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Resumen

La revisión sistemática de literatura presentada a continuación tiene como objetivo dar a conocer el rol
que han tenido la metabolómica en el estudio de la exposición a plaguicidas. La búsqueda se llevó a cabo
en la base de datos Thomson Reuters Web of Science (ISI Web of Knowledge). Posteriormente, se descargaron todos los registros producto de resultado de la búsqueda y cada citación dentro de cada artículo.
Estas referencias fueron analizadas mediante la teoría de grafos con el fin de identificar los artículos más
relevantes, los artículos clásicos y recientes y los que presentan mayor intermediación en el tema de investigación. La red de citaciones fue construida con inicialmente con 4423 nodos (artículos) y 4978 enlaces
(citaciones) a los cuales se les determinó los indicadores de grado de entrada, grado de salida y centralidad
en el grafo. Posteriormente, esta red de citaciones fue procesada eliminando los artículos desconectados,
reduciendo la red a 415 nodos y 974 enlaces. De esta red ya procesada se extrajeron 80 artículos que
presentaron mayores indicadores de grado y centralidad. Finalmente, esta metodología permitió la identificación de diferentes perspectivas de los estudios metabolómicos y metabonómicos en la exposición
a plaguicidas que incluyen estudios de modo de acción, mecanismos de acción, monitoreo biológico y
toxicológico, metabolómica ambiental, metabolismo, dosis respuesta e identificación de biomarcadores.
Palabras clave: Metabolómica, metabonómica, pesticidas.

Abstract

The systematic literature review presented here is designed to illustrate the role of metabonomics
and metabolomics in pesticide exposure studies. The search was conducted in Thomson Reuters
Web of Science (ISI Web of Knowledge) database. The references and citations for each article
were downloaded for analysis. Graph theory was used to determine relevant articles and distinct
relationships between classic and current research in this field through its structural characteristics. The initial network included 4423 nodes and 4978 links, from which indegree, outdegree
and betweenness indicators were extracted. After preprocessing the data, the network was reduced to 415 nodes and 974 links. From this network, 80 articles with the highest score between
the three indicators were extracted for review. This methodology allowed for the identification
of different perspectives of metabolomic and metabonomic pesticide studies that included the
mode and mechanism of action, toxicological and biological monitoring, environmental metabolomics, metabolism, dose response and biomarkers and its role in pesticide exposure.
Keywords: Metabonomics; metabolomics; pesticides.
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Introduction
Numerous studies in the fields of industry,
environment and health science are related to
pesticides (1, 5). Despite the fact that many of the
persistent organic compounds have been removed
from use or are regulated in the global market
(Basel Convention 1992; Rotterdam Convention 2004; Stockholm Convention 2001), their
use worldwide is increasing gradually as human
population and food requirements increase (6)
and for control of infectious vectors. Therefore,
bioaccumulation and biomagnification remain a
source of health alert.
Nowadays, monitoring pesticide exposure is
mainly followed through chromatography because of the development of increasingly more
sensitive and robust analytical techniques and
methods. However, monitoring pesticide residues
is still a challenge as they are present in a very low
concentration sometimes already transformed or
conjugated with other molecules, making them
difficult to separate and quantify. Moreover, the
wide spectrum of mixtures and the hundreds of
formulation presented in the market, make the
analysis of the exposure too complex (6).
In this vein, identification of new biomarkers,
pathways analysis, modes and mechanism of
action is an alternative to evaluate the exposure
event. For this, a growing trend is the bottom up
studies like between metabolites in a biological
system that helps to explain the momentum of a
system metabolomics and metabonomics, because
it is focused to identify, quantify and evaluate the
interactions, recreating the map of the biochemical interaction in a molecular level (7, 9). For this
reason, our principal goal with this review is to
report the main findings in metabolomics and
pesticide exposure. As well as identify the chemical
procedures, software for data processing and data
analysis strategies mostly used and the integration
with the pathway and network analysis and the
role of metabolomics in pesticide exposure.
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For this, the review was followed as a systematic
literature review and then integrating the results
of the search and each citation in a network, in
which graph theory analysis was applied. It utilizes
three indicators extracted from the graph, indegree,
outdegree and betweenness, in order to identify
classic and current articles that are more connected
within the network and the articles that connect
the classical with the recent articles by the shortest
path respectively, clusters or communities in this
field, among other indicators of the graph.
Search equation and articles selection through
network analysis
The search was conducted in the Thomson Reuters
Web of Science (ISI Web of Knowledge) database
for the time period from January 2001 to June 17,
2015. The terms included in the search equation
was used in response to the question: What has
been the contribution of metabolomics and metabonomics studies to pesticide exposure?
Topic=(pesticide*) AND Topic=
(metabolomic* OR metabonomic*)
Refined by: Document Type=
(ARTICLE OR REVIEW)
Timespan: All years. Indexes:
SCI-EXPANDED, SSCI, A&HCI.
The references provided by the search were
extracted with all citations, which were then
integrated into a network. This procedure can incorporate articles from various sources, regardless
of the source database or publishing journal. The
methodology proposed by Robledo-Giraldo et al.
(10, 11), was used to identify relevant articles.
Graph theory was used in order to generate a map
that show the articles and the interaction between
them and extract relevant information from the
topology and characteristics of the network. For
this, two open-source software were used: Sci2
tool (Sci2 Team. 2009) (https://sci2.cns.iu.edu)
where the list of references and citations were

