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ABSTRACT Bacteria are known to interpret a range of external molecular signals that are crucial for sensing environmental
conditions and adapting their behaviors accordingly. These external signals are processed through a multitude of signaling
transduction networks that include the gene regulatory network (GRN). From close observation, the GRN resembles and ex-
hibits structural and functional properties that are similar to artificial neural networks. An in-depth analysis of gene expression
dynamics further provides a new viewpoint of characterizing the inherited computing properties underlying the GRN of bac-
teria despite being non-neuronal organisms. In this study, we introduce a model to quantify the gene-to-gene interaction dy-
namics that can be embedded in the GRN as weights, converting a GRN to gene regulatory neural network (GRNN). Focusing
on Pseudomonas aeruginosa, we extracted the GRNN associated with a well-known virulence factor, pyocyanin production, us-
ing an introduced weight extraction technique based on transcriptomic data and proving its computing accuracy using wet-lab
experimental data. As part of our analysis, we evaluated the structural changes in the GRNN based on mutagenesis to deter-
mine its varying computing behavior. Furthermore, we model the ecosystem-wide cell-cell communications to analyze its
impact on computing based on environmental as well as population signals, where we determine the impact on the computing
reliability. Subsequently, we establish that the individual GRNNs can be clustered to collectively form computing units with
similar behaviors to single-layer perceptrons with varying sigmoidal activation functions spatio-temporally within an
ecosystem. We believe that this will lay the groundwork toward molecular machine learning systems that can see artificial
intelligence move toward non-silicon devices, or living artificial intelligence, as well as giving us new insights into bacterial
natural computing.

WHY IT MATTERS The increasing importance of artificial intelligence (Al) is weaving into numerous disciplines,
providing us with new discoveries and levels of knowledge that were previously inaccessible. However, the increased
development in Al technology is also providing us with a new opportunity of using it as a concept in understanding
natural phenomena. This is the aim of this study, where we intend to use Al as a tool in characterizing the computational
capabilities of bacterial cells. Besides improving our understanding through an Al model that is mapped onto the gene
regulatory network, our study can also lead to new opportunities for future bio-computing.

INTRODUCTION

Bacteria are well known for their capabilities to sense
external stimuli and adapt into a wide range of re-
sponses (1,2). The interpretation of external signals in-
cludes molecules communicated from other microbes
as well as changes in environmental conditions (e.g.,
changes in temperature or pH levels) (3). Bacterial cells
continuously monitor the extracellular cues to regulate

gene expression accordingly and, subsequently, protein
production. The regulation mechanism is impressively
complex and contains a massive number of compo-
nents, including mRNA, activators, repressors, informa-
tion stored in genes, RNA polymerase, and protein-
binding regions (4,5). This process drives the cell's
behavior to prolong its survivability and this is often
identified as a decision-making process. However, this
can also be identified as a chemical-based computing
process that is computed as it traverses through the
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branches of the gene regulatory network (GRN) (6),
where a large number of molecular transduction signals
result in parallel and sequential gene expressions. This
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is governed by genetic circuits that contain approxi-
mately 100 to more than 11,000 genes. For example,
the largest genome identified belongs to Sorangium
cellulosum strain So0157-2 (7,8).

Despite the absence of neural structures for
computing, the GRN allows the bacteria to strategize
and adapt through varying conditions, and this results
in molecular production to influence other cells, which
leads to complex social interactions, motility to favor-
able environmental conditions, or physiological state
changes. Exploring the natural computing properties
of bacteria can lead to a better understanding of their
behavior and open new opportunities for programming
sensing and actuation functionalities into the cells for
novel treatments (9), as well as creating new opportu-
nities for future bio-computing systems (10).

The world of artificial intelligence (Al) is now trickling
into our lives, increasing our reliance on numerous fac-
ets that play a role in our daily activities. Inspired by
the workings of the brain, the core of artificial neural net-
works (ANN) is a graph structure that abstracts commu-
nication and computing in biological neuronal networks
(11). This has allowed ANN algorithms to be pro-
grammed into various devices to support numerous
applications, such as image recognition (12) and
autonomous systems (13) However, neuromorphic
computing is also inspired by the naturally evolved bio-
logical neural circuits differentiating it from conven-
tional computing architectures (14). SpiNNaker (15),
Neurogrid (16), Loihi (17), and TrueNorth (18) are exam-
ples of well-known neuromorphic processors that have
been implemented. These approaches allowed for miti-
gating the bottlenecks of the von Neumann by having
physical memristors in the system (19,20). In addition,
neuromorphic architectures are capable of performing
massively parallel computing that can outperform con-
ventional computing in terms of efficiency (21). In
contrast to designing bio-inspired silicon architectures,
the programming of Al into computing devices has now
extended to non-silicon machines, for example biolog-
ical cells, and this has resulted in molecular machine
learning systems (22,23). However, from a natural bio-
logical system perspective, it has been suggested that
the computational process through the GRN that drives
the bacterial cell's decision-making comprises a hidden
neural network-like architecture (24,25). This indicates
that, even though bacterial cells are categorized as
non-neural organisms, we can use the neural network ar-
chitecture representation of the GRN to characterize
their computing capabilities. Through this representa-
tion, several ANN components can be identified in
GRNs, where genes may beregarded as computing units
or activation nodes and transcription factors (TF) as
incoming signals to the computing unit and their degree
of influence as weights/biases. Owing to a large number
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of genes and weighted relationships in a GRN, it is
possible to infer sub-networks with neural network be-
haviors, which we term gene regulatory neural networks
(GRNNS).

Although a number of studies have optioned toward
engineering cells to create molecular machine learning
(26), in this study we focus on the discovery and extrac-
tion of GRNN sub-networks from GRNs. Even though the
GRN incorporates the influence of intergenic interac-
tions, it lacks a layer of information on the magnitudes,
which, from an neural network paradigm, represents the
weights. In atypical NN, a perceptron is the fundamental
computing element that can take multiple inputs,
multiply them by a corresponding weight, and combine
them through a summation process. This weighted
summation is then passed through an activation func-
tion as shown in Fig. 1. The non-linearity observed be-
tween the gene expression patterns and the weighted
summation of incoming TF signals of a gene can be
mapped as the property of a perceptron. This non-line-
arity can be better represented by an activation function.
By applying an activation function for each node in the
GRN and using the single-layer perceptron model, we
extract the weights of each edge of the GRN to recreate
a GRNN. Further, using graph theoretical path analysis,
we extract a sub-network from Pseudomonas aeruginosa
GRN for pyocyanin (PYO) production to analyze the
GRNN's computing behavior.

