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Abstract

The exponential growth of biomedical litera-
ture has made manual curation of biological
interaction networks increasingly difficult. Ex-
isting automated biological interaction extrac-
tion systems address the scaling challenge but
treat extraction as a final step, delivering struc-
tured output with limited or no integrated sup-
port for biologists to interactively verify, cor-
rect and contextually interrogate extracted in-
teractions against their source evidence within
the same environment. We present Knowledge-
Assisted Literature Mining for Biological In-
teraction Analysis (KALIMBA), an end-to-
end, human-in-the-loop platform that integrates
three complementary extraction methods (NLP-
only, LLM-only, and hybrid) alongside expert
annotation and evidence-grounded conversa-
tional querying through retrieval-augmented
generation (RAG) chat module driven by a dual-
context prompt, within a single unified work-
flow. Evaluation on a corpus of 40 signaling-
focused papers demonstrates that the LLM-
only back-end recovers substantially more inter-
actions than the NLP-only approach. RAG chat
evaluation by a domain expert confirms that the
conversational module provides scientifically
grounded responses that support curation de-
cisions beyond what the structured interaction
table alone conveys.

1 Introduction

The curation of large-scale biological knowledge
graphs is an important challenge in systems biology,
as these structured representations of molecular in-
teractions underpin mechanistic modeling of sig-
naling pathways, disease mechanisms, and drug re-
sponse Lo Surdo et al. (2017); Milacic et al. (2024);
Oughtred et al. (2019); Tiirei et al. (2021). These
knowledge graphs are populated from interactions
reported across tens of thousands of primary re-
search articles Szklarczyk et al. (2016). Databases
such as SIGNOR Lo Surdo et al. (2017), Pathway-
Commons Rodchenkov et al. (2020), and BioGRID

Oughtred et al. (2021) represent decades of expert
curation, yet the rate of new discoveries consis-
tently outpaces the capacity of manual curation to
keep them current.

Significant research effort has been devoted to
automating the extraction of biological interactions
from the primary literature. Rule-based natural lan-
guage processing (NLP) systems such as REACH
Valenzuela-Escdrcega et al. (2015), and INDRA
Gyori et al. (2017) have demonstrated the feasibil-
ity of extracting structured regulatory interactions
from biomedical articles at scale. The INDRA
system in particular has established a strong foun-
dation by integrating multiple reading engines and
databases, and producing interactions in a stan-
dardized, machine-readable format with associated
belief scores, which represent the confidence that a
relationship is correct.

Despite this progress, existing systems share a
common limitation: interaction extraction is their
final step and there is no interface for annotating
the quality or completeness of individual fields, or
for asking follow-up questions about the context
of reported findings. This disconnect between au-
tomated extraction and domain-expert judgment
represents a significant barrier to further adoption
of text mining tools in curation workflows.

Large language models (LLMs) offer a com-
pelling opportunity to close the gap simultaneously
from both ends. On the extraction side, LLMs
provide broader coverage than rule-based NLP sys-
tems. On the curation side, the same conversa-
tional capabilities that make LLMs effective at
extraction also make them natural assistants for
post-extraction verification: a domain expert can
query the source evidence behind a specific inter-
action, ask follow-up questions about experimental
conditions, and receive grounded, context-aware
responses without ever leaving the curation inter-
face. A principled hybrid approach that combines
the precision of established NLP systems with the
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coverage and conversational capabilities of LLMs,
while keeping a domain expert in the loop through-
out the entire workflow, has not yet been realized
in a single integrated platform.

In this paper, we introduce Knowledge-Assisted
Literature Mining for Biological Interaction Anal-
ysis (KALIMBA), a human-in-the-loop curation
platform that addresses these limitations by uni-
fying automated interaction extraction, expert an-
notation, and evidence-grounded conversational
querying within a single integrated workflow.
KALIMBA treats knowledge curation as a collabo-
rative process between automated systems and do-
main experts, keeping the expert actively engaged
throughout the entire workflow.

