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Using network architecture to describe a biological system is an effective

organizational method. The utility of this approach, which generally applies to

qualitative models, is enhanced by the addition of quantitative models

characterizing the interactions between network nodes. A chromatophore-based

signal transduction network is developed, and the highly interconnected major

nodes of the network, guanine trisphosphate, adenylate cyclase, and protein kinase

A, are identified. These reference nodes serve to partition the network into

functional modules, and mechanistic models describing these modules are derived.

Three elicitor compounds, forskolin, melanocyte stimulating hormone (MSH), and

clonidine, were selected due to their ability to access the signal transduction
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network at specific reference nodes, and the module configurations corresponding

to their mechanisms of action are presented.

The chromatophore responses to the three elicitors and to a negative

control, L-15 cell medium, were recorded for two experimental blocks consisting

of genetically different fish cells. Significant differences in cell responsiveness

were evident between the two blocks, but this variability was controlled by the

transformation and normalization of the data. The model parameters for each

agent were estimated, and the resulting response curves were highly accurate

predictors of the changes in apparent cell area, with R-squared values in the 0.88

to 0.96 range.

Two examples were presented for the application of a model discovery

algorithm, which selects modules from an existing library, generates model output

for all valid module configurations, and selects the configurations which best

satisfy a fitness function for a given set of target data. The algorithm proved

robust to the introduction of different levels of random error in the simulated data

sets when applied to a model of the desensitization of a cell membrane receptor,

and continued to classify the stochastic data sets correctly even when the

underlying rate constants differed significantly from those embedded in the

modules. When challenged with the chromatophore data, the model discovery

algorithm successfully matched the forskolin and MSH module configurations to

the data within the top three models proposed, with less precise classification for

the clonidine model.
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A Network Approach for the Mechanistic Classification
of Bioactive Compounds

1 INTRODUCTION

1.1 Network Analysis of Complex Systems

Networks can be a powerful tool for organizing knowledge about complex

systems. The basic concept of elements, or nodes, and connections, or edges,

which represent some sort of flow between the nodes, can easily extend to such

diverse applications as the analysis of links between World Wide Web pages (1),

an ecosystem-scale model of food energy flow, or a gene regulatory network at the

molecular level (2).

However, simply casting a system as a series of nodes and links results in a

purely qualitative model; this makes it possible to perform topographical analyses

on the reachability of one node from another, or to identify major hubs which are

highly connected, but such a model cannot directly be used to provide quantitative

predictions. This is frequently the case with bioinformatics work, where

microanay technology facilitates the testing for large numbers of possible

interactions between transcription factors and a genomic sequence, but the data

basically answers a yes or no question regarding whether or not a certain

combination of elements produced a response, and does not lend itself to
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explaining further details regarding the in vivo consequences of such gene

expression.

In this thesis, a signal transduction network model is presented, in which

mechanistic models associated with the sections of the network characterize a

quantitative response of the system, which is compared with experimental data.

1.2 Modular Characteristics of Networks

Several types of network architectures, such as scale-free and hierarchical

networks, exhibit modularity (3,4). Often, this is the result of a few critical nodes

which are the major hubs of a network, and which have a much greater number of

links than other nodes. The identification of these influential points can lend

insight into a system. In bioinformatic networks, the proteins that are involved in

the most interactions tend to be those with the longest evolutionary history (5).

Jeong et al (3) found that in a survey of metabolic networks in 43 organisms, the

ranking of the most cormected substrates was virtually identical among all species.

This clustering phenomenon also makes intuitive sense in the sociological context

of web page hotlinks and citations in scientific research papers, where the items

which are already well known are more likely to be referenced (1).

While these highly connected hubs generally shorten the total number of

steps needed to traverse a network, they also have the ability to greatly influence



the flow of information through the network (3). This characteristic means that the

major hubs of a network are a natural focus in determining how a network can be

subdivided into smaller modules. The removal of a major node, due perhaps to

data corruption in a computer system, species extinction in an ecosystem, or a

mutation in a gene expression system, may disrupt a system sufficiently that it

stops functioning altogether, or is forced to rely on less efficient pathways in order

to route information (3). This property is crucial to elicitor set theory, in which

major reference nodes in a signaling pathway are deliberately disrupted in order to

provide information about the mechanism of cell response to a substance (6).

1.3 Pigment Cells: A Modular Signal Transduction Network

In Chapter 2, a cell signal transduction network in fish pigment cells (Betta

splendens) is described. Nodes, links, and major hubs are identified, and the use

of elicitor set theory to investigate signaling pathways is explained. The network

modules resulting from the selection of reference nodes are developed, and

examples of different module configurations and their relationship to a series of

well-characterized elicitor compounds are illustrated.

Chapter 3 provides more detail about the mechanistic model development

for the chromatophore model, and includes the analysis of an experimental data

series. While pigment cells have been studied as a model system for organelle

transport for decades, few (if any) mathematical models of their behavior have



been proposed, although a large number of articles have covered qualitative

aspects of pigment transport within chromatophores (7). The subdivision of the

signal transduction network into functional modules with associated mechanistic

descriptions allows greater insight into how the network is affected by a bioactive

agent, in comparison with a black box approach that accurately models the cell

response to a stimulus, but does not provide any information that facilitates

comparisons between different agents. The arrangements of functional modules

which correspond to the three elicitor compounds are described, and the

parameters for these modules are estimated from the experimental data.

1.4 Model Discovery Techniques for a Modular Network

A novel algorithm for identifying module configurations and comparing

them to a set of target data is described in Chapter 4. A user-specified fitness

function, which may be simply a measure of model goodness-of-fit, or may also

incorporate other influences such as a penalty for overly complex configurations,

is used to rate the module assemblies and report those which performed best. An

analysis of the proposed models is a useful step which may indicate avenues of

inquiry in the iterative process of experiment design and analysis.



1.5 Objectives

The overall goal of this project is to investigate ways in which modular

networks may be used in mechanistic modeling endeavors. The objectives of the

project are as follows:

I.) To identify a representative set of signal transduction network

modules in teleost chromatophores

2.) To develop and validate mechanistic models for each of the

modules

3.) To utilize scale-free network models for module integration

4.) To develop a mode! discovery algorithm which takes advantage

of the modular network structure

Chapter 2 discusses some aspects of biological networks in general, and

how the chromatophore signal transduction network differs from the more

common bioinformatic networks.

The development of the mechanistic models, and the scientific theories

underlying the mathematical forms, are discussed in Chapter 3, which also

includes a description of the data analysis methods used prior to model

parameterization. This chapter also presents the details of module integration for



assembling the full models of pigment cell response to the elicitors, an analysis of

parameter sensitivity, and a discussion of model validation.

Chapter 4 presents the model discovery algorithm, which rearranges the

modules from a module library in different configurations, evaluates them, and

compares the resulting model outputs to a target set of simulated or experimental

data. Two examples are given here; the first is an in silico thought experiment

based on a receptor adaptation model of the desensitization of the Dictyostelium

discoideum (slime mold) membrane cyclic adenosine 3-phosphate (cAMP)

receptor to extracellular cAMP concentrations. This experiment is used to

demonstrate the robustness of the algorithm to noisy data sets and inaccurate rate

constants. The second example is the chromatophore signal transduction model

developed in Chapter 3. A module library is developed, based on the parameter

estimates and mathematical equations describing the chromatophore modules, and

the experimental data is used to evaluate the model discovery algorithm's ability to

distinguish between three elicitor compounds and a negative control.

1.6 References

1. Barabasi, A.-L.; Albert, R. Emergence of scaling in random networks. Science
1999, 286, 509-5 12.

2. Lee, T.I.; Rinaldi, N.J.; Robert, F.; Odom, D.T.; Bar-Joseph, Z.; Gerber, G.K.;
Hannett, N.M.; Harbison, C.T.; Thompson, C.M.; Simon, I.; Zeitlinger, J.;
Jennings, E.G.; Murray, H.L.; Gordon, D.B.; Ren, B.; Wyrick, J.J.; Tagne, J.-
B.; Volkert, T.L.; Fraenkel, E.; Gifford, D.K.; Young, R.A. Transcriptional
regulatory networks in Saccharomyces cerevisiae. Science 2002, 298, 799-
804.
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1865.

5. Barabasi, A.-L.; Bonabeau, E. Scale-free networks. Sci. Amer. 2003, 288(5),
60-70.

6. Chaplen, F.W.R.; Narayanan, A.; Roussel, N. Cell network information flow.
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08/15/2003.

7. Nascimento, A.A.; Roland, J.T.; Gelfand, V.1. Pigment cells: a model for the
study of organelle transport. Annu. Rev. Cell Dev. Biol. 2003, 19, 469-491.



2 CLASSIFICATION OF BIOACTIVE COMPOUNDS USING A
CELLULAR SIGNAL TRANSDUCTION NETWORK

2.1 Abstract

Expressing a series of biological processes as an information network can

lead to useful insights for modeling and experiment design. A chromatophore-

based signal transduction network is described, and the major hubs of the network

are identified. The primary hubs for the system, guanine triphosphate, adenylate

cyclase, and protein kinase A, serve as reference nodes which subdivide the

network into functional modules. A carefully selected set of elicitors is used to

access the network at these reference nodes, providing data corresponding to

several different module arrangements. Comparing the cellular response to an

unknown stimulus to a suite of characteristic modules may provide information on

mechanisms of action or suggest an avenue for further inquiries.

2.2 Overview

2.2.1 Networks in Biological Modeling

There is increasing interest in the application of network theory to a wide

variety of fields, from Internet communication systems to cell molecular biology.

Many systems can be viewed as networks, where discrete elements, or nodes, are

connected to each other by links. There are several recognized types of network

architecture, each with different characteristics. These include random networks,

scale-free networks, and hierarchical networks. Scale-free networks and



hierarchical networks (which combine scale-free and modular topologies) have

been proposed as useful models of processes such as metabolic pathways (1), a

regulatory gene network (2), and other signal cascades.

In random networks, the nodes are connected by randomly placed links.

This results in a network in which most nodes have a similar number of links, with

this number following a Poisson distribution (3), as illustrated in Figure 2.IA for a

mean of 10 connections per node. Random networks are relatively easy to

traverse, as the number of steps between any two nodes is generally small (2).

Erdos and Renyi postulated this type of network in 1959 (4); real-world examples

include the U.S. highway system and power grid (3).

2.2.2 Scale-Free Networks

In scale-free networks, certain nodes act as hubs, with many connections to

other nodes, while the rest have relatively few connections (2). This architecture

corresponds to a number of naturally occurring systems, from mechanisms ofgene

transcription (5) to social insect networks (6). In contrast to the bell-shaped

probability distribution for connections per node in the random network, the

distribution function for scale-free networks follows a power law (1):

P(a node has k connections) = k, withy between 2 and 3 (2.1)
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This distribution is shown in Figure 2.1B for y equal to 2.5. The term 'scale free'

refers to the fact that this function does not exhibit a peak value (2). The high

degree of skew is reflected in a study of the topography of the Internet, which

showed that for the World Wide Web pages under scrutiny, over 80 percent of the

pages had fewer than four links, while less than 0.01 percent of the nodes had over

1000 links (3). These networks are also easy to traverse, but they exhibit a

clustering of groups of interconnected nodes, or cliques, which is not observed in

random networks.
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Figure 2.1. Probability distributions of links per node for (A) random
network; (B) scale-free network.

The various components involved in cell signaling can be mapped to a

network, in which each node represents a molecule or physical element, and a link

between nodes signifies that the nodes interact in one or more biochemical

reactions. Biological informational networks exhibit a scale-free, non-random

topology. This clustering of function-related nodes around major hubs reflects the
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combination of embedded modularity with scale-free topology. Recent studies

have demonstrated the scale-free network organization and modularity for a

variety of biological systems based on system level characterization of network

topologies (2; 6-9).

This paper presents a modular network, which models interconnected

signal transduction pathways in fish pigment cells. Each module includes a

mechanistic description of how the associated functional unit affects the

concentrations of biochemical species of interest within the cell. This approach is

quite different from the bioinformatic networks seen in genomic research, which

contain information about transcriptional regulators and the promoter sequences to

which they bind (10). Research on these gene regulatory networks focuses on how

genes control protein formation, while the proteins in turn collaborate to control

the expression of other genes (2). The information encoded in these networks is

qualitative, signifying only that an interaction is possible between a given

transcription factor and promoter sequence. In contrast, this signal transduction

network describes the kinetics of a cellular response to an external stimulus,

relating the cascade of biochemical reactions within the cell to quantitative

experimental data. Other researchers have presented models in which signal

transduction pathways are represented as networks, but these networks are

generally developed on the basis of the chemical reactions involved in the system,

and do not reflect the underlying cell physiology (11).
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2.2.3 Chromatophores As Model System

Chromatophores are dermal cells that develop from the neural crests of

animals such as fish, cephalopods, and amphibians. Within these cells are

organelles called pigment granules or chromatosomes (12). The movement of the

chromatosomes within a pigment cell alters the cell appearance. When the

pigment granules are evenly dispersed, the cell appears dark; when the pigment is

aggregated at the cell center, the cell appears pale (13). Figure 2.2A shows Betta

splendens (Siamese fighting fish) chromatophores in mixed states ofaggregation

and dispersion, while Figure 2.2B shows the same cells after aggregation. The

pigment granules are transported along the system of microtubules and actin

filaments within the chromatophore (14). In many species, changes in coloration

can be controlled by the nervous and endocrine systems, with the response

mediated by the chromatophore cell membrane receptors (15). There are a number

of different chromatophore types, which contain different pigments. This study

focuses on melanophores, in which the black pigment melanin is stored in pigment

granules called melanosomes (12). Furthermore, the chromatophore membrane

receptors include several which are involved in key physiological processes, and

are therefore of interest for pharmacology or bioweapons defense research.

Chromatophores are useful as a model system for a number of reasons.

Cell response to stimulation often results in the intracellular migration of pigment

granules (13). This means that fluorescent markers or other assays are
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agent, different paths are traversed through the signal transduction network,

depending on the nature of the introduced agent. The major hubs of this network

are used as reference nodes, which can be perturbed by a suite of elicitor

compounds. These elicitors activate or inhibit well-characterized pathways at

different reference nodes, providing information about the mechanism of action of

the biological agent (18-19).

Each elicitor accesses the signal transduction network at a different point,

and traces a different path through the network. These paths can be described as a

series of functional modules, where alternate arrangements of modules reflect the

cellular responses to a variety of biological agents. This segmentation of the

network is a useful tool for designing experiments to elucidate the mechanisms of

cellular responses to uncharactenzed compounds.

2.3 Signal Pathways in Chromatophores

2.3.1 Membrane Receptors

A variety of G-protein coupled receptors (GPCR5) are found in

chromatophores, including alpha- and beta-adrenergic receptors, melanocyte

stimulating hormone (MSH) receptors, dopamine receptors, and melatonin

receptors (20-22). Each receptor type is associated with a specific G-protein; the

-adrenergic and MSH receptors are linked to stimulatory G-proteins (Ge), while

the dopamine, melatonin, a1- and a2-adrenergic receptors are linked to inhibitory G
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proteins (G1). The G proteins activate the transmembrane protein adenylate

cyclase (AC), and the G1 proteins inhibit AC activity.

