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Abstract

An abundance of biomedical data is generated in the
form of clinical notes, reports, and research articles
available online. This data holds valuable information
that requires extraction, retrieval, and transformation
into actionable knowledge. However, this information
has various access challenges due to the need for pre-
cise machine-interpretable semantic metadata required
by search engines. Despite search engines’ efforts to
interpret the semantics information, they still strug-
gle to index, search, and retrieve relevant information
accurately. To address these challenges, we propose
a novel graph-based semantic knowledge-sharing ap-
proach to enhance the quality of biomedical semantic
annotation by engaging biomedical domain experts. In
this approach, entities in the knowledge-sharing envi-
ronment are interlinked and play critical roles. Autho-
rial queries can be posted on the ”Knowledge Cafe,”
and community experts can provide recommendations
for semantic annotations. The community can further
validate and evaluate the expert responses through
a voting scheme resulting in a transformed ”Knowl-
edge Cafe” environment that functions as a knowl-
edge graph with semantically linked entities. We eval-
uated the proposed approach through a series of sce-
narios, resulting in precision, recall, F1-score, and ac-
curacy assessment matrices. Our results showed an ac-
ceptable level of accuracy at approximately 90%. The
source code for ”Semantically” is freely available at:
https://github.com/bukharilab/Semantically

Keywords: Semantic annotation, Semantic Knowledge
graph, Annotation recommendation, Annotation ranking,
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Introduction
An enormous amount of biomedical information, such as re-
search papers, clinical notes, and biomedical reports, is pub-
lished each year in biomedical research and clinical prac-
tices. Timely information transfer from the scientific re-
search community to peer investigators and other health-
care professionals entails efficient techniques for acquir-
ing biomedical publications. This continued increase in the
biomedical field has led to various access-level challenges
for practitioners and researchers [Abbas A 2022]. Due to
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the lack of machine-interpretable meta-data, this indispens-
able information in the contents on the web is still concealed
from information retrieval and knowledge extraction search
engines.Search engines, on the other hand, require meta-
data to properly index the content in a context-aware man-
ner and to support ancillary operations like automated inte-
gration for meta-analysis [S. A. C. Bukhari 2017]. It would
be ideal to incorporate machine-interpretable semantic an-
notations into biomedical content during the pre-publication
stage (during first drafting), and to maintain them through-
out online publication [Warren P 2008]. However, these pro-
cesses are complicated and require deep technical and/or
domain knowledge. Thus, a cutting-edge, publicly avail-
able framework for creating biomedical semantic content
would be revolutionary. The basic elements of the seman-
tic content authoring process are ontologies, annotators, and
user interfaces (UI). Semantic annotators are designed to
make it easier to tag/annotate the relevant ontology con-
cepts, either manually, automatically, or in a hybrid way, us-
ing pre-defined terminologies. As a result, users create more
semantically rich information compared to typical writing
methods, such as using a word processor [K. Hasida 2003].
We divide the semantic annotators that are readily avail-
able into two groups. There are two types of annotators: 1)
Non-biomedical and 2) Biomedical. The biomedical anno-
tators can be further divided into a) general-purpose anno-
tators for biomedicine, which assert to cover all biomed-
ical subdomains, and b) use case-specific annotators for
biomedicine, which are created for a specific subdomain or
to annotate specific entities like genes and mutations in a
given text. In contrast, the general purpose non-biomedical
semantic annotators consolidate various technologies like
machine learning, Natural Language Processing(NLP), se-
mantic similarity algorithms, ontologies and graph ma-
nipulation techniques[Jovanovic 2014]. Biomedical anno-
tators primarily employ term-to-concept matching with or
without machine learning-based methods[Tseytlin 2016].
Though Machine learning is applied by biomedical annota-
tors like NOBELE Coder [Tseytlin 2016], ConceptMapper
[J.Jovanovi 2017], Neji[Campos 2013], and Open Biomed-
ical Annotator[N.H.Shah 2009] to swiftly annotate the text.
However, these annotators lack of strong disambiguation ca-
pabilities: the ability to recognize the relevant biomedical
concept for a particular piece of text from a list of compet-
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ing concepts. Whereas the NCBO annotator [Jonquet 2009]
and MGrep services are somewhat sluggish, the RysannMd
annotator attempts to balance annotation speed and accu-
