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Abstract

Identifying novel hypotheses is essential to scien-
tific research, yet this process risks being over-
whelmed by the sheer volume and complexity of
available information. Existing automated meth-
ods often struggle to generate novel and evidence-
grounded hypotheses, lack robust iterative refine-
ment and rarely undergo rigorous temporal eval-
uation for future discovery potential. To address
this, we propose BI0DISCO, a multi-agent frame-
work that draws upon language model-based rea-
soning and a dual-mode evidence system (biomed-
ical knowledge graphs and automated literature re-
trieval) for grounded novelty, integrates an internal
scoring and feedback loop for iterative refinement,
and validates performance through pioneering tem-
poral and human evaluations and a Bradley—Terry
paired comparison model for statistical assessment.
Evaluations suggest improved novelty and signifi-
cance relative to ablated configurations and a gener-
alist biomedical agent. Designed for flexibility and
modularity, BIoD1SCO allows seamless integration
of custom language models or knowledge graphs,
and can be run with just a few lines of code.

1 Introduction

Advancing biomedical research depends on a supply of novel,
testable hypotheses. However, generating such hypothe-
ses traditionally relies on human intuition, domain expertise
and manual literature reviews, all of which are increasingly
strained by an exponential growth in scientific data and pub-
lications. This challenge motivates robustly evaluated, auto-
mated approaches to scientific discovery that can systemati-
cally uncover and integrate complex biological relationships.

1.1 Background

Knowledge graphs (KGs) provide a structured foundation for
storing and analyzing scientific knowledge, with biomedical
KGs capturing complex relationships among genes, proteins,
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Figure 1: A high level overview of our automated framework for hy-
pothesis generation. Overseen by a planner, agents search academic
literature and query a knowledge graph to obtain articles and sub-
graphs relevant to a user-specified research topic. A scientist agent
integrates these sources to derive initial hypotheses, which are rated
by a critic, then refined with additional background, discarded or
presented to the user with supporting evidence
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diseases, drugs and biological pathways: e.g. HetioNet [Him-
melstein et al., 2017] and PharmKG [Zheng et al., 2020].
While a variety of tools have been developed to mine such
graphs for novel insights [Perdomo-Quinteiro and Belmonte-
Hernandez, 20241, construction and maintenance of KGs are
time-consuming and labour-intensive tasks, leaving a signif-
icant proportion of biomedical knowledge untapped in un-
structured text. Early discovery systems combined onto-
logical resources, graph databases and literature mining for
biomedical relationship discovery [Hristovski et al., 2015;
Jimeno-Yepes et al., 2009]. Large language models (LLMs)
have since emerged as a promising solution, capable of ex-
tracting relevant information and identifying latent patterns
from vast corpora [Brown et al., 2020], with greater capac-
ity for contextual reasoning than earlier methods of hypoth-
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esis generation [Spangler et al., 2014]. However, LLMs risk
returning plausible but groundless responses [Bélisle-Pipon,
2024]. To mitigate this, models can be imbued with exter-
nal literature interfaces via retrieval-augmented generation
[Lewis et al., 2020; Singhal et al., 2023].

Evaluating the output of these generative systems—
particularly for novel hypothesis generation, in absence
of ‘ground truth’—is its own challenge. General evalua-
tion strategies include expert-based assessments, automated
semantic similarity scoring and validation against curated
benchmarks [Liu er al., 2025], but recent approaches rely
heavily on model-based evaluation, i.e. using other LLMs
as judges [Li er al., 2024]. This is more accessible than con-
sulting human domain experts, but sensitive to the relative
strengths of the generator and the judge [Dorner et al., 2024]
and model-based evaluation alone may not fully capture a
system’s capacity for genuine scientific discovery.

