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Abstract

Background: The study of structural properties of a metabolic network can be
approached by analyzing its Elementary Flux Modes (EFMs). Even in cases in
which this set can be fully computed, its large cardinality makes it difficult to
interpret the information contained in it.

Results: This paper presents a proposal to improve the study of structural
properties of a network by using clustering techniques in its set of EFMs. It is
shown how some properties of this set such as their length distribution or the
reaction participation can be better elucidated after a clustering process and how
it allows for a better comprehension of the possible behaviours of the network.

Conclusions: Our clustering approach can help in the extraction of relevant
biological significance from the set of EFMs and can be applied to different
problems related to the structural properties of the network under study.

Keywords: Metabolic networks; Pathways and EFMs; Systems biology; Flux
modes; Clustering techniques; Machine Learning

1 Introduction

The study of cellular metabolism can be applied to biology and medicine, such as

the analysis of different types of cancer [1] or to biotechnology (see for example [2] or

[3]). Metabolism can be thought as a network of reactions transforming metabolites

into other metabolites so it is very important to analyze these networks’ structural

properties. These structural properties includes key features of the network such

as its robustness, physiological capabilities and other systemic features of these

complex reaction networks ([4] and [5]). A common way to study these structural

properties is by using graph-related techniques or constraint-based modeling. In the

latter approach (that can be retraced to [6]) the network is modeled as a graph or

hypergraph and several constraints are introduced to restrict the set of possible

fluxes. These constraints can be based on the quantities of metabolites involved in

each reaction (stoichiometric constraints) or restrictions in the direction of some

reactions (thermodynamic constraints).

Using these constraints, a set of reactions is called an admissible flux distribution

(or a mode) if it fulfils both the stoichiometric and thermodynamic constraints,

that is, if all intermediate compounds are balanced and irreversible reactions run

in the appropriate direction [7]. It is well known that the set of modes of any non-

trivial network is infinite, and several approaches has been proposed to find finite

subsets that generate the full set of modes. One of the most used ones are the sets
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of elementary modes [8] (referred to as Elementary Flux Modes (EFM)s) that are

minimal (and so, indecomposable) modes.

The study of these EFMs is closely related to that of the structural properties of

the network, being the length of those EFMs (that is, the number of reactions that

appear with non zero fluxes) and the list of reactions participation (the percentage

of extreme pathways that utilize a given reaction) two key concepts (see [5]). The

first one can be viewed as the complexity of the corresponding flux distribution

and so its related with efficiency (the fulfilment of cellular demands while using a

minimum of constitutive elements). On the other hand, reaction participation can

be used to detect reactions that appear in a large number of elementary modes and

represent good targets for regulation purposes ([5]). Both, the EFM lengths and the

proportion of EFMs in which any reaction appear has been previously used (see,

for example, [5] or [9]) and are an important part of software packages like CNAPy

([10])

Several strategies have been proposed to calculate all the EFMs of a network (see

[11] for a list of proposed methods) and these techniques can provide the full set

of elementary modes in small to medium size networks. It is well known that, even

in these cases, the number of different elementary modes is rather high ([12]). This

large number of EFMs represent a desirable behaviour for the network because it

implies a better robustness (defined as the ability to sustain bacterial processes

towards internal disturbances like mutations, see [4]). But it makes very difficult

to analyze them manually ([13]) So, to analyze them and try to understand the

structural properties of the network, it can be important to distribute these EFMs

in smaller families so that each one represent similar states of the network.

In Data Science applied to Systems Biology, the task of decomposing a set of data

in smaller subsets is usually called clustering and the subsets obtained are referred

to as the clusters obtained. This clustering process can be approached using different

strategies. The process can start by analyzing biological properties of the network

(for example by examining which reactions are specially important) and using them

as a starting point for the classification (usually differentiating if these important

reactions are activated or not in each mode). Clearly, this can be a good approach

in small networks comprising a small number of reactions, but impossible for larger

networks. A second approach is trying to find sets of reactions (called motifs) and

classify the EFMs in terms of containing or not these motifs. This approach has

been carried out, for example, in [13], but it can present some disadvantages as the

large number of motifs or the apparition of outliers (EFMs that does not belong to

any class and EFMs that belong to several classes).