racy. However, On the other hand, its knowledge base is con-
strained to certain UMLS (Unified Medical Language Sys-
tem) ontologies and does not fully cover all biomedical sub-
domains [Cuzzola 2017].
Owing to the aforementioned challenges and problem,
We have designed ”Semantically,” a publicly available,
robust, and interactive framework that enables peo-
ple with varying degrees of expertise in the biomedical
domain to create biomedical semantic information col-
laboratively. A critical research challenge in developing
a robust biomedical semantic content editor is balanc-
ing speed and accuracy. Finding the appropriate seman-
tic annotations in real-time during content authoring is ex-
tremely complicated because one semantic annotation is fre-
quently available in multiple biomedical ontologies with dif-
ferent text or connotations. As a result, we propose a state-
of-the-art socio-technical approach to build a biomedical se-
mantic content authoring system that balances the speed and
accuracy of the existing biomedical annotators while keep-
ing the original author at every stage of the process. Simi-
larly, we developed the ”Semantic Knowledge Café” mod-
ule to enable authors to receive real-time semantic annota-
tion recommendations for explicit biomedical terminologies
from a domain expert.
With the rise of social web applications such as Wikipedia,
blogs and online discussion forums have improved infor-
mation transfer by providing a flexible environment where
users can generate and find their favorite content on their
terms [Faisal 2019]. However, with the passage of time,
online discussion forums accumulate a significant amount
of content over time, which may raise questions about the
users’ reliability and the content’s quality. A poor-quality
answer in a discussion forum reveals the existence of unpro-
fessional or incompetent members; therefore, a primary goal
is to find experts or trustworthy users. The majority of cur-
rently used expert-ranking approaches consider fundamental
features, such as the total number of responses a certain ex-
pert delivers, but ignore the quality and consistency of the
expert’s answer. Every entity in a social environment typ-
ically interacts with other entities and delivers some con-
tribution, which results in dependencies between the enti-
ties. To address these issues, we have introduced a semantic
knowledge-sharing approach through a knowledge graph in
a socio-technical environment. We offer an explainable and
interpretive view through a knowledge graph, such as do-
main expert profile raking, a domain expert confidence score
to suggested semantic annotations, and upvotes and down-
votes given by community users to the suggested semantic
annotation from the domain expert to build authors’ or users’
decision confidence levels. Additionally, the ”Semantically
Knowledge Cafe” module enables authors or users to ex-
pedite the searching process toward quality semantic anno-
tation for explicit terminology through a knowledge graph.
The module also prevents and assists the authors avoid re-
peating queries or posts about explicit terminology semantic
annotation..

The article is further structured into two main categories:
Proposed Methodology and Results and Discussion.

Proposed Methodology
We proposed a Knowledge-graph based knowledge-sharing
approach to enhance the biomedical content semantic anno-
tation while keeping the original content creator in a loop.
Additionally, this approach expedites semantic information
searching and indexing through a knowledge graph before
publication. Initially, the preliminary semantic annotation
for explicit biomedical content is catered from openly online
available biomedical ontologies such as UMLS[abbas 2019]
and Bioportal[Jonquet 2009]. To further enhance and assign
precise semantics to the biomedical content, we developed a
”Semantic Knowledge Cafe” module, which provides peer-
to-peer communication between authors and domain experts
for accurate annotation recommendations. Similarly, other
community members can validate the expert-recommended
annotation through a voting mechanism. In the meantime,
a knowledge graph is created that shows who submits (the
author) a request for a recommendation for a valid semantic
annotation on biomedical contents, who responds (the ex-
pert) to the give request and makes recommendation, and
who votes (+ or -) to validate the recommended annota-
tions (community users). As a result, three entities play a
cornerstone role in constructing the coherently connected
knowledge graph in this situation. Additionally, this knowl-
edge graph clearly represents information regarding rec-
ommended annotations and domain expert credibility. Fur-
ther, it encourages the community’s members not to query
or post repeatedly for explicit biomedical content seman-
tic annotation. The proposed methodology is further illus-
trated in three sections: The Initial Level Semantic An-
notation and Authoring, Socio-technical Annotations Rec-
ommendation, and Semantic Knowledge Sharing Through
Knowledge-Graph as shown in Figure. 1.