1.2 Related Work

Recent multi-agent systems leverage LLMs with specialized
roles to automate scientific discovery [Ren et al., 2025]. Ex-
amples include the AI Scientist [Lu er al., 2024], ResearchA-
gent [Baek et al., 2025], and Google’s Co-scientist [Gottweis
et al., 2025]. Narrower biomedical frameworks include Sci-
Agents [Ghafarollahi and Buehler, 2024] and IntelliScope
[Aamer ef al., 2025]. Biomni [Huang er al., 2025b] is an
generalist agent with access to various bioinformatics tools
and here serves as our state-of-the-art biomedical baseline.

Evaluating generative systems at scale is challenging: hu-
man expert assessment is ideal, but difficult to perform reli-
ably at scale [Alkan et al., 2025]. Temporal evaluation tests
the rediscovery of known findings using held-out historical
data [Sybrandt et al., 2018; Sybrandt et al., 2020], while re-
cent methods rely on LLMs as judges to score hypotheses
[Qi et al., 2024]. To mitigate biases inherent in direct LLM
grading [Liusie et al., 2023] and the lack of uncertainty quan-
tification or model diagnostics in the Elo ratings [Elo, 1978;
Gottweis et al., 2025], paired comparisons models, such as
the Bradley-Terry model [1952], provide more robust statis-
tical assessment.

Finally, standardized benchmarks are available—including
question-answering datasets -like PubMedQA [Jin et al.,
20191, GPQA [Rein et al., 2024] and CARDBiomedBench
[Bianchi et al., 2025], relational classification tasks such as
TruthHypo [Xiong et al., 2025] and quantitative benchmarks,
e.g. HypoBench [Liu et al., 2025], DiscoveryBench [Ma-
jumder et al., 2024] and LAB-Bench [Laurent er al., 2024]—
but primarily test knowledge retrieval or classification rather
than generating de novo multi-entity hypotheses.

1.3 Contributions

We propose BIODISCO, a multi-agent framework that
uniquely integrates LLM reasoning with access to biomedical
KGs and real-time scientific literature, featuring an internal
multi-dimensional scoring mechanism for iterative hypothe-
sis refinement. Our system orchestrates a pipeline of collabo-
rative ‘agents’ that construct, evaluate and refine biomedical
hypotheses, generating evidence-based insights and inferring
verifiable relationships beyond the explicit knowledge base.

Unlike systems that treat hypothesis generation as a ‘one-
shot’ task or do not integrate domain knowledge, BIoD1SCO
employs a sophisticated self-critique loop grounded in dual-
mode evidence. This paper presents the following:

1. B1oD1sco, a modular automated hypothesis generation
framework, based on LLM agents augmented with inter-
faces to biomedical KGs and literature search;

2. a rigorous evaluation of the system’s ability to predict
unpublished scientific relationships, including:

(a) atemporal evaluation on two held-out datasets;

(b) an ablation study, leveraging a Bradley—Terry
model accounting for ties and order effects;

(c) a human evaluation by experts in two biomedical
domains, modelled using item-response theory;

3. an open-source Python package of the BioDisco
framework, available from the Python Package Index via
pip!, with source code and seripts for reproducing the
experiments available on GitHub?.

A detailed case study is presented in the supplement®.

2 Multi-Agent Hypothesis Generator

The BroDisco framework, illustrated in Figure 1, operates
through a“‘multi-agent’ architecture. Here we use agent
to mean a role-specific LLM-based module. Each agent
has a distinct role to facilitate generation, evaluation, refine-
ment and final selection of hypotheses. Unlike conventional
retrieval-augmented generation systems, BIOD1SCO employs
a dynamic tool selection policy, in which agents decide when
and how to query KGs or scientific literature. BIODISCO is,
to our knowledge, the first system to integrate KG querying,
literature search, ‘REVIEWER’ agents and explicit numerical
scoring within a unified feedback loop, wherein each hypoth-
esis is internally evaluated and refined on multiple metrics.

The core of BIODI1SCO’s functionality lies in the network
of specialized agents, illustrated in Figure 2. The agents differ
in their system prompts, workflow state, planning responsibil-
ity, permitted tool use, access to external environments and
position within the feedback loop. Intermediate summaries,
retrieved subgraphs, scores and feedback are routed between
agents as shared working context.