The contributions of this study are discussed here.

e Extracting a GRNN: As discussed earlier, past
research has manifested evidence of neural-like be-
haviors inherited in isolated components, but no
research has studied a complete GRNN of a bacte-
rial cell to date. A gene perceptron with multiple in-
puts can be considered a single-layer perceptron,
and transcriptional data provide input and output
expression rates for each gene perceptron. Based
on this, we developed an algorithm to extract
weights for each edge of the GRN in a single-layer
perception model. The accuracy of the extracted
GRNN is then proved in the transcriptomic layer us-
ing a comparison of gene expression dynamics be-
tween wet-lab data and the model predictions.
Subsequently, we employ this algorithm to extract
the GRNN of the model species P. aeruginosa to
investigate the cell's computing properties.

e Impact of cell-cell communication on the GRNN
computing: The GRNN only represents single-cell
activities, whereas bacteria usually live in complex
ecosystems (27) where cell-cell communication
heavily influences their behaviors (28). Hence, we
focus on a biofilm use case to understand the intri-
cate cell-cell communication that influences varying
spatio-temporal behaviors. We establish this by



w8

w49 w18
w9 w10 w16 '

Weighted
summation

1

1

1

]

]

]

]

]

]

1

1

]

]

]

v
N

creating a graph neural network of the bacterial pop-
ulation with each cell embedded with the GRNN. The
diffusion-based communication between the bacte-
rial cells in the biofilm is then encoded as the mes-
sage-passing protocol of the graph neural network.
This complete model is then used to further prove
the accuracy of the extracted GRNN model utilizing
a mutagenesis analysis of various GRNN structures
that compare the GRNN-driven PYO production with
experimental data. We also explore inherited bacte-
rial computing properties further in terms of diver-
sity and reliability.

e Bacterial clusters as collective single perceptrons
for bio-computing: The individual GRNNSs, facili-
tated by the cell-cell communication, form collective
behaviors essential for the population’'s survivabil-
ity. Factors such as molecular diffusion dynamics
within the environment of a bacterial ecosystem
lead to variations in this collective behavior. Owing
to that, we discover diversity in computing proper-
ties with respect to bacterial clusters of an
ecosystem where cells in each cluster collectively
resemble a single-layer perception with a non-linear
activation. Consequently, we analyze the properties
of these collective perceptrons spatio-temporally to
extract a solution space demonstrating the in-
herited computation diversity.

BACKGROUND

Past studies have explored natural bacterial computing
from a number of approaches, such as using probabi-
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FIGURE 1 Illlustration of a biofilm and the
extraction of GRNNs from within the bacterial
cells.

Activation
function

listic Boolean networks (29) and logic circuits (30). All
of these models mainly infer that the bacterial cells
do computing not just based on the single input-output
combinations but they can integrate several incoming
signals to produce outputs. Moreover, recent research
has demonstrated promising cell engineering ap-
proaches (31-35), especially application-specific syn-
thetic biological circuits with neural network
properties (36—38). However, the state of the art has
pointed out that the process of genetic circuit
designing and implementation with the possibility of
performing specific tasks is a relatively complex and
costly process due to the requirement of developing
tools, expertise, and use of specialized materials
and equipment (39,40) compared to an approach
that harnesses existing circuits within the GRN. In
contrast, our alternative view focuses on revealing
the natural neural network structure that exists
within the GRN stemming from a series of multi-stage
biochemical reactions within the gene expression
sequence. In this section, we first explore the NN-
like properties of GRN, and this is followed by deter-
mining how the GRN can be influenced by cell-cell
communications.

Neural network properties of GRN

There are key properties commonly associated with
NNs, such as interconnected nodes with a non-linear
activation function that processes a weighted summa-
tion of input signals. A parallel relationship can also be
found in the GRN, where its weight emerges from the
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FIGURE 2 Illustration of gene expression regulators that are

considered the weight influencers of the edges of GRNNs. Here,
(a) shows the a(y), &(~q), 0(7F), C(Rep): 2 (eTF), @Nd ays7r) are relative con-
centrations of sigma factors, anti-sigma factors, TFs, repressors,
enhancer-binding TFs, and silencer-binding TFs, respectively. More-
over, Bprom): B(op) B(enn), @nd By are the binding affinities of the pro-
moter, operator, enhancer, and silencers regions, respectively,
whereas (b) elaborates the impact of these influencers for negative
(red arrow) and positive (blue arrow) weights of the suggested
model.

properties of the TFs that induce gene expressions, as
well as the affinity of the TF-binding site and machin-
eries such as thermoregulators and enhancers/si-
lencers (41,42). The weighted summation for GRNs
is dependent on multiple TFs (positive or negative
weights) combined to regulate gene expression based
on an activation concentration. This is illustrated in
Fig. 2 a, which depicts a set of factors such as the
relative concentration of sigma factors, anti-sigma
factors, TFs, repressors, enhancer-binding TFs, and
silencer-binding TFs. As shown in Fig. 2 b, higher bind-
ing affinities of the promoter region and enhancers
induce the expression of the gene, whereas that in
the operator region and silencers do the opposite.
We identify this in terms of the weight of positive
and negative regulations. Further, the concentrations
of activator and enhancer TFs and sigma factors
contribute to increased gene expression (43,44), which
can be represented with higher positive weights.
Conversely, the repressors and anti-sigma factors
reduce the gene expression, which can be identified
as larger negative weights. The non-linearity arises
from the upper and lower bounds of gene expression
levels, where the expression itself cannot be negative,
despite the possibility that a weighted summation
may result in a negative value. This non-linear relation-
ship between the incoming weighted summation of
TFs and the output gene expression resembles the
rectified linear unit (ReLU) activation function. There-
fore, with these characteristics, we highlight the possi-
bility of identifying the GRN as a pre-trained NN.
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Since we are deriving the GRNN from the GRN, the
sub-network structure is random, with nodes that
contain heterogeneous inward and outward degrees.
This results in networks as well as computing diversity
and this can be regulated by a single or multiple TFs.
For instance, a simple graph analysis reveals genes
such as PA3477 can be regulated by up to 15 TFs,
whereas PA0576 can involve regulation of 749 genes.
This heterogeneity increases the probability of mining
a large number of pre-trained GRNN sub-networks.