2.3.2 Second Messenger Systems

The activation or inhibition of adenylate cyclase stimulates or inhibits the

production of the second messenger cyclic adenosine 3-phosphate (cAMP) within

the cell. High levels of cAMP lead to chromatosome dispersion, while low levels

of cAMP result in pigment aggregation (14). Clonidine, an antihypertensive drug

which causes chromatosome aggregation, binds to the a2-adrenergic receptors

embedded in the cell membrane. The activation of this inhibitory G-protein

coupled receptor decreases production of adenylate cyclase (AC), leading to a

dose-dependent decrease in cAMP in angelfish melanophores (23). Figure 2.3 is a

schematic of the inhibition of AC and corresponding decrease in cAMP due to the

inhibitory GPCR pathway. Increased intracellular Ca2 levels are also implicated

in pigment aggregation for some fish species, but investigations of whether

elevated Ca2 concentrations are required for melanophore aggregation have

yielded ambiguous results (13).
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activation of cytoplasmic dynein, the motor protein necessary for pigment

aggregation (14).

Another contributing pathway for pigment aggregation was proposed by

Andersson et al (22), who report that activation of the melatonin receptor leads to a

signal cascade through MAPK kinase to MAPK (mitogen-activated protein

kinase), which is associated with the tyrosine phosphorylation of a 280 kDa

protein. The downstream effectors of this pathway include Rab27a, an A kinase

anchoring protein, and melanophilin, both of which are associated with the motor

protein myosin V (24). A disruption by MAPK of the interaction between

melanophilin and Rab27a could contribute to pigment aggregation (22).

2.3.4 Pathways for Pigment Dispersion

Melanocyte-stimulating hormone (MSH) binds to another GPCR, the MSH

receptor. This G increases adenylate cyclase activity, elevating intracellular

cAMP levels (21). The cAMP activates PKA, which phosphorylates a target

protein, ultimately activating the motor proteins kinesin II and myosin V (14).

Another compound, forskolin, bypasses the G-protein receptor by diffusing

through the cell membrane and stimulating the adenylate cyclase pathway directly

to cause pigment dispersion. The increase in cAMP and activation of PKA by the

stimulatory GPCR are depicted in Figure 2.4.
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leads to the bidirectional transport of pigment granules along the cell microtubules.

(26-27). Research by Deacon et a! (28) suggests that the minus-ended motor

protein dynactin is necessary for transport in both directions. In chromatosome

dispersion, the pigment granules are transported towards the cell periphery along

the microtubules, and further distributed along randomly oriented actin filaments,

so that the pigment is evenly distributed throughout the cell, rather than forming a

ring at the outer cell edge. Transport along the actin filaments is associated with

another motor protein, myosin V (14).

2.4 The Signal Transduction Network

2.4.1 Network Structure

Figure 2.5 shows a signal transduction network which encompasses the

major pathways reported in the literature for pigment transport In teleost

melanophores. The nodes are either molecules, such as membrane receptors, or

physical components, such as cytoskeletal elements or melanosomes. An edge

connecting two nodes signifies that both nodes are involved in a common reaction.

The dotted lines enclose three different functional groups, or modules: the G-

protein coupled receptors, the adenylate cyclase/cyclic AMP system, and the PKA-

mediated transport processes.

The network in Figure 2.5 is not a complete description of all of the

biochemical reactions which involve these nodes. Key compounds such as

guanine triphosphate (GTP), adenosine triphosphate (ATP), cyclic AMP, and
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protein kinase A participate in so many different cellular functions that it would be

impractical or even impossible to list all reactions involving them. In the interest

of clarity, only the pathways involved in pigment translocation are considered.
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Figure 2.5. Information flow in the melanophore signal transduction network

2.4.2 Network Hubs

The two compounds guanine tnphosphate (GTP) and guanine diphosphate

(GDP) have closely related roles in G-protein activation, and are treated as one

node to simplify the graph. The major hubs of the network are adenylate cyclase

and GTP/GDP, with eight and seven coimections, respectively. The GTP/GDP

node is required for the activation of the G-proteins, and AC is the effector which

is activated or inhibited by the GPCRs. Two alternate pathways, those involving
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intracellular Ca2 and MAPK kinase, bypass adenylate cyclase, but while these

pathways may contribute to pigment aggregation, research indicates that neither

Ca2 nor MAPK kinase is sufficient to cause complete aggregation when AC is

inhibited (22-23).

Other nodes with greater than average connectivity include ATP, cAMP,

and protein kinase A. ATP is the primary energy storage molecule in heterotrophs,

and is critical to many cell functions. h the melanophore network, ATP is

converted by adenylate cyclase to the second messenger cAMP, and it also serves

as the power source that enables the motor proteins myosin V. kinesin II, and

cytoplasmic dynein to function (14). Cyclic AMP activates protein kinase A and a

number of other targets such as calcium channels. Protein kinase A can

phosphorylate many different proteins, including at least 20 A kinase anchor

proteins (29); these targets are not considered here, as they do not necessarily

affect pigment transport. As the availability of ATP impacts the signal pathways

at multiple points, it is less useful as a reference node, since this ubiquity makes it

difficult to determine at which point the information flow was disrupted. Cyclic

AMP and PKA both segment the signal tranduction pathways, and are thus good

candidates for reference nodes.

2.4.3 Network Characteristics

The chromatophore signal transduction network has 35 nodes, with an

average connectivity of 2.54 links per node. The frequency distribution of nodes
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versus number of connections is given in Figure 2.6. As in a typical scale-free

network, the majority of nodes have relatively few connections, while a small

number of hubs are highly connected. Seventy-one percent of the nodes have

fewer than four neighbors, while less than nine percent have six or more links.

This reflects the network structure, where the major hubs connect a number of

more linear signal cascades.
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Figure 2.6. Distribution of nodes with respect to connectivity in the
signaling network

As the total number of nodes in the melanophore sub-network used in this

study is several orders of magnitude smaller than in the metabolic networks

described by Bray (2) and Ravasz et a! (7), numerical characteristics such as the

exponential term from equation (2.1) are not particularly meaningful as points of
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comparison. From the perspective of the biological classification problem, the

most useful aspect of network analysis is the identification of key reference nodes

and the definition of functional modules useful for bioactive compound

classification within the system.

2.5 Elicitor Set Theory

2.5.1 Elicitors Affect Network Dynamics

By systematically perturbing different points within the signal transduction

network through the action of elicitors, we may be able to understand better how

environmental or pharmaceutical agents affect the biology of the pigment cells

(15). For example, epinephrine binds with two different types of membrane

receptors, which may generate conflicting signals for aggregation and dispersal,

leading to a reduced rate of aggregation (20). Certain organophosphate pesticides

can cause a 'freezing' of the chromatophores, where only partial pigment

aggregation occurs (17). By comparing the cell response elicited by a new

substance to a library of responses in which the signal cascade was disrupted at

specific points, we can gain some insight into which cell mechanisms were

impaired or bypassed. This strategy may be useful for predicting whether an

unknown substance is toxic or otherwise biologically active.

The elicitor set method uses elicitors to measure fluctuations in information

flow through signal transduction networks (30). An elicitor consists of a well-

characterized network effector, such as clonidine (an a2-adrenergic agonist),
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forskolin (an adenylate cyclase activator), or H89 (a protein kinase A inhibitor),

and an application method.

Elicitor panels are structured around reference nodes. Primary elicitors

acting at major reference nodes dictate the key pathway which is traversed, while

secondary elicitors acting at minor nodes add additional information about

information flow through the network. The reference nodes define modules of

network activity, and their selection is driven by the requirements of the problem

at hand; in this case, the goal is to generate optimal groupings of molecular

recognition events for signature classification by a tissue-based biosensor system.

A highly interconnected node, such as protein kinase A (PKA), has multiple

reaction sites and effectors, and thus might be used as both primary and secondary

nodes within an elicitor panel. Overall resolution is ultimately dependent on the

number of pnmary and secondary elicitors in a given panel, the level of knowledge

available about the biological action of a given effector, and additional data

provided through microarray or other orthogonal measurement methods.

2.5.2 Combining Elicitors to Deduce Mechanisms of Action

The utility of the reference node concept (18) is demonstrated in the

following example, where forskolin was applied to fish chromatophores (19).

Figure 2.7 is a schematic of the signal transduction pathway regulated by an

inhibitory GPCR, in which the G-protein subunit inhibits adenylate cyclase, which

decreases production of cAMP, reducing the activity of PKA and ultimately
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aggregating cell pigment granules. Forskolin accesses the reference node at

adenylate cyclase, bypassing the u1-adrenergic and a2-adrenergic receptor-linked

GPCR pathways to cause pigment dispersion. Secondary elicitors H89 (protein

kinase A inhibitor), clonidine (a2-adenergic agonist), and cirazoline (ai-adenergic

agonist) are used to provide additional information about the interaction of

phenylmethylsulfonyl fluoride (PMSF) with the chromatophores. Figure 2.8A

shows that chromatophores aggregate in response to clonidine, cirazoline, and H89
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Figure 2.7. Schematic of elicitors and their targets in an inhibitory
G-protein coupled receptor pathway.
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in the absence of forskolin. Figure 2.8B shows that the system is unresponsive to

clonidine and cirazoline in the presence of forskolin, which accesses a reference

node lower on the pathway, activating adenylate cyclase and inhibiting pigment

granule aggregation. However, the cells continue to be responsive to H89, which

inhibits PKA activity, an important regulatory step below adenylate cyclase in the

GPCR-regulated pathway (see Figure 2.7).

Selection of forskolin as a primary elicitor simplifies the determination of

the mechanism of action of PMSF, a serine protease inhibitor and nerve agent

analog. Figure 2.8C shows that exposure to PMSF, a serine protease inhibitor,

heightens the sensitivity of cells to H89, resulting in increased pigment

aggregation. Application of PMSF in conjunction with forskolin therefore isolates

the measurable impact of PMSF to regions of the signal transduction pathways

below adenylate cyclase. Stimulus of the system by secondary elicitors provides

additional information regarding the mechanism of action of PMSF. This is

evident in the heightened sensitivity of PKA to H89 in the presence of PMSF

while the upper segment of the pathway is decoupled through the application of

forskolin, as shown in Figure SC.





2.5.3 Selected Elicitors and Module Assembly

The modular components of the signal transduction network can assume

multiple configurations. Figure 9 offers a comparison of the module assemblies

that result from the application of three different elicitors, forskolin, MSH, and

clonidine, and a negative control, Leibovitz's L-1 5 cell medium. These agents

were selected based on their ability to access different reference nodes, which

permits the inclusion or exclusion of specific functional modules from the signal

pathway. The modules involved in the cellular response to forskolin are almost

identical to those for MSH, except that forskolin diffuses through the plasma

membrane into the cell, bypassing the G-protein coupled receptor and directly

activating AC. Clonidine binds to an inhibitory GPCR, and has the opposite effect

from MSH or forskolin, inhibiting adenylate cyclase, cAMP, and PKA. The L- 15

medium controls for the physical disturbance of the cells caused by the

introduction of fluid into the plate wells containing the chromatophores.
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Figure 2.9. Four compounds and their corresponding module assemblies

2.6 Classification by a Modular Network

2.6.1 Module Library Development

A module library can be developed by writing and fitting mechanistic

models which describe how each module contributes to melanosome movement.

The information flowing between modules can be in the form of concentration

changes with respect to time or some other relevant proxy variable. For instance,

the MSH receptor module can be described as a series of chemical kinetic

equations which encompass the binding of a ligand, MSH, to the membrane

receptor, and the receptor's effect in increasing the concentration of activated

adenylate cyclase. The AC/cAMP module includes the reactions in which

activated AC binds to ATP and converts it to cAMP. The MSH receptor module is
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coupled to the adenylate cyclase module by the activated adenylate cyclase

concentration, which is a state variable common to both modules. Similarly, the

PKA module includes the activation of PKA by cyclic AMP, so cAMP

concentration couples the PKA and AC/cAMP modules, and the pigment

dispersion module uses the activated PKA concentration in modeling the effect of

PKA on pigment transport. Like the MSH receptor module, the a2-adrenergic

receptor module includes an instance of receptor-ligand binding, but in this case

the receptor inhibits AC. The module associated with the L-15 medium is an

empirical equation relating the introduction of the medium to pigment movement,

as no signaling mechanisms associated with L- 15 have been identified.

The introduction of elicitors can also be described in terms of modules.

These are typically step functions reflecting the rapid introduction of a compound

into the medium surrounding the chromatophores. Thus, the module which

represents the introduction of MSH into the system is coupled to the MSH receptor

module, and the forskolin input module is paired with the adenylate cyclase/cAMP

module. The introduction of clonidine is associated with the a2-adrenergic

receptor module, and the introduction of L- 15 is coupled to the empirical L- 15

response module.

As data on other well-characterized compounds is collected, additional

modules can be added to the library. This compilation of signature responses can

then be used to provide information about the mechanisms of action of unknown

agents.
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2.6.2 Model Discovery Using the Module Library

As discussed in section 2.5.3, the signal transduction network can be

subdivided into functional modules, and the cell response to a biological agent can

be described as an arrangement of selected modules. An algorithm for model

discovery will select a number of possible combinations of modules from the

module library. This library will include the mechanistic models which mirror the

biological activity within the cells, as well as several control modules which

contain simple numerical functions unrelated to the cell processes. A testing

algorithm will search for high-scoring models among all possible module

configurations, and identify the candidates which most closely match the target

experimental data. Ideally, the module configurations for the experimental data

will differ for each agent. In the case of the elicitor set data used for model

calibration, this has been established (19). Thus, the primary data can serve as a

proof of concept for the model discovery algorithm. In addition, by proposing

module configurations for unknown bioactive compounds, the program may also

be used to investigate how such compounds act on the cells, and to establish

direction for further elicitor experiments.
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3 MECHANISTIC MODULES DESCRIBE A SIGNAL
TRANSDUCTION NETWORK IN FISH PIGMENT CELLS

3.1 Abstract

The system of G-protein-coupled receptors and signal transduction

pathways which mediate the response ofBetta splendens pigment cells to bioactive

agents is modeled as a modular network. Pigment granule translocation was

monitored while cells were exposed to biochemical agents whose mechanisms of

action have been well-characterized. The sensitivity of cells from two sources was

compared, and significant differences were found. This variability in

responsiveness can be much reduced by normalization of the experimental data.

The mechanistic models describing the functional modules were assembled

in three different configurations and fitted to the chromatophore response curves

for forskolin, clonidine, and melanocyte-stimulating hormone. The resulting R2

values ranged from 0.826 to 0.965. Significant differences between experimental

blocks were discovered for several model parameters.

3.2 Introduction

3.2.1 System Overview

Biosensors are devices which use biological materials such as cells or

living organisms to detect environmental toxins, bacterial pathogens, and other

bioactive compounds. This paper describes a model ofa living cell biosensor, or
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cytosensor, which incorporates pigment cells from Betta splendens (Siamese

fighting fish). In the cytosensor, the introduction of a biological or chemical agent

into the cell medium initiates a response governed by the cellular signal

transduction network, which leads to a visible change in cell appearance due to the

translocation of pigment granules within the cytoplasm (1).

32.2 Information Flow through the Signaling Network

The chromatophore signal transduction network is comprised of several

pathways for information flow, most of which lead from the cell membrane to the

pigment granules. The nodes of the network are physical components such as

enzyme molecules or cytoskeletal elements, and a connection between two nodes

signifies that both are involved in a common reaction. These nodes may be

grouped into functional modules, where the boundaries between modules are

defined by reference nodes. Reference nodes provide access points at which

information flow may be inhibited or enhanced by a panel of elicitor compounds.

3.2.3 Identification of Functional Modules

A series of mechanistic models are needed to link the experimental data to

the theorized cellular processes. While some of the differences in chromatophore

response to various agents can be detected using the 'black box' approach of the

previously developed cytosensor sofiware (1), the empirical models used by the

software are sufficiently complex that the relationship between the model



constants and the cell biochemistry cannot be easily determined. One objective of

this project is to develop mechanistic models that describe the signal transduction

network modules in chromatophores. While the current empirical approach is

suitable for mimicking the characteristic change in cell pigment area for a given

agent, such a model does not lend any insight into why the chromatophores are

responding in such a way. Using a suite of mechanistic models to describe the

cellular processes is the first step in refining the ability of the cytosensor to

classify bioactive compounds.

