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Abstract Building computational models of engineered exemplars, or prototypes, is a
common practice in the bioengineering sciences. Computational models in this domain
are often built in a patchwork fashion, drawing on data and bits of theory from many
different domains, and in tandem with actual physical models, as the key objective is
to engineer these prototypes of natural phenomena. Interestingly, such patchy model
building, often combined with visualizations, whose format is open to a wide range
of choice, leads to the discovery of new concepts and control structures. Two key
questions are raised by this practice: (1) how could discoveries arise from building
external representations for which there is wide latitude in choice of the components
from which they are built, and thus can be considered significantly arbitrary (the
discovery problem), and (2) how could such discoveries allow engineering a real-
world prototype system (the transfer problem). To examine these questions, we present
two case studies of discoveries that emerged from the building of such computational
models in the bioengineering sciences. We then develop a process model that accounts
for the discovery and transfer problems raised by both these cases, focusing on the
process of building the model. Specifically, to account for the discovery problem, we
propose that the process of building such models gradually leads to a close coupling
between the modeler’s internal processes (which we consider a mental model) and
the external dynamic model. To account for the transfer problem, we propose that
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the process of building the model leads to the creation of an enactive model that is
generic, which closely enacts, and thus reveals, the way the system-level behavior of
the engineered prototype emerges in time through the interaction of its parts. This
enactive replication process leads to the model and the prototype forming a new class,
which allows concepts and control structures developed for the computational model to
be transfered to the real-world prototype. We argue that this account requires rethinking
correspondence in engineering sciences as a plastic and enactive relation. A closer
focus on the process of building models is required to develop a general account of
this emerging approach to discovery.

Keywords Discovery - Computational modeling - Bioengineering sciences - Enactive
models - Distributed cognition - Incorporation

1 Introduction

Recent discussions in the philosophy literature have suggested that computational
models developed in the context of established theories contain elements—often
arbitrary—that provide such models with a semi-autonomous status (Winsberg 2003,
2010; Lenhard 2007; Fox Keller 2003). In contrast to such cases of model building
within the context of theory, frontier research in the bioengineering sciences provides
a domain where model building regularly takes place in the absence of established
theory of the phenomena under investigation (MacLeod and Nersessian 2013), which
can predict the system behavior or provide design constraints. A major objective in
this domain, and engineering sciences in general, is to gain sufficient understanding
and control of engineered models, so as to eventually be able to intervene in the natural
system. Examples of interventions include controlling neurological disorders (such as
epilepsy and Parkinson’s disease) or cancerous cells, or being able to produce biofu-
els cheaply. These grand engineering objectives are a long way off, and much of the
research effort is aimed at building physical exemplar models of selected aspects of
the natural phenomena. These models themselves are the objects of interest, and the
objective of modeling is to achieve the engineering goals of attaining control of, and
redesigning, the built target systems in desirable ways.

In this analysis we focus on a relationship between two kinds of external represen-
tations that is unique to the engineering sciences: that between engineered exemplars
or prototypes (such as synthetic blood vessels, cultured neuronal networks, and genet-
ically modified plants), which work like scale models of selected aspects of the sought
final system (and thus have representational features), and computational models built
to understand in detail the working of these built prototypes. In this context, computa-
tional models are typically used to find ways of controlling, optimizing, or extending
some desired behavior of the prototypes. As we will show, such computational models
contain even more arbitrary elements (such as choice of modeling platform, selection
of data, choice of theoretical/mathematical model, simplifying assumptions, choice
of visualization, etc.) than in the reported cases where models stem from established
theory. Yet, as we show in the case studies reported here, investigations with these
external representations lead to new concepts and unexpected discoveries that transfer
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to the prototype, and, in some instances, to the broader natural phenomena (see also
Knuttilla 2005). In this paper we examine two cases where building external represen-
tations with significant arbitrary elements led to discoveries that apply to real-world
systems (both built ones and natural systems). These cases of discovery raise ques-
tions about how such transfer to physical/natural systems is possible from models with
significant arbitrary elements.

We provide a process account of how this kind of discovery and transfer could
be possible, focusing on the process of building the models, which is currently not
discussed much in the literature. Specifically, we discuss how the process of building
the model systematically infuses data into the model, and how this infusion process
creates an enactive and generic model that captures system-level behavior of both
natural systems and built prototypes. We then examine the broader implications of
this type of modeling in engineering sciences, and argue that such cases raise some
significant questions for philosophy of science. In particular, we suggest that these
cases, and the larger engineering science enterprise of which they are a part, require
understanding correspondence as enactive and plastic—a constantly evolving relation
between built models (computational and physical) that emerge from the dynamic,
incremental, and iterative building processes.

