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Abstract

Annotated clinical text corpora are essential
for machine learning studies that model and
predict care processes and disease progression.
However, few studies describe the necessary
experimental design of the annotation guideline
and annotation phases. This makes replication,
reuse, and adoption challenging.

Using clinical questions about sepsis, we de-
signed a semantic annotation guideline to cap-
ture sepsis signs from clinical text. The clin-
ical questions aid guideline design, applica-
tion, and evaluation. Our method incremen-
tally evaluates each change in the guideline
by testing the resulting annotated corpus using
clinical questions. Additionally, our method
uses inter-annotator agreement to judge the an-
notator compliance and quality of the guideline.
We show that the method, combined with con-
trolled design increments, is simple and allows
the development and measurable improvement
of a purpose-built semantic annotation guide-
line. We believe that our approach is useful
for incremental design of semantic annotation
guidelines in general.

1 Introduction

Annotated clinical text corpora provide natural
language processing (NLP) and machine learning
(ML) studies the data necessary to find patterns,
classify, and predict patient risk and disease pro-
gression. Compared to models that only utilize
structured data from the electronic health record
(EHR), many studies and reviews have shown that
model performance can increase by incorporat-
ing unstructured clinical text (Soguero-Ruíz et al.,
2016; Huddar et al., 2016; Culliton et al., 2017; As-
sale et al., 2019; Sheikhalishahi et al., 2019; Spasic
and Nenadic, 2020).

Pre-existing annotated clinical corpora include
the Medical Information Mart for Intensive Care
(MIMIC-III) (Johnson et al., 2016), the Clinical E-
Science Framework (CLEF) (Roberts et al., 2007),

and the Informatics for Integrating Biology and the
Bedside (i2b2) challenges and National NLP Clini-
cal Challenges (n2c2) (Uzuner and Stubbs, 2015;
Luo et al., 2020). However, studies utilizing pre-
existing annotated corpora must limit their research
questions to the specific purpose(s) for which the
corpus was annotated. Otherwise, the annotations
required to answer a research question might be
missing or too general. Thus, many studies opt to
develop their own annotated clinical corpus tailored
to capture and extract the necessary information for
their research (Yim et al., 2015; Rama et al., 2018;
South et al., 2009; Oliveira et al., 2022).

Methods with lower requirements for supervi-
sion, such as information extraction, commonly
use keyword search, rule-based algorithms, and
ML to detect clinical cases. However, those meth-
ods might not consider the context of the clinical
case (Ford et al., 2016). For example, different
documented signs within a specific situation can
describe a medical condition that is not named.
Hence, medical expertise is necessary for mak-
ing annotation judgments and capturing clinical
knowledge within the text (Xia and Yetisgen-Yildiz,
2012). Retrieving domain-specific patient knowl-
edge to ascertain or answer clinical questions in-
cludes extracting data, information, and knowledge.
Data are attributes (e.g., names or dates), informa-
tion gives meaning to data (e.g., location, cause,
and time), and knowledge interprets information
based on one’s role and responsibility (e.g., clinical
document’s purpose and effect) (Gudea, 2005).

Making a quality annotated corpus is an iter-
ative process that includes designing an annota-
tion guideline, annotating text with the guideline,
and refining the guideline based on inter-annotator
agreement (IAA) (Roberts et al., 2009; Xia and
Yetisgen-Yildiz, 2012; Deleger et al., 2012; Savkov
et al., 2016; Oliveira et al., 2022). Although studies
describe how annotated clinical corpora were made,
few studies are explicit about the design process.
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We believe that the acquisition and transformation
of clinical questions about the patient cohort into
corresponding corpus requirements for retrieving
information from the actual text of the annotated
corpus should drive the annotation process.

2 Related Work

This section provides an overview of studies that
describe the design process leading to an annota-
tion guideline and annotated clinical corpus. Stud-
ies that share their annotation challenges or offer
improvements are also included.

The CLEF Corpus was semantically annotated
to help develop and evaluate the CLEF informa-
tion extraction system (Roberts et al., 2007, 2009).
Free-text documents in the corpus are histopathol-
ogy reports, imaging reports, and clinical narratives
(i.e., discharge summaries, reports, case notes, au-
dits, letters, or narratives to the general practitioner,
consultant, referrer, or patient). Initially, templates
for the documents using ontology-based entities
and relationships were manually filled-in. How-
ever, the templates did not directly align with text,
and ontology complexity made it time-consuming
to fill templates. Thus, Roberts et al. (2009) itera-
tively developed an annotation guideline based on
a simplified version of the original ontology and
template definitions. Following established stan-
dard NLP annotation methodology (Boisen et al.,
2000), 2 clinicians annotated 31 documents over 5
sessions, and a third annotator resolved disagree-
ments (Roberts et al., 2009). However, due to
workload and time constraints, resigning annotators
could have impacted the corpus quality and size.
Thus, Roberts et al. (2009) proposed solutions
such as pre-annotated documents and a reduced
annotation scope.

