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Abstract Learning classifier systems (LCS) are algorithms that incorporate genetic
algorithms (GA) with reinforcement learning (RL) to produce adaptive systems de-
scribed by simple if-then rules. As a relatively new interdisciplinary branch of bi-
ology, synthetic biology pursues the design and construction of complex artificial
biological systems from the bottom-up. There is a rising trend in designing artificial
metabolic pathways that show previously undescribed reactions produced by the as-
sembly of enzymes from different sources in a single host. However, few researchers
have succeeded thus far because of the difficulty of analyzing gene expression accu-
rately. To tackle this problem, data mining and knowledge discovery are essential.
In this context, nature-inspired LCS are well suited to extracting knowledge from
complex systems, and thus can be exploited to investigate and utilize natural biolog-
ical phenomena. This chapter focuses on applying LCS to gene expression analysis
in synthetic biology. Specifically, we describe the optimization of artificial operon
structure for the biosynthesis of metabolic pathway products in Escherichia coli.
This optimization is achieved by manipulating the order of multiple genes within
the artificial operons.
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1 Introduction

Nature-inspired learning classifier systems (LCS) [28] were originally envisioned
as cognitive systems with interactive components, permitting the classification of
massive and noisy datasets in biological systems. Furthermore, LCS efficiently gen-
erate compact rules describing complex systems that enable knowledge extraction.
Hence, LCS perfectly complement synthetic biology [6], which pursues the design
and construction of complex artificial biological systems.

In synthetic biology, optimizing gene expression remains a challenging and po-
tentially fruitful goal that would facilitate the mass production of biofuels, biomedi-
cine, and engineered genomes, among other products. LCS have performed well
within many different biological domains, including gene expression analysis [2,
24, 68]. Implementation of LCS to deal with gene expression is poised to grow in
the near future, as a number of sizeable genomic datasets are made available by
large-scale international projects, such as the 1000 Genomes Project, the 100,000
Genomes Project, and the ENCODE Project.

This chapter presents a crucial first step of applying LCS to complex tasks in
synthetic biology, especially in the context of gene expression analysis. This chap-
ter consists of three parts. In the first part, we introduce the framework of LCS
and explain how common LCS work. LCS can be used to implement precise data
mining methods with an if-then rule structure by adopting the strong points of
both genetic algorithms (GA) and reinforcement learning (RL). Two major types
of LCS exist: Michigan-style LCS, which assess the fitness of individual clas-
sifiers, and Pittsburgh-style LCS, which assess the fitness of whole populations.
Whereas Pittsburgh-style LCS, such as GAssist and BioHEL, achieve good results
in bioinformatics tasks because of their simple rules, Michigan-style LCS are more
widely applicable to other practical tasks. For example, minimal classifier systems
(MCS) [13] can serve as archetypes for more complex implementations, strength-
based zeroth-level classifier systems (ZCS) [62] can solve simple problems pre-
cisely, and accuracy-based extended classifier systems (XCS) [63] show optimal
solutions within many fields.

The second part of this chapter describes synthetic biology and its potential con-
tributions to society [17]. We also describe how LCS have tackled problems related
to gene expression analysis [24] and how LCS can optimize an artificial operon
structure. To fulfil the goals of synthetic biology, it is essential to optimize each stage
in the design cycle, utilize basic biological blocks, and assemble DNA sequences.
LCS can be applied to fields ranging from renewable biofuels to biomedicine—for
intractable diseases such as cancer, infectious diseases, and autoimmune disorders—
and engineered genomes of artificial organisms. LCS have outperformed gene ex-
pression analysis in many instances, especially in cancer classification. Operons are
functioning units of genomic DNA that are transcribed as a unit and regulated to-
gether, thereby coordinating gene transcription. We can maximize the functionality
of bacteria, such as Escherichia coli (E. coli), by modifying operon structure and
thus altering gene expression.
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The third part of this chapter focuses on our first computational approach to
analyzing the rules describing the relationship between gene order within an operon
and E. coli growth (i.e., production) by consultation algorithms, including LCS. We
extracted operon construction rules by machine learning and verified those rules
by conducting wet-lab experiments on newly designed operons. We identified gene
orders that significantly control the growth of E. coli and enable the design of new
E. coli strains with high growth rates. These results indicate that LCS—followed by
consultation with well-known algorithms—can efficiently extract knowledge from
big and noisy biological system datasets as well as previously intractable dynamic
systems.

2 Learning Classifier Systems: Creating Rules that Describe
Systems

LCS are nature-inspired machine learning methods; accordingly, they can function
as cognitive systems featuring complex interactive components with nonlinear col-
lective activity [28, 29, 31]. For knowledge extraction, LCS generate new random
if-then rules by GA and choose the best rule by RL. The domain hierarchy of LCS
is described in Fig. 1. To give a general introduction to LCS, this section highlights
the basic LCS mechanisms and the fundamental distinction between Michigan- and
Pittsburgh-style LCS. More details about implementation optimization as well as a
cohesive encapsulation of implementation alternatives are available in an outstand-
ing LCS survey [58]. For a historical overview of LCS research, see [14].
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Fig. 1 Domain hierarchy of the LCS concept. Because of their rule comprehensibility, nature-
inspired LCS are effective methods to investigate and utilize natural biological phenomena
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2.1 Basic Components

It is not absolutely clear which components should be regarded as basic components
of LCS because many different implementations of LCS exist. Holmes et al. [32]
outline four practically minimal components: (1) a finite population of classifiers
that describes the current knowledge of the system to solve distributed problems;
(2) a performance component, which controls interactions with the environment;
(3) a reinforcement component (or a credit assignment component [30]), which dis-
tributes the reward from the environment to the classifiers to obtain globally opti-
mal solutions; and (4) a discovery component, which exploits GA to discover better
rules and improve existing ones according to fitness estimates. Fig. 2 demonstrates
the highly interactive mechanisms and how these major components interact with
each other.

