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Abstract
Much of our knowledge about anatomy and
physiology is found in text format in research
papers and medical textbooks. For an informa-
tion system to have access to this knowledge,
extracting and translating it into a computable
format that can be stored in an ontology or
knowledge graph is advantageous. Unfortu-
nately, existing text mining corpora, which are
needed to train and evaluate data mining mod-
els, are old and consist almost entirely of re-
search papers, which rarely contain complete
information needed to capture complex normal
physiological processes and, subsequently, un-
derstand the pathophysiology of a disease. As
a first step to filling in this gap, we have devel-
oped a guide for annotating medical textbooks
for physiological events and entities involved
in these events. In addition to providing our
guidelines and describing the guideline devel-
opment process, we analyze the coverage of
normal physiology in existing ontologies.

1 Introduction

Anatomy and physiology are central components
of biological systems, with knowledge of the re-
lationship between the structures and functions of
organisms and their parts driving most of what we
know about health and disease. Most knowledge
about healthy anatomy and physiological functions
exists as text in medical textbooks and research pa-
pers, which is not easily accessible in a structured
form for querying, analysis, and visualization. This
lack of structured, computable knowledge repre-
sentation has hindered the translation of large-scale
multi-omics datasets into new knowledge about
disease mechanisms and potential treatments. In
addition, many ontologies and knowledge graphs
(KGs) contain large gaps in coverage as they tend
to lag behind novel research findings in terms of be-
ing up-to-date, and rely largely on manual curation
(Li et al., 2023). To scale up curation efforts, on-
tology and KG developers will need to incorporate

semi-automated tools and workflows for extracting
knowledge about anatomical entities and physio-
logical events from biomedical text.

Here we describe an annotation guide that can
be used as a reference for annotating anatomical
entities and physiological events in medical text-
books. Included in these guidelines are the scope
of the annotation, a description of each entity and
event of interest, and the reasons for why certain
annotation decisions were made. To test the feasi-
bility of translating textual physiology information
into a structured format, we assess the coverage of
extracted entities and events in existing biomedical
ontologies.

2 Background

Currently, several tools exist to create structured
representations of knowledge in ontologies and
KGs that could be applied to anatomy and physiol-
ogy, including Biolink (Unni et al., 2022), which
aims to provide an upper-level model for interoper-
able KGs. However, there is an absence of up-to-
date text mining corpora to support the extraction
of anatomy and physiology information from text.
The most recent annotated corpora—the Anatom-
ical Entity Mention (AnEM) corpus (Ohta et al.,
2012), the extended Anatomical Entity Mention
(AnatEM) corpus (Pyysalo and Ananiadou, 2013),
and the Multi-Level Event Extraction (MLEE) cor-
pus (Pyysalo et al., 2012)—that broadly focus on
mentions of anatomical entities and physiological
events in the context of both healthy and diseased
organisms, largely consist of annotated abstracts
and full-text research publications. Although these
corpora are annotated with ontology term identi-
fiers, the length of time since these annotations
were performed would warrant reannotation to en-
sure that active and the most precise terms are
used. Additionally, since the annotated documents
in these corpora consist mostly of research papers,
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their structure and content will likely differ from
the semantic and syntactic structures found in a
medical textbook. Beyond the limitations of exist-
ing corpora, existing guidelines used for biomedi-
cal information extraction, including i2b2 (Uzuner
et al., 2011) for clinical de-identification, GENIA
(Kim et al., 2003) for biochemical entities in molec-
ular biology literature, and CINEX (Reichenpfader
et al., 2025) for high-level metadata extraction from
clinical trial text, were not designed to capture
normal physiology entities, as they are either too
metadata-focused or operate at a biochemical level
that does not translate to physiology annotation. To
our knowledge, no annotation guidelines currently
exist that are specific to normal human physiology,
representing a gap that this work addresses.

