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A B S T R A C T   

The exponentially depleting fossil fuel reserves has led to the growth of lipids being used as an alternate potential 
feedstock, derived from varied sources, including plants, animals and microbes. In comparison to plant and 
animal sources, microbial sources can generate higher fractions of polyunsaturated fatty acids but their 
extraction is not industrially feasible or economical. Although statistical optimization techniques have enhanced 
lipid accumulation, these aren’t sufficient to compete on a commercial scale. Advances in genetic engineering 
and systems biology tools have helped us get a better insight of the complex pathways involved, hence has a more 
directed and definite approach. This review discusses about the recent advances in microbial lipid accumulation, 
focusing on the metabolic engineering strategies.   

1. Introduction 

Lipids are a diverse group of organic compounds which serve 
important functions such as storage of metabolic energy, constructing 
the membrane structure, protecting the organism against dehydration 
and pathogens, local hormone regulation and intracellular signaling to 
name a few (Muro et al., 2014). The ability of lipids to store metabolic 
energy has been exploited in the recent years and considerable progress 
has been made in terms of their utilization. Lipids derived from plant 
and animal sources are being extensively used as an alternative feed
stock to replace conventional fossil fuels in many industrial processes 
and also as transport fuel (Mujeeb et al., 2016). However, the oil yield of 
common oil crops is very poor, often roughly less than 5% of their 
biomass (Chhetri et al., 2008). These crops are usually cultivated sepa
rately from other food crops; hence the need for fertile land leads to a 
competition (Gallagher, 2008). Recovered animal lipids which are 
derived from waste oils are also limited and cannot meet the high de
mands as an alternative source of fuel (Martins et al., 2010). Another 
important disadvantage seen in case of fuel production from animal and 
plant source is the extraction of the fuel via suitable solvents. If glycerol 
is to be extracted using methanol and then distilled, there might be a 
chance of glycerol being removed earlier from the system. In that case, 
the recovery rate of glycerol is limited and for purification purpose 
another step of distillation must be included which leads to increase in 
production cost (Ma et al., 1998). 

Microorganisms on the other hand can accumulate neutral lipids 

having fatty acid composition similar to vegetable oil, under specific 
cultivation conditions, which may constitute up to 70% of their biomass 
(Guerzoni et al., 1985). They require a limited space for their cultiva
tion, can be cultivated under controlled conditions (not dependent on 
external factors like weather or soil condition), can be cultivated on a 
variety of inexpensive substrates, short generation time, can be easily 
grown in bioreactors, rapid growth rates and easier to scale up (Li et al., 
2008). Thus microbial lipids can be a potential alternative to replace or 
reduce dependency on petro-based hydrocarbon sources and may be 
able to generate sufficient lipids without compromising yield of food 
crops. However, the fermentation and extraction cost of lipids from 
microbial sources is not economically feasible at an industrial scale 
(Yousuf et al., 2010). Furthermore, the quantity of lipid obtained from 
microbial sources is less, compared to animal and plant sources. 

These technical constraints have led to the development of various 
approaches to enhance the yield and to relatively cut down the cost of 
production. These approaches include identifying candidate strain with 
high lipid content, statistically optimizing culture conditions for the 
selected strains and genetically modifying their metabolic pathways. 
However, the initial approaches mentioned, alone cannot give a turn
over over a specific rate and applying metabolic engineering ap
proaches, further enhances the productivity of the oleaginous 
microorganism. The primary aim of the metabolic engineering approach 
is to restrict the production of by-products, which interfere with the 
process of extraction or inhibit the accumulation of lipids and to increase 
the accumulation of lipids by overexpression of enzymes or multiple 
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genes (Marella et al., 2018). This review gives an overview of the various 
strategies used over the years to enhance lipid productivity and analyses 
the need of metabolic engineering approaches (Fig. 1). 

1.1. Strain selection and culture conditions 

The first step of optimization is to identify and select the candidate 
strains. The desirable characteristics of selection are summarized in 
Table 1. 