The BACKGROUND agent searches an academic corpus to
gather scientific evidence, while the EXPLORER queries a
biomedical KG to retrieve relevant subgraphs. The SCIEN-
TIST then formulates initial hypotheses by integrating infor-
mation from the summarized literature and subgraph data,
proposing novel associations. These candidates are evalu-
ated by a CRITIC, who scores each hypothesis for novelty,
verifiability, relevance and significance [following Qi et al.,
2024] and provides structured feedback. The REVIEWER
agent uses this feedback to formulate refinement strategies,
such as suggesting new entities or expanded literature review,
and invokes dedicated interfaces to conduct more specialized
KG queries or fine-grained literature searches. The REFINER
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Figure 2: B1oDIsco architecture. Each agent has a distinct role, some augmented with external tools. Agents interact sequentially: the
user’s input is first processed by the BACKGROUND agent to generate a topical summary, guiding KG extraction by the EXPLORER and
initial hypothesis generation by the SCIENTIST. Each hypothesis undergoes an iterative cycle of evidence retrieval and refinement. Finally,
evaluations from the CRITIC agent are used to identify the most promising hypotheses. Here, Lit refers to the literature interface, KG to the

KG interface, and BG to the generated background.

amends the hypotheses based on this guidance and additional
information. The decision module monitors CRITIC scores to
select and collect hypotheses throughout the feedback loop.
Formal agent definitions, including inputs, outputs, tool per-
missions, routing logic and prompt constraints, are provided
in the supplement.

2.1 Dual-Mode Evidence Grounding

To avoid hallucinations, BIoD1SCO exploits two complemen-
tary evidence sources: a biomedical KG and academic litera-
ture retrieved via the PubMed API. These sources are dynam-
ically queried throughout the hypothesis generation process.

The KG interface enables retrieval of structured biomed-
ical knowledge from an external graph. We . adopt
PrimeKG [Chandak et al., 2023], hosted in a Neo4j instance:
queries are formulated using Cypher for efficient subgraph
retrieval. For each query, agents supply a background sum-
mary and a set of keywords. These keywords are first mapped
to canonical KG nodes via pretrained biomedical embed-
dings [Bi0oSimCSEBioLinkBERT~BASE; Kanakarajan et
al., 2022], Candidate nodes are then selected for contextual
relevance by an LLM using the supplied background sum-
mary, to reduce ambiguity and stay on topic. The resulting
set of nodes defines a‘custom query, which is executed to re-
trieve evidence in the form of both direct and multi-hop rela-
tions. Query parameters, including relation types and traver-
sal depth, are either drawn from domain defaults or overrid-
den by the upstream agent according to the current refine-
ment target. Returned subgraphs are summarized and con-
verted into standardized plaintext representations for down-
stream use.

The literature interface enables agents to access biomed-
ical literature programmatically via a context-aware query
and retrieval workflow. At each invocation, agents supply a
set of keywords. For background research, only keywords
are provided, whereas for evaluation, the current hypothe-
sis is included, and for revision, both the hypothesis and
low-score feedback are appended. An LLM-based planning

module analyzes these inputs to generate structured PubMed
query strategies, grouping terms by semantic similarity and
determining optimal Boolean logic for combining concepts.
These strategies are converted into PubMed-API-compatible
queries, including support for MeSH and TIAB fields as well
as date-range constraints. If the initial strategy yields insuf-
ficient results, the interface automatically relaxes query con-
straints to increase recall.

2.2 Iterative Refinement & Multi-Agent
Collaboration

The B1oD1sco framework employs a dynamic process of co-
operative evaluation and improvement. This iterative self-
critique loop, unique in its integration of an internal critic
and (external) dual-mode evidence, is designed to enhance
hypothesis quality and credibility of initially generated hy-
potheses. The preliminary generation stage is driven by user
input and involves three specialized LLM agents. We demon-
strate this with an illustrative example.