Influence of cell-cell communication on GRNN
computing

The concentrations of molecular-input signals from
the extracellular environment influences the bacterial
activities at the cellular as well as the ecosystem
levels (45). Apart from the extracellular signals from
nutrients, it has been found that the quorum sensing
(QS) input signals have a diverse set of regulative
influences on bacterial gene expressions (46,47) as
they are highly versatile and can respond to external
bio-stress cues, providing the cell with flexibility in
controlling the expression of virulence genes (48).
Although the QS signals are produced by the bacteria
itself, they work as inputs to the GRN similar to other
external molecules, as shown in Fig. 3 a. Furthermore,
Fig. 3 b shows the genes associated with the QS sys-
tems are connected to many other genes, indicating
that the role of QS in GRNN computing is bidirectional,
where the QS systems are influenced by various
cellular activities and also regulate a range of cellular
activities simultaneously. Moreover, past studies have
identified that these QS gene expression pathways are
interconnected and they can mutually regulate the ac-
tivities of each QS system. For example, P. aeruginosa
is known to have four QS systems, namely Las, Rhl,
Pgs, and Igs, where many mutual interactions can be
observed. Among them, regulation of the Rhl, Pgs,
and Igs QS systems by the Las system and bidirec-
tional regulation between Rhl and Pgs systems can
be highlighted (49). Therefore, the computing GRNN
of an isolated cell or a cell lacking QS-related genes
is different from a cell within a population, and this
is evident through a series of mutagenesis in silico
experiments discussed in subsequent sections.

METHODS

In this section, we first explain the GRNN extraction
mechanism using a single-layer perceptron model.
Our aim is first to show how we can extract a
computing view by mapping the GRN to GRNN. Since
bacteria live in complex ecosystems, we want to
explain the dynamics of computing behavior and
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how these change as the cells interact with each other
and also with respect to environmental conditions. An
appropriate complex ecosystem is biofilms, where
cell-cell communication varies at different locations
as they communicate differently. This communication
affects GRNN-based computing heavily in cells, even
drawing similarities to multicellular organisms
(50,51). Therefore, we dedicate the second part of
this section to exploring the influence of cell-cell com-
munications within bacterial ecosystems on GRNN-
based computing.

Extracting GRNN from GRN

As we consider the GRN as a pre-trained network, the
key idea of this approach is to quantify the gene-gene
interaction dynamics of the GRN and interpret them as
weights. Here, we first construct the GRN as a graph
network of gene-gene interactions. Expression of an
individual gene is mainly driven by the incoming TF
signals (52) from neighboring genes and, in some
cases, from the same gene. Expanding on this notion,
Fig 4 a explains the creation of the graph network of
GRN that contains five regulatory influence types us-
ing data from sources such as RegulonDB (GRN
database specific to the P. aeruginosa) (53), Kyoto
Encyclopedia of Genes and Genomes (54-56), and

Ecocyc (57). Next, we disassemble this graph network
into sub-graphs that consist of a target gene with its
set of regulatory source genes. This sub-network is
analogous to the structure of a single-layer perception
with the activation function of ReLU as shown in Fig. 4
b, hence we call the target gene the gene perceptron.
However, to date, there have not been any known
methods to define weights in the gene perceptron.
Therefore, in our proposed weight extraction tech-
nique of this study, we create in silico perceptrons
with the same number of inputs for all target genes
(gene perceptrons) in the GRN. Similar to a training
process of a conventional single-layer perceptron,
gene perception of this model also aims to modify
the randomly assigned weights at the zeroth epoch
of the gene perception based on the mean squared er-
ror (MSE) between the computed and experimental
gene expression data, minimizing TF'(g,) and TF(gy).
In this training process, the point with the least MSE
gives the weights that best represent the quantifica-
tion of the influence of each interaction on the target
gene, as illustrated in Fig. 4 ¢. We then compute the
perception output as follows,

TF(gy) = max(O,ZTF(gX‘.).W(x,,y)) M
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where TF(gy,) is the experimental expression values of
the gene g,.. Moreover, TF'(gy) is the computed percep-
tion output based on the given input expression
values from transcriptomic data. This model aims to
train the perception until the MSE between the
computed and experimental gene expression data,
TF'(gy) and TF(gy), is minimized. In this training pro-
cess, the point with the least MSE gives the weights
that best represent the quantification of the influence
of each interaction on the target gene, as illustrated
in Fig. 4 c.

To extract the weights associated with all gene per-
ceptrons of P. aeruginosa, we use transcriptomic data
from the GEO database (58). After multiple stages of
preprocessing of the collected transcriptomic data,
80% of it is used to extract the weights of all the
gene perceptrons, whereas the remaining data are
used for validation. We initialize the single-layer
gene perceptrons of P. aeruginosa with random weight
values and train them, as explained earlier. In the
training process, the learning rate and the maximum
number of epochs are set at 10~% and 10°. With the
extraction of the gene-gene interaction weights, the
GRN is converted to a GRNN.

Graph neural network modeling of cell-cell
communication influence on GRNN computing

Background on graph neural networks

Graph neural networks have emerged as a prominent
approach for analyzing systems with underlying graph
structures and require permutation-invariant informa-
tion processing. Literature shows that graph neural net-
works are being usedin many applications, including the
prediction of protein functions (59) and identifying po-
tential drug-target interactions (60). Another application
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lies in genomics, where graph neural networks have
been utilized to predict gene expression patterns and
identify regulatory relationships among genes (61).

Graph neural networks contain four main compo-
nents: feature vectors, message-passing protocol, and
aggregate as well as update functions. A feature vector
is a representation of the attributes or properties of indi-
vidual nodes in a graph, whereas the message-passing
protocol, on the other hand, determines information
flow specific to the application. For instance, diffusion
properties can be embedded in the message-passing
protocol of a molecule-based communication system.
Next, to combine incoming information from neigh-
boring nodes as messages, graph neural networks
employ aggregation functions, which can be another
application-specific function ranging from a simple
summation to acomplex function. The aggregated infor-
mation is then processed through the update functions,
which process and combine the aggregated information
with the existing node attributes. These functions
collectively contribute to the effective modeling and
analysis of complex systems.

Graph neural network model for GRNN computing through cell-
cell communications

Since our aim is to extract a neural network property
through the cell's GRN, we also want to determine a
computing solution space of the cells' activation func-
tions within a population. To model and understand
the dynamics of this solution space, we need a frame-
work that will enable us to model and simulate the
communication between the cells and how this is
computed by the GRNN, subsequently producing
output molecules that influence neighboring cells. To
achieve this, we model cell-cell communication using
graph neural networks that have structural and func-
tional similarities such as the random spatial



distribution of cells, cell-to-cell molecular diffusion dy-
namics, and modulation of cellular activities in
response to incoming molecular signals.