Mostly marine microalgae and yeasts have been extensively studied 
for lipid production, largely being utilized for biodiesel production. 
Oleaginous yeasts have exceptional lipid accumulation capabilities and 
have wide-ranging adaptabilities to various substrates (Xu et al., 2016; 
Chang et al., 2015). On the other hand, marine microalgae, can be easily 
cultivated with water which is otherwise unsuitable for human use like 
salt water and waste water (Wahlen et al., 2013). The extreme condi
tions also reduce the chances of contamination (Amaro et al., 2011). 

2. Statistical methods 

The selection of a candidate strain is aided by a wide range of opti
mization techniques ranging from one variable at a time to statistical 
techniques like Plackett-Burman Design. These techniques help in 
maximizing the yield further. An overview of the most widely used 
mathematical and statistical optimization methods are discussed below. 

2.1. One variable at a time (OVAT) 

This is a classical optimization technique, wherein only one param
eter is varied over a period of time, while keeping the other factors 
constant. The ease of this technique helps scientists to design the me
dium composition during the initial stages, if the metabolite to be 

Fig. 1. Strategies used to enhance lipid production.  

Table 1  

Characteristics Advantages Reference 

Low nutritional needs Can be grown on residual 
organic matters 

Bull et al. (1979) 

Optimum temperature 
of organism above 
40 �C 

Reduces cooling costs of 
industrial fermenters 

Bull et al. (1979) 

Genetic Stability Ensures consistent production Bull et al. (1979) 
Rapid growth rate Gives the strain competitive 

edge; reduces required culture 
area; ensures high biomass 
productivity 

(Borowitzka, 1992)( 
Griffiths and 
Harrison, 2009)  

Poor response to 
variation in growth 
environment 

Reduces contamination; minimal 
control required over culture 
conditions 

Borowitzka 
(1992) 

Shear force tolerant Cheaper pumping and agitation 
methods can be employed 

Borowitzka 
(1992) 

Ease of biomass 
harvesting 

Reduces cost of extraction and further 
processing 

Amaro et al. 
(2011) 

High lipid quantity and 
quality 

High Lipid quantity is desirable; 
quality can be compromised 
depending on industrial needs and 
cost of production 

Amaro et al. 
(2011)  
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produced or its source is new (Singh et al., 2017). Although being a 
relatively simple method, OVAT fails to study the interactions between 
different variables and is a very costly and time-consuming approach 
when the number of parameters is large enough. Thus, a statistical 
approach is needed to reduce the number of trials. 

2.2. Plackett-Burman Design 

This design helps us determine the significance of the quantitative or 
qualitative alterations of the variables in the system. It is usually used 
when there are more than five independent variables to be examined. 
Thus helps us to identify the important variables or factors in the system 
that affects the output (lipid productivity in this case) and helps us to 
rank them according to the order of importance. In this technique X-1 
variables can be evaluated against X variables where X is a multiple of 4. 

Zhao et al. tried optimizing the medium conditions based on the 
design by selecting oleaginous yeast Lipomyces starkeyi. This design 
helped him shortlist 4 significant variables out of the 9 variables studied, 
the variables being mixed sugar, yeast extract, FeSO4 and MgSO4. Thus 
the next step was to determine the optimum level of each important 
variable. 

2.3. Response surface technique 

The second step is to study the effects of these factors on dependent 
variables or response. The experiments are designed to run at specific 
factor values called levels. Thus the objective is to optimize the output 
variable (response) being influenced by the independent input variables 
(levels). The input variables are changed accordingly in order to identify 
the reason for changes in the outer response and to optimize the same 
(Bezerra et al., 2008). 

2.3.1. Box- Behnken design (BBD) 
This design requires atleast 3 factors and is highly efficient in esti

mating second order responses. The primary advantage of using BBD is 
that it doesn’t contain combinations wherein all the input variables are 
at their highest or lowest levels simultaneously. Its main drawback is 
that it lacks an embedded factorial or factorial design making it un
suitable for sequential experiments (Ferreira et al., 2007). 

Zhao et al. carried out a design with 3 factors and 3 levels to optimize 
the media composition for lipid production by oleaginous yeast Lip
omyces starkeyi. The result indicated that the optimum medium 
composition through co-fermentation of xylose and glucose is 73.9 g/L 
of mixed sugar, 7.9 g/L of yeast extract and 4 mg/L of FeSO4. Thus ac
cording to the design these conditions would most likely give the best 
response yielding maximum lipid productivity of 61%, which represents 
a 2.03 and 1.59 fold increase in lipid and cellular lipid contents (Zhao 
et al., 2008). 

