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The malarial parasite Plasmodium falciparum infects humans and proliferates rapidly inside the host before its
detection. The proliferation step requires a large amount of lipids for membrane synthesis. Thus fatty acid
biosynthesis occurring in the apicoplast plays an important role in causing cerebral malaria. In this study, we
explored and analyzed these pathways using stoichiometric matrix, elementary flux modes and robustness
analysis. Based on the above analysis, the robustness of this pathway diminished as the result of virtual enzyme
knock out indicating four key enzymes, 3-oxoacyl-ACP synthase, 3-oxoacyl-ACP synthase, 3-oxoacyl-ACP
synthase and Glycerol-3-phosphate o-acyl transferase. Among the four, the first three are existing drug targets.
Subsequently, we also found that a combinatorial double knock out of these enzymes predicts further reduction in
overall pathway enzyme activity. Thus, we propose multi drug targeting as a better way to treat brain malaria.

INTRODUCTION

Malaria is a vector-borne infectious disease caused by
the Plasmodium species. Out of the four types of the Plasmodium
parasites that can affect humans, Plasmodium falciparum and
Plasmodium vivax are the most dangerous (Das et al., 2009) The
other species that can also affect humans are Plasmodium ovale
and Plasmodium malariae. These malaria parasites have a
complicated life cycle, requiring both a human and a mosquito
host, and differentiating multiple times during the transmission
process (Aly et al., 2009). The growing parasite requires large
amount of lipids for the increase in the parasite surface area and
the internal membranes. Also, the parasite is incapable of
synthesizing these fatty acids de novo and is restricted to obtain
them from the host. This makes the lipid metabolism pathway as
a preferred drug target (Ben er al., 2010). However, certain
enzymes associated with the type II fatty acid synthesis have
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been identified in the apicoplast of the parasite. An apicoplast is a
non-photosynthetic plastid. It is mostly of red alga origin. The
apicoplast has four membranes, and a small cellular genome which
codes for the enzymes present in it. This genome is related to algal
plastid genome. An important feature of the apicoplast is that it
interacts with the environment to import and export many
molecules (Lim and McFadden, 2010). The organelle is mostly
associated with the biosynthesis of fatty acid, isoprenoid
precursors and heme. The parasite is absolutely dependent on this
organelle. Most importantly, the cyanobacterial heritage of
apicoplast implies that most of its enzymes are different from the
mammalian host’s equivalents and thus these enzymes can be
treated as potential drug targets (Ralph et al., 2004). The apicoplast
apparently imports trioses that are either converted into fatty acids
or isoprenoid precursors. The apicoplast imports phosphoenol
pyruvate (PEP) by phosphoenol pyruvate/ phosphate translocator
(PPT). This PEP then becomes the source of carbon and
energy for the apicoplast, and also serves as the starting material
for the fatty acid biosynthesis. The PEP taken up by the
apicoplast is converted to acetyl-CoA through the action
of the various enzymes as shown. Acetyl-CoA and pyruvate
are the main carbon substrate for fatty acid synthesis in this case.
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The enzymatic activity of the pyruvate dehydreogenase
complex involves three co-factors—lipoic acid, thiamine
pyrophosphate (TPP) and coenzyme A (CoA) (Ralph et al., 2004).
The conversion of acetyl CoA to malonyl-CoA is the first
committed step of the pathway and is also considered as the rate
limiting step. Both acetyl-CoA and malonyl-CoA are substrates for
type II fatty acid synthase (FAS). The various FAS enzymes
characterized in this pathway are- Malonyl-CoA transacylase
(FabD), B-ketoacyl-ACP synthase III (FabH), Enoyl-ACP
reductase (Fabl), B-ketoacyl-ACP reductase (FabG), B-
hydroxyacyl-ACP dehydratase (FabZ) and B-ketoacyl-ACP
synthase I/Il (FabB/F). FabH functions in initiation, FabB and
FabF function in elongation. These are isoforms of the same
enzyme and differ in their biochemical properties (Waller et al.,
2003). The three major products of the pathway are palmitate,
palmitoyl-CoA and diacyl-glycerol-3-phosphate. These
compounds are released from here and enter various other
metabolic pathways that help in the development of the parasite.
For example, palmitoyl-CoA enters the GPI anchorage
biosynthesis and plays a major role in the formation of the GPI
protein. Both palmitate and diacyl-glycerol-3-phosphate enter
phosphatidyl serine metabolism. These are important pathways for
the parasite development and the inhibition of the fatty acid
biosynthesis will result in the overall inhibition of the parasite
(Qidwai and Khan, 2012).

