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Abstract
Chemicals derived from plants (phytochemicals) are major
concepts of interest in the study of medicinal plants. To date,
efforts to catalogue and organize phytochemical knowledge
have resorted to manual approaches. This study explored the
potential to leverage publicly accessible semantic knowledge
sources for identifying possible phytochemicals. Within the
context of this feasibility study, putative phytochemicals were
identified for more than 4,000 plants from the Medical Subject
Headings Supplementary Concept Records and the Semantic
MEDLINE Database. An examination of phytochemicals
identified for five selected plant species using the method
developed here reveals that there is a disparity in electronically
catalogued phytochemical knowledge compared to information
from Dr. Duke’s Phytochemical and Ethnobotanical Databases
maintained by the United States Department of Agriculture.
The results therefore suggest that semantic knowledge sources
for biomedicine can be utilized as a source for identifying
potential phytochemicals and thus contribute to the overall
curation of plant phytochemical knowledge.
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Introduction
A major facet of ethnobotany, the study of human uses of plant
species, is the identification of chemicals that may have an
active role in potential medicinal effects [1]. Such chemicals,
referred to as “phytochemicals,” are identified through a range
of extraction and analysis techniques [2]. Reports of
phytochemicals associated with a given plant species are then
catalogued in monographs or articles that provide description
of their actions and constituency. A major foundational step in
evaluating the potential medicinal utility of a given plant
species therefore requires a listing of associated
phytochemicals. The process for identifying and recording
phytochemical information is mostly manual, labor intensive,
and costly.
A limited number of electronic databases exist, including
Natural Products Alert (NAPRALERT) [3] and Dr. Duke’s
Phytochemical and Ethnobotanical Databases (Dr. Duke’s) [4],
and are artifacts of manually curated resources (e.g., more than
200,000 articles for NAPRALERT and a limited number of
monographs for Dr. Duke’s). Maintenance and updating
information within such databases can be difficult due to
challenges in available resources that are not able to keep up
with the growing volume of knowledge.

Within biomedicine, there have been significant advances in
developing computational approaches for identifying relevant
entities from electronically accessible literature resources. Such
approaches commonly utilize publicly accessible biomedical
knowledge sources, which are enriched with semantic
information that facilitates the inference of putative
relationships. Those resources of note include the Medical
Subject Headings (MeSH) Supplemental Concept Records
(SCR) [5], the Unified Medical Language System [6]
Metathesaurus (UMLS Meta), the UMLS Semantic Network
(UMLS SN), and the Semantic MEDLINE Database
(SemMedDB) [7].
MeSH SCR provides an index of chemicals, drugs, and other
concepts of interest to MeSH descriptors (which are, in turn,
used for cataloguing biomedical artifacts such as publications
in MEDLINE). UMLS Meta is a collection of more than two
million biomedical concepts collected from more than 200
classifications, codings, thesauri, and controlled vocabularies
organized based on synonymy and discernable relationships
between concepts. UMLS SN is a set of broad subject
categories that organize concepts from UMLS Meta and
relationships among them [8]. Finally, SemMedDB is a
database of more than 80 million semantic predications
(subject-predicate-object triples), which have been extracted by
the SemRep [9] natural language processing tool and underpin
the Semantic MEDLINE system [10].
Biomedical knowledge resources are thus designed with at least
two purposes, to:
1. Facilitate information retrieval tasks; and
2. Support identification of putative relationships
between biomedical concepts.
With regards to the latter, a number of studies have
demonstrated how the aforementioned resources can be
leveraged for the identification of disease risk factors [11],
clinical adverse events [12], disease relationships based on
genetic knowledge [13], gene-disease relationships [14], as
well as many others. To date, there have been no studies
exploring the potential to leverage biomedical knowledge
sources for the identification of phytochemicals.
The purpose of this feasibility study was to develop an approach
to identify phytochemicals from MeSH SCR and SemMedDB
using biomedical concepts indexed in UMLS Meta. In addition
to identifying putative phytochemicals, a detailed manual
comparison of predicted phytochemicals was done for five
selected plant species.
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Methods
Recent versions of MeSH, UMLS Meta, UMLS SN, and
SemMedDB were accessed from a local MySQL database. The
list of plant species that were analyzed for this study originated
from NCBI Taxonomy. Processing and analysis of data were
done through programs written in Julia [15]. A graphical
overview of the process for identifying chemicals associated
with plants is shown in Figure 1.
Identification of Chemicals from MeSH SCR
MeSH was queried for each plant species name using an exact
match of all plant names from NCBI Taxonomy, resulting in a
set of entry terms. For each entry term, the associated MeSH
descriptor was identified. When available, additional relevant
MeSH descriptors and associated entry terms were identified
through entries in the “See Also” (FX) field. Only FX field
entries of UMLS semantic type “Organic Chemical” (T109;
‘orch’) or “Pharmacological Substance” (T121; ‘phsu’) were
included. For the final set of MeSH descriptors, chemical
names and corresponding UMLS Meta concept unique
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identifiers (CUIs) were retrieved by querying the MeSH SCR.
The overall process used to identify chemicals from MeSH
SCR is graphically depicted in Figure 1 as A1-A7 (green
arrows; top half of figure).
Identification of Chemicals from SemMedDB
For each plant species name from NCBI Taxonomy, three
queries were made of strings indexed in UMLS Meta to identify
a query set of UMLS Meta CUIs:
1. The plant species name itself;
2. The plant species name plus the word “extract”; and
3. The set of MeSH entry terms determined as an
artifact of the previous identification of chemicals
from the MeSH SCR chemical identification process.
All UMLS Meta CUIs for the resulting query set were required
to be of semantic type “Plant” (T002; ‘plnt’). SemMedDB was
then queried with the query CUIs for the given plant for
predications that included one of the following predicate types:
“ISA”, “LOCATION_OF”, or “CONVERTS_TO.”