1. The user provides a research topic or set of keywords.
“Role of GPR153 in vascular injury and disease”

2. The BACKGROUND agent searches biomedical literature
to synthesize a textual summary of the research area.
“GPR153 plays a crucial role in vascular injury re-

sponses by modulating critical signaling pathways
such as cCAMP, YAP/TAZ ..

3. The EXPLORER queries the KG to obtain context, treat-
ing user-provided terms as seed entities and retrieving a
local subgraph describing their connections.

“Nodes: GPR153 (gene/protein), CEBPB ... Direct
Edges: CEBPB — protein_protein — GPR153...
MultiHop Paths: PHYHIP — ... TTR — mol-
func_protein — PP2CA — ...”

4. Roleplaying a biomedical researcher, the SCIENTIST in-
tegrates the plaintext summary and subgraph to formu-
late initial hypotheses as novel associations between two
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or more entities, in natural language. Three such hy-
potheses are generated in parallel.

“GPR153 activation in vascular smooth muscle
cells enhances pro-inflammatory gene expression
via the YAP/TAZ pathway ...”

Each initial hypothesis is iteratively refined to improve its
quality and credibility. The feedback loop, described in steps
5-17, cycles through evaluation, information retrieval and tar-
geted revision. This involves three additional agents:

5. The CRITIC evaluates each hypothesis alongside the re-
trieved background and literature summary, providing
structured feedback in the form of numerical scores and
comments detailing strengths and weaknesses.

“Novelty: 4; Relevance: 5; Significance: 4; Verifi-
ability: 4. The hypothesis can be tested using ge-
netic manipulation ... however, the complexity of
the regulatory networks may introduce challenges
in isolating ... Overall Score: 17/20”

6. The REVIEWER identifies specific deficiencies (e.g. low
novelty or weak evidence) and formulates targeted re-
finement strategies, such as suggesting new entities or
an expanded literature search, invoking the EXPLORER
or BACKGROUND agents, respectively.

“Actions: Background, KG. Suggestions: Novelty -
The hypothesis lacks exploration of the specific bi-
ological mechanisms ... Verifiability - The hypoth-
esis lacks robust experimental support ...”

7. The REFINER modifies the candidate hypotheses based
on the feedback and new evidence, adjusting phrasing,
structure or content as needed before returning the re-
fined versions to the CRITIC.

“GPR153 activation in vascular smooth muscle
cells enhances pro-inflammatory gene expression
by promoting CEBPB-mediated YAP1 signaling,
thereby potentially integrating with. EGR1 and
GSK3B pathways to exacerbate neointima forma-
tion following vascular injury ...”

This feedback loop repeats for up to three cycles. Af-
ter each round, the CRITIC assigns four scores for novelty,
relevance, significance and verifiability, and the total score
is computed out of 20. If the score reaches the acceptance
threshold of 19/20, the hypothesis is accepted early; other-
wise, it is passed to the REVIEWER and REFINER for refine-
ment until the iteration limit is reached. Finally, BloD1sco
outputs the highest-scoring version of each hypothesis, with
its broken-down scores and supporting evidence.

3 Evaluation of LLM-Generated Hypotheses

We designed a three-part empirical evaluation to assess the
quality and novelty of hypotheses generated by BioDISco.
First, a temporal evaluation tests the system’s ability to re-
cover scientific relationships discovered after a fixed time cut-
off. Second, an ablation study quantifies the contributions of
the agentic architecture, tool use and refinement protocol. Fi-
nally, a human evaluation assesses hypothesis quality based
on expert judgments from researchers in cardiovascular dis-
ease and immunology.

Except where otherwise specified, all agents were based on
GPT-4.1, with knowledge cutoff at 1% June, 2024.

3.1 Can B1oDi1sco Predict Future Hypotheses?

First, we test if the system can generate hypotheses not
present in its training corpora or knowledge interfaces.