The stable functioning of the living being is dependent
on the metabolic pathways. This creates a connection between the
various metabolites and their functions. The metabolic pathways
are basically of two types- anabolic pathways and catabolic
pathways. Study of the metabolic networks can give us a fair idea
about the actual process going on inside any given cell or tissue. It
gives us information about the various metabolites involved along
with their status as the substrate or the product. This study has
become relatively easier since the genomic era (Papin et al., 2003).
Along with that, the growth in the information technology has
given rise to the development of various tools which can analyze
and interpret any pathway in ways that would be hard to achieve
and very expensive in wet lab experiments. Metabolic pathway
analysis is used to define the structure and the functional
capabilities of the organism. It uses flux balance analysis
(Kauffman er al, 2003), stoichiometric analysis and the
reversibility status of the reactions involved to analyze the
pathway. This analysis can be used to determine the path of an
infection, find drug targets, study the effectiveness of the drug
targets, increase or decrease the production of certain metabolite to
combat the disease at molecular level.

MATERIALS AND METHODS

Metabolic pathway data

Apicoplast is a plastid-like organelle
Apicomplexan parasites. The de-novo fatty acid biosynthesis
pathway present in apicoplast shows great potential as target for
small molecule inhibitors in standalone and combination therapy.

found in

The apicomplexan cellular mechanisms are likely to be similar in
most parasites but their metabolic machinery depends on specific
environmental conditions they adapt to. We have obtained the fatty
acid biosynthesis taking place in the apicoplast of the Plasmodium
falciparum  from Malaria Parasite Metabolic Pathways
(http://mpmp.huji.ac.il/). This pathway includes 42 metabolites
and 30 reactions.

Metatool
For Studying Metabolic Networks

The stoichiometric and thermodynamic feasibility of the
pathway has to be tested to reconstruct a metabolic network from
biochemical data. This is achieved by characterizing admissible
region of flux distribution in steady state in which intermediate or
internal metabolites are balanced. We define enzymes subsets to
be group of enzymes that operate together in fixed flux proportions
in all steady states of the system. METATOOL is a novel
computer program in which algorithms for calculating convex
basis, stoichiometric matrix and enzyme subsets are implemented
(Pfeiffer et al., 1999).

Yet Another Network Analyzer (YANA)

YANA features a platform-independent, dedicated
toolbox for metabolic networks with a graphical user interface to
calculate (integrating METATOOL), edit (including support for
the SBML format), visualize, centralize, and compare elementary
flux modes. Further, YANA calculates expected flux distributions
for a given Elementary Mode (EM) activity pattern and vice versa.
As data are noisy, YANA features a fast evolutionary algorithm
(EA) for the prediction of EM activities with minimum error,
including alerts for inconsistent experimental data (Schwarz et al.,
2005).

EMA is an algorithm that systematically enumerates all
possibilities how enzymes can operate together without violating
the steady state condition of the system. Using EMA, complex
networks can be analyzed in terms of contained pathways,
robustness, central enzymes, medical targets, optimum yield and
effector compounds, such as signaling phospholipids, with
interesting applications in medicine and biotechnology (Gerst et
al., 2015). YANA offers and implements strategies to reduce
network complexity. YANA also involves a dissection algorithm,
a centralization algorithm and an average diameter routine which
are used to simplify and analyze complex networks.
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YANA offers the possibility to compute flux

distributions both in absolute (ignoring reaction directions) and
relative values. This is done by iterating over all calculated modes,
and summing the absolute (eq.1) or relative (eq. 2) flux
coefficients of each enzyme multiplied with the activity of the EM.



Pradhan et al. / Journal of Applied Pharmaceutical Science 5 (10); 2015: 107-112 109

Fig. 1: Stoichiometric matrix of Fatty acid pathway.

RESULTS AND DISCUSSION

Apart from using the host lipids source, parasites like
plasmodium are competent enough to synthesize lipid de-novo
from simple metabolites. One of the important rate limiting steps
in the pathway is the Acetyl-CoA Carboxylase reaction which
catalyses the first committed step of the pathway, i.e. formation of
Malonyl-CoA. However, it cannot be preferred as a malarial target
due to its genome homology with humans. The apicoplast FAS II
is dramatically different from the animal FAS I, both in overall
structure and in the sequence of individual functional domains,
greatly increasing the chances of successful development of
specific inhibitors. These FAS II enzymes are taxonomically
related to algal enzymes so they can be preferred targets (Gornicki
2003). The co-efficient of fatty acid pathway reactions was shown
in a simplified representation through stoichiometric matrix in
Fig.1. Here, the metabolites are displayed as row and enzymes as
columns in the matrix.

Elementary mode analysis
Elementary modes are minimal set of enzymes that could
operate at steady state with all irreversible reactions proceeding in

the appropriate direction. Robustness of the pathway is its
capability to function in presence of external and internal
perturbations.