Figure 1. Overview of Approach for Identifying Chemicals Associated with Plants. Two types of knowledge sources were used to
identify chemicals associated with plant species as listed in NCBI Taxonomy: (A) MeSH Supplemental Concept Records (SCR); and
(B) Semantic MEDLINE. For MeSH SCR, first the full set of MeSH descriptors and entry terms were determined (A1-A5) and then the
MeSH SCR was queried to identify associated chemicals (A6-A7). In addition to the NCBI Taxonomy plant species name (B1), entry
terms from the MeSH SCR search (B2) were used to identify relevant concepts in the UMLS Meta (B3-B4). These concepts were then
searched in Semantic MEDLINE as subject concepts (B6) and restricted to specific predicate types of interest (B7) and filtered for
chemical related semantic types (B8-B9).
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Table 1: Summary of agreement between chemicals associated with selected plants based on information from Dr. Duke ’s versus
the developed approach (phyotkb_chem). For each of the five plant species examined in detail, the number of chemicals
identified by the developed approach from Medical Subject Headings Supplemental Concept Records (SCR) or SemMedDB
(SM), as unique to phytokb_chem (ݑ ), shared by both phytokb_chem and Dr. Duke’s (ܿ), unique to Dr. Duke’s (ݑௗ ), or
chemicals that were catalogued in both phytokb_chem and Dr. Duke’s but were not identified as either as being associated with
a given plant species (ݑௗ ). For each plant species, respective values for the F-measure (fm), Matthews Correlation
Coefficient (mcc), and Cohen’s Kappa (N are shown.
Plant species (common name)

SCR

Calendula officinalis L. (Marigold)
Cannabis sativa L. (Marijuana)
Papaver somniferum L. (Poppy)
Senna alexandrina Mill. (Senna)
Solanum lycopersicum L. (Tomato)

SM

2
42
5
19
0

24
46
64
10
896

The UMLS Meta CUIs for the objects were retrieved. The
candidate objects were filtered for concepts contained within
the “Chemical” (T003; ‘chem’) hierarchy of the UMLS SN
(A1.4.1*). The process used to identify chemicals from
SemMedDB is graphically depicted in Figure 1 as B1-B11
(orange arrows; bottom half of figure).
Evaluation for Selected Plant Species
For a chosen set of five plant species with known
phytochemical properties (Calendula officinalis L. [Marigold],
Cannabis sativa L. [Marijuana], Papaver somniferum L.
[Poppy], Senna alexandrina Mill. [Senna], Solanum
lycopersicum L. [Tomato]), associated chemicals were
retrieved from Dr. Duke’s. A complete list of chemicals listed
in all plants catalogued in Dr. Duke’s was also retrieved.
The full set of Dr. Duke’s chemicals were mapped to UMLS
Meta CUIs by direct lookup; those chemicals that could not be
mapped to a UMLS Meta CUI were not included in the
evaluation. The set of chemicals retrieved through the process
developed in this study (phytokb_chem) were compared to the
set of chemicals from Dr. Duke’s for each plant species of
interest. In addition to a proportional analysis of the chemicals
suggested to be associated with each plant species, three
agreement statistics were calculated with Dr. Duke’s and
phytokb_chem, serving as reference standards to each other:
1. F-Measure (fm), which is the harmonic mean of
precision and recall for a set of classifications:
݂݉ ൌ
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2. Matthews Correlation Coefficient (mcc), which
quantifies the correlation between two classification
systems:
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3. Cohen’s Kappa (N), which ascertains the quality of
the relative accuracy of a given classification system
as a function of true accuracy compared to random
accuracy:
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Where ܿ represents the number of chemicals in common
between Dr. Duke’s and phytokb_chem; ݑ represents the
number of chemicals unique to phytokb_chem; ݑௗ represents
the number of chemicals unique to Dr. Duke’s; and ݑௗ