The bacterial ecosystem is first created as a graph
network where each node is a representation of a
cell and the corresponding feature vector holds the
computational output, which is the gene expression
profile of the GRNN at a given time. The edges
between the two nodes represent diffusion-based
cell-cell communication (62,63) and are modeled as
a message-passing protocol of the graph neural
network. The summation of incoming molecular sig-
nals received by a cell is then modeled as the aggrega-
tion function. Finally, the GRNNs are embedded in
each node as the update function, where the aggre-
gated incoming molecular signals are computed,
varying the gene expression patterns. This, in turn, up-
dates the feature vector of the corresponding cell.
With the embedded properties, the bacterial popula-
tion represented as a graph neural network can allow
an understanding of the complex interplay between
cells, as well as the exchange of signaling molecules
that influence cellular behavior. Ultimately, this model
offers a powerful approach to unraveling the impact of
cell-cell communication on bacterial behavior and
uncovering underlying inherited computing properties.

As cell-cell communication plays a vital role in the
computing diversity within the ecosystem depending
on the cellular spatial distribution, we first define the
matrix ED that reflects the Euclidean distances be-
tween the bacterial cells in the population as follows,

B B; B, Bp
B‘ d(1,1) d(1,2) d(1,p)

ED = "2 | d(2,1) d(2,2) d2,p) |. @
B\ ap1) d(P.2) d(P.P)

Here, d;j) is the Euclidean distance between the it
and j™ cells where i,j = {1,2,...,P} and d;;, = 0
wheni = j.

Moreover, the diffusion properties of the molecules
also influence the cell-cell communication dynamics
resulting in variation of input signals to the GRNN.
For simplicity, we define a static diffusion coefficients
vector D as,

D = {Dm1va2;"'7Dmg}7 (3)

where D, is diffusion coefficient of molecular type
mq.

If we consider a cell B; as a transmitter, we then ex-
press the molecular concentration received by cell Bp
that is located at dp) after time T using the Green's
function as,

1 d%,
g(DmQ, d(p_],’), T) = 736)(1)( _ 4D(PA, )T> . (4)
(47TDm0 T)E Ma

To calculate the incoming signals from all the cells
in the network at Bp, we define a matrix Y; that is rep-
resented as,

<~

Yp = 1 (gx1 X EDp, (5)
where EDp is the P row of the matrix ED, which rep-
resents the distance between Bp and other cells. We

R

use a 1 [gx1) to adjust the dimension of Y; for the
next iteration.

We then create the matrix go(D'",Y,t), which con-
tains molecular diffusion between the Bp and the
rest of the cells using Egs. 4 and 5, which is repre-
sented as follows,

gP(DTaYa t) =
9(Dmy.dip1), T) 9(Dmy,dip2), T)
9(Dm,.dip1), T) 9(Dmy,dip2), T)

g(Dm1 ,dp.p), T)
g(sz, dpp), T)

9(Dmy. dipp), T)
(6)

g(Dmo’ d(PJ)» T) g(Dmo, d(P,Z), T)

Since the cells secrete heterogeneous molecule
types, we also need to consider the messaging
signals between the cells as illustrated in Fig. 5
a. We represent the messaging matrix MSG?
for the molecular secretion of the cells at time
t as,

ms mo mq
(t) (t) (1)
By | MS9tm)  MSYi1m,) M3Y (1 my)
B
(t) 2 (t) (1) (1)
MSG"Y = : msgy ) MSY(5 ) MSG (3 mg) |
By : : :
(1) (1) (1)
MSGpm)  MSYipm,) M39 (p.my)

(7)

where msggg_mo) is the secreted concentration of mole-

cule type mq produced by cell Bp.

Now, we define the incoming signal vector Rﬁ*” for
the bacterial cell Bp, which contains the concentra-
tions of all the molecule types at time 7S = t+1,
using Egs. 6 and 7 as follows,
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(t+1) T oY\ _ (t+1)
R = dlag( (D7, Y,t) x MSG ) B [r(P’mo)on’

where rém is the received mq signal by the cell Bp.

Despite the GRNN of Bp receiving molecular signals
from the peer cells, the nutrient in the extracellular
environment and accumulated molecules in the cyto-
plasm also act as inputs of the same GRNN. Therefore,
we further define the accumulated intra-cellular molec-
ular concentrations IM at time t as,

imyim,...imq " © "
By CU Sim) 0(1 imz) C(1 imq)
(t) (t) (t)
MY = B, Caim)  Cizim) C 2my) 7
: ) ® LA
Bp Cpim)  Coimy) - € pima)
©)
where ¢ is accumulated concentration of mole-

(P,im,
cule type mg in the cytoplasm of cell P.

Further, we integrate our single-cell GRNN and cell-
cell communication model into a 3D environment to
incorporate the external molecular inputs. The environ-
ment of the simulation is designed as a 3D grid of vox-
els that can store precise information on external
nutrients (based on our previous model in (64)). The
diffusion of nutrient molecules through the medium is
modeled as a random-walk process (27).

In the environment, the nutrient concentrations at
the location of cell Bp at time TS = t, K\, is denoted

as,
t t t t

KE = i Kl ) == [K,] L (0)
(1) . .

where K(Pm is concentration of the molecular type

Mg in a spe%lﬁc location.

As the next step, we define the aggregation array S
that contains the summation of all the molecules
received by cell P as,

s = RY 4K 1 MY

(t+1

om Q)“LK( )+C“>. (an

mq (P,Imq) ] XQ’

which is further illustrated in Fig. 5 b.

The aggregated signals are then computed through
the GRNN of each node, where the output is observed
in the updated gene expression profile or the feature
vector of the corresponding node. This is expressed
as follows,
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Vi) GRNN(S(P” ) 12)

where FV,@”” is the cell Bp's array of computed gene
expression levels by the GRNN upon the reception of

Sg>. This mathematical expression explains a bacterial
cell's behavior of adaptive gene expression dynamics
with respect to the incoming molecular signals.

Finally, the matrix FV(¥) that is obtained by Eq. 12,
which denotes the population's computational output
at TS = t in terms of gene expression levels, is repre-
sented as,

g, gz =g
! ) (® (0
b(1s91) b(1~92) b(LgL)
) (® ®
FVY = B, bzg) b ba |,
: (® (t) ()
Bp bpg bipg, bipg,

(13)

where b |s the expression level of the gene g; of

the cell Bp at the same time slot.

The significance of this modeling approach is to
allow us to characterize dynamics of GRNN computing
of bacterial cells in the ecosystem and to understand
how they compute in parallel within the community.
As a population, this results in a large parallel process-
ing framework. To reflect this, we use the python-cuda
platform to mimic our model as close to the parallel
processing architecture of the biofilm, where we dedi-
cate a graphics processing unit block for each bacterial
cell and the threads of each block for the matrix multi-
plication of the GRNN computation. Additionally, due
to the high number of iterative components in the
model, the computational power demand faces signifi-
cant challenges with serial programming, making paral-
lelization the best match for the model.