2.2 Michigan- and Pittsburgh-style LCS

LCS research is fundamentally divided into two groups: Michigan-style LCS and
Pittsburgh-style LCS. Holland [31], the father of LCS, proposed Michigan-style
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Fig. 3 Differences between Michigan- and Pittsburgh-style LCS. While Michigan-style LCS
evolve at the level of individual rules, Pittsburgh-style LCS evolve at the level of multiple rule
sets

LCS originally, and Smith [54, 55] later introduced Pittsburgh-style LCS. While in
Michigan-style LCS, individual classifiers cooperate to provide a collective solution
for the entire population, in Pittsburgh-style LCS, individual complete and variable-
length sets of classifiers compete to solve the problem. Fig. 3 illustrates the main
structural differences between these two systems.

In general, Michigan-style LCS are more commonly used because of their sim-
plicity, fewer evaluation periods, and higher flexibility in dealing with a wide
range of problems. Michigan-style LCS evaluate the fitness of individual classifiers,
whereas Pittsburgh-style LCS assess the fitness of entire populations. Therefore,
Michigan-style LCS are typically online learning systems that learn iteratively from
sets of problem instances, and Pittsburgh-style LCS are more suitable for offline
learning systems that learn iteratively from single problem instances. Moreover,
Michigan-style LCS show more distributed solutions with a huge number of rules,
while Pittsburgh-style LCS provide more compact solutions with few rules. Two ex-
amples of Pittsburgh-style LCS implementations are GAssist [7] and its successor
BioHEL [8, 21], which is used widely for data mining, especially with large-scale
bioinformatic datasets.

3 Examples of LCS

This section describes some widely used Michigan-style LCS.
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Fig. 4 Interactions among minimal classifier system components

3.1 Minimal Classifier Systems

MCS are simplified LCS implementations that were proposed by Bull [13] as plat-
forms for advancing LCS theory. They provide helpful archetypes for more com-
plicated implementations. Fig. 4 illustrates how MCS work as a whole. Whereas
typical LCS possess a message list in order to handle multiple messages both from
the environment and other components’ feedback at previous time steps, MCS only
learn iteratively from one data instance at a time. If the match set conflicts with a
given input, a new rule—obtained randomly by GA to handle the input—replaces
a previous one. Therefore, a population remains constant according to its fitness
value. New rules usually inherit fitness from the previous rules.

The following equation updates the action set [A] at a learning rate β :

f itness([A])← f itness([A])+β

((
Reward
|[A]|

)
− f itness([A])

)
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Fig. 5 Interactions among zeroth-level classifier system components

3.2 Zeroth-level Classifier Systems

To increase the clarity and performance of LCS, Wilson [62] proposed simple ZCS
for practical use. Fig. 5 shows the interactions among ZCS components. ZCS are of-
ten called strength-based LCS (or payoff-based LCS) since their rule fitness depends
on the strength (i.e., payoff) defined by the rules. ZCS differ from the typical LCS in
that they eliminate the message list and rule-binding, so inputs are straightforwardly
matched with the population of rules and no prediction of each action exists. Fur-
thermore, in ZCS, the credit assignment schema basically adopts an implicit bucket
brigade [25], which distributes credit between all rules proposing a given action.
ZCS perform well in a simple framework relative to original LCS. However, ZCS
still find considerably suboptimal solutions in many applications because their sim-
plicity rapidly increases the number of over-general classifiers [18].

The following equation updates the action set [A], defining [A]’ as the action set
that follows [A] in time, β as a learning rate, and γ as a pre-determined discount
factor:

fitness([A])← fitness([A])+β (Reward+ γ fitness([A]′)−fitness([A]))
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Fig. 6 Interactions among extended classifier system components

3.3 Extended Classifier Systems

One year after introducing ZCS, Wilson [63] proposed XCS to address the draw-
backs of ZCS, using accurate and general classifiers. As Fig. 6 illustrates, XCS
inherited many ZCS attributes. While ZCS are referred to as strength-based LCS,
XCS are called accuracy-based LCS because their rule fitness does not depend on
the payoff itself but on the accuracy of payoff predictions [37]. To prevent XCS
rules from consistently executing bad actions owing to accuracy-based fitness and
to find an optimal action-selection solution, XCS exploit Q-learning [59]—which
is a well-known and traditional RL technique that performs well against complex
problems—while previous LCS often use TD(0) [56] instead. In addition to using
accuracy-based fitness, ZCS replaces standard GA with niche-based GA to elim-
inate undesirable competition. This combination of accuracy-based fitness, which
promotes prediction accuracy, and the niche GA, which accelerates the process of
obtaining general rules, makes excellent predictions possible. As a consequence,
many researchers have adopted XCS extensively because of their simplicity in gen-
erating optimal solutions across a wide range of research fields [1, 47].