The functional modules include the interaction between a bioactive

compound and the chromatophore membrane, the activation of the effector

compound adenylate cyclase (AC), the upregulation of cyclic adenosine 3-

phosphate (cAMP) by AC, the activation of protein kinase A (PKA) by cAMP, and

the PKA-mediated control of the motor proteins which transport pigment granules

within the cells (2). The mechanistic models and literature-derived rate constants

are discussed in section 3.3.

3.2.4 Experimental Data Analysis and Parameter Estimation

The experimental design and treatment of the raw data are discussed in

section 3.4 of this paper. The processes of parameter estimation, model validation,

and parameter sensitivity analysis are described in section 3.5.
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3.3 Mechanistic Model Development

3.3.1 Mechanistic Model Overview

The functional modules which represent different sections of the signal

transduction network can be described with a series of differential equations. For

parameter estimation, each elicitor corresponds to a well-defined combination of

modules, which are coupled to one another by common state variables. These

common variables are generally concentrations; for example, the mechanistic

model of G-protein coupled receptor activation of adenylate cyclase (AC) is

connected via adenylate cyclase concentration with the AC-mediated activation of

cyclic AMP. Sections 3.3.2-3.3.11 present the mechanistic models which

correspond to the network modules, and sections 3.3.12-3.3.16 describe how

different combinations of the modules model the cellular response to the elicitors.

Kinetic rate constants and other parameters with values taken from

literature are given along with the relevant equations. Appendix A details the

methods by which the initial estimates for the remaining parameters were derived,

and lists the ordinary differential equations included in each module configuration.

3.3.2 Agent Delivery to the Cell Surface

In the plate well system used for the cytosensor, agents are delivered by

injection into a well of cell media, with the chromatophores fixed to the bottom of

the well (3). The initial simplifying assumption is that the turbulence of the

injection causes efficient mixing of the agent with the cell media, and that any



concentration boundary layer surrounding the cells can be neglected. Under this

assumption, the agent concentration at the outer cell surface would be equal to the

bulk concentration in the well. Dye tests, using a dye with a molecular weight and

chemical characteristics similar to the elicitors, suggest that this is a reasonable

approach. Thus, the concentration of agent A just outside the cell membrane, CA,0,

is equivalent to the bulk concentration of agent A, CA,cO:

CA,O= CA,
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(3.1)

In terms of reaction kinetics, this injection of agent A can be modeled as a simple

step input in the concentration of A at time t1:

CAO(t) = 0,1 <t (3.2)

CAO(t) = (3.3)

For the purposes of data analysis and curve fitting, the initial data points

prior to the time of agent injection were truncated, so the step input of the agent

into the plate wells need not be considered; the initial condition for the time period

of interest conforms to equation (3.3). Since the average total cell volume within

one well is equivalent to 0.0001% of the total well volume, it is reasonable to

assume that the bulk concentration of agent A will not change significantly with

time.



3.3.3 Passive Diffusion Through a Cell Membrane

Forskolin does not bind to a membrane receptor, but instead diffuses

through the membrane into the cell. The passive diffusion of a compound through

a cell membrane can be described with an adaptation of Fick's equation (4):

J = kA(F I)(O.001---5-) (3.4)
cm

where J is the molar flux across the membrane (moles per second), k is the

permeability coefficient (cmls), A is the surface area of the cell membrane (cm2),

F0 is the concentration of forskolin immediately outside the membrane (moles/L),

and F1 is the concentration of forskolin just inside the membrane (moles/L).

For the simplified case of a spherical cell, where R is the distance from the

center of the cell to the inner surface of the cell membrane, and the membrane

thickness is Ar, the surface area A and the cell volume V can be calculated using

basic geometry:

A = 4,r(R + Ar)2 (3.5)

V=1,rR (3.6)

The change in concentration of forskolin with respect to time is equal to the molar

flux divided by the cell volume, and the extracellular forskolin concentration F0

is assumed to be essentially constant. The average cell radius R, calculated from

the initial values of the forskolin experimental data, is 14.8 microns. The

thickness of the plasma membrane, Ar, is estimated to be 8 nm (5).
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dE I 3k(R+Ar)2

di V R3
(F0J) (3.7)

3.3.4 Receptor-Ligand Binding to a Stimulatory G-Protein Receptor

Several models of G-protein signal transduction have been proposed. The

collision coupling model includes the binding of a ligand (L) to a membrane

receptor (R) to form a complex (C), which associates with an effector (E) to form

an intermediate (E-C) (6). Tn the case of pigment dispersion, the ligand is a

compound such as MSH, which binds to the MSH receptor (R), and then

associates with the pre-coupled G-proteinladenylate cyclase complex (E). This

association is presumed to be a collision coupling mechanism, where the ligand-

receptor complex C physically encounters the effector complex E by diffusion

within the cell membrane layer. The intermediate complex E-C is catalyzed by the

exchange of GDP for GTP by the G-protein, dissociating to an activated adenylate

cyclase/G-protein complex (E*) and the ligand-receptor complex (C). The enzyme

complex can be deactivated according to the first-order rate constant kd.

k
L+R == C

k11

k ka kd
E+C == E-C = E*+C = E+C

k

This model is based on the following assumptions (6). The free ligand

concentration, L, is assumed to be constant, and receptor/ligand binding is taken to

be at quasi-equilibrium. The rate of effector deactivation, kd, is assumed to be



negligible in comparison with the other reactions. The amount of the intermediate

complex E-C is assumed to be small compared to C, R, and E, so the

receptor/ligand binding at equilibrium simplifies to the basic monovalent case of

RTMSH[L]

KD+{LJ'
(3.8)

where C is the number of receptor/ligand complexes, RT,MSH is the total number of

MSH receptors, and KD = kri/k. The mass action equations describing the

amount of active adenylate cyclase (E*) and the E-C complex are

d[E*]
(3.9)

d[E-C] =k[E]C(k +k)[E-C] (3.10)
dt

Using the pseudo-steady state assumption that equation (3.10) is

approximately equal to zero, and using the conservation of mass approximation for

the G-proteinladenylate cyclase complex, with total ET [E} + [E*J, the

concentration of activated adenylate cyclase can be expressed as:

d[E] =kObS(ET[E])kd[E1 (3.11)
dt

where the overall first order rate constant k0bs is defined by

_( V [L]
k+kaJKD+[LIJRTMSH (3.12)1çbs I
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3.3.5 Direct Activation of Adenylate Cyclase

As noted in section 3.3.3, forskolin diffuses into the cell and directly

activates adenylate cyclase (7). The concentration of forskolin just inside the cell

membrane is F:

ka2

+ E = F1
+ E*

This leads to an increase in the concentration of activated AC (E*):

d[E*}
= k2[F.J[E], (3.13)

dt

where ka2 is estimated to be 3.53 M's' (8).

3.3.6 Adenylate Cyclase Stimulates cAMP Production

When a stimulatory G-protein (Gs) is activated, it signals adenylate cyclase

to convert ATP to cyclic AMP. Cell surface receptors such as MSH receptors and

3-adrenergic receptors are linked to G (9-10). Thomsen and Neubig (11) suggest

that the kinetics of activation and inhibition of AC in the presence of G-proteins

are extremely rapid, and that the resulting cAMP production is linear with time.

The conversion of ATP to cAMP can be modeled as a Michaelis-Menten reaction

(12):

kn
E* + ATP =' E*.ATP complex

kr2

k0

E*ATP complex =' cAMP + E* (+ pyrophosphate)



These reactions correspond to a series of coupled ordinary differential equations:

d[E*]
= (k2 + * -ATP]- k2[E*J[ATPJ (3.14)

dt

d[ATP}
= _k2[E*][ATPJ (3.15)

dt

d{E * -ATP]
= k12[E*][ATP] (k2 + k3)[E * -ATP] (3.16)

dt

d[cAMP] =k3[E* -ATPIJ (3.17)
di'

Note that the production of cAMP (equation 3.17) is indeed first order with respect

to time in this model.

3.3.7 Cyclic AMP Activates Protein Kinase A

Increased cAMP production activates the tetrameric protein kinase A by

binding to its regulatory subunits, which causes the PKA to release its two

catalytic subunits (13). A model described by Buxbaum and Dudai (14) simulates

the binding of two molecules of cAMP to the regulatory subunits of PKA

(PKA), which results in the dissociation of the catalytic subunits (PKAc2). The

complex formed by cAMP and PKA is denoted by cAMP-PKA when the

regulatory and catalytic subunits are associated, and by cAMP-PKA when only

the regulatory subunits are bound. In this model, PKA represents the inactive form

PKAp2, the rate constants kf4 and k15 are second order, and k4 and kf5 are first

order:
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kf4 kf5

cAMP + PKA => cAMP-PKA <=> PKAC2 + cAMP-PKAp
kr4 kr5

This can be expressed as:

d[cAMP]
= k4[CAMP-PKA}k14[CAMP]{PKA] (3.18)dt

d[PKA} = k4[CAMPPKA]k4[CAMP][PKA] (3.19)dt
d{cAMP-PKA]

k4[cAMP}[PKA]+ k5[cAMP-PKA1j[PKA2]dt
(k4 +k5)[cAMP-PKA] (3.20)

d[PKAC2] = k 5[cAMP-PKA] /c5[cAMP-PKA1j[PKA2J (3.21)dt
d{cAMP-PKA1J

k15 [cAMP-PKA] k5 { PKAC2 }[cAMP-PKA1J (3.22)dt

The interaction between cyclic AMP and protein kinase A is critical to a

number of different signaling pathways, and a number of in vitro kinetic studies

have been conducted, leading to the following literature values (14): kf4 = 3.5x I 0

M' s1, k14 0.73 s, k15 = 3.8x102 s', k15 = 1.45x106 M' s.

3.3.8 Protein Kinase A Mediates Transport by Motor Proteins

Since the explicit pathway connecting PKA to the activation of the motor

proteins has not yet been determined, this step is approximated by a pair of

reactions in which the activated PKAc2 stimulates the activation of kinesin II and

the deactivation of cytoplasmic dynein:



kf6

PKA2 + kinesin [+ PKAp] ' kifleSifl* + PKA
kr6

k
PKA2 + dynein* [+ PKA] == dynein + PKA

kr7

The active forms of kinesin and dynein are represented as kinesin* and dynein*.

Total quantities of kinesin and dynein within the cell are [kinesin]totai and

[dyneinjtotai. The associated mass action equations are:

d[PK42J
= kr6{kinesin*][PKA]+ k7[dyneinj[PKA]

dt
kJ6[PKAC2 ]{kinesin]-k7 [PKAC2 ] [dynein*J (3.23)

d[kinesin*}
k6{PK42 ]{kinesin} kr6 [kinesin*]{PKA] (3.24)dt
d[kinesin] d[kinesin*]

(3.25)
dt di

d[dynein*J
= kr7 [dynein][PK4J k7 [dynein*}[PKA2] (3.26)dt

d[dynein] d[dynein*]
(3.27)

dt di

d[PKA]
k6[kinesin][PKA2 I

+ kj7[dynein*][PKA2]
di

_kr6[kinesin*1J[PKA} k7 [dynein][PKA] (3.28)

The activated motor protein concentrations then cause a change in the apparent

cell radius, r(t), such that

dr/dt = i[kinesin*] - 32[dynein*] (3.29)

These coefficients reflect an empirical relationship between the activity

levels of the motor proteins arid the change in the average apparent radius of the



cells. The initial estimates for 13i and 132 were derived by setting dr/dt equal to the

initial slope of the normalized change in radius versus time curves for MSH and

clonidine, as detailed in Appendix A.

3.3.9 Summary of Second Messenger Pathway for Chromatosome
Dispersion

1.) Activation of adenylate cyclase by G-protein
2.) Adenylate cyclase converts ATP to cyclic AMP
3.) cAMP binds to PKA, which dissociates into a regulatory dimer and two
catalytic subunits
4.) Catalytic subunits of PKA phosphorylate target proteins
5.) Motor proteins are activated for pigment transport

3.3.10 Pigment Aggregation by cAMP Inhibition

Compounds such as clonidine stimulate a2-adrenergic receptors, which

inhibit adenylate cyclase, leading to a decrease in cAMP production (15). The

concentration of cAMP declines through enzymatic degradation by

phosphodiesterase, and in the absence of cAMP, the catalytic subunits of PKA

become inhibited by reassociation with the regulatory subunits (16). This reduces

the rate of protein phosphorylation by PKA, which directly or indirectly leads to

the activation of the motor protein cytoplasmic dynein.



3.3.11 Inhibitory G-protein Coupled Receptor

The changes in activity level of adenylate cyclase and PKA, in contrast to

the pigment dispersion scenario, are a response to the inhibitory G-protein coupled

receptor. In contrast to the collision coupling model of section 3.3.4, the

u2-.adrenergic receptor decreases the activity of AC:

k
L+R == C

kr8

kd ka3

E*+C E*C = E+C=E*+C

The mass action equations corresponding to the model are

d[E*]
k .[EC]k.C[E]+k3C[E] (3.30)

dt U

d{EC] k[E*1C(k +kdj)[E*C] (3.31)
dt

d{E]
= kdiC[E]k3C[E] (3.32)

dt

With the simplification described in section 3.3.4, setting d[E*C]/dt to zero and

substituting for the [E*C] term in equation (3.31) gives

where

d[E]
kObS3(ET _{E*])_kobs2[E*J (3.33)

dt

kOb$2 =
kkdI " ( RTA [CA

I ')

kU+kdjJKD+{CA1)
(3.34)



with [CA] equal to the concentration of clonidine, RT,A as the total number of cL2-

adrenergic receptors, KD kr/k, and

( R[C4]
kOb,3 =kai

+[CA])
(3.35)

3.3.12 Module Assembly

The experimental response is the apparent cell radius, which is coupled to

the mass action equations through the concentrations of activated dynein and

activated kinesin. Making the coimection between an initial stimulus and this

response requires the connection of a series of modules. For MSH, forskolin, and

clonidine, the signal pathway is well characterized, so it is possible to select the

arrangements of modules which represent the introduction of each compound. The

modules described in this section will be used in parameter estimation.

3.3.13 Modular System for Melanocyte Stimulating Hormone

The chromatophore response to MSH involves the delivery of MSH to the

cell surface (section 3.3.2), the activation of adenylate cyclase by a stimulatory G-

protein receptor (section 3.3.4), the upregulation of cAMP by AC (section 3.3.6),

the activation of PKA by cAMP (section 3.3.7), and the PKA-mediated transport

of chromatosomes by motor proteins (section 3.3.8). These modules are coupled

to one another by combining the mass action equations that govern the common

chemical species. For example, equations (3.11) and (3.14) both describe changes
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in the concentration of activated AC (E*). All of these contributing terms are

collected into a single mass balance equation on E*:

d[E*]

cit

= ETkObS exp(kObSt) + (kr2 + k13)[E * -ATP} - k2[E*}[ATP] (3.36)

Similarly, the changes in cAMP described in equations (3.17) and (3.18)

are combined:

d[cAMP]
= k3[E ATP}+ (k r4 15)tcAMP PKA}- k14{cAMP]PKAJ (3.37)

For a complete listing of all of the ordinary differential equations included in the

MSH module assembly, refer to Appendix B.

3.3.14 Modular System for Forskolin

Forskolin diffuses to the cell surface (section 3.3.2) and through the

chromatophore membrane (section 3.3.3), activating adenylate cyclase directly

(section 3.3.5). From this point on, the order of modules matches that for MSH;

the mechanisms described in sections 3.3.6, 3.3.7, and 3.3.8 are included in the

model. Again, the full listing of the relevant ODEs is given in Appendix B.

