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Abstract
Drug-drug interaction (DDI) prediction is essential for medication
safety, yet it requires reasoning over heterogeneous biomedical evi-
dence whose relevance changes across interaction mechanisms. We
propose DDIAgents, a mechanism-conditioned multi-agent frame-
work that performs DDI prediction through dynamic knowledge
orchestration. Given a drug pair, a planner agent instantiates special-
ized expert agents, routes mechanism-relevant knowledge sources
to each agent, and aggregates their analyses through a conclu-
sion agent. By adapting context flow to the inferred interaction
mechanism, DDIAgents reduces irrelevant information, supports
complementary expert reasoning, and produces interpretable agent-
level rationales. Extensive experiments on realistic DDI prediction
benchmarks show that DDIAgents consistently outperforms exist-
ing feature-based, graph-based, LLM-based, and agent-based base-
lines. Beyond prediction performance, DDIAgents demonstrates
how multi-agent systems can organize heterogeneous scientific
knowledge for adaptive and interpretable AI4Science reasoning.

CCS Concepts
•Applied computing→Bioinformatics; •Computingmethod-
ologies→Multi-agent systems; Machine learning approaches.

Keywords
Drug-Drug Interaction Prediction, Multi-Agent System, Dynamic
Context Flow

ACM Reference Format:
Zhenqian Shen, Yu Liu, Xiaoyi Fu, and Quanming Yao. 2026. DDIAgents:
Mechanism-Conditioned Context Flow for Drug-Drug Interaction Predic-
tion. In Proceedings of the 32nd ACM SIGKDD Conference on Knowledge
Discovery and Data Mining V.2 (KDD ’26), August 09–13, 2026, Jeju Island,

∗Corresponding author

This work is licensed under a Creative Commons Attribution 4.0 International License.
KDD ’26, Jeju Island, Republic of Korea
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2259-2/2026/08
https://doi.org/10.1145/3770855.3818959

Republic of Korea. ACM, New York, NY, USA, 21 pages. https://doi.org/10.
1145/3770855.3818959

1 Introduction
Modern drug discovery is defined by prohibitive costs and pro-
tracted timelines, frequently taking 10–15 years and over 2 billion
dollars per approved drug [5, 21]. It is therefore crucial to identify
drug-drug interactions (DDIs) that could lead to adverse drug reac-
tions and serious health risks for patients. However, DDI prediction
remains a challenging scientific problem due to intricate biomedical
mechanisms, including altered pharmacokinetics and pharmaco-
dynamics [20], alongside clinical treatment factors [24]. Moreover,
candidate DDI verification is expensive and time-consuming, re-
quiring extensive experiments from preclinical studies to large-
scale clinical trials. This setting reflects a broader data-efficient
AI4Science challenge: direct labels and experimental feedback are
costly, so models must make better use of prior knowledge, task
structure, and limited feedback rather than relying only on scaling
supervision [36, 37]. In this work, we focus on a complementary
agentic question: how should a reasoning system decide which
biomedical evidence each expert should use when the underlying
interaction mechanism changes across drug pairs?

To accelerate DDI discovery, a variety of computational meth-
ods have been developed for prediction [14, 22]. These methods
broadly fall into three categories: feature-based, graph-based, and
large language model (LLM)-based approaches. Feature-based meth-
ods [16, 26] typically encode drugswithmolecular features and train
neural networks for interaction prediction. Graph-based methods
broadly utilize graph embedding methods, graph neural networks
(GNNs) or graph transformers to extract predictive features from
diverse data sources, ranging from individual drug molecular struc-
tures [19, 42] to complex biomedical networks [46, 48]. LLM-based
methods primarily utilize the powerful reasoning capabilities based
on textual descriptions of drugs and interactions [41, 47].