The following five steps update the action set [A] with a relative accuracy [15]:

1. Each rule’s error ε j is updated: ε j = ε j +β (|P− p j|− ε j), where β is a learning
rate.
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2. Rule predictions p j are updated: p j = p j +β (P− p j).
3. Each rule’s accuracy κ j is determined: κ j = α

(
ε0
ε

)ν or κ j = 1 where ε < ε0 and
ν , α , and ε0 control the shape of the accuracy function.

4. A relative accuracy κ ′j is determined by each rule′s accuracy
total accuracy in the action set .

5. The relative accuracy modifies the classifier’s fitness Fj: if the fitness is adjusted
1/β times, Fj = Fj +β (κ ′j−Fj), otherwise Fj = the average of κ ′j values.

4 Synthetic Biology: Designing Biological Systems

Engineering microorganisms accurately requires a comprehensive understanding of
natural biological systems, such as cryptic cellular behaviors, and tools for con-
trolling cells. To overcome these problems, synthetic biology aims to design and
construct biological systems for practical applications. In order to avoid empirical
studies without undertaking predictive modeling, synthetic biology is shifting from
developing proof-of-concept designs to establishing general core platforms for effi-
cient biological engineering based on computer science [17]. Optimizing gene ex-
pression computationally plays an essential role in mass-producing useful materi-
als through a synthetic biology approach. This section highlights the key progress
and future challenges in synthetic biology and details some potential applications—
namely biofuels, biomedicine, and engineered genomes.

4.1 The Synthetic Biology Design Cycle

Fig. 7 shows the design cycle for the core platforms in synthetic biology. To avoid
laborious trial and error, this design cycle illustrates how to (1) design systems ac-
cording to high-level concepts, (2) model these designs as circuits with efficient
parts libraries, (3) simulate their functionality, (4) construct the design effortlessly,
(5) probe the resulting circuits, and (6) measure the results. In the design cycle, con-
stant feedback between stages plays a key role in enhancing circuit functionality.
Moreover, evolutionary strategies exist in the cycle to increase the performance of
other steps, though these strategies remain underutilized.

Despite the progress in this field, the design cycle for core platforms remains
slow, costly, and arduous; the goals of synthetic biology—understanding and manip-
ulating biological systems—are still exceptionally challenging, as biological phe-
nomena are complex and opaque. Though much progress has been made in several
of these steps, others require more innovation. Modeling complex biological sys-
tems, in particular, requires novel computational analysis methods.
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Fig. 7 Design cycle for engi-
neering circuits in synthetic
biology. Phases such as circuit
conceptualization, design, and
construction have advanced
significantly, but many bottle-
necks still exist at modeling,
simulation, probing, and mea-
surement phases
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Fig. 8 Hierarchy of synthetic biology. DNA sequences form parts, parts form devices, and devices
form systems

4.2 Basic Biological Parts

In synthetic biology, basic universal parts are commonly used to build higher-order
synthetic circuits and pathways in order to simplify biological engineering (Fig. 8).
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These components fulfil particular functions, such as controlling transcription, reg-
ulating molecules, and changing genetic material. Kushwaha and Salis [38] estab-
lished regulatory genetic parts that can transfer a multienzyme circuit and pathway
between Bacillus subtilis, Pseudomonas putida, and E. coli. These basic parts usu-
ally come from natural systems. For example, we exploit natural promoters, such as
PL of phage lambda and the lac operon promoter, to regulate gene expression, both
of which occur naturally in prokaryotes [20, 67].

4.3 DNA Construction

As synthetic biology designs complex biological systems from the bottom-up, stan-
dardized biological parts are vital. Parts can form devices, devices can be organized
into systems, and eventually systems can create large networks, synthetic chromo-
somes, and genomes. To accomplish this goal, we must assemble DNA for the func-
tional circuits.

Conventionally, the assembly of DNA sequences required laborious cloning
steps, so constructing complex metabolic pathways and regulatory circuits was im-
possible; to deal with DNA sequences effortlessly, sequence-independent, one-pot,
and ordered assembly methods have been recently explored. As a result, many
assembly methods have been proposed, such as the BioBrick and BglBrick stan-
dards [5], sequence- and ligase-independent cloning (SLIC) [41], and Gibson as-
sembly [23]. Advancements in DNA synthesis technologies may lead to direct cir-
cuit design without multiple parts in the future, though this is currently impractical
owing to the difficulty of constructing large combinatorial libraries of artificial cir-
cuits.

4.4 Future Applications

Standardized biological parts and circuit design can realize the goals of synthetic
biology—designing and constructing biological systems for useful purposes.

4.4.1 Biofuels

Fossil fuels account for more than 80% of the world’s energy supply, even though
they harm the environment significantly and are nonrenewable. They must be re-
placed with renewable substitutes in the near future. Biofuels made from renewable
and eco-friendly resources may become a great alternative, if they can compete eco-
nomically.

Synthetic biology has pursued engineering many microbial hosts to produce var-
ious biofuels, including long-chain alcohols, fatty acids, alkanes, and alkenes [52].
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To produce biofuels, it is crucial to characterize the enzymes, regulation, and ther-
modynamics of relevant native metabolic pathways. Until now, the most efficient
production has been achieved with E. coli because of their significant resiliency,
sufficient toolbox, and peripheral metabolic pathways. Some advanced biofuel pro-
duction methods have already achieved industrial level production, though most are
far from it.

