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Abstract
Plants have been used as a source of medicine since historic times and several commercially important drugs are of
plant-based origin. The traditional approach towards discovery of plant-based drugs often times involves significant
amount of time and expenditure. These labor-intensive approaches have struggled to keep pace with the rapid
development of high-throughput technologies. In the era of high volume, high-throughput data generation across
the biosciences, bioinformatics plays a crucial role. This has generally been the case in the context of drug designing
and discovery. However, there has been limited attention to date to the potential application of bioinformatics
approaches that can leverage plant-based knowledge. Here, we review bioinformatics studies that have contributed
to medicinal plants research. In particular, we highlight areas in medicinal plant research where the application of
bioinformatics methodologies may result in quicker and potentially cost-effective leads toward finding plant-based
remedies.
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INTRODUCTION
Plants are a valuable resource for a variety of products

that are important for human needs. Plant materials

are used for many purposes including timber, food and

medicine. With respect to medicine, the use of

plant-based materials dates back to ancient civiliza-

tions. There are several ancient written records that

provide evidence regarding use of plant sources of

remedies [1, 2]. The knowledge from ancient

systems of plant-based remedies has also been used

by the modern pharmaceutical industry. There is

thus an immense potential for discovery of new

drugs from plants based on the ethno-medicinal data

[3, 4]. About one-third of currently available drugs

come from natural products that have a plant origin

[5]. Even though plant-based remedies have much

potential towards advancing modern medical treat-

ments, research continues to lag behind (especially

when compared to the interest in developing

synthetic drugs for commercial use) [6]. This may be

partly because conventional plant drug discovery

methodologies can be slow and expensive [7].

Nonetheless, there may be utility to increase research

in the area of medicinal plants. The available literature

and resources in this area is generally scattered, which

hinders the ability to readily leverage available infor-

mation about medicinal plants. There are several

computational approaches for analyzing the diversity

of compounds. These approaches have played a sig-

nificant role in computer-aided drug design [8]. The

field of drug design and discovery from medicinal

plant requires the application of such approaches for

quicker and efficient progress so as to cope up with the

continually demanding pharmaceutical needs.

Bioinformatics offers a suite of essential techniques

for analyzing and interpreting huge volumes of

information generated using molecular biology-

based techniques. With the advancement of

Vivekanand Sharma is a PhD student in the Department of Microbiology and Molecular Genetics at the University of Vermont.

IndraNeil Sarkar is the Director of Biomedical Informatics in the Center for Clinical and Translational Science, as well as an Assistant

Professor in Microbiology and Molecular Genetics as well as Computer Science at the University of Vermont. His research involves the

development of biomedical informatics methods across the entire spectrum of life, from molecules to populations.

Corresponding author. Indra Neil Sarkar, Center for Clinical and Translational Science, University of Vermont, 89 Beaumont Avenue,

Given Courtyard N309, Burlington, VT 05405, USA. Tel: þ1-802-656-8283; Fax: þ1-802-656-4589; E-mail: neil.sarkar@uvm.edu

BRIEFINGS IN BIOINFORMATICS. VOL 14. NO 2. 238^250 doi:10.1093/bib/bbs021
Advance Access published on 15 May 2012

� The Author 2012. Published by Oxford University Press. For Permissions, please email: journals.permissions@oup.com



highthroughput techniques, such approaches have

become essential in analyzing and integrating data to

infer knowledge from a whole systems point of view.

To increase our understanding of cellular processes

associated with plants, an in depth analysis of genomic,

proteomic and metabolomic information is required.

Bioinformatics approaches offer essential tools for the

identification of genes and pathways that may be

associated with important bioactive secondary metab-

olites from medicinal plants [9].

This review focuses on describing potential appli-

cations of computational methodologies for the

overall advancement of plant-based drug discovery.

Different areas are explored where use of such

approach can lead to valuable findings in a cost and

time efficient manner. Aspects related to the integra-

tion of scattered information, analysis of molecular

data, drug discovery and design, authentication and

toxicology are discussed with focus on computa-

tional methods.

HARNESSING LEGACY
KNOWLEDGE ABOUTMEDICINAL
PLANTS
Usage of plant sources for medicinal purpose has

existed for a long period of time. Early knowledge

about medicinal uses of plants can be traced back to

ancient civilizations, including those from Ancient

Egypt, Mesopotamia and the Indus Valley [2, 10,

11]. There exist hundreds of ancient manuscripts

about the ethnobotanical uses of herbs. This

pre-existing knowledge base can be used in identifi-

cation and designing pharmacological products from

plants. Ethnobotanical knowledge bases may have

immense potential to provide leads for modern day

pharmaceutical drugs. For example, the identifica-

tion of prostratin, which is used against HIV for its

role in activating latent T-cell pools [12], was done

using ethnobotanical work in Samoa [13].