Initial Level Semantic Annotation and Authoring
A biomedical annotator is an indispensable component and
plays a rudimentary role in biomedical content semantic an-
notation or enrichment [Mbouadeu 2022]. These biomedical
annotators leverage publicly accessible biomedical ontology
repositories, such as Bioportal [Jonquet 2009] and UMLS
[abbas 2019], to assist researchers in the biomedical com-
munity in assembling and tagging their data with ontology
notions to enhance search engine information retrieval and
indexing. However, semantic annotation and augmentation
process takes time and requires expert curators. Therefore,
we automate the process of assigning semantic annotation
using our proposed solutions. To accomplish this, we eval-
uated the original text and annotated it with the appropri-
ate biomedial ontology terms using NCBO Bioportal web-
service resources [Jonquet 2009]. To begin, authors have
two options: import pre-existing content from research pa-
pers, clinical notes, and biological reports, or start typing
in the semantic text editor. Next, when the author clicks
the ”Annotate” button, the initial level of semantic is gen-
erated automatically, without technical expertise or abstrac-
tion. Our systems accept the author’s free text as input for



Figure 1: Proposed Methodology for Semantic Knowledge-sharing Through Knowledge-graph

semantic information extraction, which is then fed into a
concept recognition engine. A string-matching method is ap-
plied by the concept recognition tool to identify the most ap-
propriate acronyms, definitions, ontologies, and hyperlinks
for particular biomedical terminologies based on the con-
text. As a result, this semantic information appears in the
annotation panel of our system for human interpretation and
comprehension. Similarly, our system helps authors amend
generated semantic information according to their compre-
hension, expertise, and experience. For instance, they could
select a relevant ontology from the list, grab the initially
suggested semantic annotations, and assign new relevant
acronyms, vocabulary, and ontology to explicit terminology.
While more experienced users may use advanced features
to effectively control the semantic annotation and authoring
process, individuals with a technical background can easily
use a simplified interface.

Annotation Recommendation in a Socio-technical
Environment
After obtaining initial semantic annotation, ”Semantically
Knowledge Cafe” offers a cutting-edge socio-technical en-
vironment for the authors to interact and receive precise and
high-quality semantic annotation recommendations from
peer review. Assume the author is required to get accurate
ontology annotations from experts for the biomedical ter-
minology. The ”Semantically Knowledge Cafe” interface
makes it easier for the author to write a query to a do-
main expert for annotation recommendation. Following the
submission of the query, a new thread in the ”Semantically
Knowledge Cafe” forum for expert Ei responses appeared,
where Ei = {e1, e2, e3, ...en}. Similarly, the ”Semantically
Knowledge Cafe” provides the domain Ei an easy-to-use in-
terface to speed up the response process to author queries.
The NCBO ontology tree widget tool has been integrated
into the interface to make it easier for the author to search
for appropriate ontologies and their vocabulary. Similarly,
the author can provide an additional explanation for why the
following annotation is recommended. Regarding semantic

annotation recommendations, the domain expert must pro-
vide a self-confidence score between 1 and 10 for their
recommended semantic annotation. The expert confidence
score renders how confident he/she is about recommended
annotations to explicit author queries. When the expert Ei