The i2b2 challenges have annotated corpora for
various purposes. For example, in the i2b2 NLP
challenge of extracting patient medication from
discharge summaries, 79 annotators from 20 teams
annotated 251 discharge summaries in a commu-
nity annotation experiment (Uzuner et al., 2010).
The annotation guideline was developed iteratively
in 2 phases before the community annotation. For
several iterations in phase 1, university students an-
notated discharge summaries that were measured
for IAA and asked questions to aid revisions. This
produced a guideline and 17 annotated discharge
summaries for phase 2. Finally, during phase 2,
teams annotated discharge summaries using the

guideline and addressed inconsistencies within the
17 annotated discharge summaries to produce a
refined guideline.

The i2b2 temporal relations corpus contains
310 discharge summaries annotated by 8 annota-
tors (Sun et al., 2013). The annotation guideline
was based on the TimeML event and temporal ex-
pression specification language (Pustejovsky et al.,
2003) and the Temporal Histories of Your Medi-
cal Event (THYME) project annotation guidelines.
The corpus development process included: a guide-
line development pilot study, data selection, pre-
annotation, annotator training session, 2 annotators
annotating pre-annotated documents, an adjudica-
tor who resolved disagreements, and evaluation.

The 2014 i2b2/UTHealth de-identification cor-
pus annotation guideline focuses on removing Pro-
tected Health Information (PHI) in longitudinal
medical records for automatic de-identification sys-
tem development (Stubbs and Uzuner, 2015). In-
troduced PHI subcategories enable downstream
analyses to adjust the scope or focus on specific
categories. Additionally, they compared parallel
and serial annotation processes on pre-annotated
and unannotated corpora and found that the pro-
cess does not affect annotation quality (Stubbs and
Uzuner, 2017).

Xia and Yetisgen-Yildiz (2012) utilized a varia-
tion of the typical annotation process for 3 different
studies. Each study’s corpus focused on a specific
clinical report, such as radiology, chest x-ray, or
intensive care unit reports. The process included:
defining a study based on clinical needs, selecting
data, gaining ethical approval, writing annotation
guidelines, creating annotation tools, annotating,
building a system with the corpus, and testing if
the system meets clinical needs. Physicians were
guideline designers and annotators, whereas NLP
researchers provided technical support and built
NLP systems with the corpora. Suggestions for
improvement included more NLP researcher in-
volvement, consideration for guideline granularity
versus annotation time, marking rationale or evi-
dence for a label, and estimating time commitment.

Deleger et al. (2012) developed their annotation
guideline by building off a previous guideline. The
rest of the methods were similar: defining anno-
tation tasks, selecting data from stratified random
sampling, and annotating with 2 annotators. Dur-
ing the annotation process, 2 annotators annotated
the same documents, IAA was measured, and con-
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sensus sessions were held to resolve disagreements
and update the guideline. Using the same annota-
tion process, they built gold standard corpora from
clinical trial announcements, US Food and Drug
Administration (FDA) drug labels, and EHR clin-
ical notes. This included clinical notes such as
discharge summaries, referrals, reports, and notes
for consultations, procedures, plans, or progress.

Interested in capturing infections caused by
central venous catheters, a nurse specializing in
infection annotated 2 745 of 22 174 inspected
notes (Røst et al., 2018). Before inspection, du-
plicate notes were removed. The guideline was a
table containing events for annotation. Defined by
computer scientists, nurses, and an NLP domain
expert, the annotation labels formed a hierarchy
starting with generalized events at the top level and
more specific events below. They also provided in-
formation about data access restrictions to promote
patient confidentiality and clinical record extrac-
tion. Record extraction included physician and
nurse notes for admissions, care, plans, evaluations,
transfers, and discharge summaries.

In this study, we focus on a method of incre-
mental annotation guideline design by intertwining
acquisition with testing of corpus requirements and
corresponding annotation phases. This ensures that
the guideline produces an annotated corpus that
fulfills corpus requirements derived from clinical
questions, even if the clinical questions are not an-
swerable by the actual data. To the best of our
knowledge, there lacks a study that describes this
approach in detail.

