P (CCE)
� (� jk; k0; � ) =

8
>>>>>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>>>>>:

� �; +1 (1 � � k;k X )(1 � � k0;kY )

[1 � � O;� �( k � kL + 1)

�( k0 � kR + 1)] ; � = N ;

� �; +1 � k;k X (1 � � k0;kY ) ; � = X ;

� �; +1 (1 � � k;k X )� k0;kY ; � = Y;

� �; +1 � k;k X � k0;kY ; � = Z ;

� �; +1 � O;� �( k � kL + 1)

�( k0 � kR + 1) ; � = O;

� �; � 1=2 ; � = L; R ;

(3.24)

with �(� k) � 0 (� 1) for � k � 0 (> 0), and with � O;� de�ned as in section section 3.3,

Eq. (3.20). Note that in the case of a "clean" cellulosic substrate,i.e., in the absence of

O-sites (� O;� � 0), the HDC and CCE models become identical. Therefore, for the purposes

of fragmentation kinetics, P� (� jk; k0; � ) comprises the complete mathematical description

of the chain site distribution model in the superchain language. Fromtheir shared depen-

dence on site distribution along the chain,P� (� jk; k0; � ) and N �;� (k) are related mathe-

matical language from di�erent perspective and are thusNOT totally independent of each

other. Straightforwardly, P� (� jk; k0; � ) and N �;� (k) must adhere to the following site number

counting relations:

N �;� (`) = �( ` � `S + 1)
` � 1X

k=1

P� (� jk; ` � k; +1) for � = N; X; Y; Z; O (3.25)

with �(� `) � 0 (� 1) for � ` � 0 (> 0). Thus, P� (� jk; k0; � ) completely determinesN �;� (k)

for intact bond types � . In addition, of course,P� (� jk; k0; � ) must be normalized according

to
P

� P� (� jk; k0; � ) = 1.

Finally, we are equipped with everything we need to construct "conditional fragmentation

probability, given the site type", P� (k; k0j�; � ). It describes that given the bond is a� -bond

andof site type-� , what is the probability a hydrolytic enzyme cut on that bond will generate

k and k0 monomers from its nearest� 1-bond to the left and to the right, respectively.
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According to Bayes' Theorem, we have the following:

P� (k; k0j�; � ) =
P� (k; k0; �; � )

P� (�; � )
=

P� (� jk; k0; � ) � P� (k; k0; � )
P� (�; � )

(3.26)

where the unconditional site type probabilityP� (�; � ) is given by:

P� (�; � ) =
X

k;k 0� 1

P� (k; k0; �; � ) =

8
<

:

� �; +1 f �;� for � = N; X; Y; Z; O

� �; � 1f �;� =2 for � = L; R
(3.27)

Of course,P� (k; k0j�; � ) has to be normalized to
P 1

k=1

P 1
k0=1 P� (k; k0j�; � ) = 1.

Inserting Eqs. (3.26) and (3.27) with� = +1 into Eqs. (3.16) and (3.17), immediately

yields the following two equations: [via Eq. (3.15)]

V�;� =
X

�;�


 �;� m�;�;� (nL;� =n�;� )

�
1X

k;k 0=1

� N �;� (k; k0) P� (� jk; k0; +1) P� (k + k0) (3.28)

VS;� (k) =
X

�;�


 �;� m�;�;� (nL;� =n�;� )

�
1X

k0= `S� k

[P� (� jk; k0; +1) + P� (� jk0; k; +1)] P� (k + k0) : (3.29)

Eq. (3.28) and Eq. (3.29) provide a gateway for us to assessV�;� and VS;� (k) from a complete

pro�le of surface chain length distribution as well as their time evolution trajectory.

3.5 Chain End Decomposition

Given the realistic variables of cellulosic substrate, the longest chainlength `max could easily

go up to hundreds, if not thousands, rendering the task of evaluating a complete pro�le of

chain length probabilities too time-consuming. In this section, however, we will introduce

an approximation where the chain number probability variables,P� (`) doesNOT need to

be fully determined for the purpose of calculating rate functionsV�;� and VS;� (k). In order

to do so, we �rst need to dissect the chain into �ctitious functionalsegments to isolate the

e�ects of near-chain-end sites, where bothexoand endo-activity may occur, from the chain
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interior sites, where onlyendo-activity occurs. The underlying assumption justifying such

decomposition is "chain homogeneity" and "chain end locality," that the chain is su�ciently

long with respect to the length of chain ends, so that its interior is practically homogeneous

and una�ected by chain end e�ects.

Formally the decomposition can be expressed as:

P� (� jk; k0; +1) = p(I)
�;� + � L (k)p(L)

�;� (k) + � R(k0)p(R)
�;� (k0) + � L (k)� R(k0)p(S)

�;� (k; k0) (3.30)

where p(I)
�;� , p(L)

�;� (k), p(R)
�;� (k0) and p(S)

�;� (k; k0) stand for contributions from chain interior (I ),

chain end (L, R) and short-chain (S) (` � `LR � `L + `R � 1) respectively; � L (k) � �( `L � k)

and � R(k0) � �( `R � k0) are the cut-o� factors. `L (`R) signi�es the maximum range of

chain-end e�ects from L-(R-) ends: it is thus to say, for sites positioned̀ > ` L (> ` R)

monomers away fromL-end (R-end), terminal e�ects would no longer be relevant to their

physical properties. For chains of length̀ � `LR , this decomposition essentially dissects

each one into three segments, illustrated in Figures 3.1A and 3.2A: aninterior ( I -) segment

with ` � `LR intact bonds, 
anked by two terminal segments. (L-segment with`L monomers

and R-segment with `R monomers). These four chain segments can be straightforwardly

evaluated from the underlying chain site distribution model (HDC, CCE)discussed earlier,

with `L = kX +1 and `R = kY +1 for HDC model ; and `L = kL and `R = kR for CCE model.

One critical point following such formality: for chain length` = k + k0 > ` LR (k � `L and

k0 � `R), P� (� jk; k0; +1) collapses into one single termp(I)
�;� and is thus independent ofk or

k0. Similarly, for L-terminal sites with k < ` L and k0 � `R, P� (� jk; k0; +1) = p(I)
�;� + p(L)

�;� (k)

is independent ofk0; and for R-terminal sites with k0 < ` R and k � `L , P� (� jk; k0; +1) =

p(I)
�;� + p(R)

�;� (k0) is independent ofk.

Substitute k0 with ( ` � k) in Eq. (3.30), and through Eq. (3.25) we de�ned earlier,

formally the chain site counting functionsN �;� for intact bond sites (� = N ,X ,Y,Z ,O) can be
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decomposed into:

N �;� (`) = b�;� ` + a�;� + � T (`)d�;� (`) (3.31)

b�;� = p(I)
�;� (3.32)

a�;� = � p(I )
�;� +

X

k� 1

[� L (k)p(L )
�;� (k) + � R(k)p(R)

�;� (k)] (3.33)

with d�;� (`) � N �;� (`) � b�;� ` � a�;� ; and � T (`) = �( `T � `) where `T � max(`S; `L + `R � 1).

Eq. (3.31) also applies to partial site type� = L and R, with a�;� = 1 and b�;� = 0, since

NL;� (`) = NR;� (`) � 1 for all ` � `S. In the HDC and CCE chain site distribution models

discussed above, onlyN - and O-sites can have a non-zerò-linear contribution, namely,

bN;� = 1 � � O;� and bO;� = � O;� , respectively, whileb�;� = 0 for all site types which are

restricted to near-chain-end locations,i.e., for � = X; Y; Z; L; R .

Then from Eqs. (3.30) and (3.31)via Eq. (3.18), the average increment functions ��N �;�;�

are decomposed into

� �N �;�;� = (1 =n�;� )[A �;�;� nM ;� (� � ) + ( B �;�;� + D �;�;� )nL;� ] (3.34)

with A �;�;� , B �;�;� and D �;�;� explicitly expressed as:

A �;�;� = a�;� p(I)
�;�

B �;�;� = � a�;� p(I)
�;� + 2

P `T � 1
k=1 d�;� (k)p(I)

�;�

+
P `L � 1

k=1 [a�;� + d�;� (k)]p(L)
�;� (k) +

P `R � 1
k0=1 [a�;� + d�;� (k0)]p(R)

�;� (k0)

D �;�;� = �
P

k� 1[� L (k)p(L)
�;� (k)(a�;� + d�;� (k))

+� R(k)p(R)
�;� (k)(a�;� + d�;� (k))

+2� T (k)p(I)
�;� d�;� (k)]

P k
`=1 P� (`)

+
P

k;k 0� 1[� T (k)� R(k0)d�;� (k)p(R)
�;� (k0)

+� T (k0)� L (k)d�;� (k0)p(L)
�;� (k)

+� L (k)� R(k0)(a�;� + d�;� (k) + d�;� (k0))p(S)
�;� (k; k0)

� � T (k + k0)d�;� (k + k0)P� (� jk; k0; � )]P� (k + k0)

(3.35)

It is critical to notice that A �;�;� and B �;�;� are contributions from cutting chains of any

length, and are thus constants,i.e. independent of any chain length probabilitiesP� (`) or
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other dynamical variables.D �;�;� , on the other hand, is constructed based on chain length

probabilities, but only thoseP� (`) with ` � `C, where`C � `T + max( `L ; `R) � 2.

By way of Eq. (3.15), we are in a position to write out chain-end decomposition for the

rate function V�;� with the same variables we constructed above:

V�;� =
X

�;�


 �;� (m�;�;� =n�;� )[A �;�;� nM ;� (� � ) + ( B �;�;� + D �;�;� )nL;� ] (3.36)

Analogously but without detailed derivations, rate equations for soluble oligomers fork < ` S

are given as:

VS;� (k) =
P

�;� 
 �;� m�;�;� (nL;� =n�;� )[BS;�;� (k) + DS;�;� (k)] (3.37)

The BS;�;� (k) again denote constant coe�cients which do not depend on anyP� (`) or other

dynamical variables, whereas theDS;�;� (k)-contributions depend explicitly only on short-

chain number variablesP� (`) with ` � max(`L ; `R) � 1 � `C, as follows:

BS;�;� (k) = 2 p(I)
�;� + � L (k)p(L)

�;� (k) + � R(k)p(R)
�;� (k)

DS;�;� (k) =
P

k0� `S� k [� L (k0)p(L)
�;� (k0) + � R(k0)p(R)

�;� (k0)

+� L (k)� R(k0)p(S)
�;� (k; k0)

+� R(k)� L (k0)p(S)
�;� (k0; k)]P� (k + k0)

(3.38)

Overall, it is clearly shown in aforementioned derivations that under chain-end decom-

position, � �N �;�;� and thus rate equationsV�;� , VS;� become dependentonly on short chain

length probabilities P� (`) with ` � `C via the D-contributions while contributions from all

other longer-chain probabilities have been completely absorbed intosite number variables

n�;� and nM ;� (� � ).

3.6 Rate Equation Closure in the Long-Chain Limit

3.6.1 Rate Equations for Chain Number Variables H � (`) with Chain End

Decomposition

Before we set out to solve rate equations forP� (`) for short chains, we �rst develop a set

of rate equations similar to rate equations we developed for site number formalism before.
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Chain number variable is de�ned asH � (`) � P� (`)nL;� , and is thus time-dependent (H � (`) �

H � (`; t )). H � (`) describes the average number of insoluble glucan chainsG` exposed on SAC

surface of length` � `S , per class-� SAC. Following the same de�nition, for all ` < ` S,

H � (`) � 0.

All surface site number variables we developed earlier can now be expressed in terms of

H � (`) as well:

nM ;� (� � ) =
1X

`= `S

` H � (`); n�;� =
1X

`= `S

N �;� (`)H � (`) (3.39)

Thus, with these three equalities, we have equipped ourselves with tools to bridge between

site number formalism and chain number formalism.

Analogous to site ablation rate equations (3.3) and (3.6), we can write out rate equations

for chain number formalism as:

_H � (`) = VH;� (`) � �V� � � (� � )Q� (`; � � )=
1X

j = `S

jQ � (j; � � ) (3.40)

VH;� (`) = �
1X

k;k 0=1

V� (` ! k; k0) +
1X

k=1

1X

j = `+1

[V� (j ! k; `) + V� (j ! `; k )] (3.41)

V� (` ! k; k0) =
X

�;�


 �;� m�;�;� P� (k; k0j�; +1) � `;k + k0 (3.42)

Similar to corresponding terms in Eq. (3.6), ther.h.s. of Eq. (3.40) is comprised of both

fragmentation term and surface exposure term.VH;� (`) gives the rate of production and

consumption of chains of length̀ due to enzymatic bond cutting events (fragmentation);

and the second term contributes the rate of exposure of new chains due to the removal of

overlaying material (surface exposure).Q� (`; � ) is the native (pre-hydrolysis) chain length

distribution of substrate material in layer � , that is time-independent and pre-determined,

and should be fed into our model as a morphological model input.V� (` ! k; k0) is the rate,

per SAC, at which surface-exposed chainsG` on class-� SACs are being cut into fragmentsGk

and Gk0, from the original chainL- and R-end, respectively. As in the site number formalism,

the volume ablation rate �V� and � � (� ) are again given by Eq. (3.2), but withV�;� now being
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expressed in terms ofVH;� (`) by

V�;� =
1X

`= `S

N �;� (`)VH;� (`) (3.43)

So far we have assembled a closed ODE system, consisted of Eqs. (3.40) for all chains

` � `S and � rate equation given by Eq. (3.3).