Once the network was generated in Sci2 tool, the file was visualized in Gephi and a
networks indicators were calculated on it (figure 1). In-degree is the number of paper
networks indicators were calculated on it (figure 1). In-degree is the number of paper
have
cited and
a particular
article
(Equation
related to the links leading
Zuluaga et al.
Metabolomics
pesticides: systematic
literature
review using 1).
graphOut-degree
theory for analysis is
of references
have cited a particular article (Equation 1). Out-degree is related to the links leading
from the node (13) in this case, all the citations made in an article but present in the g
from the node (13) in this case, all the citations made in an article but present in the g
(Equation 2).
(Equation 2).
𝑖𝑖𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = !∈! 𝑑𝑑𝑑𝑑𝑑𝑑! (𝑛𝑛) (1)
transformed in a network and, for visualization
𝑖𝑖𝑖𝑖 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = !∈! 𝑑𝑑𝑑𝑑𝑑𝑑! (𝑛𝑛) (1)
and statistics Gephi (12) (https://gephi.github.
io). The methodology flux is shown in figure 1.
𝑜𝑜𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = !∈! 𝑑𝑑𝑑𝑑𝑑𝑑! 𝑛𝑛 (2)
𝑜𝑜𝑜𝑜𝑜𝑜 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = !∈! 𝑑𝑑𝑑𝑑𝑑𝑑! 𝑛𝑛 (2)
Once the network was generated in Sci2 tool, the Where n, represents the nodes of the graph and G
file was visualized in Gephi and all the networks the graph.
Where n, represents the nodes of the graph and G the graph.
indicators were calculated on
it (figure
1). In-de-the nodes of the graph and G the graph.
Where
n, represents
the cited
gianta component
It is defined
as a group
gree is the number of papersThen,
that have
par- Then,isthecalculated.
giant component
is calculated.
It is de-of nodes that a
the giant
component
It is that
defined
a group to
of nodes that a
ticular article (Equation 1).Then,
Out-degree
is related
fined is
as acalculated.
group of nodes
are allasconnected
connected to each other, directly or indirectly (14). It is a filter used to remov
to the links leading away from
the node
eachdirectly
other, directly
or indirectly
a filterused to remov
connected
to (13)
eachinother,
or indirectly
(14).(14).
It isIt ais filter
communities
or nodes
aretonot
connected
with the main
community
this case, all the citations made
in an article
but that
used
remove
the communities
or nodes
that are (Figure 2).
communities
or nodes that
not connected
main community
present in the graph (Equation
2).
notare
connected
with the with
mainthe
community
(Figure 2).(Figure 2).

Figure 1. Methodology flux

Betweenness Centrality, tallies the number of
shortest paths in a graph that pass through
a given node; that node has high centrality
because it is between many pairs of nodes
(Equation 3) (15). Betweenness Centrality, as

intuitively indicated by the term, focuses on
how close a node is to all the other nodes in
a network (16). High values of betweenness
represent the articles that connect in a shorter
path the classical with current articles.
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Figure 2. Extraction of the final network

Network and metrics
The results of the search equation yielded a network
of 4423 nodes and 4978 links. After preprocessing
the data (Figure 1.), the network was reduced to
415 nodes and 974 links (Figure 2.) From this final
network, the highest score of each indicator (in-degree, betweenness and out-degree) were selected.
80 articles in total were chosen for the purpose
of this review. Twenty articles with the highest
in-degree, twenty with the highest Betweenness.
Thirty with the highest out-degree and ten reviews
were found. Those articles represent relevant information from a very wide period of time, extracted