These tools can be used to carry out enzyme knockout
analysis and compare the flux distribution values of each knockout
with the normal case. This information can be used to find the
effect of each enzyme on the pathway and thus recognize a
possible drug target. Calculating flux distributions from a given
theoretical set of EM activities is important e.g. to estimate the
relevance of an enzyme in a metabolic network , but it would be a
desirable goal if one could somehow measure flux distributions in
living cells and map them onto the EM activities . It would then be
possible to take an experimental snapshot of the system and from
it derive actual pathway activities (Schwarz et al., 2005). EMA is a
useful metabolic pathway analysis tool to identify the structure of
a metabolic network that links the cellular phenotype to the
corresponding genotype. EMA helps in analyzing metabolic
network properties like structure, robustness, fragility and
regulation of the network. The activity, Flux sum, path length
along with the individual EFM was shown in numbers with 100%
activity in Fig 2.
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wt] Activity | Flux sum| Reversible?| Pathlength| Reactions
1/100% | 2l M 2|(1 aGlyTrans) (-1 glyPTrans)
2/100 % 1 1/(1 hyAcpDehydra)
3100 % 2 2|1 dilipoDehy) (1 glyPDehy)
~4l100% 1| O 1/(1 bioCan
5100 % 2 (| 2|(-1 coaLig) (1 palCon)
6/100 % 1 O 1|(1 pyDehy)
7100 % 1 | 1{(1 palCoaCon)
8100 % 3 | 3|(1 carAn) (1 dilipoTrans) (1 fatSyn1)
91100 % 1 ™| 1((1 glyin)
10/100 % 1 | 1/(1 dGlyCon)
11/100 % 1 [ 1|(1 acoaCar2)
12100 % 7 = 7|(1 acoaCar) (-1 aGlyTrans) (1 coalig) (1 dilipoDehy) (-1 enoAcpRed) (1 fatSyn) (-1 oxoAcp!
131100% 7l 7|t acoaCan (1 coalig) (1 dilipoDehy) (-1 enoAcpRed) (1 fatSyn) (-1 gyPTrans) (1 oxoAcpé
14100 % 7 7|1 acoaCar) (-1 aGlyTrans) (1 coaLig) (-1 enoAcpRed) (1 fatSyn) (1 glyPDehy) (-1 ox0ACpS)
151100 % 7 = 7/(1 acoaCar) (1 coalig) (-1 enoAcpRed) (1 fatSyn) (1 giyPDehy) (-1 glyPTrans) (-1 oxoAcpSy
16/100 % 7 O 7|(1 acoaCar) (-1 aGlyTrans) (1 dilipoDehy) (-1 enoAcpRed) (1 fatSyn) (-1 oxoAcpSyn) (1 palt
17100 % 7 O 7|(1 acoaCar) (1 dilipoDehy) (-1 enoAcpRed) (1 fatSyn) (-1 glyPTrans) (-1 oxeAcpSyn) (1 pal(
18/100 % (3 | 7|(1 acoaCar) (-1 aGlyTrans) (-1 enoAcpRed) (1 fatSyn) (1 alyPDehy) (-1 oxoAcpSyn) (1 palC
19/100 % 7 (| 7|(1 acoaCar) (-1 enoAcpRed) (1 fatSyn) (1 glyPDehy) (-1 glyPTrans) (-1 oxoAcpSyn) (1 palCi
201100 % 3 ] 3|(-1 dilipoTrans) (-1 fatSyn1) (1 pyDehyE1)
21100 % 2 .| 2|(1 carAn) (1 pyDehyE1)
22/100% 1 []' 1 (1 pepTrans)

231100 % 8| o "6/(-1 dilipaDehy) (1 dilipoTrans) (1 enoAcpRed) (1 fatSyn1) (1 oxoacySyn) (-1 oxoSynFatSyn)
"i:t ‘-IB'(—)A;/; g () 9|(1 acoaCar) (-1 aGlyTrans) (1 coal_:;) (1 dilipoTrans) (1 fatSyn) (1 fatSyn1) (-1 ooncpS%-
25/100 % 9 | 9((1 acoaCar) (1 coalig) (1 dilipoTrans) (1 fatSyn) (1 fatSyn1) (-1 glyPTrans) (-1 oxoAcpSyn)
26100 % 9 (| 9|(1 acoaCar) (-1 aGlyTrans) (1 dilipoTrans) (1 fatSyn) (1 fatSyn1) (-1 oxeAcpSyn) (1 oxoacyS
Fig. 2: EFMs of the fatty acid biosynthesis with 100% efficiency.
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Fig. 3: Flux distribution with enzyme activities.
EFM Normal Case the blue ones are internal metabolites. The length of the shortest

The EFMs was obtained by using Metatool with YANA
square as front end. Fig. 3 indicates the normal case enzymes
behavior.

