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ABSTRACT

The biomedical literature doubles approximately every five years, making manual curation of knowledge from published

text increasingly untenable, and natural language processing models that automatically extract entities, relationships,

and assertions from scientific articles now offer scalable solutions, yet their adoption into biomedical knowledge

workflows varies across NLP task types and application contexts. We evaluated 214 biomedical NLP programmes across

centres in Austria and Germany between 2017 and 2021, spanning five task categories: named entity recognition for

biomedical entities, relation extraction between genes, diseases, and drugs, text classification and triage of articles,

question answering over biomedical corpora, and knowledge graph construction from literature. A Biomedical NLP

Effectiveness Index (BNLPEI) was constructed from five sub-scores -- extraction accuracy on benchmark corpora,

domain-specific language model quality, real-world curation acceleration, cross-corpus generalisation, and integration

into downstream knowledge systems -- with weights from regression against sustained adoption into biomedical

knowledge pipelines. BNLPEI correlated with adoption at r = +0.83 and discriminated adopted from non-adopted

methods with an AUC of 0.880. Named entity recognition scored highest (mean BNLPEI 0.822), while knowledge graph

construction trailed at 0.596. Only 34.6 percent exceeded the 0.75 threshold. Extraction accuracy carried the largest

weight (beta = +0.278), followed by curation acceleration (beta = +0.230).
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1. Introduction
1.1 The Literature Overload Problem
PubMed indexes over 35 million biomedical
articles, with more than one million new entries
added annually. No researcher can read more than
a tiny fraction of the literature relevant to their
field, and manual curation of knowledge databases
such as UniProt, DrugBank, and OMIM requires
teams of trained biocurators who read articles,
extract structured facts, and enter them into
databases at a pace that falls further behind the
publication rate each year. Natural language
processing offers a scalable alternative:
computational models that read biomedical text,
identify mentions of genes, proteins, diseases,
drugs, and other entities, extract the relationships
between them, and structure the extracted
information for integration into knowledge bases.
The vision is a continuously updated,
machine-readable representation of biomedical
knowledge derived automatically from the
published literature.

1.2 The BioNLP Task Landscape
Biomedical NLP encompasses a hierarchy of
increasingly complex tasks. Named entity
recognition identifies and classifies mentions of
biomedical entities in text: gene names, chemical
compounds, disease terms, cell types, and
organisms. Relation extraction identifies semantic
relationships between recognised entities:
gene-disease associations, drug-target
interactions, protein-protein interactions, and
adverse drug events. Text classification assigns
articles or passages to predefined categories for
triage, prioritisation, or systematic review
screening. Question answering retrieves precise
answers to biomedical questions from literature
corpora. Knowledge graph construction assembles
extracted entities and relations into structured
graph databases that support reasoning and
discovery.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a biomedical NLP
method achieves sustained adoption into
knowledge curation or literature mining
workflows. By scoring 214 programmes across five
task categories on five quality dimensions, we
sought to quantify the factors that determine
real-world utility.

2. Literature Review

2.1 Named Entity Recognition and Relation
Extraction
Biomedical NER has progressed from
dictionary-based matching through conditional
random fields to deep-learning sequence labelling
models that achieve F1 scores above 90 percent on
standard benchmarks including JNLPBA, BC5CDR,
and NCBI Disease. Pre-trained biomedical
language models including BioBERT,
PubMedBERT, and BioLinkBERT have further
improved NER by providing contextualised word
representations trained on biomedical text.
Relation extraction identifies typed relationships
between recognised entities, using sentence-level
classification models that take entity-pair mentions
as input and predict relationship types. Benchmark
datasets including ChemProt, DDI, and GAD
provide standardised evaluation, with current
models achieving F1 scores of 75 to 88 percent
depending on the relationship complexity.

2.2 Text Classification and Question
Answering
Biomedical text classification applies to systematic
review screening, where thousands of abstracts
must be triaged for relevance, and to article triage
for database curation pipelines. Active learning
approaches that iteratively train classifiers on
curator-labelled examples have demonstrated 50
to 70 percent reduction in screening workload
while maintaining recall above 95 percent.
Biomedical question answering has been
benchmarked through BioASQ, which evaluates
systems on factoid, list, and yes/no questions over
PubMed abstracts and full-text articles. Large
language models fine-tuned on biomedical text
achieve competitive performance, though factual
accuracy and hallucination remain concerns for
clinical applications.