3 Methods

In this exploration of approaches to annotation
of physiological processes and events at several
anatomy levels, we focus on annotating events that
involve glucagon-like peptide 1 (GLP-1), which
plays an essential role in processing nutrients af-
ter food ingestion. The effects of GLP-1 are also
mimicked by agonistic drugs, such as exenatide
(Byetta), liraglutide (Victoza), dulaglutide (Trulic-
ity) and semaglutide (Ozempic/Wegovy), used for
blood glucose control and weight management.

3.1 Annotation Schema Development

The annotation guide was developed using pas-
sages from the Guyton and Hall Textbook of Med-
ical Physiology (14th Edition) (Hall et al., 2021),
well-established reference in biomedical education
and clinical medicine. This textbook was selected
because it contains medically complex language
representative of normal physiology text, is well-
structured, and reflects the type of text that would
be encountered when annotating other normal phys-
iology domains beyond the GLP-1 use case. Pas-
sages were drawn specifically from sections cover-
ing GLP-1 normal physiology, with 17 paragraphs
selected for annotation.

Three annotators with expertise in biomedical
informatics annotated each text independently. An-
notations were conducted iteratively, with label
definitions and disambiguation rules continuously
refined to improve clarity and ensure generaliz-
ability beyond GLP-1 physiology to other normal
human physiology domains. Comprehensive cov-
erage of relevant biological concepts while remain-

Figure 1: Example BRAT annotation.

ing broad enough to generalize to other normal
human physiology processes. Text was considered
out of scope if it describes disease pathways, per-
tains to processes at a purely biochemical level,
or does not relate to normal adult human physiol-
ogy. Entity, event, and attribute labels and their
definitions are provided in appendix Table A1, and
were informed by prior work on manual annota-
tion of anatomical and physiological features in
medical text (Ohta et al., 2012; Pyysalo and Anani-
adou, 2013; Pyysalo et al., 2012). Counts for the
number of occurrences of each entity, event, and
attribute labels across the 63 annotated sentences
from the 17 passages are provided Table 1. Target-
Arg relations are used to formally link the events
to their associated entities or other events, where
the direction of the relation is defined as the source
term to the target term. To reduce cross-sentence
complexity, each sentence was annotated as inde-
pendently as possible, with Target-Arg relations re-
stricted within sentence boundaries when possible;
the coreference attribute was used to capture topics
that carries across sentences. Relationship serves
as the catch-all event label, applied to any word or
phrase that describes how entities are connected,
interact, or influence one another. Three annotators
independently annotated the corpus using BRAT
(Stenetorp et al., 2012), as shown in Figure 1, with
disagreements resolved through discussion and a
predefined list of common multi-word expressions
used to reduce complexity and increase annotation
efficiency (appendix Table A2).

3.2 Named Entity Recognition

To evaluate the feasibility of automated named en-
tity recognition (NER) and to inform ontology se-
lection for future work, we assessed the coverage
of our annotation guide across a broad range of
biomedical ontologies using the EMBL-EBI Ontol-
ogy Lookup Service (OLS) (Côté et al., 2006) and
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Category Label Count (N=420)
Entity Mediator 33 (7.8)

Measurement 24 (5.7)
Chemical 22 (5.2)
Organ 15 (3.5)
Substrate 12 (2.86)
Time 11 (2.6)
Tissue 9 (2.1)
Cell 7 (1.6)
Organ System 2 (0.4)
Cell Component 1 (0.2)

Event Relationship 74 (17.6)
Physiological State 50 (11.9)
Physiological Process 47 (11.1)

Attribute Rel 98 (23.3)
Coreference 8 (1.9)
is a 7 (1.6)

Table 1: Total counts (%) for each entity, event, and
attribute label with percentages rounded to one decimal
place.

the Unified Medical Language System (UMLS)
(Bodenreider, 2004). A distinct list of Entities
(N=29), Physiological Processes (N=23), Physi-
ological States (N=13), and Relationships (N=55)
was derived from our manual annotations. Multi-
word expressions and fragments were excluded
prior to ontology lookup, as their structure is not
directly represented in standard biomedical on-
tologies, though their constituent terms are cov-
ered individually. The terms were queried via the
EMBL-EBI API (European Bioinformatics Insti-
tute (EMBL-EBI), 2026) and matched against avail-
able ontologies using exact string lookup. Cover-
age was calculated as the proportion of distinct
manually annotated terms present in each ontology.
The Entity labels Time and Measurement were ex-
cluded from this analysis, as these labels do not
correspond to concepts represented within standard
biomedical ontologies.

