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Abstract
The automatic recognition of chemical names and their corresponding database identifiers in biomedical text is an important first step for many 
downstream text-mining applications. The task is even more challenging when considering the identification of these entities in the article’s full 
text and, furthermore, the identification of candidate substances for that article’s metadata [Medical Subject Heading (MeSH) article indexing]. 
The National Library of Medicine (NLM)-Chem track at BioCreative VII aimed to foster the development of algorithms that can predict with high 
quality the chemical entities in the biomedical literature and further identify the chemical substances that are candidates for article indexing. 
As a result of this challenge, the NLM-Chem track produced two comprehensive, manually curated corpora annotated with chemical entities 
and indexed with chemical substances: the chemical identification corpus and the chemical indexing corpus. The NLM-Chem BioCreative VII 
(NLM-Chem-BC7) Chemical Identification corpus consists of 204 full-text PubMed Central (PMC) articles, fully annotated for chemical entities 
by 12 NLM indexers for both span (i.e. named entity recognition) and normalization (i.e. entity linking) using MeSH. This resource was used 
for the training and testing of the Chemical Identification task to evaluate the accuracy of algorithms in predicting chemicals mentioned in 
recently published full-text articles. The NLM-Chem-BC7 Chemical Indexing corpus consists of 1333 recently published PMC articles, equipped 
with chemical substance indexing by manual experts at the NLM. This resource was used for the evaluation of the Chemical Indexing task, 
which evaluated the accuracy of algorithms in predicting the chemicals that should be indexed, i.e. appear in the listing of MeSH terms for the 
document. This set was further enriched after the challenge in two ways: (i) 11 NLM indexers manually verified each of the candidate terms 
appearing in the prediction results of the challenge participants, but not in the MeSH indexing, and the chemical indexing terms appearing in the 
MeSH indexing list, but not in the prediction results, and (ii) the challenge organizers algorithmically merged the chemical entity annotations in 
the full text for all predicted chemical entities and used a statistical approach to keep those with the highest degree of confidence. As a result, 
the NLM-Chem-BC7 Chemical Indexing corpus is a gold-standard corpus for chemical indexing of journal articles and a silver-standard corpus for 
chemical entity identification in full-text journal articles. Together, these resources are currently the most comprehensive resources for chemical 
entity recognition, and we demonstrate improvements in the chemical entity recognition algorithms. We detail the characteristics of these novel 
resources and make them available for the community.
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Introduction
Chemical entities appear throughout the biomedical research 
literature, in studies from chemistry to various other dis-
ciplines such as medicine, biology and pharmacology. As 
such, chemical names are one of the most searched entity 
types in PubMed (1). Therefore, correctly identifying chem-
ical names has a significant impact on chemical information 
retrieval: helping scientists retrieve the relevant literature, 
directly impacting research that relies on a correct understand-
ing of the structure of chemicals, their usage and interactions 
with other molecular entities. For example, the correct iden-
tification of chemicals and their properties directly impacts 
drug development research (2).

However, chemicals in the biomedical literature often do 
not appear to conform to the chemical naming rules defined 

by standardization bodies. Chemicals appear in numerous lex-
ical variations, synonymous names and abbreviated forms, 
which are often ambiguous (3). Moreover, these variations 
and difficulties are often compounded in the articles’ full 
text, compared with the title and abstract, causing a sub-
stantial performance reduction in automated chemical named 
entity recognition (NER) systems trained using only titles 
and abstracts (4). However, the full text frequently con-
tains more detailed chemical information, such as the prop-
erties of chemical compounds, their biological effects and 
their interactions with diseases, genes and other chemicals
(5–7).

Developing a chemical entity recognition system that accu-
rately addresses these challenges requires a manually anno-
tated corpus of chemical entities, with sufficient examples in 
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full-text articles for system training and an accurate evalua-
tion of its performance.

The NLM-Chem track at BioCreative VII (8) consisted of 
two tasks (9, 10):

(i) Chemical Identification in full text: predicting all chem-
icals mentioned in recently published full-text articles, 
both span (i.e. NER) and normalization (i.e. entity link-
ing), using Medical Subject Heading (MeSH; https://
www.nlm.nih.gov/mesh/meshhome.html).

(ii) Chemical Indexing prediction task: predicting which 
chemicals mentioned in recently published full-text arti-
cles should be indexed, i.e. appear in the listing of MeSH 
terms for the document (11).