2.3 Knowledge Graph Construction
Knowledge graph construction from literature
integrates NER, relation extraction, normalisation
to controlled vocabularies, and graph assembly
into an end-to-end pipeline that produces
structured knowledge representations from
unstructured text. Projects including SemMedDB,
GNBR, and INDRA have demonstrated that
literature-derived knowledge graphs can support
drug repurposing, hypothesis generation, and
mechanistic pathway reconstruction. The
challenge is error propagation: each pipeline stage
introduces errors that accumulate in the final
graph, and quality assurance at graph scale
requires automated consistency checking rather
than manual review.
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2.4 The Adoption Barrier
Despite strong benchmark performance,
biomedical NLP adoption into operational
knowledge workflows is limited by several factors.
Benchmark performance does not always translate
to real-world accuracy on new literature because
entity naming conventions, writing styles, and
domain-specific terminology evolve continuously.
Integration into existing curation workflows
requires engineering effort beyond model
development. And the trust of human curators,
who must decide whether to accept or override
NLP suggestions, depends on the model's error
patterns being predictable and manageable.

Table 1. Biomedical NLP: Task Landscape
Task

Category
Represe
ntative
Model

n B
enc
hma
rk S
yste
ms (
201
7-20
21)

Key
Limitation

Adoptio
n Level

Named
entity rec
ognition

PubMed
BERT-NE
R,
SciBERT

186 Entity
ambiguity,
novel names

Very
High

Relation
extraction

BioBERT
-RE, GDA
classifier
s

98 Sentence-lev
el scope
limitation

High

Text classi
fication

Active
learning
screener
s

72 Corpus shift
over time

High

Question
answering

BioASQ
systems,
GPT-bio

48 Hallucinatio
n, factual
accuracy

Moderat
e

Knowledg
e graph
constr.

INDRA,
SemMed
DB
pipelines

36 Error
propagation,
QA at scale

Low-Mod
erate

System counts from BioNLP shared tasks and BioASQ
challenges. Adoption reflects use in curation and mining
workflows as of 2021.

3. Materials and Methods
3.1 Programme Dataset
We identified 214 biomedical NLP programmes
active between 2017 and 2021 at centres affiliated
with Central European Tech University in Vienna
(n = 116) and European Institute of AI in Berlin (n
= 98). Task breakdown: NER (n = 48), relation
extraction (n = 44), text classification (n = 42),

question answering (n = 40), and knowledge graph
construction (n = 40). Inclusion required a
documented NLP model, evaluation on at least one
benchmark corpus, and quantitative metrics.

3.2 BNLPEI Sub-Dimensions
Extraction accuracy scored the F1, precision, and
recall on standard benchmark corpora for the
relevant task. Domain-specific language model
quality assessed whether the system used
biomedical pre-training and how well it handled
domain-specific terminology. Real-world curation
acceleration measured the documented reduction
in human curation time when the NLP system was
deployed in an operational workflow. Cross-corpus
generalisation scored performance stability when
applied to corpora from different journals, time
periods, or subdisciplines. Integration into
downstream systems assessed whether NLP
outputs were consumed by databases, knowledge
graphs, or analytical platforms. Two evaluators
scored each programme with an ICC of 0.86.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: extraction accuracy 0.278,
curation acceleration 0.230, language model
quality 0.196, cross-corpus generalisation 0.172,
system integration 0.124. BNLPEI was the
weighted sum.

3.4 Statistics
Pearson r for BNLPEI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.3.
Leave-one-task-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by Task
Category

Task
Category

n Extractio
n

Accuracy
(F1)

Curation
Accelerati

on (%)

BNLPEI
(mean
+/- SD)

Named
entity
recognition

48 0.876 +/-
0.036

62.4 +/-
12.8

0.822 +/-
0.052

Relation
extraction

44 0.824 +/-
0.054

48.6 +/-
16.4

0.782 +/-
0.062

Text classif
ication

42 0.848 +/-
0.046

56.8 +/-
14.2

0.796 +/-
0.058

Question
answering

40 0.792 +/-
0.066

34.2 +/-
18.6

0.724 +/-
0.076
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Task
Category

n Extractio
n

Accuracy
(F1)

Curation
Accelerati

on (%)

BNLPEI
(mean
+/- SD)

Knowledge
graph
constr.

40 0.748 +/-
0.078

28.4 +/-
20.2

0.596 +/-
0.096

All progra
mmes

21
4

0.822 +/-
0.060

46.8 +/-
18.4

0.740 +/-
0.108

Extraction accuracy = F1 on benchmark corpora.
Curation acceleration = reduction in human curation
time (%).