A different approach is the use of standard clustering method that only uses

statistical properties of the networks and, afterwards, examine if the provided clas-

sification has a reasonable biological meaning in the sense of being induced by the

activation or deactivation of certain reactions. It is worth noting that these reactions

must be supplied by the clustering method.

In this paper we propose the study of the clustering task for a small metabolic

network called e coli core. This network has been developed mainly for educational

purposes ([14]) and can be retrieved from BIGG ([15]), a database of publicly avail-

able metabolic networks. The paper shows that this process leads to a classification
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of the set of EFMs that is linked to the absence or presence of a certain set of

reactions. Finally, we analyze some connections between the clusters obtained and

some structural properties of the network.

The main contributions of this paper are the following:

• The use of a well known clustering technique for the clustering task

• The determination of a set of reactions that induces this clustering process

• The analysis of some structural properties of the networks using the obtained

clusters

The organization of the paper is arranged as follows. Section 2 is devoted to

providing some definitions for biological networks and background to elementary

modes. Section 3 presents the clustering method used. Section 4 is devoted to ap-

plying our methods to a case study, performing a clustering of its set of elementary

modes, shows that the obtained clusters can be described by a certain set of reac-

tions and analyze their impact on some structural properties. The paper ends with

some conclusions and future work.

2 Material and Methods

2.1 Metabolic networks

A metabolic network N is given by a tuple (M,R, S, Irr) where M is a set of m

metabolites, R is a set of n reactions, S ∈ Mm×n(R) is the stoichiometric matrix

of the network and Irr ⊂ R is the set of the irreversible reactions.

In each state of the network we define a vector v = (v[i])i∈R storing in each

component v[i] the rate of the reaction ri. The vector v is called a flux vector.

A vector v representing flux rates of the reactions is called a mode if it fulfills the

steady-state and thermodynamic constraints:

S · v = 0 (1)

v ≥ 0 (2)

where the last condition stands for v[j] ≥ 0 ∀j ∈ Irr.

Observe that if v is a mode of N and 0 < λ ∈ R, then λ · v is also a mode in N .

We say that the modes v and λ · v equivalents and we identify them.

We say that a reaction r is active in the mode v if |v[i]| > 0. For any mode v, its

support supp(v) is the set formed by those reactions r that are active in v.

A reaction r is called blocked if there is no mode v in which r is active. Blocked

reactions can be excluded from the network, so we assume that all the reactions in

R are non blocked.

A mode v is called an elementary mode, or EFM, if another non-zero mode v′

with supp(v′) ⊊ supp(v) does not exist ([8]). In any network the set of EFMs is

finite and any mode can be written as a convex combination of the EFMs of the

network ([16]).

It is well known that there can not exist two EFMs with the same support ([16])

so we can identify an EFM by its support. Throughout this paper, we identify (by

a slight abuse of notation) the EFMs of the network with their support.
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2.2 Representation of EFMs

Prior to the clustering process, it is necessary to choose and adequate representation

of the set of EFMs to analyze. There is several ways of doing so and the best choice

depends on the kind of study we are interested on. Let us highlight two possible

representations:

• Represent an EFMs in terms of the reactions included in its support. This

representation is adequate for studying properties as the EFM lengths or the

reactions participation.

• If there is a set of reactions in which we are particularly interested, EFMs

can be represented in terms of the reactions of interest that are included in

its support. This representation is adequate for studying properties as the

interaction of the EFM with its medium.

For the first representation, any EFM is represented by a binary vector of length

n (the number of reactions in the network). Therefore, define the binary vector v of

an EFM e such that:

vi =

{

1 if ei ̸= 0

0 if ei = 0
(3)

Given a set of reactions R′ = {ri1 , · · · , rik} of interest, the above representation

can be modified to get the second type of representation by using binary vectors of

length k (the number of reactions of interest). The binary vector v of an EFM e is

defined as:

vj =

{

1 if eij ̸= 0

0 if eij = 0
(4)

Observe that a possible drawback of these representations is that they do not take

into account the direction in which reversible reactions occur. If necessary, they can

be slightly modified to overcome it by previously decoupling all reversible reactions

in pairs of irreversible ones representing both directions in which this reaction can

occur.

2.3 The K-means clustering technique

Given a set D of data, a common task to study it is to partition D in smaller subsets

{Ci}
k
i=1

(that is D =
k
⋃

i=1

Ci and Ci ∩Cj = if i ̸= j). In Data Science this process is

called clustering and the subsets are known as clusters.