3 Objective

This study aims to describe our method for de-
signing a semantically annotated corpus for signs
of sepsis by starting from clinical questions that
formulate the corpus requirements. Hence, the
main contributions are: (1) providing a detailed
description of the guideline design process before
annotation, (2) illustrating the systematic and iter-
ative annotation process taken, and (3) discussing
insights from the design and annotation process.

3.1 Clinical Problem

Sepsis leads to life-threatening multi-organ failure
and is caused by a dysregulated host immune re-
sponse to an infection (Singer et al., 2016). One
infectious agent is the Staphylococcus aureus (S.
aureus) bacteria found on skin that is known to

cause serious bloodstream infections (BSIs). There
is a known overlap between sepsis and BSI, as BSI
is found in 30–58% of sepsis patients depending on
which sepsis definition is used (Phua et al., 2013;
Mellhammar et al., 2021). An estimated 7.6%–
35% of S. aureus BSIs are related to peripheral
intravenous catheters (PIVCs), and the presence of
phlebitis can indicate infection via PIVC (Mermel,
2017). A PIVC is a medical device inserted into
a vein for administering intravenous (IV) fluids,
medication, and blood transfusions. Unfortunately,
improperly managed PIVCs can become gateways
that lead to phlebitis, BSI, or sepsis (Zhang et al.,
2016).

Despite the high sepsis mortality rates and rou-
tine usage of PIVCs, both sepsis and PIVCs are
poorly documented in clinical text and rarely avail-
able as structured data in the EHR (Rohde et al.,
2013; Alexandrou et al., 2018). This makes it chal-
lenging for hospitals to perform retrospective sys-
tematic quality surveillance of PIVC-related BSIs
to lower sepsis incidents. Additionally, the lack of
explicit documentation inhibits the opportunities
for clinicians to learn from and improve PIVC care
practices to lower BSI and sepsis rates.

4 Original Adverse Event Dataset

We had access to 18 555 Norwegian adverse event
(AE) reports extracted from a hospital’s electronic
incident reporting system (Yan et al., 2021). Ex-
tracted AE reports described procedural deviations,
misunderstandings, resource needs, and risky pa-
tient behavior. Each report has structured data (i.e.,
identifier, registration date, reporting hospital unit,
if the event is patient-related or security-related,
event type, and event severity) and an unstructured
free-text note.

5 Semantic Annotation Design Process

This section presents the semantic annotation de-
sign process leading up to the annotation process
and guideline development. A summary can be
found in Figure 1.

5.1 Clarify and Operationalize Clinical
Questions to Form Corpus Requirements

Curious about PIVC-related BSI or phlebitis that
can lead to sepsis and opportunities to improve pa-
tient care, nurses proposed the clinical question:
“Is there a connection between PIVCs and BSIs or
PIVCs and phlebitis at the hospital?” Thus, the
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Figure 1: Semantic annotation design process. (a) Overview of the process until annotation and guideline develop-
ment. (b) Clarify and operationalize clinical questions into corpus requirements to form annotation categories or
entities. i. Clarify and operationalize clinical questions by expanding them to derive corpus requirements. ii. List
examples to answer each question. iii. Sort examples into different categories to form the annotation categories. (c)
Develop the pre-annotation guideline and pre-annotate. i. Find relationships using unique category combinations. ii.
Create the pre-annotation guideline using concrete examples and counterexamples for categories and relationships.
(d) Determine the annotation sessions and annotator groups to create a schedule. Divide synthetic notes into sets
based on the number of categories and relationships. Each group annotates each category at least once in a different
session. Additionally, each relationship is annotated at least twice by a different group throughout the sessions.
Thus, the sets can be reused in different sessions by different groups, and guideline revisions can be tested on a
different group using the same data.

clinical need is to identify PIVC-related BSI and
phlebitis or sepsis signs, preferably by automat-
ically classifying patients with PIVCs requiring
follow-up care. Through iterative discussions with
nurses and computer scientists, the clinical ques-
tion was clarified to ensure data, information, and
knowledge could be extracted to answer the clinical
question (Figure 1 (b)i). Thus, the clinical question
was clarified by expanding it into:

1. How can sepsis or BSIs be identified when the
symptoms are similar to other diseases?

2. What signs or symptoms does PIVC-related
phlebitis have?

3. How can poorly documented PIVCs be identi-
fied?

Those clinical questions were further modified
based on the nurses’ perspectives. For example,
certain types of catheters are distinctly documented
(for data extraction). Other catheters can be dis-
tinguished based on anatomical insertion sites (for
information extraction) or procedures (for knowl-
edge extraction). This resulted in the following
questions that also operationalize and form the cor-
pus requirements:

1. What are the different documented signs of in-
fections or phlebitis, specifically those related
to PIVCs, BSIs, or sepsis?