4.4.2 Biomedicine

Functional devices—made by standardized biological blocks—can provide novel
diagnostic and therapeutic tools for previously incurable or intractable diseases,
such as cancer, infectious diseases, and autoimmune disorders. To achieve this goal,
it is necessary to identify the safety, side effects, and in vivo performance of engi-
neered circuits. In the context of therapy, it is especially important to determine how
to deliver engineered cells and synthetic gene constructs to internal tissues.

Cancer

One factor that impedes curing cancer is the difficulty of differentiating between
cancerous and healthy cells. The signature of hypoxia can help differentiate those
cells. Therefore, synthetic biologists have engineered E. coli to attack mammalian
cells selectively in hypoxic environments using heterologous sensors [4]. Other re-
searchers have followed a similar logic to take advantage of the link between enzy-
matic activity and hypoxia [64].

Furthermore, Xie et al. [65] proposed a miRNA-detection strategy that can dis-
tinguish between cell types according to miRNA expression signatures. Separate
circuits can identify a cell type by miRNA expression level; the combination of
these circuits can perform as a cell-type classifier according to miRNA level. This
approach has been shown to selectively kill HeLa cancer cells by regulating the ex-
pression of a proapoptosis protein by two high-expression and three low-expression
miRNAs. In this way, different circuits can be blended to increase diagnosis and
therapy performance.

Infectious diseases

Antibiotic resistance and other properties, such as biofilm formation [44] and per-
sistence [3], have intensified microbial infections. Treating severe antibiotic re-
sistance in pathogens often requires the use of combinations of powerful antibi-
otics, which may ultimately promote further antibiotic resistance. Moreover, antibi-
otics can cause dreadful disorders of the human microbiome because they kill both
pathogenic and non-pathogenic bacteria. As in the case of cancer, selective targeting
of pathogens is essential in order to minimize this side effect. Other approaches are
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also possible through synthetic biology, such as targeting bacterial biofilms, rein-
forcing antibiotics [45], and engineering new treatment vehicles.

Autoimmune disorders

Autoimmune disorders occur when the human immune system errantly attacks
healthy body tissue covered in autoantigens. Autoimmune diseases include Hashim-
oto’s thyroiditis, reactive arthritis, and type I diabetes. Since precise causes are un-
known, research programs should search for all potential targets. Larman et al. [39]
utilized a synthetic human peptidome to find potential autoantigens and antibodies.
This method enabled the investigation of all the coding regions within the human
genome.

4.4.3 Engineered Genomes

Synthetic biology also aims to create artificial organisms and reveal the complexity
of genetic variation with new enzymatic tools that enable precise genetic modifica-
tions. Recent advances in genetic assembly tools for synthetic biology have enabled
directed mutagenesis to identify gene function, the correction of defective genes,
and the redesign genome structure. For example, Elowitz et al. [19] engineered
genomes in an attempt to build a new organism and thus discover principles un-
derlying life. In E. coli, Isaacs et al. [34] manipulated chromosomes by replacing all
314 TAG stop codons with TAA codons.

5 Gene Expression Analysis with LCS

Because LCS originated from biological systems and contain complex, interactive
components that allow them to function as cognitive systems, they are well suited for
classifying large-scale, noisy datasets that are often encountered in synthetic biol-
ogy and systems biology. Furthermore, LCS generate sufficient rules describing sys-
tems with only a few interpretable key attributes, whereas state-of-the-art machine
learning methods such as deep learning [26] cannot determine rules; LCS perform
excellently for knowledge extraction to understand complex biological phenomena.
Accordingly, LCS and LCS-inspired systems have solved many bioinformatic and
medical problems, such as automating alphabet reduction for protein datasets [9]
and the classification of a primary breast cancer dataset [36]. LCS-inspired systems,
like BioHEL [8, 21], exist that are even designed for data mining large-scale bioin-
formatic datasets.

As explained in the previous section, gene expression analysis plays an essential
role in solving a large number of problems in synthetic biology. Machine learning
techniques have recently been attempted in a wide range of genetics and genomics
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fields related to the mechanisms of gene expression because of their ability to in-
terpret large and complex genomic datasets [42]. For instance, machine learning
can predict (1) gene expression from DNA sequences [10], (2) ChIP-seq profiles
of histone modifications [35], and (3) transcription factors that bind to a gene pro-
moter [49]. Researchers have also attempted to model all gene expression in a cell
using a network model [22]. This trend will accelerate dramatically with the rapid
advance of machine learning algorithms, tremendous increases in computational
power, and accessibility of massive datasets from large-scale international collabo-
rations, such as the 1000 Genomes Project, the 100,000 Genomes Project, and the
ENCODE Project.

Glaab et al. [24] evaluated rule-based evolutionary machine learning systems
inspired by Pittsburgh-style LCS, specifically BioHEL, and GAssist, in order to in-
crease the understandability of prediction models with high accuracy. Using three
publicly available microarray cancer datasets, they inferred simple rule-based mod-
els that achieved an accuracy comparable with state-of-the-art methods, such as
support vector machines, random forest, and microarray prediction analysis. Fur-
thermore, essential genes contained within BioHEL’s rule sets beat gene rankings
from a traditional ensemble feature selection. Specifically, BioHel better predicted
the relationships between relevant disease terms and top-ranked genes.

Zibakhsh et al. [68] suggested memetic algorithms, including LCS with a multi-
view fitness function approach. Fitness functions have two evaluation procedures:
the evaluation of each individual fuzzy if-then rule in accord with the specified rule
quality and the evaluation of each fuzzy rule quality according to the whole rule set
performance. These algorithms significantly outperformed classic memetic algo-
rithms in discovering rules. These new approaches have also extracted understand-
able rules differentiating different types of cancer tissues that were more accurate
than other machine learning algorithms, such as C4.5, random forest, and logistic
regression model.