Actually if we substitute Eq. (3.39) with the native site-type fractions g�;� (� ) given by

gL;� (� ) = 1 =[
P 1

`= `S
` Q � (`; � )]

g�;� (� ) = gL;� (� )
P 1

`= `S
N �;� (`) Q� (`; � ) :

(3.44)

The chain number rate equation system Eq. (3.40) is mathematicallyexactly equivalent to

the site number rate equations Eq. (3.6). Via relationships betweensite number formalism

and chain number formalism given at the beginning of this subsection,the full chain length

distribution P� (`) can thus be completely determined.

Then we apply chain end decomposition, applying Eq. (3.30) to decomposeVH;� (`) we

arrive at:

VH;� (`) =
X

�;�


 �;� m�;�;�
nL;�

n�;�
[� N �;� (`)P� (`) + BH;�;� (`) + DH;�;� (`)] (3.45)

where

BH;�;� (`) = [ p(L)
�;� (`)� L (`) + p(R)

�;� (`)� R(`) + 2 p(I)
�;� ](1 �

P `
j =1 P� (j ))

DH;�;� (`) =
P `+ `E

j = `+1

�
[p(S)

�;� (`; j � `)� L (`) + p(R)
�;� (j � `)]� R(j � `)

+[ p(S)
�;� (j � `; ` )� R(`) + p(L)

�;� (j � `)]� L (j � `)
	

P� (j )

(3.46)

Here,`E = max( `L ; `R) � 1 � `C, and DH;�;� (`) contains information regarding production of

G` -chains limited to hydrolysis of "nearby" longer chain lengthsj , with ` + `E � j � ` + 1.

On the other hand, it is equivalent to say if we want to solve for chain number rate equations

for VH;� (`), (and henceH � (`)), up to some short chain cut-o� `D , only the lower partition of

completeP� (j ) ( j � ` + `E), along with site number variablesn�;� are needed for calculation.

All other longer chain length contributions are, again, completely absorbed into n�;� and

nM ;� (� � ).
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3.6.2 Local Poisson Approximation in the Long Chain Limit

With a set of equations governing chain number variablesH � (`), we now need to construct

a closed system of coupled rate equations involvingonly short-chain number variable con-

tributions for ` up to short chain cut-o� `D mentioned above, along with site number rate

equations derived as in Eqs. (3.6) and (3.3). Here we propose LocalPoisson (LP) approxi-

mation scheme under Long Chain Limit (LCL), de�ned as follows:

1. At the beginning of hydrolysis, timeto, the vast majority of cellulose chains are found to

have length much greater than our preassigned short chain cut-o� `C. (The superscript

labeling (o) signi�es initial values at the start of hydrolysis, here and in the following,

for all quantities so labeled.) In other words, the probabilities of �nding short chain

lengths on SAC surfaces are negligible.

2. The short chains are mainly being produced due toendo-cuts from chains with much

longer lengths,Gj with j � `C. In addition, chain length (` > ` C) within the same

magnitude as`C are being generated in the same fashion, i.e. fromendo-cuts on much

longer chains.

Consequently for that pool of short chains, one should expect the chain number variables

H � (`) to be a slow varying function of`. That is to say, given two neighboring chain number

variables,e.g. H � (`D ) and H � (`D � 1), according to a preset extrapolation scheme, one can

estimate chain number variable at its near neighborhood, say in this caseH � (`D + 1). This

provides an estimation method that can extrapolate chain number variables for longer chain

lengths (̀ > ` D ) from those for short chains̀ S < ` � `D .

Our proposed Local Poisson (LP) approximation utilizes a linear extrapolation of chain

number logarithm, logP� (j ), given as:

P� (j ) ' P� (`D )
h P� (`D )

P� (`D � 1)

i j � `D

for j = `D + 1; :::; `D + `E (3.47)

with P� (`) � H � (`)=nL;� for ` � `D . Again, any reasonably proposed approximation can be

readily incorporated into our model.
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With LP approximation, we have successfully completed a closed ODE system, for the

site number formalism, consisting of Eqs. (3.6), (3.3), (3.2), (3.15), (3.34) (3.35) (3.46) and

(3.47); of Eqs. (3.40), and (3.45), for̀ = `S; :::; `D . The independent dynamical variables of

this ODE system are then�;� , � � and short-chain numbersH � (`), ` = `S; :::; `D .

The foregoing ODE system is subject to the initial conditions, at starting time to:

n�;� (to) = g�;� (� o
� )nM ;� (� o

� ) (3.48)

� � (to) = � o
� (3.49)

H � (`; t o) = � Q nL;� (to) for ` = `S; :::; `D (3.50)

Following the assumption under Long Chain Limit, we thus restrict ourselves to native chain

length distributions without short chains, i.e., Q� (`; � ) = � Q for ` � `D , with near-zero � Q

(e.g. 10� 20, but cannot be exact zero for computational purposes).



Chapter 4

Five-Site Ablation Model Applications and Parameterization 1

4.1 Five-Site Ablation Model in Site Number Formalism

We have so far developed a general cellulose hydrolysis model with site ablation in terms of

site number variablesn�;� . For the purpose of direct comparison to experimentally measurable

variables, we are going to develop such general framework into onewith consideration of only

�ve site types (� = N; X; Y; L and R), as well as work under molar site concentrations,

x �;� � C� n�;� : (4.1)

Similarly, we introduce G� (`), the molar concentrations of chains with length̀ that are

exposed on the surface of SAC class-� . Relating to earlier variables,G� (`) satis�es G� (`) �

C� H � (`) = xL;� P� (`). Due to the absence ofZ - and O-sites, we have

xL;� = xR;� = xX;� = xY;� (4.2)

xM ;� (� � ) = xN;� + 3xL;� (4.3)

xV ;� (� ) � C� nV ;� (� ) = BV ;� � dA ;� (4.4)

xM ;� (� ) � C� nM ;� (� ) = xV ;� (� ) � xV ;� (� � 1) �( � � 1) (4.5)

where BV ;� � C� cV ;� are the molar volume prefactors and �(� � 1) � 1 (� 0) if � � 1

(� < 1). As discussed later,BV ;� is determined via the initial total molar fraction of substrate

contained in class-� SACs, average layer number for class-� SACs and ablation dimension

1Contain contents published in Zhou W, Hao Z, Xu Y, Sch•uttler HB. 2009. Cellulose hydrolysis
in evolving substrate morphologies II. Numerical results and analysis. Biotechnol Bioeng 104:275-
289. Permission acquired fromBiotechnol Bioeng journal.
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for the same class. Note that the� � = � � (t) are time-dependentvariables denoting the

outermost (surface) layer number of hydrolytically evolving SACs inclass-� , whereas� is an

independentvariable denoting any layer number in the interior or surface of a SAC.

Aside from representing the molar concentrations ofG1 monomers exposed on the surface

and total amount in substrate of SAC class-� , xM ;� and xV ;� can also be conceived as the

amount of enzyme-accessible solid substrate surface area and the amount of the total solid

substrate volume, measured in units of some appropriate averagearea or volume perG1

monomer, respectively, for class-� SACs. We will hereafter also refer toxM ;� and xV ;� as

the class-� "SAC surface" and "SAC volume", respectively. The total insolublesubstrate

monomer contentxV and the total surface monomer concentrationxM , counting across all

SAC classes, are given as follows

xV =
M MDX

� =1

xV ;� (� � ); xM =
M MDX

� =1

xM ;� (� � ) (4.6)

Under the foregoing simpli�cations, we are now able to assemble a setof rate equations for

site number formalism that governs site molar concentrationsx �;� , SAC outer layer number

� and for a handful of short-chain concentrationsG� (`):

_xN;� = RN;� � �R� � � (� � ) gN;� (� � ) (4.7)

_xL;� = RL;� � �R� � � (� � ) gL;� (� � ) (4.8)

_� � = �R� =@� xV ;� (� � ) = �R� =(BV ;� dA;� � dA ;� � 1
� ) (4.9)

_G� (`) = � N;� xL;�

�
2 � 2

`X

k= `S

P� (k) � (` � 1) P� (`)
�

+� X;� xL;�

�
P� (` + kX ) � P� (`)

�

+� Y ;� xL;�

�
P� (` + kY ) � P� (`)

�
for ` = `S; :::`D (4.10)

where`D � `C with `C = `S + max( kX ; kY ) � 1 and

� � (� � ) � 1 � @� xM ;� (� )=@� xV ;� (� ) = �( � � � 1) (1 � 1=� � )dA ;� � 1 : (4.11)
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The enzyme chain cutting rate factors are

� N;� = 
 1;N L1;N v1
yN;�

xN;�
(4.12)

� X;� = 
 2;X L2;X v2
yX;�

xX;�
+ 
 1;N L1;N v1 (

yX;�

xX;�
�

yN;�

xN;�
) (4.13)

� Y ;� = 
 3;Y L3;Y v3
yY;�

xY;�
+ 
 1;N L1;N v1 (

yY;�

xY;�
�

yN;�

xN;�
) (4.14)

where 
 �;� is the cutting rate coe�cient de�ned earlier; L �;� is the adsorption coe�cient

for (� , � ) ES complex; v� is the free type-� enzyme concentration; andy�;� , x �;� being

concentrations of free type-� sites and all exposed type-� sites on class-� SAC surfaces

respectively. In addition, we are following the same convention set before that � =1, 2, or 3

representing theendo-, exo-L- and exo-R-acting glucanase, respectively.

Since endo- acting enzyme can attack any sites other thanL- or R-ends, we thus set


 1;X = 
 1;Y = 
 1;N and likewise L1;X = L1;Y = L1;N . We set all L �;� - and 
 �;� -values

according to a table listed further below (Table 1), and any variable not listed there will be

set to 0. The concentrations of free substrate sites and free enzymes,y�;� and v� , respectively,

are in general obtained as functions of the corresponding total concentrationsx �;� and u� ,

by iterative solution of the coupled non-linear enzyme adsorption equilibrium equations.

However, in the low-enzyme limit, we can approximatey�;�
�= x �;� and

� N;�
�= 
 1;N L1;N u1 = [1 + L1;N

X

� 0

(xM;� 0 � xL;� 0)]

� X;�
�= 
 2;X L2;X u2 = (1 + L2;X

X

� 0

xL;� 0) (4.15)

� Y ;�
�= 
 3;Y L3;Y u3 = (1 + L3;Y

X

� 0

xL;� 0)
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Then, the fragmentation rate functionsR�;� and �R� are given in terms of :

RN;� � C� VN;� = � N;�

�
� 3xN;� + ( � `2

S + 7`S � 12) xL;�

�

� � X;� kX xL;� � � Y ;� kY xL;�

+� X;� xL;�

`S+ kX � 1X

`= `S

(3 + kX � `) P� (`)

+� Y ;� xL;�

`S+ kY � 1X

`= `S

(3 + kY � `) P� (`) (4.16)

RL;� � C� VL;� = � N;�
�
xN;� � (2`S � 4) xL;�

�

� � X;� xL;�

`S+ kX � 1X

`= `S

P� (`)

� � Y ;� xL;�

`S+ kY � 1X

`= `S

P� (`) (4.17)

�R� � C�
�V� = RN;� + 3RL;� (4.18)

Here, the requiredP� (`) can be calculated fromG� (`) = xL;� P� (`), via Eqs. (4.10) for all

short G� (`) chains, ` = `S:::`D . For longer chains, we can estimate through LP extrapolation

approximation:

P� (j ) = P� (`D ) [P(`D )=P(`D � 1)]j � `D for j = `D + 1; :::`D + `E (4.19)

with `E = max( kX ; kY ). For cellohydrobiolases, we must usekX = kY = 2 for the exo-cutting

sites.

Hence`L = `R = kX + 1 = 3, `C = `S + kX � 1 = `S + 1, and `E = 2. By choosing`D = `C,

we then have only two short-chain molar concentration variables tosolve for in Eq. (4.10):

G� (`S) = xL;� P� (`S) and G� (`S + 1) = xL;� P� (`S + 1), for each SAC class-� .
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The dynamical variables in the LP site number formalism for our �ve-site model are

subject to the following initial conditions

xL;� (t (o) ) = gL;� (� (o)
� ) xM;� (� (o)

� ) (4.20)

xN;� (t (o) ) = xM;� (� (o)
� ) � 3xL;� (t (o) ) (4.21)

� � (t (o) ) � � (o)
� : (4.22)

G� (`; t (o) ) = 10 � 20 xL;� (t (o) ) for `S � ` � `D (4.23)

Under Long Chain Limit (LCL), we assumed vast majority of chains are initially of length

much greater than`C, and thus native substrate should not contain any short chains, with

length ` � `C. Therefore, the short-chain rate equations (4.10) do not contain any surface

exposure term, but only fragmentation contributions. We also assume � -independent native

site type-� fraction g�;� , i.e., g�;� (� � ) � g�;� (� (o)
� ) and

gL;� (� (o)
� ) = 1 =DP (o) (4.24)

whereDP (o) is the initial degree of polymerization and can be obtained from experiments.

From above equations, it can be seen that

_xV ;� = � _xS;� = �R�

_xM ;� = �R� [1 � � � (� � )] (4.25)

Here, xS;� �
P `S� 1

k=1 xS;� (k) is the total number of dissolvedG1-monomers in solubleGk

oligomers, generated from class-� SACs. � �R� > 0 is the molar rate of total insoluble

monomer loss from the substrate, and� �R� (1 � � � ) is net the molar rate of monomer deple-

tion at the substrate's surfaces, for class-� SACs, considering surface curvature e�ect. The

di�erence _xM ;� � _xV ;� = � �R� � � is the rate at which new monomers are being exposed at the

SAC surface due to hydrolytic ablation of chains from the outermost SAC layer.