Datasets

We used two publicly available datasets. (1) An unseen
dataset from Qi er al. [2024], containing background—
hypothesis pairs curated from biomedical literature, pub-
lished in August 2023. The background text was used as
the input to BIOD1SCO, and the paired hypothesis served as
the gold-standard target for semantic comparison. We filtered
this dataset to focus on core biomedical findings, removing
entries with psychology or epidemiology backgrounds, re-
sulting in 134 samples. (2) TruthHypo [Xiong et al., 2025]
provides keyword pairs across. three categories: chemical—
gene, gene—gene, and gene—disease. Each entity pair is la-
belled with a relationship-type: positive, negative, or no re-
lation and was extracted from literature published after 2024.
Each pair was converted into a prompt asking BIODISCO to
generate a hypothesis about the relationship between the two
entities. We focused exclusively on positive and negative re-
lations, excluding the ‘no relation’ category, as BIODISCO’s
primary focus is* generation of plausible relationships be-
tween entities rather than confirming their absence. From this
dataset, we created two subsets. We first selected 30 sam-
ples, balanced across categories, to calibrate a prompt-based
classifier agent for mapping generated free-text hypotheses to
positive or negative labels. From the remainder, we sampled
a test set of 300 instances (limited for computational feasi-
bility), stratified across all categories and the two classes, for
evaluation.

Setup

To prevent data leakage, we enforced strict temporal cutoffs
across all components of BIODI1SCO. Access to the PubMed
interface was programmatically constrained to exclude arti-
cles published after the respective cutoff dates (Dec 2022 for
Qi et al; Dec 2024 for TruthHypo) and the KG uses a fixed
snapshot of PrimeKG published in April 2022. To further
mitigate leakage from the underlying language model, we
used GPT-3.5 Turbo (knowledge cutoff: September 1%, 2021)
for the Qi et al. experiment and GPT-4.1 (knowledge cut-
off: 1 June, 2024) for the TruthHypo experiment, ensuring
that the evaluated hypotheses were not present in the LLM’s
pretraining data. Finally, to bridge BIOD1SCO’s free-text hy-
pothesis generation with the structured labels required by the
TruthHypo task, we developed a classifier agent to predict the
relationship class from the textual hypotheses.

Results

We evaluated the semantic alignment between the gen-
erated and ‘gold-standard’ hypotheses from Qi et al
[2024] by computing their cosine similarity using a
pretrained biomedical sentence encoder, BioBERT-—
mnli-snli-scinli-scitail-mednli-stsb [Deka
et al., 2022]. As a baseline, we calculated pairwise sim-
ilarities between unrelated ‘gold’ hypotheses (i.e. those
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Figure 3: Violin plot, showing that hypotheses generated by B1o-
Disco are semantically closer to ‘gold’ hypotheses than gold hy-
potheses are to other hypotheses. Top shows pairwise similarity of
unrelated gold hypotheses; bottom shows similarity of BioD1sco-
generated hypotheses to gold standard for the same topics

Category Precision  Recall Fy Accuracy
Chemical-Gene 0.90 0.90 0.90 0.90
Disease—Gene 0.82 0.82 0.82 0.82
Gene-Gene 0.83 0.83 0.83 0.83

Table 1: Performance of temporally-restricted BIODISCO on the
TruthHypo benchmark for three categories of task

associated with different background contexts), serving as
a negative control for expected similarity in semantically
unrelated pairs. Figure 3 shows that generated hypotheses
were more semantically similar to the gold standard (median
similarity: 0.68) than unrelated gold hypotheses were to each
other (median: 0.34), demonstrating that BIODISCO reliably
produces hypotheses closer to human-curated ground truth
than expected by chance. Cosine similarity only measures
semantic relatedness, but our manual comparisons (see
supplement) suggest it is appropriate in this setting.

In the second experiment, we assessed whether BIODISCO
could generate a hypothesis that correctly implies the rela-
tionship for a given entity pair.. We used our classifier agent to
perform binary classification (positive, negative) on the gen-
erated text. Results are given in Table 1, showing the clas-
sifier achieved high precision and recall, indicating that the
hypotheses generated by BioDisco contain accurate and dis-
cernible relational signals.