3.3.15 Modular System for Clonidine

In contrast to the dispersing agents, MSH and forskolin, clonidine binds to

an inhibitory G-protein coupled receptor. By swapping out the module describing

the stimulatory G-protein receptor (section 3.3.4) for that of the inhibitory receptor
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(section 3.3.11), the module assembly for the MSH model can be used for

clonidine. The detailed list of equations is included in Appendix B.

3.3.16 Modular System for L-15 Cell Medium

The L-15 cell medium, which is not known to impact any signal

transduction pathways in chromatophores, serves as the negative control. As it

does not activate any specific cell mechanism, the module assembly representing

the introduction of L- 15 consists of the delivery of the agent to the cell surface

(section 3.3.2), followed by a single module that describes the change in pigment

radius as an empirical function based on the experimental data.

3.4 Analysis of Experimental Data

3.4.1 Experimental Design

The techniques used for culturing the Betta splendens cells and plating

them in polystyrene Costar 24 well plates are described in Narayanan (3).

There are a number of factors which contribute to variability in the

cytosensor data. The experimental treatments are specified by agent type and final

concentration in Table 3.1; the primary response variable is the apparent cell

radius (the average radius of the pigmented region of the cells) with respect to

time.
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Table 3.1. Experimental Treatments for the Matrix 2 and 3 Series
Agent Concentration
Forskolin 100 iM

Melanocyte stimulating hormone (MSH) 10 nM

Clonidine 100 nM

L- 15 cell medium (negative control) IX

The data come from two series of experiments, the Matrix 2 and Matrix 3

series. These were carried out two weeks apart, with each series using its own

distinct fish cell pool. In the experiments, three replicates were performed for each

agent and concentration combination listed in Table 3.1, with the exception of the

L-15 cell medium treatment, which has only two replicates in the Matrix 2 series.

The number of replicates was dictated by the maximum cell yield per two-fish

pool. The cytosensor operators assigned treatments to the plate wells in a random

order (17). Thus, for the four treatments which are common to both series, this

can be considered a randomized complete block design with subsampling, with

Matrix 2 and Matrix 3 as the blocks.

The digital movies recorded for each replicate contain as many as 150-300

objects, which are detected through an image segmentation algorithm developed

by Nicolas Roussel as his master's thesis in Electrical and Computer Engineering

(18). See Figure 3.1 for an example of cell edge detection by the CellExplorer

application. Some of the objects detected by the algorithm are too small to be

living pigment cells; these objects are most likely debris from damaged or dead

cells, or possibly microbial contamination. These objects can be excluded from
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3.4.2 Data Characterization

There is considerable variation in the initial degree of pigment dispersion

or aggregation within the chromatophores, as illustrated in Figure 3.1. Due to this

variability, using an aggregated value such as total pigment area or mean pigment

area for all of the cells in the field of view results in better reproducibility (3). For

the purposes of parameter estimation and other qualitative investigations, the

experimental results are therefore represented by the mean apparent cell area for

each replicate.

The distribution of cell pigment areas for all detected cells in a given

experimental run can be described as a lognormal distribution. Figure 3.2a shows

a histogram of the apparent cell areas in replicate four of the MSH applications at

180 seconds, and Figure 3.2b is a lognormal probability plot of the same data.

The chi-square goodness of fit test comparing this data to the lognormal

probability distribution had a test value of 8.182 and a p-value of 0.8316,

indicating that there was no evidence suggesting that the data were not

lognormally distributed (@RISK version 4.5.3, Palisade Corporation). Data

trimming at rates of 5%, 10%, arid 25% produced no significant reduction in

sample variance, so the data remained untrimmed.



A.1 B.
Figure 3.2. (A) Histogram of cell pigment areas for MSH replicate four at t =
180 s. (B) Probability plot of cell pigment areas for a lognormal distribution.

For a lognormal distribution, the sample mean and sample variance

s2 can be estimated from the mean and sample variance S2 of the transformed

variables z1 = in y, for i = 1, ..., n, as follows (19):

- ( s2
y =expz

+
(3.38)

s2 _2[exp[SzJl] (3.39)

The response variable modeled by the network modules is the apparent cell

radius (also called the pigment radius) as a function of time. This value can be

calculated from the cell pigment area, under the simplifying assumption that the

two-dimensional cell outline is circular:

r = (3.40)

55
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3.4.3 Initial Conditions

One point of comparison between the two experimental blocks is the

median cell size in the initial frame of each experimental run. Table 3.2 details

the results of several two-sample t-tests on the log-transformed pigment areas for

each elicitor. There was no significant difference between the median pigment

areas of the Matrix 2 and Matrix 3 experiments with forskolin or MSH, but the

median pigment areas were significantly larger in Matrix 2 replicates than in

Matrix 3 for clonidine and L-15.

Figure 3.3 provides a comparison of the initial frames from two clonidine

applications, one from each experimental block. Approximately 20% of the

melanophores are fully aggregated in the initial frame for replicate four, as

compared to 7% in replicate one (based on a visual inspection of individual cell

area curves in CellExplorer). A larger proportion of aggregated cells is evident in

the initial frames for all of the experimental treatments.

Table 3.2. Comparison of median pigment area between experimental blocks
Elicitor Median pigment

area, pixels
t-test
p-
value

Difference in
Medians (M2 =
k*M3

95% confidence
interval for k

Matrix
2 (M2)

Matrix
3 (M3)

Forskolin 454.8 449.4 > 0.25 1.01 0.90 to 1.14
MSH 418.7 432.5 > 0.25 0.97 0.87 to 1.08
Clonidine 740.8 486.5 <0.001 1.52* 138 to 1.68
L-15 cell
medium_______

767.0 552.9 <0.001 1.39* 1.24 to 1.55

*denotes a significant difference between blocks
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MSH and forskolin both cause pigment dispersion, but do so by activating

slightly different signal pathways. Figure 3.8 shows a comparison of the pigment

area curves resulting from both treatments, and Figures 3.9a and 3.9b depict the



changes in pigment radii for the Matrix 2 and Matrix 3 blocks, respectively. In

Figure 3.9a, the initial slope for the forskolin curves appears greater than that for

the MSH curves, but this trend is not as noticeable in Figure 3.9b. The

normalized changes in pigment radii for all of the forskolin and MSH runs are

given in Figure 3.10.
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Figure 3.9. Change in pigment radius vs. time after application of forskolin or
MSH for A.) Matrix 2 experiments and B.) Matrix 3 experiments. F[n] denotes
forskolin replicate n, and M{n] denotes MSH replicate n.
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Figure 3.10. Normalized change in pigment radius vs. time after
application of forskolin or MSH. F[nJ denotes forskolin replicate n, and
M[n] denotes MSH replicate n.
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The average pigment areas with respect to time after the application of

clonidine are shown in Figure 3.11, with the changes in apparent cell radii given

in Figure 3.12A, and the normalized changes given in Figure 3.12B. The

difference in initial pigment areas between the two pools of chromatophores is

evident, as noted in section 3.4.3.
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Figure 3.11. Average cell pigment area versus time after clonidine
exposure (M2 = Matrix 2 block; M3 = Matrix 3 block)
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Figures 3.13, 3.14A, and 3.14B show the average pigment areas, the

changes in pigment radii, and the normalized changes in radii, respectively, for the

L- 15 cell medium. The chromatophore responses to the cell medium were more

varied than those seen for MSH, forskolin, or clonidine, in that some runs show

pigment aggregation, and others show dispersion. With the possible exception of

replicate five, which bears some similarity to the forskolin and MSH responses,

the normalized pigment radius curves in Figure 3.14B are quite different in shape

than those seen in Figures 3.5B, 3.7B, or 3.12B.
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3.5 Estimation and Validation of Model Parameters

3.5.1 Parameter Estimation by Module

Model parameters were estimated using MLAB (Civilized Software, Silver

Spring, MD), which uses the Levenberg-Marquardt method to fit models using

multiple nonlinear regression. Since this is a variation of chi-square fitting, it is

possible to use chi-square boundaries to estimate confidence intervals for the

model parameters, so that comparisons can be made between the models for each

experimental treatment. This comparison is of great interest, since the goal ofthe

study is to determine how the different mechanisms for cell pigment aggregation

and dispersion affect the kinetic rate constants of the mechanistic model.

Model parameters were estimated for three different curves for each

elicitor. All six of the normalized replicates were fitted simultaneously to produce

the first curve, and separate models were also fitted for the non-transformed

Matrix 2 and Matrix 3 blocks. Given the gain in reproducibility that is evident in

Figures 3.5B, 3.7B, and 3.12B after the normalization of the changes in pigment

radius, parameters were first estimated for the normalized changes in radii.

Initial parameter estimates were derived from the literature, and are given

in Appendix A. Given the large number of parameters in the mechanistic models,

a modular approach was used in curve fitting in order to reduce the total number of

parameters being estimated at a given time. These initial values were first used to

fit the forskolin model, which had the least number of parameters. The differential

equations describing the forskolin model were divided into two segments. The
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downstream segment was the module encompassing the reactions of PKA with the

motor proteins, and the subsequent change in cell pigment radius due to activation

of the motor proteins. This module connects to the upstream elements of the

signal transduction pathway via the PKA and PKAc2 concentrations. In order to

fit the PKA!motor protein module, the rate constants for the other modules were

held constant, reducing the total parameters to be simultaneously estimated to six:

k16, kr6, k7, kr7, f3, and 132. After this first set of parameters was fitted, the

resulting values were held static, and the remaining constants were estimated in

turn. For the forskolin model, the second set of values consisted of k, k, kr2, and

k0.

The confidence intervals given for each parameter estimate were calculated

using a bootstrap Monte Carlo method in conjunction with a chi-square

minimization algorithm. For each data set of interest (Matrix 2 data, Matrix 3

data, and normalized data from both blocks), 100 synthetic data sets were created

by randomly sampling with replacement from the original experimental data.

Each of the synthetic data sets was then fitted in the same manner as the original

set, producing a distribution of estimates for each parameter. This bootstrap

method is well accepted as a procedure for estimating the underlying parameter

distribution when the distribution of error measurements is not well characterized

(20). A A2 value was computed for each new set of parameter estimates by first

comparing the model values derived from the set with the experimental data to

calculate the chi-square value, and then subtracting the minimum chi-square value
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associated with the original parameter set. Since of tabulated x2 values to select

the appropriate AX2 thresholds is invalid if measurement errors are not normally

distributed, the critical AX2 threshold was determined for each curve, based on the

widest (i.e. most conservative) 95% confidence interval among the parameter

distributions for a given model (20).

3.5.2 Results and Discussion for Forskolin and MSH

Table 3.3 lists the parameter estimates, their confidence intervals, the root-

mean-square errors (RMSE), and the R2 values for the forskolin experiments. The

latter two values were calculated for the second curve fitting iteration for each data

set, and therefore include both sets of parameter estimates. The root-mean-square

error is a goodness-of-fit measure consisting of a weighted deviation of the data

from the predicted model values. While this is a simplistic method of analysis in

some ways (for instance, there is no indication of whether the deviations between

the model and the data are consistently positive, consistently negative, or mixed),

the RMSE is a commonly reported term which is useful for compantive purposes.

The determination coefficient, R2, represents the proportion of variability in the

data which can be explained by the model. The R2 value for the normalized

forskolin model is higher than those for the Matrix 2 and Matrix 3 models, which

reflects the greater variation of the non-transformed data. The confidence intervals

for the parameter estimates were derived as described in section 3.5.1. Significant

differences between the two experimental blocks were found at a 95% significance



level for kr6 and 13i. Both parameters were higher for the Matrix 3 experiments, in

which the overall magnitude of response was approximately three times greater

than for Matrix 2. Figure 3.15A shows the forskolin model for the normalized

data from both blocks. The data points from all six replicates are plotted in gray.

The residuals plot for the model is given in Figure 3.15B.

Table 3.3. Parameter estimates, confidence intervals, and goodness-of-fit
measures for (A) normalized forskolin data, (B) forskolin Matrix 2 block,
and (C) forskolin Matrix 3 block. Starred entries indicate a significant
difference between parameter estimates for Matrix 2 and Matrix 3.

Parameter
A. Forskolin, normalized
Estimate 95% C. I.

kp 0.729 0.000 5.06
kf2 1.O1E-03 8.33E-04 1.24E-0
kr2 0.0 0.0 14.32
kf3 24.32 21.43 68.0
kf6 2.87E-03 0.00E+00 4.84E-0
kr6 0.442 0.282 0.49
kf7 0.0 0.0 2.09E-0
kr7 5.77E-03 5.18E-03 6.21E-0
betal 4.12E-02 3.73E-02 4.21E-0
beta2 2.56 2.29 2.7

RMSE 4.22E-02
R 0.965
B. Forskolin, Matrix 2 C. Forskolin, Matrix 3

Parameter Estimate 95% C. I. Estimate 95% C. I.
kp 0.100 0.00E+00 2.44 8.79E-02 7.08E-02 1.28E+00
kf2 0.001 8.33E-04 1.25E-03 1.00E-03 9.98E-04 1.02E-03
kr2 0.001 0.0 28.58 1.75E-17 0.0 0.180
kf3 25.000 21.43 194.45 24.15604 23.48 26.15
kf6 9.56E-03 2.22E-04 1.55E-02 1.66E-04 0.0 4.35E-04
kr6 0.290* 0.164 0.293 0.753* 0.620 1.05
kf7 7.59E-20 0.00E+00 3.78E-03 1.13E-03 2.62E-05 1.31E-03
kr7 6.66E-03 6.40E-03 7.O1E-03 7.97E-03 6.79E-03 8.16E-03
betal 4.33E2* 3.86E-02 4.55E-02 0.115* 0.103 0.121
beta2 2.94 2.81 3.09 3.52 2.99 3.61

RMSE 6.22E-02 RMSE 0.184
R2 0.904 R2 0.931
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Figure 3.15. Model results for normalized forskolm data. (A) Model output and normalized
pigment radii versus time for forskolin, 100 tM (B) Residual values for replicate #1.

The mechanism of action for MSH is closely related to that of forskolin, as

noted in section 3.3.13. In keeping with the concept of modularity, those

parameters common to both elicitors were set to the parameter estimates from the

normalized forskolin curve fitting. As a result, the only parameters which were

initially fitted from the MSH data were the apparent activation rate of AC, kob0,

and the deactivation rate of AC, kd. The MSH model in Figure 3.16A, which is

plotted against the normalized MSH data for all replicates, was calculated using

the parameter estimates from the forskolin model for all nine common parameters.

This curve does not precisely match the shape of the data, and the corresponding

residual plot in Figure 3.16B shows a slight upward trend with time. The second

model, which uses the three upstream parameters from the forskolin model, k,

k12, and k0, shows better agreement with the data, as seen in Figure 3.16C. The

MSH model that was fitted entirely to MSH data, rather than using any of the

forskolin-fitted parameters common to both pathways, is shown in Figure 3.16E,
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with a residuals plot in 3.16F. The model residuals given in Figure 3.16D and

3.1 6F are quite similar, suggesting that the use of forskolin-fitted parameters for

the AC-cAMP module in the MSH model is reasonable.
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Figure 3.16. Normalized pigment radii and model outputs versus time for
melanocyte stimulating hormone, 10 nM. (A) MSH model based on all nine
parameter estimates shared with forskolin model (B) Residuals for model (A)
computed with data for replicate #2. (C) MSH model using three parameters from
forskolin model. (D) Residuals for model (C). (E) MSH model fitted directly to
MSH data. (F) Residuals for model (E).
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The MSH parameter estimates are given in Table 3.4, with their associated

confidence intervals, RMSE, and R2. No significant differences were found

between the estimates when all parameters were fitted for the MSH model, and the

estimates made when the forskolin-derived parameters k, kr2, and k0 were held

constant. As for the forskolin models, the R2 values for the normalized MSH

models were higher than those for the non-transformed data. There were

significant differences (p-value <0.05) between the values of k7, kr7, and 132 for

the two experimental blocks. The increase in kç and decrease in k7 for Matrix 3,

as compared with Matrix 2, could suggest a faster deactivation rate of the

aggregating motor protein dynein.