2 Building to discover

Building physical (in vitro) simulation models and computational (in silico) simulation
models of phenomena of interest is a signature practice of contemporary bioengineer-
ing sciences. However, ethnographic data on this building process, and accounts based
on such rich data, are scarce in the literature on modeling in bioengineering, where
some studies have examined the way discoveries emerge from building models (Knu-
uttila and Loettgers 2013; Loettgers 2009; Green 2013). An example of a built physical
model is the flow loop (Nersessian and Patton 2009; Nersessian 2012a), which is an
engineered artifact that simulates, and thus helps examine, different types of blood
flow (laminar, oscillatory) and their influence on gene expression and other cellular-
level activity in tissue-engineered blood vessels (built-models of human arteries).
Another example is a neuronal dish model (Nersessian and Patton 2009; Nersessian
and Chandrasekharan 2009; Chandrasekharan 2009), which simulates learning in a
living neural network, and enables researchers to examine the neural mechanisms
underlying learning— specifically, how neurons with their connections broken apart
come together to form new connections and learn new behavior.

Examples of computational models built to mimic biological phenomena of interest
include simulation models of the plant cell wall and models of dopamine transport in
Parkinson’s disease. There are also “second order” computational models, such as a
model built to simulate processes in the above-mentioned neuronal dish, which is a
computational model of a physical model. Sometimes computational models are also
built in a chain structure. The first model (say, a biophysical model) will generate
virtual data of a downstream process (say, the generation of a metabolite), and these
data help in the building of models of the second process, particularly in the estimation
of model parameters. Note that these built systems are different from model organisms
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(see, e.g., Ankeny and Leonelli 2011), as the central objective of building the above
models is to engineer the built system better and not primarily to understand biological
mechanisms. Any understanding of biological mechanisms that emerges from these
built models is secondary to the control objective.

Building such facsimile models that mimic or approximate engineered phenomena
of interest is not a new practice. For instance, wind tunnels have helped mimic dif-
ferent aerodynamics for at least a 100 years (though they are now being replaced by
computational versions). Recently, however, a combination of four factors has made
the practice of building computational facsimiles more widespread, particularly in the
bioengineering sciences:

e The complex, non-linear, and dynamic nature of the problems investigated in con-
temporary biology (and recent science in general), requires building computational
models. This is because it is almost impossible to develop detailed conceptual mod-
els of cellular and molecular-level interactions of a large number of variables in
your head, or using pencil and paper, as these processes: (1) involve many levels
of structure (organs to cells to molecules), (2) occur across different time scales
(signaling takes seconds, protein expression can take hours, circulation and organ
growth takes days/weeks/years), (3) develop simultaneously, and (4) involve com-
plex feedback loops.

e Massive amounts of data are now generated by experimental work in many areas
of biology, such as high-throughput data in genetics, where the interactions among
different variables are extremely complex, and cannot be understood without com-
putational modeling. Further, the technology that generates the data relies heavily
on embedded statistical models of the distribution of the data. These data usu-
ally require complex visualizations based on models, because they are difficult
to represent, and comprehend, using traditional external representations such as
graphs.

e Data in biology are closely tied to their context (e.g., specific cell lines, animals,
diseases), and there is no existing theory that integrate and structure all these
disparate and scattered data. Building computational models helps bring these
data together in a structured fashion, where each component of the model is built
by fitting the data.

e The development and easy availability of new technology that supports modeling
and rapid prototyping has made computational modeling more widespread.

These factors, together with the technological resource environment of contemporary
science, are driving the practice of building computational models in the bioengineer-
ing sciences, particularly in tandem with physical models.

We study the cognitive research practices related to such model building. This
work is based on “cognitive ethnography™ in the tradition of Hutchins (1995), which
uses ethnographic interviews and field observations to study distributed cognitive
processes in socio-technical systems. The research group of Nancy Nersessian and
Wendy Newstetter has been extending this form of ethnography to investigate scientific
research laboratories conceived as “evolving distributed cognitive-cultural systems”
(Nersessian et al. 2003; Nersessian 2006). Over the course of 14 years, the group
has investigated five bioengineering sciences laboratories located at a major research
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university in the United States, aiming at an integrative account of cognitive, social,
and cultural dimensions of research practices involving different kinds of modeling.

In bioengineering sciences, basic research (such as endothelial cell biology) is
pursued in the context of complex application problems (such as creating a living sub-
stitute artery). Two kinds of models figure prominently in this research: built in-vitro
models of in-vivo phenomena, and computational models, either of in-vivo phenom-
ena or of in-vitro models. The in-vitro models are often composites of biological and
engineered materials (called “model-systems” by our respondents), designed to exem-
plify selected features of a class of in-vitro phenomena (Nersessian and Patton 2009).
One case we discuss in this paper is the dish model-system, which consists of a net-
work of living neurons plated on a multi-electrode array, for stimulating and recording
neural activity, and connected to “embodiments™ such as robots and computationally
simulated “animats” in a closed loop, to study learning. These in-vitro models, which
we here refer to as belonging to a broader class of prototypes (engineered exemplars),
are complex systems in themselves, and researchers turn to building computational
models to gain insight into how to control or redesign these prototypes. In both cases
(in-vitro and in-silico), the new understanding of the target system—whether it is
how to control the system or finding suboptimal features of the prototype design—is
obtained through model building. It would not be far-fetched to conclude that under-
standing in bioengineering sciences, and engineering sciences in general, thus derives
largely from building. It is no accident that the famous saying by Feynman (“what
I cannot create, I do not understand”) is misquoted by bioengineering scientists as
“what I cannot build, I do not understand” (famously encoded in the first synthetic
cell by Craig Venter; see also Voit et al. 2012). However, this process of “building to
discover” (Chandrasekharan 2009) has not received much attention in philosophy. As
we will argue, investigating this process provides novel insights into the achievement
of correspondence, which is an evolving and dynamic relationship in this domain. The
generation of insights through building of new biological systems has been discussed
in the literature (Nordmann 2015; Gramelsberger 2013), particularly in relation to
synthetic biology and the role of building computational models in this domain. How-
ever, ethnographic studies examining the process of building computational models,
particularly to help develop new synthetic prototypes, and how discoveries emerge
from this twin building processes, are rare (for an exception see Carusi 2014).