The TruthHypo evaluation presented in Table 1 excludes
the ‘no relation’ class, as the primary goal of this experiment
was to assess BIODISCO’s generative capacity—specifically,
its ability to recover valid future scientific relationships
rather than its ability to abstain. However, in practical scien-
tific discovery settings, abstention is important for preventing
hallucinations and controlling false positives. Accordingly,
we reran the TruthHypo experiments with the inclusion of
the ‘no relation’ class; results are reported in the Appendix.

These results indicate that BioDiSCO, operating under
strict temporal constraints, can successfully infer novel, se-
mantically relevant and factually verifiable hypotheses.

3.2 Ablation of Knowledge Access & Refinement

To evaluate the contribution of each component to the frame-
work, we compared BIODISCO against a series of ablated
configurations. These included:

1. GPT-4.1 (baseline): a standalone single LLM, prompted
without agentic structure or external tools.

2. Multi-agent system: a system mirroring our architecture,
but without iterative refinement or knowledge interfaces.

3. Multi-agent + tools: a system with access to the litera-
ture and KG interfaces but without iterative refinement.

4. Multi-agent + refine: a system with an iterative refine-
ment loop, but without access to knowledge interfaces.

5. BioDisco: the full system described in § 2.

For a direct comparison with other biomedical agentic sys-
tems, we also generated a series of hypotheses with Biomni
[Huang et al., 2025b]:

6. Biomni: a general-purpose biomedical Al agent, based
on GPT-4.1, with access to various bioinformatics tools
but no predefined workflow or iteration loop.

LLM-based evaluation is only a proxy for expert judge-
ment, but prior work has shown agreement between model-
based evaluators and human expert judgements [Lu et al.,
2024]. We employed a dedicated pairwise LLM evaluator
combined with a Bradley—Terry model, rather than directly
scoring individual hypotheses. This statistical approach pro-
vides more stable and human-aligned assessments of hypoth-
esis quality across multiple dimensions [Liusie et al., 2024],
yielding point estimates and uncertainty quantification via
95% comparison intervals, rather than direct scores only.

Each of the systems was given 100 inputs spanning a diver-
sity of topics, including oncology, ageing and cellular senes-
cence, generating one hypothesis per input. For every pair of
generated hypotheses from different configurations, an LLM
judge selected its preferred candidate (or declared a tie) for
each of four metrics: novelty, relevance, verifiability and sig-
nificance [from Qi et al., 2024].

We fitted a Bradley—Terry [1952] paired comparison model
to the results, given by

log odds(i beats j) = f; — 8 + az;j, (D

where ¢ and j denote ‘players’ or LLM configurations, f3; is
the continuous latent ability score of the i LLM system and
« is a ‘home advantage’ parameter, estimating the possible
order effect bias, with z;; = 1 if the hypothesis of i is pre-
sented to the evaluator first in the pair, and z;; = —1 oth-
erwise. Ties are treated as a half-win for each player. The
ability scores for each configuration and each metric provide
a univariate ranking that captures relative performance.
Fitted ability scores and their 95% comparison inter-
vals (calculated using a quasi-variance approximation; Firth,
2004) are presented in Figure 4. The results show a clear, pro-
gressive improvement in LLM-judged hypothesis novelty and
significance as components are added to the system. The sin-
gle LLM baseline was least preferred. A multi-agent structure
provided significant improvement, suggesting a benefit from
role-based reasoning alone. Performance further increased
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Figure 4: Centipede plot of ability scores for BioD1sco, four ab-
lation configurations and Biomni, with 95% comparison intervals.
A multi-agent system clearly outperforms a single LLM (GPT-4.1)
generating novel, significant hypotheses; tool use (i.e. KG and lit-
erature search) and iterative refinement each yield further improve-
ments. Biomni, a competing system, is mostly better than a single
LLM and produces verifiable hypotheses, but less novel and signifi-
cant than the full BioD1Sco framework