RESULTS

In this section, we conduct simulations of the bacterial
ecosystem within a biofilm for the extracted GRNN
computing to determine its accuracy and its dynamics
based on the framework described in the previous sec-
tion. We first describe the simulation setup of the
GRNN as well as the biofilm model. This is followed
by analyzing the accuracy of the extracted GRNN
and its computing behavior by comparing to wet-
lab experimental data. This includes analyzing the
network structure of the GRNN based on mutagenesis,
followed by the reliability of individual GRNN and
bio-computing models of the biofilm as bacterial
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cluster-based perceptrons and the dynamics of their
sigmoidal activation based on temporal and spatial
position.

Simulation setup

The species P. aeruginosa has been extensively stud-
ied as it is known for posing serious health problems
such as pneumonia, blood infections, infected
wounds, and especially the production of PYO, which
is a toxin that affects human cell functions. Thus,
our study focuses on the GRNN computing that re-
sults in PYO production.

Genetic model

The literature provides information on the genetic
network that incorporates PYO production, including

the genes that are affected by phosphate intake and
QS signaling (65). First, we extract the PYO sub-
GRNN using the shortest path analysis that defines
a network for the interactions of QS-related genes
and the two components system (TCS) PhoR-PhoB
that governs genes expressed from the phosphate
intake (phZ1, phz2, phzS, and phzM), which are respon-
sible for the production of enzymes that are essential
for PYO production.

In this computational model, we identify another
layer of metabolic interaction that plays a role in
PYO production, which is shown in Fig. 6. Since our pri-
mary goal is to explore the neural network behaviors of
GRNs, we model these inter-cellular metabolic interac-
tions as a separate layer from the GRNN. Here, RhIR is
a transcriptional regulator of P. aeruginosa and forms
a complex by getting attached to its cognate inducer
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FIGURE 6 lllustrations of intra-cellular
metabolite interaction where the QS mole-
cules form complexes with response regula-

tors.
HQ-

C4-HSL, which in turn works as an input to the GRNN
(66). Similarly, LasR transcriptional regulator protein
and 3-oxo-C12-HSL (30C), and PgsR with PQS and
HHQ, form complexes that also act as inputs to the
GRNN (67,68). In parallel to this process, chorismic
acid, C;gH;¢06 in the environment, are converted by
the P. aeruginosa cells through multiple steps using
the phzl, phz2, phzS, and phzM products of the
GRNN. First, the Cy¢H;¢0¢ is converted into phena-
zine-1-carboxylic using the enzymes produced from
Phz1 and Phz2 genes that are outputs of the GRNN.
In the next step, the phenazine-1-carboxylic gets
converted into 5-methylphenazine-1-carboxylate, and
finally, 5-methylphenazine-1-carboxylate into PYO by
the GRNN outputs PhzM and PhzS, respectively (69).
Therefore, the GRNN computing will in turn modulate
and convert the C;gH;00¢ into PYO, as illustrated in
Fig. 3 a.

Biofilm model

One of the key differences between cell-cell communi-
cation within a biofilm and a collection of planktonic
cells is caused by the diffusivity of extra polymeric
substances (EPSs). This, in turn, creates interesting
cell-cell communication patterns that lead to
computing variations in a biofilm, which we show
through the mutual information showing the uncer-
tainty in information flow during computing changes.
The internal availability and consumption of the nutri-
ents transform the bacterial communication process,
and this, in turn, changes the computing behavior.
Therefore, in this study, we consider a P. aeruginosa
single-species biofilm as an ecosystem to investigate
the role of inter-cellular communication in GRNN
computing. We model a completely formed biofilm
and disregard the forming, maturation, and dispersion
stages, which are out of the scope of this study. In
our model, we consider the biofilm as a static 3D struc-
ture of bacterial cells. We first place bacterial cells
randomly in a parzaboloid-shaped structure using the
equation, z<§ + % + 20, where x, y, and z are the com-
ponents of 3D Cartesian coordinates. This paraboloid
shape is chosen to make the spatial arrangement of
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the cells close to a real biofilm and keep the cell place-
ment process simple. Within this 3D biofilm structure,
we model the diffusivity based on Dg/D,; = 0.4,
which is the mean relative diffusion (70), where Dg
and D,; are the average molecular diffusion coeffi-
cients of the biofilm and pure water, respectively. To
start the simulation at a stage where the biofilm is
fully formed with established communication between
the cells, we filled the graph neural network internal
memory vector of each cell with the average molecular
level at the initial time slot. Each bacterial cell will use
the initial signals from the internal memory and apply
it to the GRNN to compute and update the feature vec-
tor for the next time slot. Table 1 presents the param-
eter descriptions and values used for the simulation.
As shown in Table 1, the model runs for 150 time slots,
generating data for a range of functions in the system.
These functions can produce data on the graph neural
network feature vector of each cell, communication
between cells, molecular consumption of the cells,
secretion of molecular output to the environment,
and nutrient accessibility of cells for each time slot.

Validating the GRNN accuracy for PYO production

The accuracy of the extracted weights is validated by
predicting output expression levels for each gene per-
ceptron using the transcriptomic data from publicly
available experimental data in the GEO database (58).

The first analysis is to determine the accuracy of the
full GRNN, which contains 2851 genes and 4903 inter-
action links. In calculating the weights, we used 217
transcriptomic data records (58). Using the weights
that are allocated to each link of the gene expression
relationship, we predict the output expression levels
of each gene using Eq. 1 and compare them to the
measured values. The results of this analysis shown
in Fig. 7 show that the majority of the data points lie
close to the 45° line, indicating an accurate prediction.
Note that the deviated points may reflect the variability
of the weights, which is not investigated in this study.

Moreover, we further investigate the accuracy of the
extracted GRNN through a mutagenesis analysis by



TABLE 1 Parameters utilized in the system development

Parameter Value Description

No. of cells 2000 the number of cells is limited due to the

memory availability of the server
No. of genes 26 the network only consists of the gene are
directly associated with QS, PhoR-PhoB

TCS and PYO production

No. internal memory molecules 16 molecules involved in QS and PhoR-PhoB
TCS and PYO production