Clearly, the clustering process must be made in such a way that the data in

each cluster are similar and data belonging to two clusters are different. Several

algorithms have been proposed for this task ([17]). For this study, all clustering

methods included in Scikit-learn, a well-known Machine Learn package for Python

([18]), have been analyzed. The best results (both in terms of results and required

resources) were obtained by using the K-means algorithm that is one of the easiest

ones but it is powerful enough for this study.
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K-Means starts with a set of n observations and tries to partition it into k disjoint

subset (the clusters) so that each observation belongs to the cluster with the nearest

mean (that acts as the cluster representative). In this method the desired number

of clusters must be given by the user. There are some modifications of this method

and the most used one is the so called Lloyd algorithm ([19]).

The algorithm is performed in three steps:

• Initialization: starts by stablishing k centroids. This can be done randomly or

by choosing k observations

• Assign data to the clusters: assign each observation to the cluster whose cen-

troid is closer to the observations

• Actualize the centroids: the centroid of each cluster is recomputed as the mean

of the data assigned to this cluster

Repeat this method until the differences between the centroids of each cluster at

the beginning of the iteration and those recalculated at the end are below a given

threshold.

Any clustering process starts with the given set of data C (in our case, C = {E|E

is an EFM of the network }) and ends with a collection of clusters {C1, · · · , Ck}

such that any element of the data belongs to exactly one Ci (that is C =
k
⋃

i=1

Ci and

Ci ∩ Cj = if i ̸= j).

As observed, the number of clusters k is a parameter that must be provided by

the user. To elucidate the best value for k,the WCSS value of the clusters (the

sum of squared distances of data to their closest cluster centroid) must be taken

into account. These values indicates the variance inside each cluster and must be

computed for a wide range of possible values of k. Following [18], the optimal number

of clusters is chosen as the value at which the graph starts to decline much smoothly.

A clustering process is said to be based on reactions if there is a set of reactions

{r1, · · · , rk−1} such that:

• The cluster C1 is determined by r1 in the sense that C1 = {E ∈ C|r1 ∈

supp(E)} or C1 = {E ∈ C|r1 ̸∈supp(E)}. That is, C1 is the set of those EFMs

containing r1 (or those not containing it)

• For any 1 < i < k, the cluster Ci is determined by ri in the following sense.

Take Ci−1 = C\
i−1
⋃

j=1

Cj the set of EFMs not belonging to the first i−1 clusters.

Then Ci = {E ∈ Ci−1|ri ∈ supp(E)} or Ci = {E ∈ Ci−1|ri ̸∈supp(E)}. That

is, Ci is the set of those EFMs not belonging to the first i− 1 clusters and

containing ri (or those not containing it)

For practical purposes a maximum threshold error e must be allowed, that is, for

each i ∈ {1 · · · , k} the percentage of EFMs that are wrongly assigned to the cluster

Ci is below that maximum error e.

3 e coli core as case study

The model we have worked on for this article is e coli core, which has been developed

by the creators of the COBRA package [20] with didactic intention. This model

comes included in the COBRA distribution, and can also be downloaded through

the project ”BiGG Models” [15], some of its properties can also be visualized by
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Figure 1 Histogram of the lengths of the EFMs in e coli core

using the tool ”Escher” [21]. This is an specially useful model as it is very well

defined, allowing us to contrast the techniques and methods used.

Our evaluation platform is equipped with a double socket Cascade Lake Xeon Gold

6238 (44 cores) @ 2,2 GHz with 384 GB of RAM. The system runs on a CentOS

Linux 7.5, running CPLEX ([22]) version 12.10 from IBM and Python 3.6.8 version

from Intel.

3.1 The set of EFMs

The metabolic network e coli core comprises 72 metabolites and 95 reactions.

Its whole set of EFMs can been obtained by using the implementation of EFM-

Tool ([23]) included in the software package CNAPy ([10]). This computation

is performed by using a variation of the Double Description Method ([24]). The

datasets generated and/or analysed during the current study are available in the

http://www.um.es/gacop repository.