To support the challenge and address the need of creating 
high-quality chemical corpora, we introduced two rich and 
comprehensive chemical entity resources that contain manual 
annotations for chemical entities mentioned in articles’ text 
and manual indexing for the chemical substances that can rep-
resent an article’s topic and content. These resources are as 
follows:

The NLM-Chem-BC7 Chemical Identification Task 
corpus
The National Library of Medicine (NLM)-Chem BioCreative 
VII (NLM-Chem-BC7) Chemical Identification task corpus 
consists of 204 full-text PubMed Central (PMC) articles man-
ually annotated for chemical entities by 12 NLM expert 
annotators. The first 150 articles, provided as the training set, 
were previously published as the NLM-Chem corpus (4), and 
the additional 54 full-text articles were specifically annotated 
for the BioCreative VII challenge and to serve as the Chem-
ical Identification task testing set. Each article was doubly 
annotated in a three-round annotation process, where anno-
tator discrepancies were discussed after each round until they 
reached full consensus. Finally, the articles were enriched with 
the manually indexed chemical substances.

The NLM-Chem-BC7 Chemical Indexing Task corpus
This collection consists of 1333 recently published (published 
in Spring 2021) full-text articles in the PMC Open Access 
collection, manually indexed with chemical substances. This 
set of articles was used as the testing set for the Chemi-
cal Indexing task, and the challenge participants were eval-
uated on the set of chemical indexing terms that were 
produced for these articles as part of the NLM’s regular
operations.

Post challenge, the NLM-Chem track organizers worked 
in collaboration with 11 NLM indexers to validate the team 
submission results for article chemical indexing. As part of this 
work, chemical indexing terms that were given low prediction 
scores and indexing terms with high prediction scores that did 
not appear in the regular list of indexing terms were doubly 
reviewed in a blind experiment. During this validation exper-
iment, the NLM indexers, unaware of how the terms were 
obtained, judged each term based on whether that term should 
be a topic description term for the corresponding article. We 
took this rare opportunity to show that the real value of auto-
mated methods is higher than that can be measured with 
current corpora. Article indexing at the NLM is performed 

by professional indexers who have years of experience cate-
gorizing and indexing the medical literature. Albeit even such 
highly experienced indexers sometimes do not agree 100%, 
and it is possible that different indexers could occasionally 
choose slightly different MeSH terms to reflect the topic terms 
of an article. This experiment allowed us to have the same 
article reviewed by two indexers in addition to the original 
indexer who provided the official indexing. As a result, we 
introduce a novel gold-standard resource, and the first of 
its kind, for article chemical indexing, the NLM-Chem-BC7 
Chemical Indexing task corpus.

During the challenge, the participants in the Chemical 
Identification task returned chemical identification predic-
tions for 1387 articles without knowing which articles would 
be used for the Identification task evaluation. After the 
challenge, we combined the submitted predictions (on the 
1333 articles not used for evaluation) into an ensemble and 
created a silver-standard corpus for chemical identification. 
Our approach scored each span according to the propor-
tion of the 53 valid submissions (plus the prediction from 
the original benchmark). We then applied a threshold and 
combined any remaining spans that overlapped. We finally 
normalized each span by determining the identifier most fre-
quently associated with the associated <document ID, mention
text> pair.

In addition, the NLM-Chem track in BioCreative VII 
also presented an extended chemical entity annotated col-
lection from previous BioCreative challenges, utilizing the 
chemical entity corpora from previous BioCreative challenges 
[CHEMDNER (3) and BC5CDR (12)]. The articles in these 
corpora were enriched with the NLM MeSH chemical sub-
stance indexing by the challenge organizers and converted into 
the same format (BioC XML and JSON) as the NLM-Chem 
datasets. The goal is to provide a continuity of chemical entity 
identification research and promote data reuse.

The NLM-Chem-BC7 corpora contain, respectively, 204 
and 1333 full-text PMC Open Access articles and differ from 
previous corpora because the articles were selected to be rich 
in chemical mentions, rich in other biomedical entities and 
representative for current research on chemicals and drugs. 
These articles were published in many different journals to 
represent a large space of language variation. Most impor-
tantly, both resources can be combined with the previously 
published chemical entity annotation resources to facilitate 
research. We have validated the utility of this corpus, and 
we believe the availability of this corpus will foster newer 
developments for more accurate chemical entity prediction 
algorithms. These characteristics make them invaluable for 
the advancement and improvement of text-mining tools for 
accurate chemical entity identification and chemical entity 
article indexing (topic prediction).