2.3.2. Central composite design (CCD) 
This is the most commonly used response surface design. This design 

helps in optimizing the overall desirability of multiple variables. Unlike 
Box-Behnken design this design includes embedded factorial design thus 
useful for sequential experiments (Gilmour, 2006). 

Areesirisuk et al. carried out a CCD to find a relationship between 
production efficiency and cultivation process using oleaginous yeast 
Pseudozyma sp. Glucose proved to be a key substrate affecting the cell 
growth and hence lipid production. Nitrogen was also an important 
factor as its deficiency affected the protein metabolism and induced lipid 
production. It was also reported that the increasing concentration of 
KH2PO4 had a negative impact on lipid productivity (Areesirisuk et al., 
2015). 

2.3.3. Taguchi design 
This design utilizes mixed-level fractional factorial design and is 

generally applied for large screenings. This design is often referred to as 

“offline quality control” as it ensures good productivity in the design 
stage of the process. The main advantage of this design is that the 
outcome of lot of experiments can be evaluated without actually con
ducting them (Kumar et al., 2000). This design is based on two ideas: 

2.3.3.1. Primary design. The aim of this design is to make the process 
less variable with respect to the variations over which we have little or 
no control. Thus the primary step is to divide the factors into categories; 
inner factors- factors which can be controlled or modified and outer 
factors- which can’t be modified as such. 

2.3.3.2. Tolerance design. This design decides how or when to specify 
tightened tolerances for a process to enhance the productivity. In other 
words it helps us in identifying the critical components to be targeted 
when tolerances are tightened. Thus helps us in focusing the resources to 
reduce and control the variation (Zhang et al., 2007). 

Enshaeieh et al. carried out a Taguchi design using oleaginous yeast 
C.albidus based on these parameters- Glucose and nitrogen concentra
tions, pH, agitation rate, time and temperature of incubation. Glucose, 
pH and time each have 4 levels, Nitrogen having 3, and time and tem
perature each having 2 levels. The analysis showed that temperature, 
time of incubation, glucose and nitrogen concentration had significant 
effect on lipid production when compared to pH and rpm. The optimum 
conditions yielded lipid content of 60.1% as predicted by the Taguchi 
design (Enshaeieh et al., 2014). 

3. Metabolic engineering 

The metabolic network present inside a cell is complex-regulated via 
various enzymes which catalyze the individual reactions. However, 
these natural networks need to be optimized for industrial applications. 
Metabolic engineering is a tool used to rewire or reconfigure the internal 
metabolic network of a cell so that it can enhance cellular performance 
either by enzymatic manipulation or changing the transport and regu
latory pathways inside a cell (Nielsen, 2001, 1998; Nielsen and Keasling, 
2016). From time immemorial, the genetic makeup of a microbial cell 
has been changed for enhanced performance via random mutagenesis. 
However employing mutagenesis does not give us control over the 
manipulation and further fails to inform us about the point of mutation 
which is giving rise to the enhanced performance. Due to this reason 
metabolic engineering has been employed and has been exploited 
considerably to make known the changes inside the cell in a calculated 
way so as to have control on these microbial bioreactors (Bailey, 1991; 
Stephanopoulos et al., 1998). 

The process of metabolic engineering follows a generalized route for 
any product enhancement process (Voll and B€ornke, 2010). The first 
step is to create the stoichiometric matrix. This is done to theoretically 
calculate the amount of production of metabolic intermediates or 
products that cannot be practically determined. This approach helps to 
complement the empirical approach of metabolic quantification where 
the latter fails. The stoichiometry of the system can be represented as in 
Eq. (1). 

XN

i¼1
Aji:Siþ

XM

i¼1
Bji:Piþ

XP

i¼1
Cji:Iiþ

XQ

i¼1
Dji:Xi ¼ 0 (1)  

Here ‘i’ refers to the ith substrate (S), product (P), intracellular inter
mediate (I) or biomass constituent (X) in the jth reaction. A, B, C and D 
are the stoichiometric matrices respectively. 