This set contains 100274 different EFMs. As it has been previously observed, their

lengths provide an important feature that are closely related to structural properties

of the network. In this case, they range between 2 and 56 and can be visualized in

Figure 1

This histogram shows that EFMs can exhibit very different behaviours, ranging

from those which has almost all the reactions deactivated (as the spurious 2-cycle)

to those having more than half of the reactions activated. This diversity suggests

the classification of the EFMs in families so that, in each family, the associated

EFMs behaves in a similar way.

It is also important to take into account that the participation of each reaction

in the EFMs (that is the proportion of EFMs in which the reaction is active) also

shows a great variation among them. There are reactions that are active in almost

all (for example EX glc D e appears in all the EFMs except the 2-cycle) and others

scarcely appear (reactions ATPM and GLUN are part of only 5616 EFMs, that is,

only the 0.56% of them).

As we will see, this behaviour can be better explained after a clustering process.

3.2 Automatic clustering using K-Means

Let us start by representing any EFM of e coli core as a binary vector indicating

which reactions appear in their supports and apply the K-Means algorithm to this

set. As observed before, K-Means tries to divide the data in a given number k

of clusters and this number must be provided. To do so, the WCSS values of the

obtained clusters have been calculated for values of k ranging between 2 and 39.

Figure 2 shows the evolution of those values against the number of clusters

The optimal number of clusters is the value at which the graph starts to decline

much smoothly. In Figure 2 this number is between 7 and 10. We fix this parameter

as 7 (for k = 8 we have observed that the obtained partition is unstable ([25])).
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[width=85mm]Figure2

Figure 2 Evolution of the WCSS value against the number of clusters

Cluster Classifying reactions Cluster size Mean length Standard
deviation

1 Do not contain RPI 7166 36.1787 4.2130
2 Contains RPI 9507 42.4756 3.6336

Do not contain Biomass

3 Contains RPI and Biomass 14097 48.5909 1.8947
Do not contain EX o2 e

4 Contains RPI, Biomass and EX o2 e 14322 48.1705 1.7989
Do not contain EX for e

5 Contains RPI, Biomass, EX o2 e 27463 49.6053 1.7104
and EX for e
Do not contain EX etoh e

6 Contains RPI, Biomass, EX o2 e, 16871 51.3631 1.6909
EX for e and EX etoh e
Do not contain EX succ e

7 Contains RPI, Biomass, EX o2 e, 10848 51.4378 1.3946
EX for e, EX etoh e and EX succ e

Table 1 Characteristics of the obtained clusters.

For k = 7 we obtain seven clusters that are (approximately) induced by the

reactions RPI, Biomass, EX for e, EX o2 e, EX etoh e and EX succ e (we want

to remark that this list of reactions is a byproduct of the clustering process). The

results for this clustering are summarized in Table 1

The clusters obtained provide a good explanation of the non unimodality of the

distribution that appeared in the lengths histogram of the support: the data can

be decomposed into several subsets (the clusters). Inside each cluster the length

distribution is unimodal. This can be clearly observed in Figure 3

As we advance through the clusters we can see an increase in the mean value for the

length of the EFMs. This is to be expected, as subsequent clusters are conditioned

to include more reactions, so these reactions and their own metabolic blocks are

present more consistently. This is specially interesting considering the “jump” in

the mean value between cluster 1, 2 and 3. A cluster not containing RPI (cluster 1)

is not able to contain any reaction from the Pentose Shunt block of reactions, nor

Biomass is found as it is a reaction dependant on RPI. In the second cluster, where

RPI is always present but Biomass is not, the Pentose Shunt block is always present

in a form or another. However, given the multiple substrates needed for the Biomass

reaction, there is another big jump in value between clusters 2 and 3, given that the

presence of Biomass implies the need for the activation of more metabolic blocks

to fulfill its substrate demand. This increase in mean becomes slower with the later

clusters, as the new reactions included are contained in smaller metabolic blocks

which imply less reactions, and there are alternatives that allow for activation or

deactivation of other metabolic blocks which do not depend on these.