The data can be found at https://ftp.ncbi.nlm.nih.gov/pub/
lu/NLM-Chem-BC7-corpus/.

Methods
Document selection procedure
The chemical corpus of the NLM-Chem BioCreative VII track 
had these targets:

• Be representative of biomedical literature publications 
that contain chemical mentions.
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• Target articles for which human annotation was most 
valuable.

• Be instrumental in training chemical NER algorithms to 
produce high-quality results in full-text publications, as 
well as article abstracts.

To select candidate articles for human annotation for the 
NLM-Chem-BC7 corpus, we evaluated each article as fol-
lows:

• To be rich in chemical entities that current NER tools have 
trouble identifying.

• To have no restrictions on sharing and distribution.
• To be useful for other downstream biomedical entity text-

mining-related tasks.

To select the articles most suitable for algorithm testing, in 
addition to the constraints above, we focused on recently pub-
lished articles. Chemical NER and indexing algorithms are 
most valuable for the incoming flux of published literature. As 
we experienced with the coronavirus disease pandemic, cor-
rectly identifying chemicals and drugs discussed in the articles, 
as well as grouping those articles by the relevant substances, 
is most crucial, especially in the race to find an effective cure 
and a timely vaccine.

The 54 full-text articles that constituted the Chemical Iden-
tification task testing set were selected to be as similar as 
possible to the NLM-Chem corpus of 150 full-text articles (4), 
to be complementary, balancing and a suitable test set, that 
can also serve as a stand-alone corpus. The selection criteria 
included maximization of journal coverage to assure variety, 
similar distribution of chemical mentions and identifiers per 
article, similar distribution of other biomedical entities per 
article and similar language models.

We repurposed the CHEMDNER and the BC5CDR cor-
pora for the NLM-Chem track challenge. The CHEMDNER 
documents are title/abstract annotations for chemical NER 
and do not include the chemical normalization. However, 
as this could still be useful for deep learning strategies, we 
converted all the articles and their annotations in the same for-
mat as NLM-Chem corpus documents. The BC5CDR corpus, 
on the other hand, contains title/abstract chemical annota-
tions and their MeSH identifiers; we therefore converted these 
documents in the same format.

We filtered the manual MeSH indexing terms assigned to 
each article in the MEDLINE collection at the NLM to extract 
the chemical substances to support the Chemical Indexing 
task. These indexing terms represent chemical substances that 
are important topics in their respective articles and, therefore, 
are valuable for chemical information retrieval. We extracted 
the indexed chemical substances and enriched the dataset for 
every article in the NLM-Chem, CHEMDNER and BC5CDR 
corpora.

The Chemical Indexing testing set consisted of 1333 
recently published articles and was selected using the same cri-
teria for the Chemical Identification testing set. These articles 
were manually indexed with MeSH indexing terms, as per the 
routine NLM operations, after the completion of the NLM-
Chem track challenge, during September 2021, and those 
indexed labels were used for the BioCreative VII NLM-Chem 
Indexing task evaluation. After the challenge, these articles 
were further used to create the gold- and silver-standard 
corpora.

Chemical entity annotation guidelines in the full 
text
The complete NLM-Chem corpus annotation guidelines are 
publicly available with the corpus (4). We followed the same 
guidelines, with the same group of NLM professional indexers 
as annotators, and here we give a quick summary.

Our guidelines specify which text elements should be 
tagged, those that should not be tagged and how to assign 
the tagged mentions to their corresponding MeSH identifiers. 
The primary considerations of the annotation guidelines are 
(i) what should be labeled as a chemical, (ii) how to place the 
mention boundaries for those labels and (iii) how to associate 
those mentions with an entity within one of the chemical trees 
of MeSH.

Creating high-quality guidelines that fit the annotation task 
required a multistep iterative process, starting from an ini-
tial draft that was revised several times until clear and refined 
guidelines were obtained. We found that defining the text-
bound annotations of chemical mentions found in full-text 
articles was not trivial. It required a deep knowledge of chem-
istry, supported by the consultation of external knowledge 
sources (the MeSH vocabulary, PubChem, etc.). The guide-
lines were prepared by 12 professional MeSH indexers with 
degrees in chemistry, biochemistry, biological sciences and 
molecular biology and an average of 20 years of experience 
in indexing PubMed literature with MeSH indexing terms.