The second step involves calculating and analyzing the metabolic 
flux; also referred to as metabolic flux analysis (MFA). This step helps 
elucidate how fast the various metabolites are forming or getting 
transformed to another form inside the metabolic network. However 
before proceeding for manipulation it is important to understand 
whether the system is determined, underdetermined or overdetermined. 
Studies have shown that for a metabolic pathway of considerable 
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complexity, the system is generally underdetermined. In that case the 
unknown fluxes are expressed in terms of fluxes of metabolites which 
can be assayed or determined. Flux analysis makes use of the matrix 
model where the transpose of stoichiometric matrix (D) is multiplied by 
the known fluxes (v) as shown in equation (2).  

DTv ¼ 0                                                                                         (2) 

Just knowing the flux of the individual metabolites is futile when it 
comes to cellular manipulation. The control points of these networks 
need to be analyzed in order to understand the exact points of control. 
This is referred to as metabolic control analysis (MCA). MCA addition
ally enables us to understand individual enzymes exact a control over 
the entire metabolic process (Stephanopoulos, 1999; Woolston et al., 
2013). 

Metabolism inside any cell follows the bow-tie model, where cata
bolic and anabolic processes happen one after the other (Backman et al., 
2018). The catabolic processes, lead to the formation of a linking agent 
(also referred to as the 12 precursors) between the two subdivisions of 
metabolism, hence the model narrows down at this point. Anabolism 
leads to a diverging process which opens up from this narrowed down 
area to give rise to metabolites, intercellular intermediates and biomass 
constituents. The 12 precursors are, glucose-6-phophate, 

fructose-6-phosphate, ribose-5-phosphate, erythrose-4-phosphate, 
glyceraldehyde-3-phosphate, 3-phosphoaglycerate, phosphoenol pyru
vate, pyruvate, acetyl coA, 2-oxoglutarate, succinyl coA and 
oxaloacetate. 

3.1. Metabolic engineering and lipid biosynthesis 

Metabolic engineering in order to enhance lipid production has been 
an evolving field for quite some time now. Before we understand the 
metabolic engineering strategies implemented, it is important to un
derstand some of the pathways which lead to inherent lipid synthesis 
inside a cell. 

One of the anabolic pathways used for lipid production is de novo 
fatty acid biosynthesis (Fig. 2). The pathways precursor molecule is 
acetyl coA which after carboxylation and a cyclic series of elongation 
process leads to the synthesis of different fatty acyl coAs having different 
carbon lengths (C14, C16, C18 etc.). The fatty acetyl coAs then get 
transformed to various lipids such as steryl ethers and triglycerides. 

Almost all metabolic engineering strategies that have been employed 
till date usually start from overexpressing the desired pathway genes 
which are usually followed by knocking out competing pathways that 
drain precursors, products or cofactors (Liao et al., 2016). Other 

Fig. 2. de novo Fatty Acid Synthesis.  
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favorable strategies include constructing a new pathway for precursor 
supply (Martin et al., 2003), circumventing or deleting the native reg
ulatory loops (Nielsen et al., 2009; Choi and Lee, 2013), constructing an 
artificial regulatory circuit (Farmer and Liao, 2000; Zhang et al., 2012), 
global mutation and selection strategies (Caspeta et al., 2014; Alper 
et al., 2006). Singling out the driving force for the pathway flux helps in 
indentifying the useful strategies for increasing production (Angermayr 
et al., 2015; Shen et al., 2011). In order to be an efficient metabolic 
pathway, they need to be driven by both kinetic and thermodynamic 
driving forces, which can further be manipulated through the size of the 
metabolite or cofactor pool. The following metabolic engineering ap
proaches have been thoroughly used for enhanced lipid synthesis. 