Abedini et al. [2] proposed two XCS-inspired evolutionary machine learning sys-
tems to investigate how to improve classification accuracy using feature quality in-
formation: FS-XCS, which utilize feature selection to reduce features, and GRD-
XCS, which exploit feature ranking to modify the rule discovery process of XCS.
The authors classified breast cancers, colon cancers, and prostate cancers, each with
thousands of features, from microarray gene expression data. They found that fea-
ture quality information can help the learning process and improve classification ac-
curacy. However, approaches that restrict the learning process and rely exclusively
on the feature quality information, such as feature reduction, may decrease classifi-
cation accuracy.

6 Optimization of Artificial Operon Structure

A number of genes in genomes encode many proteins that modulate cellular ac-
tivities or implement specific functionality. In bacterial genomes, such as E. coli
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Fig. 9 Operon structure consisting of a promoter, an operator, and structural genes. The operon is
controlled by a regulatory gene

genomes, such genes frequently act as an operon, that is, a functioning unit of ge-
nomic DNA that controls the transcription of multiple genes simultaneously with a
single promoter. Fig. 9 illustrates a typical operon with a promoter, an operator, and
structural genes. An operon is transcribed into a continuous mRNA strand and ei-
ther translated in the cytoplasm, or trans-spliced to generate monocistronic mRNAs
that are translated independently. As such, gene expression of elements within an
operon decrease linearly with transcription distance [43]. To increase the productiv-
ity of synthetic metabolic pathways, the relative abundance of transcripts must be
regulated accurately using an operon to achieve the balanced expression of multiple
genes and avoid the accumulation of toxic intermediates or bottlenecks that inhibit
the growth of microorganisms [61].

To approach this central challenge in synthetic biology, operon structure opti-
mization has been pursued in recent years. There are several examples: the optimiza-
tion and genetic implementation of a blueprint as an artificial operon, according to
metabolic real-time analysis, tripled the production of dihydroxyacetone phosphate
from glucose [12]; the amplification of genomic segments in artificial operons suc-
cessfully controlled gene expression using selective RNA processing and stabiliza-
tion (SRPS) [53], which transcribes primary mRNA into segments using nucleases
and thus produces variation in stability among the segments [66]; libraries of tun-
able intergenic regions (TIGRs)—which recombine numerous post-transcriptional
control elements and permit specifying the desired relative expression levels—have
helped optimize gene expression in artificial operons [50].

Instead of modifying genes themselves, a completely different approach—reorde-
ring multiple genes into an operon structure with an appropriate promoter—may
become a breakthrough in optimizing E. coli growth (i.e., production). A novel
gene assembly method, the ordered gene assembly in Bacillus subtilis (OGAB)
method [57], enables the changing of gene orders by the assembly of multiple DNA
fragments in a fixed order and orientation. Newly designed operons, created by re-
ordering genes from metabolic pathways, show significant differences in production
because the abundance of specific mRNA sequences decreases as genes become
separated from the promoter in E. coli.

The production of zeaxanthin increased considerably by rearranging the gene
order of a five-gene operon [46, 48]. Similar results were also observed in the pro-
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duction of UHMW-P(3HB), which was achieved by reordering gene order within a
three-gene operon [27].

However, optimizing more than five genes remains laborious as the number of
gene orders increases factorially—a five-gene operon possesses 120 gene orders,
but a ten-gene operon possesses 3,628,800 gene orders. Moreover, this research is
typically carried out empirically without predictive modeling. As a result, a com-
putational approach that optimizes operons accurately with respect to gene order is
essential for comprehensive prediction. The next section presents our novel compu-
tational approach to analyzing the relationship between gene order within an operon
and the growth rate of E. coli using a machine learning algorithm, such as LCS. We
not only simulated those operon construction rules, but also verified the rules by
conducting wet-lab experiments with newly designed operons.

7 Optimization of Artificial Operon Construction by Machine
Learning

7.1 Introduction

Our aim was to investigate the influence of gene order among ten genes within an
operon on the growth rate of E. coli. To do so, we utilized consultation via machine
learning algorithms that include LCS to analyze the relationship and then verified
predicted gene orders with high growth rates using wet-lab experiments. This is the
first computational approach for analyzing the relationship between operon gene
order and E. coli growth rate. This research significantly contributes to the goal
of designing efficient operons for the mass-production of useful materials in syn-
thetic biology—such as personalized medicine [60], medical diagnosis [16], and
advanced biofuels [40]. Furthermore, this study provides a crucial step toward in-
terdisciplinary research linking LCS and synthetic biology, which can be applied to
various other tasks.

7.2 Artificial Operon Model

We applied machine learning to investigate the construction principles relating gene
order within an operon to the separation from a promoter involved in a metabolic
pathway and thus the growth rate of E. coli. The operon contained ten genes (labeled
A, B, C, D, E, F, G, H, I, and J). We then verified the high-growth-rate gene orders
using wet-lab experiments.

The expression of multiple genes changes in accordance with changes in gene
order [61]. Therefore, E. coli growth rates differ not only as a result of the presence
and absence of genes, but also gene order within operons. Generally, if the expres-
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sion of multiple genes is balanced, E. coli grows rapidly, but if it is not, E. coli grows
poorly or is totally inhibited as toxic intermediates or bottlenecks accumulate. Yet,
optimizing more than five genes has been impossible using conventional approaches
because the number of gene orders increases factorially with the number of genes
in an operon.