Despite these advances, DDI prediction is not merely a single-
pattern learning problem; it is a mechanism-conditioned knowledge
orchestration problem. First, different drug pairs can be governed
by diversemechanisms, from physiological modulation and drug–
target binding events to chemically mediated reactions. Second, the
decisive evidence exhibits knowledge heterogeneity, spanning
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natural-language descriptions, structured biomedical relations, and
molecular substructures. A metabolism-driven interaction may re-
quire enzyme or transporter evidence, whereas a target-overlap
interaction may depend more on pathway or adverse-effect evi-
dence. However, most existing approaches remain inflexible: they
follow fixed reasoning patterns and rely on static evidence integra-
tion, which can introduce irrelevant evidence or miss the modality
that is decisive for a specific mechanism.

Meanwhile, the recent emergence of LLM-based multi-agent sys-
tems in other scientific domains has become a promising solution
for providing adaptable mechanism analysis of DDIs. Analogous to
a multidisciplinary research team, multi-agent frameworks coor-
dinate multiple role-specialized “expert” agents to solve complex
problems [3, 31]. This perspective also aligns with data-efficient
agentic learning, where performance is improved by organizing
roles, feedback, and interactions rather than simply increasing
labeled data or model scale [36]. In such systems, the reasoning
performance critically depends on the context flow, namely how
knowledge sources are routed to the agents that need it. However,
existing multi-agent systems often rely on a fixed context flow,
where agents are restricted to a predefined knowledge scope. This
rigidity forces expert agents to handle a fixed scope of knowledge
regardless of the specific task, which can introduce irrelevant infor-
mation into the reasoning process and obscure the critical insights.

To address the challenges above, we introduce DDIAgents, a
mechanism-conditioned multi-agent framework for DDI prediction
that leverages dynamic context flow for specialized DDI analy-
sis. Specifically, DDIAgents conducts the following three stages
iteratively. Firstly, expert agent instantiation gathers a team of
specialized expert agents. Secondly, dynamic context flow routes
suitable knowledge sources to each expert agent according to the
mechanism-specific evidence needs of the current drug pair. Finally,
expert agents generate domain-specific analyses that are synthe-
sized by a conclusion agent to either yield a final prediction or
provide strategic guidance for iterative refinement. Experiments
on two benchmark datasets demonstrate the superior performance
of DDIAgents compared to existing methods. Furthermore, the
agent-based analysis demonstrates that DDIAgents yields inter-
pretable mechanistic explanations of predicted DDIs. The main
contributions are summarized as follows:

• We formulate DDI prediction as a mechanism-conditioned knowl-
edge orchestration problem and introduce DDIAgents, a multi-
agent framework that explicitly accounts for diverse mechanisms
and heterogeneous biomedical evidence.
• We design a dynamic context flow mechanism that strategically
routes heterogeneous knowledge sources to specialized agents,
thereby enhancing knowledge utility and reducing noisy infor-
mation in the DDI reasoning process.
• We perform extensive experiments on two benchmark datasets,
demonstrating that DDIAgents consistently outperforms exist-
ing feature-based, graph-based, LLM-based, and agent-based ap-
proaches. Comprehensive case studies further show that DDIA-
gents provides interpretable agent-level insights into the under-
lying mechanisms of DDIs.

2 Related Works
2.1 Drug-Drug Interaction Prediction
DDI prediction has recently been a critical topic in computational
pharmacology, aiming to identify potential drug interactions that
may lead to adverse effects or altered therapeutic efficacy [11, 14].
Existing approaches are commonly grouped into feature-based,
graph-based, and LLM-based methods.