Based on the two case studies of building computational models in bioengineering
sciences, we will show that, going significantly beyond the development of a repre-
sentation of the target system’s structure, building the computational model involves
a coherence enterprise, where parts of the system are first built using data and the-
ory from a wide variety of disparate sources. These parts, when brought together as
a model, generate coherence between these disparate parts (essentially a thread that
connects general patterns in data from disparate sources), and reveal how different
variables interact to generate configural (i.e. system-level) patterns that emerge across
time. The model thus generates an exemplar of the system-level dynamic behavior of
the target system. For instance, parts of a metabolic pathway model of atherosclerosis
would be developed using available pathway data based on neural cells, even though
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the atherosclerosis model requires modeling endothelial and smooth muscle cells.!
The replication of a wide range of such related, and partial, experimental results from
literature iteratively “infuses” real-world data into the model, while also synthesizing
what is common about the data from such disparate systems. This systematic infusion
of data at the element level, over time, turns the final model (of atherosclerosis) into
an enactive exemplar, which can act out the system-level behavior of the target system
(such as how plaques form, a feature that is not available in the metabolite level data
used to build the parts). This scaling up to the behavior level is achieved partly through
the internalization of a range of real-world experimental data about parts, and partly
through the enactive capability of computational models.

There are two senses in which a computational model is enactive. One is the oper-
ational level idea that the computational model ‘runs’, while paper-pencil models do
not. The running allows the modeler to examine in detail how different dynamic pat-
terns emerge, through interaction between elements, across time. This is very difficult
to do using pencil-paper models, as it is impossible to recreate such detailed configu-
ral dynamics in the imagination when the number of elements is high. This sense of
enactive is part of our proposal, particularly in the discovery account.

The second sense of enactive builds on this idea, but it highlights how the running is
crucial to understanding the part-whole relationship. The central point here is that the
phenomena the modeler is interested in are at the whole system level (neuronal firing
patterns, pathway dynamics), and these system-level dynamic behaviors emerge only
in interaction and in time, and the model thus needs to act them out for validation. A
rough analogy would be a model of walking that is based on muscle and biomechanics
data. For validation, the model would need to act out walking (using an animat orrobot),
which is a system-level behavior in time, emerging from element level interactions.
Without the enaction of walking, the modeler would not be able to understand how the
elements interact to generate walking, which is a configural pattern that emerges in
time through the interaction of various components (see O’Malley and Soyer 2012 for
a related discussion on integration). Without the enactment of this configural pattern,
the modeler would not be able to validate the model, or transfer insights from the
model to a built system.

When the model is built, each replication of results from the literature, at the part
level and the system level, changes the final model’s parameters in the direction of a
fit between model-data and real-world data. This gradual process allows the model to
eventually enact the system-level behaviors of the target biological prototype system,
as well as counterfactual scenarios that emerge from parameter values not seen in
nature. These two features (internalization and synthesis of partial data from disparate
literature, and the acted out system-level behavior of the target system) exists only in
the model, and therefore, here-to-fore unknown behaviors can arise in the model.

As discussed above, enaction here refers to the model’s ability to accurately act out
dynamic scenarios at the behavioral level (i.e. system level), based on the synthesis
of components (theory elements—such as equations—and data) taken from a wide

! Interestingly, although not modeling a prototype system directly, this model used some data that was

generated through simulations of a physical model-system, the flow-loop-construct model-system, which
mimics the flow of blood through the lumen.
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range of literature. During the process of building the model, the enaction process
allows the modeler to see patterns that are not available to other researchers with
access to the same data, because the data in the latter case are not synthesized, and
they do not cohere together to generate a dynamic behavior-level model. This makes
imagining the way the whole system moves across time impossible without a running
model, particularly the imagination of novel counterfactual scenarios based on many
parameter changes.

Importantly, this enactive status develops slowly through the building process, and
creates a generic model of the behavior of the prototype (rather than a model of
the specific built system under study). There are two reasons for this. One, at the
elemental level, the data infused into the model come from a range of experimen-
tal domains and cell types, which makes the structural level generic. Secondly, the
model enacts system-level behavior (such as plaque formation, or patterned firing
of neural populations) after each infusion of data, and these system-level behaviors,
resulting from the interaction of data from a range of domains and cell types, become
part of the model. This makes the model generic at the system level, as a range of
system-level behaviors are exhibited by the model, based on disparate element-level
data.