First, it was decided that very general chemical concepts 
[such as atom(s) and moiety (moieties)] and terms that can-
not be associated directly with a chemical structure such as 
molecule(s), drug(s) and polymer(s) should be excluded from 
the annotation. In addition, macromolecular biochemicals, 
namely, proteins (including enzymes), lipids and nucleic acids 
(DNA and RNA), were excluded from annotation. In addi-
tion, embedded chemical concepts in other biomedical entities 
such as ‘sodium channel gene’, where the chemical concept 
‘sodium’ is embedded in a phrase indicating a different type of 
biochemical entity ‘gene’, were tagged as OTHER. Each rule 
defined in the guidelines was also represented by one or more 
illustrative examples to simplify comprehension and applica-
tion. (Please see Supplementary Materials for a copy of the 
annotation guidelines for chemical entities in full text).

Annotation procedure for the NLM-Chem-BC7 
Chemical Identification task corpus
The NLM-Chem-BC7 full-text articles are doubly annotated 
by 12 NLM experts in three annotation rounds using the 
TeamTat annotation tool (13). All articles were pre-annotated 
using the NLM-Chem improved chemical recognition tool, 
with performances not far from the human inter-annotator 
agreement values, measuring 76% and 77% in f -measure 
for chemical name entity recognition and chemical normal-
ization, respectively (4). Articles were randomly assigned to 
pairs of annotators in such a way that the annotation burden 
was equally distributed. The first round of manual annota-
tions consisted of each annotator working on and completing 
the annotations of the assigned articles independently. At this 
stage, the annotators did not know the identities of their 
partners. After completion, these annotations were reviewed 
by the technical team to identify differences and discrepan-
cies. Inter-annotator agreement was measured to be 68%. All 
pairwise annotations were merged into one document, and 
the agreements and disagreements were marked and made 
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available in the annotation tool for annotation Round 2. 
The second round of annotations consisted of each anno-
tator working independently in their own annotation space, 
again without knowing the identities of their partner annota-
tors. They reviewed their own decisions and considered their 
partners’ decisions editing the documents until they were sat-
isfied. After completion, the annotations were again reviewed, 
inter-annotator agreement was computed to be 84% and 
the remaining differences and discrepancies were analyzed. 
All annotations were again merged into one document, the 
agreements and remaining disagreements were marked and 
the documents were made available to the respective anno-
tators’ accounts. In the third and final round of annotations, 
the annotation partners for each document were revealed, 
and every pair of annotators collaboratively reviewed and 
discussed any remaining differences and finalized the shared 
document annotation reaching 100% complete consensus.

Document format
While annotations can be represented in various formats, we 
used the BioC (XML and JSON) format due to several con-
siderations: (i) the format (14) supports full-text articles and 
annotations representing both mention span (location) and 
entity identifier; (ii) articles in the PMC text-mining subset 
(15) are already available in BioC; (iii) our annotation tool 
of choice TeamTat and the NLM-Chem NER tool already 
support the format and (iv) the format is simple and easy 
to modify, allowing additional analysis tools to be applied 
rapidly as needed.

The NLM-Chem-BC7 gold and silver corpus 
development
The challenge participants of the NLM-Chem track submitted 
prediction results (8) for all the 1387 full-text articles for both 
chemical entity prediction and chemical indexing tasks, as 
they were not aware which articles constituted the Chemical 
Identification task testing dataset. After the BioCreative VII 
challenge, the NLM-Chem track organizers reviewed all chal-
lenge submission results and developed the Chemical Indexing 
gold-standard corpus and the Chemical Identification silver-
standard corpus, as follows:

The NLM-Chem-BC7 Chemical Indexing gold-standard 
corpus
We received 18 submissions for the Chemical Indexing task, 
and all of them were considered. We selected the terms for 
manual validation from the team submissions using a prob-
abilistic classification approach by estimating the probability 
that a predicted MeSH indexing term is a true term. We built 
a naïve Bayes classifier using each submission as a binary fea-
ture, determining the classifier weights directly (without train-
ing) from the actual accuracy of each submission compared 
with the original MeSH indexing.