No. messenger molecules 4 number of molecules that were exchanged

Dimensions of the environment

Duration 150 TSs

No. iterations per setup 10

20 x 20 x 20 um

between cells in the sub-network
the dimensions were fixed considering the
average sizes of P. aeruginosa biofilms
and computational demand of the model
the number of TSs can be modified to
explore the cellular and ecosystem level
activities. For this experiment, we fixed a
TS to represent 30 mins
considering the stochasticity ranging from
the gene expression (71,72) to
ecosystem-wide communications, the
experiments were iterated 10 times

doing modifications to the GRNN structure and
observing the corresponding gene expression and
PYO production outputs. This simulation experiment
is performed for two levels of phosphates (high phos-
phate (HP) and low phosphate (LP)). Besides the
different levels of phosphate, we also aim to analyze
how changes in the network structure due to muta-
tions can affect the computing behavior. We conduct-
ed eight simulation experiments with the following
setup: 1) wild-type bacteria with no mutations (WD)
in LP, 2) lasR mutant (/lasR A) in LP, 3) phoB mutant
(phoB A) in LP, 4) lasR and PhoB double mutant
(LasR A PhoB A) in LP, 5) WD in HP, 6) lasR A in HP,
7) PhoB A in HP, and 8) LasR A PhoB A in HP. Although
the WD uses the complete PYO sub-GRNN, /asR A re-
sults in removal of the node /asR, the GRNN of phoB
A is modified by removing the PhoB, and the double
mutant (LasR A PhoB A) is modified by removing
both /asR and PhoB genes, as shown in GRNNs of
Fig. 8 a—d, respectively. This mutation results in struc-
tural changes of the GRNN that alter the computa-
tional outputs, which can be observed through the
gene expression and PYO production levels.

For the mutagenesis cases described above, we will
compare the computed values through the GRNN with
wet-lab experimental data from (73) for the PYO pro-
duction and show the molecular output behavior of
the corresponding GRNN structures. The computa-
tional output of PYO level in the P. aeruginosa biofilm
is high in LP compared to HP for all the four cases
(Fig. 8 a—d), where the highest difference is in lasR A
case and the lowest in phoB A, as shown in Fig. 8 b
and c respectively. This is mainly due to the negative
impact of the gene phoB on the other genes, where an

increased expression of the gene phoB due to higher
phosphate condition represses the expression of
genes, including rhiR (with the weight, wphos mim = —
0.31) and phZ1 (with the weight, Wphogpn1)= —
0.33), which in turn reduce the overall gene expression
levels of the GRNN.

This effect is magnified by /asR mutation, as shown
in Fig. 8 b, and we identify that the gene mvfR plays a
crucial role in PYO production output in this case. The
gene mvfR positively expresses seven other genes in
this network and, in turn, a higher expression of mvfR
results in increased PYO production. In this particular
case, expression of the gene mvfR is increased in LP
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FIGURE 7 Comparison between measured expression levels of
2851 genes for 217 transcription records and gene expression
values computed by the extracted full GRNN.
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FIGURE 8 Mutagenesis analysis to investigate the impact of GRNN structural deviation on the PYO production. The gene expression vari-
ations and resulting PYO production are shown in LP and HP for four GRNN structures of (a) WD, (b) AlasR, (c) AphoB, and (d) AlasRAphoB. The
genes highlighted in the red circles are removed from the GRNN for the different structure types we consider to show the structural changes in
the network, which in turn shows how computing changes in the PYO production.

as evident in the gene expression plot of Fig. 8 b due to
the reduced level of rhiR expression (which represses
the mvfR with the weight W g mm =~ — 0.05) as a
result of lacking /asR (which induces the gene rhiR
with the weight w(j,sp sy =0.23). This mutation can
be considered an improvement of GRNN's sensitivity
to environmental phosphate concentrations.

In contrast, the lowest difference in LP and HP PYO
production of case phoB A occurs as a result of
GRNN's direct insensitivity to phosphate variations
formed by the removal of the gene phoB, which is
the two-component response regulator associated
with phosphate intake. This insensitivity contributes
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to maintaining a fixed gene expression level in the
GRNN despite the environmental phosphate varia-
tions. Moreover, the difference between the PYO pro-
duction in LP and HP of the LasR A PhoB A case is
high compared to PhoB A, as shown in Fig. 8 d, which
can be explained as a combined impact of /asR A and
PhoB A cases on PYO productions where lacking gene
phoB reduces the phosphate sensitivity of GRNN
and lacking gene lasR does the opposite. These
results emphasize the heterogeneity in the weight
distribution of edges and the importance of nodes
that is advantageous in extracting application-specific
GRNNs in the future.



Our comparison to the wet-lab experimental data to
analyze the GRNN computing behavior (73) is based
on the ratios of HP to LP for PYO production, as shown
in Fig. 9. The differences between the PYO production
predicted from GRNN in HP and LP conditions for all
four setups in Fig. 9 are relatively close to the wet-
lab experimental data. Even though the absolute per-
centages are not the same between wet-lab and simu-
lated values, the ratios between them are significantly
close. We believe deviation of the absolute values is
caused by the lack of interactions with gene expres-
sion outside our sub-network having an influence on
the GRNN. Although the overall comparison in Fig. 9
is considered accurate, we believe this can be further
improved with increased association to genes that
neighbor the sub-network and increasing the accuracy
of the weight calculations using increased transcrip-
tomic data. The modified GRNN structures based on
gene mutants for accuracy testing also lay the founda-
tion for us to modify network structures through ge-
netic engineering to create an neural network that
fits our target problem for bio-computing applications.

GRNN computing reliability

Biological systems such as bacterial ecosystems are
influenced by many stochastic factors, such as molec-
ular diffusion generated from diverse molecules (74).
As a population of cells within the biofilm, this affects
the computational paths along the GRNN of each cell.
The nutrient molecular diffusion within the biofilm is
the first observed using a 3D environment layer. The
EPS is known to provide extra protection to the biofilm
and it has been proved that it also resists nutrient
penetration toward the core of the structure (75).
This results in a gradient that reflects the nutrient
accessibility variations in the biofilm, which is illus-
trated in Fig. 10. The cells in the core of the biofilm
have lower nutrient accessibility compared to the cells
at the periphery, and this is due to variations in
diffusion between the environment and the EPS.
Fig. 10 a compares the flow of nutrients with respect
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FIGURE 9 Evaluation of the model accuracy by comparing HP to
LP PYO production ratio with wet-lab data from (73).
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FIGURE 10 The nutrient accessibility variations of cells is ex-
pressed in two different environment conditions: (a) LP and (b) HP
concentrations.

to time and concentration for low input concentration,
whereas Fig. 10 b is for high input concentrations. As
shown in the figures, when an LP concentration is
introduced, access to the nutrients is significantly
limited. This variability in nutrient accessibility plays
a significant role in the reliability of the GRNNs and
the diverse computing behavior in the biofilm. This,
in turn, enables us to take control over the computing
dynamics up to a certain extent, which is beneficial in
tailoring GRNNs to specific applications.