2. What can distinguish catheter types in the
notes?

3. Where are the documented anatomical inser-
tion sites of catheters?

4. What procedures, interventions, and activities
can be related to catheter use from text content
or report structured data (e.g., ward type or
care situation)?

Figure 2 shows how clinical questions guide the
design, application, and evaluation of the annotated
corpus, annotation guideline, and corpus require-
ments.

Creating an annotated clinical corpus is time-
consuming and labor-intensive (Wei et al., 2018).
However, discussions revealed that we could not
reuse a corpus and needed a new annotation guide-
line. Corpus requirements provided the annota-
tion purpose and can be viewed as “information
requests” to develop procedures for extracting data,
information, and knowledge through annotation.
Extracted data can be facts and observations, such
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Figure 2: Design driven by clinical questions. Eval-
uating clinical questions forms the annotated corpus
requirements used to design the annotation guideline.
Annotators apply the annotation guideline to make
a new (sub)corpus. The corpus is evaluated using
inter-annotator agreement for annotator compliance and
guideline comprehension. Clinical questions are used
separately afterward to evaluate the corpus and require-
ments.

as dates, signs, or symptoms (e.g., purple skin).
Information extracted can be phrases for specific
signs and symptoms of a case (e.g., purple skin
is a sign of a bruise). Furthermore, knowledge ex-
tracted can be other signs or symptoms that indicate
something not necessarily mentioned (e.g., bruise
color can indicate the stage).

Clarifying and operationalizing clinical ques-
tions helped determine corpus requirements about
documented patient features, patient states, and
care features. Including clinicians and computer
scientists when clarifying questions was essential
because it helped identify requirements for repre-
senting knowledge populated by text processing.
Furthermore, these questions can be used to evalu-
ate if the annotated corpus can answer the clinical
questions.

5.2 Form Annotation Categories or Entities

Clinicians provided examples for the corpus re-
quirements by listing keywords, phrases, and sen-
tences (Figure 1 (b)ii). Computer scientists asked
clarifying questions to resolve confusion and am-
biguity. They also inquired about clinical actions
versus actual documented actions to understand
what is documented in the text. After generating a
list of answers, answers were sorted into different
categories (technically known as entities) through
discussions (Figure 1 (b)iii). Each category is a
label for a single word or phrase.

Answers were sorted into the 4 categories: Sign,
Location, Device, and Procedure. Two additional
categories, Sensitivity and Person, were included

to ensure that data is de-identified and that the 4
categories can be linked to an individual. Thus, the
7 main categories are as follows:

1. Sign: infection signs

2. Location: anatomical insertion sites

3. Device: signs of catheter types

4. Procedure: catheter acts or interventions

5. Sensitivity: potential patient identifiers

6. Person: role (e.g., patient or clinician)

7. Whole: AE note topic label for validation (i.e.,
has patient identifier or is about infection, BSI,
sepsis, faulty device, catheter, and/or PIVC).

Excluding the Whole category, the remaining 6
categories each form a hierarchy with more spe-
cific subcategories underneath. Subcategories are
used to capture more detailed granularity from the
text (e.g., the Device category contains a “Catheter”
subcategory with different specific catheter types
as subcategories).

Concrete categories made understanding the clin-
ical annotation task easier and less ambiguous for
the multidisciplinary research group. Having dis-
cussions and generating a list with clinicians helped
determine the categories and subcategories needed
to extract necessary data, information, and knowl-
edge.

5.3 Screen and Select Notes
To ensure that categories specified above are
present in notes, 700 randomly selected AE notes
were manually screened and categorized by a com-
puter scientist and nurse. Categorizing notes in-
cluded providing a comment about the categoriza-
tion rationale and marking potentially ambiguous
notes. In addition, the potentially ambiguous notes
were clarified in discussions and used as exam-
ples for properly annotating notes. Screening notes
identified documented information that could sat-
isfy corpus requirements and help answer clinical
questions in downstream analyses. Additionally, it
provided examples that drove preliminary guide-
line development in the next section.