The differences in parameters between the forskolin and MSH models,

even for those reactions which are assumed to be equivalent, may be attributed to a

number of factors. For instance, minor signaling pathways have been identified,

such that if the main route for information flow has somehow been disabled, a

response may occur through a secondary channel (22). Compounds such as cAMP

and PKA have a number of possible targets, which may affect their apparent

activity with respect to the reactions included in these models. Additional

refinements might be made, in order to align the model parameters more closely;

the MSH receptor module could be modeled in greater detail, for example.
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Table 3.4. Parameter estimates, confidence intervals, and goodness-of-fit
measures for (A) normalized MSH data, (B) normalized MSH data fitted with the
common parameters from forskolin, (C) MSH Matrix 2 block, and (D) MSH
Matrix 3 block. Starred entries indicate a significant difference between parameter
estimates for Matrix 2 and Matrix 3.

. MSH, normalized B. MSH, norm. w/ common parameters
Parameter Estimate 95% C. I. Estimate 95% C. I.
kobs 2.96E-03 2.83E-03 3.06E-03 2.96E-03 2.88E-03 2.98E-03
kd 0.231 0.219 0.266 0.232 0.193 0.233
kf2 1 .02E-03 9.95E-04 1 .16E-03 from forskolin, held constant at 1.O1E-3
kr2 3.41 E-05 0.0 1.67 from forskolin, held constant at 0.0
kf3 24.68 18.21 30.61 from forskolln, held constant at 24.32
kf6 1.32E-02 1.32E-02 1.66E-02 1.50E-02 1.34E-02 1.68E-02
kr6 0.847 0.782 1.050 0.855 0.660 1.109
kf7 1.14E-19 0.0 5.02E-05 7.96E-19 0.0 1.99E-17
kr7 3.05E-03 2.62E-03 3.28E-03 2.44E-03 2.33E-03 3.06E-03
betal 3.04E-02 2.82E-02 3.44E-02 3.03E-02 2.54E-02 3.64E-02
beta2 1.12 1.09 1.32 1.43 1.15 1.43

RMSE 4.81E-02 RMSE 4.78E-02
R2 0.962 R2 0.963
C. MSH, Matrix 2 B. MSH, Matrix 3

Parameter Estimate 95% C. I. Estimate 95% C. I.
kobs 2.97E-03 2.82E-03 3.09E-03 2.90E-03 2.75E-03 3.06E-03
kd 0.229 0.219 0.232 0.222 0.219 0.241
kf2 1.O1E-03 9.88E-04 1.03E-03 1.00E-03 9.94E-04 1.05E-03
kr2 1.17E-05 0.0 0.905 4.41E-03 0.0 2.33E-01
kf3 23.58 22.14 31.59 25.03 22.50 29.49
kf6 2.51 E-02 2.06E02 2.98E-02 9.39E-20 0.0 9.99E-05
kr6 0.833 0.577 0.991 0.744 0.710 0.820
kf7 2.8E19* 0.0 2.13E-04 3.59E2* 2.96E-02 4.50E-02
kr7 4.95E3* 4.27E-03 5.19E-03 2.65E-3 2.12E-03 2.76E-03
betal 1.72E-02 1.47E-02 1.86E-02 1.04E-01 9.67E-02 1.1OE-01
beta2 0.463* 0.427 0.519 5.14* 4.31 6.51

RMSE 6.49E-02 RMSE 2.20E-01
R2 0.883 R2 0.924
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The two curves in Figure 3.15A and 3.16E are somewhat similar, in part

due to the normalization of the pigment radius data, and in part due to the

congruency in their signaling pathways. While it is desirable to reduce the

variation which occurs between fish cell pools due to environmental conditions,

genetic variation, and other factors, and a data treatment method such as

normalization is effective in doing so, another goal of this study is to demonstrate

the differences between the forskolin and MSH responses. In order to further

investigate this distinction, curves were fitted for the four data sets of interest:

forskolin and MSH runs from the Matrix 2 block, and forskolin and MSH runs

from the Matrix 3 block. Figure 3.17A shows the Matrix 2 and Matrix 3 models

and experimental data for forskolin, while Figure 3.17B contains the same

information for MSH. Figures 3.17C and 3.17D are comparisons of the forskolin

and MSH curves for Matrix 2 (in 3.17C) and for Matrix 3 (in 3.17D). While there

is a definite separation between the forskolin and MSH curves for each block, the

Matrix 2 chromatophores exhibited greater sensitivity to forskolin than to MSH,

while the opposite occurred in Matrix 3. This could be attributable to a number of

possible causes, including differences in the degree of chromatophore stimulation

prior to the experiments, or variation in membrane receptor types and densities

between the two cell pools.
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Figure 3.17. Comparison of pigment cell response to (A) forskolin, 100 tM, and
(B) melanocyte stimulating hormone, 10 nM. The black curves and points in (A)
and (B) are from the Matrix 2 block, and the gray curves and points are from the
Matrix 3 block. (C) shows the difference in response between forskolin (black)
and MSH (gray) in Matrix 2, and (D) shows the same comparison for Matrix 3.

3.5.3 Clonidine Results and Discussion

While, in theory, the same rate constants which describe the AC-cAMP,

cAMP-PKA, and PKA-motor protein interactions for the dispersing agents should

also be used for the aggregating agent clonidine, in practice the nonlinear least

squares algorithm failed to converge on any solutions when the rate constants from

the forskolin modules were held constant. The clonidine data were thus fitted in

the same manner as the forskolin data, by first estimating the six 'downstream'

rates, and then holding those fitted values constant while estimating the 'upstream'
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parameters, which for clonidine were k0b2, kob3, [E*](0), k2, kr2, and k. The

resulting parameters, confidence intervals, RMSE, and R2 values are listed in

Table 3.5. Significant differences between Matrix 2 and Matrix 3 were found for

k7, kr7, l3, and f32. The increased variability between the clonidine curves (see

Table 3.5. Parameter estimates, confidence intervals, and goodness-of-fit
measures for (A) normalized clonidine data, (B) clonidine Matrix 2 data,
and (C) clonidine Matrix 3 data. Starred entries indicate a significant
difference between Darameter estimates for Matrix 2 and Matrix 3.

. Clonidine, normalized
Parameter Estimate 95% C. I.
kobs2 8.95E-02 8.28E-02 9.31 E-02
kobs3 5.1 8E-05 2.82E-05 5.61 E-05
kf2 1 .00E-03 9.43E-04 1 .04E-03
kr2 1.96E-02 0.0 1.42E+00
kf3 25.00 21.36 33.78
kf6 3.74E-03 2.98E-03 5.35E-03
kr6 0.781 0.612 1.163
kf7 5.66E-02 5.15E-02 5.91E-02
kr7 0.134 0.109 0.142
beta 1 6.29E-02 5.1 8E-02 7.11 E-02
beta2 0.580 0.485 0.638

RMSE 9.06E-02
RL 0.870
B. Clonidine, Matrix 2 C. Clonidine, Matrix 3

Parameter Estimate 95% C. I. Estimate 95% C. I.
kobs2 9.23E-02 8.31 E-02 9.23E-02 8.95E-02 7.94E-02 9.78E-02
kobs3 7.08E-05 4.47E-05 7.41 E-05 5.03E-05 2.14E-05 7.30E-05
kf2 1.01 E-03 9.42E-04 1 .02E-03 1 .00E-03 8.87E-04 1 .09E-03
kr2 2.76E-18 0.0 9.31E-01 1.45E-02 0.0 6.74E-01
kf3 27.06 23.13 33.95 24.73 19.71 37.45
kf6 3.40E-03 2.77E-03 3.93E-03 5.14E-03 2.95E-03 5.40E-03
kr6 0.584 0.512 0.678 0.760 0.528 0.960
kf7 6.97E2* 6.50E-02 7.37E-02 4.31E2* 3.91E-02 4.44E-02
kr7 0.234* 0.225 0.244 0.132* 0.122 0.132
betal 0.455* 0.455 0.557 0.259* 0.259 0.310
beta2 3.25* 3.253 3.752 2.06* 2.065 2.345

RMSE 0.663 RMSE 0.558
R2 0.858 R2 0.826
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Figure 3.12B) is reflected in the lower R2 and higher RMSE values, as compared

with the forskolin and MSH results.

A comparison of the clonidine model with the normalized data is given in

Figure 3.18A. The model residuals for replicate #2 are shown in Figure 3.18B.

The residual plot suggests that some sections of the data, particularly in the early

time period, are not well described by this model. In further model development

and experimental design, a more complete treatment of the G-protein-coupled

receptor could be a useful endeavor.
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Figure 3.18. (A) Fitted model and experimental data for normalized
chromatophore response to clonidine, 100 nM. (B) Model residuals versus time.

3.5.4 L-15 Medium Results and Discussion

It is evident in Figure 3.14 that the cell response to the negative control, an

injection of L-15 cell medium, varied between pigment aggregation and

dispersion. In order to provide a mathematical description for the L- 15 module(s),

two empirical curves were fitted, one for the two replicates (#1 and #5) which
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exhibited an obvious trend towards dispersion, and one for the two replicates (#3

and #4) which displayed an aggregation response. Third-degree polynomials

provided the best match for the data by visual inspection, and the trendlines were

calculated using MLAB. The resulting equation for the dispersion response was

r(t) = (2.63x108)t3 (2.3x105)t2 + (7.6x103)t, (3.40)

and that for the aggregation response was

r(t) = (-1.64x109)t3 +(1.68x105)t2 (8.08x103)t, (3.41)

where r(t) is the normalized pigment radius in pixels, and t is the time in seconds.

The R-squared value for equation (3.40) was 0.90, and that for equation (3.41) was

[I1

3.5.5 Parameter Sensitivity Analysis

The identification of parameters which are highly influential on model

output is a question of interest for multiparametric models. I used the procedure

described by Cho et al (23), in which one parameter at a time is varied, while the

remaining terms are held constant, and the effect of this variation on the response

variable is evaluated. For each parameter, a series of 30 perturbed variates were

selected from a uniform distribution ranging from one-fifth to five times the fitted

value of the parameter. The model was run using these new parameters, and the

resulting sums of squares, which measured the deviation between the original

model output and the perturbed output, were calculated for each new variate. The

variates were sorted into 'acceptable' and 'unacceptable' groups, where the
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associated sums of squares for the 'acceptable' group were less than the median

sum of squares, indicating a closer match to the original output. For each group,

the cumulative distribution function was evaluated, and the correlation coefficient

relating the two distribution functions was calculated. These correlation

coefficients represent the similarity between the distributions of the 'acceptable'

and 'unacceptable' groups. If the groups are very similar (correlation coefficient

close to one), this indicates that the model is less sensitive to the given parameter.

The correlation coefficients for the forskolin, MSH, and clonidine models are

given in Table 3.6. The parameter ranges used to generate the perturbed variates

were based on the normalized parameter sets. For the forskolin model, 13j and kç

appear to have the greatest influence on model output; in the MSH model, k0b,
2,

and k6 have the lowest correlation coefficients; and for clonidine, k and kr7 have

Table 3.6 Parameter sensitivity results for forskolin, MSH, and clonidine models.
Forskolin MSH Clonidine

Parameter Correlation
.

CorrelationParameter . . Parameter Correlation
.Coefficient Coefficient Coefficient

kp 0.719 kobs 0.659 kobs2 0.735
kf2 0.684 kd 0.758 kobs3 0.665
kr2 0.971 kf2 0.806 kf2 0.824
kf3 0.778 kr2 0.988 kr2 0.655
kf6 0.826 kf3 0.804 kf3 0.808
kr6 0.792 kf6 0.696 k16 0.739
kf7 0.998 kr6 0.827 kr6 0.665
kr7 0.688 kf7 0.998 kf7 0.499

betal 0.595 kr7 0.793 kr7 0.646
beta2 0.689 betal

beta2
0.705
0.696

betal
beta2

0.789
0.697
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the highest degree of sensitivity. Apart from the k parameter in the clonidine

model, the correlation coefficients fall within the range from 0.595-0.998, without

indication that one parameter is much more influential than the others.

3.5.6 Model Validation

In order to conduct model validation studies within and across the Matrix 2

and Matrix 3 experiment series, two randomly selected replicates for each

treatment were withheld in turn, and then compared to the model calibrated with

the remaining data. Table 3.7 lists the results of this cross-validation procedure.

For the normalized forskolin and MSH curves, there was little difference

between the within-block and between-block parameter averages; both sets of rate

constants worked equally well to predict the data. This makes sense, given the

tightly clustered data evident in Figure 3.10. In contrast, the wider spread of the

normalized clonidine curves in Figure 3.12B suggests an explanation for the lower

R-squared values and lack of agreement between parameter estimates within and

across experimental blocks.

As might be expected from the tight grouping of the curves from each

block in Figures 3.5A and 3.7A, the change in pigment radius data for forskolin

and MSH showed a higher degree of sensitivity to experimental block, with

uniformly lower (better) root-mean-square errors and higher R-squared values. If



Table 3.7. Model goodness-of-fit measures for cross-validation.
Cross-Validation Results for Normalized Data

Parameters Overall
Averaged Parameter
Within Block Average

(both Matrix 2
and Matrix 3)

Forskolin, RMSE = 0.0732, RMSE = 0.0623,
Replicate #1 R2 = 0.890 R2 = 0.920
Forskolin, RMSE = 0.0233, RMSE = 0.0226,
Replicate #4 R2 = 0.99 1 0.99 1
MSH, RMSE = 0.0663, RMSE = 0.055 8,
Replicate #2 R2 = 0.93 9 R2 = 0.957
MSH, RMSE=0.0187, RMSE=0.0172,
Replicate #4 R2 = 0.994 R2 0.995
Clonidine, RMSE = 0.0664, RMSE = 0.122,
Replicate #1 R2 = 0.889 = 0.625
Clonidine, RMSE = 0.146, RMSE = 0.199,
Replicate #5 R2 = 0.995 R2 = 0.606
Cross-Validation Results for Change in Pigment Radius
Forskoiin, RMSE = 0.0796, RMSE = 0.6 16
Replicate#3 R2=0.814 R2=N/R
Forskolin, RMSE 0.355, RMSE = 1.928
Replicate #6 R2 = 0.636 R2 = NIR
MSH, RMSE=0.0539 RMSE=1.17
Replicate #2 R2 = 0.902 R2 = 0.45 3
MSH, RMSE = 0.3 86 RMSE = 0.822,
Replicate #4 R2 = 0.679 = 0.456
Clonidine, RMSE = 1.24 RMSE = 1.14
Replicate #3 = 0.410 = 0.505
Clonidine, RMSE= 1.15 RMSE=2.91
Replicate #5 R2 = 0.173 = N/R



the fit between a model and data set is sufficiently bad, the MLAB application

does not report a determination coefficient; these cases are labeled 'NIR' in the

table.

3.6 Conclusions

The mechanistic models presented here for the chromatophore signaling

network proved effective in explaining the variation in the experimental data, with

most R-squared values greater than 0.85, and with curves that provided a close

visual match for the forskolin and MSH data. There were significant differences

in the responsiveness of the chromatophores from the two different fish pools, but

the data treatment methods, particularly the normalization of change in apparent

cell radius, substantially reduced the variability of the pigment cell responses both

between and within experimental blocks.