A major challenge that exists for the development

of ethnobotanical knowledge bases is that the current

information related to plant substances for medicinal

purposes is scattered and mostly embedded within

literature in unstructured (i.e. natural language)

form. Thus, it is important to develop techniques

that can extract, store and present data in a useful

format for subsequent data mining. Data mining

techniques can then be enhanced to provide solu-

tions for developing targeted bioprospecting and

screening strategies. For retrospective knowledge,

digitization of historical texts is a first step, such as

being done by initiatives like the Biodiversity

Heritage Library (http://www.biodiversitylibrary.

org/) and the China-US Million Book Digital

Library Project (http://www.cadal.zju.edu.cn).

However, extracting potentially valuable

information from these digitized texts does pose a

significant challenge. Automated algorithms for char-

acter recognition can be used for extracting some

information from the historical texts. This has been

demonstrated by applying automated information

extraction techniques on the 17th century herbal

text, AmboneseHerbal [14]. The automated techniques

were able to identify several medicinal plants that

had valid evidence from contemporary sciences as

well. For example, Ceiba pentandra was identified for

its use in treating headaches. Cross-referencing this

result with contemporary studies validated the anal-

gesic and anti-inflammatory properties proposed in

the historical text. Plant names can then be identified

with string matching algorithms [15]. Additionally,

extraction routines can also be used to identify treat-

ments (passages of text in a document that provide a

description for a particular taxon and its related fea-

tures) [16]. There are a number of major linguistic

challenges that are associated with analyzing old

herbal texts. For example, the names used to refer

to plants can vary across resources. The process of

taxonomic name recognition has become an increas-

ingly important area in named entity recognition

[17], and is especially relevant for plant species

name identification. Additionally, the terms or

phrases used to describe the symptoms, diseases and

treatment is diverse and can thus be hard to relate

with those currently used. However, the extraction

of information from text does not necessarily equate

to semantic understanding. Natural language pro-

cessing approaches can help overcome challenges

faced in data parsing, extraction and organizing un-

structured text as a structured data [18]. This then

sets the framework for indexing the digitized text as

usable data using ontology-based indexing systems

[19]. Indexing of information in this type of a se-

mantic way will potentially result in the integration

of legacy knowledge into a form that can be used to

complement contemporary knowledge sources.

After legacy knowledge related to plants is identified

and the appropriate treatments are extracted and se-

mantically organized, a next step is to integrate with

recent knowledge. Use of semantic-based technolo-

gies has been proposed for integrating heterogeneous
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data sources, as described by Samwald et al. [20]. In

the context of medicinal plants, their work has spe-

cifically shown how a semantic web approach can be

used to find evidence for important pharmaceutical

compounds from Chinese medicine to treat psycho-

logical disorders [20]. Another significant effort in

this direction is the development of semantic

e-Science infrastructure for Traditional Chinese

Medicine (TCM) system. This semantic resource

uses domain ontologies to support large-scale data-

base integration from heterogeneous sources [21].

Historically, accumulated legacy data can provide

a valuable resource to set the stage for the identifi-

cation of novel pharmacological compounds.

Extracting and organizing the huge magnitude of

such data may highlight plants of interest in the

context of biomedicine. Advances in data mining

techniques offer some promise toward efficiently

handling this process. Nonetheless, there will

continue to be a need to integrate legacy data with

contemporary knowledge to fully appreciate the po-

tential of medicinal plants.

MEDICINALPLANTDATABASES
The volume of information related to medicinal plants

accumulated over the ages and those being generated

by contemporary methodologies require a common

platform for consolidated and integrated access.

Several databases have been developed for cataloguing

information related to one or more aspects of

medicinal plants, such as ethnobotany, bioactive me-

tabolites, pharmacological uses, genomic or tran-

script-based information, molecular targets of active

ingredients, etc. In addition to data available through

resources that are specific to medicinal plants, infor-

mation related to medicinal plants can also be found

embedded within the realm of general taxonomic,

chemical and molecular data sources {e.g. at the

National Center for Biotechnology Information

(NCBI) [22], Kyoto Encyclopedia of Genes and

Genomes (KEGG) [23] and KNApSAcK [24]}.

Here, we provide some of the examples of databases

that provide useful information related to medicinal

plants. The International Ethnobotany Database

(ebDB) is a noncommercial repository for ethno-

botanical data supporting multilingual functionality

(http://ebdb.org). This database contains a broad

feature set and is designed specifically for ethnobotan-

ical research providing complete location informa-

tion, strong searching and data export features.

NAPALERT is a database designed for identification

and analysis of experimental data related to natural

products including those from plant sources [25].