Feature-based methods encode drugs with molecular descriptors
and train supervised predictors [16, 25, 26, 40]. They work well
when interactions are driven by chemical properties, but strug-
gle to incorporate broader biological mechanisms. Graph-based
methods exploit structured relations from molecular graphs and
biomedical networks through knowledge graph embedding meth-
ods [43], GNNs [46, 48] or heterogeneous graph transformers [30].
While they better capture relational evidence, their pipelines are
typically fixed, limiting adaptability across drug pairs. Recently,
LLM-based methods prompt models with drug or interaction de-
scriptions [23, 41, 47], retrieve graph-path evidence [1], or apply
case-based reasoning [15]. CBR-DDI shows that historical cases
can provide useful reasoning examples for DDI prediction. Un-
like case-based approaches, DDIAgents focuses on routing het-
erogeneous biomedical evidence to specialized agents according
to mechanism hypotheses. Thus, DDIAgents targets mechanism-
conditioned knowledge orchestration rather than rationale transfer.

Overall, existing DDI prediction methods provide complemen-
tary strengths, but most still follow uniform reasoning patterns and
static knowledge utilization. This rigidity is a key limitation for DDI
prediction, where different drug pairs require different explanatory
routes and different forms of supporting evidence.

2.2 Multi-Agent Reasoning for Scientific Tasks
Powered by strong natural language understanding and genera-
tion, LLMs have recently enabled a new paradigm for tackling
complex scientific tasks via multi-agent collaboration [3, 13, 31].
Compared with conventional machine learning, multi-agent sys-
tems decompose a task for role-specialized agents, each equipped
with distinct domain expertise and responsibilities. This design
principle is closely related to data-efficient agentic learning, which
studies how agent systems can adapt under limited supervision,
limited feedback, and costly interactions [36].

Coscientist [3] is an early framework that formulates an end-
to-end workflow for autonomous chemical research, coordinat-
ing agents such as planner agent, document searchers and experi-
ment executors. SciAgents [9] builds a materials-science knowledge
graph and organizes a team to generate hypotheses by following ev-
idence paths extracted from the knowledge graph. Virtual Lab [31]
instantiates a group of LLM scientist agents for interdisciplinary
research and has been applied to novel nanobody design. Related
directions also explore multi-agent systems for clinical decision-
making, assembling expert agents with distinct specialties [13, 32].

Despite these advances, many multi-agent systems rely on fixed
agent configurations and static information-access patterns. In sci-
entific problems where different sub-problems require different
knowledge sources, the way information is allocated across agents
can substantially influence reasoning quality and interpretability.
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Figure 1: Three DDI examples with different mechanisms: (a) pharmacokinetic change, (b) pharmacodynamic interference, (c)
chemically mediated synergy. The prediction of these DDIs requires different knowledge and expertise.

3 Motivation
3.1 DDI Prediction as a Mechanism-conditioned

Reasoning Problem
Drug–drug interaction (DDI) prediction is fundamental to medica-
tion safety, yet it remains challenging in realistic settings because
it requires mechanism-conditioned reasoning rather than
single-pattern learning. Clinically meaningful DDIs arise from
different mechanisms, and the correct interaction type for each
drug pair depends on identifying the governing mechanism, rather
than applying a universal decision rule.

Figure 1 highlights that clinically meaningful DDIs can be driven
by diverse mechanisms, including pharmacokinetic change, phar-
macodynamic interference and chemically mediated synergy. These
mechanisms correspond to qualitatively different causal explana-
tions and therefore require different reasoning paths. Effective
DDI prediction thus requires selecting an appropriate ex-
planatory route before determining the interaction type.

A closely related challenge is that the decisive evidence is
heterogeneous, mechanism-conditioned, and demands com-
plementary expert perspectives. No single modality or fixed
expert viewpoint is uniformly informative across all DDIs. When
knowledge is aggregated without expert-guided selection, critical
evidence can be diluted by irrelevant context and cross-perspective
distraction, ultimately undermining reliable prediction.

3.2 Limitations of Static Reasoning and the
Need for Dynamic Context Flow

Despite substantial progress, most existing DDI prediction methods
implicitly assume static reasoning. Feature-based and graph-based
models rely on fixed pipelines and static feature fusion, while recent
LLM-based methods typically employ fixed prompts and retrieval
scopes. As a result, they reuse the same reasoning pattern and
evidence across drug pairs, which can either omit the modality
most relevant to the governing mechanism or overwhelm the model
with irrelevant context.