Specifically, given the true positives (TPs), true negatives 
(TNs), false positives (FPs) and false negatives (FNs) of the 
i-th submission as TPi, TNi, FPi and FNi, respectively, we 
calculated the accuracy of the i-th submission, ai, as follows: 

To estimate the probability of a given MeSH indexing term, 
we first gather the labels for that term across all submis-
sions as li ∈ {−1, 1}, where 1 indicates that the submission 
predicts the specified term and −1 indicates that the submis-
sion does not predict the specified term. Then we estimate the 
probability of the specified MeSH term as follows:

We aggregated all terms predicted by any submission 
and all terms from the original MeSH indexing and asso-
ciated with each term a probability of being a true MeSH 
indexing term based on the predicted output of the classi-
fier. We then determined which terms should be manually 
validated by thresholding. Specifically, MeSH terms were 
manually validated if they were (i) not part of the orig-
inal MeSH indexing but were given a score greater than 
0.1—meaning possibly useful—or (ii) MeSH terms part that 
were included in the original MeSH indexing but were given 
a score less than 0.5—meaning less likely to be predicted 
by the automatic classifiers. Note that we also considered 
a confidence score approach where each term received a 
score reflecting the proportion of the submissions that pre-
dicted the term. We found the two approaches to behave 
similarly when the majority of submissions included (or 
excluded) a term; however, using the actual accuracy of the 
submission allowed for improving predictions in cases of
disagreement.

The predicted list of the chemical substances was compared 
with the official NLM list of indexed chemical substances, 
extracted from the metadata of the articles downloaded on 
30 September 2021. All discrepancies, indexed chemical sub-
stances not appearing in the predicted substances list and all 
predicted substances (scoring above a threshold) not appear-
ing in the indexed substances list were compiled for each 
article. These articles were organized as part of a new anno-
tation project on the TeamTat annotation tool. All articles 
were uploaded to TeamTat divided into nine batches contain-
ing 125–127 articles each and were distributed to 11 NLM 
indexers. Each indexer reviewed 209–210 articles in total 
for chemical indexing terms during January and February 
2022, so that each article was annotated by two indexers. 
All articles were randomly distributed, so that the number of 
articles reviewed by every pair of indexers was equally dis-
tributed. The indexers worked in two rounds: during Round 
1 they worked independently and selected the indexing terms 
and during Round 2 they worked in pairs and resolved any 
remaining discrepancies. The inter-annotator agreement after 
Round 1 was 73%. After Round 1, annotators discussed the 
remaining disagreements and came to a 100% consensus. It is 
important to note that a disagreement generally consisted of a 
discussion whether specific indexing rules applied such as this 
one: if three or more specific concept terms (chemicals) are 
mentioned in the article, that article is indexed with a parent 
concept term that covers the specific terms. Figure 1 shows a 
screenshot of a random article and illustrates how this task 
was performed.

The NLM-Chem-BC7 Chemical Identification 
silver-standard corpus
All 53 valid submissions for the Chemical Identification task, 
plus the original benchmark system, were used to create the 
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NLM-Chem silver-standard corpus. Our approach uses two 
phases corresponding to NER and normalization. For NER, 
we gathered all annotated text mentions (spans) from the sub-
missions and scored each mention according to the proportion 
of the prediction sets that contain the mention. We used the 
54 articles from the testing set to identify the threshold that 
maximizes the F-score and applied that threshold to the 1333 
articles in the silver-standard set. Any remaining mentions 
that overlapped were then combined. The mentions were then 
normalized by determining the identifier most frequently asso-
ciated with the associated <document ID, mention text> pair 
across all submissions.

Results
Corpus characteristics for chemical identification
The NLM-Chem track chemical resources are rich in man-
ual chemical annotations. The NLM-Chem-BC7 Chemical 
Identification corpus is currently the largest manually anno-
tated corpus of full-text journal articles targeted for devel-
oping chemical NER text-mining tools and is compatible 
with previously annotated corpora. The NLM-Chem-BC7 
Chemical Identification corpus training dataset (4) consists 
of 150 full-text articles containing 38 339 manual chemical 
mention annotations, corresponding to 4862 unique chem-
ical name strings, normalized to 1810 MeSH identifiers. 

Figure 1. Illustration of indexing review in TeamTat. Every article was reviewed by two indexers. The image shows a screenshot of the article and a 
section under the article title named ‘Indexing terms’. All the chemical terms to be reviewed for each article are listed in this section. The NLM indexers 
highlighted the chemical indexing terms that best represented the article topics.