responds to the author’s post, other community members
Ui = {u1, u2, u3, ....un} can vote to approve or reject the
expert-recommended annotation, as shown in Figure.1(b).
We further assess the upvotes (+V) and downvotes (-V) and
expert self-confidence score using the Wilson formula and
data normalization process as shown in Equ.1 and Equ.5.
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In Equ.1. p̂ is the sum of the upvotes (+V) of a commu-
nity members Ui to an expert’s Ei response for an author
request for correct annotation divided by the total number of
votes (+V, -V). Similarly, n is the total of upvotes and down-
votes (+V, -V), and α is the statistical confidence level: Pick
0.95 to have a 95% chance that our lower bound is accu-
rate. The z-score in this function, however, remains constant.
Ultimately, the author received an optimal annotation rec-
ommendation. Whereupon, recommendations are acquired
to the author from an expert; the author has the option to



accept or reject the recommended annotation with a credi-
bility score between 0 and 5. Whenever an author accepts
the recommended annotation, a credibility score between 1
and 5 is added to the expert’s profile. Further, a credibility
score of 0 is added to the expert’s profile if the author rejects
the recommendation. All features (upvotes (+V), downvotes
(-V), expert self-confidence score, author credibility score)
are equally contributed and coherently correlated with each
other for the final annotation recommendation. The ultimate
output processing (+v,-V) features are between 0 and 1. We
normalize and transform the expert self-confidence score
and author credibility score between 0 and 1 for the con-
sistent and featured-dependent process applying Equ.5.

zi = (xi −min(x))/(max(x)−min(x)) ∗Q (5)
Where zi is the ith normalized value in the dataset. Where
xi is the ith value in the dataset, e.g., the user confidence
score. Similarly min(x) is the minimum value in the dataset,
e.g the minimum value between 1 and 10 is 1 and max(x) is
the maximum value in the dataset, which is 10. Finally, Q is
the maximum number wanted for a normalized data value,
e.g. we normalized the confidence score between 0 and 1,
and the maximum value between 0 and 1 for Q is 1.

Finally, all the SR-FS (Semantically Ranking Feature
Score) for each expert Ei annotation recommendation is
computed and aggregated using Equ.6.

Sr − Fs =

m∑
j=1

n∑
i=1

p∑
k=0

(Fj , Ei, Ak) (6)

final − score = argmax[

N∑
i=1

(Sr − Fs)] (7)

Where Fj is the feature score for Expert Ei and Annotation
Ak. The final decision or ranking happens based on maxi-
mum feature scoring gained by the Expert Ei response to
the author’s post or query see Equ.7.

Semantic Knowledge Sharing Through
Knowledge Graph

Recently, knowledge graphs have gained immense atten-
tion because of providing machine-readable details, adding
context and depth to data-driven AI techniques. Addition-
ally, many big tech companies like Google have leveraged
knowledge-graph to enhance information searching and re-
trieval. The core of a knowledge graph is its knowledge
model, a collection of interconnected descriptions of con-
cepts, entities, events, and relationships known as an on-
tology. This model offers a framework for taxonomies or
statements. Each statement consists of a subject, predicate,
and object, known as the ”triple model,” and each sub-
ject or object appears only once in the context of the other
subjects and their relationships. In the proposed ”Semantic
Knowledge Cafe,” four core entities, such as the author, do-
main expert, community users, and biomedical terminolo-
gies, are likely to perform coherently dependent and inter-
connectedly (see Figure). 2. Further, these entities have sub-
entities or child nodes, such as the domain expert node,

which contains the child node’s expert profile rank, ex-
pert confidence score, upvotes, downvotes, and suggested
semantic annotations for terminologies. These child nodes
adequately convey the domain expert’s credibility, ability,
and trustworthiness to the authors and other community
users. For Instance, Figure. 2 shows the knowledge graph
from the socio-technical approach for the biomedical ter-
minology ”Coronary Arterial Disease.” Now the author’s
or community members desire to thoroughly examine and
validate the suggested or recommended ontology for the
biomedical term ”Coronary Arterial Disease”. The domain
expert (Zeeshan, Lucy and Marga) suggested relative on-
tologies(”MESH”,”BCGO” and ”BCS7”) with some level of
confidence score(3,9,6). After visualizing the graph, the au-
thor or community users can watch the domain expert profile
scoring as Rank and domain expert self-confidence score,
how many upvotes and downvotes the community provides
to the expert suggested annotation, and who votes for who,
how many explicit and implicit votes does a domain ex-
pert received. Combining all these features boosts an au-
thor or a community members confidence to select or reject
the recommended semantic annotation by a domain expert.
As shown in the Figure. 2, The domain expert(Lucy) has a
high profile ranking, a confidence score, upvotes from com-
munity members and upvotes from other domain experts,
and zero downvotes, Which automatically boosts the author
or community member’s confidence level to choose the ap-
propriate ontology ”BCGO” for the biomedical terminology
”Coronary Arterial Disease”.