Multi-agent reasoning provides a natural abstraction for incor-
porating multiple expert perspectives, but naive multi-agent de-
signs remain insufficient. Most existing multi-agent systems
for scientific tasks adopt a fixed context flow, i.e., heterogeneous

knowledge is routed to expert agents according to a predetermined
scheme. This rigidity constrains experts to static information scopes
and prevents adaptation when mechanisms vary across instances.
Therefore, the primary bottleneck is not agent collaboration
itself, but how knowledge is allocated to agents.

These observations lead to a key insight:mechanism-selective
biomedical reasoning requires instance-adaptive context flow.
For each drug pair, the system should dynamically determine which
experts to instantiate, which types of knowledge each expert should
access, and whether these choices need to be revised as interme-
diate analyses reveal uncertainty or disagreement. This insight
directly motivates DDIAgents, which models expert instantiation
and knowledge routing as per-instance and iterative decisions, en-
abling targeted, interpretable and robust DDI prediction.

4 Methodology
4.1 Problem Setup
LetD be the set of all drugs and R be the set of possible interaction
types. In the DDI prediction problem, effective utilization of het-
erogeneous knowledge sources is critical. We define a collection of
knowledge sources as S that are relevant to the reasoning process
in DDI prediction. Formally, the DDI prediction problem is to learn
a predictor 𝑝 that maps a pair of drugs and the integrated knowl-
edge sources to a DDI type. For any drug pair (𝑢, 𝑣) ∈ D × D and
knowledge sources S, the predicted DDI type 𝑟 ∈ R is given by:

𝑟 = 𝑝 (𝑢, 𝑣 ;S) (1)

For agent-based methods, we implement a filtering stage to han-
dle the context overflow caused by an exhaustive list of DDI candi-
dates. A traditional model [30, 41] is trained to filter a predefined
number of the most probable DDI candidates. The DDI prediction
problem and these candidates are then formatted into a multiple-
choice question 𝑞, serving as the input for agent-based methods.

4.2 Overall Framework
The framework of DDIAgents (as shown in Figure 2) incorporates
the following three stages: (a) Expert agent instantiation: given
a DDI query, a planner agent instantiates a tailored set of expert
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Figure 2: The overall framework of the proposed DDIAgents, which iteratively conducts three stages: (a) Expert agent instantia-
tion, (b) Dynamic context flow, (c) Analysis and decision making.

agents with distinct expertise. This enables adaptive expertise com-
position, avoiding rigid agent configurations. (b) Dynamic context
flow: the planner agent assigns each expert a mechanism-relevant
subset of knowledge sources. This mitigates information overload
and supports targeted and specialized reasoning. (c) Analysis and
decision making: expert agents conduct specialized analyses, and
a conclusion agent synthesizes their outputs to either deliver a final
prediction or request another analysis iteration.

If the conclusion agent detects unresolved uncertainty or con-
flicting evidence, its feedback serves as an update signal for the next
iteration, guiding expert agent instantiation and dynamic context
flow to avoid repetition of the same reasoning pattern.

4.3 Expert Agent Instantiation
Selecting appropriate experts is essential for reliable andmechanism-
aware DDI interpretation. In the first iteration (𝑡 = 1), we instantiate
three core experts to cover complementary perspectives on clinical
risk, pharmacokinetics, and biological mechanism:
• Pharmacist [38]: Focuses on practical, patient-oriented risks and
outcomes of drugs in clinical usage.
• Pharmacokineticist [44]: Analyzes absorption, distribution, me-
tabolism and excretion to identify exposure-altering interactions.
• Pharmacologist [18]: Reasons about pharmacodynamic proper-
ties and mechanism-level biological effects.
For subsequent iterations (𝑡 > 1), the framework moves beyond

this fixed configuration. Instead of reusing the same roles, the
planner analyzes the original query together with the conclusion
agent’s feedback from iteration 𝑡 − 1 to instantiate a new set of
experts. Concretely, the planner agent identifies unresolved gaps or
conflicts in the last iteration, and then specifies expertise profiles

via targeted role instructions (see Appendix A.8). This adaptive
instantiation allows DDIAgents to revise its reasoning trajectory
to match the case-specific difficulty, rather than applying a fixed
analytic pattern across all drug pairs.