2 Related work

Biological interaction and relation extraction.
Early approaches to automated extraction of bi-
ological interactions relied on rule-based pattern
matching and dependency parse trees to iden-
tify regulatory relationships between named en-
tities in biomedical text. The REACH Valenzuela-
Escércega et al. (2015) system demonstrated that
rule-based event extraction could recover mecha-
nistic interactions from biomedical abstracts and
full-text articles. INDRA Gyori et al. (2017) built
on this foundation by integrating multiple reading
engines into a unified assembly pipeline that pro-
duces computable statements with associated belief
scores, enabling downstream pathway modeling
and network assembly.

The emergence of language models has substan-
tially expanded the capabilities of biomedical in-
formation extraction. BioBERT Lee et al. (2020)
is a domain-specific language model pre-trained
on large-scale biomedical corpora that significantly
outperforms general-domain BERT Devlin et al.
(2019) on biomedical named entity recognition and
relation extraction.

Human-in-the-loop curation tools. Human-
in-the-loop approaches have been widely applied
in biomedical knowledge curation, ranging from
active learning frameworks that reduce annota-
tion effort to web-based manual annotation inter-
faces designed for structured text labeling. BRAT
Stenetorp et al. (2012) is an intuitive web-based
tool for text annotation supported by NLP technol-
ogy and has been widely adopted for constructing
gold-standard evaluation datasets across a range of
biomedical NLP tasks. More recently, OntoChat
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Zhang et al. (2024) demonstrated that conversa-
tional language model agents can meaningfully as-
sist domain experts throughout a knowledge engi-
neering workflow without requiring programming
expertise. KALIMBA extends this principle to bi-
ological interaction curation, applying conversa-
tional LLM assistance to the verification and con-
textual exploration of automatically extracted inter-
actions grounded in primary literature evidence.

3 Methods

3.1 System Overview

KALIMBA is an end-to-end, human-in-the-loop
platform for the automated extraction, structured
curation, and interactive verification of biological
regulatory interactions from primary biomedical lit-
erature. The system comprises two functional lay-
ers: an automated literature retrieval and extraction
layer supporting three complementary methods,
and a human-in-the-loop curation layer integrat-
ing expert annotation, RAG-based conversational
querying, carefully engineered prompt template,
and data import and export. A schematic overview
of the full system architecture is presented in Fig-
ure 1.

3.2 Literature Retrieval

KALIMBA supports two entry modes that deter-
mine how paper content enters the pipeline. In
search mode, the user queries PubMed directly
through the interface, selects papers from the re-
turned results, and abstracts are cached as part of
the search session before extraction begins. In im-
port mode, the user loads a previously extracted
BioRECIPE Holtzapple et al. (2024) interaction
list directly into the curation layer, bypassing ex-
traction entirely and proceeding immediately to
annotation, quality rating, and RAG-based conver-
sational querying.

BioRECIPE is a structured biological interac-
tion representation in a human-readable format,
and KALIMBA'’s import and export including its
built-in annotation tool support BioRECIPE for-
mat. BioRECIPE has 28 fields, including regulator
and regulated entity names, interaction sign, mech-
anism, cellular compartment, cell line, tissue type,
and supporting evidence statement.

For search mode, paper content is retrieved from
National Center for Biotechnology Information
(NCBI) through a cascading three-step strategy
using the Entrez Utilities (E-utilities) RESTful
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Figure 1: Overview of the KALIMBA framework

API Kans (2025). First, an elink call maps all in-
put PMIDs simultaneously to their corresponding
PubMed Central (PMC) identifiers; only PMIDs
yielding a valid PMC entry are carried forward.
Second, a single batch efetch call downloads full-
text XML for all linked articles in one request.
Body content is extracted by collecting all <p>
elements within the <body> tag and joining them
with double-newline separators to preserve para-
graph boundaries. Third, a conditional efetch call
retrieves PubMed abstracts for papers lacking PMC
full-text coverage; this call is skipped entirely when
abstracts are already cached from the search ses-
sion, reducing total API calls to two for the com-
mon case.

Full-text content retrieved from PMC serves ex-
clusively as the document corpus for RAG vector
indexing (Section 3.7) and is not used as input
to the extraction pipeline. Interaction extraction
operates uniformly on abstract text for all input
papers, regardless of full-text availability. This
design choice ensures that extracted evidence state-
ments are grounded in a consistent, universally
available text source, preventing systematic differ-
ences in extraction quality between papers with and
without PMC full-text coverage. In import mode,
full-text content is fetched on demand at chat time
if no index exists for the imported interaction’s
source papers, ensuring that RAG-based conver-

sational querying remains available regardless of
entry mode.