Another phenomena is how the standard deviation seems to become smaller with

each cluster, observing again a big jump between cluster 1, 2 and 3, and lesser

decreases from there on. It is also to be expected due to, as the clusters are more

reaction-constrained with each step, there is lesser room for variability due to the

dependencies between metabolic blocks and reactions becoming more apparent.
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[width=85mm]Figure3.png

Figure 3 The length distribution decomposed once it is decomposed into seven clusters

[width=85mm]Figure4.png

Figure 4 Common behaviour of an EFM in cluster C1

3.3 Biological significance of clusters

The behaviour of the EFMs in distinct clusters is clearly different. This behaviour

can be characterized by the sets of reactions that appear in all the EFMs of the

clusters or do not belong to any of them. This can be observed in Figure 4 showing

the ’common’ behaviour of EFMs belonging to cluster C1. In this figure, the reac-

tions that are active in all the EFMs of the cluster have been highlighted in green

and those appearing in no EFM in red. The remaining ones appear as pale grey.

The complete set of figures for the remaining clusters is available at the GitHub

page of the project (http://www.um.es/gacop).

Let us briefly describe the behaviour of EFMs in each cluster (a more detailed

analysis of the reaction participation can be found in http://www.um.es/gacop).

• Cluster 1 is characterized by the absence of any reaction implied in the Pen-

tose Shunt metabolic block (G6PDH2r, TKT2, TALA, etc...) and a bigger

variability in the presence or absence of other metabolic blocks. This means

that the Glycolisis pathway is always fully active, but the ramifications from

there may vary.

• Cluster 2 is characterized by the activation of the complete Pentose Shunt

metabolic block. As the metabolite “r5p c” cannot be removed by the Biomass

objective reaction (which is always absent in the EFMs of this cluster), the full

metabolic Pentose Shunt (from G6PDH2r to TKT2) must be done to mantain

metabolic equilibrium.

• Cluster 3 is characterised by two phenomena: the permanent inclusion of

Biomass introduces new needs for metabolites previously trivial. Therefore

it implies that a lot of other reactions are implied to be always present, as

the resulting metabolites are implied as substrates for this objective function.

Furthermore, the implied absence of oxygen derivates the need to regenerate

the reduction cofactors (NAD+, NADP+) through fermentation processes.

This is reflected by the increased presence of the reactions implied in these

processes for the EFMs of this cluster.

• Cluster 4 is only characterised by the lower relative presence of all the reac-

tions implied in the fermentation processes, as there has been an impairment

introduced in those methods (formic acid fermentation is impeded) and the

oxygen exchange is always present, so the model responds as in an aerobic

environment.

• Cluster 5 is characterised by a weakened presence of the reactions implied in

the fermentations depending on Pyruvate Deshidrogenase (PDH), which are

the ones that produce ethanol, acetic acid and acetaldehyde. This is due to

the implied absence of alcoholic fermentation and implied presence of formic

acid fermentation.
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Cluster Classifying reactions Cluster size Prop of EFMs containing
Biomass and ethanol

1 Does not contain EX o2 e nor EX pi e 2007 0 %
2 Contains EX pi e 14097 91.32 %

Does not contain EX o2 e

3 Contains EX o2 e and EX pi e 69504 42.40 %
4 Contains EX o2 e and EX nh4 e 2598 0 %

Do not contain EX pi e

5 Contains EX o2 e 12068 0 %
Do not contain EX pi e nor EX etoh e

Table 2 Characteristics of the obtained clusters.

• Cluster 6 implies the presence of alcoholic fermentation and the absence of

the reactions related with the elimination of succinate. This does seem to

result in an increase in the relative appearance of CO2 exchange reactions

and a decrease in the relative appearance of the H2O exchange reactions.

However, the exact meaning of this phenomenon is not easily understood.

Our suspicion is based on the relationship between the exchange of H+ and

succinate through the transport reactions implied. Impairing the ability to

release succinate from the system would impact the balance between those

reactions.

• Cluster 7 implies that all the reactions used to discriminate between clusters

are present. This results in a more constrained system where there are multiple

criteria to accomplish, one way and another, resulting in EFMs of longer

lengths. No particular phenomenon seems to call our attention regarding these

EFMs

3.4 Applying clustering techniques to the study of ethanol production

As a practical example of the usefulness of clustering methods, we can study the

growth-coupled production of ethanol in e coli core. As stated in [26], this coupled-

growth production can be approached by finding constrained cut sets based on the

set of EFMs. These constrained cut sets are sets of reactions that intersects any

EFM in a target set (those EFMs that want to block) while maintaining some EFMs

from another set (those that contains both the Biomass and the desired reaction).

This approach cannot be used when the network has a large number of EFMs, but

can be improved by firstly perform a clustering task to identify what clusters of

EFMs must be blocked.