To analyze the reliability and functionality of the
GRNNSs, we use mutual information (MI) to statistically
measure the dependency between the input and
output gene expressions in the GRNN, which reflects
the network's computing reliability. As the expression
levels of the input and output genes are continuous
variables that show the GRNN's analog computing
behavior, we use the Gaussian kernel density-based
Ml estimation with the well-known Silverman'’s rule
for kernel bandwidths selection that is presented in
Algorithm 1. Although the diffusion dynamics within
the EPS form a continuous nutrient gradient toward
the biofilm core, we discretize it into three regions (re-
gion 0, the core; region 1, the middle layer; and region
2, the outer layer). An increased number of regions can
result in extracting more layers of variations, but, at
the same time, it will be challenging to measure or
use for computing tasks in practice due to the phys-
ical scale of the system. In contrast, the minimized
number of regions can provide improved differentia-
tion between the behaviors of each layer. To measure
the variations in computing, we estimate the MI of
the GRNN in three layers of the biofilm as shown in
Fig. 11 and for three time slots (TS = 20, TS = 25,
and TS = 30).

Fig. 12 presents the MI results with respect to
three regions of the biofilm and time slots. Here, we
only focus on the MI behavior of the following five
GRNN edges, which includes phob-rhiR, rhIR-phzi,
phoB-phz1, phoB-lasl, and bgsR-pgsC. The significance
of these five edges is the information flows through
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Algorithm 1 Estimating Ml using Gaussian kernel density estimation

Output The mutual information /(X;Y)

1 Function SilvermanBandwidthSelection X:
2 n = |X|,number of data points in;

3 ¢ = standard deviation of X;

4 h =13

5 return h;

6 Function GaussianKDE (X, h):

7 kde = empty array;

8 forxe X do

2
9 kde(q) = 55 yex exp( — U5E);
10 end

11  return kde;

12 Function GaussianJointKDE (X, Y, hy, hy):
13 kde = empty array;

14 K(u) = \/%eT”z;

15 forxe X do

16 kde(xi,y;) = %zj":]ﬁk(x,;x/)/((”h;y”);
17 end

18 return kde;

19 hy = SilvermanBandwidthSelection(X)
20 hy = SilvermanBandwidthSelection(Y)
21 fxy = GaussianJointKDE(X, Y, hy, hy);
22 fx = GaussianKDE(X, hy);

23 fy = GaussianKDE(Y, hy);

24 Function Mutuallnformation (fxy, fx, fy):
25 Ml = 0;

26 forx;e X,y;e Y do;

21 MI = Mi+ fy () loga (1005 );

f(xa) fv (i)
28 end
29 return Mi,

’
’

Input :Two continuous variables X and Y, and a set of N samples (x;,y;),i = 1,....N

Region 2
K

Region 1

A Regio

FIGURE 11 lllustration of three layers considered in the biofilm to
investigate the computing reliability and the solution space, where
region 2 is the outer layer, which has the most access to nutrients.
Region 1 is the middle layer, and region 0 is the core with the least
nutrient access.
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the expressions of these gene pairs, which have the
highest variance and the largest MI values. Further,
these edges are highlighted with different colors where
the thickness corresponds to their Ml value. In the
considered GRNN, the involvement of the QS signals
is clearly visible, as all four edges with the highest Ml
values except for the edge between bgsR-pgsC genes
are associated with the QS systems. It is evident that re-
gion 2, which is the outer layer of the biofilm, has the
GRNNs with better information flow indicated by signif-
icantly higher Ml values than the other regions. This re-
flects the high reliability of the GRNN computing since
the outputs have a strong dependency on the inputs.
However, over time, the MI diminishes gradually with
the nutrient reduction of the environment due to the
consumption by the bacteria. This is evident in region
1, where the diminished nutrient accessibility results
in lower MI values, showing higher uncertainty in the
computing process. The uncertainty in the computing
process is further amplified in region 0, which has
the lowest Ml values as the information flow of GRNN
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Illustration of Ml of the solution space in three regions and time steps. The colors of the Ml bar plots are mapped to the colors of
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nodes in the yellow color are considered the outputs as they produce enzymes related PYO production, whereas the pink nodes represent the

input nodes associated with phosphate and QS molecule intake.

is more dependent on the stochasticity of gene
expressions over incoming nutrient signals in this
region. Inregion2,at TS = 20, the Ml value between ex-
pressions of genes phoB and rhiRis the same as that be-
tween genes rhIR and phzl. However, as we consider
different time points and regions, it becomes evident
that the MI between genes phoB and rhiR is reduced
more compared to Ml between gene rhIR and phz1, indi-
cating that the impact of phosphate on the RHL QS sys-
tem is stronger. This shows that the Ml analysis can be
used in the future to identify reliable sub-networks for
bio-computing applications.

The analysis indicates a high reliability of GRNN
computing near the surface of the biofilm, where the
output response exhibits a strong dependence on the
input signals compared to other regions. This suggests
that the computing outputs of the cells closer to the bio-
film core are highly stochastic and fluctuate at a higher
rate during decision making. The impact of the net-

work’s reliability on the outputs can also be observed
in the analysis in the next section, when we investigate
the cells cooperating to form collective perceptrons.

Cluster-scale collective perceptrons

The output patterns of the GRNNs of individual cells
revealed that, in the biofilm, bacteria collectively
form a set of non-linear output functions spatio-
temporally with the help of cell-cell communication,
which we modeled through the graph neural network.
Hence, in this section, properties of the output non-
linearity of regions and time points of the biofilm
that resulted from the cluster of cells with GRNN in
each is investigated in terms of a sigmoid activation
function S(x),

L

S = e m

(14)

Biophysical Reports 3, 100118, September 13, 2023 15



Output

I LI
Input

FIGURE 13 lllustration of L, k, and xo parameters that determine
the height, steepness, and horizontal shift of the sigmoid curve,
respectively.

where the parameters L, k, and xg control the
maximum, steepness, and horizontal shift, respec-
tively, as shown in Fig. 13.

The Hill function is also used in the literature to
represent biological activities such as gene expres-
sions and chemical reactions. However, the Hill func-
tion is almost indistinguishable from the sigmoid
function when the Hill coefficient is greater than 1
for the proper choice of parameters (76). Nevertheless,
from the neural network computing perspective, sig-
moid functions are widely used, especially in artificial
perceptrons. Therefore, we explore the output non-
linearity of the collective perceptron with sigmoid
functions.

The PYO production of the biofilm is analyzed in the
same three regions (shown in Fig. 11) for three time

slots (TS = 20, TS = 25,and TS = 30) and extract
a solution space with a set of sigmoid activation func-
tion variations. Further, we analyze their dynamics
based on the role of QS. Literature shows the attempts
to use modified versions of activation functions such
as scaled sigmoid, penalized Tanh, and bounded RelLu
can be tailored for specific computational tasks (77).
Subsequently, it has been proved that the improved
versions of the standard non-linear activation function
comparatively perform well with respect to the appli-
cation problems (78-80). Therefore, a biological entity
that contains a diverse set of non-linear functions can
be advantageous in computing applications such as
adaptive classifications or analog to digital conver-
sions with more specificity and adaptability.