Figure 3. Network citation of Metabolomics and pesticides
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from the network. Articles with greater indegree
values represent classics and those with higher
outdegree values represent the most current articles
that are most connected within the network. High
betweenness score, represents the articles that made
a connection between the classical and the current
articles. Figure 3. Show the network and the size
of the nodes represents the degree of citation.
Figure 3a, the larger nodes are classic articles that
have been cited most frequently. Figure 3b shows
the most current articles that have been cited to a
greater degree in articles within the network and
figure 4 shows the journals in which metabolomics
and pesticide exposure papers have published.
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In the graph visualization, it was possible to identify six different communities or clusters based on
different perspectives or approaches of metabolomics studies applied to pesticides (Figure 3). Modes
and mechanisms of action 19.3%, biological and
toxicological monitoring 17.6%, environmental
metabolomics and bioavailability 16.1%, metabolism 15.9%, biomarkers 8.9%, dose response
5.5%. Each perspective will be discussed further.
Classical articles
As described above, articles with the highest in
degree indicate those that have been more cited
and are consider the classics. Although these classic
articles could be considered very old, they present
a valuable information and we will make a brief
tour through them and describe the main works
and findings made this field grow through time. Pioneering work Metabolomics focused on establish
robust protocols for sample preparation, to present
the chemometric data processing and propose
alternatives for future bioinformatic developments
for treating either signals NMR or MS, in order to
establish the how and the scope of studies.
In metabolomics and metabonomics field the
oldest and more cited article is Nicholson et al.,
1999 (7). In this article the term metabolomics
was coined as “the quantitative measurement of
the dynamic multiparametric metabolic response of
living systems to pathophysiological stimuli or genetic
modification” and the aim of metabonomics studies “…However, metabonomics deals with detecting,
identifying, quantitating and cataloguing the history
of time-related metabolic changes in an integrated
biological system rather than the individual cell” and
finally the authors suggest that computer science
and biochemistry are areas where metabonomics
field is expected to grow.
Viant et al., (2002) made a research about whitering syndrome in red abalone, they used HNMR
and pattern recognition to identify novel biomarkers of these disease, finding that homarines,
adenylates and aromatic amino acids showed the

highest impact. They argue that one of the challenges of metabolomic studies should be focused
on the management of biological variability.
Robertson (2005) published a review about metabolomics applied to toxicological studies, it is
one of the most cited article because he starts the
review with a description and comparison about
metabolomics and metabonomics’ terms and made
a very interesting analogies, and then a platform
(NMR and mass spectrometry) comparison is
made emphasizing the strengths and weaknesses of
each technique. Then the chemometric challenges
that must be faced, the state of technology in 2005
and finally the application of this particular area of
toxicology which argues that in vitro toxicity tests
based on metabolomic studies have great potential
and there is little literature about it. From biomarker identification perspective author found that non
supervised techniques such as principal component
analysis (PCA) was the most used analysis; up to
date PCA is used to visualize data, for outliers’
identification and to reduce the dimension of the
variables and find the latent variables to be used in
a further model or statistic assay. Furthermore, the
author argues that understand the mechanism of
action should be the most important goal in a metabolomics applied to toxicology studies in order
to give added value to biomarker discovery. These
final idea was then clarified by Xia et al., (2013)
where they explain that not always biomarkers help
to explain biology phenomenon. Rather they are
designed to discriminate different groups of organisms without regard to biological interpretation.
Moreover pathway analysis give a biological understanding and may help to develop a treatment (18).
Also in classics there are many others reviews
about environmental metabolomics (19, 20) they
were focused on describing bioavailability though
biomarkers in different organisms but especially in
earthworms that will be discussed later. Bundy et
al., (2004) and Jones et al., (2008) worked with
earthworms exposed to metals and polyaromatic
hydrocarbon pyrene respectively; both found
changes in TCA cycle intermediates (21, 22).
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Sample preparation in metabolomics assessments
Sample preparation depends primarily on the instrumental technique used in the analysis and secondly
on the samples chemical features. Brown et al. (2008)
compared different solvent, time of depuration and
lyophilization in order to find the best procedure of
earthworms sample preparation for NMR analysis
(23). They analyzed six different solvents (D2Obased phosphate buffer, acetonitrile-d3, benzene-d6,
chloroform-d, methanol-d4, DMSO-d6) found
that D2O-based phosphate buffer has an excellent
reproducibility, highest concentration and greatest
variety of metabolites, providing the most detailed

metabolic profile, also less variation in the results after
longer depuration time and, they found few differences in the data of the earthworms homogenized
before lyophilization and those lyophilized individually. Moreover, McKelvie et al. (2009) (24) compared
three different methodologies of sample derivatization
for GC/MS analysis from the literature. (i) MSTFA,
ii) MTBSTFA, iii) hydroxylamine hydrochloride,
HMDS, TFA). They chose the third one because it
allow simultaneous analysis of sugars, sugar alcohols,
amino acids and yielded the greatest numbers of
metabolites in their samples. Table 1. shows the
methodologies used on sample preparation based on
different instrumental techniques.