5.4 Develop Pre-Annotation Guideline and
Pre-Annotate

Initially, 6 possible relationships were found using
a table with unique category combinations (Fig-
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ure 1 (c)i). Then, those 6 relationships were dis-
cussed within the research group to evaluate which
were required and merged. This resulted in the
following 4 relationships for linking categories:

1. Person Person has−−−−−→ Sign, Location, Device, or
Procedure

2. Procedure Procedure uses−−−−−−−−→ Device

3. Sign Caused by−−−−−→ Device or Procedure

4. Sign, Device, or Procedure Located nearby/on/in−−−−−−−−−−−→
Location

Before actual annotation, the preliminary anno-
tation guideline underwent a pre-annotation phase.
Two pre-annotation guidelines were created to as-
sess the utility and decide how detailed an annota-
tion guideline should be for consistent annotation.
The low granularity guideline was a Word docu-
ment that provided brief instructions, a hierarchical
list of categories, and only annotation examples
for 2 categories (i.e., Sensitivity and Person). In
contrast, the high granularity guideline was a static
HTML webpage with interactive instructions for
using the annotation tool and had links to corre-
sponding sections for each category or relationship.
Each category and the relationships in the high
granularity guideline contained 1 concrete annota-
tion example and counterexamples as needed (Fig-
ure 1 (c)ii). A nurse and a computer scientist used
both pre-annotation guidelines to annotate 15-27
notes. Afterward, the research group determined
a high granularity annotation guideline was more
informative and easier to use with the annotation
tool.

Capturing relationships between categories en-
sures that data is not lost in downstream analy-
sis (e.g., infection signs at a specific location). It
can also provide additional support to answer the
clinical questions. By merging relationships, the
complexity of annotation options was simplified
and reduced. It is ideal to reduce the complex-
ity of annotation because making the annotation
task too difficult and time-consuming can result in
annotators resigning (Roberts et al., 2009). The
pre-annotation phase allowed the research group
to manually evaluate, discuss, revise, and improve
the guideline before use. This included the suitable
granularity level and ease of use for the annotators.

5.5 Generate and Divide Synthetic Notes

Synthetic notes appear real and could be real. 100
unique synthetic clinical text notes were manually
generated through 2 methods. The first method
combines parts of the original notes to create a sim-
ilar synthetic AE note with manually anonymized
patient identifiers, and the content was verified by
a nurse. Whereas in the second method, a nurse
manually created a note based on possible clinical
scenarios with synthetic patients to ensure some
notes contained information about catheters and/or
infections. The mean, minimum, maximum and
median tokens per AE note in the corpus were 45,
4, 316, and 36, respectively. Generating synthetic
notes took a couple of workdays for the nurse.

Afterward, the 100 unique synthetic notes were
divided into 10 distinct sets with 10 notes each.
Each set corresponds to either a category or rela-
tionship. The categories utilized in dividing the
sets are those related to catheters or infections (i.e.,
Sign, Location, Device, and Procedure). The
relationships utilized are the 6 initial possible rela-
tionship combinations.

AE notes often contain excessive and potentially
identifying information irrelevant for annotating
catheter-related events. Thus, relevant and closely
related AE notes were selected and combined to
use annotator time efficiently. Generating synthetic
notes ensures the data is anonymized and usage
is optimized, as clinical data is scarce. Addition-
ally, it provides more data for ML analyses and
makes the data more easily accessible to other re-
searchers. Separating synthetic data into different
categories or relationships ensures that specific la-
bels will be annotated within the dataset. Different
sets could be given to different annotators to reuse
data and test if annotation guideline revisions im-
proved IAA.

5.6 Design and Set Up Annotation Schedule

The same 4 categories and 6 initial relationships
used to divide synthetic notes into 10 sets were
used to design the annotation schedule (Figure 1
(d)). Categories were separated into groups, and re-
lationships were added such that each group would
annotate a relationship that excluded the group’s
category. Additionally, relationships within the
groups were organized such that each relationship
was annotated at least twice by 2 different annotator
groups to evaluate revisions. This resulted in 4 an-
notator groups, each with 5 annotation sessions that
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used a different set of notes and could annotate in
parallel. Each group had 2 annotators so that IAA
could be measured. This design defined the anno-
tation schedule, the number of annotation groups
needed, and how to reuse synthetic notes for guide-
line development. Furthermore, parallelization for
each session helped reduce the project timeline.

6 Annotation Process and Annotation
Guideline Development

Following the schedule, synthetic notes were an-
notated by 4 annotator groups over 5 sessions us-
ing a systematic, iterative annotation process for
guideline refinement. In each session, 2 annota-
tors from each group annotated notes based on
an annotation guideline using the Brat rapid anno-
tation tool (BRAT) (Stenetorp et al., 2012). Af-
terward, annotations were evaluated for IAA and
manually inspected to assess if annotations could
fulfill corpus requirements and answer the clini-
cal questions. Text was tokenized and annotation
labels were assigned to tokens before measuring
the IAA F1-score. Disagreements and ambiguities
were discussed within the research group, and com-
ments from annotators were incorporated. Next,
a computer scientist revised the guideline based
on discussions. Finally, the process was repeated
with a new set of notes and the revised guideline.
Figure 3 shows an example sentence annotated by
2 different annotators.