Note that in both the cases we report, data from disparate sources are used for the
same reason: lack of good data. As shown in the flow chart of the modeling process in
case 2 (Fig. 2), computational models are built in a number of steps. First the available
data is split into two sets, training data and test data. The model is built up using
training data, and it is tested using test data. For case 1, the test data was the built
model of the neuronal dish, the training data was the data from the wider neuroscience
literature. For case 2, the training data was from two wild type plants, the test data was
from the same plants and their genetically modified versions. In the atherosclerosis
case we discuss, neural cell data is used because enough muscle cell data was just not
available.

Such disparate data are thus not chosen by the modeler while building the model—
the modelers have to make do with such data. This means part of the generic nature
of the model, particularly the part emerging from the disparate nature of the data, is
an accidental feature that arises from operational constraints of the model building
process.

Since one core component of the infused data, and the replicated system-level
behavior, comes from the physical prototype, the infusion of data and the iterative
building of the computational model creates a new class of enactive system. This
system is now generic, as it subsumes data from the natural system and the built
target system (prototype), and can replicate the system-level behavior of both these
systems. These two systems now become instances of the generic model system. Once
a new pattern is identified in this generic model, and this holds across many different
scenarios generated by the model, the generic and class relations between the model
and prototype make it possible to extend the new pattern to the target instance (case
study 1 below).

The generic feature comes from the assimilation of data from other domains, which
is accomplished by the model’s capacity to enact (i.e. mimic the behavior of) both the
parts and the larger system, using “borrowed” structural features from many domains.
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When the model replicates the behavior of the prototype system as well, the generic
character includes the prototype, thus making the model a generic structure that can
replicate (1) the parts (say neurons and synapses), (2) the behavior of the real world
system as a whole (neural firing in zebrafish), and (3) the built prototype system (the
network of neurons in a dish).

Based on this analysis, we address the discovery problem, arguing that the devel-
opment of the enactive status incrementally leads to changes in the cognitive system
of the modeler, particularly in her ability to examine many possible scenarios in detail
and mentally simulate how these scenarios could be generated by different possi-
ble mechanisms. This internal/external representational “coupling” is central to the
discovery process (Chandrasekharan and Nersessian 2015; Chandrasekharan 2009;
Chandrasekharan and Stewart 2007; Nersessian 2002, 2009a, 2012a), and allows the
model to be used in such a way that it can make predictions about unknown elements of
the very system it is modeling (case study 2 below). The transfer problem is addressed
by appealing to the generic character the model develops over time, through the build-
ing process. Thus for both the discovery and transfer accounts, the process of building
is crucial.

We develop this two-fold process account using the following structure. In Sect. 3,
we report a case study of how a computational model was built to understand and
control an in-vitro model (the dish model described above) and how new concepts
and control structures were discovered through the building process. We then discuss
a central question raised by this case, namely how a new concept developed for, and
using, a significantly arbitrary representation (visualization of a computational model)
could transfer to the real-world built model-system. We propose that the enactive
correspondence set up through the building process is key to answering this question.
Section 4 reports a second case study, where building a computational model of the
biological pathway of lignin production led to an even more remarkable discovery, that
the scientifically accepted pathway requires an extension, to include a new element that
contributes significantly to the production of lignin. We offer an account of how the
process of building a model could lead to the model identifying unknown elements of
the very system it is modeling. Section 6 concludes the paper with a general discussion
of the theoretical and methodological issues raised by these two case studies. All quotes
within the case studies are from interview data.

3 Case 1: Neural engineering

This case outlines an episode of conceptual innovation, which occurred over a
2-year period in a neural engineering laboratory. It involved constructing a com-
putational model of a dish of cultured neurons, which itself is a living in-vitro
physical model of cortical neural network activity. The computational model was
developed to understand spontaneous “bursts™ that arose in the in-vitro model, but
not in properly functioning in-vivo animal brains. The computational model led to a
reconceptualization of “burst” phenomena in the in-vitro model and the development
of “programmable” neurons. (See Nersessian and Chandrasekharan 2009; Nersessian
2012b for fuller discussions.)

@ Springer




Synthese

In the period of our investigation, the lab’s central research problem was to develop
an account of learning and plasticity in networks of neurons, which were considered
to more closely model learning in the brain than single neurons. For this, the lab had
developed a physical model-system: an in-vitro network of cultured neurons, referred
to as “the dish.” Building this in-vitro model-system involves extracting neurons from
embryonic rats, dissociating them (breaking the connections between neurons) and
plating them in a single layer on a dish with embedded electrodes (MEA: multi-
electrode array), where the neurons regenerate their connections to form a network.
The researchers interact with the dish by stimulating this neuronal network with dif-
ferent electrical signals (electrophysiology), and feeding the output to “embodiments™
(robotic devices, or visualized creatures that move around in simulated worlds) that
support closed-loop feedback (using a translator program that maps the dish signal to
motor commands).