࢛

ࢉ

࢛ࢊ
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24
77
54
25
810

1
9
14
2
85

61
63
156
29
125

5481
5476
5375
5518
5177

fm
0.023
0.011
0.118
0.069
0.154

mcc
0.103
0.204
0.279
0.179
0.154

N






represents the number of chemicals that are catalogued in either
phytokb_chem or Dr. Duke’s but not accounted for by ݑ or ݑௗ .

Results
A total of 127,597 plant species were searched in MeSH SCR
and SemMedDB, resulting in 4,361 plants having at least one
chemical. The mean number of chemicals per plant species was
9±100 [95%CI 6-12], with an inclusive range of 1 to 5,589
chemicals per plant species. For the five plant species manually
examined relative to Dr. Duke’s, there was little overall
agreement (summary of agreement statistics shown in Table 1),
suggesting that the approach developed here offers potentially
synergistic information about chemicals associated with plant
species. Detailed results are available as supplementary
information at:
https://sites.google.com/a/brown.edu/phytokb/medinfo2019

Discussion
Identification of phytochemicals is an essential aspect in the
study of medicinal plants. In advance of the laborious process
of developing and implementing screening programs for
ascertaining the phytochemicals for a given plant species, it is
paramount to have an understanding of what is known about the
plant species. To date, the process of cataloguing known
phytochemicals relies on a manual curation process. Screening
programs, such as those previously led by the National Cancer
Institute [16], have led to the identification of active chemicals
that have led to significant drugs (e.g., taxol [17]). A major
challenge with such screening programs is the difficulty
associated with developing appropriate protocols for reliable
extraction of phytochemicals [18].
With recent interest in exploring plants as a potential source for
new or complementary therapies [19,20], there is a great need
to develop robust methodologies for identifying knowledge
about plants lest effort be wasted in identifying already known
(but perhaps lost) phytochemical knowledge. As with other
sectors of biomedicine that have leveraged biomedical
knowledge sources, there is a significant opportunity to utilize
automated approaches to determine the latest recorded
information. This feasibility study demonstrates that there is a
strong discordance between existing resources (e.g., Dr.
Duke’s) and phytochemicals that can be identified using the
MeSH Supplemental Concept Records and SemMedDB.
In considering biomedical knowledge sources that may be of
utility for identifying phytochemicals, this study focused on
using MeSH SCR and SemMedDB. The results of this study
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suggest that MeSH SCR and SemMedDB offer complementary
knowledge about chemicals. MeSH SCR data are based on drug
and chemical information that appear in biomedical literature
and can be mapped to MeSH descriptors. As with the MeSH
thesaurus, this well-curated list of associations can generally be
trusted as bona fide associations. However, like the MeSH
thesaurus, it is limited in the scope and range of chemicals listed
based principles for indexing MEDLINE. Resources like the
MeSH thesaurus and MeSH SCR are primarily designed to
facilitate information retrieval tasks (i.e., to identify relevant
literature for a given query). Nonetheless, the results of this
study demonstrate that there is utility in leveraging SCR
information to identify potential phytochemicals.
In contrast to MeSH SCR, SemMedDB consists of a detailed
set of predications that have been determined using a natural
language processing (NLP) system (SemRep). The predications
underpin the Semantic MEDLINE system, facilitating the
process of retrieving relevant biomedical literature based on
semantic relationships between concepts. SemRep based data
have been used in a number of text mining studies (e.g., to
identify interactions between drugs [21] or proteins [22] from
MEDLINE). There have been previous studies in leveraging
NLP approaches for studying medicinal plants [23-25]). The
present study is, to the best of our knowledge, the first to
leverage a predicate extraction system like SemRep for the
identification of plant-chemical associations.
A major limitation in the evaluation of the quality of extracted
relationships is the limited availability of suitable reference
standards. In this study, the phytochemical candidates
identified by the developed system were compared to a popular
electronic catalogue of phytotherapy knowledge (Dr. Duke’s).
However, it is important to note that such resources are not
“true” reference standards, the information catalogued is
incomplete and also may contain inconsistent errors (e.g.,
chemicals like alcohol are often listed as chemical components,
but these are likely artifacts of the phytochemical extraction
process [26]). There is some information about putative
medicinal uses, but these are supported by limited primary
literature. Other resources, like NAPRALERT, have references
to primary literature but also may suffer from incorrectness or
incompleteness. In this study, the comparison was done with
Dr. Duke’s because it is a freely accessible resource. Future
work will expand to include comparisons to NAPRALERT
(which requires a fee for complete access to data on par with
Dr. Duke’s).