This database provides information through analysis

of existing literature and its contained data. The

United States Department of Agriculture (USDA)

maintains a database for medicinal plants where

short descriptions are provided for associated bioactive

metabolites and their medicinal uses. This database,

which is maintained by Dr Park, also provides a

compilation of medicinal plants associated with six

disorders: (i) inflammation; (ii) heart disease; (iii)

obesity; (iv) hypertension; (v) kidney disease; and

(vi) diabetes (http://www.pl.barc.usda.gov/usda_in-

fo/disease_intro.cfm?id¼39). Dr Duke’s Phytoch

mical and Ethnobotanical Database (http://www

.ars-grin.gov/duke/) is another database at the

USDA that contains detailed information for medi-

cinal plants, their taxonomy, active ingredients and

therapeutic importance. A noteworthy compilation

of TCM knowledge into an evidence base for scien-

tific evaluation is the Traditional Chinese Medicine

Information Database (TCM-ID) [26, 27]. This

database provides comprehensive information related

to TCM prescriptions, herbal constituents, molecular

structure and functional properties of active ingredi-

ents, clinical indications as well as therapeutic and

toxicity effects. TCM-ID has been evaluated for its

ability to develop testable leads for drug discovery by

Chen, et al. (2006) [28]. A resource that provides

valuable information from pharmaceutical research

perspective is the database for Herb Ingredient’s

Target (HIT) [29]. This database contains information

related to therapeutic targets for herbal ingredients

from TCM and has a user-friendly search interface

(including keyword and similarity searches) providing

links to other sources like the Therapeutic Target

Database (TTD) [30], KEGG [23], Protein Data

Bank (PDB) [31], Uniprot [32], Pfam [33], NCBI

[22], TCM-ID [26, 27]. There are several other

databases that are specific to geographic regions. For

example, CMKb is a resource for Australian aboriginal

medicinal knowledge base [34], which catalogs

information related to taxonomy, phytochemistry,

biogeography, biological activities and images of

medicinal plants. The different species included in

the database are linked to information sources from

Integrated Taxonomic Information System, NCBI

Taxonomy, Australia’s Species links-integrated

botanical information system and Google images.

The bioactive metabolites are linked with PubChem
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within the chemoinformatics module of CMKb.

Functions for editing and visualization of molecules

are also included. Another regional database is

Raintree (http://rain-tree.com/ethnic.htm), which

contains specific information about ethnic and

therapeutic uses of plants specifically from Amazon

rainforest. This database contains taxonomic data,

phytochemical information, ethnobotanical data and

links to clinical abstracts. The various menus and pages

linked to database files are designed to provide avail-

able information to professionals as well as to those

who are new to medicinal plants.

In addition to phytochemical data, there may be

value in cataloging genomic or transcriptomic know-

ledge about medicinal plants. The NCBI at the

United States National Library of Medicine hosts

‘Plant Genome Central’, which provides genome

and Expressed Sequence Tags (ESTs) resources

resulting from large-scale sequencing projects. One

significant challenge with the volumes of EST data

sets is that they are often poorly organized.

Furthermore, EST data may be of poor quality and

contain vector contamination. For transcriptome-

based information related to plants, the EGENES

database provides a platform for efficient analysis of

plant ESTs by linking of genome information with

higher order functional information [35]. The overall

process involves sequence cleaning, repeat masking,

vector masking, sequence assembling and KEGG an-

notation. EGENES attempts to capture all reactions

and pathways in plants based on EST information.

However, the utility of this resource is limited by the

low number of plant species listed. An interesting

effort specifically developed for medicinal plants is

the Medicinal Plants Genomics Resource (MPGR:

http://medicinalplantgenomics.msu.edu/). The goal

of MPGR is to make available transcriptome and

metabolome information from taxonomically diverse

medicinal plant species. At present, this database con-

tains assemblies of transcriptomes from 11 different

medicinal plants.

There is a need to build a comprehensive resource

for integrating legacy information with contempor-

ary knowledge related to medicinal plants. Such a

resource should provide a link between traditional

sources with recent experimental evidence arising

from on-going research endeavors relating to plant

materials. For example, a catalog of potential medi-

cinal plants could be linked with results from clinical

trials involving plant-derived treatments and their

associated toxicological studies.

TOOLSANDAPPROACH TO
ANALYZETHEMOLECULAR
INFORMATION
A limited number of plants have whole-genome

sequence data available. To date, the majority of gen-

omics resources for plants have come from ESTs.