3.3 Relation Extraction

To evaluate the feasibility of automated relation
extraction, we assessed whether Stanza (Qi et al.,
2020) dependency and constituency parsers can
structurally encode relationship types defined in
our annotation guide. Both parsers were run on the
17 text paragraphs, with multi-word expressions
adjoined with underscores to prevent term splitting.
Manual relation annotations were mapped to parser
outputs according to each parser type’s structural
properties: dependency parser spans were reduced
to syntactic head words; while constituency parser,
spans were aligned to leaf node sequences with
Part-of-speech (POS) tags normalized to phrase-

level equivalents. Each relation was parsed in-
dependently at the sentence level to avoid full-
document parse context effects. Across the 162
annotated relation pairs, 29 distinct dependency
patterns and 6 distinct constituency patterns were
identified as the reference set. Coverage was as-
sessed at two levels. Corpus-wide coverage de-
termined whether each distinct relation pattern ap-
peared anywhere in the full parser output across all
17 paragraphs, assessed for the dependency parser
via direct UPOS → deprel → UPOS arc matching,
and for the constituency parser via phrase label pair
matching (e.g., VP Target-Arg NP) within the same
sentence tree. Individual relation coverage deter-
mined whether each manually annotated pattern
was present in its source sentence. For the depen-
dency parser, using direct arc lookup between en-
tity head words in both directions; for constituency
parser, using the lowest common ancestor method
to identify the smallest constituent dominating both
entity head words and comparing its label to the an-
notated phrase type. Of the 162 annotated relation
pairs, 2 were removed from the dependency pattern
set and 18 were removed from the constituency
pattern set prior to individual relation coverage,
as these instances could not be reliably aligned to
their corresponding sentence-level parse structures.
Additionally, hierarchical agglomerative cluster-
ing (HAC) was performed to visually model and
compare the relation pattern coverage of the depen-
dency and constituency parsers, methods can be
seen in appendix Figures A1 and A2.

4 Results

4.1 Inter Annotator Agreement

Mean pairwise F1 scores were computed to mea-
sure inter-annotator agreement, as shown in Table
2. Agreement for Entities, Relationships, which in-
cludes the labels Relationship, Physiological State,
and Physiological Process, was measured at the
character span level. For annotations with char-
acter span agreement, label agreement was then
assessed. Agreement for Target-Arg relations was
evaluated using the character spans for both the
source and target terms, with label agreement then
assessed for pairs that reached character span agree-
ment. For Target-Arg label agreement, both the
source and target labels were required to match.
A token alignment leniency of two tokens was ap-
plied across all agreement levels. Attribute labels
were excluded from inter-annotator agreement cal-
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Section Span Label
Entities 0.626 0.814

(N=612) (N=280)
Relationships 0.621 0.868

(N=809) (N=365)
Target-Arg 0.354 0.731

(N=1202) (N=260)

Table 2: Mean pairwise F1 agreement scores for span-
level and label-level agreement across three annotators.
N indicates matched spans/relations for label agreement.

culations, as their complexity and dependency on
broader context make standard pairwise span-level
evaluation unreliable. While span-level agreement
is comparatively lower, this is expected given the
nature of span boundary identification. Notably,
label agreement among spans that all annotators
agreed on is high, suggesting that annotators can
reliably assign the correct label when a span is
identified.