We also calculate the concentrations of soluble glucan oligomers, as these are the desired

products of the cellulose enzymatic hydrolysis. The molar production rate of soluble oligomers
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Gk , having chain lengthsk < ` S, can be written, according to I, as:

_xS(k) = k
P

�

h�
2� N;� + � k;k X � X;� + � k;k Y � Y ;�

�
xL;�

+� X;� xL;� P� (k + kX ) + � Y ;� xL;� P� (k + kY )
i

(4.26)

with P� (`) � 0 for all ` < ` S. Here, xS(k)=k is the concentration of dissolved oligomersGk .

Hence,xS(k) itself denotes the corresponding concentration ofG1 monomers contained in

suchGk oligomers. The initial values ofxS(k) for the integration of Eq. (4.26) are set to zero.

4.2 Five-Site Ablation Model in Chain Number Formalism

The chain number formalism, by its de�nition, consists of a huge set of coupled rate equations

that governs chain length from̀ S to `max . `max denotes a pre-determined cut-o� for maximum

chain length exist in substrate, and conveniently considerG� (`) = 0 for all chains with ` >

`max . Following earlier discussions regarding chain hydrolytic dynamics, each rate equation

for an arbitrary G� )(`) should be constructed from enzymatic fragmentation term and surface

exposure term. This can be expressed in the most general form under the �ve-site model as:

_G� (`) = _G(fra)
� (`) � �R� � � (� � )Q� (`; � � )=

1X

j = `S

jQ � (j; � � ) (4.27)

where the chain fragmentation term _G(fra)
� (`) here is exactly the same asr.h.s. of Eq. (4.10),

but applied for all chain lengths` � `S, and Q� (`; � ) is the native chain length probability

distribution in layer � , which should be fed into our calculation as a model input. the chain

length probabilities P� (`) are given byP� (`) = G� (`)=xL;� for all `. For the purpose of direct

comparisons between two formalisms, the site number concentrations expressed in terms of

chain number formalism are:

xL;� =
`maxX

`= `S

G� (`) (4.28)

xN;� =
`maxX

`= `S

(` � 3)G� (`) (4.29)
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So far, Eqs. (4.27) and (4.9) then automatically constitute a closedequation system without

further approximation.

Like its counterpart, chain number formalism also takes several initial conditions. Apart

from directly sharing Eq. (4.21) with site number formalism, the complete set ofG� (`) is

initialized by native chain length distribution Q� (`; � � ) by

G� (`; t (o)) = xL;� (t (o))Q� (`; � (o)
� ) : (4.30)

We consider three di�erent � -independent distribution shapes, for the native chain length

probability distribution Q� : a Delta shape, a (truncated) Gaussian shape and a Global

Poisson (GP) shape where

Q(Gauss)
� (`) = NQ;� �(4 `Wid � j ` � `Avg j) exp

�
� (` � `Avg )2=2`2

Wid

�
(4.31)

with �( :::) denoting the step function;NQ;� being determined by the normalization ofQ� (`);

and 4̀ Wid < ` Avg � `D so that Q� (`) � 0 for all ` � `D , as assumed in the short-chain rate

equations. The substrate's native (=initial) degree of polymerization within SACs of class

� then is DP (o)
� = `Avg . The Delta shape can be viewed as the limiting case of zero width

Gaussian,i.e. `Wid ! 0+ with integer `Avg , thus Q(Delta)
� (`) = � `;` Avg .

For testing purposes, we will consider also the case of a "global Poisson" (GP) distribution

Q(GP)
� (`) = NQ;� �( ` � `S + 1=2) exp

�
� s(o)

� (` � `S)
�

(4.32)

whereNQ;� = 1 � exp(� s(o)
� ) and s(o)

� is determined by the initial average chain lengthDP (o)
� ,

via

DP (o) = `S � 1 +
1

1 � exp(� s(o)
� )

(4.33)

We are able to show that the Global Poisson shape is exactly preserved in the full chain

number formalism without surface exposure term. In this case, the local Poisson closure

extrapolation in our site number formalism becomesexactly equivalentto the solution of the

corresponding full chain number formalism with a GP-shaped initial chain length distribu-

tion, provided that the initial condition Eq. (4.23) for the short chain lengths ` = `S, ... `C

is replaced by Eq. (4.30) withQ� from Eq. (4.32).
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4.3 Comparisons Between Two Formalisms

Up until now, we have studied Five-Site models under two individual formalisms: site number

formalism and chain number formalism.

Before we dive into our two formalisms, it is worthwhile to mention whatZhang and Lynd

have achieved in their model, which was essentially build upon chain number variables. They

assumed thatall chains are readily exposed at the enzyme-accessible surfaces forhydrolysis.

In order to correct this "over-exposure" of substrate, they introduced �F (o)
a factor, which

denotes the fraction of total substrate that are e�ectively exposed to enzyme attacks. Lim-

itations behind this correction are due to�F (o)
a being a time independent variable, and only

provides a rough averaged estimation of the accessibility fraction over complete hydrolysis.

However under their time scale of study, which constrains themselves strictly to early stage

fragmentation, this accessibility fraction can indeed be constant.

For chain number formalism, it is conceptually similar to the model Zhang and Lynd

proposed in their paper (Zhang and Lynd, 2006), augmented by surface exposure term which

captures the cellulose morphology evolution as well as hydrolysis kinematics. Unlike site

number formalism, chain number formalism does not require either short chain cut-o� or

Local Poisson approximation, which renders this formalism an exactsolution to hydrolytic

process. This approach also highlights a full evolution pro�le of complete chain number

G� (`), up to some cut-o� `max , at the price of solving for`max coupled rate equations for

G� (`) and one for� � via Eq. (4.9). In total, there are`max + 1 ODE equations for every SAC

type-� , which in realistic could be to the order of hundreds, if not thousands.

By contrast, site number formalism provides an alternative that circumvents such

problem. Instead of solving for all chain number, site number formalism demands only a

handful of short chain equations, and any other longer chain number is readily approximated

under Long-Chain-Limit and Local Poisson approximation. Therefore, the set of independent

variables is independent of system size,i.e. `max , per SAC class-� , and promises a great

potential in its application over large size systems. However, in exchange for this advantage,
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one loses detailed information regarding the evolution of chains other than exactly solved

short chains, as longer chain contributions have been e�ectively absorbed into site number

variablesx �;� and can only beestimated.

From the foregoing it is easy to see that, in the case of a purelyendo-acting (EG1) enzyme

system, the LP closure approach of the site number formalism is exactly equivalent to the

chain number formalism without any approximation. Speci�cally, ifu2 = 0 and u3 = 0, we

get � X;� = � Y ;� = 0: the site number rate functionsRN;� , RL;� and �R� can then be evaluated

as functions of only thexL;� and xN;� , i.e., RN;� , RL;� and �R� become independent of the

short-chain concentrationsG� (`). Hence, no short-chain approximation is required in the site

number model. Note that this is true even beyond the "Single-layer Single-geometry" (SS)

model, that is, in the full surface ablation model with� � (� ) 6= 0.

4.4 Model Parameterization

We are going to list all simulation parameters used in numerical calculations for our model.

We test our model over a pure cellulose substrate (post pre-hydrolysis state where all non-

cellulosic substances are disposed of,i.e. Avicel) interacting with a system of non-complex

cellulase. Their kinetics and concentration parameters are listed in Table 1 from Zhang and

Lynd (2006) unless otherwise indicated. We choose the non-complex enzyme system derived

from Trichoderma reesei, and kept their natural composition ratio among each other. Notice

in Table 1, we only listed three enzymes, EG1 (endo-), CBH2 (exo-X/non-reducing end),

CBH1 (exo-Y/reducing end) with a total concentration of 27.6 mg/L. Their concentration

ratio is 12% EG1, 60% CBH1 and 20% CBH2. The remaining 8% is consistedof other

glycoside hydrolases, which are trivial with regards to the purposeof our simulation and

hence neglected. Furthermore, we assignkX = kY = 2, for the chain-end cutting sites of the

cellohydrobiolases CBH2 and CBH1, respectively. We also assume theminimum insoluble

chain length `S = 7 > k X + kY = 4, thus eliminating Z-sites. With an additional assumption

of � O;� = 0, we arrive at a pure �ve-site cellulose substrate model without site typesZ and
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Table 4.1: Simulation parameters

Parameter Unit = Value Remarks

M1 55,000 (g=mol) Molar mass of EG1
M3 65,000 (g=mol) Molar mass of CBH1
M2 58,000 (g=mol) Molar mass of CBH2
MG1 162 (g=mol) Molar mass of anhydroglucoseG1 (C6H10O5)

 1;N =M1 0:40(� mol bonds=mg � min) Speci�c enzyme activity (by mass) of EG1 on N, X and Y sites

 3;Y =M3 0:08(� mol bonds=mg � min) Speci�c enzyme activity (by mass) of CBH1 on Y sites

 2;X =M2 0:16(� mol bonds=mg � min) Speci�c enzyme activity (by mass) of CBH2 on X sites
L1;N 3:0(Liter=mmol) Adsorption equilibrium coe�cient of EG1 to N, X and Y sites
L3;Y 4:0(Liter=mmol) Adsorption equilibrium coe�cient of CBH1 to Y sites
L2;X 4:0(Liter=mmol) Adsorption equilibrium coe�cient of CBH2 to X sites
M1u1 0:0036(g=Liter) Concentration (by mass) of EG1
M3u3 0:0180(g=Liter) Concentration (by mass) of CBH1
M2u2 0:0060(g=Liter) Concentration (by mass) of CBH2
MG1 x(o)

V 10:0(g=Liter) Concentration (by mass) anhydroglucoseG1 in solid
`S 7 Minimum length ` of insoluble chainsG`

kX ,kY 2 L-end andR-end exo-cutting lengths (producing cellobiose)
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O. As a result of this simpli�cation, we have successfully uni�ed two chain site distribution

models, HDC and CCE, and both reduced to the same �ve-site modelthat we have already

discussed above.

In addition, we use the experimentally observed initial (pre-hydrolysis) values for the

degree of polymerizaton,DP (0) = 300, and for the enzymatic surface accessibility fraction,

�F (o)
a = 0:006, from a typical pure cellulosic substrate such as Avicel, and alsoa realistic

value for the initial substrate monomer concentration,x(o)
V � xV (� (o)

� ) = 61:73mM as given

in Table 1. DP (0) then in turn determinesgL;� (� (o)
� ) via Eq. (4.24).

�F (o)
a can be used to constrain the initial SAC sizes� (o)

� or their corresponding molar

fractions � (o)
� by:

�Fa =
X

�

� � Fa;� =
X

�

� �

�
1 � �( � � � 1)

�
1 �

1
� �

� dA ;�
�

(4.34)

As introduced in previous sections, the molar fraction of substrate monomers residing in

SACs of geometry class-� can be expressed as� � � xV ;� =xV and likewise the corresponding

partial surface accessibility fractions asFa;� � xM ;� =xV ;� , using Eqs. (4.4), (4.5) and (4.6). Of

course, as opposed to Zhang and Lynd model,� � and �Fa are time-dependent in our surface

layer ablation models and Eq. (4.34) applies both for the initial (t (o) ) values and at all later

times t > t (o) . It will therefore also be used to calculate the time evolution of�Fa.

Lastly, given � (o)
� , � (o)

� , and the ablation dimensionsdA;� , the initial substrate concen-

tration x(o)
V determines the time-independent volume prefactorsBV ;� entering into Eq. (4.4)

via

BV ;� = xV � � =� dA ;�
� (4.35)

This is the basic approach we have taken to parameterize the "Multiple-Layer, Single-

Geometry" (MS) and "Multiple-Layer, Multiple-Geometry" (MM) mod els.

For the MS model with MMD = 1, all substrate masses are concentrated within one

geometry, rendering� � � � = 1:0, so that the prescribed�F (o)
a = 0:006 determines the initial
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� � -value to � (o)
� = 333 via Eq. (4.34). The total initial substrate monomer concentration x(o)

V

from Table 1 then determines the prefactorBV ;� by Eq. (4.35).

The two MM models, MM82-1 and MM82-2, approximate continuous distributions of

substrate morphologies by way of a population ofMMD = 82 geometry classes, representing

SAC geometries with 82 equidistantly spaced initial� � -values, i.e. (� (o)
� =1 = 20; � (o)

� =2 =

40; :::; � (o)
� =82 = 1640). Model MM82-1 assumes a uniform distribution of the molar monomer

concentration per geometry class,i.e., � (o)
� = 1=82 for all � ; while MM82-2 assumes a Gaus-

sian distribution:

� (o)
� = exp( � (

� � � 458
200

)2=2) =
X

� 0

exp(� (
� � 0 � 458

200
)2=2) (4.36)

These values are chosen so that again�F (o)
a = 0:006 is obtained in both models MM82-1 and

MM82-2. The total initial substrate monomer concentrationx(o)
V from Table 1 then again

determines the prefactorsBV ;� via Eq. (4.35).

For the discussion of the simulation results obtained with these models, it is impor-

tant to note that the MS model described above also represents the "zero-width" limit of

the Gaussian MM model. Likewise, the uniform distribution model MM82-1 represents the

"in�nite-width" limit of the Gaussian MM model.