4.4 Dynamic Context Flow
To support specialized and rigorous expert analyses, we introduce
a dynamic context flow that routes knowledge sources to experts
in an expertise-aware and mechanism-dependent manner. Con-
cretely, we organize domain knowledge into a set of heterogeneous
knowledge sources, each capturing a complementary view:
• Molecular Structural Knowledge: We incorporate the intrin-
sic chemical topology of drugs. Specifically, we utilize SMILES
strings to represent the atom-bond connectivity and functional
groups of drug molecules, which are fundamental to understand-
ing the steric and electronic basis of interactions.
• Biomedical Relational Knowledge: We leverage the systemic
connectivity of drugs within the biological network. This encom-
passes known DDI training data, drug-target associations and
drug side-effect profiles. This view places the drug within the
broader context of the biomedical system.
• Semantic Contextual Knowledge: We utilize natural language
descriptions to capture high-level pharmacological concepts. This
includes concise summaries of drug mechanisms and interaction
types generated by LLMs [2], providing a semantic layer that
complements raw structural data.
Given these knowledge sources, the dynamic context flow con-

trols how they are assigned to expert agents. Specifically, the plan-
ner agent assigns each expert agent a subset of knowledge sources
that aligns with the agent’s expertise and the current reasoning
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Figure 3: Comparison between DDIAgents framework and previous multi-agent methods.

demands. As a result, agents may receive different combinations
of evidence within the same iteration. For instance, a chemistry-
oriented expert may be assigned primarily structural evidence,
while a biology-oriented expert may focus on relational evidence,
and a clinical expert may rely more on semantic descriptions and
safety-oriented relational cues. This allocation is updated across
iterations using the intermediate feedback from the conclusion
agent, enabling the system to shift attention as the hypothesized
mechanism sharpens or new uncertainties emerge.

By turning knowledge allocation into a targeted, expertise-aware
pipeline, dynamic context flowmitigates two common failuremodes
in DDI reasoning. Firstly, it reduces information dilution [28], where
mechanism-critical evidence is buried in irrelevant context. Sec-
ondly, it alleviates cross-domain distraction [27], where experts are
forced to process outside their functional role. This design prepares
for the next stage of the framework: since each expert receives a
role-aligned subset of knowledge sources, the subsequent analysis
step can construct a tailored evidence context per expert and elicit
deeper, more focused reasoning.

4.5 Analysis and Decision Making
At each iteration 𝑡 , before expert agents begin reasoning, the sys-
tem constructs a tailored knowledge context for them. This context
is formed by retrieving and filtering the most pertinent evidence
from the knowledge sources assigned in the current iteration (see
Appendix A.3). The goal is to provide a focused but sufficient knowl-
edge input, which is rich enough to support a mechanism-grounded
analysis, while avoiding unnecessary information that can obscure
critical cues.

Given the query and its curated context, each expert produces a
DDI prediction and a structured rationale grounded in the provided
evidence, reflecting its domain perspective. These expert reports
are then passed to a conclusion agent, which synthesizes the set of
analyses into a single decision. Rather than treating expert outputs
as independent opinions, the conclusion agent aggregates them into
a coherent explanation that resolves cross-expert dependencies.