4.2 Ontology Coverage

Table A3 summarizes the coverage of each ontol-
ogy from the OLS and UMLS. Among the OLS on-
tologies, OMIT ontology achieved the highest cov-
erage for Entities (0.52), while NCIT achieved the
highest coverage for Physiological Process, Physio-
logical State, and Relationship (0.17, 0.38, and 0.24
respectively). Notably, PRIDE and INO shared the
highest coverage of Physiological Process terms,
and PRIDE also shared the highest coverage for
Physiological State terms. Across all OLS ontolo-
gies, Physiological Process terms had the lowest
overall coverage (0.17). In the UMLS, Relation-
ship terms had the lowest coverage (0.11), while
Entities had the highest (0.55). Overall, the UMLS
achieved the highest coverage across all ontologies
at 0.31, with NCIT second at 0.29.

4.3 Relation Coverage

Corpus-wide coverage was computed as the propor-
tion of distinct manual annotation patterns found
within the full parser output. The dependency
parser achieved a corpus-wide coverage of 0.48,
recovering 14 of 29 distinct manual relations, with
a precision of 0.10, indicating that the 14 matched
patterns account for only a small fraction of the
135 distinct patterns produced by the parser across
the full corpus. The constituency parser achieved
perfect corpus-wide coverage of 1.00, recovering

all 6 distinct manual relations, with a precision of
0.19, meaning the 6 matched patterns represented
a similarly small proportion of the 31 distinct pat-
terns generated. At the individual relation level,
the dependency parser covered 80 of the 160 el-
igible manual relation instances (0.50), and the
constituency parser covered 89 of the 144 eligi-
ble manual relation instances (0.62). Results for
the HAC dendrograms can be found in appendix
Figures A1 and A2.

5 Discussion

Through this work, physiology annotation guide-
lines were developed to support corpus develop-
ment for automatic named entity and relation ex-
traction from medical text using NLP methods, to-
wards the goal of knowledge graph triplet gener-
ation. The evaluation results reveal both promise
and limitations of using these guidelines as a foun-
dation for that task. While the guidelines provide
a structure for both entity and relation annotation
that can be generalized to cover a broad range of
normal physiology, the feasibility of automated
triplet extraction depends on the performance of
both NER and relation extraction, each of which
presents with different challenges.

In terms of NER, the ontology coverage evalu-
ation demonstrated that no single ontology is suf-
ficient to capture the full range of terms present
across all categories. This is consistent with prior
work showing that ontologies often provide only
partial representations of a domain (Abad-Navarro
et al., 2025). The UMLS exhibited the best overall
coverage, however relationship terms showed lower
coverage, likely reflecting that UMLS is primarily
organized around biomedical entities rather than re-
lational predicates. Additionally, these ontologies
are generally not designed to capture higher-level,
abstract representations, but instead focus on do-
main specific-concepts. As a result, although our
terms are similar to those found in existing ontolo-
gies, they are often not represented because they are
broader in scope and intended to capture relation-
ships across a wide range of physiological contexts.
For example, in the UMLS, the generalized rela-
tionship term Prevents is not explicitly represented
as a standalone concept; however, more specific
phrases such as Chair prevents rising, Prevents
risky behaviors, and Prevents skin barrier inter-
ruption are included. These findings support prior
work demonstrating that UMLS does not fully cap-

721



ture all concepts and relationships within a given
domain (Yu et al., 1999). Therefore, our future
work will explore combining multiple ontologies,
as integrating resources has been shown to sup-
port more complete domain representation (Osman
et al., 2021), alongside mapping strategies to im-
prove entity coverage across all categories.