Model SS, as already described above, becomes equivalent to the Zhang-Lynd chain

fragmentation model in the low-enzyme limit. Since this model has no morphology and

treats all chains in the substrate as being immediately fully accessible, Zhang and Lynd

(2006) corrected for partial accessibility by reducing the total chain bonds available for EG1

adsorption by a time-independentad hocfactor, set equal to �F (o)
a . E�ectively, their approach

amounts to replacingL1;N by �F (o)
a L1;N in Eq. (4.15). For purposes of comparing the SS model

to our morphology-based MS and MM models, we adopt the same approach. Our simulation

results of the SS model are therefore, as expected, in excellent numerical agreement with

those of Zhang and Lynd (2006). We should emphasize here, and willdemonstrate below,

that the SS model can really not be used to model the entire hydrolytic conversion process,

but only the very early stages of it. Zhang and Lynd (2006) indeed limited its application
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to study the short-time behavior, for a duration of only 60min. We are presenting SS results

for full hydrolytic conversion here solely for the purpose of comparison and contrast with

the morphology-based surface ablation models.

For all four models, we have used the kinetics parameters given in Table 1, but with

two di�erent sets of mixed enzyme concentrations: enzyme set "E1" consists of the enzyme

concentrations as given in Table 1; the other, "E200", has concentrations 200 times the

values of E1, for all three enzyme types. For the assumed�F (o)
a and total initial substrate

monomer concentrationx(o)
V , the E200 enzyme concentrations are close to the high-enzyme

limit, whereas E1, as noted before is well within the low-enzyme limit. For all simulations

with enzyme set E200, we have therefore used and solved the full coupled non-linear enzyme

adsorption equilibrium equation system, to obtain the free enzyme and free substrate site

concentrationsv� and y�;� from the corresponding total concentrationsu� and x �;� .

The enzyme footprint � � entering into these adsorption equilibrium equations has been

quanti�ed experimentally in terms of a parameter� , denoting the total number of dimer

(G2) units covered up by the adsorbed enzyme molecule (Zhang and Lynd, 2004). Our � � -

parameter is related to the� -parameter by � � = 2� � � 1, since� � denotes the number of

collateral surface bond sites covered up by enzyme� in addition to the adsorbing site. With

an estimated � � � 15 � 40 dimer units for a typical endo-glucanases (Zhang and Lynd,

2004), we get� � � 30 � 80 collateral surface bonds. Lacking more detailed experimental

information, we will assume the same� � -value for the two exo-glucanases in our model and

use � � = 20, and hence� � = 39 for all three enzymes,� = 1; 2; 3, in solving the enzyme

adsorption equilibrium equations. We also assume� � to be the same for all geometry classes

� .

Also, in the three surface ablation models we have assumed substrate morphologies with

ablation dimensiondA;� � dA = 2 for all � . The ablation dimensiondA = 2 is representative

of a substrate where the glucan chains within the SAC, or the micro�bril (Himmel et al. 2007)

remnants comprising the chains, are orientationally disordered, but do exhibit directional
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order, as illustrated and explained in Fig. 2.3. This means that most chains or micro�bril

remnants are aligned with their chain direction approximately parallelto a common axis,

while being rotated at random angles around that axis. This is likely applicable for substrates,

like Avicel, where a �brous alignment structure is maintained up to typical SAC-size length

scales, but without any orientational ordering on those length scales.

It is worth pointing out that the parameterization requirements for the surface ablation

models MS and MM introduced above do not signi�cantly exceed thoseof the pure chain

fragmentation single-layer model introduced in (Zhang and Lynd, 2006). More realistic mor-

phology modeling e�orts will of course require further parameterization, if supported by

more detailed microscopic experimental data for the meso-scale structure of real cellulosic

substrates.

For su�ciently dense morphology grids, multi-geometry surface ablation models such as

MM82-1 and MM82-2 approximate continuous morphology distributions. It is then informa-

tive to also study the hydrolytic evolution of certain continuous, weighted SAC size (� � -)

density distributions. For SACs having sizes within some in�nitesimal interval [� � d�= 2; � +

d�= 2], let Dx V (�; t )d� and P xM (�; t )d� denote the molar concentration of all substrate

monomers contained in these SACs' volumes, and the molar fractionof all surface monomers

residing on these SACs' surfaces, respectively. From the time-evolving, discrete SAC geom-

etry populations in the MM models, we can construct these continuous density distributions

Dx V (�; t ) and P xM (�; t ) as follows: for� -values fallingon the discrete� � (t)-grid at time t,

we set

Dx V (�; t ) =
xV ;� (� � (t))

� � � (t)
; P xM (�; t ) =

xM ;� (� � (t))
xM (t) � � � (t)

if � = � � (t) (4.37)

where

� � � (t) =

8
>>>><

>>>>:

� 2(t) � � 1(t) for � = 1 ;

(� � +1 (t) � � � � 1(t))=2 for � = 2; :::; 81 ;

� 82(t) � � 81(t) for � = 82 :

(4.38)
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For � -valueso� the discrete� � (t)-grid, but within the "cut-o� interval" [ � 1(t) � � � 1(t)=2;

� 82(t) + � � 82(t)=2], Dx V (�; t ) and P xM (�; t ) are then de�ned by linear interpolation or

extrapolation from the nearest grid points. Outside of the cut-o�interval, we setDx V (�; t ) =

0 and P xM (�; t ) = 0. The density distribution functions then obey the normalizationcondi-

tions

Z 1

0
d� Dx V (�; t ) = xV (t);

Z 1

0
d� P x M (�; t ) = 1 : (4.39)



Chapter 5

Numerical Results and Analysis 1

5.1 Testing the LP Approximation

First, we are going to test the accuracy of LP approximation in site number formalism against

the simulation results from the corresponding full chain number formalism. We primarily

want to focus on the case where no-morphology (� � � 0) is considered, and thus all glucose

chains are fully exposed on the surface, or equivalently, all SACs contain only one single

layer (� = 1 � MMD ). This is, as previously mentioned, referred to as "Single-layer, Single-

geometry" (SS) model and maybe formally regarded, for the purpose of unifying all into

one model, as the in�nite-dimensional limit,dA ! 1 , of the morphological model (� � 6= 0)

models. Consequently,xM = xV , and thus the overall accessibility fraction�Fa = xM =xV � 1,

the xL;� - and xN;� -rate equations in the SS model become decoupled from� � , and we can

ignore the� � -rate equation altogether. In the site number formalism, we then solve the cou-

pled rate equations Eqs. (4.7) and (4.8) ; and in the corresponding chain number formalism,

we solve the rate equation system Eq. (4.27) forall chain lengths`, with � � � 0 in both. Two

enzyme systems, a mixedendo-exo EG1-CBH1,2 enzyme system with naturally occurring

enzyme composition and a purelyexo-acting CBH1,2 enzyme system, are used in the simu-

lations. As explained in section 4.3, LP approximation in pureendo-acting enzyme system

becomes exact and does not need further numerical testing. In the chain number formalism,

the initial chain length distribution has to be provided as a model input. We consider three

1Sec 5.1 - Sec 5.5 contain contents published in Zhou W, Hao Z, Xu Y, Sch•uttler HB. 2009. Cel-
lulose hydrolysis in evolving substrate morphologies II. Numerical results and analysis.Biotechnol
Bioeng 104:275-289. Permission acquired fromBiotechnol Bioeng journal.
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aforementioned initial distributions in section(4.2): a Delta shape, a(truncated) Gaussian

shape and a Global Poisson (GP) shape.

5.1.1 Mixed EG1-CBH1,2 Enzyme System

Fig. 5.1 shows the results from model calculations for the full chain formalism from Zhang-

Lynd model and our corresponding site number formalism with LP approximation, for a

mixture of EG1, CBH1 and CBH2, under di�erent initial DP values. Notice calculations are

carried out in SS model, assuming all materials are exposed at the surface of SACs for enzyme

attack. It is evident that the results from site number formalism with LP approximation and

exact full chain solution are in excellent agreement with each other for native degree of

polymerization (DPo) exceeds 20 monomers. We are also showing results forDP (o) = 10.

Here the LCL condition, e.g., DP (o) � `C, is not satis�ed, since`C = 8. As expected, the

deviations between site number LP and chain number formalism become quite noticeable

here as hydrolysis progresses. Such deviations drastically shrink to less than 1% and become

unnoticeable for largerDP values. Although divergence do exist for low DP values, this

result is in consistent with long-chain-limit (LCL) we discussed earlier and note that typical

cellulosic substrates possessesDP -values well above 20 monomers (Zhang and Lynd, 2004).

In addition, same level of accuracy is achieved by the LP approximation across all observ-

able quantities that are relevant to hydrolysis, including the total remaining solid substrate

monomer concentrationxV (= xM ) in Fig. 5.1A; the soluble oligomeric monomer concentra-

tions xS(k; t), shown in Fig. 5.1B for oligomer lengthk = 1 (=glucose) and in Fig. 5.1C

for k = 2 (=cellobiose); and the total chain (end) concentrationxL (t) shown in Fig. 5.1D.

Note that xL and xM determine the hydrolytically evolving DP of surface exposed chains by

DP = xM =xL .

We also tested full chain results with three di�erent chain length distribution shapes

mentioned in Sec.4.2. Notice that forDP (o) � 60, all three models almost give identical

results. This is again fully consistent with the general discussion of the LCL : as long as the
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Figure 5.1: Model comparison with mixed enzymes. Comparison of the SS model results
from chain number formalism (Zhang-Lynd Model) and site number formalism, with di�erent initial
chain length distributions, (as previously discussed, forthe case of a GP-shaped initial chain length
distribution, the results of site formalism "Site GP" and th e chain formalism "Chain GP" are
identical.) for the mixed EG1-CBH1,2 enzyme system. In panels A-D, full lines, dot-dashed lines
and circles are for the chain number formalism with delta-, Gaussian- and global-Poisson-(GP-)
shaped initial chain length distributions; diamonds are for the corresponding local Poisson (LP)
approximation in the site number formalism. A: total monomer concentration xV (t) in solid versus
time t; (B) concentration of G1 in solution, xS(1; t), versus time t; (C) concentrations of G2 in
solution, xS(2; t) =2, versus time t; (D) concentration of non-reducing chain ends, xL (t), versus time
t; (E) typical log chain length distribution, log G(`; t), versus chain length ` at several times t,
from SS model chain number formalism with delta-shaped initial distribution from Eq. (4.31) with
`Wid ! 0 and `Avg = 100.
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initial chain length distribution satis�es the LCL conditions, the hydrolysis kinetics is very

insensitive to the actual initial chain length distribution shape. The only parameter that

matters under LCL conditions is the initial average chain length,i.e., the DP (o) -value; other

details of the distribution shape become essentially irrelevant. Therefore, delta initial chain

distribution is highly favored for its simplicity in setting up and smaller`max value compared

to other equivalent initial distribution models.

5.1.2 Pure CBH1,2 Enzyme System
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Figure 5.2: Model comparison with pure exo-enzymes. Comparison of the SS model results
from chain number formalism (Zhang-Lynd Model) and site number formalism, with di�erent initial
chain length distributions, for the pure CBH1,2 enzyme system. In all panels A-D, abbreviations,
full lines, dot-dashed lines, circles and diamonds are de�ned as in Fig.5.1. A and D: see descriptions
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Fig. 5.2 shows the comparison of SS model results between the site number formalism

with LP approximation and the chain number results for pure CBH1,2 enzymes. All model

parameters are from Table 1, except that the total EG1 concentration is set to u1 = 0.

As seen in Figs. 5.2A-C, respectively, for initial DP-valuesDP (o) � 60 the site number LP

approximation is again remarkably accurate in reproducing chain number results for total

insoluble substrate monomer,xV (= xM ), and for dissolved monomer concentrationsxS(k) in

soluble oligomers.

In the limit of a pure CBH1,2 enzyme system,u1 = 0 and hence �N;� = 0, which in turn

sets the �rst xL;� -term in r.h.s. of Eq. (4.10) to be 0. This quenches the major source of short-

chain production (̀ � `D ), since in long-chain-limit, the majority of short chain concentration

comes fromendo-cuts, and their initial concentration is set to be at a "negligible" amount.

Thus, except for cellobiose (k = 2), LP approximation gives zero short-chain concentrations

G� (`) for the entire duration of hydrolysis process. For cellobiose, it is easily understandable

that as CBH1,2 can only cut o� oligomers lengthskX = kY = 2 from the non-reducing and

reducing ends, respectively, cellobiose should comprise the majority of soluble monomers left

in the solution. This result is veri�ed in Fig. 5.2B and that (very small) fraction of k = 5 and

k = 6 oligomers is simply approximated by zero (Fig. 5.2C). However, notice also, a small

amount of k = 5 (cellopentose) andk = 6 (cellohexose) oligomers can be produced in the

exact full chain calculations, as seen in Fig. 5.2C. However, in terms of the overall oligomer

distribution, LP is actually a very good approximation to the exact full chain results for

delta- or Gaussian-shaped initial distribution for realistic chain lengths DP (0) � 60, since it

reproduces the dominantk = 2 oligomer very accurately for realisticDP (o) .