While signal transduction pathways in general, and those of

chromatophores in particular, have been a topic of interest for decades, there are

few mathematical models describing the full cascade of reactions from cell

membrane to final target. In part, this is due to the difficulty of experimentally

verifying rate constants for multiple reactions which cannot be easily isolated. The

published literature values for certain well-characterized interactions, such as the

activation of protein kinase A by cAMP, allow a first approximation to be made

for some of these parameters. Others may be estimated based on the process of

selectively 'freezing' certain constants in order to fit others (20). Even if some



uncertainty remains about the precision of the parameter estimates, a mechanistic

model may be analyzed in ways that a 'black box' approach, such as a neural

network or purely empirical multivariate analysis, may not be. Each parameter in

a mechanistic model has a real-world significance; it corresponds to a physical

property of some sort, whether that may be a permeability coefficient, a kinetic

rate constant, or a chemical concentration. Investigating how these values change

under different experimental or simulation conditions can lend insight which may

drive additional iterations of experimental design.

A modular approach to model building and curve fitting lends itself well to

many natural systems, including the cell signaling network described here.

Networks are a useful way to organize qualitative information about what elements

interact within a system, whether that system is on the molecular level, as with the

gene regulatory networks (Bray, 200), or on the ecological level, with a watershed

model. By subdividing the networks into functional modules which may be shared

by different global processes, it is possible to focus in finer detail upon those

modules for which there is a good deal of information, while areas which are less

well understood can be modeled with a broader, more empirical approach.
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4 MODULAR NETWORK ORGANIZATION FOR
ADAPTIVE MODEL DISCOVERY

4.1 Abstract

A model discovery algorithm for modular networks is presented, with a

receptor adaptation model and a pigment cell biosensor example as illustrations.

The model discovery process begins by analyzing how a system of interest may be

subdivided into a number of functional modules. Given a set of simulated or

experimental data, the model discovery algorithm systematically tests each valid

configuration of modules from a user-provided library, and reports the

configurations which best describe the target data. The algorithm was robust to

noisy data, correctly classifying the underlying configuration within the top three

models proposed in over 94% of data sets which had a 15% random noise factor,

and including the target model within the top five choices in almost 80% ofcases

where random noise was added at the 25% level. With the pigment cell data, the

models for pigment dispersion and aggregation were selected with a high degree of

accuracy, while the negative control data elicited a wide range of proposed

models, in keeping with its apparently random action.

4.2 Introduction

4.2.1 Model Selection

The problem of comparing multiple possible scenarios in order to

determine the most appropriate model for a given system is common, but

implementing such a comparison is often tedious and time-consuming. For



instance, there may be several possible mechanisms by which a chemical substrate

is converted to a product. In a bioengineenng context, understanding which of

these mechanisms predominates could help a researcher to optimize production in

a bioreactor. An ecologist might be interested in analyzing what

interdependencies exist between species in a habitat, and how that might affect

populations. As the number of potential models grows larger, an automated

algorithm facilitates the search for those models which best describe a target set of

experimental data.

Several established criteria exist for comparing a number of candidate

models for a given data set. These include the residual sum of squares (1), the

extra sum of squares F-test (2), and the chi-square goodness-of-fit test (3). These

methods are suitable for simple systems with a limited number of parameters, but

the extra sum of squares F-test and the chi-square goodness-of-fit test are most

often performed as a series of pairwise comparisons between competing models,

and the procedures become cumbersome as the complexity of the potential models

increases.

4.2.2 A Modular Approach

The process of testing different aspects of a model can be streamlined by

subdividing the model into modules. Each module represents a separate function

within the system. For example, Module A might be a Michaelis-Menten kinetic



model for the conversion of a substrate S to a product P via the formation of an

enzyme-substrate complex:

ka

E + S == ES
k-a

kb
ES = P + E

Module B is an alternative reaction pathway for the transformation of substrate to

product, involving a simple monomolecular conversion:

k
S=:P

Either of these modules could be included in the full system model, or both

reactions might occur as competing parallel pathways.

A module consists of state variables, constant parameters, and an ordinary

differential equation (ODE) or a series of ODEs. In Module A, the state variables

are the concentrations {E], [S], [ES], and [P], and the constant parameters are ka,

ka, and kb. The reactions are described by the mass action equations for each

species:

d[E]
(ka+kb)[ES]ka[E][S1 (4.1)

dt

k[ES] ka[E][S] (4.2)
dt

d[ES]
=k[E][S](k +kb)[ES] (4.3)

dt

d[P]
kb[ES] (4.4)

dt



4.2.3 Module Assembly

Once a library of modules has been established, candidate models are

assembled by generating and evaluating different permutations of the available

modules. The model discovery algorithm may follow an exhaustive search

procedure, as outlined below, when the number of valid module configurations is

small enough for this approach to be computationally efficient:

1.) Generate all permutations of the modules.

2.) Discard any invalid configurations.

3.) For each valid configuration, assemble a model and evaluate the
predicted values for the response variable.

4.) Compare the model response to the experimental data, and calculate a
fitness criterion based on model's predictive ability.

5.) Rank the models according to the fitness criterion.

In order to reduce the number of calculations, a user may specify that the

target data exhibits a response; this eliminates the possibility that the experiment

was a negative control, where none of the mechanisms under consideration should

have been activated. In this case, the configurations that may immediately be

discarded as invalid are those that will not result in any change in the response

variable from the experimental data. Depending on the system of interest, there

may be other criteria for model correctness that also impose strictures on allowable

configurations. The fitness criterion for the two cases described in this paper is a

combination of a parsimony coefficient, 3, multiplied by the number of modules in



a given configuration, and the residual sum of squares between the configuration

and the target data.

4.2.4 Application of the Model Discovery Algorithm

This paper presents two examples of the modular assembly approach to

model discovery. The first is an in silico experiment which demonstrates how the

algorithm may be applied to choose between two alternate reaction mechanisms.

The second is a model of signal transduction in fish chromatophores, with data

corresponding to four different scenarios.

4.3 Proof of Concept: Alternative Pathways Experiment

4.3.1 System Overview

In this example of complete adaptation, a membrane receptor has two

possible configurations, an active one (R1) and an inactive one (R2). When a

ligand (L) is introduced, either receptor will combine with it to form a complex (C1

or C2, respectively). The response variable of interest is the total signal

transduction activity of all four receptor forms,

A(t) = a1Ri(t) + a2C1(t) + a3C2(t) + a4R2(t) (4.5)

The real-life example from which the reaction rates are drawn is the

adaptation of the Dictyostelium discoideum (slime mold) cAMP membrane

receptor in response to extracellular cAMP concentrations, which was described

by Segel et al (4). In this case, the activity A is due to the coupling of the receptor



to G-proteins, and the weights a1, i=1..4, may be considered proportional to the

coupling affinities of the receptors to the effectors. When the inactive receptor R2

is completely desensitized, a4 is equal to 0.

4.3.2 Questions of Interest

There are several questions of interest in this experiment. Given simulated

target data that corresponds to two different mechanistic pathways which could

represent this system, can the model discovery algorithm select the module

configurations which best match the data? When random error is introduced into

the target data, how does that affect the accuracy of the algorithm? Will the

configuration representing the correct mechanisms be selected when the rate

constants of the simulated data differ from the rate constants associated with the

modules?

4.3.3 Pathway Descriptions

Pathway I is the full model of receptor adaptation. Both the receptors and

the complexes may interconvert between configurations:

R1 +L e== C1
flU flU

R2 + L == C2
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In Pathway II, the inactive receptor form does not exist in an unbound state, but

the receptor-ligand complexes are still capable of interconversion:

R1 +L == C1
flU

C2

Figure 4.1 is a comparison of the activity versus time for the two

pathways. The rate constants used in the Pathway I reactions were based on

Segel's research (4), and the rate constants for Pathway II were selected so that the

initial sections of the activity curve would be similar to that of Pathway I.

0.14

007
0.06

0 5 10 15 20 25

Tim., mm.
Pathway I

Figure 4.1. Signal transduction activity versus time for Pathway I (the full
adaptation model) and Pathway II (the limited adaptation model)
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4.3.4 Module Development

There are twelve modules included in the suite for this system. The first of

these, Module 1, describes the influx of ligand L into the system as a simple step

function, where L enters the system at a rate LQ until ten minutes has elapsed.

After the initial ten minutes, no additional ligand is added, but ligand is removed

from the system throughout the simulation at a rate of Q*L(t), where L(t) is the

system concentration of L at time t, L = 1.0 M, and Q = 1.0 L/min. As all other

species of interest are membrane receptors or receptor complexes, only the free

ligand concentration is affected by the flow rate Q. The differential equations

representing Module 1 are

d[L] = 5 (L [L])Q, t 10 mm.
dt L[L]Q,t>lOmin. (4.5)

The mechanisms that comprise Pathways I and II break down easily into

individual chemical reactions, each of which is treated as a separate module. In

addition to the pathways described in section 4.3.3, the reactions and

corresponding rate constants for a third possible pathway are included in the

module library to increase the complexity of the configuration space. This

pathway considers R1 and R2 as receptor subtypes with no interconversion, so that

two parallel reactions are included:

R1 +L Ci

R2 + L C2
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As with Pathway II, the rate constants for Modules 3 and 6, which correspond to

the reactions listed above, were selected so that the initial slope of the activity

curve for Pathway III would be similar to that of the full adaptation model,

Pathway I.

Thus, several groups of related modules exist, where each module in the

subset contains the same chemical reaction, but with a different set of rate

constants. Modules 2, 3, and 4 describe the same mechanism, R1 + L == C1,

but Module 2 corresponds to Pathway I, and has a forward reaction rate k1 = 1.0

M's' and reverse reaction rate k1 = 0.2 s'; Module 3 represents Pathway III, with

k2 = 2.6 M's' and k2 1.2 s1 ; and Module 4 corresponds to Pathway II, with k3

= 1.9 M1 s1 and k3 = 0.25 sI. For each of these modules, the associated

differential equations are

k[Cjk,[R1][L] (4.6)
dt

d[R1J
= k_[C1 ] k[R ][L (4.7)

dt

d[CJ
= k[R1][L]k1[C1} (4.8)

dt

where i = 1, 2, and 3 for Modules 2, 3, and 4, respectively. In the chromatophore

example, analogous modules are used to reflect the variation in responsiveness

between two different fish pools. This method of including several modules which

describe the same mechanism with different rate constants adds robustness to the

model discovery algorithm by mimicking the variability in a natural system, and

reducing the likelihood that an incorrect module will be selected if the true rate



constants for the experimental data differ greatly from those associated with the

correct mechanism.

The second set of related modules models the reaction R2 + L == C2.

Module 5 belongs to Pathway I, with k4 1.5 M's' and k4 = 0.3 s'; Module 6 is

drawn from Pathway III, with k5 = 0.2 M's' and k5 = 2.0 s1. The relevant

equations for this group are:

=k{C2Jk{R2][L] (4.9)
di

d[R2]
=k1[C2]k1[R2][L} (4.10)

di

d[C2]

di
=k[R2][L]k1[C2] (4.11)

where j 4 for Module 5 and j = 5 for Module 6.

Module 7 describes the interconversion between the two receptor

conformations,

k12

R1 == R
k21

where k12 is 0.012 s1 and k21 is 0.104 s1. This yields the following equations:

d[R1]
k21[R2]k12[Rj (4.12)

di

d[R2
k12[R1]k21[R2] (4.13)

di

The third subset of modules, Modules 8 and 9, represents the

interconversion between complexes C1 and C2. In Module 8, the forward reaction

rate from C1 to C2, k12, is 0.22 and the reverse rate k21 is 0.055 s'. For
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Module 9, k12 is 0.11 s_I and k21 is 0.025 s'. The associated differential

equations for Module 8 are

d[C1]
=k,21{C2]k12[C1] (4.14)

dt

d[C2]
=k12[Cjk21[C2] (4.15)

dt

The same equations apply for Module 9 when the appropriate rate constants are

used.

The remaining modules describe other possible mechanisms which could

contribute to the changes in the activity level of the system. Module 10 is a

dummy module which is used to test the parsimony coefficient in the fitness

function; the only equation contained by the module is d[C1]/dt = 0. A pulse input

of free ligand is described in Module 11, with d[L]/dt = Lb,k/tI from t = 0 to t1, and

d[L]/dt = 0 for t > t1. The constants LbIk = 50 M and t1 = 0.2 minutes were

selected, so that the maximum value of [L} would be equivalent to that of the step

input in module 1. Module 12 corresponds to the competitive inhibition of R3 by

an inhibitor, I, which reversibly combines with the receptor to form a complex, C3:

k6

R1 + I == C3
k6

The differential equations for module 12 are

= k6{C3Jk6[R1][I] (4.16)

d[R1]
k[CIk[R][I] (4.17)

d[C3]
=k6[R1J[I]-1c6{C3] (4.18)



where k6 = 0.4 M's1 and k6 0.005 s_I.

Note that the differential equations for each module represent the

contribution of the module to the overall mass balances for each state variable.

Thus, the inclusion of Modules 1 and 2 would lead to the combination of equations

(4.5) and (4.6) in the overall equation for the change in [L] with time:

(L [L])Q+k1[Cj--k1[R1][LJ, t 10 mm.
(4.19)dt

=[L]Q+k1[C1]k1[R1][L], t> 10 mm.

Pathway I is the combination of Modules 1, 2, 5, 7, and 8, and Pathway II

consists of Modules 1, 4, and 9.

4.3.5 Target Data Sets

In order to evaluate the model discovery algorithm's ability to distinguish

between product curves resulting from different biochemical pathways, two

different groups of data were generated. The first group of data corresponded to

Pathway I, and the second group to Pathway II. For each pathway, simulated data

was stochastically generated by adding random error terms at two different

magnitudes.

Simulated data for Pathway I was calculated using the differential

equations for Modules 1, 2, 5, 7, and 8. The numerical approximation of this

target data was carried out using a fourth order Runge-Kutta method with a time

step of 0.1 seconds, while the approximations used in generating the model values
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for the various module configurations were calculated using a time step of 0.01

seconds. Additional activity curves were created by adding a random error term c

to each data point A1, where was selected from a normal distribution with mean

= 0 and standard deviation a m*A1, form = 0.15 and m = 0.25. These values

of m were selected because they match the median amount of variation for the

pigment radius and normalized pigment radius data in the second case study. The

normal random variables were simulated using the Box-Muller method (3). For

each value of m, 200 activity curves were stochastically generated, and the

possible model configurations were ranked according to the fitness function

n 2

F(A) = [A, Aei (i)J + /3k, (4.20)

where n is the maximum number of data points,
A1 is the simulated data point for i,

Amodel() is the model value at time i, 13 is the parsimony coefficient = 0.001, and k

is the number of modules included in the current model.

The simulated data for the second pathway were generated in a similar

manner. A numerical approximation of the exact model was calculated, and

additional product curves were created by adding normally distributed random

error corresponding to m = 0.15 or m = 0.25.

What if the true rate constants for the experimental data differ from those

given in the module library? To examine this possibility, ten runs were selected

from each of the four groups of simulated data (two pathways at two levels of

random error). For each run, the rate constants for the target module configuration



were estimated using the Levenberg-Marquardt method for nonlinear least squares

fitting. By comparing these parameter estimates for the jittered data to the module

rate constants, and investigating the success of the model discovery algorithm in

classifying the data sets, it is possible to examine how robust the algorithm is to

vanations in rate constants.