Table 1. Strategies for sample preparation based on instrumental technique.
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Matrix

Method

Reagents

Internal
standard

Technique

Author

Tissue /
Coelomic
fluid

Lyophilization +
solvent extraction +
Centrifugation

D2O, PBS1, NaN3

TSP2

NMR

Bundy et al., 2004; Bundy et
al., 2001

Tissue / eggs

Solvent extraction
+ lyophilization +
resuspension

Ice cold 6% perchloric
acid, K2CO3, SPBS2 in
D2O

TSP

NMR

Viant et al., 2003; Viant
et al., 2005; Ekman et al.,
2008; Viant et al., 2006;
Kenneke et al., 2012

Hemolymph

Centrifugal filtering
+ Lyophylization +
resuspension

NaOH + PBS in D2O

TSP

NMR

Viant et al., 2003

Spectrophotometric
analysis

Forcella et al., 2007

Specific
Ice cold Hepes-Tris,
for each
cold 6% perchloric acid, metabolite
K2CO3
(external
standard)

Tissue

Solvent extraction
+ filtering

Tissue

Solvent extraction
+ sonication +
centrifugation

SPBS in D2O

DSS4

NMR

McKelvie et al., 2010

Urine

Solvent extraction
+ centrifugation

SPBS in D2O

TSP

NMR

Robertson et al., 2000; Mally et al., 2007; Wang et al.,
2011; Wang et al., 2013

Tissue

intact tissue

D2O

-

NMR

Waters et al., 2005

Urine

Solvent extraction
+ centrifugation

PBS in D2O

TSP

NMR

Waters et al., 2005; Liang et
al., 2012; Tuffnail et al., 2009

Tissue

Solvent extraction
+ centrifugation

Ringer solution + D2O

TSP

NMR

Warne et al., 2000

Tissue

Lyophilization +
solvent extraction +
Centrifugation

NMR

Brown et al., 2008; Brown et
al., 2010; Yuk et al., 2011; Yuk
et al., 2013; McKelvie et al.,
2009, Yuk et al., 2012; Yuk et
al., 2010; McKelvie et al., 2011

SPBS in D2O + NaN3

DSS
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Tissue

Solvent extraction
+ derivatization

methanol-chloroform
(2:1). NMR: SPBS in
D2O. GC/MS: Metoxiamine, MSTFA5

NMR:TSP

GC/MS
NMR

Jones et al., 2008; Baylay et
al., 2012; Jones et al., 2012

Urine

Centrifugation +
water dilution

Water

-

LC/MS

Du et al., 2013; Hao et al.,
2012

Tissue

Solvent extraction
+ lyophilization +
D2O reconstitution + Liquid-liquid extraction

Acetonitrile/Water (1:1)
+ BHT6 (0.1%). D2O.
Chloroform/methanol
(3:1)

-

NMR

Merhi et al., 2010

Serum /
plasma

Dilution

D2O

TSP

NMR

Wang et al., 2009; Demur et
al., 2013

Blood plasma

Methanol protein
precipitation +
Solvent extraction

Methanol. Acetonitrile/
water (2:1)

-

UPLC

Wang et al., 2013; Feng et
al., 2012

Tissue

Solvent extraction

Methanol/chloroform/
water (2:2:1.8) + SPBS
in D2O

TSP

NMR

Southam et al., 2011

Urine

Dilution

D2O, imidazol, NaN3

DSS

NMR

Kyu-Bong et al., 2009

Plant

Solvent extraction
+ derivatization

Water/methanol/acetonitrile. O-methylhydroxyamine in pyridine
and MSTFA

Ribitol

GC/MS

Li et al., 2012

Plant oil

Solvent extraction
+ saponification
+ esterification +
derivatization

NaOH + Methanol +
BF3 + MSTFA

-

GC/MS
TOF

Lommen et al., 2007

Tissue

Solvent extraction
+ three methods of
derivatization

SPBS. i) MSTFA. ii)
MTBSTFA iii) hydroxylamine hydrochloride
+ HMDS7 +TFA8

-

GC/MS

McKelvie et al., 2009

Tissue

Solvent extraction
+ derivatization

Chloroform / methanol / water (1:2:0.8).
Metoxylamine hydrochloride + MSTFA +
TMCS9