Transcript-level information could be valuable to

molecular biology-based research relative to

medicinal plants. Transcriptome data has been used

to identify putative genes and networks involved in

secondary metabolite production in medicinal plants

[36–38]. Analysis of transcriptome data can also be

helpful in predicting transcription factors, response

elements and effector genes involved in bioactive me-

tabolite synthesis [39–41]. For example, ethylene re-

sponsive element binding genes were analyzed in

Salvia militiorrhiza [42]. Another example is the iden-

tification of miRNAs, their targets and transcription

factors involved in secondary metabolism pathways

from Salvia sclarea L. [43]. Once EST data are gener-

ated and assembled, an essential next step is annota-

tion. There are several resources like KEGG genes,

SwissProt, TAIR, NCBI’s nonredundant and

nucleotide databases that provide a platform for

annotation of sequence data. EST data can also be

used for mining of molecular markers [44–46].

Identification of molecular markers can be used in

studies involving linkage mapping, comparative gen-

omics, identification of different species and distribu-

tion of genes on chromosomes [47–50]. Compared to

other EST-based markers, Simple Sequence Repeat

(SSR) markers have been shown to be most advanta-

geous because of their multi-allelic nature, reprodu-

cibility, codominant inheritance, high abundance and

extensive genome coverage [51]. SSRLocator is an

example of a computational approach for detection

and characterization of SSRs and mini-satellite

motifs [52].

Bioinformatics approaches can be used to create

coexpression networks from transcriptome data, pro-

viding possible leads to gene discovery in related

plant species. In particular, the use of comparative

genomics provides basis for exchange of information

among the different species. Plant-specific data sets

can be retrieved from PLEXdb [53], GEO [54] and

EBI ArrayExpress [55]. Coupled with the study of

coexpression networks, it may be possible to discover

genes of interest and their function. For example,

transcriptome data from barley have been collected

and used to create a coexpression network [56].

Results from coexpression analyses were further
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used to derive subnetworks (‘modules’) associated

with biological functions, with particular emphasis

given to identifying modules related to drought

stress and cellulose biosynthesis. This genome scale

sequence comparisons have been shown to reveal

several Triticeae species-specific genes that are

related to specific regulatory networks [56].

Pathway analysis can be valuable approach for iden-

tifying potential functional roles of genes. The KEGG

is a resource that provides a platform for pathway ana-

lysis of secondary metabolites from several organisms

[57]. The KEGG Drug database further provides infor-

mation related to two types of molecular networks: (i)

interaction of drugs with target molecules and (ii) bio-

synthetic pathways of natural products in various

organisms. KEGG Drug contains chemical structures

or components of prescription and Over-The-Counter

(OTC) drugs as well as drugs from TCM [58]. This

information could potentially be used for drug discov-

ery from the genomes of plants. Another resource for

pathway analysis of secondary metabolites indexed in

KEGG is PathPred [59]. PathPred is web server that

predicts pathways of multi-step reaction for a given

query compound, starting with a similarity search

against the KEGG COMPOUND database. This

server was designed for pathways associated with mi-

crobial biodegradation of environmental compounds

and biosynthesis of secondary plant metabolites.

Nonetheless, PathPred reflects generalized reactions

shared among structurally related compounds.

With a myriad of advances in ‘omic’ technologies,

bioinformatics plays essential role in facilitating sys-

tems level understanding of metabolic processes.

Integration of transcriptomic and metabolomic data

facilitated by data mining techniques offers many

opportunities to study metabolic pathways [60].

Expression patterns of intensities of ESTs and mass

peaks classified by a batch-learning self-organizing

maps revealed regulatory linkages among nutrient

deficiency, primary metabolism and glucosinolate

metabolism [61]. Gene–metabolite coexpression

analysis led to identification of terpene synthase

genes involved in volatile compound formation in

cucumber [62]. Rischer et al. [63] analyzed a gene–

metabolite coexpression network of the medicinal

plant Catharanthus roseus to identify possible genes

and metabolites associated with the biosynthesis of

terpenoid indole alkaloids. Integrated gene–metab-

olite expression analyses have thus shown potential

for examining metabolic regulation of nonmodel

plants of potential medicinal value.

Bioinformatics provides essential mechanisms to

analyze bulk information generated from highth-

roughput techniques. In particular, such approaches

have made is possible for the identification of puta-

tive genes, pathways and networks involved in syn-

thesis of bioactive metabolites in medicinal plants. In

addition to facilitating the analysis of high-

throughput data, bioinformatics approaches can be

important for connecting scattered pieces of evi-

dence into meaningful hypotheses thereby generat-

ing potential leads for experimental validation.