3.3 Paragraph Segmentation

Prior to extraction using LLM, each abstract is seg-
mented into focused text units to constrain the lan-
guage model’s context window and to ensure that
the Statements attribute of each extracted interac-
tion is populated with a precise, traceable passage
from the source text. This paragraph-level design
serves two purposes: it focuses each extraction call
on a narrow, semantically coherent passage, and it
guarantees that the verbatim source text used by the
annotator in the curation layer (Section 3.6) corre-
sponds exactly to the context seen by the extraction
model.

3.4 Interaction Extraction

KALIMBA exposes three configurable extraction
methods, selectable at runtime via the interface
(Appendix A).

NLP-only mode: Interactions are extracted via
the INDRA reading pipeline, which uses NLP read-
ers to process paper contents.

LLM-only mode: Each abstract paragraph pro-
duced by the segmentation stage (Section 3.3) is
submitted independently to a language model with
a structured prompt (Figure 2). KALIMBA is de-
signed to be model-agnostic, supporting both open-

882



PROMPT CONFIGURATION

£ SYSTEM

You extract biological interactions from scientific
paper abstracts into BioRECIPE interaction list

format
\. J

& USER
s N
Extract ALL Dbiological interactions from this

paragraph of a scientific paper abstract.
. J

RULES

( ONLY extract interactions that are explicitly \
described in this abstract paragraph

2. If this paragraph does NOT describe any biological
interactions (e.g., it is background context, methods
summary, or general conclusions without specific
interactions), return an EMPTY interactions list

3.

- /

- N

Abstract Paragraph

\_ J

Figure 2: System and user prompt template for
paragraph-level extraction.

source models served through the Ollama API and
any OpenAl-compatible remote endpoint, allow-
ing researchers to select the language model that
best fits their computational resources, data privacy
requirements, and performance needs.

Hybrid mode: The rule-based NLP-driven tool
is applied first across all input papers. Interactions
meeting a configurable belief score threshold (de-
fault @ = 0.7) are retained directly. Papers with
no NLP output, and papers with interactions that
fall entirely below the belief threshold, are passed
to the LLM extraction path. If LLM extraction
subsequently fails for any paper in this set, the low-
confidence interactions are preserved as a fallback
rather than discarded. This strategy maximizes
recall by using the LLM’s broad coverage while
preserving the precision of high-confidence tradi-
tional NLP extractions, avoiding the need to choose
between the two approaches. The balance between
NLP and LLM contributions is controlled by the
belief threshold 6, which is developed as a continu-
ous slider in the interface (range 0-1) that biologists
can adjust before initiating extraction. This design
gives biologists direct, interpretable control over
the precision-recall trade-off without requiring any

knowledge of the underlying implementation.

3.5 Post-Processing

All extracted interactions undergo post-processing
normalization, which resolves non-standard field
values and recovers a subset of missing fields
through controlled vocabulary mapping and exter-
nal database lookup. Type attributes are mapped
to a controlled vocabulary of six categories: pro-
tein, gene, chemical, RNA, protein family, and
biological process. Biological database identi-
fiers are validated against type-appropriate sources,
UniProt UniProt Consortium (2015) for proteins,
HGNC Seal et al. (2023) for genes, PubChem Kim
et al. (2016) for chemicals, Ensembl Harrison et al.
(2024) for RNA, Pfam Mistry et al. (2021) for pro-
tein families, and Gene Ontology Gene Ontology
Consortium (2019) for biological processes. Sub-
cellular compartments are resolved and standard-
ized against a set of seven canonical cellular loca-
tions, each matched with its corresponding Gene
Ontology component ID. Mechanisms are similarly
standardized by matching extracted values against
a controlled vocabulary of 13 terms. Entity names
unresolved during extraction are looked up asyn-
chronously against the UniProt REST API (pro-
teins and genes), HGNC (gene symbols), PubChem
(chemicals), and the EBI QuickGO service (biolog-
ical processes). Rows lacking either a regulator
or regulated entity name, or missing an evidence
statement, are discarded. The Source attribute is
set programmatically to reflect the extraction origin
of each row.