Table 1. Data characteristics of the NLM-Chem track datasets

NLM-Chem-BC7 
Identification

NLM-Chem-
BC7 Indexinga BC5CDR CHEMDNER

Number of articles 204 (full text) 1333 (full text) 1500 (abstract) 10 000 (abstract)
Number of chemical annotations per article (unique)
 Minimum 2 (1) 2 (1) 1 (1) 0 (0)
 Maximum 1318 (214) 1924 (412) 55 (22) 67 (40)
 Average 300.4 (66.6) 294.7 (66.8) 10.6 (4.1) 8.4 (4.6)
 Median 279 (60) 262 (58) 9 (3) 7 (4)

Number of unique MeSH identifiers per article
 Minimum 1 1 1 NA
 Maximum 127 244 16 NA
 Average 40.5 45.6 2.9 NA
 Median 39.0 41.0 2 NA

Number of unique indexed substances per article
 Minimum 0 0 0 0
 Maximum 14 14 11 19
 Average 1.8 3.2 2.3 2.2
 Median 1 3 2 2

aChemical indexing statistics refer to the gold corpus, and chemical annotation statistics refer to the silver corpus.
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Figure 2. Illustration of common and different chemical annotations in the chemical annotated data [The overlap of chemical mention annotations is 
shown in (a), the overlap of MeSH ID annotations is shown in (b) and the overlap of the indexed chemical substances is shown in (c)]. Please note that 
this depiction does not preserve the relative size of corpora. The NLM-Chem dataset of full-text articles brings in additional previously unseen chemical 
mentions and chemical identifiers.

The NLM-Chem-BC7 Chemical Identification corpus test-
ing dataset consists of 54 recently published full-text arti-
cles, containing 22 942 manual chemical mention annota-
tions, corresponding to 3419 unique chemical strings and 
1352 unique MeSH IDs. The BC5CDR set contains 15 951 
chemical mention annotations, corresponding to 2639 unique 
chemical name strings, normalized to 1269 MeSH identi-
fiers. The CHEMDNER set contains 84 331 chemical mention 
annotations, corresponding to 19 803 unique chemical name 
strings. The NLM-Chem-BC7 Chemical Identification silver-
standard corpus consists of 1333 recently published full-text 
articles, automatically annotated for all occurrences of chem-
ical entities in the full text. This dataset contains 392 838 
automatic chemical mention annotations, corresponding to 
33 209 unique chemical strings and 12 301 unique MeSH IDs.

The NLM-Chem-BC7 Chemical Indexing gold-standard 
corpus of 1333 recently published full-text articles con-
tains 1798 unique indexed chemical terms (MeSH IDs). The 
statistics of annotations per article per dataset are detailed 
in Table 1.

Figure 2 illustrates that these resources are (i) compatible—
to foster reuse, acknowledge and build on previous efforts 
of experts and (ii) complementary—to expand on previous 
knowledge and cover new areas of training data. Further-
more, Fig. 2 illustrates the impact of annotations in the 
full text. As seen, the full text contains much more chem-
ical annotations and a larger variety both in the mention 
as well as the respective identifiers. The NLM-Chem-BC7 
manually annotated data in full-text articles allows the new 
algorithms to learn from and explore a space of chemical men-
tions in the biomedical literature that had not been covered 
in previously annotated corpora, as illustrated with the over-
lap with the BC5CDR and CHEMDNER corpora. Finally, 
NLM-Chem-BC7 and the BC5CDR corpora contain chemical 
annotations normalized to MeSH identifiers, which, via Uni-
fied Medical Language System (UMLS, https://www.nlm.nih.
gov/research/umls/index.html), can be mapped to different 
chemical terminologies as needed. 

Corpus characteristics for chemical indexing
In addition to the resources for chemical identification, NLM-
Chem track provided novel resources, previously not available 

for text mining, manually verified for chemical indexing of 
journal articles. The three resources described above for chem-
ical identification (NLM-Chem-BC7 Chemical Identification, 
CHEMDNER and BC5CDR) have been enriched with the 
MeSH-indexed chemical substances, representing chemical 
topic terms, opening up new research avenues in chemical 
information retrieval. Table 1 and Fig. 2 show the indexing 
terms for the chemical substances identified in each of the 
corpora discussed above.