APPROACHESTO OPTIMIZE
NATURALPRODUCTUSAGE AND
REMEDIES
Plant extracts often possess more than one active

ingredient that can make it difficult to fully under-

stand the mechanisms of action for plant-based

remedies. Furthermore, herbal drug remedies are

generally prepared using a combination of herbs

[64]. Taken together, these aspects pose serious chal-

lenges toward the rationalization of use of herbal

remedies. Chemical fingerprinting and bioactive me-

tabolite determination can provide some insight into

the chemical and biological activity of such types of

remedies [65, 66]. Characterization of chemical con-

stituents and their respective bioactivities can be im-

portant for standardizing herbal therapeutic

approaches. This aspect can also be important for

quality control. Ideally, the optimum combination

of active components should be determined before

developing herbal remedies. Computational

approaches can address such problems of optimiza-

tion of herbal mixtures, accomodating the variation

in chemical composition relative to the biological

activity of components in herbal remedies. The re-

lationship between chemical composition and biolo-

gical activity can be analyzed quantitatively to predict

the activity of herbal medicine. Such a relationship is

known as Quantitative composition–activity rela-

tionship (QCAR)[67]. This approach is similar to

the Quantitative structure–activity relationship

(QSAR), which depends on structural information

to predict the activity [68] (uses for QSAR are

described in section 6). However, the structural in-

formation for the different chemical constituents of

herbal drugs is generally not available, which renders

QCARs as more applicable. QCAR models are ap-

plicable for determination of optimum combination

of active ingredients in herbal remedies. However,
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this approach seems to assume that activity of a mix-

ture of herbs can be associated with a relatively small

number of components. Although the prediction ac-

curacy of QCAR model is higher than QSAR

model, the overall accuracy still remains low. The

utility of this model can be improved by more care-

ful experimental design and precise bioassays [69].

Machine-learning techniques have been used to

build QCAR models. A hybrid Genetic

Algorithm-Artificial Neural Network approach to

build a computational prediction QCAR model

was proposed by Nayak et al. [70]. This model eval-

uated the optimal combination of constituents in a

herbal-based remedy for diabetes. Additional

approaches using Multiple Linear Regression,

Artificial Neural Network and Support Vector

Machines have also been shown to effectively

model relationship between chemical composition

and activity relationship [69]. In their study, they

used their QCAR model (ANN based) to predict

the optimal combination for components of

Qi-Xue-Bing-Zhi-Fang (QXF), a TCM treatment

of cardiovascular disease that decreases plasma lipid

levels. The computational results were examined by

administering the combinations to rats fed on a high

cholesterol diet. The predicted optimal combination

significantly reduced the total plasma cholesterol

level, thereby validating the model predictions.

Fuzzy logic-based approaches have also been pro-

posed to identify the best possible remedy from

thousands of candidate plants [71].

To develop a holistic understanding of the

multi-component or multi-species nature of herbal

remedies, network-based systems biology appoaches

have also been proposed [72–75]. The details of

network-based approaches in the context of TCM

pharmacology and drug discovery has been reviewed

previously by Zhao et al. [75]. This review also de-

scribes case studies that focus on demonstrating the

utility of applying such approaches. Such

network-based analyses may allow for the pharma-

cological evaluation of complex recipes leading to

development and standardization of optimal reme-

dies. The utility of network-based approaches can be

best described through two examples.

In the first example of a network-based approach,

Li et al. [73] proposed a technique for uncovering

combination rules of TCM. They developed a

Distance-based Mutual Information Model

(DMIM) for identification of relationships of interest

among herbs in different TCM formulae. This

DMIM model involves a combination of mutual in-

formation entropy and between-herb-distance

metrics to score herb interactions and constructs an

herb network with the potential to uncover com-

bination rules of TCM. In addition, they provide the

concept of ‘comodules’ across multilayer herb–bio-

molecule–disease network to explore the combin-

ation mechanism. This network-based strategy

identified strongly connected herbs and herb pairs

with potential angiogenic activity. Results were

experimentally evaluated using in vitro assays where

DMIM extracted modules of herb and herb

interactions displayed angiogenic activities and syn-

ergistic effects.

In a second example of making use of a

network-based strategy, Li et al. [72] proposed syn-

ergistic combinations that could be used in a high-

throughput way. In this work, they developed a

Network target-based Identification of Multicom-

ponent Synergy (NIMS) algorithm that consists of

two components: Topology Score and Agent

Score. The topology score is generated from the

topological features of the background network

related to disease condition and drug actions, while

the agent score is based on the similarity of agent

phenotypes. These scores are used to calculate a

Synergy Score that is used to rank the synergistic

effect of agent combinations. This NIMS model

was used to prioritize synergistic combinations

among 63 agents used in TCM with respect to

their effect on angiogenesis. Based on the output,

known synergistic combinations were highly

ranked. The predicted combinations were further

examined using in vitro assays for angiogenesis

where the efficacy of a synergistic combination was

scored. The scores from in vitro assays followed the

same order as predicted by the NIMS model.