The stated goal of the research was to understand the dynamics of learning in the
neuronal network, in such a way that a control structure could be developed, which
would allow the dish to be trained to control the embodiment systematically. The
design of the physical dish incorporated constraints from the current understanding of
neurobiology and chemistry, as well as those relating to electrical engineering and other
technologies used in the lab. To begin with, the researchers stimulated the neuronal
network using different electrical signals and tracked the output. Researcher D4 then
tried, unsuccessfully, to replicate a plasticity result reported by another group. One key
problem she faced was what she called “bursting”—a form of network-wide electrical
activity spontaneously exhibited by the in-vitro neuronal networks, an extension of
the term as used in single neuron studies. Bursting was thought to be a problem
in achieving learning (“plasticity™), because the network-wide activity prevented the
detection of any systematic change that arose in response to controlled stimulation.
Whenever D4 conducted a plasticity experiment, the network produced bursts. The
lab interpreted those as “noise in the data ... noise interference in the way ... so it is
clouding the effects of the learning that we want to induce”.

The group hypothesized that bursting arose because the neurons lacked the sensory
inputs they would ordinarily get if they were in a live animal’s brain. Based on this
conceptual framing, and the engineering conception of noise as something to be elim-
inated, D4 began working on quieting bursts in the dish, by providing the network
with artificial sensory input, using electrical stimulation. After trying a wide range of
stimulation patterns, she achieved a breakthrough, managing to quiet bursts entirely in
a neuronal network. However, she tried inducing learning in the quieted network over
the next 6 months, but was unsuccessful. This was mostly because the activity pattern
evoked by a stimulus did not stay constant across trials, but “drifted” away to another
pattern. This drift prevented her from tracking the effect of a stimulus, because the
network never responded in the same manner to a constant stimulus.

As D4 was trying to quiet the network, D11 branched away from working with the
in-vitro model-system, to develop a computational model that mimicked it. D11 felt
that to understand the phenomena of bursting, he needed to “see” the dish activity,
make precise measurements of variables such as synaptic strength, and run more con-
trolled experiments than could be conducted with the physical dish. Interestingly, D11
built the initial in-silico model not using the experimental data from their dish, but
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drawing from other studies in the broader literature, involving single neurons, brain
slices, and computationally simulated networks. Importantly, the model did adapt con-
straints from the lab’s dish system, but these had to do only with the construction and
structure of the dish, not its system-level behavior. The other parameters (constraints)
of the model, such as type of synapses, synaptic connection distance, percentage of
excitatory and inhibitory neurons, conduction delay, conduction velocity, noise levels,
action potential effects, and spontaneous activity were based on results reported in the
broader neuroscience literature. Further constraints came from a neuroscience model-
ing platform. The computational model was thus based on the physical design features
(such as thickness of neuron layer) of the lab dish, but it was tested and optimized with
data reported in the wider literature. Only after the model’s behavior replicated the
experimental results in the wider literature did D11 replicate the lab’s own data. The
model, as developed, was thus a second-order in-vitro system—an in-silico model of
the activity of a generic dish. The model is generic because it incorporates replications
of not just the lab’s dish, but also disparate experiments from the wider literature.

D11 built many tentative versions of the computational simulation, and probing
these, he started to get what he called a “feel” for how the network behaved under
different conditions. He then developed a visualization that captured the activity of the
network as itran. The visualization enabled D11 to observe—literally see—interesting
spatial patterns in the way the model responded to different stimuli. These patterns
were novel and distinct from what was known about the behavior of cultured dishes.
These visualized patterns figured centrally in the development of the novel concept of
“center of activity trajectory” (CAT). Figure 1 provides an outline of this iterative and
incremental modeling process.

The model’s visualization of the network’s activity showed the movement of an
activity pattern across the entire network, in real time. This visualization was sig-
nificantly different from the visual representation that was used for representing the
activity in the in-vitro dish, which only tracked activity at each electrode of the in-
vitro system, using an oscilloscope-like representation of spikes of electrical activity
developed for this purpose. The individual neuronal activity was hidden in this repre-
sentation, as it only captured which electrode (cluster of neurons) was activated and
by how much. This representation did not have a network structure, and thus it could
not show burst movement across the network. It was thus not possible to see from the
dish display whether there were patterns moving across the network. Such patterns,
however, were revealed by D11°s visualization of the in-silico model.

The computational model offered other advantages in exploring bursts. For instance,
the network could be stopped at any point to examine its states, and started again from
there. It was possible to manipulate significant variables, such as synaptic strength,
which were not accessible using the in-vitro model. A large number of such counter-
factual experiments could be run at no cost, since the computational model could be
changed easily, without the detailed, laborious, and expensive processes involved in
setting up and maintaining a living dish. These features proved to be a powerful com-
bination, particularly when coupled with the visualization that enabled tracking the
activity across the network as it was happening. They gave D11 immediate access to a
range of configurations and data that the living dish could not provide, and these could
be examined and reexamined, and comparison experiments run instantly. From this
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Fig. 1 The iterative modeling processes that led to the change in the understanding of bursts and the new
CAT concept

process, he noticed that there were repeating spatial patterns in activity, as the activity
propagated across the network. The spatial patterns were seen both when spontaneous
bursts arose in the model network, and when the model network responded to stimuli.
He found that there were “similar looking bursts”™ that propagated across the network,
and there appeared to be a limited number of what he called “burst types.” D11 then
began collaborating with D4 and D2, a graduate student who had been working on
dish embodiments. The group then decided to investigate bursts further together, as a
possibly interesting pattern, that is, a signal. The radical change in perspective here
is worth noting: “burst” transforms from something akin to noise (that needs to be
eliminated), to a pattern, a signal that could possibly lead to a control structure for
training the network. Note also that this change arose from the group running many
simulations with different situations and parameters over time, a process leading to a
group consensus on the conceptual shift. This group process was possible because of
the external, manifest nature of the built model.