3.1.1. Genetic engineering 
This is a commonly used method for the implementation of meta

bolic engineering. Understanding the genes required for the production 
of lipids inside a system and overexpressing them via recombinant DNA 
technology is an efficient method of increasing lipid production by the 
microbial cell. Kang et al. increased the lipid production in Nanno
chloropsis salina by expressing AtWRI1 transcription factor (obtained 
from Arabidopsis thaliana) (Kang et al., 2017). This transcription factor 
controls Wrinkled 1 (WRI1) which is an important regulator of lipid 
accumulation in the seeds of Arabidopsis. WRI1 in turn regulates fatty 
acid biosynthetic genes. On inserting the gene into the microalgae the 
lipid production was found to be increased by 36.5% in normal condi
tions and 44.7% under osmotic stress. Thaps3_264297 is a multifunc
tional lipase/phospholipase and acetyltransferase. Trentacoste et al. 
showed that by introduction of an antisense strand increased lipid pro
duction without affecting growth in diatom Thalassiosira pseudonana 
(Trentacoste et al., 2013). In this case the lipid catabolism was disrupted 
which led to increased lipid accumulation which could be extracted for 
specific purposes. Knockdown of the above gene resulted in disruption of 
the de novo pathway of lipid synthesis; this did result in decreased lipid 
remodeling which may be considered as a drawback of this trans
formative process. Another method of increased production of lipid was 
carried out by Subrahmanyam and Cronan where they the overex
pressed the KAS subunit of fatty acid synthetase in E.Coli (Sub
rahmanyam and Cronan, 1998). It resulted in C2 concatenation however 
it led to increased toxicity which led to death of the transformants. 
Acyl-CoA:diacylglycerol acyl-transferase (DGAT) is an enzyme that 
catalyzes the last step of TAG production. cDNA isolated from Arabi
dopsis was inserted into yeast and a 200–600 fold increase in DGAT was 
seen. Furthermore, 3–9 fold increase in TAG accumulation was 
observed. The list of DNA based manipulation is endless. 

When we discuss about genetic engineering, it is to be mentioned 
here that any method employed by man to bring about some manipu
lation in the genetic level can be talked about. Two such techniques that 
have been used for increased lipid production is site directed muta
genesis (SDM) and directed evolution. Ouyang et al. had observed that 
Glycerol-3-phosphate acyltransferase (GPAT) was responsible for the 
acylation of glycerol-3-phosphate (Ouyang et al., 2016). The cDNA of 
GPAt from Lobosphaera incisa was transformed into yeast, however 
implementation of SDM led to the development of a mutant 
(Arg195His). Upon carrying out lipid profile analysis, it was found out 
that the mutant containing yeasts had increased levels of phospholipids 
inside their systems. The process is not commonly used for increased 
lipid production due to the tediousness of the methodology. Directed 
evolution makes use of random mutagenesis and a usage of a proper 
selection pressure. Based on the selection pressure the mutants are 
forced to behave according to stipulated conditions and the ‘fittest’ 
strain survives. The application of random mutagenesis in strain 
improvement may not be implicit always. Sometimes just exposing the 
strain to harsh or changing environmental conditions can cause inherent 
alterations inside the genome of the organism being modified (Sen et al., 
2007). In 2016, Smythers et al. reported attempts of exposing Chlorella 
vulgaris to varying concentrations of sethoxydim, which is an herbicide. 

C.vulgaris naturally is an extremely high lipid producing microalgae 
(Smythers et al., 2016). Sethoxydim leads to over expression of Acetyl 
coA carboxylase and has already shown promising results in Nanno
chloropsis salina. On exposure to the chemical the lipid content of 
N. salina was seen to increase 4 fold than that of the wild strain. The 
work pertaining to C. vulgaris is still in progress and has shown moderate 
success rates. 

As of now, the research approaches mainly focus on marketing mi
crobial lipid as biodiesel. TAG being the main material required for 
biodiesel, its production pathways are being engineered to get suitable 
microbial lipids. 

Three broad approaches applied can be divided into (i) Multi-gene 
transgenic approach (ii) Knocking out competing pathways (iii) Over
expression of enzymes (M. M. Liang and Jiang, 2013; M. H. Liang and 
Jiang, 2013). 

3.1.1.1. Multi-gene approach. This strategy deals with overexpressing 
more than one important gene involved in the TAG synthesis pathway. 

Tai et al. co-expressed two important genes (ACC1þDGAT1) of 
Yarrowia lipolytica involved in the lipid production pathway (Tai and 
Stephanopoulos, 2013). This engineered strain accumulated 62% lipid 
of its dry weight resulting in almost a five-fold increase in its lipid 
productivity. The increased productivity due to co-overexpression is 
probably due to an improved balance between the TAG and fatty acid 
synthesis pathways. 