In addition, as a result of the LP approach in SS model, it will then give azero rate

RL;� for the production of chains or chain ends from chain fragmentation processes. In the

single-layer limit (� � (� ) = 0), the chain concentrationxL;� thus becomest-independent in the

LP approximation. As shown in Fig. 5.2D, this result agrees poorly withthe chain number

results in the case of short chains withDP (o) < 60. However, under LCL conditions,i.e. for
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larger DP (o) -values, the full chain model with delta- or Gaussian initial distribution shape

also predicts approximatelyt-independentxL for most of the hydrolysis time: in comparing

Figs. 5.2A and 5.2D forDP (o) � 60, we note that the full chainxL remains approximately

constant until about 80� 95% of the substrate has been converted, which is then followed by

a very quick downturn ofxL . Hence, the rather simple approximate LP result forxL agrees,

for most of the hydrolysis time with the full chain number result.

Both the site LP approximation and the exact full chain results for delta- or Gaussian-

shaped initial distribution deviate noticeably in Fig. 5.2 from the exactfull chain results for

the GP chain length distribution. Compared to the other distributions, the GP distribution

shows a slower loss of substrate monomers, as seen in Fig. 5.2A, and, at the same time, a faster

loss in the total number of chains in Fig. 5.2D. This can be understoodby noting that the GP

distribution contains a larger fraction of its monomers in longer chains with ` > DP (o) , but

larger fraction of its chains (and chain ends) in shorter chains with̀ � DP (o) . Recall here

that both the site LP approximation and the full chain delta- and Gaussian-shaped initial

distributions assume that there are initially no short chains at all, whereas GP assumes

that the shortest chains have the largest concentrations right from the start. In the mixed

endo-exo-acting enzyme system shown in Fig. 5.1, this di�erence in the initial chain length

distribution does not a�ect the hydrolysis rate signi�cantly, sinceendo-cutting processes are

very e�cient (see Fig. 5.1E) in quickly producing a large population of short chains, even

if short chains are initially absent. However, in the purelyexo-acting enzyme system, the

di�erence in the initial chain length distribution has a much more pronounced e�ect on the

hydrolysis and chain loss rate, since it takes comparatively a much longer time for exo-cuts

alone to produce short chains from long ones.

The primary pathology of the LP approximation which manifests itselfin Fig. 5.2D

is that, for purely exo-acting enzyme systems (and only for those!), the LP site number

formalism fails to eventually remove the chain ends (xL ) from the substrate (i.e. xL is

constant), even after all substrate monomers (xM ) have been completely dissolved. The
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persistence of these "phantom chains" in the LP approximation would be of no consequence

if single-layer substrates are considered, as shown in Fig. 5.2D. However, in the case of a full

multi-layer surface ablation model with hydrolytically evolving substrate morphology and

a purely exo-acting enzyme system, this pathology currently still limits the applicability of

the site number formalism. Thus in LP-based site number simulations for surface ablation

models purelyexo-acting enzyme systems, we must restrict ourselves to a short-time limit

where only a few SAC surface layers are solubilized so that the accumulation of surface

phantom chain ends remains a negligible artifact.

5.1.3 Chain Length Distributions

Fig. 5.1E shows the common logarithm of chain length concentration distribution pro�le from

full chain model result, with mixed EG1-CBH1,2 enzymes, adopting Delta shape initial chain

distribution with DP (o) = 100, well within the LCL regime we introduced earlier. Time check

points are selected across hydrolysis process from 10min all the way up to 5640min, which is

equivalent to about 90% conversion. LP approximation predicts, under LCL condition, one

should be able to extrapolate, near short chain neighborhood, longer chain length concen-

tration with a linear logarithm relationship. As expected from the LP approximation, we

observe almost perfect linear function of̀, at least for short chain lengths up tò � 80� 90,

not only at early times, but this relationship remains throughout thewhole hydrolysis pro-

cess. We have also tested such short-chain Poisson behavior under widely varying parameter

conditions, including di�erent rate and adsorption coe�cients, di�e rent initial chain length

distributions Q(`) and initial DP (within LCL: DP (o) � `S), and di�erent enzyme con-

centrations and mixing ratios, and results all justi�ed the legitimacyof LP extrapolation.

However, for the case of pureexo-acting CBH1,2 enzyme system, what is required in LCL

condition, i.e. most short chains are quickly generated byendocuts are no longer satis�ed.

For a pure exosystem that started o� with a non-Poissonian initial distribution shape Q(`)
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will generally not evolve towards a Poisson shape, while a global Poissonian initial shape

leads to exactly preserved Poisson shape thereafter, for any enzyme composition.

For these reasons, the LP approximation breaks down in purely exo-acting enzyme sys-

tems. Another indication of this breakdown is that the LP approximation incorrectly predicts

the chain (end) concentrationxL to be constant in time for a pure exo-system even though

the solid substrate monomer concentrationxV is decreasing. So, LP fails to account for the

fact that the exo-cutting activity at the chain ends must eventually also lead to the disap-

pearance of each chain if each chain contains only a �nite number of monomers. This artifact

also prevents us from using the LP approximation, and hence the chain formalism, to model

surface ablation by pure exo-systems in substrate morphology models. If the chains are not

properly removed from the surface then the phantom chain ends left behind would eventually

cover up the entire surface and block further access to the remaining solid substrate material

underneath.

In the presence of non-negligible amounts ofendo-activity, a population of insoluble

chains ofall fragment chain lengths` < ` Max , down to short chains with ` � `S, gets pro-

duced immediately by theendo-cuts and this population very quickly evolves a Poisson

distribution shape, regardless of the initial distribution shapeQ(`). Hence, in LCL the frag-

mentation kinetics becomes "universal", that is, independent of initial distribution shape,

since a Poisson distribution shape is established, especially at short chain lengths, long before

even a small fraction of the substrate has been hydrolyzed. This also explains why the mixed

enzyme system is much less sensitive to both initial DP in the LCL regimeand to initial

chain length distribution shape than the pureexo-enzyme system.

5.2 Hydrolysis Controlled by Morphology

Now we are going to present hydrolysis results with substrate morphology included (� � 6= 0).

We consider four morphology models, SS, MS, MM82-1, MM82-2 as described in Sec. 4.4.

All four models are parameterized into the same degree of polymerization DP o = 300, and
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the enzymatic surface accessibility fraction�F (o)
a = 0:006. In the case of SS model, parameter

�F (o)
a is incorporated as an ad hoc correction factor to counteract over exposed surface area,

a method Zhang & Lynd (Zhang and Lynd, 2006) adopted to reduceEG1 enzyme-chain

accessibility for the actual substrate. All other parameters aretaken directly from Table 1.

Fig. 5.3 shows results of three surface ablation models (i.e. MS, MM82-1 and MM82-

2) and the SS model with �F (o)
a = 0:006 applied, for the complete hydrolytic conversion

process, using the low-concentration enzyme system E1. As illustrated in Figs. 3A by the

total monomer concentrationxV in solid substrate, the overall hydrolytic conversion in the

three surface ablation models is signi�cantly slower than in the pure chain fragmentation

single-layer model SS. Furthermore, there are signi�cant di�erences in hydrolytic conversion

times between the three surface ablation models: MS, representing a zero-width Gaussian,

hydrolyzes faster than MM82-2 with a �nite-width Gaussian initial-size distribution; and

MM82-2 in turn, is faster than MM82-1 representing the much wideruniform initial-size

distribution: the hydrolytic conversion time increases with the widthof the initial SAC size

(� (o)
� ) distribution. Fig. 5.4 plots essentially the same quantities, but in E200 system.

In Fig. 5.3, the crucial point to emphasize here is that, inall four models, we have

assumed thesamechain fragmentation mechanism, with thesamekinetic rate coe�cient

and enzyme parameters, and thesamemacroscopic substrate parameters, that is, the same

initial molar amount of substratexV (t (o) ), the initial degree of polymerizationDP (o) and the

same initial enzyme surface accessibility fraction,�F (o)
a , respectively. Clearly, the hydrolysis

kinetics is very substantially dependent upon "other" factors, beyond the rate coe�cient,

enzyme adsorption or macroscopic substrate (DP (o) and �F (o)
a ) parameters used in single-

layer chain fragmentation models (Okazaki and Moo-Young, 1978;Zhang and Lynd, 2006).

The substrate morphology is one such critically important factor determining the overall

hydrolytic conversion time.

It is evident from Fig. 5.3 that the simulation results within the morphologic surface

ablation models (MS and MM) are similar to each other, but quite di�erent from the non-
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morphologic SS model. From the inset of Fig. 5.3B and C, we can see forvery short hydrolysis

times (up to � 180min) the behavior of the three morphologic surface ablation models is

almost identical As explained later, this characteristic time scale of� 180min corresponds to

the hydrolytic fragmentation of the initially accessible fraction of substrate material, residing

in the outermost SAC layers. While the three morphologic models diverge from each other

thereafter, this divergence is much less pronounced than their profound di�erences from the

non-morphologic SS model at longer time scales. In particular, the non-morphologic model

predicts a much higher solubilization rate, which can be understood as a consequence of the

fundamental neglect of the obstruction of enzyme access to thechain ends.

The corresponding results for the E200 enzyme system shown in Fig. 5.4 are qualitatively

very similar to results from the E1 system: the three morphologic surface ablation models

have much longer hydrolytic conversion time than the SS model. There also signi�cant di�er-

ences in hydrolytic conversion times between the three surface ablation models. Due to the

200-fold increase in enzyme concentration, the reaction rates are scaled up, and the overall

times scales are scaled down, by a factor of order 100. From the inset �gure of Fig. 5.4B and

C, it can be seen that, even on very short hydrolysis time scales, the non-morphologic SS

model is not a good approximation to the morphologic surface ablation models for the E200

enzyme system.

Hence, the hydrolytic conversion of cellulose substrate is crucially impacted by the sub-

strate morphology. The above results also demonstrate very clearly that non-morphologic

models can only be relied upon for the low-enzyme limit regime and only for very short time

scales, up to the hydrolysis of the initial accessible fraction of substrate material. On time

scales required to achieve substantial or near-complete hydrolytic conversion, or at higher

enzyme loading, non-morphologic models are likely to fail.
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Figure 5.3: Hydrolysis Controlled by Morphology - E1 system. Simulation results of the
MM82-1, MM82-2, MS and SS models, withDP (0) = 300 and �F (o)

a = 0 :006, for the E1 enzyme
system. Plotted as functions of timet are A: total monomer concentration in solid, xV ; B: hydrolysis
rate jdxV =dtj; C: relative hydrolysis rate � rel ; D: overall accessibility fraction �Fa;

5.3 Two-Time Scale Behavior

Fig. 5.3B shows the conversion ratejdxV =dtj as a function of hydrolysis time for the E1

enzyme system. All four models show a very rapid rise in their initial conversion rate at very

early times. However, in the SS model, this rise continues unabated until about t � 6600min

where a maximum rate is reached, followed by a decline on a similar time scale, through
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Figure 5.4: Hydrolysis Controlled by Morphology - E200 system. Simulation results of
the MM82-1, MM82-2, MS and SS models, withDP (0) = 300 and �F (o)

a = 0 :006, for the E200
enzyme system. Plotted as functions of timet are A-D: see descriptions of Fig. 3; E: concentrations
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� xN;� (t), total surface exposed non-reducing ends,

xL (t) �
P

� xL;� (t), and total surface exposed monomers,xM (t).
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completion of hydrolysis until about 11000min. By contrast, in the three surface ablation

models, the early rapid rise is abruptly arrested and a much lower maximum rate is reached

already at a much earlier time,t � 180min, followed by a very slow drop-o� for about

25000� 60000 minutes, consistent with the overall much longer conversiontimes in the

surface layer ablation models. These results strongly suggest that the hydrolysis kinetics in

the surface layer ablation models exhibits two quite distinct characteristic time scales: the

very short, early-arrest time scale, and the much longer hydrolysis completion time scale,

indicated, e.g., by the 90%-conversion times.

This two-time-scale behavior is also clearly seen in Fig. 5.4B, for the E200 enzyme system,

in all three morphologic surface ablation models, indicating that this isa common feature

of the morphologic models, regardless of enzyme concentrations.The result in Fig. 5.4B

is qualitatively very similar to that of Fig. 5.3B, with approximately 100-fold reduction in

time, as mentioned before. The early arrest of the reaction rate inthe surface ablation models

occurs at� 1:7min.

In the surface layer ablation models, the steric obstruction of enzyme accessibility is

not "mimicked" by the ad hoccorrection factor as was done in previous modeling studies

(Okzaki and Moo-Young, 1978; Zhang and Lynd, 2006). Rather,reduced accessibility results

naturally from the actual substrate morphology,i.e., from the fact that only surface-exposed

sites are available for enzyme adsorption. Inspection of the early arrest and downturn of the

ablation rate, near� 180min for the E1 enzyme system and� 1:7min for the E200 enzyme

system, in simulation results Fig. 5.3B and 5.4B of the three surface ablation models reveals

that this time corresponds to a 0.6% conversion of total substrate, for both enzyme systems;

and this 0:6%-fraction is exactly equal to the initial fraction �Fa = 0:006 of substrate material

exposed in the outermost SACs layers at the start of hydrolysis. Hence, the early-arrest time

scale, for both enzyme systems is clearly associated with the hydrolytic chain fragmentation

and ablation of the outermost SAC layer.
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Up to this "outermost layer ablation time", enzymatic cuts ofendo-acting EG1 generates

a large number of new chain ends, compared to initially existing native chain ends, which

stimulates the activities of exo-acting CBH1 and CBH2. This cooperative work between

endo-exo- enzymes causes the rapid increase in the production rate of soluble oligomers

seen at early times in the insets of Fig. 5.3B and Fig. 5.4B. This is also clearly shown in

Fig. 5.4E, wherexM and xN decrease monotonically, andxL shows a rapid rise during the

early hydrolytic stage, with a time scale equal to that of the early-arrest time scale seen

in jdxV =dtj. After that early-arrest time, the steric obstruction by only partially ablated

overlaying material a�ects and persists for all subsequent layersbeing ablated and hence

controls the ablation rate for the entire remaining hydrolytic conversion time. Consequently,

the rate of new surface exposure, that is the� �R� � � (� � )gN;� (� � )-term in Eq. (4.7), not the

enzymatic chain fragmentation, is the rate limiting factor for most of the remaining hydrolytic

conversion time. This result clearly has technological implications: tosubstantially improve

the performance of hydrolytic conversion, one may have to consider not only a re-engineering

of the available enzyme systems, but also a re-engineering of the substrate morphology.