3.6 Human-in-the-Loop Curation and
Annotation

A distinguishing feature of KALIMBA is its in-
tegrated human-in-the-loop curation layer, which
treats automated extraction not as a final product
but as a first-pass draft, subject to expert review
and correction. The curation interface is imple-
mented as an in-browser interaction table that uses
the BioRECIPE interaction representation format
with inline editing, per-row deletion, and column-
level text filtering.

Each extracted interaction is linked to the ver-
batim paragraph text submitted to the extraction
model, providing a traceable evidence statement
against which automated field values can be veri-
fied. Clicking any statement opens the text annota-
tion interface, where the evidence sentence is dis-
played with span highlights already pre-populated
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RAG CHAT
PROMPT CONFIGURATION

CONTEXT 1
Interaction row
(structured fields)
CONTEXT 2
Retrieved passages
(top-k , cosine similarity)
£ SYSTEM
ﬂu are a biology research assistant. You ham
context about this interaction :
{context 1}

Relevant experts from the source papers :
{context 2}

Answer based on the provided experts when
available. Cite PMID numbers when referencing

findings. If experts lack enough information, say so
wnestly. J

o USER

~
[ KALIMBA chat

Figure 3: Dual-context prompt structure for RAG-based
conversational querying.

from the extracted field values. From there, the
biologist can verify whether each highlighted span
correctly corresponds to its assigned BioRECIPE
attribute, adjust any incorrect highlights, or add
new ones for fields that the model left empty.

The interface also supports per-field quality rat-
ing and commentary, an overall interaction-level
quality score, and a free-text general note field.
The resulting structured evaluation data serves as a
rich human feedback signal for downstream model
evaluation and fine-tuning.

3.7 Retrieval-Augmented Interaction Chat

While interaction databases usually capture rich
contextual information such as cell type, tissue, or
experimental condition, domain experts often need
to return to the primary literature to interrogate the
full experimental context behind a specific interac-
tion. KALIMBA addresses this through a tightly
integrated RAG chat module that enables domain
experts to query the source literature in natural lan-
guage, anchored to a specific extracted interaction.

During the extraction phase in chat module, full-
text content retrieved from PMC is segmented into

overlapping 500-word chunks with a 100-word
stride, preserving local semantic coherence while
enabling retrieval at sub-section granularity. Each
chunk is encoded into a dense vector representation
using a sentence embedding model and stored in a
vector database indexed by cosine similarity.

For papers unavailable in PMC, abstract text is
indexed as a fallback. If no pre-built index exists at
query time, for instance, when a user initiates chat
on an interaction imported from an external file
rather than extracted within the current session, full-
text fetching and indexing are triggered on demand.

At query time, the user’s natural language mes-
sage is encoded using the same model and the top-k
most similar passages (default k = 5) are retrieved
by approximate nearest-neighbor search over the
session collection. Retrieved passages are injected
into the language model’s system prompt alongside
the structured format with attributes of the selected
interaction (Figure 3). This dual-context design
grounds responses simultaneously in the structured
semantics of the BioRECIPE format (context 1)
and in the unstructured experimental narrative of
the source paper (context 2), reducing the risk of
hallucinated mechanistic claims that are not sup-
ported by the cited evidence.

This capability represents a qualitatively differ-
ent mode of engagement with curated biological
knowledge. A researcher inspecting an extracted
phosphorylation interaction can immediately ask:
"What experimental method was used to validate
this interaction?" or " Did the authors note any dose-
dependent effects?". These questions can directly
help curator in completing and enriching structured
interaction records.

3.8 Data Import and Export

To ensure compatibility with a range of systems
biology tools Kanehisa et al. (2016); Luo et al.
(2026); Milacic et al. (2024); Pratt et al. (2015)
and to support KALIMBA as a standalone curation
environment, the system includes an import layer
accepting BioRECIPE formatted files.
KALIMBA provides three structured export
formats. The interaction list export produces a
single-sheet Excel workbook with one column per
BioRECIPE attribute, suitable for direct use in
downstream pathway modeling tools. The annota-
tion export produces a four-sheet workbook cap-
turing span-level annotation details, per-interaction
summaries, per-attribute quality ratings, and a full
rating matrix. The chat history export produces a
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two-sheet workbook containing message-level dia-
logues and conversation summaries, with each row
enriched with the full BioRECIPE context of the
discussed interaction.