7 General Results from Sessions 1–5

Over 5 sessions, 8 annotators annotated 100 unique
synthetic AE notes to produce 770 annotated syn-
thetic AE notes. From session 1, it was clear
that subcategory and attribute names should not
be used in more than one category, and synonyms
should be avoided. For example, simultaneously
having “Name” as both a Sensitivity subcategory
and an attribute for the Person category raised ques-
tions. Furthermore, annotators left relationships,
attributes, and notes unannotated because they felt
those notes were irrelevant to answering the clinical
questions.

The need for annotating relationships, attributes,
and all notes for ML was addressed in session 2.
Red font emphasized guideline revisions, and the
guideline began with an “Overview of Updated
Instructions” section to aid annotators in identi-
fying revisions. In sessions 2 and 3, the main
revisions were correcting and including missing

subcategories to address annotator concerns.
Session 4 provided a structured terminology for

the guideline. A terminology was developed from
the guideline to give structure and provide users
quick insight into the annotated corpus for down-
stream analysis (Yan et al., 2023). This restructured
the annotation guideline for session 5 by remov-
ing ambiguities and allowed AE note querying to
answer the clinical questions. For example, the
new Observation category encompasses the Sign
category’s signs and symptoms and the Procedure
subcategory “Device malfunction signs.” The com-
puter scientist who revised the guidelines misin-
terpreted clinical knowledge and made incorrect
assumptions in the previous sessions, so the termi-
nology and restructured guideline were validated
by nurses to ensure medical concepts were used
correctly before session 5. The session 1–4 an-
notation guidelines were made available online1

for Yan et al. (2021), and the session 5 annotation
guideline was added online for this study. IAA for
different sessions are in Figure 4.

8 Discussion

8.1 Design and Annotation Process

The annotation guideline development design pro-
cess focuses on identifying the effect of the guide-
line on different categories, corpus content, and
clinical questions. Categories were developed to
answer different clinical questions and focus on
localized guideline changes. Revising parts of spe-
cific category hierarchies made it possible to make
controlled changes to specific subcategories in the
annotation guideline and observe the impact on the
annotated corpus, IAA, and clinical questions.

The annotation process greatly influences and
drives guideline development. Clinical questions
led to corpus requirements that developed the anno-
tation guideline, which is applied on the annotated
corpus and evaluated by the clinical questions. In
turn, evaluating the annotated corpus also either
indicates if it is possible to fulfill corpus require-
ments to answer clinical questions or detects a lack
of corpus content needed for the clinical questions.
Using the iterative process, we uncovered corpus re-
quirements that the corpus content could not fulfill
and could revise the requirements to drive guideline
development and annotation.

1https://folk.ntnu.no/melissay/ae-guidelines/
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Pus came out from the insertion site and the patient's arm became very painful and lost some movement.

Pus came out from the insertion site and the patient's arm became very painful and lost some movement.
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Figure 3: Annotation example for 2 different annotators. Annotator1 on top annotated using only the main categories,
whereas Annotator2 on the bottom used subcategories to capture more detail and relationships to link categories.
Although the Whole category is for indicating if an AE note contains information related to the clinical questions,
Annotator2 has misused this label to leave a comment and indicate the phrase is about “mobility impairment”.
Actual AE notes only contain annotations from 1 annotator, and annotators cannot see the annotations from others.
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Figure 4: F1-score for 4 annotator groups over the 5 sessions. The “as-is” F1-score was calculated using annotator
provided labels. Whereas, the “main category” F1-score converted the labels to the main categories of Sign,
Location, Device, Procedure, Sensitivity, Person, or Whole. Group4 session 5 has no F1-score because an
annotator withdrew.