Ultimately, it is envisioned that the work presented in this study
will be seen as complementary to resources like
Dr. Duke’s and NAPRALERT. However, there are still some
areas of potential improvement that we consider essential
before the results of the developed system could be seen as a
reliable catalogue. The first is addressing the issue of
identifying chemicals mentioned in literature that are associated
with plants only because of the extraction process (e.g., the
aforementioned alcohol). While this only occurs in a small
percentage of the extractions, it may be easily addressed
through a combination of stop words (which would consist of
chemicals commonly used for extractions) and information
theoretic approaches to identify chemicals that occur
commonly and may not be of interest (e.g., water).
Another area of improvement that is planned includes
developing a confidence score for the chemicals identified for
each plant species. For example, there may be utility in
weighting certain predicates in combination with their relative
frequency in order to identify chemicals that are of interest for
a particular plant species. A more detailed evaluation is needed
for each of the data sources for more than five plant species;
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five plants was chosen to support a manual assessment to verify
potential for species that are known to have phytochemicals.
Nonetheless, the results of this initial study suggest that there is
promise in leveraging biomedical knowledge sources for
identifying phytochemicals that are not currently available in
electronic phytochemical resources such as Dr. Duke’s or
NAPRALERT.
Acknowledging that a given plant species has at least one
thousand phytochemicals, another important contribution of
automated systems such as the one developed here is a
tabulation of reported phytochemicals that may supplement
data which are in resources like Dr. Duke’s or NAPRALERT.
In doing so, one can identify plant species that have been
heavily studied (e.g., those with more than 1,000
phytochemicals, such as Solanum lycopersicum L. [Tomato] as
identified either by the process developed here or in Dr.
Duke’s) versus those that have not had extensive phytochemical
analyses shared in accessible resources (e.g., Calendula
officinalis L. [Marigold] which had only 86 phytochemicals
identified either by the process developed here or in Dr. Duke’s
amidst its long history of medicinal use [27]). The results of this
study may thus be used to continually curate available
electronic literature sources and, in combination with electronic
resources like Dr. Duke’s or NAPRALERT, provide a metric
for identifying plant species that have been understudied. This
would be especially valuable in the context of studying plants
that may have therapeutic indications (e.g., based on
ethnobotanical survey knowledge).
Biomedical knowledge sources are principally aimed at
cataloguing and retrieving information mostly relative to
disease knowledge. This can make it challenging to identify
non-traditional biomedical concepts, such as plant species. In
this study, a combination of MeSH entry terms, MeSH “see
also” entries, and UMLS string lookups were used to identify
the array of relevant concepts for a given plant species. The
source used for taxonomic plant species name in this study was
NCBI Taxonomy, which is limited to organisms that have
associated data in other databases within NCBI (e.g.,
GenBank), and does not necessarily reflect the full set of plant
species that are catalogued in more comprehensive resources
like the International Plant Name Index [28]. Similarly, the set
of chemical names indexed within UMLS Meta is not
necessarily the full set of known chemicals (i.e., the 5405±138
catalogued chemicals that could not be mapped to UMLS; these
were excluded from the evaluation of this study). Future work
will therefore need to utilize a more robust approach for
identifying plant species names and chemical names that can be
added as source concepts for SemRep. Finally, the three target
predicate
types
(“ISA”,
“LOCATION_OF”,
or
“CONVERTS_TO”) used for this study were determined
through manual examination of predications associated with
plant concepts within SemMedDB; there may additional
predications that could be considered (including those that may
be added to SemRep) in future work.
This study focused on analyzing biomedical literature indexed
in MEDLINE. It is our expectation that the techniques
described here may be used to develop approaches to identify
phytochemical knowledge from other sources of electronic
knowledge (e.g., PubMedCentral or the Biodiversity Heritage
Library).

Conclusions
Knowledge about phytochemicals is embedded across a
number of resources, including biomedical literature. This
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study demonstrates how semantic biomedical knowledge
sources can be leveraged to identify potential phytochemicals
from literature based resources, focusing on the MeSH
Supplement Concept Records and the Semantic MEDLINE
Database. The results suggest that automated approaches, such
as developed here, can identify a largely non-overlapping,
complementary set of potential phytochemicals compared to an
existing manually curated resource (Dr. Duke’s Phytochemical
and Ethnobotanical Databases).
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