4.3.6 Results and Discussion for the Alternative Pathways Experiment

Table 4.1 lists the results summary for the first series of robustness tests,

which examine the ability of the model discovery algorithm to select the target

configuration given noisy data. When both pathways were evaluated at the lesser

degree of random error, the classification was fairly accurate. The correct

configuration or a mechanistically analogous one was selected as one of the top

three matches in 94.5% of the trials for Pathway I, and in 99% of the trials for

Pathway II. As expected, the level ofaccuracy decreased when the random error

level went up to 0.25, but a correct or analogous configuration was still included in

the top five matches in 79.5% of the Pathway I simulations, and in 93% of the

Pathway II simulations.



Table 4.1. Model discovery results with stochastically generated 'noisy' data
Model Discovery Results for Pathway I
A. Random error level = 0.15

Placements (1 = % classified % analogous % correct or
closest match) correctly configurations analogous

1 86.5 3.0 89.5
1 or 2 90.5 3.0 93.5

1,2,or3 92.5 2.0 94.5
1, 2, 3, or4 93.0 1.5 94.5

1,2,3,4,or5 94.0 2.0 96.0
B. Random error level = 0.25

Placements (1 = % classified % analogous % correct or
closest match) correctly configurations analogous

1 58.5 13.0 71.5
1 or 2 67.5 9.0 76.5

1, 2, or3 71.5 6.0 77.5
1, 2, 3, or 4 73.0 5.5 78.5

1, 2, 3, 4, or5 76.0 3.5 79.5

Model Discovery Results for Pathway II
C. Random error level = 0.15

Placements (1 = % classified % analogous % correct or
closest match) correctly configurations analogous

1 61.0 29.0 90.0
1 or2 74.5 21.0 95.5

1,2, or3 88.5 10.5 99.0
1,2, 3, or4 94.5 5.0 99.5

1, 2, 3, 4, or 5 97.5 2.0 99.5
D. Random error level = 0.25

Placements (1 % classified % analogous % correct or
closest match) correctly configurations analogous

1 52.5 26.0 78.5
1 or 2 59.0 25.5 84.5

1,2,or3 67.5 22.5 90.0
1,2,3, or4 70.5 20.5 91.0

1, 2, 3, 4, or5 78.5 14.5 93.0

The parsimony coefficient in equation 4.20 served its purpose by

penalizing the module configurations that included the nonfunctional Module 10.

This function may be more critical when larger module sets are evaluated, and the
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value of

1 may be fine-tuned to alter the relative impact of a simpler model versus

a more accurate match with the experimental data.

The parameter estimates for the Pathway I simulations varied an average of

47%, with a standard deviation of 64%, about the original rate constant values

when m was equal to 0.15, and an average of 58%, with a standard deviation of

67%, with m equal to 0.25. Of the ten runs examined form = 0.15, eight were

classified correctly, with the target configurationhaving the lowest fitness value;

with m = 0.25, seven had the target model as the first place match.

For Pathway II, the fitted rate constants for the simulated data with m equal

to 0.15 varied by an average of 23% of the original values, with a standard

deviation of 17%, and when m was 0.25, the mean variation was 39%, with a

standard deviation of 36%. Six of the data sets form 0.15 were classified

correctly, three more had an analogous configuration proposed as the best match,

and one was incorrectly classified. With m = 0.25, the target configuration was

the first place selection for five data sets, analogous configurations were proposed

for four more, and one data set did not match the target or analogous models.

Despite the variation in the underlying rate constants of the jittered data,

which in some cases were up to 355% of the kinetic parameters specified in the

module library, the model discovery algorithm proved relatively robust. In

practice, the rate constants ofan experimental data set are unlikely to precisely

match those in the modules. One reason that analogous modules are useful is to

reflect some of this heterogeneity. With the Pathway II simulations, the modules
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which represented the same mechanisms as the target model, but included different

rate constants, were selected when the stochastic data deviated greatly from the

original values.

While the target model was not always the best match reported, due to

random noise associated with the simulated data and with the rate constants,

examining the top five results for each data set is a useful step in an iterative

model refining process. A qualitative evaluation may reveal similarities between

these configurations which may indicate a direction for further experimentation.

Additionally, in order to establish whether the rate constants or the reaction

mechanism is responsible for the deviations from the model candidates, the model

parameters for the top configurations may be fitted using the experimental data,

and the updated modules added to the module library.

4.4 Chromatophore Signal Transduction Model

4.4.1 System Overview

Chromatophores, or pigment cells, respond to a wide range of bioactive

compounds, including organophosphates, heavy metals, bacterial pathogens, and

environmental toxins (5). The transport of pigment granules (chromatosomes)

within the cell is a visible indicator of this response. Pigment granules are

translocated through the action of motor proteins, which ride along the radially

oriented microtubules and the randomly oriented actin filaments of the cell

cytoskeleton (6). The signal transduction pathways which lead to the activation of
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the motor proteins have several common functional elements; a modular analysis

method is thus a useful way to elucidate the mechanisms underlying the

chromatosome movement.

For this experiment, fish pigment cells from Betta splendens were exposed

to four different elicitor compounds: forskolin, melanocyte stimulating hormone

(MSH), clonidine, and L- 15 cell medium. The signaling pathways which are

activated by these agents can be described in terms of a number of functional

modules, which will be presented in greater detail in the following section.

Forskolin diffuses directly into the cell, activating the transmembrane

protein adenylate cyclase (AC), which increases production of the second

messenger cyclic AMP (cAMP) (7-8). In turn, the cAMP activates protein kinase

A (PKA), which mediates the motor protein response and the resulting pigment

granule dispersion by increasing the activity of kinesin II and inhibiting the action

of cytoplasmic dynein. Kinesin II is the motor protein responsible for movement

in the direction of the cell periphery, while cytoplasmic dynein is directed towards

the cell nucleus.

MSH acts upon the chromatophores in a similar way, except that its action

is mediated by a G-protein coupled receptor in the cell membrane, which forms a

complex with adenylate cyclase. Following the activation of AC, the same

signaling mechanisms are active as for forskolin, again resulting in pigment

dispersion.
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Clonidine binds to the u2-adrenergic receptor, which is linked to an

inhibitory G-protein, in contrast with the stimulatory G-protein associated with the

MSH receptor. The inhibitory G-protein coupled receptor decreases the activity of

AC, thus downregulating the production of cAMP and the activation of PKA. The

lowered concentrations of the catalytic subunits of PKA lead to the inhibition of

kinesin II and activation of dynein, resulting in pigment aggregation.

The L- 15 cell medium is a negative control, which is not known to have

any effect on the chromatophore signal transduction network. Any pigment

aggregation or dispersion in response to the introduction of L-15 to the cells is

viewed as a random effect, which may vary according to the stress level of the

cells, the environmental conditions of the laboratory, or other confounding factors.

4.4.2 Modular Nature of Elicitor Activity

Eleven modules were developed for the chromatophore study. A

qualitative description is given here, and a detailed mathematical description of the

modules and some rate constants can be found in Appendix A. Those rate

constants and other parameters which were derived from experimental data are

listed in this section.

Module I represents the diffusion of forskolin across the cell membrane,

and the activation of adenylate cyclase by the intracellular forskolin. The rate

constant used for this module is the permeability coefficient for forskolin, k,

estimated to be 0.729 s1.
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Module II models the receptor-ligand interaction between MSH and the

stimulatory G-protein coupled receptor. The observed activation rate of AC by

MSH was estimated as 2.96e-3 s', and the observed deactivation rate was

approximated as 0.231 s_I.

The inhibition of adenylate cyclase by clonidine and the inhibitory G-

protein receptor is included in Module III, with an observed deactivation rate kobs2

of 0.0895 s, and an observed activation rate k0b3 of 5.18e-5 s'.

Modules IV and V both represent the conversion of ATP to cAMP by

adenylate cyclase. The rate constants corresponding to forskolin and MSH are

used for Module IV: k = 1.Ole-3 jtM1s', kr2 = 0.0 s1, and k0 = 24.32 s.

Module V contains the rate constants fitted to the clonidine data: k2 = 1 .Oe-3 iM

1S, kr2 = 1.96e-2 s1, and k0 25.0

The Michaelis-Menten reactions for the activation of PKA by cAMP are

modeled in Module VI, with the rate constants kf4 = 3.5 tM's', kr4 = 0.73 5, k

0.038 s', and kr5 1.45 tM1s1.

Modules VII, VIII, and XI describe the interaction between PKA and the

motor proteins, kinesin II and cytoplasmic dynein, relating the motor protein

concentrations to the response variable, which is the change in cell pigment radius.

The rate constants used for each of these modules, which correspond to those

observed for forskolin, clonidine, and MSH, respectively, are listed in Table 4.2.
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Table 4.2. Kinetic rate constants for the PKAlmotor protein module

Module VII Module VIII Module XI
(rates for (rates for (rates for
forskolin) clonidine) MSH)

kç6, tM's' 2.87E-3 3.74E-3 1.32E-2
krô, tM's1 0.442 0.78 1 0.847k, iMs1 0.0 0.0566 1.14E-19
k7, }IM's1 5.77E-3 0.134 3.05E-3
f3, tm-iM's' 0.0412 0.0629 0.0304
t32, tm-j.tM1s 2.56 0.580 1.12

Modules IX and X are empirical models fitted to the response curves from

the negative control, the L-1 5 cell medium. Module LX represents L-15 mediated

dispersion as the change in apparent cell radius with respect to time:

r(t) = (2.63x108)t3
(2.299x105)t2 + (7.6x103)t, (4.20)

and L-15 mediated aggregation is described by Module X:

r(t) = (-1 .64x109 )t3 + (1 .68x105 )t2 (8.08x1 3
)t (4.21)

4.4.3 Experimental Data Sets

The target data for the chromatophore model discovery algorithm consisted

of experiments where the pigment cells were exposed to one of the four elicitors:

forskolin (100 j.tM), MSH (10 nM), clonidine (100 nM), or L-15 medium (lx). Six

replicates were performed for each elicitor, except for the L- 15 medium, for which

five replicates were carried out. The raw image files were segmented and

processed (Roussel), and the resulting cell area data were transformed and

normalized as detailed in Appendix B.
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Each of the normalized data sets was processed by the model discovery

algorithm, which selected those module configurations with the lowest fitness

values, calculated according to equation (4.20) with f3 equal to 0.02.

4.4.4 Chromatophore Model Results and Discussion

The results of the chromatophore model discovery experiment are detailed

in Table 4.3. For the forskolin data set, the correct module configuration {I, IV,

VI, VII} was proposed as the top match for two of the six replicates, and was

proposed within the top five matches for all six replicates. A mechanistically

analogous model {I, V, VI, VII} and the MSH model (II, IV, VI, XI) were also

among the eight different configurations which were selected for the six forskolin

runs. A closer match was evident for the MSH data, with four first place matches

for the exact MSH model; the MSH configuration was within the top three

matches for all six data sets. A model analogous to the MSH configuration,

comprised of modules II, V. VI, and XI, was also proposed within the top five

choices for each replicate, and the forskolin configuration was proposed within the

top five choices for five of the replicates. The matching of the MSH configuration

to the forskolin data and vice versa is not surprising, considering the close

agreement between the normalized forskolin and MSH curves (Figure 4.2A).

Slightly more separation can be observed in the non-normalized data (Figure



Normalized forsKolin Q, IV, VI, VlI} (II, IV, VI, Xl) {I, V, VI, VII) Five other
data classifications Forskoliri model MSH model Analogous model configurations
lstchoice 2matches 4 matches 0 matches 0 matches
1St through 3rd choices 3 matches 4 matches 2 matches 0 to 3 matches
1st through 5th choices 6 matches 4 matches 2 matches 1 to 6 matches

Noirnalized MSH data (II, IV,Vl, XI) (II, V, VI, Xl) (I, IV, VI, VII) Four other
classifications MSH model Analogous model Forskolin model configurations
1st choice 4 matches 2 matches 0 matches 0 matches
1St through 3rd choices 6 matches 2 matches 0 matches 0 to 6 matches
1st through 5th choices 6 matches 6 matches 5 matches ito 6 matches

Normalized clonidine (Ill, V, Vi, VIII) {lII, IV, VI, VIII) {X} L-1 5 model Six other
data classifications Clonidine model Analogous model (aggregation) configurations
1st choice 4 matches I match 1 match 0 to 1 matches
1st through 3rd choices 6 matches 5 matches 1 match 0 to 5 matches
I st through 5th choices 6 matches S matches 6 matches 0 to 5 matches

Normalized 1-15 data PC) 1-15 model OX) 1-15 model {Il, IV, VI, XI} or (I, IV, VI, VII) or (I, V, (Ill, IV, VI, VIII} or {lII, Thirteen otherclassifications (aggregation) (dispersion) {lI, V, VI, Xl) MSH VI, VII) Forskolin or V, VI, VIII) Clonidine configurations
or analogue analogue or analogue

I st choice 1 match 0 matches 2 matches 0 matches 0 matches 0 to 1 matches
1St through 3rd choices I match 0 matches 3 matches 1 match 2 matches 0 to 2 matches
1 st through 5th choices 2 matches I match 5 matches 3 matches 2 matches 0 to 2 matches
Table 4.3. Model discovery results for the chromatophore biosensor data. The module configurations proposed by the algorithm are
listed in brackets, with the number offirstthrough fifth place matches each received among the six replicates (five reps for L-1 5) for each data set
(forskolin, 100 uM; MSH, 10 nM, clonidine, 100 nM, and L-15 cell media, lx).

C



4.2B), but the trends for the Matrix 2 and Matrix 3 blocks differ, with the MSH

curves falling below those for forskolin for replicates one through three, but falling

above the forskolin curves for replicates four through six.

While it is difficult to distinguish between the two elicitors when they are

applied singly to the chromatophores, the primary point of interest in comparing

these two compounds is their ability to segment the signal pathway at a specific

point, namely at the G-protein coupled receptor. The MSH response is mediated

through the receptor, while the forskolin response is not. This modularity provides

a useful tool for deducing the point at which an unknown compound might be

affecting the cell signaling.

A.

M3

M4

25 125 225 325

Thfle..

B.
Figure 4.2. Change in pigment radius versus time for forskolin and
MSH. F[n] denotes the nth replicate for forskolin, while M[n] denotes
the nth replicate for MSH. Replicates 1-3 were from the Matrix 2
block, while replicates 4-6 were from the Matrix 3 block. (A)
Normalized pigment radii; (B) Non-normalized pigment radii.
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The clonidine-specific configuration, (III, V, VI, VHI}, was selected as the

first choice in four cases, and was within the top three choices for all six replicates.

An analogous configuration, {III, IV, VI, VIII}, which includes an alternate set of

parameter values for the cAMP activation module, was also selected in five cases.

Additionally, the empirical function for L- 15 mediated aggregation was proposed.

This is perhaps due to the wide variation in initial slopes seen in the clonidine

curves (Figure 4.3); the shallower of the clonidine curves approach the shape of

the L- 15 aggregation responses.

The L- 15 aggregation configuration, module X, was correctly selected as

the top choice for one of the replicates, and as the fifth choice for a second

replicate. The L- 15 dispersion configuration, module IX, was proposed as the fifth

choice for one of the corresponding data sets. The number of different model

configurations suggested by the model discovery algorithm is decidedly larger for

the negative control L-15, which in theory triggers no specific cell mechanism.

This result, with a total of 18 different configurations included, as opposed to

seven for MSH, eight for forskolin, or nine for clonidine, reflects the more random

nature of the chromatophore response to an injection of cell medium.
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In the receptor adaptation example, the algorithm demonstrated

considerable robustness when challenged with noisy data sets, even when the

apparent underlying rate constants for such sets differed by up to 355% from the

original parameter values. This signifies that in a real world experiment, in which

the actual rate constants are unlikely to perfectly match those of the theoretical

model, this method will remain applicable.