For relation extraction, the dependency and con-
stituency parsers show different results in relation
coverage. The dependency parser’s slightly higher
individual manual relation coverage (0.50) relative
to its corpus-wide distinct relation coverage (0.48)
suggests it performs better on more frequently oc-
curring relation types found in our corpus. The con-
stituency parser, despite achieving perfect corpus-
wide distinct relation coverage, showed a notable
drop at the individual relation level (0.61), driven
largely by a high false positive rate. Nevertheless,
the constituency parser shows greater promise as a
basis for automated relation extraction, and prior
work has demonstrated that constituency-based ap-
proaches can be effective when combined with rule-
based filtering to reduce false positives (Jiang and
Diesner, 2019). In future work, we aim to expand
the text corpus to additional open access medical
textbooks and explore how post-processing of con-
stituency parser outputs can be used to extract rele-
vant relations.

6 Conclusion

We present an annotation guide for anatomical en-
tities and physiological events in biomedical text-
books, designed to support the automated construc-
tion of knowledge graph triples from free text. To
access the feasibility of translating free medical text
into a structured format, we annotated a selected
text corpus and evaluated ontology coverage of our
annotations across OLS ontologies and the UMLS.
We evaluated the coverage of relation extraction by
assessing the coverage of annotated relation pairs
within parser outputs. Our results demonstrate that
while existing ontologies and parsers provide par-
tial coverage, significant gaps remain. These find-
ings motivate future work in multi-ontology inte-
gration and post-processing strategies for parser
outputs. This work represents a step toward mak-
ing rich knowledge present in medical textbooks
accessible in a computable format that can sup-
port development of clinical knowledge discovery
platforms.

7 Limitations

This study is a pilot study utilizing a smaller sample
size with text specific to our use case of GLP-1
physiology. This use case was selected because it
was believed that a schema developed from it could
be generalized and applied to other physiological
functions, though this remains to be validated.
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Category Label Definition Examples

Entity Cell A material entity that is the basic structural
unit of tissue.

Liver cells, alpha cells

Cell Component A subcellular structure or molecular complex
that is associated with a cell and contributes
to its function.

Nucleus, mitochondria

Chemical A molecule, substance, or compound in-
volved in a physiological function where its
specific role is unclear, unknown, or not rele-
vant.

Blood glucose, glycogen in the liver

Measurement A data item that quantifies something. 140 mg, fivefold, one-third

Mediator A chemical that actively influences, regulates,
or triggers a physiological reaction or pro-
cess.

Glucagon

Organ A distinct anatomical structure made up of
multiple tissue types that performs one or
more biological functions.

Liver, heart

Organ System A group of distinct anatomical structures that
work together to perform one or more biolog-
ical functions.

Respiratory system

Substrate A chemical that is acted upon, consumed, or
transformed in a biological process or reac-
tion.

Blood glucose

Time A temporal descriptor for how long or what
pattern a physiological process occurs.

Few minutes, within minutes, first
hour

Tissue A group of similar cells organized together
for a specific physiological function.

Blood, connective tissue

Event Physiological
Function

A biological activity or outcome carried out
by cells, tissues, organs, etc. that contributes
to normal body function.

Secretion, glucose uptake

Physiological State A condition, status, or internal environment
of the body at a given time.

Blood glucose concentration, fasting,
exhaustive exercise

Relationship A word or phrase that describes how two or
more annotated entities are connected, inter-
act, or influence each other within the physi-
ological context.

Activates, decreases, rises, increases

Attribute Coreference When two entities refer to the same named
entity.

Blood glucose (increase) coreference
this (increase)

is_a One entity is a type or category of another. GLP-1 is_a chemical

Rel When two entities are in relation to another. Release Rel insulin

Table A1: Label definitions for the entities, events, and attributes included in the annotation schema. Contents within
parenthesis are additional context not included in the named entity. Entities, Chemical, Substrate, and Mediator,
were developed to distinguish molecules and compounds based on their functional role within the physiological
context rather than chemical identity. Chemical serves as the catch-all label, substrate and mediator are more specific
subcategories of Chemical. Three attribute labels, Coreference, is_a, and Rel, were developed to capture additional
contextual information that cannot be fully expressed through entity or event labels alone.
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Common Multi-Word Expressions