We used the curve-fitting approach presented in Al-
gorithm 2 to determine the parameters of Eq. 14 and
how it, as well as the QS molecules, dynamically
changes with respect to variations in the phosphate
input. We analyze these values for each region, which
is presented in Fig. 14. The top row of Fig. 14 shows
the collective non-linear properties in region 2 of the
biofilm outer layer, where the nutrient accessibility is
relatively high. The higher nutrient availability is posi-
tively reflected in the high QS levels in the region
compared to region 1 and region 0. This, in turn, re-
sults in a higher k value of S(x), which governs the
steepness of the sigmoid function. Over time, the QS
concentration gets significantly reduced, and the
steepness k subsequently increases. In contrast, the
parameter xg, which governs the horizontal shift of

Algorithm 2 Curve fitting with least squares method

Input: Data points (x;,y;) fori = 1,2,....n
Output:Optimized parameter values
1 Function CurveFitting (X, Y):
2 Initialize the set of parameter values P = (L,k,xo);
3 repeat
4 Compute the predicted values
Y = MSigmoid(X, P);
5 Update the parameter values
P = LeastSquares(X,Y, )7);
6 until convergence;
7 return P;
8 Function MSigmoid (X, P):
9 Extract parameter values L, k, xo from P;
10 Compute the predicted values Y using the sigmoid

. . 7 _ L .
function: V' =

11 return )7; R
12 Function LeastSquares (X,Y,Y): R
13 Compute the residual vectorR = Y — Y:

16 P = P+AP;
17 return P;
18 P = CurveFitting (X,Y);

14 Compute the Jacobian matrix J with partial derivatives of the logistic function w.r.t. the parameters;
15 Compute the parameter updates AP using the least squares formula: AP = (J7J)"'J7R;
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FIGURE 15 Variations of the sigmoid activation function in (a) region 2, (b) region 1, and (c) region 0 based on inputs of phosphate and cho-
rismic acid. Each plot contains four time slots: TS = 15in blue, TS = 20 in orange, TS = 25in green, and TS = 30 in red. The table of each

plot gives the ranges of each parameter for the corresponding region.

the curve, has a negative relationship with the QS con-
centration. The highest k and the lowest xq can be
observedinregion2 at TS = 20 as aresult of the high-
est concentration of QS. It is important to notice that,
with the increment of the phosphate concentrations,
there is only a slight increase in QS concentrations.
Hence, it is clear that the QS concentrations have
the most significant impact on the sigmoid shape.

Fig. 14 shows that, in region 1, the QS concentra-
tions are comparatively low compared to region 2, as
the bacterial cells are located significantly below the
surface, minimizing nutrient accessibility. At TS =
20, the QS concentrations in this region are fairly
close to that inregion 2 at TS = 25. Hence, the sigmoid
parameters are also close in these two periods. How-
ever, careful observation reveals that region 1 at
TS = 20 has more noise in the 3D surface plot of
the sigmoid series. This effect was demonstrated in
the previous section, where the lower Ml values were
witnessed in region 1 compared to region 2, increasing
the uncertainty of the computing process. This is
more evident in region 0, where the sigmoid function
plot is severely distorted, exhibiting a noisy output.
Despite the noise, region 2 and region 1 contain a se-
ries of sigmoid curves creating a reliable solution
space. Further, the influence of the phosphate concen-
tration in the environment can be considered a fine-
tuning factor, as each 3D sigmoid series plot shows
slight shape variation with respect to the phosphate
concentration.

Fig. 15 compares the sigmoid function variations
with respect to the location and time slot, showing
the diversity of the solution space. Fig. 15 a shows
four different sigmoid function variations in region 2.
The sigmoid function of this region at TS = 15 has
the largest L value of 0.97, creating the highest upper
bound, whereas the lowest is at TS = 30. This trend
of the upper bound is repeated in the other locations
as well. Although the sigmoid behavior in terms of L
and k values of region 1 is relatively close to region
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2, the parameter xq varies from 0.70 to 0.11, which is
different from the range of 0.55-0.07 in region 2.
This, in turn, leads to a slight decrease in the steep-
ness of the sigmoid functions in region 1 compared
to region 2, which results in a sharper decision bound-
ary. These sigmoid fluctuations further elucidate the
computational diversity of the collective bacterial
layers as perceptrons. In contrast, as we observed
earlier, region 0 contains a set of noisy sigmoid curves
that do not have a distinct decision boundary to pro-
duce a reliable output.

Therefore, the spatio-temporal variation drives the
nutrient availability for cells in the biofilm, which in
turn regulates cell-cell communication leading to
computational diversity. The consequent variations
of bacterial GRNN-based computing collectively
form a diverse solution space of sigmoid function
variations.

CONCLUSIONS

In this study, we introduce a method to quantify the
gene-to-gene interactions that converts the GRN into
a GRNN to facilitate in-depth analysis of inherited
computing properties at an individual cell as well as
biofilm ecosystem levels. We specifically focused on
P. aeruginosa as the model species and extracted a
GRNN using GRN structural and transcriptomic dy-
namic data. Further, we utilized a graph neural
network structure to model the cell-cell communica-
tion in a bacterial ecosystem, which heavily influences
the computing properties. Using mutagenesis effects
that result in GRNN with modified network structures,
we prove the accuracy of the extracted weights by
comparing the simulated and wet-lab experimental
data. In addition, the graph neural network model
with embedded GRNN as computing components
further reveals the neural network properties of an in-
dividual cell's GRNN and spatio-temporal computing
variations within a biofilm ecosystem. Another set of



analyses is conducted on the collective computing di-
versity of cell clusters in terms of sigmoid activation
function, which have varying decision boundaries
with respect to the location in the biofilm ecosystem
as well as time. This proves the possibility of extract-
ing sigmoid activation function solution space that is
driven by the nutrient flow of the environment in com-
bination with cell-cell communication. The varying
shapes of the sigmoid activation function that is
spatially and temporarily placed in the biofilm can
lead us to a parallel computing process using a con-
tained bacterial population. Further, we explore the
reliability of GRNN computing through Ml analysis,
which reveals that cell-cell communication and nutri-
ents flow heavily influence the input-to-output
computing reliability. This elucidates that higher
nutrient accessibility positively reflects on cell-cell
communication leading to more reliable computing,
whereas limited communication between cells in-
creases higher uncertainty of information flows be-
tween gene expressions within the network. The
findings from this study contribute to new viewpoints
on bacterial decision making and also lay the ground-
work for Al-based bio-computing using bacteria.
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