In order to provide a better, larger and more comprehensive 
resource for chemical indexing, the NLM-Chem track orga-
nizers worked on the NLM Chemical Indexing gold-standard 
corpus. This corpus consists of 1333 full-text articles, from 61 
journals, published in Spring 2021, and contains 1798 unique 
chemical indexing terms. In addition, these articles have been 
automatically annotated for chemical identification using the 
Chemical Identification task submissions as an ensemble to 
create a silver-standard dataset. The silver-standard corpus 
contains 392 838 total annotations, corresponding to 33 209 
unique chemical mentions. These mentions are mapped to 

Table 2. Results of the chemical indexing validation experiment, where 
indexers blindly reviewed a set of terms that were present in the index-
ing metadata (but not algorithmically predicted) and terms that were 
suggested by the prediction algorithms but not indexed

 Final annotation

Yes No Total

Indexed not predicted 1930 (81.37%) 442 (18.63%) 2372
Algorithm suggested, 

not indexed
798 (73.73%) 284 (26.25%) 1082

Total 2728 726

Table 3. Results of the chemical indexing validation experiment

Final data summary

Previously indexed and predicted 1606
Newly indexed and predicted 798
Indexed and not predicted 1930
Not indexed and predicted 284
Total predicted 2687
Total indexed 4334
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Table 4. Benchmark results of the Chemical Identification task

 Chemical entity recognition

 Strict  Relaxed

Training dataset Precision Recall F-score Precision Recall F-score

NLM-Chem full-text articles 0.8580 0.8383 0.8480 0.9221 0.8974 0.9096
+ NLM-Chem-BC7 silver corpus 0.8767 0.8530 0.8647 0.9313 0.9071 0.9190

 Chemical entity normalization
NLM-Chem full-text articles 0.8729 0.7641 0.8149 0.8630 0.7732 0.8122
+ NLM-Chem-BC7 silver corpus 0.8919 0.7610 0.8213 0.8792 0.7705 0.8213

12 301 unique MeSH ID identifiers, of which 10 055 (85.6%) 
do not appear in the BC5CDR or NLM-Chem-BC7 Identifi-
cation corpora.

The most important contribution is that after the BioCre-
ative VII we designed a chemical indexing validation exper-
iment to evaluate the utility of the automatically predicted 
indexing terms. Table 2 and Table 3 summarize the results of 
this validation experiment. As shown in Table 2, the indexers 
removed 18.63% of the previously indexed terms; however, 
they accepted and added to the chemical indexing terms list 
73.73% of the automatically suggested chemical substance 
terms. Upon further analysis, we verified that the algorithmi-
cally predicted terms are mainly specific chemical substances, 
while the indexer-supplied terms are mainly MeSH descrip-
tor terms. This difference is important and necessary to note 
because this implies that automatic chemical indexing could 
significantly help human indexing by extracting with high 
accuracy the substances described in each article. Given these 
data, when we evaluate the exact match between algorithm 
predictions and human indexing, the current prediction accu-
racy is in the low 40%; however, when we adjust for topic 
descriptors, which fall higher in the MeSH hierarchy, the accu-
racy rises to almost 80%. Based on these results, the automatic 
chemical substance prediction could be accurate enough to be 
implemented as a chemical indexing precursor step, followed 
by additional steps to suggest the corresponding descriptor 
terms. Then, as necessary, the data could be presented to a 
human indexer to decide the final list of topic terms for article 
indexing, thus saving valuable human expert time.

Corpus technical validation
Table 4 shows the results of our benchmark method on the 
Chemical Identification task. This benchmark is based on 
our previously published method and is currently our best-
performing chemical NER tool. This tool is used in the daily 
processing of the PubMed and PMC articles as they are 
queries in our PubTator Central portal (16). This implemen-
tation was trained only on the NLM-Chem full-text articles 
as the training dataset and tested on the NLM-Chem Chemi-
cal Identification task (50 full-text articles) dataset. Table 4 
also shows results when the information contained in the 
silver-standard chemical name annotations were included in 
the training data. As expected, we see a significant improve-
ment in performance. Given the enrichment in chemicals that 
we observe when we consider the biomedical articles’ space 
covered with the addition of BC5CDR and CHEMDNER 
corpora, it is reasonable to expect a further improvement in 
the chemical entity recognition in biomedical articles. 

Table 5 shows the results of our baseline method on the 
Chemical Indexing task. For this task, we added a component 

Table 5. Benchmark results Chemical Indexing task

Chemical indexing terms prediction

Strict  Relaxed

 Precision Recall F-score Precision Recall F-score

0.7351 0.5858 0.6520 0.7920 0.7450 0.7277

to our Chemical Identification benchmark to return the set 
of MeSH identifiers from annotations found in the title and 
abstract as the set of indexed chemicals. The indexing compo-
nent thus represents a straightforward baseline approach with 
relatively low precision but higher recall. 