The conclusion agent has two types of possible outputs. If the
evidence and expert analyses are sufficient, it finalizes the DDI
prediction along with a consolidated reasoning trace. Otherwise,
it produces iteration feedback that explicitly identifies what re-
mains uncertain and recommends how the next iteration should
adjust—both in terms of which new experts to instantiate and which

Table 1: Knowledge source utilization comparison.

Method
Knowledge Molecular

Structure
Biomedical
Network

Text
Description

Feature-based [16, 26] ✓ - -
Graph-based [19, 48] ✓ ✓ -
LLM-based [41, 47] - - ✓

DDIAgents (Ours) ✓ ✓ ✓

knowledge sources to prioritize. This feedback closes the loop, en-
suring that subsequent iterations are guided by concrete sugges-
tions rather than repeating the same reasoning pattern.

4.6 Comparison with Existing Works
Table 1 reveals a key limitation of existing DDI prediction methods:
they typically pre-commit to a narrow knowledge source scope.
Feature-based methods mainly depend on molecular structure,
graph-based methods incorporate biomedical networks but usually
exclude unstructured descriptions, and LLM-based approaches usu-
ally depend on text alone. As a result, when the decisive cue for a
drug pair lies outside the model’s preferred modality, predictions
can fail due to missing evidence. In contrast, DDIAgents simultane-
ously considers all of these knowledge sources, and routes them
to experts in a mechanism-aware, instance-adaptive manner. Fig-
ure 3 further contrasts DDIAgents with representative multi-agent
frameworks for scientific tasks. Unlike existing systems that rely
on static execution, DDIAgents adopts an adaptive and iterative
reasoning framework. Rather than maintaining fixed agent roles,
DDIAgents leverages specialized agent instantiation to generate
specialized experts tailored to specific sub-problems as the task
evolves. The most significant distinction lies in the context flow,
with different systems applying different mapping patterns:

• 1-to-1 (Isolated): Virtual Lab [31] assigns specific, pre-defined
knowledge sources to specific agents in a fixed, parallel mapping.
• 1-to-N (Monolithic): SciAgents [9] relies on a single, monolithic
knowledge graph distributed across multiple agents.
• N-to-N (Broadcast): Coscientist [3] and MDAgents [13] distribute
all available information to every agent uniformly.
• N(t)-to-N(t) (Dynamic): DDIAgents treats the relation between
knowledge sources and agents as variables that evolve over time.
It adaptively maps pertinent, domain-specific data to the relevant
experts based on the current reasoning state.
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Table 2: General performance comparison between different DDI prediction methods. Results are reported as mean±std over 5
independent runs. The best and second-best results are highlighted in bold and underline, respectively.

DrugBank TWOSIDES
Type Method S1 S2 S1 S2

Acc F1 Acc F1 Hit@5 NDCG@5 Hit@5 NDCG@5
Feature-based MLP 34.25±1.15 11.00±0.81 20.93±1.29 2.80±0.41 40.08±2.19 14.29±0.72 26.79±0.35 7.24±0.47

Graph-based

Decagon 20.07±1.59 3.49±0.54 6.87±0.22 1.96±0.11 32.75±1.13 10.71±0.57 24.22±0.65 6.59±0.29
EmerGNN 29.57±1.43 13.32±0.37 15.33±0.49 3.54±0.07 35.84±1.75 11.07±0.68 28.35±1.34 8.56±0.72
MSTE 31.60±0.37 12.87±0.12 12.73±0.14 1.80±0.07 30.94±0.62 10.69±0.14 25.00±1.13 6.67±0.45
TIGER 45.98±2.35 26.78±1.33 20.64±1.44 3.32±0.37 42.24±0.38 15.00±0.21 25.26±0.17 6.65±0.09