Total Papers
Methods . ota.
interactions  covered no output
NLP-only (INDRA) 392 24 16
LLM-only (LLaMA 3.1) 363 39 1
Hybrid (0 =0.7) 388 39 1

Table 1: Extraction coverage across methods.

Interactions

Source Extraction origin
count  percentage
papers INDRA missed 191 49.2%
LM I fid RA
ow-confidence INDRA, 161 41.5%
score < 0.7
INDRA high-confidence, o
/REACH score > 0.7, retained 32 8.2%
high-confidence,
INDRA score > 0.7, retained 4 1.0%
/Sparser
Total 388 100%

Table 2: Distribution of hybrid mode interactions.

4 Experiments

4.1 Experimental Setup

Dataset. To evaluate KALIMBA’s extraction capa-
bilities, we used a corpus of 40 signaling-focused
biomedical papers from high-impact journals in-
cluding Cell and Nature, published between 2023
and 2026. selected by a domain expert. The cor-
pus is biased toward the RAS and JAK signaling
pathways while maintaining diversity across re-
lated signaling contexts. Papers involving immune
cell signaling were excluded due to the subtleties
of cell-type-specific signaling that introduce addi-
tional ambiguity beyond the scope of this evalua-
tion.

Models. For the LLM-only and hybrid ex-
traction, we used a locally hosted open-source
model (LLaMA 3.1 8B served via the Ollama API)
Grattafiori et al. (2024). Although KALIMBA sup-
ports remote OpenAl-compatible endpoints such as

GPT-40 Hurst et al. (2024), we used LLaMA con-
figuration in this evaluation to avoid API costs and
to demonstrate that KALIMBA produces meaning-
ful extraction results without requiring access to
closed-source API-dependent models. All experi-
ments were conducted on a MacBook Pro with an
Apple M3 Pro chip and 18 GB memory.

Metrics. The 40 papers were processed through
all three extraction methods independently. Ex-
traction outputs were compared across methods
in terms of paper coverage, total interaction yield,
inter-mode agreement, and confidence score dis-
tribution. For the RAG chat evaluation, a domain
expert curated a set of standardized questions per
interaction and rated the system responses on a 0-
to-5-star scale, providing qualitative notes for each
response.

4.2 Extraction Performance

Table 1 reports the total number of interactions
extracted per mode and the number of papers for
which at least one interaction was recovered across
the full 40-paper corpus. The NLP-only back-end
failed to produce any interactions for 16 of the 40
papers. All 16 of these papers were successfully
processed by the LLM-only method, demonstrating
that the LLM provides substantial coverage recov-
ery for papers outside NLP’s effective range. The
hybrid mode inherits the LLM’s coverage advan-
tage, recovering interactions from 39 of 40 papers
while retaining high-confidence NLP extractions
where available.

Table 2 reports the source breakdown of interac-
tions in the hybrid output, characterizing the practi-
cal contribution of each component.

Only 9.2% of hybrid interactions were con-
tributed directly by high-confidence NLP output.
The remaining 90.7% were produced by LLM re-
extraction either for papers NLP missed entirely
(49.2%) or for papers where NLP’s belief scores
fell below 6 = 0.7 (41.5%). This distribution con-
firms that the hybrid routing strategy is functioning
as designed: NLP’s precision is preserved for the
interactions it handles confidently, while the LLM
fills in coverage for the substantial portion of the
corpus that NLP either cannot process or does not
assign high confidence scores.

4.3 Confidence and Inter-Mode Agreement

Table 3 reports the confidence score distribution
per method. NLP-only scores cluster narrowly
between 0.650 and 0.980, reflecting NLP’s con-
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Method Mean Median  Min Max
NLP-only (INDRA) 0.67 0.65 0.65 0.98
LLM-only (LLaMA 3.1)  0.87 1.00 — 1.00
Hybrid (6 =0.7) 0.85 0.90 0.00 1.00

Table 3: Confidence score distribution per method.