-

GC/MS

Uno et al., 2012

Fruit

Solvent extraction

Acetonitrile / acetic acid
/ anhydrus MgSO4 /
sodium acetate

-

LC/MS

Siano et al., 2011

Phosphate buffer solution, 2 Trimethylsilyl-2,2,3,3-d4-propionic acid sodium salt, 3 Sodium phosphate buffer solution 4
2,2-dimethyl-2-silapentane-5-sulfonate sodium salt, 5 Methylsyliltrifluoroacetamide, 6 Butylated hydroxytoluene 7 Hexamethyldisilazane, 8 Trifluoroacetic acid, 9Trimethylchlorosilane
1
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Instrumental analysis
Regarding the instrumental techniques used for
metabolomic and pesticide studies, it was found
that most studies have been conducted through
NMR analyses (25). However, in the last five years,
chromatography-mass spectrometry has been
increasing used because of its sensitivity. Figure
5c includes the chart that indicate the techniques
used in the articles selected for this review.
NMR has been widely applied in metabolomics and pesticides studies. It is a robust
method and can directly be used to identify
and quantify metabolites without calibration
curves because the intensity of the signal is
proportional to the molar concentration of
the compound (26). Other strengths of this
method is the simple sample preparation, it
is also a very reproducible method and it is a
nondestructive technique.
In pesticide exposure has been mostly used on
controlled experiments, possibly because one of
the most criticized aspects of this technique is the
low sensitivity. However, nowadays this feature
has been improved.
The parameters used to acquire and process NMR
experiment vary according to the features of the
instrument and if it is one or two dimensional
spectroscopy. In this review we found that the
most used parameters for one dimensional NMR
analysis was 500 MHz of frequency, 60° flip
angle, 8 KHz of spectral width, 16 to 32K of
time domain point, 0.5 Hz of Exponential line
broadening and manual baseline correction.
In the other hand, mass spectrometry is becoming
the most popular technique used in metabolomics
studies because of its availability and versatility.
The most common ionization mode found in
this review is electrospray ionization (ESI) and
the most frequent combination found is LCMS TOF, as it provides a very good sensitivity
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and selectivity for a wide range of compounds.
However, metabolite identification for LC/MS is
still expensive and time consuming because the
spectral and retention time libraries for LC/MS
is limited and should be built in each laboratory.
Furthermore, we found that in many LC/MS
based metabolomic studies other experiments
was also required in order to identify certain
biomarkers. In this vein GC/MS and NMR have
an advantage as they can use open access libraries
and repositories.
Data Processing
Once the NMR or MS data is acquired, data processing is one of the crucial steps in metabolomics
assessments. Baseline correction, water signal
suppression, peak peaking, peak deconvolution,
isomers and adducts detection, peak alignment
and peak annotation are required to obtain the
list of metabolites (27). For this, nowadays there
is a big list of open source software and web based
tools for data processing and it is a growing community. Nevertheless, in this review we found that
the data processing was mostly run in commercial
software. In the review of Katajamaa et al., (2007)
they present two tables of open source and commercial platforms for data processing. A trend of
the data processing software is to integrate tools
for data analysis and in many articles we found
that the software used for data processing was
used for data analysis as well (28).
Data analysis
Metabolomics data sets used to have hundreds
through thousands variables, and more explanatory variables than number of observations and the
metabolites are highly correlated. For this, multivariate statistics analysis helps to find the mining
of metabolomics data. Most of the analysis starts
with a non-supervised methodology like Principal
Component Analysis (PCA) to describe and visualize the variation in the data set. Is the most used
analysis for metabolomics data because it allow

Zuluaga et al. Metabolomics and pesticides: systematic literature review using graph theory for analysis of references

reduce the dimension of the variables (metabolites), select the variables that show more variation
between treatments or experimental groups, allow
to spatially separate the experimental groups and
find outliers. Subsequently different analysis is
performed according with the research question
and experimental design. In this review we found
mostly analysis for biomarker selection and most
recently followed by pathway analysis.
PLS and OPLS are commonly used for classification and biomarker selection (29) followed by the
validation of the models through cross-validation
and permutation test. Recently Xia et al., (2015)
published the necessity to report the area under
receiver operating characteristic and the fold
change in biomarker discovery, as this two analysis
are widely considered to be the most objective and
statistically valid for biomarker discovery (30).