The graphical representation of EFM activity number 23
with a path length of 6 was shown in Fig.4 depict the various
reactions involved. These reactions are the essential ones which
determine the functioning of the pathway. The distance graph also
shows how close the metabolites of a given EFM are to each other.
The yellow boxes depict the reaction nodes and are denoted by the
enzyme names. The balls depict the connection nodes and are
denoted by metabolites. The red balls are external metabolites and

path between two reactions is considered as the measure of the
functional ~distance. The EMFs shown here contain
metabolites and enzymes which are used further in knockout
analysis.

CASE-1: Key Enzyme Knock out (individual)

After studying the various EFMs, we concluded some of
the essential enzymes of the pathway. These enzymes were then
knocked out one by one and the resulting flux distribution graph
and values were noted. These values gave a fair idea of the
effect of each enzyme on the overall functioning of the pathway.
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Fig.4: Path length graph for EFM number 23.
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Fig. 5: Flux values for Normal case vs. individual enzyme knockout cases.
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Fig. 6: Flux values for Normal case vs. double enzyme knockout cases.

The enzymes studied were 3-oxoacyl-ACP synthase (oxoacpSyn),
3-oxoacyl-ACP synthase fatty acid synthase (oxoSynFatSyn,
oxoacySyn), enoyl-ACP reductase (enoAcpRed), glycerol-3-
phosphate o-acyl transferase (glypTrans) and 3-hydroxyacylACP
dehydratase (hyAcpDehydra). The flux distribution chart for the
100 % activity (Normal case) of the network is compared with the
flux distribution values after each enzyme knockout case (Fig. 5).

CASE- 2: Multiple Enzyme Knockout case
In this scenario, we knocked out a combination of two
enzymes at the same time. This resulted in further variation of the

flux distribution values, showing that multi-enzyme knock out
gave relatively better results than single enzyme knock out cases
with overall reduction in flux flow (Fig.6).

Fatty Acid Pathway Robustness Report

The robustness of the fatty acid biosynthesis pathway
was obtained from YANA square in the Analysis Mode. This
value shows good capability of the pathway to adjust to external
and internal perturbations. The robustness was studied for the
various knockout cases. This value was used to conclude the most
effective knockout case for controlling this key pathway. Along
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with the robustness, we also obtain average modes loss and
average production loss values as shown in Table.1.

Table 1: Robustness percentage in different knockout cases.

Avg Avg
Knockout cases production Robustn modes

loss ©ss lost
glyPTrans 041 outof 13 96.82% 541
oxoAcpSyn 0.28 outof 12 97.7% 1.83
oxoacySyn 041 outof 12 98.85% 5.76
oxoSynFatSyn 0.79 outof 13 93.9% 3.34
enoAcpRed 0.1 out of 13 99.2% 3.34
hyAcpDehydra 0.66 outof 13 94.96% 9.1
oxoAcpSyn + oxoSynFatSyn 046 0outof 11  95.8% 1.04
oxoSynFatSyn + hyAcpDehydra 0.82 outof 13 93.68% 343
oxoAcpSyn + oxoacySyn 0.86 outof 13 93.41% 1.25
oxoSynFatSyn +glyPTrans 0.86 outof 13 93.41% 2.18

In case of 100% enzyme activity, the robustness of the
pathway is 95.38%. During the knock- out of oxoSynFatSyn
enzyme, the robustness reduces to 93.9% whereas during the
knockout of enoAcpRed it increases to 99.2%. In case of multiple
enzyme knockouts, the robustness shows further reduction sliding
down to 93.41%. This has occurred in case of oxoAcpSyn with
oxoacySyn and oxoSynFatSyn with glyPTrans double knock-out.
This shows that the pathway is very robust in general. However,
targeting multiple enzymes would reduce the overall flux and
robustness resulting in more effectiveness in controlling this
pathway.

CONCLUSION

The topological analysis of fatty acid biosynthesis
occurring in apicoplast of Plasmodium falciparum was done using
the elementary flux modes which act as a parameter for enzyme
knockout cases. This analysis also uses flux distribution values and
the comparison between the normal and the knocked out cases.
Robustness of the pathway is the main parameter considered here
for finding the effect of the knocked out enzymes on the
biochemical pathway. These enzymes can be potential drug targets
and can be used to treat cerebral malaria. We have concluded that
knocking out multiple enzymes at the same time has more effect
on reducing the robustness of the pathway. From this we conclude
that, knocking out oxoAcpSyn(3-oxoacyl-ACP synthase) with
oxoacySyn(3-oxoacyl-ACP  synthase) and oxoSynFatSyn(3-
oxoacyl-ACP synthase) with glyPTrans(Glycerol-3-phosphate o-
acyl transferase) results in the pathway showing minimal
robustness. Out of the above mentioned four enzymes, the first

three are established drug targets. Nonetheless, their effect on
stopping the fatty acid synthesis would be better when they are
combined together than when they are knocked out (inhibited)
alone. Thus, we propose multi drug targeting of these identified
targets as a better way to treat brain malaria.
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