We identified ten genes in this study. It was challenging to analyze them accu-
rately for the following reasons: (1) the number of gene orders obtained from wet-
lab experiments was only 0.004% of the total 3,628,800 gene orders (the dataset
consists of 93 individual datasets from E. coli with gene orders similar to wild-type
strains as well as 51 datasets with random gene orders); (2) even E. coli with iden-
tical gene orders exhibit a large standard deviation in growth rate (the maximum
standard deviation of our dataset is around 0.05/h); (3) E. coli strains with high
growth rates in the dataset possess similar gene orders—the highest growth rate
was approximately 0.73/h. Therefore, we adopted algorithms of heuristic machine
learning techniques that can resolve the trade-off between accuracy and smoothness
to elucidate which gene orders significantly influence E. coli growth. As Fig. 10
shows, gene order refers to the arrangement of genes, and it significantly influences

Classifica!on

High Growth Rate 

Examples of Gene Order

Op!mized Operon

Growth Rate 0.708/h

(Doubling Time 59 min)

A B C D E F G I I J

A B C D E F G I I J

A B C D E F G I I J

Growth Rate 0.423/h

(Doubling Time 96 min)

G B E C A H G I F J

G B E C A H G I F J

G B E C A H G I F J

Fig. 10 Optimizing gene order of an artificial operon. The growth rate of E. coli differs with gene
order, so we investigated operon construction principles relating gene order to growth rate and tried
to design new E. coli strains with high growth rates
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Data from

Wet Experiments

Validation by

Wet Experiments

Candidate Operon 

Selection

Interpretation of

Prediction
Classification

Pre-Processing

Step 1:

Step 2: Step 3:

Fig. 11 Flowchart illustrating the experimental procedure. The protocol consists of three steps: (1)
pre-processing; (2) supervised analysis; and (3) post-analysis

the growth rate of E. coli. Optimization can improve the efficiency of metabolic
biosynthesis.

(Fig. 11) provides a flowchart describing the experimental procedure. Through-
out the wet-lab experiment, E. coli was cultivated in duplicate. The OGAB method
was exploited to reconstitute gene orders by assembling multiple DNA fragments
with a desired order and orientation and thus generating an operon structure in a re-
sultant plasmid. We normalized the raw data and classified the gene orders into sev-
eral growth rates; we selected a sampling of gene orders and verified them through
wet-lab experiments.

7.3 Experimental Framework

We conducted two experiments with consultation algorithms, one employing the re-
sults of two algorithms—Pittsburgh-style LCS [28, 29, 31] called GAssist [7] for
compact solutions with few rules and a decision-tree induction technique, C5.0—
and the other employing the results of four algorithms—other two well-known con-
ventional machine learning techniques, random forest and multilayer perceptron, in
addition to using LCS and C5.0. This was executed in order to analyze the rela-
tionship between the gene order within operons and E. coli growth rate. Then, we
designed six operons per experiment according to the optimal predicted gene orders.
We use the term “consultation” to refer to choosing gene orders with high growth
rates in each algorithm by considering attributes of classifiers from C5.0 [51] in or-
der to avoid over-fitting. The problem becomes a classification domain, and the pa-
rameters of the classifier model were selected to maximize ten-fold cross-validation
accuracy.
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Table 1 Classes of growth rates. Growth rate is classified into one of eight classes defined by an
equal interval

Classes Growth Rate Classes Growth Rate Classes Growth Rate

0 0–0.1/h 0.1 0.1–0.2/h 0.2 0.2–0.3/h
0.3 0.3–0.4/h 0.4 0.4–0.5/h 0.5 0.5–0.6/h
0.6 0.6–0.7/h 0.7 ≥ 0.7/h

Table 2 Classes of growth rates. Each growth rate is divided into seven classes with smaller ranges
for high growth rates in order to predict gene orders with high growth rates more accurately

Classes Growth Rate Classes Growth Rate Classes Growth Rate

0 0–0.4/h 0.4 0.4–0.5/h 0.5 0.5–0.6/h
0.6 0.6–0.65/h 0.65 0.65–0.7/h 0.7 0.7–0.72/h
0.72 ≥ 0.72/h

7.3.1 Consultation with Two Algorithms

Using LCS and C5.0, we classified 45 explanatory variables (describing the relative
orders between two genes) into eight growth rate groups (Table 1)—the growth rates
take precise values, so they had to be converted into finite classes for the classifi-
cation task. To test the classification performance in wet-lab experiments, we also
examined 20 random datasets out of the total 144 datasets as a test dataset.

Based on these classification results, we selected six gene orders within the
operon that are predicted to increase E. coli growth, and we then designed strains in
order to test them using wet-lab experiments. First, we identified four gene orders
that were classified as promoting growth rates exceeding 0.7/h in every algorithm
considering C5.0 attributes. Furthermore, we selected two gene orders predicted to
have growth rates that are relatively high but significantly different from those of
the original gene expression dataset to investigate the influence of modifying gene
order.