Pathway analysis is used to give a biological meaning of the metabolomics data, linking the metabolites found relevant in the multivariate analysis
with the different biological pathways available in
public databases like Kegg (http://www.genome.
jp/kegg/) or HMDB (http://www.hmdb.ca/).
The analysis of biochemical pathways in metabolomics studies have emerged in the last decade in order
to understand the data from the perspective of systems biology. The principle is based on two types of
analysis, the first is the “Enrichment Set Metabolite
analysis (MSEA)” which comes from the analysis of
genomic data called “Gen set enrichment analysis
(GSEA)” where the principal idea is to investigate
enrichment predefined groups of genes instead of
studying them individually. In this sense, MSEA
focuses on identifying groups of metabolites in
biochemical pathways (according to the organism)

Figure 4. Journals where metabolomics and pesticides researches were published.
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Figure 5. a. Type of pesticide b. Organism of study c. Instrumental techique.

and according to the list of metabolites obtained
in the previous statistical analysis. This comparison
can be done by algorithms “overrepresentation
analysis (ORA),” “single sample profiling (SSP)”
and “quantitative enrichment analysis (QEA)” (31);
which integrate statistical analysis and Fisher’s test,
hypergeometric test, test and analysis overall global
covariance (ANCOVA Global).
The second type of analysis is the measure of
centrality of metabolites in the network topology.
Centrality is a local quantitative measurement of
the relative position of a node relative to other
nodes and is a measure of the relative importance
of a node in a network. Because the biochemical
pathways are directed graphs centrality measures
used to determine the most important are intermediation (betweenness centrality) or output
level (outdegree centrality) (32). These algorithms
are integrated and automated cross-platform open
access as Metaboanalyst (http://www.metaboanalyst.ca/) MetPA (http://metpa.metabolomics.ca/
MetPA/) and MSEA (http: // www.msea.ca/)
Structural articles
Articles with highest betweeness are those who are
linking the classics with the recent with a high rate of
centrality, those have an important number of citation and also cite articles with the greatest in degree.
These articles are very connected into the network.
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A trend to use subletal doses was identified,
because metabolomic studies help determine
the state of an organism even when there is no
observed adverse effect which is one of the added
values for studies in toxicology.
McKelvie et al., (2009) evaluated the metabolic
response of earthworms exposed to a subletal dose
of DDT and endosulfan and they used H-NMR
and GC/MS to confirm biomarkers, finding that
maltose, alanine and leucine were the metabolites
with the greatest variation in the PCA, but only alanine could be confirmed though both techniques
and were present in the two pesticides (24).
Liang et al., 2012 assessed propoxur exposure of rats
at different doses above and below the NOAEL,
then profiled the metabolites by NMR in serum and
urine and the results were associated with different
toxic mechanisms found that there was increase in
intermediary metabolites of tricarboxylic acid cycle
indicating the influence of propoxur in energy metabolism; increased acetate urine indicate that was
inhibited acetyl-CoA and that the energy status in
liver was altered. Hydroxybutyrate lift is one of the
products of fatty acid oxidation in the liver and is
key to liver malfunction (33).
Wang et al., 2009 evaluated the subchronic exposure to chlorpyrifos and carbaryl in rats’ serum
finding that sub-chronic exposure to chlorpyrifos
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alone or in combination with carbaryl could cause
a disturbance in energy and fatty acid metabolism
in rat liver mitochondria (34).
Recent articles
Articles with greater out-degree are these recent articles that are very connected within the network.
In this section the tendency of the metabolomics
studies of pesticide exposure was correlate the
main metabolites that showed the highest variation with pathway analysis, in order to present a
biological and physiological interpretation.
Xu et al., (2015), evaluated the toxic effects of
butachlor on goldfish through a H-NMR based
metabolomics approach, monitoring different
organs (gill, brain, liver and kidney); they found
that the increase of glutathione peroxidase and
methane dicarboxylic aldehyde level reflected
the disturbance in antioxidative system in the
intoxicated gold fish and the increases in lactate
dehydrogenase and creatinine suggest liver and
kidney injuries (35). Moser et al., 2015 identified
potential biomarkers in rat serum exposed to a
different chemical class of pesticides (permethrin,
deltamethrin, imidacloprid, carbaryl, triadimefon,
fipronil), Finding mayor differences in acylcarnitines, amino acids and glycerophospholipids (36).
Olsvik et al., (2015) presented the effect of vitamin
E on fatty acid accumulation and carbohydrates
metabolism and how vitamin E supplementation
can modify chlorpyrifos toxicity in salmon liver
cells (37). Bath et al., (2015) presents the effect
of the herbicide 2,4-dichlorophenoxyacetic acid
(2,4-D) on the nitrogen fixing bacteria in order
to determine the effect on specific metabolic
pathways and phenotypic changes in sublethal
exposure. They found that 2,4-D causes oxidative
stress due to decrease in pyrimidine metabolites
such as thymidine, uridine 5-phosphate and uracil
which are indicative of DNA damage resulting
from oxidative stress. Exposure to 2,4-D alter the
peptidoglycan and produces intracellular proteins
that damage could be determined by the increases
of amino acids indicating protein denaturation