For ablation of the outermost SAC layer, only the total surface area, or surface site

concentration, and the total ablation rate from all SACs of all geometry classes combined

are relevant. Consequently, the MM and MS models of identical initial�Fa-, xV - and DP-

values should exhibit the same early-arrest short-time behavior arising from the outermost

layer ablation. However, on the much longer overall hydrolysis time scales the three surface

ablation models are evidently very di�erent from each other, since the replenishment rate of

digested substrate material at the SAC surfaces in these models isquite di�erent because of

the e�ects of the di�erent morphology distributions and their evolution under hydrolysis. As

shown in Figs. 5.3A and B, the overall hydrolysis time scales show several fold di�erences

between the three morphologic surface ablation models. This can beeasily understood since

the overall conversion time is controlled by hydrolysis of the large-size SACs. Hence, even

though the initial accessible surfacexM and �Fa, is the same in all three models, the uniform
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MM82-1 model contains a larger fraction of its substrate in large SACs than the Gaussian

MM82-2 and the (Delta-function!) MS model.

5.4 Hydrolysis Slow-Down and Morphology Evolution

Rapid decline in cellulose hydrolysis rate, and in the corresponding production rate of soluble

glucose equivalent, as shown in Figs. 5.3B and 5.4B, is a feature that has been frequently

observed in real hydrolysis experiments, and is referred to as hydrolysis slowdown in gen-

eral.(Desai and Converse, 1997; Honget al., 2007; Lyndet al., 2002; Yanget al., 2006; Zhang

and Lynd, 2004). Some part of this e�ect found in real substrates has been attributed to

a loss of enzyme activity, either due to enzyme degradation/inactivation or due to enzyme

inhibition by the hydrolysis-generated soluble monomer and oligomer products. However,

the experiments, in which neither enzyme degradation/inactivationnor product inhibition

appears operative, suggest that a signi�cant part of the e�ect isin fact due to hydrolysis-

induced changes in the substrate itself that can not be explained byloss of enzymatic activity

or product inhibition (Valjamae et al., 1998; Zhang et al., 1999). Zhang et al. (1999) explained

that by declining substrate reactivity caused by substrate heterogeneity, where more easily

degradable substrate was depleted. Valjamae et al. (1998) tried to explain the rate decline in

terms of steric hindrance due to nonproductive cellulase adsorption, as well as surface ero-

sion after extended hydrolysis. Some studies (Desai and Converse, 1997; Yanget al., 2006),

however, showed that the substrate is as reactive as its initial state, implying that substrate

reactivity is not the cause of the slowdown in hydrolysis. Therefore, the cause of hydrolysis

slowdown is still uncertain, and whether or not there is a change in substrate reactivity is

also in debate.

Zhang and Lynd (2004) stated that "It is widely observed that theheterogeneous struc-

ture of cellulose gives rise to a rapid decrease in rate as hydrolysis proceeds, ...", and "... it

would seem logical to expect that the declining reactivity of residualcellulose during enzy-

matic hydrolysis is a result of factors such as less surface area andfewer accessible chain
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ends ...". Indeed, our present simulation results of morphology-evolving surface ablation

models con�rms these expectations. As shown in Fig. 5.4E, bothxM (which is a measure

of exposed accessible surface area) andxL (after the short outermost surface ablation time)

decrease as hydrolysis proceeds. Please note that in our simulation, neither enzyme degrada-

tion/inactivation nor product inhibition are present. Thus the heterogeneous solid structure

of cellulose,i.e., the steric obstruction of access to the inner, below-surface chains, does

contribute to the phenomenon of hydrolysis rate decline in our model. Speci�cally, from the

Eqs. (4.5) and (4.4), the rate of solubilizationjdxV ;� (� � )=dtj for SACs of size� � is roughly

proportional to their surface area,xM ;� (� � ). Since the exposed surface of every individual

SAC will shrink as the hydrolysis proceeds, the total exposed surface area, thus the total

solubilization rate jdxV =dtj will decrease.

However, solid substrate structure heterogeneity alone can notexplain the whole picture.

As we can see from Figs. 5.3B and 5.4B, the extent of the loss of substrate reactivity is quite

di�erent among the three morphology models. Among them, the MM82-1 model exhibits the

deepest depression from loss of substrate reactivity, while the MSmodel exhibits the least

amount of reactivity loss. As discussed before, the MS and MM82-1models represent two

limiting cases of the Gaussian MM model, namely the "zero-width" limit and the "in�nite-

width" limit" respectively. A real morphology size distribution would likely fall in between

these two extremes. In the MS model, all SAC units of the substrate have the same initial

size and the same size at any time along the hydrolysis, as enzymatic surface ablation shrinks

every SAC size and so does its accessible surface area. As a result,there must exist some

other mechanism that also contributes to the relatively steeper decline in cellulose hydrolysis

rate in the MM82-1 model.

To further analyze the di�erences between the three multi-layer surface ablation models,

we have plotted in Figs. 5.3C and 5.4C the relative substrate hydrolysis rate � rel , for E1 and

E200 enzyme system respectively,

� rel � �
1

xV

dxV

dt
: (5.1)
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In Figs. 5.3C and 5.4C, the early rapid rise is again arrested in all threesubstrate ablation

models at the outermost layer ablation time. Beyond that point, �rel in the MM82-1 model

drops noticeably below its early arrest value; �rel in the MS models continues to rise, albeit

with a markedly slower growth rate; and �rel in the MM82-2 model falls between MS and

MM82-1.

The decline of �rel seems to indicate a decrease in the e�ective substrate reactivity for

the uniform initial- � distribution model MM82-1: the hydrolysis ratejxV =dtj declines faster

than the remaining substrate concentrationxV itself. This is the model with the widest,

distribution of initial SAC sizes � (o)
� , extending with uniform weight from � (o)

1 = 20 to

� (o)
82 = 1640. By contrast, in the MS and MM82-2 model, where all SAC unitsof the substrate

have either the same initial size or a narrower, Gaussian size distribution, there is no, or only

a very weak �rel depression.

In Figs. 5.3D and 5.4D, we show the hydrolytic evolution of the overallaccessibility frac-

tion �Fa, for E1 and E200 enzyme system respectively. For the zero-widthdistribution MS

model, �Fa increases monotonically; for the �nite-width Gaussian distribution MM82-2 model,

�Fa at �rst declines very slightly for a short time and then increases; and for the widest uni-

form distribution MM82-1 model, �Fa declines most strongly and it has the longest duration

of decline. Hence, the depression of�Fa increases with increasing width of the morphology

distribution. The proportionality of solubilization rate and surface area also implies, by Eq.

(5.1), that the relative hydrolysis rate � rel is proportional to the accessibility fraction �Fa.

Hence, a decline of�Fa during early hydrolysis implies a corresponding decline in �rel.

To understand why MM82-1 and MM82-2 models exhibit a decline in the accessibility

fraction �Fa and thus a depression in the relative hydrolysis rate �rel, Wen (2009) attributed

the di�erences to "morphological heterogeneity". He suggestedthat the heterogeneity in

substrate sizes leads to a preference of hydrolyzing smaller SAC units, thus leads to the loss

of overall accessibility fraction. Model MM82-1 has essentially larger amount of smaller SAC
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units than its counterpart MM82-2, therefore more surface-to-volume ratio are lost, which

induces a steeper decline in�Fa:

It has been proposed in previous studies that cellulose material contains two types of

cellulose fractions that di�er distinctly in their susceptibility to cellulase enzymatic attack.

The basic idea here is that some types of,e.g., amorphous, cellulose are easier to hydrolyze

and other types, of, say, highly crystalline cellulose, are harder tohydrolyze (Gonzalez et

al., 1989; Nidetzky and Steiner, 1993; Scheiding et al., 1984). Thus,if a (hypothetical)

material contains both a substantial "fast-hydrolyzing"anda substantial "slow-hydrolyzing"

substrate fraction, the fast early hydrolysis of the "fast" substrate results in the decline

in hydrolysis rate at later times when only the "slow" substrate fraction remains. This

"two-substrate" hypothesis attributes the di�erence of substrate reactivity speci�cally to

the di�erences in the crystallinity of the two hypothesized fractions (Gonzalez et al., 1989;

Nidetzky and Steiner, 1993; Scheiding et al., 1984). However, this picture has not yet been

experimentally supported (Lynd et al., 2002). Although the existence of two (or multiple)

substrate fractions of di�erent reactivity within real pre-hydrolysis materials is presently

uncertain, our simulation results imply that there do exist di�erent hydrolysis rates among

di�erent substrate fractions, which are di�erentiated simply by volume, surface size and

surface-to-volume ratios of their respective accessible substrate compartments. The fact that

most of the substrate surface in real cellulosic materials is indeed comprised by internal

surfaces (Zhang and Lynd, 2004), strongly suggests that this proposed "fractionation of

substrate reactivity by geometry" may in fact be a ubiquitous feature of these materials.

5.5 Enzyme Concentration Scale-Up

The E1 enzyme set used above corresponds to a low-enzyme limit. Itis speculated that the

amount of cellulase required to achieve reasonable hydrolysis rate for real applications can

be substantial (Lynd et al., 2002). Speci�cally, Mandels (1985) estimated that forT. Reesei

cellulase system, 3% by mass of the initial amount of cellulose is required. Here, we have
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examined the cellulose enzymatic hydrolysis process in a mimic industrial environment by

using the E200 enzyme set, with a 200-fold increase in concentrations in relative to the E1

set.

The corresponding results for the E200 enzyme system shown in Fig. 5.4 are qualita-

tively very similar to those shown in Fig. 5.4, except for the overall, approximately 100-fold

reduction in time scales already discussed. Note that the reaction speeds should scale exactly

linearly with enzyme concentrations as long as the enzyme-substrate system remains in the

low-enzyme limit. However, the E200 system is already in the intermediate-to-high enzyme

regime where the enzymes compete for available substrate sites, rather than substrate sites

competing for enzymes. Consequently, the scale up in the reactionspeed in going from E1

to E200 is neither exactly linear nor is it the same in all the four model on all time scales.

An analysis of the initial enzyme adsorption equilibrium shows that thefree N and L site

concentrations decrease from 99% in E1 to around 50% in E200,i.e., almost 2 fold, relative

to the total N and L site concentrations. On the other hand, the adsorbed enzyme fractions

do not change much for theexo-acting enzymes, CBH1 and CBH2, and decrease from 53%

in E1 to 37% in E200 for theendo-acting EG1. As a result, the initial concentration of ES

complex, and hence the initial enzymatic cutting rates, show a 200-fold scale-up for CBH1,2

and a 139-fold scale-up for EG1 in E200 in relative to in E1, provided that the reaction rate

coe�cients remain unchanged.

The depression of �rel in the MM82-1 model is somewhat more pronounced in the E200

system. A weak and brief �rel-depression is now also seen in the Gaussian-distributed MM82-

2 model in Fig. 5.4C. Both of these results suggests that higher enzyme concentrations

tend to favor hydrolysis slow-down behavior. This is probably due togreater cooperativity

betweenendo- enzyme andexo- enzymes under high enzyme concentrations, in consistent

with experimental studies (Nidetzky et al., 1994; Woodwardet al., 1988). As we can see,

both the hydrolysis rate and the relative hydrolysis rate are much higher in the E200 system

after the initial rapid rise, compared to those in the E1 system, as shown in Figs. 5.4B and
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C and 5.3B and C. Thus, more and faster surface ablation on relatively smaller size SACs

can be expected in the E200 system. This leads to more di�culty of substrate sites supply

after the initial highest rate, and consequently the deeper declinein the hydrolysis rate, in

relative to the lower E1 enzyme system.

For industrial applications, there is of course always a trade-o� between the cost of

enzyme concentrations added and the bene�t from better performance of the operation using

more enzymes. To explore possible performance optimization applications of our modeling

approach, we have also simulated, in addition to the E1 and E200 systems, an enzyme

system, labelled E200/50, where only EG1 is increased 200-fold, butCBH1,2 are increased

only 50-fold. The 90% conversion time in this E200/50 system di�ers by less than 1% from

that in the E200 system. Thus from an economic point of view, one should never use the

E200 enzyme system in an industrial application, since lower enzyme usage in E200/50 gives

the same performance.