As a first step, start by using a representation of the EFMs based only on the

exchange reactions that introduce nutrients in the network (that is, those that can

be manipulated by changing the medium). A direct examination of the network

indicates that our network has 18 exchange reactions and 7 of them are reversible.

In order to take into account the direction in which these reactions operate, we have

decoupled our model. Once decoupled, we have 18 exchange reactions, 4 of them

representing the entrance of nutrients.

Following subsection 2.2, each EFM is represented as a binary vector of length 4

indicating the presence or absence of those reactions. After performing a clustering

process, five clusters are obtained that are induced by reactions EX o2 e, EX pi e

and EX nh4 e. They are summarized in Table 2

From table 2, clusters 2 and 3 are identified as representing the possible coupled

production of ethanol in anaerobic and aerobic conditions. If we are interested in the
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anaerobic coupled production of ethanol we should focus in cluster 2. Observe that

EFMs in clusters 1, 4 and 5 do not contain reaction EX pi e that, in our model, is

essential for the presence of the Biomass reaction. So, in presence of Biomass the

only requirement for an EFM to be in cluster 2 is the absence of oxygen.

In cluster 2 there are only 1219 not containing the Biomass or ethanol reactions.

So it is quite easy to find their minimal cut sets by using the Berge algorithm

([27]). We have found 1282 minimal cut sets of length up to 4 in less than 1 minute.

A simple examination shows that 4 of them does not cut at least the 40 % of the

EFMs in that cluster that produce ethanol. Adding the oxygen exchange reaction to

those cut sets we obtain minimal cut sets that ensure a coupled growth production

of ethanol. Those minimal cut sets are {EX co2 e}, {EX ho2 e}, {ATPS4r} and

{ACALDt, PPS,D LACt2, R THD2}.

4 Concluding remarks

Let us finish by highlighting some aspects of these clustering processes

• They are completely automatized. The number of clusters and their com-

position are induced from the data. Even though the K-means algorithm is

not completely deterministic and it is sensible to the ordering of the data,

the results obtained in this case are very stable. Different executions of the

clustering task end with almost the same clusters.

• The list of reactions that should be used for the classification process based

on the presence or absence of reactions are provide, as a byproduct, by the

clustering task.

• The sizes of the clusters obtained in the first process are very well balanced.

Having 100274 EFMs in the set C we should expect sizes around 100274

7
≃

14325. We have obtained clusters of sizes ranging between 7166 and 27463

with most of them between 14000 and 17000

• In this first classification, apart from the reaction RPI, the classification is

done according to reactions that are exchange reactions or the Biomass reac-

tion.

• The method is flexible enough to admit clustering processes based on different

chosen representation. So, as shown, it can be used for different purposes as

the analysis of structural properties or the search of minimal cut sets to ensure

the couple productions of certain desired metabolites.

5 Conclusions and future work

As stated in the introduction, the set of EFMs of a networks is an important tool

in Constraint Based Modeling techniques. Even in the cases in which it is possible

to compute the whole set of EFMs, it is difficult to interpret this set due to its high

cardinality

In this paper we have proposed a method that allows for the classification of these

EFMs in families or clusters and showed how this decomposition easily explain

the behaviour of properties such as the lengths of the EFMs. Furthermore, EFMs

belonging to the same cluster tend to show similar behaviours in terms of the

reactions involved in them.
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The final classification (apart from small errors) have a clear biological meaning

because it is based on properties such as the absence or presence of certain important

reactions. These reactions can be found in a completely automatized way.

Clearly, methods based in the study of the biological importance of the reactions

can only be used in small networks in which a previous work of analyzing the relative

significance of the reactions have been done. So, we think that our method is best

suited to tackle the study of the EFMs of more complicated networks.

As future work, we plan to extend this study to other small to medium size

networks in which the whole set of EFMs can be computed. Even if this set can not

be completely calculated, there are several proposed methods to compute a subset

of it (see [28] or [29]) and our methods can be easily applied to these cases. We

expect that these clustering methods allow us for a better understanding of the

structural properties of the networks under study.
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Figures

Figure 1

Histogram of the lengths of the EFMs in e coli core

Figure 2

Evolution of the WCSS value against the number of clusters



Figure 3

The length distribution decomposed once it is decomposed into seven clusters



Figure 4

Common behaviour of an EFM in cluster C1