and proteolysis. Disruption of energy metabolism
is correlated with adaptation to stress caused by
2,4-D, which was seen by the increase in related
metabolites of the tricarboxylic acid pathway as citrate, phosphoenolpyruvate, glucose 6 phosphate,
oxoglutarate and succinate. Protein acetylation and
myo-inositol are potential biomarkers of stress adaptation, this was observed with increasing levels of
acetyl-lysine and increased inositol phosphate (38).
Wang et al., (2014) evaluated the combined effect
of different organophosphorus pesticides in a sub
chronic dosage, finding that the exposure to low
dose either alone or in combination lead to alteration of liver glucose, fat and protein metabolism,
energy metabolism and oxidative balance (1).
Zuluaga et al., (2016) evaluated the effect of
different organochlorine pesticides (endoslulfan,
aldrin, DDT, lindane and the mixture of all of
them) in liver cell culture, finding that each exposure show different metabolic response despite
to be organochlorines. Nevertheless, all of them
showed sugars altered, suggesting the high requirement of energy to expel the xenobiotic from
the cell (94).
Metabolomics and pesticides from different
perspectives based on network analysis
The citation network showed different communities showed in figure 3. In each community we
identified a trend that gave rise to discuss different
perspectives on the role of metabolomics in the
study of pesticide exposure.
Modes and mechanisms of action
In the narrative review by Aliferis and Jabaji
(2011), a clear distinction is made between the
mode of action and mechanism of action. The
mode of action describes specific biochemical
interactions that are mainly attributed to bioactivity, whereas the mechanism of action refers to
the description of all of the biochemical events
leading to toxicity of a molecule (39).
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Organochlorine, Organophosphate, Carbamate
and Pyrethroid are the most investigated type of
pesticides found in this review, as those represent
more than 80%, Figure 5a, similar conclusion
were found about their mode and mechanism of
action bellow compiled.
For Organochlorine pesticides is reported the inhibition of neurotransmitter GABA that produces a
decrease uptake of chlorine ions in neurons, resulting in partial repolarization and leads convulsions
and muscle contractions in organisms (40) (44).
For Organophosphate and Carbamate have similar
behavior. Inhibition of Acetylcholinesterase (AChE)
leads to accumulation of the neurotransmitter acetylcholine in the sympathetic and parasympathetic
fibers and in neuromuscular junctions within the
vertebrate central nervous system, disturbing transmission across cholinergic synapse and resulting
in a variety of neurotoxic effects. Also, chronic
exposure could induce oxidative stress leading
to lipid peroxidation, DNA damage and protein
oxidation (45, 53). For Pyrethroids, membrane
sodium channels are interfered, causing lower amplitude of the action potentials or total blockage of
neural activity. It produces neuroexcitatory effects
in the brain and salivation in mammals, a hallmark
of the choreoathetosis with salivation intoxication
syndrome. Pyrethroids also act on some calcium
channel, an effect that may contribute to the release
of neurotransmitters (33, 47, 54)

To date, metabolomics has had perhaps the greatest impact on the field of toxicology, especially
preclinical toxicology, and it is now recognized
as an independent technique and widely used for
identifying toxicity in target organs and assessing
toxicity of chemical agent candidates (58) but the
main limitation of metabolomics in toxicology
monitoring has been recognizing and separating
toxicological effects from physiological effects
and determining the adaptive effect of the toxic
response because of the difficulty in recovering
biological information (55).
Rats and mouse models are commonly used to evaluate toxicological assay and in this review we found
them the largest organisms studied (Figure 5b).
Environmental metabolomics and bioavailability

Toxicological and biological monitoring

Environmental metabolomics studies are focused
on the metabolic changes that occur in organisms
in response to an exposure event or environmental
stress (20, 59, 60) and bioavailability studies using
metabolomics are focused on monitoring biochemical markers that explain the presence or absence
of xenobiotics in the environment. In many cases,
these compounds undergo transformation and
degradation, which is why they may not be found in
their original form or in their environmental matrix
as soil, water, plants, air and so on. However, it is
possible to identify these compounds by metabolites
that are expressed in the organism of study (61).