Metric Estimate  Std. Error  Statistic  p-value
Novelty —0.10 0.21 —0.51 0.61
Relevance 0.26 0.11 2.38 0.02
Significance 0.09 0.17 0.52 0.60
Verifiability 1.11 0.13 8.68 0.00

Table 2: Order effect parameter estimates, &, from Bradley—Terry
models fitted to each of the four evaluation metrics

after adding external tool use and iterative refinement. Be-
tween the two, tool use provided a greater benefit, emphasiz-
ing the value of grounding the generation process in exter-
nal knowledge sources. Finally, the full BIODISCO system
was most preferred for these metrics under the Bradley—Terry
paired-comparison model, suggesting a complementary ben-
efit of dual-mode evidence and iterative refinement.We com-
pared BIODISCO against Biomni [Huang et al., 2025b], a
state-of-the-art generalist biomedical agent, and found that
B1oD1ScoO consistently generates hypotheses that are more
novel and more significant than those from Biomni.
Interestingly, patterns for relevance and verifiability were
less clearly defined: pairs of configurations have overlapping
comparison intervals, with no clear winner. We find that both
B1oDi1sco and Biomni produce more verifiable hypotheses
than the other variants; wide confidence intervals suggest a
statistically insignificant difference between the two.
Estimates for the order effect parameter, ¢, are given in Ta-
ble 2 and indicate a statistically significant position bias for
‘verifiability’ evaluations (in favour of the item that appears
first) but not enough evidence to indicate a statistically signif-
icant order effect exists for novelty, relevance or significance.
A direct scoring evaluation is provided in the supplement.

3.3 Human Expert Evaluation

To ascertain the practical utility of BIODISCO’s outputs, our
final evaluation involved two groups of human experts.

Methodology

We recruited nine experts from two biomedical fields—four
in immunology and five in cardiovascular medicine—to com-
plete an online survey about pairs of hypotheses generated by
BioDisco. Hypothesis pairs were generated as follows.

For immunology, BI1oDisco was provided with the
prompt: “T Cell Exhaustion Mechanisms and Therapeutic
Targets in NSCLC”. The system was run five times to gener-
ate five distinct hypotheses, to explore its capacity to explore
a single topic in depth. For cardiovascular disease (CVD),
B1oDisco was provided five unique prompts related to CVD,
to assess performance across different topics. One initial and
one refined hypothesis was generated for each input.

For every sub-topic, experts were presented with both the
initial version (the first complete hypothesis generated) and
the final version (after iterative refinement). Experts indepen-
dently rated each hypothesis on a 1-5 scale according to the
four metrics: novelty, relevance, significance and verifiabil-
ity. They also rated their confidence in their assessments and
provided qualitative feedback.

Analysis

Survey responses were modelled using a single polytomous
Rasch model, implemented as a Bayesian cumulative probit
mixed effects model [Biirkner, 2021] for all four metrics—
one for each group of experts:

P(Yijm < k) = (7% — Nijm), )

where Y, denotes the ordinal rating (k = 1,...,5) given
by rater ¢ to hypothesis j on metric m, ® denotes the standard
normal distribution function and 7, are the latent thresholds
that partition the ordinal rating scale. The linear predictor
7i;m contains both fixed and random effects:

Nijm = Bm + wi + Vjm 3)
rater effect

metric effect hypothesis-on-metric effect

where (., is a fixed effect representing the average quality
or ‘easiness’ for metric m, u; ~ N(0,02) is a rater-specific
random effect capturing overall leniency or severity of rater
i, and vj,, ~ N(0,02) is a hypothesis- and metric-specific
random effect reflecting the relative quality of hypothesis 7 on
metric m. By disentangling rater- and metric-specific biases
and accounting for the ordinal nature of responses, the model
provides a more robust and unbiased estimate of the under-
lying quality of each hypothesis, while pooling information
across the different questions.