From this point, potential problem solutions were mapped from the in-silico model
to the in-vitro model. In particular, the computational model helped them get past the
drift problem. The group came up with arange of ways to quantify the spatial properties
of moving bursts (using clustering algorithms and statistical techniques), and these
measures proved to be immune to the drift problem, i.e. the activity pattern evoked by
a stimulus now stayed constant across trials. These measures were first developed for
the computational model and then equivalents (by analogy) were developed for the
in-vitro model. They included several conceptual innovations: “burst types,” “spatial
extent” (an estimate of the size and location of the burst in the dish), and “center
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of activity trajectory” (CAT), a vector capturing the spatial location of the electrode
along with the firing rate). These spatial measures of bursts were then shown to be
better indicators of plasticity than plain spike responses to probe stimuli. So in the
matter of a year, based to a significant extent on the spatial patterns generated by
the computational model’s visualization, the group’s theoretical position shifted from
bursts as noise to bursts as signals, and this in turn, led to a possible control structure.

Of these spatial measures, CAT is the most noteworthy, for two reasons. First,
because it is a novel concept, articulated from both the computational visualization
and an analogy with the physics notion of center of mass, which was applied to the
neuronal activity pattern seen in the visualization. Second, because it emerged entirely
from the visualization of the computational model and would likely be impossible to
conceptualize and properly formalize without it. CAT is an averaging notion, similar
to the notion of a population vector, which captures how the firing rates of a group of
neurons that are only broadly tuned to an action or stimulus (say an arm movement),
when taken together, provide an accurate representation of the action/stimulus. How-
ever, CAT is more complex than the population vector, because it tracks the spatial
properties of activity as it moves through the network. For instance, if the network is
firing homogenously, the CAT will be at the center of the dish, but if the network fires
mainly at the left corner, then the CAT will move in that direction. CAT thus tracks the
flow of activity (not just activity) at the population scale, and on a much quicker time
scale than population vectors. When applied to the in-vitro network, CAT provides a
novel representation of neuronal activity—a new concept.

The CAT is like a signature for a burst type, in that each burst type has a corre-
sponding range of similar-looking CATs specific to that type. While the CAT concept
was developed from the visualization, the relation between the CAT concept and the
visualization is not a direct mapping link. The visualization worked as a generator of
many types of activity, which, when put together, led to the new CAT concept. Our
account ends here, though in later work the researchers combined CAT and techniques
developed for burst quieting to develop a set of stimulation patterns (a control struc-
ture) for the dish that led to supervised learning by the living neuronal network, in
effect making the in-vitro dish neuron network programmable. Using these stimula-
tion patterns, the living network in the dish was trained to control a computationally
simulated creature and a robotic drawing arm. Thus the CAT concept, which was
developed based on an arbitrary spatial representation (the visualization) of the data
produced by the computational model, transferred to the engineered physical model
(the Dish) as well as to a real-world control structure, where the Dish was used to
control a robotic arm.

3.1 Discussion

The most perplexing aspect of this case is that the network visualization used by D11
is largely arbitrary, as there are many different ways to visualize the data. There is
no necessary reason why a network representation should be used—he could have
used a visualization similar to their spike graph representation of the living dish. Even
after choosing a network representation, there are many ways in which the network
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activity could be visualized. This raises the central question posed by this case of
discovery-by-building:

How could concepts developed from the spatial analysis of an arbitrary rep-
resentation transfer to the actual dish model and provide a control structure for
supervised learning?

The answer to this question lies partly in the iterative building process and partly in
the nature of the visual representation, and the relation these two elements establish
with the modeler’s imagination. The underlying network’s parameters are continually
being reconfigured by replications of various experiments, from different domains
in neuroscience. Each of these replications can be viewed as infusing data into the
network, as the inputs and the outputs change the network’s parameters. This process
adds complexity to the network in a cumulative fashion, as each replication builds on
the network created by the previous replication. The final network structure, including
parameter settings, is based on a synthesis of all the data used from the literature,
as well as the lab. This global synthesis of data only existed in the model, and this
synthesis could literally be seen at the behavioral level, because the visualization was
dynamic and captured the network structure as a whole. This global pattern was fine-
tuned by the replications, to more closely mimic the behavior of the network, until
the system gained sufficient complexity to enact the behavior of the dish network
as a whole, including counterfactual cases where the modeler changed parameters to
explore the network’s global behavior. The model also provided the option of exploring
the network locally, as the model could be examined at different levels of resolution
(such as 20 neurons, 10 neurons, and so forth) and different parameter settings (such as
number pf inhibitory/excitatory neurons, synaptic distance, and synaptic connection
strength)

Since the visual representation captured the underlying artificial network’s structure
in an integrated fashion, making the interrelationships between the different points and
theirmovements across the network clearly visible, it lowered the amount of integration
in imagination the modeler needed to do, which was extremely high in the case of the
MEA spike graph representation. Seeing the network’s behaviors directly and having
the ability to stop-and-poke them as behaviors, while also examining the numbers
that generate the behaviors, allowed D11 (and others in the lab) to generate a close
coupling between their mental and external representations.