The strict evaluation for both chemical entity recognition 
and normalization tasks assumes an exact match between the 
predicted mention span or MeSH identifier and the anno-
tated mention span or MeSH identifier. The relaxed evaluation 
for chemical entity recognition considers a predicted mention 
span to match an annotated mention span if they overlap. For 
chemical entity normalization, which is evaluated both in the 
Chemical Identification task and the Chemical Indexing task, 
the relaxed evaluation is the least common ancestor F-score 
(17). Please note that in the case of relaxed evaluation, the 
least common ancestor consideration introduces both more 
possible candidate entities and more available entities overall, 
and as a result, the F-score could be lower.

Conclusions
The NLM-Chem BioCreative track developed important high-
quality chemical resources, of value to the community, which 
are as follows:

(i) The NLM-Chem-BC7 Chemical Identification corpus, 
which consists of 204 full-text articles doubly annotated 
by 12 NLM indexers in three rounds of annotation, 
reaching full consensus and resolving any annotator dis-
agreements. This corpus is currently the largest corpus 
of full-text articles annotated with chemical entities at 
a high degree of granularity and their NLM-indexed 
chemical substances. The NLM-Chem training dataset 
(150 articles) contains a total of 38 339 manual chemi-
cal mention annotations, corresponding to 4862 unique 
chemical name strings, normalized to 1810 MeSH 
identifiers. The NLM-Chem Chemical Identification 
testing dataset (50 articles) contains 3740 unique chem-
ical strings and 1352 unique MeSH IDs. The articles 
were carefully selected from the PMC Open Access 
dataset and covered 71 journals.
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The extended chemical entity annotated collection from 
previous BioCreative challenges (CHEMDNER and
BC5CDR). These articles were enriched with the manually 
indexed chemical substances.

The NLM-Chem-BC7 Chemical Indexing corpus. This 
resource consists of 1333 recently published full-text arti-
cles in the PMC Open Access collection, manually indexed 
with chemical substances. This set of articles was used as the 
testing set for the Chemical Indexing task. This set was fur-
ther refined to serve as a gold-standard corpus for chemical 
indexing and silver-standard corpus for chemical annotation 
in full-text biomedical journal articles.

For the chemical indexing purpose, 11 NLM indexers 
reviewed in a blind experiment all articles’ chemical index-
ing terms that were not predicted in any of the submitted 
results by the participating teams and the chemical indexing 
terms predicted by the majority of teams, but not included in 
the articles’ indexing metadata. This experiment revealed that 
most algorithm-predicted terms would be selected for index-
ing when reviewed by a human expert (73.73%) and that most 
current indexing terms would be again selected for indexing 
(81.36%). These results reflect the differences between entity 
identification and topic identification tasks—while chemical 
entity prediction algorithms are focused on identifying specific 
substances, additional steps utilizing the MeSH hierarchy are 
necessary to supply all the related topic terms For the chemical 
annotation purpose, all chemical entity annotations submit-
ted from all teams participating in the challenge were merged 
via a linear programming approach and they were combined 
into a silver-standard corpus. This corpus was used for retrain-
ing the initial benchmark, and we saw marked improvements, 
especially in the chemical mention recognition step.

To provide a robust test of the corpus utility in chemi-
cal entity recognition and normalization that could translate 
to real-life applications, we tested the new corpus with our 
best-performing chemical NER and normalization tool, based 
on a deep learning architecture for the name entity recogni-
tion component and a multi-terminology candidate resolution 
architecture for the normalization component.

The NLM-Chem track chemical resources provide these 
contributions: (i) high-quality manual annotation of chemi-
cal entities in the full text, (ii) chemical entity normalization 
to MeSH identifiers, which via UMLS, can be easily mapped 
to other chemical terminologies, if needed, and (iii) chemi-
cal terms indexing of all articles, representing the chemical 
topic terms for these articles as indexed by the expert literature 
indexers at the NLM. The annotation guidelines are compati-
ble with previously annotated corpora; therefore, the previous 
(abstract-only) corpora can be used as additional data. The 
enriched chemical resource of the NLM-Chem track challenge 
will be invaluable for advancing text-mining techniques for 
chemical extraction tasks in biomedical text.

Supplementary Material
Supplementary material is available at Database online.

Data Availability
The corpus described in this study is available at: https://ftp.
ncbi.nlm.nih.gov/pub/lu/NLM-Chem-BC7-corpus/.
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