Results
Figure 5 presents the distribution of expert ratings. In im-
munology, domain experts consistently provided high scores
for BioD1scoO-generated hypotheses. In contrast, experts in
CVD had more varied opinions on hypothesis novelty.
Posterior estimates of hypothesis-on-metric effects are
shown in Figure 6. A clear improvement in rated nov-
elty is apparent following refinement. Interestingly, how-
ever, refined hypotheses are not always judged to be more
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Figure 5: Ratings given by two independent groups of human ex-
perts to 10 hypotheses generated for respective topics of cardiovas-
cular disease (CVD) and immunology
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Figure 6: Posterior distributions of hypothesis-on-metric effect,
Ujm, from human evaluations of hypotheses generated by BIO-
Disco for cardiovascular disease and immunology

verifiable—which aligns with our ablation study. This reveals
an inverse relationship between novelty and verifiability: as
hypotheses move away from established literature, proposed
mechanisms become more complex. This is to be expected
in ab initio discovery: easily verifiable hypotheses represent
‘low-hanging fruit’, likely already harvested by researchers.
Qualitative feedback of the system’s ability to generate

scientifically valuable-and relevant hypotheses was positive.
Some hypotheses showed less novelty or proposed unvali-
dated connections, but experts highlighted their plausibility
and potential experimental tractability. One commented, e.g.

“This idea could be tested with targeted experiments

like activating or inhibiting GPR153 in VSMCs, run-

ning transcriptomic and ChIP-seq analyses to track

CEBPB/NRF1/CD7 activity, and using in vivo vascular

injury models with genetic knockouts. If these links hold

up, the network could point to new therapeutic targets for

preventing neointima formation.”

4 Discussion & Conclusion

B1oDi1sco is a multi-agent framework for biomedical dis-
covery, made openly available for research use. A tempo-

ral evaluation shows the system’s capability for extrapola-
tion. Ablation suggests that iterative refinement and external
knowledge each help generate hypotheses more ‘novel’ and
‘significant’. The system was assessed by human experts us-
ing psychometric models accounting for bias and uncertainty.

Limitations

An LLM may not be the best judge of experimental feasi-
bility; this may be explored by dedicated hypothesis festing
frameworks, e.g. POPPER [Huang et al., 2025a]. Weaker ‘rel-
evance’ to an input topic may indicate breadth of exploration
and diversity of knowledge, or simply a limitation of the met-
rics from Qi ef al. [2024]. We compare BIODISCO against
Biomni as the current state of the art. Further direct com-
parisons are hindered by a lack of reproducible open-source
systems and the difficulty of adapting external models to our
specific experimental settings. Our metrics-based evaluation
is limited to the judgement of humans and LLMs of whether
hypotheses seem novel or significant. Self-evaluation and re-
finement may invoke Goodhart’s Law, amplifying model ar-
tifacts and exaggerating practical relevance.

Any temporal evaluation assumes discoverability equates
to predictability, but even flawed or ultimately disproven hy-
potheses can contribute to a field. A good system should gen-
erate novel, plausible hypotheses—not just those that align
with future discoveries. Finally, our comparison is only in
silico; a wet-lab validation is beyond the scope of this paper.

Future Work

Our evaluation does not disentangle effects of architecture
from data, or the relative strength of different LLMs. Any
evaluation of models trained on public data is vulnerable to
data leakage [e.g. Zhou et al., 2023]. Another challenge lies
in (interpretable) integration of different modalities, such as
clinical records, omics and image data.

A Appendix

The Python package BIOD1SCO is free to download from the
Python Package Index at https://pypi.org/project/biodisco/
using the command

pip install biodisco

An minimal example hypothesis generation program takes
the form:

import python

BioDisco.generate (

‘*‘*‘Role of GPR153 in vascular injury and
disease’’)

Further documentation and details of additional experi-
mental results are provided in the supplementary material,
available online at

https://github.com/yujingke/BioDisco_Supplement
and source code for the package is available at

https://github.com/yujingke/BioDisco
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