While the E200/50 system's enzyme composition deviates from the naturally occurring

composition found in living microbial cells, this does not necessarily mean that the natural

composition is not at optimum underin vivo conditions. It is possible that the enzymatic

activities exhibited in vivo are di�erent from technologically relevantin vitro environments,

and that they may be subject to regulation by the cells. Thus, it is quite possible that sub-

stantial improvements of hydrolysis cost/performance under technologically relevantvitro

conditions can be achieved by our modeling approach, even for enzyme systems that have

already been optimized, by nature, forin vivo performance. If process operation and eco-

nomic parameters are available our modeling framework can provide auseful tool for a more

detailed process optimization and design, by allowing us to perform systematic computa-

tional searches of parameter space for optimal processes and enzyme utilization. This will

be the focus of future work.
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5.6 Quasi-steady state Analysis

In previous section, we have demonstrated two-time scale behavior exhibited in the conver-

sion rate jdxV =dtj as a function of hydrolysis time: after a steep rise of hydrolysis rate, it is

abruptly arrested at some maximum rate and then gradually drop tozero that spans over the

rest of hydrolysis process. This two-time-scale behavior can also be interpreted as the very

rapid establishment of a quasi-steady state (between surface chain fragmentation and new

surface chain exposure rates) , followed by a very slow gradual decay of the substrate particle

size� � through a series of such quasi-equilibrated surface states. Thus, we propose here an

approximate quasi-steady state treatment to model this quasi-equilibrated decay over long

time scales. In this approach, the quasi-steady state is assumed to be already established

from the very beginning and the very short, rapid initial build-up phase of the quasi-steady

state is neglected.

Figure 5.5: Quasi-steady state in water

tank example. Quasi-steady state state in water

tank where the rate of water pouring in equals the

rate of water leaking out at the bottom.

Before we present quasi-steady state for-

malisms and related algorithm, we �rst make

an analogous example to help illustrate the

purpose behind this approach. Suppose we

have a tank with a stream of water pouring

in from the top at a constant rate or very

slowly varying rate of V in(t); and at the

same time, the water is leaking from the

bottom at a rate that is proportional to

the height of liquid contained in the tank

h, and can be expressed asV out = � out h.

(Illustrated in Fig. 5.5) Both rates are mea-

sured in units of volume / time. Assume we

start with an empty tank, the tank will be

slowly �lled with water, until to some equi-
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librium state where the rate of water pouring

in approximately equals the rate of water

leaking out. Let us consider a very short time intervaldt, during which the change ofh

is given as:

S � dh = ( V in(t) � V out )dt = ( V in (t) � � out h)dt (5.2)

whereS is denoted as the cross section area of the tank. Straightforwardly, for the purpose

of solving for h at equilibrium, we set dh=dt to be zero. Via Eq.(5.2), after rearrangement,

we have

dh
dt

=
V in(t) � � out h

S
�= 0 (5.3)

h �=
V in(t)
� out

(5.4)

The quasi-steady state approximation is valid here if the relative rate of change of the

in-
ow is very slow compared to the equilibration rate constant,i.e., if (1=Vin )dVin (t)=dt �

� out =S. The quasi-steady state approximation reduces di�erential rateequations to algebraic

equations. In this simple example, we are able to obtainh(t) without even having to solve

any di�erential rate equation. Following the same reasoning, we would like to see if we can

simulate the hydrolysis as a whole without its initial setup phase.

We �rst discuss the setup in chain number formalism, which is consisted of a close set of

equations from Eqs. (4.27) and (4.9). Following aforementioned conclusion that hydrolytic

evolution is inert to pre-hydrolysis substrate chain number distribution, we conveniently

adopt here the delta function initialization where all substrate chainnumber are of the same

length, ` (o) . In light of quasi-equilibrated water tank analogue given above, we set _G� (`) in

Eq. (4.27) to be 0:

_G� (`) = _G(fra)
� (`) � �R� � � (� � )Q� (`; � � )=

1X

j = `S

jQ � (j; � � ) = 0 (5.5)
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It is important to notice that with normalization condition inherited fr om P� (`) con-

struction, it is obvious that the following equality holds true:

`midX

`= `S

P� (`) = 1 �
`maxX

`= `mid +1

P� (`); `S � `mid � `max (5.6)

Rewriting Eqs. (4.10) using Eq. (5.6), via Eq. (4.27), we can thus solve for G� (`) recursively

from `max to `S given the value of� � . With a complete pro�le of G� (`) in hand, through Eqs.

(4.16)-(4.18), one can calculate�R, which in turn enters into Eq. (4.9) for � � rate equations.

All G� (`) are thus eliminated as dynamical variables from the rate equation system. They

are now algebraically dependent on the� � -variables. The resulting closed set of� � rate

equations generates the full time evolution of all chain number variablesG� (`).

In site number formalism, the number of independent variables,i.e. � � , xL;� , G� (`S) and

G� (`S + 1), is much smaller than in the chain number formalism with LP approximation.

Their aforementioned coupled rate equations are now set to equal0 in our quasi-steady state

analysis:

_xL;� = RL;� � �R� � � (� � ) gL;� (� � ) = 0 (5.7)

_G� (`) = � N;� xL;�

�
2 � 2

`X

k= `S

P� (k) � (` � 1) P� (`)
�

+� X;� xL;�

�
P� (` + kX ) � P� (`)

�

+� Y ;� xL;�

�
P� (` + kY ) � P� (`)

�

= 0 for ` = `S; `S + 1 (5.8)

Again, under LP approximation, there is no surface exposure termentering rate equations for

G� (`S) and G� (`S+1). Eqs. (5.7)-(5.8) then form a closed set of quasi-steady state equations

under site number formalism.

Fig. 5.6 shows four complete hydrolysis pro�les for MS model with DP=100, 300, 1000

and 2000, respectively. Enzyme concentrations, substrate initial morphology data (� o, xV ),

among other variables are directly calculated from Table 1. (We are dropping the subscript� ,
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Figure 5.6: Quasi-steady state analysis. Comparison of the MS model results from exact
chain number formalism against quasi-steady state models with chain-number and site-number
formalisms, respectively, under di�erent initial delta cha in length distributions, for the mixed EG1-
CBH1,2 enzyme systems. All enzyme concentrations are adopted from Table 1 directly (E1 system).
In panels A-E, although almost indistinguishable, full lines, dashed lines, dot-dash-dot lines and
dash-dot-dash lines are for exact chain number results withDP = 100, 300, 1000 and 2000; square
represents the simulated data from quasi-steady state sitenumber formalism and cross represents
that from quasi-steady state full chain formalism. A: total monomer concentration xV (t) in solid
versus time t; (B) hydrolysis rate jdxV =dtj; (C) relative hydrolysis rate � rel ; (D) overall accessibility
fraction Fa; (E) concentration of soluble monomersxS(t) in solid versus time t.
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since we are dealing with MS model with single geometry here) Fig. 5.6A plots the relation-

ship between total monomer concentration (xV ) versus time. As foregoing analysis shows, for

hydrolytic processes among di�erent DP but otherwise identical morphologic surface abla-

tion models (identical Fa, xV ), complete hydrolysis pro�le should look very similar to each

other; in other words, these four situations only di�er from each other by how chains are

segmented within their respective substrates, and only di�er on the initial concentrations of

xL . Therefore, the general rates at whichendo-acting enzymes cut chains are roughly the

same, as well as the replenishment rate of digested substrate material at the SAC surfaces.

Consequently, the hydrolysis pro�le almost overlap with each other, with minor di�erences

for complete hydrolysis time, which can be easily explained by small disparities in exo-acting

enzyme activities.

Overall, it is very clear that both quasi-steady state in site number formalism and full

chain formalism reproduce the exact full chain solution quite well. Theinlet in Fig. 5.6A

magni�es within a certain time frame, further indicating the good agreements between exact

solution and our approximated quasi-steady state solutions, with the di�erences being at

most 1% across all di�erent DP values tested. However, accordingto the inlet in Fig. 5.6A,

the approximations unanimously tend to underestimate the exact solution at corresponding

time t. Such agreements are also observed on other quantities including the hydrolysis rate

in Fig. 5.6B; relative hydrolysis rate in Fig. 5.6C; overall accessibility factor in Fig. 5.6D and

soluble monomer concentrations in Fig. 5.6E.

It is critical to notice, in Fig. 5.6B we show the quasi-steady state approximation for

conversion ratejdxV =dt j for the same four situations described above. Similar to what we have

observed before, the exact solutions exhibited a rapid rise followedby a sudden arrest, which

leads to a very slow decaying plateau phase. The abrupt arrest in hydrolysis rate signi�es

the turning point where all surface exposed monomers have been fragmented, and then the

surface exposure term begin to dominate the hydrolysis process.However, the equilibrium

establishment is completely circumvented under quasi-steady state approximation. For quasi-
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steady state data points, we observe an almost linear extension from prehydrolysisto onto

where would be the turning point for exact solutions. This is as if evenfor the outer most layer

on each SAC surface, starting from the beginning of hydrolysis, the rate of monomer/site

concentration loss from fragmentation is almost the same as the rate of newly exposed

monomer/site from surface ablation, hence a series of quasi-steady states, throughout the

whole hydrolysis process.

5.7 Degree of Synergy

We previously studied a system with a mixture of EG1 and CBH1,2 enzyme system, as well as

systems under the e�ect of pure CBH1,2 enzyme to test the LP approximation. Theoretically

speaking, any substrate is susceptible to hydrolytic e�ect from cellulase systems, with almost

any combination possible. Simply a matter of time, either pureendo� or pure exo� or a

mix of both will attack their respective adsorption sites on cellulose,and eventually break

down all substrate into glucose or cellobiose. However, as evolutionprogresses, mother nature

created a pot of di�erent enzymes, with their functions closely related or even overlapping

sometimes, that generates an optimal result. This additive e�ectsamong many enzymes are

called synergism.

We are interested in �nding out how prominent synergism acts between three enzymes

from Trichoderma reesei. EG1, an endo-acting enzyme adsorbs toX -, Y- and O-sites in

our �ve site model while CBH1,2, asexo-acting enzyme, only adsorbs toX -(for CBH2) and

Y-(for CBH1) sites respectively. While the majority of chains are of length on a higher order

of magnitude than `S, most sites on cellulose substrate areN -sites and thus only accept

adsorption from EG1. This creates less of a competition between three enzymes than a

situation where most chains are now on the same order as`S, where the ratio betweenN -

sites andX -/ Y-sites are considerably smaller and it is more likely forendo- acting enzyme

EG1 to attack X -,Y-sites. These two di�erent scenarios are likely to happen at the very

beginning of hydrolysis and towards the completion of hydrolysis, respectively.
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Our approach focuses on di�erent concentration ratio between the above three enzymes.

In order to be consistent with Table 1, we de�neu1 to be concentration of EG1, in units of

mmol/L; u2 to be concentration of CBH2, andu3 to be that of CBH1. Then we construct

three constantsutotal , � 1 and � 2 from:

utotal = uo
1 + uo

2 + uo
3 (5.9)

� 1 =
uo

2

uo
2 + uo

3
(5.10)

� 2 =
uo

3

uo
2 + uo

3
(5.11)

where the superscripto denotes the values calculated from Table 1. For the purpose of

identifying enzyme synergism betweenendo- and exo-acting enzymes, we are keeping the

ratio � 1 and � 2 de�ned above constant while twitching the enzyme ratios between EG1 and

the sum of CBH1,2. First, let us introduce variable� 2 [0; 1], with 0 stands for pureexo

enzymes system and 1 entirely consisted of pureendoenzyme.

u1 = �u total

u2 = � 1(1 � � )utotal (5.12)

u3 = � 2(1 � � )utotal

with � = 0:0 to 1:0, with an increment of 0:1.

Degree Synergy (DS) is a quantity de�ned to indicate the degree ofcooperativity between

enzymes and can be formulated as the ratio between hydrolysis rate from enzyme mixture

and the sum of hydrolysis rates from each individual enzymes. In our calculations, we dif-

ferentiate enzymes only to the extent ofendo- vs. exo-activities. Depending on the common

factor between all hydrolysis rates, we can calculate DS based on hydrolyzed monomer con-

centration or hydrolysis time respectively, formally shown as:

DSt �
t � 1

mixture

t � 1
endo + t � 1

exo

(5.13)

DSxV �
� xV ;mixture

� xV ;endo + � xV ;exo
(5.14)
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wheretmixture , texo and tendo denote the amount of time it takes to reach the same substrate

conversion rate within each enzyme con�guration; while �xV ;mixture , � xV ;endo and � xV ;exo

stand for total hydrolyzed monomer concentrations for the same time checkpoint in each

respective enzyme con�guration.

Fig. 5.7 shows results of degree synergy calculated in full chain quasi-steady state model,

using the low-concentration enzyme system E1. Fig. 5.7A illustratesDSt evaluated at

10% and 90% hydrolysis conversion time checkpoints; Fig. 5.7B showsDSxV according to

hydrolyzed monomer concentrations at 10% and 90% hydrolysis conversion time checkpoints

for mixture enzyme system. Both �gures show a degree synergy larger than 1 across all

enzyme concentration pro�les, ranging from pure endo to pure exo. This suggests that at

least to some degree, there is synergism observed between endo and exo activities, regardless

of their respective concentration ratio. It is quite noticeable that, also in both graphs, there

is a peak situated immediately after pure-endo (� = 0) enzyme con�guration, and DS

value then sharply depressed into a neighborhood near value of 1. It is equivalent to say

that, under low enzyme concentration, maximum synergy is achieved when the majority

of enzyme concentrations (> 90%) are contributed by exo-acting enzymes. This result

agrees quite well with what Converse (Converse, 2004) have found in a sense that under

low enzyme concentrations where the majority of sites are unabsorbed with enzymes,exo-

activity from CBH1,2 does not depend on chain ends produced fromendo enzymes. Thus

hydrolytic productivity should be proportional to exo-acting enzymes that chops o� chain

ends into soluble oligomers. Furthermore, we have also studied various other proportionally

increased/decreased enzyme systems (relative to E1). The results are exactly replications of

what we have found in E1, as reaction speed scale accordingly with enzyme concentrations

as long as we restrain ourselves strictly in the low-enzyme limit.