In the context of herbal remedy optimization, it

may also be important to consider that many plant

species have documented evidence for use in treating

different diseases. Even for a single disease, there may

exist a multitude of associated medicinal herbs.

Additionally, several factors (e.g. availability, active

compound, adverse effect, dose and price) can play

a role in determining the suitability of a plant as

possible effective medicinal source. There is great

opportunity for the bioinformatics community to

leverage heterogeneous data integration, machine-

learning approaches and network-based approaches

for identifying possible combinations of medicinal

plants that might be used for efficacious treatments.
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DISCOVERYOF NEWDRUG
SOURCESANDBIOACTIVE
METABOLITES
Numerous plant species have been used for a variety

of medicinal purposes, including those that have

become commercially important drugs (e.g. dios-

genin from Dioscorea nipponica [76] and analgesic

aspirin from willow bark (Salix sp.) [77]). There is

thus immense potential that could be harnessed

from the biodiversity within the plant kingdom.

Traditional ethnobotanical patterns of uses have

driven the identification and purification of many

important compounds and drug formulations [3, 4].

Bioscreening of plant-based products guided by trad-

itional knowledge has also provided an approach for

discovery of potential new sources for drugs [3].

Computational approaches may be a cost-effective

strategy to identify new plant sources and associated

active ingredients, as well as used to uncover patterns

in phytochemical data and drive the discovery of

new pharmaceutical products. One such approach

involves the combining of phylogenetic analyses

with phytochemical studies. This approach is built

on the premise that closely related plant species

may share similar biochemical properties. Indeed,

the distribution of medicinal properties has been

shown to follow the phylogenetic pattern of plant

species [78, 79]. This idea can be used to predict

potential candidates while looking for new plant

sources based on chemical similarities. The efficacy

of such a phylogenetic-based approach has shown

promise for identifying potential drugs from the

Pterocarpus and Narcissus genera. For example, results

of phylogenetic analyses indicate that therapeutic

activity is significantly constrained by evolutionary

history, which provides a basis for selection of

target species that may warrant further evaluation

[80, 81]. In a similar approach, a phylogenetic ana-

lysis of 32 taxa of Amaryllidaceae tribe Galantheae, 6

taxa of other Eurasian genera of Amaryllidaceae was

carried out with Phaedranassa dubia as outgroup. The

phylogenetic analysis was further coupled with alkal-

oid profiles for 18 taxa using gas chromatography–

mass spectrometry (GC–MS) and an assay measuring

inhibition of acetylcholinesterase (AChE) activity.

AChE inhibitory activity was found in all investi-

gated clades and could be correlated with alkaloid

profiles of the plants. However, the lowest IC50

values were expressed by extracts containing either

galanthamine or lycorine type compounds [82].

Phylogenetic analysis coupled with chemical and

activity data from this study thus evaluates the

important species within the tribe Galantheae with

respect to their AChE inhibitory activity.

Based on the available knowledge related to sec-

ondary metabolites from plants, machine-learning

approaches have also been shown to be effective

[83, 84]. Neural networks have been applied in the

classification and prediction of complex compounds

in the field of chemistry [85]. The application of

neural networks has also been used in commercial

drug designing. However, there have been few pub-

lished studies to date that have used this approach in

study of plant-based products. A notable exception is

a chemical taxonomy study in the Asteraceae genus

that used neural networks to predict the occurrence

of secondary metabolites [86]. Xue et al. [84] used a

probabilistic neural network for classification of

anticancer activity in molecules derived from plant

extracts. In this study, a classification model was gen-

erated that describes the essential structural features

for anticancer agents. The models were then used to

understand the factors that govern the anticancer

activity of molecules under consideration, with the

goal to identify potential drugs from plants. They

used a data set of 102 compounds screened for

their in vitro anticancer activity in the human rhino-

pharyngocele cell line KB. Based on their anticancer

activity (known ED50 values), the data set had

compounds that could be grouped as higher, high,

moderate and low activity agents. This data set was

divided randomly into training, cross-validation and

test sets. The training and cross-validation set were

used to adjust the parameters of PNNs. The test set

was then used to evaluate the performance of the

trained network. The predictions for this test set

were in conformity with experimental values and

supported by 90.9% accuracy.