Metabolomics studies on biological or toxicological monitoring allows for the oversight of

In this review we found that environmental
metabolomics has been mostly applied in the

Aliferis and Jabaji (2011) also compiled more than
85 different modes of action, described by the type
of pesticide and their active compound. However,
many of those modes of action were described
before metabolomics studies started and confirmed later with metabolite profiling assays. For
this reason the authors propose to integrate other
“omics” to provide new insights into the function
and regulation of metabolic networks (39).
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a live system in real time. For this reason, it is
possible to study small changes or modifications
to metabolism (55). Moreover, the objective of
metabolomics as a tool for biological monitoring
is to extract latent biochemical information of
diagnostic or prognostic value that reflects actual
biological events (55). Therefore, detecting such
variations can be performed earlier than typical
end measures, such as growth inhibition and
mortality (25, 56, 57).
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study of soil health, pesticide in soil and pesticide
residues using earthworm models (62, 66) and
metabolomics as a tool to study plant defenses
and profiling (67, 69). Thirty-one percent of the
articles reviewed used the worm as an organism of
study and 10% in plants (Figure 5b).
Metabolism
Metabolism of xenobiotic has been described as a
targeted analysis that aims to identify biochemical
reactions and quantify the compound or sub-products resulting in the cascade of xenobiotic catabolism or metabolic trajectories (70). It also analyzes
changes in the concentration of metabolites that
are precursors and products of enzyme activity
and then associates these changes with biological
functions and/or regulation (71), mostly using
graph theory to map the pathways and time-series
analysis for the data set. To perform these studies
(lately called “fluxomic analysis” (72)) labeled
compound are mostly used.
In this literature review we found that energy
metabolism is the highest reported. The decrease
in sugars is most likely a result of high ATP
production. This extra energy produced before
a stressful event is mainly a result of the action
of cytochrome p450 in the removal of the xenobiotic (19, 20, 44, 50, 59, 70, 71, 73, 75).
Similarly, the increase in glycine and alanine is
related to the cytoprotective effect they exert with
cytochrome p450 (23, 58, 59, 76, 82). And the
stereoselectivity of the xenobiotics degradation
(83, 84).
Dose response
Chronic exposure to xenobiotics or pesticides often occurs at the no-observed-adverse-effect-level
(NOAEL), which is the highest level of continuous exposure to a chemical that does not cause a
significant adverse effect to the morphology, biochemistry, functional capacity, growth or lifespan
of individuals of a species (85). For this reason,

conventional toxicological methods are not always
suitable for assessments of toxicological risk and
evaluations of pesticide combinations; especially
at lower concentrations (58) but it has been the
role of metabolomics in dose response assays as
it is suitable to detect systemic toxic effects at an
earlier stage compared to clinical chemistry (86).
NMR and Mass spectrometry platforms are the
most common used (Figure 5c). NMR is longer
being used, but studies with MS are growing, as
this is more sensitive.
Biomarkers
This area of metabolomics has been further explored, and it seeks to separate a large number of
metabolites that reveal a direct involvement with
the observed phenomenon by minimizing the
universe of metabolites that are involved in a reaction but are sufficient to explain it. For this type of
study, statistical methods are used that minimize
the number of variables and explain differences
between systems, treatments or organisms.
Pattern recognition analysis is one of the most
frequently used methods for analyzing NMR data
(55, 87) because it allows for the extraction of
signal characteristics by segmenting the spectrum
and includes multivariate statistical methodologies, such as principal component analysis (PCA),
partial-least squares (PLS) regression, hierarchical
clustering analysis (HCA) and dendrograms (88)
as we discussed above in section of data analysis.
Figure 6. Shows the frequency of metabolites
reported in the literature review. Alanine, glucose,
glycine and lactate have been reported as possible
biomarkers of pesticides exposure. However,
those metabolites are also associated with hypoxia
in aquatic organisms (40) and starvation (20, 22,
89, 90). For this reason metabolomics has more
strength in controlled systems than in epidemiological studies. Also, the study of unknown metabolites is a growing trend for the annotation of
biomarkers (91, 92); actually, graph theory is used
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Figure 6. Metabolites reported as a potential biomarkers.

to find association between mass spectras, linking
some knowns metabolites with unknowns to give
an approach to the structure of the unknown
compound, for this, the tool MetaMap R allow
to create the network connecting the metabolites
according to the mass spectra (93).
Finally, Based on the literature reviewed, this is
the first systematic review that has applied graph
theory to analyze the references in studies of metabolomics and metabonomics. This analysis has
allowed the articles to be viewed as a large network
that combines the different interactions among the
studies in a wide period of time and makes it possible to identify different perspectives or branches
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in the study of metabonomics and metabolomics.
Moreover, the analysis of the references through
graph theory represents a cross-sectional methodology for any search of specific databases because the
links retrieve references that are cited in the articles
from the search results regardless of the databases
to which the journals belong. Use graph theory to
select the articles helps to make the review process
more efficient and effective.
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