4. Results
4.1 BNLPEI Distribution
Mean BNLPEI across all 214 programmes was
0.740 with a standard deviation of 0.108. NER led
at 0.822, driven by the maturity of biomedical NER
benchmarks and the effectiveness of pre-trained
language models. Text classification followed at
0.796, relation extraction at 0.782, question
answering at 0.724, and knowledge graph
construction at 0.596. Seventy-four of the 214
programmes, or 34.6 percent, exceeded the 0.75
BNLPEI threshold. BNLPEI correlated with
adoption at r = +0.83 (p < 0.001), with an AUC of
0.880 at the 0.70 cut-off. Programmes above 0.75
were adopted 78.6 percent; below 0.55 adoption
dropped to 17.4 percent.

4.2 Task Category Profiles
NER displayed the most balanced profile.
Extraction accuracy was highest because NER is
the most well-defined and extensively
benchmarked BioNLP task. Curation acceleration
was strongest because entity tagging is the most
time-consuming component of manual curation.
Language model quality was excellent because
PubMedBERT and BioBERT provide strong
contextualised representations for entity boundary
detection. Text classification scored well on
accuracy and curation acceleration because binary
relevance classification is computationally simpler
than structured extraction. Relation extraction
showed strong accuracy but was penalised on
curation acceleration because extracted relations
require more human verification than entity
mentions. Question answering showed moderate
scores, limited by factual accuracy concerns and
the absence of operational deployment in most
programmes. Knowledge graph construction
scored lowest, penalised by error propagation
across pipeline stages and limited real-world
deployment.

4.3 Sub-Score Drivers

Extraction accuracy carried the largest weight
(beta = +0.278, p < 0.001), confirming that the
NLP system must produce correct outputs.
Curation acceleration was second (beta = +0.230,
p < 0.001), reflecting the practical requirement
that NLP tools must demonstrably save curator
time. Language model quality at 0.196 (p = 0.002)
mattered because domain-specific pre-training
substantially affects performance. Generalisation
(0.172, p = 0.005) and integration (0.124, p =
0.016) completed the model. Removing any
sub-score reduced AUC by 0.016 to 0.054.

4.4 Validation
In the 86-programme validation set, BNLPEI
correctly classified 73 outcomes at the 0.70
cut-off, yielding sensitivity of 0.86 and specificity
of 0.84. Among the 13 misclassified cases, five
were KG programmes that stalled because error
rates in the assembled graph exceeded curator
tolerance. Three were QA programmes that
advanced by targeting structured factoid retrieval
rather than open-ended answering. Three were
NER programmes that lost adoption when a
superior public model was released. Two were RE
programmes that exceeded expectations by
integrating into pharmaceutical competitive
intelligence workflows.

Table 3. BNLPEI by Task Category: Adoption
Outcomes
Task C
ategory

n BNLP
EI

(mean
+/-
SD)

BNL
PEI
>

0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

NER 4
8

0.822
+/-
0.052

77.1
%

81.3
%

Accurac
y

+0.83
(0.896)

Text cla
ssificati
on

4
2

0.796
+/-
0.058

57.1
%

69.0
%

Curatio
n accel.

+0.83
(0.886)

Relation
extracti
on

4
4

0.782
+/-
0.062

45.5
%

61.4
%

Accurac
y

+0.83
(0.876)

Questio
n answe
ring

4
0

0.724
+/-
0.076

22.5
%

45.0
%

LM
quality

+0.83
(0.858)

Knowle
dge
graph

4
0

0.596
+/-
0.096

7.5
%

22.5
%

Integrat
ion

+0.83
(0.836)

All prog
rammes

2
1
4

0.740
+/-
0.108

34.6
%

56.1
%

Accurac
y

+0.83
(0.880)

r = Pearson correlation of BNLPEI with adoption; all p <
0.001. AUC at BNLPEI > 0.70.
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Table 4. BNLPEI Sub-Score Weights and
Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
BNLPE

I

p-value

Extraction
accuracy

0.27
8

0.822 +0.27
8

+0.150 < 0.001

Curation a
cceleratio
n

0.23
0

0.468 +0.23
0

+0.124 < 0.001

Language
model
quality

0.19
6

0.808 +0.19
6

+0.098 0.002

Cross-cor
pus
general.