The QSAR-based approach has been widely used

in drug designing and testing. QSAR-based models

have been used in the prediction and identification

of the bioactive secondary metabolites from medi-

cinal plants [87–89]. For example, a QSAR-based

study explored the immunomodulatory compounds

from derivatives of coumarinolignoids [89]. This

approach involved development of QSAR model

and predicted the immunomodulatory activities

(logLD50 values) of three cleomiscosin molecules

(A, B and C). The results from the prediction

models were shown to be comparable with the

experimentally determined log LD50 values in an

in vivo toxicity model. QSAR studies in medicinal
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plants have aimed at correlating the structural aspects

of compounds with biological activities. They can

thus provide insight into the possible mechanism of

action of bioactive compounds. Collectively, QSAR

models can be used for discovery of potentially new

active ingredients based on structural similarities to

known compounds.

Another computational approach that can be used

in plant-based drug discovery is virtual screening.

Using large libraries of plant-based chemical metab-

olites available, structure-based virtual screening

mine for potential drugs [88, 90]. Petersen et al.
[88] used such an approach to identify naturally

occurring substances that can be used as agonist for

PPAR gamma. Their approach involved creating a

virtual pharmacophore model from 13 PPAR

gamma partial agonists and then virtually screening

it for plant derived natural products from the

Chinese Natural Product Database (CNPD). The

virtual screening revealed that an oleoresin

(Oleanonic acid) from Pistacia lentiscus was a potential

suitable naturally occurring ligand. Effect of oleano-

nic acid on PPAR gamma activity was subsequently

experimentally examined in cell lines transiently

transfected with luciferase reporter under the tran-

scriptional control of a fusion of Gal4 DNA binding

domain and human PPAR gamma ligand binding

domain. Treatment with oleanonic acid resulted in

transcriptional activation of PPAR gamma in a

dose-dependent manner. However, applicability of

virtual screening-based approach does have some

limitations arising from vast phytochemical space,

higher number of conformations of receptor arising

as a result of rotatable bonds and difficulties in

calculation of binding affinities [91].

Bioinformatics approaches toward evaluation of

patterns among phytochemical data shows the im-

mense potential for identification of new drug

candidates. In particular, the application of ma-

chine-learning techniques for analysis of computa-

tional models and classification of phytochemicals

can be used to narrow down the search for new

sources. In addition, bioinformatics approach in con-

text of network systems biology for facilitating drug

discovery shows promise. Studying the pharmaco-

logical aspects in a network perspective may provide

essential tools for designing drug discovery strategies.

A few examples of the application of this approach

the field of plant-based medicine was provided in

‘Approaches to Optimize Natural Product Usage

and Remedies’ section. Arrell et al. [92] review

opportunities and applicability of network systems

biology in general context of drug discovery.

Taken together, in silico methodologies may be an

important approach to reduce the cost and time

involved by conventional screening strategies.

AUTHENTICITYOF PLANT
MATERIALS (DNA BARCODING)
There are numerous plants that may be of medicinal

importance based on their characteristic bioactive sec-

ondary metabolites. However, the efficacy of drugs

derived from plant sources depends on the reliable

identification of correct source plants. There have

been documented instances where the usage of incor-

rect plant material resulted in poisoning. For example,

in Europe several cases of renal failure were reported

due to incorrect use of the poisonous plant Aristolochia
fangchi [93]. Another instance was due the incorrect

use of Japanese star anise (Illiciumanisatum) in an herbal

tea mixture, which resulted in nausea and vomiting

after consumption [94]. To avoid these kinds of inci-

dents, a more reliable method than physical charac-

teristics of plants is required. DNA-based markers

have shown to be an efficient and reliable means of

correctly identifying species. DNA barcodes are built

on a standardized short sequence of DNA from a small

region of an organism’s genome that can differentiate

the species from others in the same kingdom [95, 96].

For animals, the chosen sequence is from the mito-

chondrial gene cytochrome c oxidase subunit 1

(CO1). There has been previous controversy about

which marker should be used for plants [97]. After

initial studies showing the efficacy of a matK-based

barcode for angiosperms (which constitute the major-

ity of land plants) [98], it and rbcL were chosen in

combination to be used as the plant barcode [99].

The utility of a DNA barcoding system to serve as

a standard way for species identification will depend

on public interfaces that can match DNA barcode

sequences from an unidentified species using com-

prehensive libraries of plant barcodes. A generalized

platform for barcode-based classification is the

Barcode of Life Database (BOLD) [100]. Different

classification algorithms can be leveraged from the

Barcode of Life Data Portal [101]. Within the spe-

cific context of medicinal plants, the Medicinal

Materials DNA Barcode Database (MMDBD) [102]

integrates available information on medicinal plants

along with their DNA barcodes and provides bio-

informatics tools for searching and sequence
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comparison. A significant bioinformatics challenge

posed by the plant barcode is that the classification

methods need to accommodate multi (two) bar-

codes. Kress and Erickson have reviewed the needs

for designing appropriate algorithms for searching

barcode database [97].