servative belief scoring system. The LLM-only
back-end assigns higher scores on average, but
these scores are self-reported and do not guarantee
extraction correctness. A limitation directly ob-
served in the RAG chat evaluation, where a highly
confident but incorrectly extracted interaction re-
ceived zero stars across all expert questions.The
hybrid mode achieves a higher mean score than
NLP-only alone as a direct consequence of the
low-confidence NLP interactions are replaced by
LLM re-extractions that receive higher confidence
scores. Table 4 reports pairwise interaction overlap
across the three methods, which show remarkably
low agreement, with only 9 interactions agreed
upon by all three methods. These 9 interactions in-
clude canonical RAS pathway relationships such as
MEK—ERK and RASA1—RAS, providing a va-
lidity check that all three methods correctly capture
well-established signaling interactions. The sub-
stantially higher LLM-Hybrid overlap (129 pairs)
compared to NLP-LLM overlap (10 pairs) reflects
the fact that 90.7% of hybrid interactions are LLM-
derived, making these two the most similar pair.
The low overall consensus confirms that the three
methods are largely complementary rather than re-
dundant, each recovering a distinct subset of the
interactions present in the corpus and strengthening
the case for the hybrid design.

4.4 RAG Chat Quality Evaluation

To evaluate the RAG-based conversational query-
ing module, a domain expert curated a set of six
standardized questions that were defined targeting
distinct aspects of the supporting evidence.

Each response was rated by the domain expert
on a 0-to-5-star scale and followed by a qualitative
curator note where responses were incomplete or
incorrect. A total of 47 responses were evaluated
across 8 interactions. Table 5 shows that the over-
all mean rating of 2.64 out of 5 is largely driven
down by one incorrectly extracted interaction that
received 0.00 across all questions. Excluding it, the

. Shared Unique to Unique to
Comparison .
pairs first second
NLP-only vs LLM-only 10 325 231
NLP-only vs Hybrid 44 325 221
LLM-only vs Hybrid 129 231 221
Agreed by all three 9 — —

Table 4: Pairwise interaction overlap across methods
(regulator and regulated name matches, n=40 papers).

adjusted mean rises to 3.27 out of 5 with 83.7% of
responses rated 3 stars or above, indicating strong
performance for correctly extracted interactions
Qualitative findings. Expert review of curator
notes revealed three recurring patterns. First, RAG
chat quality is tightly coupled to extraction cor-
rectness. The interaction AMP-activated protein
kinase — glucose metabolism received a rating of
0.00 across all six questions because the interaction
direction was incorrectly extracted. This finding
suggests that the chat module itself can serve as a
verification tool when responses are inconsistent
with biological expectations. This further signals
to the expert that the underlying extracted interac-
tion may be incorrect and warrants correction in
the annotation layer before further querying.

Second, the system performs strongest on direc-
tional and pathway-level questions. Activation vs.
inhibition questions received the highest mean rat-
ing (3.50) and signaling pathway context questions
the second highest (3.12). These question types
are most directly answerable from the dual-context
prompt that combines the structured BioRECIPE
row with the retrieved passages, and the results
suggest this design provides reliable grounding for
sign and pathway membership queries.

Third, mechanistic and experimental evidence
questions are more challenging. Biological mecha-
nism (2.12) and cell line (2.00) questions received
the lowest ratings. Expert notes identified two spe-
cific failure modes: responses occasionally cited lit-
erature referenced within retrieved passages rather
than the experimental findings of the paper itself,
and responses sometimes provided accurate but
incomplete summaries of experimental evidence,
omitting key details such as specific phosphoryla-
tion site identification, mutational analyses, and
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tissue-specific knockout results.

. Ratin,

Question type mean % ratid >3 stars
Activation vs inhibition 3.50 75.0%
Signaling pathway context 3.12 87.5%
Explicit statement verification 2.75 62.5%
Experimental evidence 225 75.0%
Biological mechanism 2.12 62.5%

Cell line / condition 2.00 71.4%
Overall 2.64 72.3%

Table 5: Mean expert ratings of RAG chat responses by
question type (n=47, scale 0-5).