Note that CAT captures the centre of activity of patterns, similar to the way centre
of mass captures the behavior of objects. CAT can be applied to find the centre of any
activity with spatial extent, it is thus generic. This generic abstraction is based on, but
can be separated from, the (arbitrary) visualized network representation. Since it is
generic, CAT can be seen as capturing the model’s replication of the dish activity as
one instance of an activity with spatial extent; its ability to capture the activity of the
actual dish is another instance. The CAT concept cannot be directly mapped to the
visualization, in the sense that CAT does not exist in the visualization, just as centre of
gravity does not exist in objects (Dennett 1992). The visualization and the model are
generators of spatial activity (behavior), which is accounted for by the CAT concept.
This abstract concept is what transfers to the dish.
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This account provides a new way of thinking about the transfer problem: the iter-
ative building of the model via the infusion of data from different domains and the
wider literature creates a generic model, as well as a new class of systems, of which
the real world system and the target (built) system are instances. A new concept is
then developed for the model instance, and if it holds good, the concept, modified in
appropriate ways, is also applied to the target instance. This application process is
easier when the target system is also a built one, since it can be redesigned to achieve
the transfer involved, in this case to create a control structure for supervised learning
that can elicit behavior that was previously not possible.

In the view we have been developing here, building a computational model (in
the bioengineering sciences, and possibly other sciences) involves adding real-world
data and complexity (in the dish case, the way the network nodes are configured) to a
system (through data from the wider literature and the lab) such that it can enact the
behavior of the related phenomena as well as the system under study. Each run during
the building process reconfigures this enactive ability, until the model gains sufficient
complexity to enact the target system behavior. The final runs are a probing of this
enactive ability, the possibilities of which the modeler does not entirely understand,
but has a “feel” for. For instance, the control structure used to direct the behavior
of the animat and the robotic hand using the dish neurons consists of providing the
network with a patterned stimulation, and then, instead of reinforcing this stimulus, the
network is provided a random background stimulation to “stabilize” its response to the
patterned stimulation. This training method is rather counterintuitive to existing ideas
about learning and reinforcement, and comes from the building process. However, the
modelers do not understand why/how the random stimulation stabilizes the neuronal
network. The intellectual work at this stage is thus not interpretation of the results
to generate explicit knowledge, but the use of different probes to generate a range of
counterfactual behaviors, and the capture of this range of behavior within a margin of
error framework. This range of error is then used to develop a control structure, which
is used to manipulate the target system, and generate desirable behaviors.

4 Case 2: Metabolic engineering

This case reports how building a computational model of the biological pathway
involved in lignin production led to a remarkable discovery. It was discovered that
the standard pathway required an extension, to include a new element which was
found to contribute significantly to lignin production. The initial goal of the modeling
process, however, was just to tweak the lignin pathway so as to make a better biofuel.
A pathway diagram captures the main reactions involved in a metabolic or signaling
process, and also the positive and negative regulation effects, which specify how the
presence of different metabolites has a positive or negative influence on different
reactions. The pathway diagram developed by the modeler brings together pieces
of information that are spread over a wide set of papers, databases, and unreported
data provided by experimentalists. Computational models seek to capture the way the
concentration levels of different metabolites in a given biological pathway change over
time. Lab G researchers build a variety of models, but most focus on building ordinary
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Fig. 2 An outline of the iterative modeling process typically used in Lab G

differential equation (ODE) models of metabolic systems. Lab G models do not use
real-time dynamic visualizations. Parameter values are changed using scripts. Results
for different parameter values are compared using a deck of graphs, where each graph
plots the concentration value of a molecule in the pathway across time. These graphs
are used by the modeler while discussing the model with collaborators and other team
members. Figure 2 provides an outline of the typical Lab G modeling process.

4.1 Remedying recalcitrance

Lignin is a natural polymer that helps harden plant cell walls. The hardening provides
the plant with structural rigidity, and thus supports growth. While this hardening
property is biologically useful for the plant, it is a problem for the biofuel industry,
because lignin is difficult to breakdown (exhibits “recalcitrance”) when biomass is
processed into fermentable sugars (using enzymes/microbes). This recalcitrance of
lignin makes the extraction of sugars from biomass difficult and costly, and biofuel
production is therefore uncompetitive currently in comparison to fossil fuels.