8.2 Inter-annotator Agreement

There are several possible reasons for changes in
Figure 4’s F1-score. An annotator often misused
the Whole category to leave comments about clini-
cal knowledge, while this is clinically insightful, it
decreases the IAA (e.g., Figure 3 Annotator2 misus-
ing the Whole category). The guideline complexity
increased and reduced annotator compliance (i.e.,
sessions 1-5 had 89, 88, 105, 110, and 137 sub-
categories, respectively). As shown by the “as-is”
F1-score decrease in session 5, the guideline likely
became too complex after session 4 revisions. The
annotator from Group4 probably withdrew because
of the increasing clinical complexity. Another an-
notator gave feedback that they were uncertain if
they annotated some notes correctly. So, increasing
the guideline and notes can overwhelm annotators
(i.e., sessions 1-5 had 10, 20, 20, 20, and 30 notes,
respectively). Group1 was a medical and nursing
student, Group2 was a nurse and medical student,
Group3 were nurses, and Group4 was a nurse and
computer scientist. In general, students followed
guidelines well, even if it contained incorrect med-
ical concepts. Thus, paired annotators could have
different clinical expertise that impacted results.

Granularity can have an effect on IAA, but gran-
ularity can be adjusted to identify problematic sub-
categories and utilized by those performing down-

stream analyses. Lower granularity in the annota-
tion guideline leads to higher agreement because
it reduces the complexity and level of detail. An-
notators usually agree on which main category to
annotate a word or phrase, but they had difficul-
ties choosing certain subcategories. For example,
in Figure 3 Annotator1 annotated with the main
categories whereas Annotator2 was more detailed
and annotated almost the same words with subcate-
gories from the same main categories (e.g., “Pus”
was annotated by Annotator1 with the Sign cate-
gory and by Annotator2 with Sign’s subcategory
“Pus”). This is also shown in Figure 4 for Group4
in session 1, where the “as-is” F1-score is 0, but the
“main category” F1-score is 0.55. It is also possible
to perform IAA on different subcategories within a
subcategory to identify the most problematic areas
after guideline revisions. The granularity in the
annotated corpus can also be utilized and adjusted
in downstream analyses based on the level of detail
required by researchers.

9 Conclusion

Our method captures knowledge about sepsis signs
in clinical text. We control changes in the annota-
tion guideline by using hierarchical categories and
continuous evaluation. Through applying a system-
atic, iterative annotation process, we evaluated the
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changes using the clinical questions and IAA. The
clinical questions evaluate corpus quality, and IAA
evaluates annotator compliance and guideline com-
plexity. As the guideline is designed to answer dif-
ferent clinical questions, it is possible to adjust the
granularity level as needed to answer different clin-
ical questions. By detailing our design process and
annotation process, we hope our method can aid
other researchers who cannot utilize pre-annotated
corpora in developing an annotated corpus for their
research.

Limitations

This method for designing and annotating clinical
text for a specific clinical use case can be benefi-
cial for researchers needing to annotate a corpus.
However, there are some limitations. First, the
experiences are based on a specific clinical case
and focus on the qualitative aspects. Details of
certain parts of the design and annotation process
will likely need to be adjusted based on resources
available to other researchers. This can include the
data selected for annotation, the number of annota-
tors available, and the annotators’ level of expertise.
For instance, the use case in the design process is
based on using 8 annotators to annotate 100 syn-
thetic AE notes over 5 sessions. Second, expertise
and additional time are required to generate syn-
thetic notes for annotation. Finally, future work is
still needed to replicate the described design and
annotation process on other forms of clinical text
and problems.

Ethical Considerations

To protect patient privacy when designing and an-
notating clinical text, synthetic AE notes were man-
ually generated and verified by a nurse to ensure
the data is anonymized. Additionally, the anno-
tation guideline includes the Sensitivity category
to allow annotators to label potential information
in the synthetic notes that could identify a patient.
This process was described to provide an example
for researchers who need to annotate sensitive data.

The Norwegian Regional Committees for Med-
ical and Health Research Ethics (REK) has ap-
proved the use of medical data in this study (REK
approval no. 26814; 2018/1201/REKmidt). To
ensure annotators are protected, collecting and pro-
cessing personal annotator data has also been ap-
proved by the Norwegian Centre for Research Data
(NSD reference no. 142683). Furthermore, the an-

notators have consented to the use of their specified
personal information (i.e., profession and years of
experience) and their annotations.
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Tomoko Ohta, Sophia Ananiadou, and Jun’ichi Tsujii.
2012. brat: a web-based tool for NLP-assisted text
annotation. In Proceedings of the Demonstrations
at the 13th Conference of the European Chapter of
the Association for Computational Linguistics, pages
102–107, Avignon, France. Association for Compu-
tational Linguistics.

Amber Stubbs and Özlem Uzuner. 2015. Annotating
longitudinal clinical narratives for de-identification:
The 2014 i2b2/UTHealth corpus. Journal of Biomed-
ical Informatics, 58 Suppl:S20–S29.