Expert Utility Assessment. Following the quan-
titative rating evaluation, the domain expert was
asked three follow-up questions regarding the util-
ity of the RAG chat module for biological curation.
The expert confirmed that the chat responses pro-
vided meaningful additional context beyond the
structured interaction row across all evaluated in-
teractions. Three specific advantages were identi-
fied. First, the chat module demonstrated the abil-
ity to correct upstream extraction errors for exam-
ple for the incorrectly extracted interaction AMP-
activated protein kinase — glucose metabolism,
the expert noted that KALIMBA'’s responses con-
sistently described the correct interaction direction,
effectively flagging the extraction error without ex-
plicit prompting. Second, for interactions where
the connection type was incorrectly assigned as di-
rect or indirect, the chat module provided evidence
that allowed the expert to identify and correct the
misclassification. Third, in the cases where the
structured interaction row did not include any in-
formation on experimental evidence, mechanism,
site, cell line, cell type, or tissue type, the chat
module provided varying degrees of detail across
all of these attributes for every interaction, which
the expert described as a significant advantage for
curation.

The expert confirmed they would use the
KALIMBA chat feature in their own literature re-
view and curation workflow.

5 Conclusion

We presented KALIMBA, a human-in-the-loop cu-
ration platform that addresses a persistent gap in
biomedical text mining: the disconnect between
automated interaction extraction and the expert
biological judgment required to verify, correct,

and contextually interpret extracted knowledge.
KALIMBA integrates three complementary extrac-
tion methods, a span-level annotation interface,
and a retrieval-augmented conversational querying
module within a single unified workflow. Together
these capabilities treat biological knowledge cura-
tion as a collaborative process between automated
systems and domain experts rather than a pipeline
that terminates at extraction.

Evaluation on a 40-paper signaling-focused cor-
pus revealed several findings with implications be-
yond KALIMBA itself. The NLP-only method
failed to extract any interactions from 40% of the
corpus, a coverage gap that the LLM method re-
covered entirely, demonstrating that LLM-based
extraction provides meaningful complementarity
to established NLP systems for recent literature.
The hybrid mode successfully combined both ap-
proaches, with 90.7% of its output contributed by
LLM re-extraction and only 9.3% retained directly
from high-confidence NLP output, reflecting the
corpus composition bias toward recently published
papers underrepresented in NLP’s knowledge base.
Inter-mode agreement was remarkably low, only 9
interactions were agreed upon by all three methods
confirming that the three methods are largely com-
plementary rather than redundant, and that each
recovers a distinct subset of the interactions present
in the literature. The 9 consensus interactions in-
cluded canonical RAS pathway relationships such
as MEK—ERK and RASA1—RAS, providing va-
lidity that all three methods correctly capture well-
established signaling interactions.

The RAG chat evaluation demonstrated that con-
versational querying of source evidence provides
grounded responses for correctly extracted interac-
tions, with an adjusted mean rating of 3.27 out of
5 and 83.7% of responses rated 3 stars or above
when the one incorrectly extracted interaction is
excluded. The finding that chat quality is tightly
coupled to extraction quality reinforces the impor-
tance of the annotation and correction layer as a
prerequisite for productive conversational query-
ing. Together these results position KALIMBA
as a practical tool for domain experts who need
to extract, verify, and explore biological interac-
tions from the primary literature at scale, without
requiring computational expertise or access to com-
mercial API services.
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6 Limitations and Future Work

The current evaluation has several limitations that
are considered for future work. The corpus of the
papers that we used has 40 signaling-focused pa-
pers recommended by domain experts, which is
very rich in terms of studying the signaling path-
ways, particularly in the RAS and JACK signals,
but it is not constructed as a dataset of gold stan-
dard interaction extraction in BioRECIPE format,
so the extraction results are reported in terms of
coverage not in accuracy related metrics such as
precision, recall and F1 against a gold standard
dataset. Evaluating the accuracy of extractions us-
ing an expanded, more diverse corpus is a priority
for our future work. For the RAG chat evaluation,
we relied on a single-domain expert who rated 47
responses across 8 interactions using a structured
set of question types. In future work, we will add
more independent evaluators to strengthen the re-
liability of these findings and compute an inter-
annotator score to generalize the results. To make
the system more user-friendly, a formal usability
evaluation of the interface with domain expert biol-
ogists is planned as future work.

The current prompt template follows a general
instruction-based design. Future work will improve
extraction performance by incorporating curated
few-shot examples into the prompt and evaluating
results using commercial models such as GPT-4o.
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