To solve the recalcitrance problem, genetically engineered plant varieties with lower
lignin content (working prototypes) have been developed (for various plant species
such as alfalfa and poplar). However, these transgenic species are not optimal, as they
exhibit unforeseen consequences, such as lower expression of only one of the three
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monomer building blocks of lignin (termed monolignols, H, G, S). Computational
modeling provides a way of investigating the mechanisms underlying lignin produc-
tion, and the understanding derived from modeling could contribute to the development
of transgenic species (optimized prototypes) that have low lignin content as well as
good growth (very low lignin content will lead to plants not having structural integrity,
and this could prevent growth). The modeling could also allow developing plants with
different ratios of lignin monomers, such as a lower S/G ratio, which also helps in
improving the extraction of sugar from plant cellulose.

To model the pathway involved in lignin biosynthesis, Lab G collaborated with an
industry research lab in another US state. The model was being developed to understand
how the monolignol components (monomers: H,G,S) of lignin are generated by the
components of the lignin pathway. This is a new modeling area; most other modeling
efforts in the biofuel domain involve developing bio-informatics models, or models
of organisms that break up the plant biomass.

G 10 was the principal researcher working on the lignin biosynthesis model. He was a
bioengineering Ph.D. student, and holds a bachelor’s and master’s degrees in electrical
engineering. G10 started by building a model of the lignin pathway in alfalfa, based on
existing knowledge about the pathway from the literature, and data from papers. He
faced three significant problems in getting data from his collaborators. One was that
the granularity of the data provided was different from the granularity required by the
model. A second problem was delays, and not having good access to the collaborators.
A third problem was the unwillingness of the collaborators to part with data before
publication.

While waiting to get data and feedback on the alfalfa model from his collabora-
tors, G10 developed a model of lignin biosynthesis in poplar, a related species for
which a significant amount of data are available publicly. This model helped him
understand the lignin pathway better, and also develop a two-step modeling technique
that helped in dealing with the complexity of the lignin pathway. The model also led
to the development of a novel parameter estimation method, suited to the available
data (consisting mostly of S/G ratio in genetically engineered plants). This method
involved the following three-step process:

e First, each parameter value was constrained to a physiologically realistic range
(note the use of a biological constraint—survival—to simplify a mathematical
problem; this constraint is invisible in the final model, and becomes explicit only
when the process of building the external representation is examined). A Monte
Carlo type sampling of parameter values within this range was then done to sim-
ulate the model. These simulations generated a large set of model-data (different
S/G ratios).

e In the second step, correlations were established between the parameter values
used in these simulations and the S/G ratios, to select significant parameters (any
parameter where a small change lead to a large change in the S/G ratio).

o In the final step, these significant parameter values were optimized (using linear
programming and simulated annealing) so that the difference (SSE: sum of squared
error) between model results and experimental data was minimal. This generated
an 'ensemble’ of models with low SSE. Here the term "ensemble’ only captures
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similar models with different parameter settings (see Parker 2013 for a discussion
of ensemble models with wider differences).

This "ensemble’ of models helped in identifying the key reactions that influenced
the S/G ratio. The ensemble of models was then used to simulate two transgenic
experimental results that were not included in the training data. The models (note
the plural; there was no unique model) were able to approximate these test data, as
well as provide some mechanistic insight into the working of the pathway, and these
mechanisms were found to be supported by available experimental evidence.

Based on this validation by data-fit as well as mechanism, the ensemble of models
was used to make some predictions about how the pathway could be engineered to
reduce the S/G ratio. Even though the model was based just on publicly available
pathway information and data, it helped G10 create a modeling template for the lignin
domain. Particularly, the three-step process was useful in managing the mathematical
complexity of the system, and the parameter estimation process was developed in a
way that was tailored to data in this domain. These templates were then applied, with
variations, to the alfalfa model, to make significant discoveries relating to the lignin
pathway.

4.2 The Alfalfa model

Once G10’s collaborators had published some of their experimental work, they shared
their data (excel files) with him, which he incorporated into the Alfalfa model. The
collaborators did not provide G10 with the pathway structure, only data were given.
Some other experimental results that the group had reported in the literature were also
incorporated into the model.

The alfalfa model was more complex than the poplar one, since there were more
transgenic species available (7, each created by down-regulating an enzyme) than the
poplar case. Further, the data included the lignin levels at different points of growth of
the plant stem (8 different internodes), and the lignin levels were different for each of
these growth points. Accounting for this differential expression of lignin at different
growth points was a challenge. However, now there were lots of data available.

The modeling approach used was a variation of the one developed in the case
of poplar. This model made the assumption that the lignified stem tissues of wild-
type alfalfa plants evolved to maximize the production of lignin monomers, and this
biological assumption (once again, invisible in the final model) was used to develop
the objective function (a mathematical term used in the optimization of parameter
values).

In the second step, the transgenic plant data (for every inter-node of the plant)
were modeled using a method where it is assumed that a mutant strain with a genetic
modification (the down-regulation of an enzyme in this case) functions as closely
to the wild-type as possible within the limitations imposed by the mutation. This is a
biological assumption (again, invisible in the final model) that provides a mathematical
term, and it helps solve the following modeling problem: how to use most of the
pathway of a wild-type plant together with the engineered pathway (and data) of a
genetically modified plant. If the modeler considers the genetically engineered plant’s
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