Results and Discussion
A total of 30 people participated through social media
call in the proposed system evaluation. We downloaded 30
biomedical-related research articles from Pubmed.org and
assigned them randomly to the participants. After that, the
participants execute individual documents on the system,
and as a result, sets of initial annotations are obtained. Each
participant is encouraged to post queries or questions on the
”Semantically Knowledge Cafe” forum who has any con-
cerns about the initial annotations. After which, a total of
645 total posts are generated. All the participants are encour-
aged to respond to the author’s posts with a recommended
annotation and a confidence score ranging from 1 to 10.
Cumulatively 2845 answers are recorded from the domain
expert Ei, and other users provide upvotes and downvotes
to validate further the expert Ei recommended annotation.
Where an average number of 6056 upvotes and 7942 down-
votes are counted. After receiving the recommended anno-
tation, the author can offer credibility scores between 0 and
5 to the recommended annotation and user profile.
A professor-level domain expert from academia is enlisted
to manually assess the annotations produced by the socio-
technical approach. We also calculated the IAA (Inter An-
notator Agreement) among domain experts when determin-
ing the kappa (kappa) value. The Inter-Annotator Agreement
(IAA), a measure of how well multiple annotators can make
the same annotation decision for certain categories. It is an
indispensable part of both the validation and reprehensibil-
ity of annotation results. We take two measurements into



Figure 2: Semantic Annotation Recommendation Representation Through Knowledge Graph.

account for evaluation purposes:i) Cohen’s Kappa and ii)
Fleiss’ Kappa.

kappa(κ) =
Po − Pe

1− Pe
(8)

In Equ.8 po is the relative observed agreement among an-
notators, and pe is the hypothetical probability of chance
agreement. To interpret Cohen’s kappa results, refer to the
following study [Landis 1997]. However, if the annotators
are in complete agreement then κ = 1 and perfect agree-
ment. If there is no agreement among the annotators then κ
≤ 0 or slight agreement as shown in Table.1. As per guid-
lines in the study [Landis 1997], we obtained almost per-
fect agreeemnt among three domain experts (Annotators)
for our proposed socio-technical approach, where all agree-
ment value is placed more than 90%. Similarly, perfect Co-
hen’s and Fleiss kappa value of more than 85% is gained by
domain experts for socio-technical annotation recommenda-
tion as shown in Table.1.
Similarly, We determined the system-level performance for
a socio-technical approach taking into account four well-
known evaluation matrices precision, recall, f1-score, and
accuracy. To find out the system’s effectiveness, we manu-
ally compared the socio-technical annotation results to those
of domain experts. Consequently, the system has obtained
nearly identical performance of 90% in terms of all four
evaluation matrices for an annotation recommendation in a
socio-technical setting, as illustrated in Figure. 3.