7.3.2 Consultation with Four Algorithms

In addition to using LCS and C5.0, we also exploited random forest [11], which
is an efficient ensemble learning method that employs many decision trees, and
multilayer perceptron [33], which is a standard neural network model. We classified
45 explanatory variables (again, describing the relative orders between two genes)
into seven growth rate groups (Table 2). The results of the previous experiment
(six datasets) were also used as the main dataset for this analysis and 21 additional
datasets from the total 150 datasets were used as the test dataset; three datasets per
class were employed as test data.
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From these classification results, we selected six gene orders for the operon struc-
ture and designed them for subsequent wet-lab experiments. First, we identified two
gene orders that were estimated to promote growth rates in excess of 0.72/h by
our LCS analysis and 0.7/h in the C5.0 analysis and random forest analysis, which
considers the C5.0 attributes. In addition, we selected two gene orders that were es-
timated to promote growth rates in excess of 0.7/h by our LCS, C5.0, and random
forest analyses and in excess of 0.65/h by our multilayer perceptron analysis, which
considers C5.0 attributes. Finally, two gene orders were identified that were clas-
sified as promoting growth rates in excess of 0.7/h by our LCS and random forest
analyses, 0.65 by our C5.0 analysis, and 0.72 by our multilayer perceptron analysis,
which considers C5.0 attributes.

7.4 Results

This subsection shows how our consultation algorithms utilizing LCS work in cases
of consultation using two and four algorithms. The results include both computa-
tional simulations and their biological verification. Our method performed effective
data mining in this gene expression analysis owing to the high accuracy of LCS and
its ability to determine definite understandable rules that describe complex systems
efficiently.

7.4.1 Consultation with Two Algorithms

Classification of Test Data by LCS

Classification succeeded with 25% accuracy (Fig. 12); if up to one class error is
allowed, we achieved 80% classification accuracy. Most gene orders were classified
as promoting growth rates between 0.4 and 0.5.

(a) (b)

Fig. 12 (a) Classification of test data by learning classifier systems (b) Classification of test data
by C5.0. The numbers of gene orders are presented with both the classified class and the actual
class
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According to a rule set of eight simple and interpretable rules, a gene order was
determined that was given the highest class assignment (≥ 0.7/h; the → operator
represents the rule stating that the gene preceding the operator is located in front
of the gene following the operator; for example, A→B means gene A is located
before gene B). According to this rule set, gene A tends to be assigned to the front
of the operon, while gene J tends to be assigned to the back. The rule set inferred to
describe the highest growth rate classification using LCS is as follows.

• A→B, A→G, B→H, C→I, D→F, E→I, E→J, H→J

Classification of Test Data by C5.0

C5.0 produced classifications with 40% accuracy (Fig. 12); permitting one error
class, this method obtained 80% of classification accuracy. Six gene orders pro-
moting growth rates between 0.3 and 0.4 or between 0.5 and 0.6 were incorrectly
classified as promoting growth rates between 0.4 and 0.5.

Growth Rates of Newly Designed Operons

We designed novel operons based on these classification results, and they exhibited
high growth rates (Fig. 13). In particular, Order2 gave a growth rate comparable

Order1 Order2 Order3 Order4 Order5 Order6
0.0
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Fig. 13 Growth rates of E. coli with novel gene orders shown as means ± SD. We selected
six gene orders within the operon that were classified by our two-algorithm consultation to pro-
mote high growth rates and then we designed them for wet-lab verification experiments. We cul-
tured the novel strain in duplicate and estimated the error to be less than 6% per sample. Strains
(Gene orders): Order1 (ABEICHDFGJ); Order2 (ABDCEGFIHJ); Order3 (ABCDEIHFGJ); Or-
der4 (ABCDFGEIHJ); Order5 (AGBIEJCHDF); and Order6 (AEICHDFBGJ)
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(a) (b)

Fig. 14 (a) Classification of test data by learning classifier systems (b) Classification of test data
by C5.0. The numbers of gene orders are presented with both the classified class and the actual
class

to the highest in the dataset (around 0.73/h) considering that the maximum stan-
dard deviation of our dataset is around 0.05/h. Order5 and Order6, which each have
completely different gene orders from the dataset, demonstrated low growth rates
compared with the other orders.

7.4.2 Consultation with Four Algorithms

Classification of test data by LCS

LCS yielded classifications that succeeded with around 38% accuracy (Fig. 14); if
up to one class error is allowed, we achieved around 95% classification accuracy.
Six gene orders promoting growth rates between 0 and 0.4 or between 0.5 and 0.6
were classified incorrectly as promoting growth rates between 0.4 and 0.5.

This analysis produced a restrictive rule set of 13 rules that determined a gene
order that was assigned to the highest class (≥0.72/h). Genes A, B, C, and D each
tended to be assigned to the front of the operon, while gene J tended to be assigned
to the back. The rank order of gene A has an especially strong influence on the
growth rate. The rule set inferred to describe the highest growth rate classification
using LCS is as follows.

• A→B, A→C, B→D, B→G, C→G, C→I, D→H, E→I, F→J, G→J, H→E, H→F,
I→J

Classification of Test Data by C5.0

C5.0 produced a classification with approximately 52% accuracy (Fig. 14); within
one class error, we obtained 86% classification accuracy. Six gene orders promoting
growth rates between 0.6 and 0.65 or exceeding 0.72 were incorrectly classified as
promoting growth rates between 0.65 and 0.7.
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(a) (b)

Fig. 15 (a) Classification of test data by random forest (b) Classification of test data by multilayer
perceptron. The numbers of gene orders are presented with both the classified class and the actual
class

Classification of Test Data by Random Forest

The random forest analysis performed classification with around 48% accuracy
(Fig. 15); if up to one class error is allowed, this method reached 100% classifi-
cation accuracy. Three gene orders promoting growth rates between 0.6 and 0.65
were incorrectly classified as promoting growth rates between 0.65 and 0.7.