3.1.1.2. Knocking out competing pathways. A simple strategy to increase 
lipid yield would be to decrease lipid catabolism. This can be achieved 
by knocking out genes involved in β-oxidation of fatty acids. 

Scharnewski et al. knocked out genes involved in β-oxidation in yeast 
Saccharomyces cerevisiae which led to an increased intracellular fatty 
acid secretion and in some instances extracellular secretion also 
(Scharnewski et al., 2008). The mutant strain involved a combined 
deletion of genes which restricted the synthesis of Fatty acid transport 
protein 1 and 2. This dysfunction of Acyl coA-oxidase led to the 
repression of β-oxidation pathway. 

3.1.1.3. Overexpression of enzymes. Though not directly involved in 
lipid metabolism, a few enzymes have been involved in influencing the 
rate of lipid accumulation. These enymes are usually responsible for 
increasing the pool of essential metabolites involved in lipid 
biosynthesis. 

Davis et al. cloned the genes of E.coli responsible for the production 
of Acetyl-CoA carboxylase (ACC) (Davis et al., 2000). The induction of 
gene expression led to overproduction of the ACC subunits subsequently 
leading to increase in ACC activity hence overexpression. The study 
revealed that there is strong positive correlation between ACC over
expression and fatty acid synthesis pathway leading to a six-fold in
crease in the rate of fatty acid synthesis over the controlled. 

3.1.2. Systems biology 
Systems biology (SB) has been considered to be a multidisciplinary 

field which utilizes mathematical and computational modeling in order 
to simulate the biological system for better understanding. The process 
of biological manipulation is extremely costly and labor intensive. The 
field of SB helps curb this by simulating and attaining a comprehensive 
understanding of the same. SB is an interesting way of understanding the 
interaction of the metabolic networks inside the cell along with its 
manipulation. The engineered microbial strains are effectively designed, 
built and tested through SB approaches, to help develop a better un
derstanding of the microbial metabolism. The employed approaches are 
either used to obtain an insight into the molecular mechanisms through 
mathematical modelling or vice versa (Nielsen, 2009). SB has helped 
implement strategies like codon-optimization, directed evolution, 
screening enzyme libraries, incorporating non-natural amino acids to 
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name a few in enhancing enzymatic activities (d’Espaux et al., 2015). 
However, we need to make a distinction between SB and bioinformatics. 
Bioinformatics employs an overall in-silico approach in order to under
stand the target system. Generally dealing with creation of software and 
tools to interpret or model. SB cannot be carried out until and unless we 
have a data set collected from in-vitro work. Hence, SB builds upon 
in-vitro experimentation (He et al., 2016; García-Granados et al., 2019). 

Strain improvement using systems level analysis of metabolic 
network data, fluxomics, regulatory pathways etc. are the most looked 
into subjects when it comes to SB (Lee et al., 2018). With the passing of 
years and advancement of sequencing strategies huge amount of data 
has been generated for genetic model building when it comes to cellular 
systems. Algorithms help create genome scale metabolic network along 
with regulation patterns embedded which help in rewiring the intrinsic 
circuits inside a cell (Stephanopoulos, 2012). The E-cell project has 
helped devise models of parts of a cell with the basic aim of simulating 
the entire cell (Tomita et al., 2000, 1999). The software uses a structured 
substance reactor model which assumes all simulations to be carried out 
in dynamic equilibrium. Hence, the state of the cell can be expressed in 
terms of ordinary differential equations. The simulations have been 
successfully used to test phenomena of starvation where the substrate 
was limited and the cells started to die. When the cell again received the 
substrate they would get revived but it depended on the period of 
starvation. The models mimicked membrane lipid synthesis and fatty 
acid synthesis pathways. Not only were the major pathways simulated 
but gene regulatory pathways were also explored. There have been 
many instances of usage of SB for enhancing lipid production in mi
crobes. Brem et al. had conducted large scale genotype to phenotype 
mapping to understand genes required for lipid synthesis in yeast Rho
dosporidium toruloides (Brem et al., 2017). This enabled them to establish 
a suitable model for increased lipid production for usage as biofuels. 
Thompson et al. did a systems biology examination of Bacillus mega
terium strain SR7 to develop it into a biofuel production platform by 
creating a continuous flow bioreactor which are resistant to contami
nation and utilizes supercritical CO2 for extraction of the biofuel com
pounds (Freedman et al., 2018). Advent of SB has also made it easier to 
look into lipidomics and see its crosstalk with the glycome, proteome 
and genome. This enables us to look at the bigger picture of the cell, in 
other words, helps us understand the macrocosm and its constant reg
ulations via microsystems and interconnections. 