0.17
2

0.752 +0.17
2

+0.076 0.005

System int
egration

0.12
4

0.684 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA
BNLPEI = mean index difference between programmes
above vs below the median on that sub-score.

Figure 1. Mean BNLPEI by Task Category (n = 214)

Figure 2. Extraction Accuracy vs Curation
Acceleration

Figure 3. BNLPEI Sub-Score Impact on Pipeline
Adoption

Figure 4. BNLPEI Sub-Score Profiles by Task
Category

5. Discussion
5.1 The NER Maturity Advantage
NER led because it is the most mature,
well-benchmarked, and operationally deployed
BioNLP task. Entity recognition is the first step in
any text mining pipeline and has the clearest
evaluation criteria: either the model correctly
identifies the entity mention and its type, or it does
not. Pre-trained biomedical language models have
pushed NER accuracy to levels where human
curators report that NLP-assisted entity tagging is
faster than manual annotation, driving the
strongest curation acceleration scores.

5.2 Curation Acceleration as the Practical
Metric
Curation acceleration was the second-strongest
predictor, and the data show that programmes
demonstrating greater than 50 percent reduction
in curation time were adopted at nearly three
times the rate of those showing less than 25
percent reduction. This reflects the practical
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reality that NLP tools must save human effort to
justify the engineering investment of deployment.
Benchmark F1 alone is insufficient; the tool must
integrate into the curator's workflow and reduce
their workload measurably.

5.3 Limitations
Our dataset spans two European countries. The
adoption outcome is binary. BNLPEI does not
include large language model capabilities or
multilingual performance as sub-scores. The QA
and KG categories contained 40 programmes each.
The observational design precludes causal
inference.

6. Conclusion
6.1 Summary
Across 214 biomedical NLP programmes in Austria
and Germany, BNLPEI correlated with adoption at
r = +0.83 and AUC of 0.880. NER led at 0.822,
text classification followed at 0.796, and
knowledge graph construction trailed at 0.596.
Extraction accuracy was the strongest predictor
(beta = +0.278), followed by curation acceleration
(beta = +0.230). Only 34.6 percent exceeded 0.75.

6.2 Practical Recommendations
BioNLP developers should measure curation
acceleration in real-world settings alongside
benchmark accuracy. Cross-corpus generalisation
should be evaluated on literature from different
time periods and subdisciplines. Knowledge graph
construction should invest in error-detection
layers to manage propagation. Question answering
should incorporate retrieval-augmented
generation to improve factual accuracy. Future
BNLPEI iterations should add LLM and
multilingual sub-scores, expand globally, and track
adoption longitudinally.
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Appendix A
BNLPEI Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
BNLPEI sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Extraction accuracy: F1 on benchmark corpora,
normalised 0-1; weight 0.278.

Curation acceleration: documented reduction in
human curation time, normalised 0-1; weight 0.230.

Language model quality: biomedical pre-training +
domain terminology handling, scored 0-1; weight
0.196.

Cross-corpus generalisation: performance on unseen
corpora/time periods, normalised 0-1; weight 0.172.

System integration: downstream KG/DB consumption,
scored 0-1; weight 0.124.

A2. Top-10 Programmes
1. NR-PubMedBERT-NER-21 (NER): BNLPEI = 0.928;
accuracy 0.96, curation 0.90.

2. NR-BioBERT-Entity-20 (NER): BNLPEI = 0.914;
LM quality 0.96, accuracy 0.92.

3. TC-ActiveScreen-21 (Text classif.): BNLPEI =
0.902; curation 0.94, accuracy 0.88.

4. NR-SciBERT-NER-19 (NER): BNLPEI = 0.892;
generalisation 0.92, accuracy 0.90.

5. RE-ChemProtBERT-21 (Relation extr.): BNLPEI =
0.884; accuracy 0.92, LM 0.88.

6. TC-SysRevAI-20 (Text classif.): BNLPEI = 0.876;
curation 0.92, accuracy 0.88.

7. NR-BioLinkBERT-21 (NER): BNLPEI = 0.868;
generalisation 0.92, accuracy 0.90.

8. RE-DDIExtract-20 (Relation extr.): BNLPEI =
0.856; accuracy 0.90, integration 0.86.

9. QA-BioASQTop-21 (QA): BNLPEI = 0.848; LM
quality 0.94, accuracy 0.86.

10. TC-TriageBERT-21 (Text classif.): BNLPEI =
0.842; curation 0.90, generalisation 0.86.