Classification of Test Data by Multilayer Perceptron

The multilayer perceptron classification yielded 57% accuracy (Fig. 15); within one
class error, this method achieved 90% classification accuracy. Five gene orders pro-
moting growth rates between 0.6 and 0.65 or exceeding 0.7 were incorrectly classi-
fied as promoting growth rates between 0.65 and 0.7.

Growth Rates of Newly Designed Operons

As illustrated in Fig. 16, all of the newly designed operons showed high growth
rates (>0.6/h). However, no operon promoted a higher growth rate than that which
was obtained by the previous experiment based off of two-algorithm consultation.
Order5, as shown in Fig. 16, demonstrated a large standard deviation (approximately
0.04). The gene orders obtained from the four-algorithm analysis are more similar
to each other compared with those obtained in the two-algorithm analysis.

7.5 Conclusion

We found that certain two-gene order rules can be used to design operons that signif-
icantly affect E. coli growth (i.e., production) by consultation via machine learning
algorithms that include LCS. Moreover, we also successfully created new E. coli
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Fig. 16 Growth rates of novel E. coli strains presented as means ± SD. We designed six operons
with gene orders predicted to have high growth rates according to our four-algorithm consulta-
tion. The empirical error was less than 7% per sample. Strains (Gene orders): Order1 (ABCD-
FEHIGJ); Order2 (ACBDFGEHIJ); Order3 (ABDCEFIGHJ); Order4 (ABDCGEHFIJ); Order5
(ABCDFEIGHJ); and Order6 (ABCDFIEGHJ)

strains with high growth rates using these operon construction rules. Genes that are
closer to the promoter in an operon exhibit higher mRNA expression in general, as
supported by real-time RT-PCR results. However, the explanation for severe growth
rate differences among strains with different novel operons is unclear. The interac-
tions between genes may differ substantially as their sequential order change. How-
ever, other potential explanations of the relationship between gene order and growth
rate warrant consideration.

Most operon rearrangement studies suggest that the gene orders that resemble
those of wild-type strains tend to have high growth rates [46, 48]. Our computation-
ally optimized operons are similar to wild-type strains in gene order to some extent,
as expected. Gene A, which exhibits much higher mRNA expression levels than
other genes, was consistently located in the front of the operon in order to obtain
a high growth rate. However, except for several genes strongly linked to their posi-
tions, reordering genes for growth optimization is possible. LCS rule sets, such as
the optimal spatial relationship between gene E and gene I, provide further details on
how gene orders can be optimized. While this is difficult to predict experimentally,
the results are easily understood by biologists.

Our study also reveals that surpassing the highest growth rate of the dataset is
challenging for the following reasons: (1) although the classification of test data
went well, no operon promoted growth rates exceeding those previously found; (2)
the dataset is small and noisy; and (3) the dataset is biased and efficient operons
share similar gene orders.
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We aimed to optimize operon structure for the largest number of genes thus far,
ten genes, which can be rearranged into 3,628,800 orders, by a novel computational
approach. We focused on relative orders between two genes as the explanatory vari-
ables. However, more comprehensive variables, such as those used in natural lan-
guage processing, may enhance classification accuracy; the structure involved in
assessing sentences through word order is similar to the operon structure involved
in predicting growth rates. These findings should also be confirmed using more ran-
domized data to avoid over-fitting. Furthermore, we focused on operons that pro-
mote efficient growth; however, future studies should also explore operons that in-
hibit E. coli growth.

Taken together, our findings illustrate that machine learning—especially the use
of consultation algorithms utilizing LCS to avoid over-fitting—can help identify
the most efficiently structured operons. Changes in mRNA expression of genes and
gene interactions altered by gene order may cause these results. Computational re-
sults must be interpreted with caution, but newly designed operons tested in wet-lab
experiments support this approach. This first computational study proves that pair-
wise order relationships between genes produce significant differences in operon ef-
ficiency; given the difficulty of understanding all interactions between genes, future
studies with more comprehensive explanatory variables are needed. Furthermore,
our study suggests that LCS can play a significant role in data mining from large
and noisy datasets extracted from biological systems, especially gene expression
analysis in synthetic biology.

8 Summary

In this chapter, we have described what LCS and synthetic biology are and how
they are closely related in the context of gene expression analysis. Specifically, we
have illustrated a first computational approach to optimizing operon structure by
altering gene order to match optimization rules produced by consultation with ma-
chine learning algorithms that use LCS. Our research included both computational
simulation and biological verification. Overall, these results indicate that LCS and
LCS-inspired systems can perform effective data mining and knowledge discovery
in gene expression analysis and synthetic biology broadly because LCS can extract
definite understandable rules describing complex systems efficiently while retaining
high accuracy.

This chapter both extends LCS and connects LCS with synthetic biology. Our
study confirms that LCS—followed by consultation with well-known algorithms to
avoid over-fitting and obtain better solutions—can provide excellent knowledge dis-
covery from huge and noisy datasets in biological systems or previously intractable
dynamic systems. Moreover, we provided a crucial first step of interdisciplinary re-
search linking LCS and synthetic biology by illustrating both the core concepts as
well as a clear relationship between these domains that can be applied to various
other tasks.
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