3.1.3. Substrate induced gene expression (SIGEX) 
This method has generally been utilized as a screening process for 

various strains. SIGEX was initially established to isolate novel catabolic 
genes from environmental metagenomes. The process was usually 
directed towards those genes which were difficult to obtain using 
normal genetic engineering methods. The metagenome library is re
striction digested to give fragments which can be ligated into vectors 
and transformed into cloning hosts. The entire library is then subjected 
to substrate level gene induction assays and the relevant genes are 
selected (Uchiyama et al., 2005; Uchiyama and Miyazaki, 2010). Yu 
et al. carried out a SIGEX experiment to ascertain the relationship be
tween lipase gene expression and aflatoxin production Aspergillus flavus 
(Yu et al., 2003). They did however show that there exists no correlation 
between the two pathways. SIGEX can be used as an interesting tool 
when it comes to metabolic engineering. SIGEX can not only screen for 
relevant genes but display interconnection and cross talks between 
pathways. Hence pathway interconnections can be determined. These 
can help give valuable insight in the controlling parameters in a meta
bolic network. By this way the metabolic map and the flux map can be 
changed and the dynamic nature based on substrate change can be 
incorporated too. 

4. Conclusion and future prospects 

There are a wide range of microbes that can accumulate oil, however 

the use of these microbes depends on their lipid productivity, oil yield, 
lipid coefficient and volumetric productivity. Among the heterotrophs, 
yeast has a fast growth rate and also high lipid content. On the other 
hand autotrophic algae use inexpensive raw materials like sunlight and 
carbon dioxide for lipid production. The main challenge here is the ef
fect of the intensity of light on production and thus the need for devel
oping low cost photobioreactors to cut down the cost of production. Also 
wastewater such as industrial effluents can be being utilized as cheap 
and renewable carbon and nitrogen sources. Thus the strains studied for 
production depends on access to resources and the required profile of 
lipid accumulation. The main advantages of microbial lipid are its 
renewability, high growth rate and the non-requirement of arable lands. 

The advancement in molecular biology and genetic engineering tools 
have provided a new platform for overproduction of lipids in oleaginous 
microorganisms. However, only a few oleaginous microbes like Y.liply
tica, have been studied extensively. There are numerous other attractive 
hosts like R. toruloides and B. braunii which have shown a higher lipid 
accumulation and adaptability to a wide range of substrates. A broader 
perspective of the intricate metabolic networks of these potential hosts 
are required along with a deeper understanding of the wide array of 
subcellular functions and sections that influence the lipid anabolism and 
catabolism. Identification of these genes and networks are essential in 
order to address any metabolic engineering strategy, to optimize the 
lipid metabolism. A variety of genetic tools have been developed which 
focus on promoters, terminators, standardized integration sites, 
pathway assembly, vectors, GEMs and CRISPER-based systems (Shi and 
Zhao, 2017). However these tools need to be extended from model or
ganisms to oleaginous microbes to facilitate convenient strain engi
neering. Further, an integrated approach, combining genomics, 
transcriptomics, metabolomics and lipidomics techniques will provide a 
deeper insight into lipid production hence enabling a more rapid and 
convenient strain engineering strategy to optimize the fatty acid profiles 
and their production and accumulation. From an economic viewpoint, 
the cost of extraction should be limited and the quantity and quality of 
the accumulated lipids should be enhanced through genetic manipula
tion and subsequent optimization strategies. The extraction methods 
used for extracting lipids from plants or animals is not efficient when it 
comes to microbes, owing to its small size and risk of emulsification. The 
profitability lies in escalating cell densities achieved per unit time, 
enhancing product purity i.e. production of a single desired fatty acid 
and development of efficient downstream operations, which essentially 
depends on cell disruption efficiency as it influences subsequent 
downstream operations and overall extraction efficiency. 
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