For degree synergy comparison between di�erent time checkpoints, we have noticed, in

both �gures, earlier time checkpoint exhibits a higher degree of synergy than later time

checkpoint. Such phenomena is only noticeable in Fig. 5.7A for high DS values (i.e., 0 �
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� � 0:2), but much more pronounced in Fig. 5.7B. This can be straightforwardly explained,

again, as a loss of substrate sites to enzyme ratio during the hydrolysis. In an extreme

case, where very high enzyme concentrations almost occupy all free sites on substrate SAC

surfaces, we expect to see competitions betweenendo- and exo-enzymes to an extent where

DS value calculated would start to dampen. It is then our future work to involve solving the

full enzyme-substrate equilibrium equations, and study the degree of synergy under medium

to high enzyme concentrations.
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Figure 5.7: Degree of Synergy. Simulation results of Degree of Synergy, de�ned in Eq. (5.13)-
(5.14), in MS model with full chain quasi-steady state, for the E1 enzyme system. (A)DSt vs. � ;
(B) DSxV vs. � .



Chapter 6

Conclusion

We �rst developed a general theoretical framework modeling enzymatic hydrolysis on solid

substrates. Unlike our predecessors, for the �rst time we coupled enzymatic fragmentation

with time-dependent substrate morphology. This formalism explicitlyincluded how enzy-

matic degradation can a�ect the size of substrates, and how the morphology evolution in

turn impact on hydrolysis rate. Other than that, an essential feature of this formalism is

its ability to capture the e�ects of random spatial substrate heterogeneity, present in all

pre-hydrolysis/pretreated substrates. Among these, we haveacknowledged in our model:

random distribution of enzyme-accessible internal surface area associated with randomly

sized SACs in the substrate morphology; random spatial distribution of non-cellulosic con-

taminants within SACs; and/or random spatial distributions of the glucan chain degree of

polymerization; random spatial distributions of the degree of chainordering; and random

distributions of hydrolysis time scales result from all the foregoing random spatial inhomo-

geneities of the substrate. To account for all above mentioned randomly distributed substrate

geometries, we introduced SAC geometry� and then represent macroscopic substrate as a

population of discreet SAC geometry classes. We adopted geometry-speci�c layer variable� �

to describe SAC sizes and its rate equation governs time-dependent SAC geometry evolution.

Based on previous work (Zhang Lynd, 2006), we enhanced full chain number formalisms

with our surface ablation model, in which the ad hoc factor has been replaced with surface

exposure term, that is essentially governed by� � time evolution. To further illustrate chain

fragmentation kinetics, we invented the site number formalism where we keep track of site

concentrations, which is on the order of̀C, whereas in full chain formalism, variables relating
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to chain length concentrations could easily go beyond hundreds, if not thousands. This site

number mechanism thus bene�ts us with a signi�cantly reduced-sizeODE system, compared

to earlier conventional chain number representation, at a small price of losing detailed chain

length distribution pro�les during the hydrolysis. Both formalisms open up a new gateway

to simulate hydrolysis beyond initial conversion stage, extended toa simulation of full near-

complete substrate conversion process.

We �rst tested our site number formalism against exact full chain formalism, and estab-

lished fundamental equivalency between two formalisms. Also, localPoisson approximation

was well validated under various combinations of model parameters.

Then we simulated on surface layer ablation models and observed in MS, MM82-1 and

MM82-2 models two distinctive hydrolysis time scale: the characteristic short single outer-

most layer ablation time and the much longer overall hydrolysis time. The short single-

layer ablation time scale corresponds to an early rapid rise in hydrolysis rate jdxV =dt j,

which is suddenly arrested at a maximum hydrolysis rate and followed by a much prolonged

complete hydrolysis process. This phenomena is inevitably an consequence of hydrolyzing

solid substrates where inner substrates are not accessible to enzymatic attack until outer

layer are ablated. We refer to this assubstrate solid structural heterogeneity.

Moreover, we have proved hydrolysis process largely depend on random substrate mor-

phology. We, again, adopted three surface ablation models, wherewe kept the same speci�c

accessible internal surface area, the same degree of polymerization, the same hydrolytic

enzyme system with the same rate coe�cients, but only varying thesubstrate morphology

distribution, with MS being an extreme delta distribution, MS82-1 being another extreme

with truncated uniform width distribution and MS82-2 the Gaussian shaped morphology

distribution. Among three models, we witnessed vast di�erences in overall hydrolysis time,

maximum hydrolytic rate, overall accessible surface evolution, etc. It is only natural to sug-

gest that, in addition to substrate solid structural heterogeneity, it is equally important to

recognize the e�ect ofsubstrate morphology heterogeneity. In reality, these two e�ects could
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be operational along with product-inhibition, substrate-induced enzyme inhibition factors,

in bringing about the observed hydrolysis slow-down phenomena.

In regards to short-time scale phenomena, we proposed a quasi-steady state analysis that

approximated the hydrolysis as a whole with a series of quasi-steadystates. This approach

circumvents modeling the rapid equilibration processes on very earlyshort time scales, but

gives accurate results on long time scales to near-complete substrate solubilization. The quasi-

steady state results are in excellent agreement with the exact solution.Lastly, we investigated

the synergism between EG1 and CBH1,2, and observed clear evidence for cooperativity under

the low enzyme concentration regime.

Overall, our modeling approach opens up a new perspective into cellulosic hydrolysis pro-

cess that not only we extended reliable hydrolysis simulation to a near-completion state, but

also accredited "substrate solid structural heterogeneity" and"substrate morphology hetero-

geneity" for hydrolysis slow down, which is universally experienced in industrial production.

However, our work could be substantially validated/enhanced if future experimental research

shall lend insight into hydrolytic evolution of critical substrate and hydrolysis parameters.

(e.g.overall accessibility fraction, surfaces-exposed degree of polymerization. Given the avail-

ability of these data, we will then be able to directly compare our model simulations to

real experimental data. Furthermore, as we stated earlier, theimportance of substrate mor-

phology distribution renders further investigations into substrate's macroscopic/microscopic

structure of essential importance. Combined with above all would we have a more clear

picture and detailed understanding of the hydrolytic conversion process.



Nomenclature

a�;� , A �;�;� decomposition parameters used in Eqs. (3.31) & (3.34)

b�;� , B �;�;� decomposition parameters used in Eqs. (3.31) & (3.34)

BV ;� molar volume prefactor,� C� cV ;�

C� class-� SAC concentration, mM

(moles of SACs in class-� per reactor volume)

cV ;� volume prefactor to calculatenV ;�

dA;� ablation dimension for class-� SACs

d�;� , D �;�;� decomposition parameters used in Eqs. (3.31) & (3.34)

Dx V � � -density distribution function of xV ;�

Fa;� fraction of accessibleG1 for class-� SACs, � nM ;� =nV ;�

�Fa overall accessibility fraction of accessibleG1, � nM =nV

f �;� type-� site fraction on class-� SAC surfaces,� n�;� =nM

g�;� native type-� site fraction in class-� SACs

G1 anhydro-glucose (C6H10O5) monomers

G` glucan chain consisting of̀ G1 units

G� (`) concentration of G` exposed on class-� SAC surfaces, mM,� C� H � (`)

H � (`) number of surface-exposedG` per class-� SAC

k, k0 number of G1-monomers in a glucan chain or chain fragment

Gk or Gk0, respectively

kL , (kR) length of terminal chain segments at theL-end (R-end),

which are devoid ofO-sites, in the CCE model

kX , (kY ) site position from L-end (R-end) where exo-L (exo-R) act at

` number of G1-monomers in an insoluble glucan chainG`
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`S minimum insoluble chain length

h̀ i � average chain length for chains exposed on class-� SAC surfaces

`L , (`R) length of terminal segment thatL-end (R-end) can a�ect

`LR `LR � `L + `R � 1

`T `T � max(`S; `L + `R � 1)

`C `C � max(`S; `L + `R � 1) + max( `L ; `R) � 2

`E `E � max(`L ; `R) � 1

`D `D � `C, but `D � `C

L �;� adsorption coe�cient for ( �; � )ES complex, 1/mM

m�;�;� number of (�; � ) ES complexes per class-� SAC

MMD population size of SAC geometries

nM ;� number of G1 exposed at the surface per class-� SAC

n�;� number of type-� sites at the surface per class-� SAC

nS;� number of dissolvedG1 produced per class-� SAC

nV ;� total number of G1 contained per class-� SAC

N �;� (k) average number of type-� sites per glucan chainGk ,

in class-� SACs

� �N �;�;� mean increment of type-� sites on class-� SAC

surfaces per� -bond being cut

� N �;� (k; k0) increment of type-� sites produced by a bond cut

generating a (Gk ; Gk0) chain fragment pair

p(I)
�;� , p(L)

�;� , contributions to probability for �nding type- � , on class-� SAC

p(R)
�;� , p(S)

�;� surfaces from the interior,L-terminal and R-terminal segments

from short chains with ` � `LR , respectively

P� (`) probability of a randomly selected insoluble glucan chain,

exposed on a class-� SAC surface, to contaiǹ

G1 monomers;� H � (`)=nL;�
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P� (k; k0; � ) probability that a bond randomly selected from the superchain

is a � -bond, and that this bond be locatedk � 1

monomersand k0 � 1 monomers

from its nearestL-end andR-end, respectively

P� (k; k0j�; +1) probability for a randomly selected intact bond of given site

type � to be locatedk monomers from theL- and k0 monomers

from the R-end of a surface exposed chain on a class-� SAC

P� (� jk; k0; � ) probability for a randomly selected superchain bond to be of

site type � , given that the bond is a � -bond;

and given that it is located k and k0 monomers from

its nearestL-end andR-end, respectively

Q� (`) native chain length distribution in class-� SACs

R�;� production rate of type-� site, mM/min, � C� V�;�

�R� negative rate of monomer loss (�R� < 0) into solution, mM/min

u� total type-� enzyme concentration, mM

v� free type-� enzyme concentration, mM

VH;� (`) production rate of G` at the surface per class-� SAC,

(number of G` per min per SAC unit)

V�;� production rate of type-� site at the surface per class-� SAC,

(number of type-� site per min per SAC unit)

VS;� (k) production rate of soluble oligomerGk per class-� SAC

V� (` ! k; k0) rate at which chainsG` , exposed on class-� SAC

surfaces, are being cut into fragmentsGk and Gk0,

from the original chain L- and R-end, respectively

�V� negative rate of monomer loss into solution per class-� SAC

w� number of monomers represented by one type-� site

x �;� concentration of type-� site exposed on class-� SAC surfaces,
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mM, � C� n�;�

xM total concentration of G1 exposed surfaces, mM

xM ;� concentration ofG1 exposed on class-� SAC surfaces, mM

xV total concentration of G1 in solid substrate, mM

xV ;� concentration ofG1 contained in class-� SACs, mM

y�;� concentration of free type-� sites on class-� SAC surfaces, mM

z�;�;� concentration of (�; � )ES complex on class-� SAC surfaces,

mM, � C� m�;�;�

Greek Symbols

� � type-� enzyme footprint

� � geometrical factor accounting for surface curvature e�ect

� index of enzyme types,� = 1; 2 or 3 represent

the endo-, exo-L- and exo-R-acting glucanase, respectively


 �;� cutting rate coe�cient (cuts per time per ( �; � )ES complex)

� �;� enzyme cutting rate factors de�ned by Eqs. (4.12)-(4.14)

� rel relative hydrolysis rate,� � dxV =dt=xV

� � layer number variable of class-� SACs

� , � index of site types,N; L; R; X; Y; Z or O.

� O;� fraction of O-sites in class-� SAC chains

� index of SAC classes

�(� `) Heavyside step function, = 1 if � ` > 0,

= 0 otherwise; for any real or integer � `

� � molar fraction of G1 contained in class-� SACs, � xV ;� =xV

� bond integrity variable with � = +1 ( � 1) indicating intact (broken) bond,

in the superchain construction of fragmentation probability.
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Abbreviations

CCE "clean chain ends", a chain site distribution model

DP degree of polymerization

endoenzyme endoglucanase

ES "enzyme substrate" complex

exo-L enzyme exoglucanase acting at non-reducing end of a cellulose chain

exo-Renzyme exoglucanase acting at reducing end of a cellulose chain

GP global Poisson

HDC "homogeneously dirty chain", a chain site distribution model

LCL long chain limit

L-end non-reducing end of a cellulose chain, also called "left" end

LP "local Poisson" an approximation scheme

MM " M ultiple-layer, M ultiple-geometry" model

MM82-1 the MM model with uniform distribution of monomer

concentration per geometry class,(i.e. � (o)
� = 1=82 8 � )

MM82-2 the MM model with Gaussian distribution of monomer

concentration per geometry class through Eq. (4.36)

MS "M ultiple-layer, Single-geometry" model

ODE ordinary di�erential equation

R-end reducing end of a cellulose chain, also called "right" end

SAC smallest accessible compartment

SAV smallest accessible void

SS "Single-layer, Single-geometry" model
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