The model classification in the chromatophore experiment was more

successful with the curves that were more tightly clustered; the suggested

configurations for the forskolin, MSH, and clonidine data fell into a range of seven

to nine, including several mechanistically analogous configurations, while 18 were

proposed as possible matches for the negative control. Given the variation in

responsiveness between different pools of fish cells, a module library that includes

several analogous modules, which model the same mechanism but include

different rate constants, would better capture the range of behavior seen in nature.

This would allow the algorithm to compare several variations of a module that has

a greater likelihood of belonging in the model, rather than jumping prematurely to

a different module entirely.

One of the most powerful potential uses of the model discovery algorithm

is its ability to relate new information to what it has seen before. By building up a

suite of modules which have been identified as steps in a biosensor signal

transduction pathway, an investigator can then proceed to challenge the algorithm

with an unknown substance. The mechanisms proposed by the algorithm can then
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be used to drive another iteration of experimentation and model development, by

pointing out similarities between the new compound and those which have already

been characterized. This adaptive learning potential can be critical for those

making real-time decisions on limited information, such as bioweapons detection

teams.

In summary, this procedure for model detection in modular systems is

flexible, adaptive, and robust. Modules may be combined by contributing terms to

a set of differential equations, as in the two experiments described here, or they

might be linked by some other method, such as cash or energy floW, or even

electrical current. When a module library becomes so large that an exhaustive

search of all possible configurations is no longer feasible, a directed random search

method such as a genetic algorithm can be used to select configurations for testing.

As the number and variety of modules in the library increases, the classification

ability of the procedure will likewise increase.
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S CONCLUSIONS

Many natural and manmade systems can be represented as networks. Is

such a representation useful for more than the traditional graph-based analyses,

such as identifying traversable paths? It can certainly serve as a guideline for a

top-down approach to modeling, which begins with a broad outline of a system,

and then progressively fills in the known details. Furthermore, if a scale-free type

topology is evident, then the nodes of the network can be clustered into modules,

which allow additional flexibility, as some modules can be modeled in fine detail,

while others are sketched in a more qualitative way.

The initial chapter of this thesis presents a network which describes several

interconnected signal transduction pathways in fish chromatophores. The

compounds that serve as the nodes in the network are detailed, and these nodes are

then grouped into functional modules around the major hubs of the system. The

concept of elicitor set theory is introduced, as is an example of how elicitors access

the signal transduction network at specific reference nodes. By systematically

shutting down or bypassing certain segments of the network, it is possible to

elucidate the mechanism of action ofan unknown compound.

In Chapter 3, a series of mechanistic models are given for the modules

developed in Chapter 2. Common terms shared between differential equations

provide information flow between the modules. Specifically, as most of the

modules describe chemical reactions, the shared terms are concentrations. This

reflects the real world situation, in which cell processes are mediated by
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cytoplasmic concentrations of second messengers and other effectors.

Experimental data for three elicitors and one negative control are analyzed and

transformed, arid parameters are fit to the module assemblies corresponding to

each of the three elicitors.

Chapter 4 continues the theme of modular networks by taking the reverse

approach from the previous manuscripts. In Chapters 2 and 3, the signal

transduction network was well characterized, with the sequence of modules for

each elicitor already known. In Chapter 4, the question of interest is how to

evaluate a number of possible module configurations, and to determine which of

these potential models best fits the data and the established knowledge about a

system. The focus is on model discovery.

The chromatophore pigment transport response is a good example of many

features of network analysis. Several orders of scale are considered, from the

image fields containing 200 pigment cells, down to the level of molecular

interactions between motor proteins and protein kinase A. The major hubs of the

network, including adenylate cyclase and PKA, are readily identifiable, due to the

large number of reactions in which they are involved.
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APPENDIX A: ORDINARY DIFFERENTIAL EQUATIONS

AND INITIAL PARAMETER ESTIMATES

The full discussion of the mechanistic model development is given in

Chapter 3. This appendix is intended to give a complete listing of the ordinary

differential equations for the three module configurations corresponding to

melanocyte stimulating hormone, forskolin, and clonidine. Initial parameter

estimates used for the curve fitting process are also included. The terms which

each module contributes to a given differential equation are specified; to assemble

a complete model, all such terms are combined into a single governing equation

for the state variable in question. The module numbers listed in Roman numerals

correspond to those used for the chromatophore example in Chapter 4.

A.1 Forskolin Model

A.1.l Activation of Adenylate Cyclase by Forskolin (Module I)

This module includes the diffusion of forskolin through the cell membrane,

and its subsequent activation of AC:

3k,, (R+Ar)2

(u?'fl)R3di'

d[E]
=k2[FI[EI

di'

The initial estimate of forskolin's permeability, k, was chosen to be 0.1

cmls, which would elevate internal cell concentrations of forskolin to 90% of the
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external forskolin concentration within 10 seconds. This rapid transport rate is

based on experimental observations of the chromatophore response to forskolin.

The activation rate of AC by 100 .iM forskolin, ka2, was reported as an

increased activity level of 55.1 pmol cAMP/mm-mg protein (1). By estimating

cell density at 100 mg protein per milliliter, and taking the activation ratio of

AC:cAMP as 0.001 (2), ka2 can be expressed as 3.53 M's1. After time of

injection tI, CA,O= F0 100 jIM.

A.1.2 Adenylate Cyclase Converts ATP to cAMP (Module IV)

This module contributes terms to the equations for activated AC (E*),

ATP, E*ATP, and cAMP.

d[E]
= (k + k3)[E-ATPJk2[E][ATP}

cit
rZ

The initial estimate for [ATP] was 7.5 mM (4). Based on a comparison of

rate-limiting steps, the initial value of[E*ATP] was set to zero (4). The initial

estimate of [cAMP] was 2.0 jiM (5).

A.I .3 Cyclic AMP Activates Protein Kinase A (Module VI)

This module includes reactions between cAMP, PKA, the complexes

cAMP-PKA and cAMP-PKA, and PKAC2.

d[cAMP]
= k 4[cAMP-PKA} k14[cAMP][PKA]

dt
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d[PKA]

= kr4{CAMPPKA]kj4[CAMPI[PKA]di
d{cAMP-PKA]

k [cAMP][PKA} + k5[cAMP-PKA ][PKAC2 If4di
+ k5 ){cAMP-PKA]

d[PKAC2] = k5{cAMP-PKA] kr5 [cAMP-PKA ][PKAC2 Idi
d[cAMP-PKAj

= k5 [cAMP-PKA] k5E42 ] [cAMP-PKA1Jdt

The initial concentrations were set as follows: [PKA] 2.0 jiM (5),

[PKAc2 J = [cAMP-PKAp] 0.2 nM (4), [cAMP-PKA] 0.0 (6). The rate

constants were literature values which were held constant, not fitted during the

parameter estimation (7): kf4 = 3.5 jiM's1, kr4 = 0.73 s, kf5 = 0.038 s1, and kr5

1.45 jiM's'.

A.1.4 PKA Mediates Pigment Translocation via Motor Proteins (Module VII)

Here, the connection between the catalytic form of PKA and the activity of

the motor proteins kinesin II and cytoplasmic dynein is approximated by two

simple bimolecular reactions.

d[PK42]
= kr6 [kinesin*][PKAJ + r7 [dynein][PKA]di

/CJ6[PKAC2 ][kinesin]k7[PKA2][dynein*]
d[kinesin*]

= kf6[PK.4C2 I [kinesin} kr6[kinesin*I [PKA}di
d[kinesin] d{kinesin*I

di dt
d[dynein*]

= k7 [dynein][PKA] k7 [dynein*] [ PKAC2
11dt

d[dynein] d{dynein*]
di di
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d[PKA]
kf6{kinesin][PKAC2 ] + k17 [dynein*] [PJ(14]

dt

_kr6[kinesin*][PKA] k7 [dynein][PKA]

By conservation of mass, [kinesin] = [kinesin]10j - [kinesin*]. As there is

a lack of quantitative data on the concentration and activity of kinesin and dynein,

and on the kinetics of their interaction with PKA, initial values for the motor

protein concentrations and associated rate constants were selected in order to

match the general orders of magnitude of other concentrations in the model.

Thus, the total concentrations of kinesin and dynein were set to I tM. and cells

were assumed to have I jiM of active kinesin and 0 M of active dynein as an initial

condition.

Selection of f3i, 132, f3i', and 132' is discussed in section 3.3.8.
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Table A.l. Parameter estimates for MSH model*
PARAMETER
NAME

INITIAL
ESTIMATE

UNITS SOURCE OF
ESTIMATE

F0 100 Experimental protocol
Fin (initial value) 0 uM Substance not native to

cell
R (initial cell radius) 14.8 ,uM Experimental data
Ar 8 nm (8)
kp 0.1 cmls initial calculations
ka2 3.53 M1s1 (1)
kf2 1000 M1s1 (9)
kr2 0.001 s_I (9)
kf3 25 s_I (9)
[E*] (initial value) 260 nM (2)
[E*ATP] (initial
value)

0 M (4)

[ATP](initialvalue) 7.5 mM (4)
[cAMP] (initial
value)

2 iM (5)

kf4 3.5 pM's' (7)
kr4 0.73 s' (7)
kf5 0.038 s' (7)
kr5 1.45 uM's' (7)
[cAMP-PKA]
(initial)

0 M (6)

[cAMP-PKA52]
(initial)

0.2 nM (4)

[PKAc2J (initial) 0.2 nM (4)
[PKA] (initial) 2.0 uM (6)
[kinesin] (total) 1 Initial calculations
[kinesin *J (initial) I uM Initial calculations
[dynein] (total) 1 uM Initial calculations
[dynein*] (initial) 0 pM Initial calculations
kf6 0.01 .iM1s1 Initial calculations
kr6 0.01 i.tM's' Initial calculations
kf7 0.01 iM's' Initial calculations
kr7 0.01 jiM's' Initial calculations
131 0.0509 j.tm-jiM1s' Initial calculations
132 0.0779 j.tm-tM's' Initial calculations
131' 0.0153 j.tm-iM's' Initial calculations
132' 0.0178 j.t-j.tM's' Initial calculations
*Italicized values denote parameters which were held constant during curve fitting.
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A.2 Melanocyte stimulating hormone model

A.2.1 Activation of Adenylate Cyclase by an MSH Receptor (Module II)

This module contributes to the d[E*1/dt equation, where E* is activated

adenylate cyclase, and ET is the total concentration of all forms of AC:

d[E]
kObS(ET __[E*])_kd[E*]

dt

where the overall first order rate constant k0b is defined by

_( kk ( [L]

+k JKD +[L]J
-

Since the rate constants k, ka, k, and KD are not used explicitly in any

other equation, k0b5 may be fitted directly to reduce the total number of parameters.

The initial estimates used were k0b 2.9x103 (2) and kd = 0.22 17 s (3).

After time t], CA,0 = [MSH] = 10 nM (based on experiment protocol).

A.2.2 Common Modules Between Forskolin and MSH

The remaining modules for the MSHmodel are identical to those for

forskolin in terms of mechanism. For the purposes of the model discovery

algorithm in Chapter 4, a separate module, number VII, was used to represent the

PKA/motor protein interaction for forskolin, while the analogous module for

MSH is Module XI, as different rate constants were given for the two elicitors.

The same initial estimates given in Table A.1 apply also to the MSH model.
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A.3 Clonidine mode'

A.3.1 Inhibition of Adenylate Cyclase by Clonidine (Module III)

d[E]
= kObS3 (E [E]) kOb$2

[E*]

dt

where

kCIkd ( RTA[CA]
"1k0b52

k1 +kdjJKD +[CA])

with [CA] equal to the concentration of clonidine, RT,A as the total number of c2-

adrenergic receptors, and KD= kr8/k, and

( R[C,]
kObS3 = kai

KD + [CA])

Since the rate constants ki, kai, and KD, are not used explicitly in any other

equation, k0b2 and k0b3 may be fitted directly to reduce the total number of

parameters.

A.3.2 Common Modules Between Cionidine and Forskolin

The remaining modules in the clonidine pathway model the same

mechanisms as those for forskolin or MSH, although the rate constants differ

significantly. In Chapter 4, Module V is the activation of cAMP by AC for the

clonidine pathway, and Module VIII is the motor protein unit.



130

A.4 References

1. Seamon, K.; Padgett, W.; Daly, J.W. Forskolin: unique diterpene activator of
adenylate cyclase in membranes and in intact cells. Proc. Nat!. A cad. Sci. USA
1981, 78(6), 3363-7.

2. Tolkovsky, A.M. Theories and predictions of models describing sequential
interactions between the receptor, the GTP regulatory unit, and the catalytic
unit of hormone dependent adenylate cyclase. J. Cyclic Nucleotide Res.,
1981, 7, 139-150.

3. Arad, H.; Rosenbusch, J.P.; Levitzki, A. Stimulatory GTP regulatory unit Ns
and the catalytic unit of adenylate cyclase are tightly associated; mechanistic
consequences. Proc. Nat!. Acad. Sci. USA 1984, 81, 6579-83.

4. Gomperts, B.D.; Kramer, I.M.; Tatham, P.E.R. Signal Transduction; Elsevier
Academic Press: USA, 2003; pp 5 1-197.

5. Sammak, P.J.; Adams, S.R.; Harootunian, A.T.; Schliwa, M.; Tsien, R.Y.
Intracellular cyclic AMP, not calcium, determines the direction of vesicle
movement in melanophores: direct measurement by fluorescence ratio
imaging. J.Ce!!Biol. 1992, 117(1), 57-72.

6. Rich, T.C.; Karpen, J.W. Review Article: Cyclic AMP Sensors in Living Cells:
What Signals Can They Actually Measure? Ann. Biomed. Eng. 2002, 30,
1088-1099.

7. Buxbaum, J.D.; Dudai, Y. A quantitative model for the kinetics of cAMP-
dependent protein kinase (type II) activity. I Biol. Chem., 1989, 9344-935 1.

8. Curtis, H.; Barnes, S.N. Biology. (5th ed.); Worth Publishers: New York, 1989;
pp 104-105.

9. Goldbeter, A.; Segel, L.A. Unified mechanism for relay and oscillation of
cyclic AMP in Dictyostelium discoideum. Proc. Nat!. Acad. Sci. USA,
1977, 74(4), 1543-1547.



131
APPENDIX B: METHODS OF DATA TRANSFORMATION

B.J Data Description

After image segmentation and cell edge detection, each experimental

replicate was represented by a data file containing the time series of pigmented cell

area for each cell in the field of view. The length of the original experiments

varied from 360 to 1500 seconds. In order to facilitate comparisons between

treatment groups, all runs were truncated to the initial 360 seconds. Additionally,

to avoid the image disruption caused by the agent injection, the first several frames

from each image sequence were removed, so that the simulations could start at a

point where the agent was already present in the well-mixed cell medium.

B.2 Log and Square Root Transformations

As discussed in Chapter 3, an analysis of the distribution of cell areas at a

given time showed that the areas were distributed lognormally, and the sample

mean and sample variance of the logged data were calculated for each time point

using equations (3.37) and (3.38). Data manipulations were carried out in

Microsoft® Excel 2000.

At this point, a data file was condensed down to an average cell pigment

area and associated standard deviation for each time point. This area was used to

calculate an average cell pigment radius, assuming a perfectly circular cell

(equation 3.39).
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B.3 Changes in Cell Radius

The response of interest is the deviation from the original cell pigment

radius, so the data was transformed by subtracting the initial radius from each

successive radius. This was an effective way to standardize the responses. Even

more powerful was the normalization transformation, which recast the total change

in average radius seen over the course of the experiment in the range from 0 to 1 (0

to -1 in the case of the aggregating compound clonidine). For a radius R(t), where

min(R) is the minimum value over the time course of the experiment, and max(R)

is the maximum value, the range-scaled or 'normalized' form is

Norm[R(t)] = [R(t) min(R)]/[max(R) min(R)] (B. 1)