Further, the semantic annotation and the socio-technical
related information is stored in the Neo4j database, which
is an open-source, NoSQL, and, a native graph database.
In the socio-technical environment, every entity(domain ex-
pert, community users, authors) is coherently connected
with respect to the author query from the domain expert for
annotation recommendation, the domain expert responds to
the author query, and community users provide upvote and

downvote to the expert response. So combining all these fea-
tures build a social knowledge graph. The knowledge graph
is very huge, and its complex to identify and find the cor-
rect and exact information. Considering this, the proposed
framework supports the users to deeply analyze, seek and get
an explainable view through a simplified knowledge graph
regarding recommended annotation by the domain expert.
Where community users and authors can query in ”Seman-
tic Knowledge Cafe” to search for precise and quality se-
mantic annotation for the biomedical term ”Blood Cancer”.
As shown in Figure 4, the three domain experts from com-
munity (Aisa, Anna and John), has responded with sug-
gested annotation(MESH, BCGO and NCIT) along with a
self-confidence score(6,4,8). The other community members
Ui has responded with upvotes(+) and downvotes(-). Addi-
tionally, we visualized the community domain expert pro-
file scoring(5,3, and 8). Based on this visualized informa-
tion, now, the community users or authors confidently made
their decision to choose the appropriate ontology annotation
as ”NCIT” for the biomedical term ”Blood Cancer” which
is recommended by domain expert ”John”. Because, ”John”
has gained the maximum number of upvotes and zero down-
votes, high profile ranking, and confidence score related to
”Anna” and ”Aisa”. Similarly, the framework facilitates the
author or users to search and visualize the semantic an-
notation recommended by explicit domain experts such as
”John Steve” in the knowledge graph form see Figure. 5.
Whereas we also visualized the expert’s profile score(5.32),
recommended annotations(MS,NCIT, and MESH) for ex-
plicit biomedical terminologies(Burst of Arterial Fibrilla-
tion, Blood Cancer, and Coronary Arterial Disease), with
a confidence score(8,4, and 9) and upvotes(10, 0, and 14)
and downvotes(2,7, and 1) from community users. In this
way, here too, all these visual features in the form of knowl-
edge graphs provide obvious and deep technical knowledge
regarding semantic annotation recommended by explicit ex-



% of Agreement Cohen’s and Fleiss Kappa Value
Expert1 Expert2 Expert3 IAA between two Expert Cohen’s(κ ) Fleiss(κ )

Expert1 95.56% 95.3% Expert1, Expert2 0.88
Expert2 95.56% 95.04% Expert1, Expert3 0.87
Expert3 95.3% 95.04% Expert2, Expert3 0.87

0.88

Table 1: Inter Annotator Agreement(IAA) Results Among Domain Experts

perts see Figure. 5. In a nutshell, the knowledge and infor-
mation that appeared in the form of a knowledge graph au-
tomatically enhance the author’s and community members’
decision confidence level to choose the precise and appropri-
ate semantic annotation. Additionally, the knowledge graph
has significantly improved the biomedical content seman-
tic annotation searching process and eradicated duplicate re-
quests for semantic annotation.

Figure 3: System Level Performance for Annotation Recom-
mendation in Socio-technical Environment.

Figure 4: Semantic Annotation Recommendation Represen-
tation for Explicit Terminology through Knowledge Graph

Conclusion
The primitive objective of this study is to introduce a
freely accessible framework that enables individuals at dif-
ferent levels of expertise in the biomedical domain to au-
thor biomedical semantic content collaboratively. To en-

Figure 5: Domain Expert Semantic Annotation Recommen-
dation Representation Through Knowledge Graph for Ter-
minologies

hance the biomedical content semantic annotation accuracy,
we proposed the socio-technical approach while keeping
the original content creator(domain experts) in the loop in
the entire process. The ”Semantically Knowledge Cafe” is
built for authors to ask questions from domain experts for
explicit biomedical content semantic annotation. The do-
main expert can respond to the author’s query and recom-
mend a semantic annotation with a self-confidence score.
Similarly, other community users are allowed to upvote
and downvotes to validate further the domain experts sug-
gested semantic annotation. Additionally, we introduce a
knowledge graph-based approach to visualize the ”Seman-
tically Knowledge Cafe” information to enhance further the
author’s and ”Semantically” users’ decision-making level
for choosing an appropriate and valid semantic annotation
for explicit biomedical terminology. Consequently, the pro-
posed approach dramatically increases the biomedical se-
mantic content annotation accuracy and the searchability
and shareability of semantic knowledge through knowledge
graphs in a socio-technical environment.
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