Blood glucose (concentration/level)
(Increase/Decrease) in blood glucose
(High/Low) concentrations
Effects of (Chemical/Mediator/Substrate)
(Chemical/Mediator/Substrate) secretion
(Chemical/Mediator/Substrate) function
(Chemical/Mediator/Substrate) concentration
Blood glucose buffer system
Enzyme system
Glucose (stimulus/concentration)
Feedback mechanism
Feedback control system
Fasting level / Normal value
(Modifier) level
After a meal

Table A2: Common multi-word expressions identified in the GLP-1 physiology corpus. These multi-word expres-
sions represent self-contained triples and were consolidated for simplicity, with the understanding that they can
be decomposed into their constituent terms during post-processing. In cases where the surface representation of
a phrase was disjoint, annotators were instructed to combine the constituent terms into a single fragment phrase
capturing the full expression.

Figure A1: HAC dendrogram for dependency parser relation pattern clustering (average linkage, Levenshtein
distance). The dashed red line indicates the cut height used to form final clusters; leaf labels show per cluster counts
of patterns found in both sources (b), manual annotation only (m), and parser only (p). Clusters span edit distances
up to 16, reflecting considerable structural diversity among dependency relation patterns.
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Ontology Entities Physiological Process Physiological State Relationship
(N = 29) (N = 23) (N = 13) (N = 55)

OLS ontologies

OMIT 0.52 (0.13) 0.31 –
MESH 0.48 0.13 0.31 –
NCIT 0.38 0.17 0.38 0.24
CHEBI 0.24 – – –
HCAO 0.21 (0.04) – –
SNOMED (0.17) 0.13 (0.31) 0.16
EFO (0.14) (0.09) 0.31 (0.02)
PRIDE (0.07) 0.17 0.38 (0.05)
INO – 0.17 – (0.05)
BIOLINK (0.03) (0.09) – 0.09
SLSO – – – 0.07
AFO – (0.04) (0.15) 0.07

Unmatched (OLS) 7 11 7 29

UMLS

Coverage 0.55 0.35 0.23 0.11
Unmatched 13 15 10 49

Table A3: Ontology coverage of terminology categories (Entities, Physiological Process, Physiological State,
and Relationship) queried against OLS and the UMLS. Coverage values reflect the proportion of distinct terms
matched within each ontology. Coverage counts that are inside parenthesis are not part of the top five ontologies for
that category, but still contain some coverage. (—) indicates no coverage was found. Unmatched counts reflect
terms not found in any OLS ontology or the UMLS. OMIT=Ontology for miRNA Targets (Huang et al., 2011);
MESH=Medical Subject Headings (Sewell, 1964); NCIT=National Cancer Institute Thesaurus (Sioutos et al.,
2007); CHEBI=Chemical Entities of Biological Interest (Degtyarenko et al., 2007); HCAO=Human Cell Atlas
Ontology (Welter et al., 2018); SNOMED=Systematized Nomenclature of Medicine—Clinical Terms (U.S. Na-
tional Library of Medicine, 2026); EFO=Experimental Factor Ontology (Malone et al., 2010); PRIDE=Proteomics
Identification Database Ontology (Perez-Riverol et al., 2022); INO= Interaction Network Ontology (Özgür et al.,
2016); BIOLINK=Biolink Model (Unni et al., 2022); SLSO=Space Life Sciences Ontology (Berrios et al., 2024);
AFO=Allotrope Foundation Ontology (Millecam et al., 2021); UMLS=Unified Medical Language System (Boden-
reider, 2004)
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Figure A2: HAC dendrogram for constituency parser relation pattern clustering (average linkage, Levenshtein
distance). he dashed red line indicates the cut height used to form final clusters; leaf labels show per cluster counts
of patterns found in both sources (b), manual annotation only (m), and parser only (p). Cluster span edit distances up
to 6, considerably lower than dependency relation patterns, likely reflecting the constrained phrase-label vocabulary
from which the constituency relation patterns are constructed.
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