SAFETY EVALUATIONAND
TOXICOLOGYSTUDIES RELATED
TOMEDICINALPLANTS
Study of the toxicological profile of a given drug is

an important step in drug discovery process. Adverse

drug reaction can pose a severe threat that can lead to

significant complications and perhaps even death. It

is thus imperative to have a clear understanding of

potential hazards associated with new drugs. As a part

of regulatory decisions, appropriate risk assessments

studies are required for a potential therapeutic [103].

As such, a large number of drugs fail to reach the

market due to potential risk. For pharmaceutical

chemical drugs, there are several stages involved in

preclinical toxicology testing [104]: (i) acute studies;

(ii) repeated dose studies; (iii) genetic toxicity studies;

(iv) reproductive toxicity studies; (v) carcinogenicity

studies; and (vi) toxicokinetic studies. Even though

plant sources may be widely used, there is a lack of

comprehensive toxicology data related to plant

materials. Toxicology studies are an important part

of safety assessment in developing and standardizing

drugs from plant materials [105, 106]. Very few

phytochemicals have been tested for their associated

toxicity. Toxicological studies and safety evaluations

can involve significant expenses. For example,

carcinogenic toxicity in rodent models can cost

approximately $3 million for each standardized

study [107]. Computational approaches can offer a

cost-effective method to eliminate unsafe products at

initial stages of safety assessment [108]. The QSAR

has been shown to be an insilico approach for toxicity

assessment. Valerio et al. [107] have shown how

QSAR-based tools (LMA [109] and MC4PC

[110]) can be used in the modeling and prediction

of rodent carcinogenicity for phytochemicals. They

tested the predictive performance of two QSAR-

based tools approved by FDA on a set of phyto-

chemicals with known carcinogenic potential and a

set of synthetic chemicals. MC4PC displayed pre-

dictive performance for predicting noncarcinogens.

However, the overall performance for predicting

carcinogens was poor for both MC4PC and LMA.

Statistical learning methods can also be applied in for

toxicology testing. These methods do not put

restrictions on the features of structures or types of

molecules that can be used for predicting the toxicity

of a given chemical [111–113]. Statistical learning

methods focus on general structural and physico-

chemical properties rather than structural and chem-

ical types. Although they have not been reported for

use in testing the toxicology of phytochemicals, stat-

istical-learning methods have been successfully

applied for several chemical compounds. However,

the performance of these methods can be practically

limited by the quality of molecular descriptors,

diversity of training and testing data and the effi-

ciency of statistical learning algorithm. Li et al.
[114] have evaluated a number of such methods

for predicting genotoxicity of chemical compounds

[including Probabilistic Neural Network (PNN),

k-Nearest Neighbor (kNN), Support Vector

Machine (SVM) and Decision Tree (DT)]. In their

study, Li et al. used agents with known genotoxicity.

They divided the compounds randomly into five

subsets of equal size. Four subsets were used as

training set and the fifth as testing set. Evaluation

by an independent validation set was carried out by

dividing the compounds into training, testing and

independent validation sets. Their results show com-

parable accuracies for SVM, kNN and PNN with

SVM giving highest accuracies (77.8% for positive

and 92.7% for negative genotoxic agents).

A related field that also aims at improving the

screening of chemicals for toxicity by being quicker

and cheaper is toxicogenomics. Toxicogenomics is

the integration of genomics and toxicology for

investigating the molecular mechanisms associated

with the expression of toxicity. Toxicogenomics fur-

ther aims to derive molecular expression patterns that

can predict toxicity. The importance of toxicoge-

nomics in the field of TCM and the methodology

currently used has been reviewed by Youns et al.
[115]. This review also highlights the importance

of bioinformatics for predicting molecular actions

of different classes of toxicants and for refining path-

ways to distinguish the effect of different agents that

represent a range of toxic effects.

CONCLUSION
Plants can be a valuable source of pharmacologically

important compounds. However, plant-specific re-

search has been hampered by a number of resource
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challenges. Conventional, mostly manual bioscreen-

ing strategies for identifying and studying medicinal

plants have not been sufficient to keep pace with

current pharmaceutical needs. Bioinformatics

approaches may provide an essential set of tools for

designing efficient and targeted searches for

plant-based remedies. This review highlighted the

different aspects associated with medicinal plant

research where bioinformatics strategies could be

employed to attain significant progress. The combin-

ation of bioinformatics strategies may enable a new era

of plant-based drug discovery.

Key Points

� Plants havebeenused as a source ofmanydrugs used in contem-
porary medicine and may still be an important source for new
drugs.

� Data associated with medicinal plants are scattered and gener-
ally unlinked, which limits the potential to identify new sources
for drugs.

� Bioinformatics approaches can facilitate identification of poten-
tial plant sources for future therapeutics.
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