Amber Stubbs and Özlem Uzuner. 2017. De-
identification of medical records through annotation.
In Nancy Ide and James Pustejovsky, editors, Hand-
book of Linguistic Annotation, pages 1433–1459.
Springer Netherlands, Dordrecht.

Weiyi Sun, Anna Rumshisky, and Ozlem Uzuner. 2013.
Annotating temporal information in clinical nar-
ratives. Journal of Biomedical Informatics, 46
Suppl:S5–S12.

Özlem Uzuner, Imre Solti, Fei Xia, and Eithon Cadag.
2010. Community annotation experiment for ground
truth generation for the i2b2 medication challenge.
Journal of the American Medical Informatics Associ-
ation, 17(5):519–523.

Özlem Uzuner and Amber Stubbs. 2015. Practical ap-
plications for natural language processing in clini-
cal research: The 2014 i2b2/UTHealth shared tasks.
Journal of Biomedical Informatics, 58 Suppl:S1–S5.

Qiang Wei, Amy Franklin, Trevor Cohen, and Hua Xu.
2018. Clinical text annotation - what factors are
associated with the cost of time? AMIA Annual Sym-
posium proceedings. AMIA Symposium, 2018:1552–
1560.

Fei Xia and Meliha Yetisgen-Yildiz. 2012. Clinical cor-
pus annotation: challenges and strategies. In Pro-
ceedings of the Third Workshop on Building and
Evaluating Resources for Biomedical Text Mining
(BioTxtM’2012) in conjunction with the International
Conference on Language Resources and Evaluation
(LREC 2012), pages 32–39.

Melissa Y. Yan, Lise Tuset Gustad, Lise Husby Høvik,
and Øystein Nytrø. 2023. Terminology and ontology
development for semantic annotation: A use case on
sepsis and adverse events. Semantic Web, 14(5):811–
871.

Melissa Y. Yan, Lise Husby Høvik, André Peder-
sen, Lise Tuset Gustad, and Øystein Nytrø. 2021.
Preliminary processing and analysis of an adverse
event dataset for detecting sepsis-related events. In
IEEE International Conference on Bioinformatics
and Biomedicine, BIBM 2021, Houston, TX, USA,
December 9-12, 2021, pages 1605–1610. IEEE.

Wen-wai Yim, Sharon Kwan, and Meliha Yetisgen.
2015. In-depth annotation for patient level liver can-
cer staging. In Proceedings of the Sixth International
Workshop on Health Text Mining and Information
Analysis, pages 1–11, Lisbon, Portugal. Association
for Computational Linguistics.

Li Zhang, Siyu Cao, Nicole Marsh, Gillian Ray-Barruel,
Julie Flynn, Emily Larsen, and Claire M Rickard.
2016. Infection risks associated with peripheral
vascular catheters. Journal of Infection Prevention,
17(5):207–213.

246

https://doi.org/10.2196/17984
https://doi.org/10.2196/17984
https://aclanthology.org/E12-2021
https://aclanthology.org/E12-2021
https://doi.org/10.1016/j.jbi.2015.07.020
https://doi.org/10.1016/j.jbi.2015.07.020
https://doi.org/10.1016/j.jbi.2015.07.020
https://doi.org/10.1007/978-94-024-0881-2_55
https://doi.org/10.1007/978-94-024-0881-2_55
https://doi.org/10.1016/j.jbi.2013.07.004
https://doi.org/10.1016/j.jbi.2013.07.004
https://doi.org/10.1136/jamia.2010.004200
https://doi.org/10.1136/jamia.2010.004200
https://doi.org/10.1016/j.jbi.2015.10.007
https://doi.org/10.1016/j.jbi.2015.10.007
https://doi.org/10.1016/j.jbi.2015.10.007
https://www.ncbi.nlm.nih.gov/pubmed/30815201
https://www.ncbi.nlm.nih.gov/pubmed/30815201
http://lrec.elra.info/proceedings/lrec2012/workshops/14.BioTxtM-Proceedings.pdf#page=39
http://lrec.elra.info/proceedings/lrec2012/workshops/14.BioTxtM-Proceedings.pdf#page=39
https://doi.org/10.3233/SW-223226
https://doi.org/10.3233/SW-223226
https://doi.org/10.3233/SW-223226
https://doi.org/10.1109/BIBM52615.2021.9669410
https://doi.org/10.1109/BIBM52615.2021.9669410
https://doi.org/10.18653/v1/W15-2601
https://doi.org/10.18653/v1/W15-2601
https://doi.org/10.1177/1757177416655472
https://doi.org/10.1177/1757177416655472