LLM-based

Single LLM 8.71±0.37 4.10±0.32 7.30±0.29 3.94±0.23 27.30±0.31 7.91±0.17 23.78±0.74 6.58±0.36
K-Path 35.34±1.08 21.41±0.59 19.48±0.48 3.71±0.19 31.15±0.43 9.57±0.18 24.01±0.38 5.82±0.07
CBR-DDI 41.38±1.68 31.47±0.76 23.42±0.41 4.48±0.47 35.07±1.51 13.09±0.47 32.77±0.34 10.31±0.18
TextDDI 49.53±2.14 31.72±1.27 28.75±0.91 8.26±0.37 42.04±1.86 15.38±0.79 29.35±1.18 9.77±0.75
DDI-GPT 50.68±0.79 34.71±1.07 33.47±1.21 15.01±0.61 43.90±2.61 17.31±1.44 33.51±1.34 10.24±0.68

Agent-based

Reflexion 47.31±2.34 35.11±2.45 31.74±1.76 14.07±1.22 41.47±1.92 17.04±1.21 30.71±1.44 9.55±0.51
Debate 52.18±1.46 40.14±1.17 35.03±1.64 15.84±0.78 50.61±2.07 19.03±0.74 38.66±1.41 12.78±0.62
AgentVerse 52.34±2.08 41.17±1.21 36.48±0.56 14.01±0.38 49.33±1.46 19.44±0.59 40.38±0.76 13.14±0.24
MDAgents 54.69±0.74 39.52±0.54 36.29±1.17 15.97±0.42 51.42±2.14 20.07±1.36 40.09±1.61 12.64±0.75
DDIAgents 55.75±0.74 45.52±0.89 38.21±1.03 18.17±0.51 53.94±1.24 21.21±0.48 42.26±0.92 14.08±0.15

5 Experiments
5.1 Experimental Setup
Datasets. Following [45, 46], we conduct experiments on two
widely used public DDI prediction datasets: DrugBank [39], a multi-
class DDI prediction dataset where each drug pair is associated with
one of 86 possible interaction types; TWOSIDES [33], a multilabel
DDI prediction dataset that records 209 possible side effects.
Experimental Setting. To incorporate realistic factors in evalua-
tion, we partition the drug setD into known drugsDknown and new
drugs Dnew based on approval time. We consider three prediction
tasks: S0 (known–known), S1 (known–new), and S2 (new–new).
In this work, we focus on the more realistic and challenging S1/S2
tasks, and report S0 results in Appendix B.1.
Evaluation Metrics. For the DrugBank dataset that features a
single interaction type per drug pair, we employed Accuracy and F1
Score. The TWOSIDES dataset often includes multiple interaction
types per drug pair; thus, we framed the analysis as a recommenda-
tion task, usingHit@5 andNDCG@5 for evaluation. This evaluation
method differs from most existing works that use TWOSIDES for
binary classification (results shown in Appendix B.2). We argue that
binary classification tasks are often redundant and include uninfor-
mative negative samples. Our proposed ranking metrics accurately
reflect realistic scenarios where a drug pair may exhibit multiple
interactions, and the objective is to identify the most probable risks.
Implementation Details.We use Qwen2.5 series [35] as the back-
bone LLM for DDIAgents and other types of agent-based baseline
methods in quantitative experiments. We set the maximum itera-
tion round 𝑇 = 3 and agent number𝑚 = 3. For DrugBank, each
DDI question takes 12.83 seconds on average, and for TWOSIDES
it takes 15.66 seconds—both within an acceptable range. More im-
plementation details are shown in Appendix A. Our code and data
are available at https://github.com/zgs0314/DDIAgents.

Baseline Methods. In this work, we compare our proposed DDIA-
gents framework with four types of baseline methods: (1) Feature-
based methods: MLP [25]; (2) Graph-based methods: MSTE [43],
Decagon [48], EmerGNN [46] and TIGER [30]; (3) LLM-based meth-
ods: Single LLM [12], TextDDI [47], DDI-GPT [41], CBR-DDI [15],
K-Path [1]; and (4) Agent-based methods: Reflexion [29], Debate [6],
AgentVerse [4], MDAgents [13].

5.2 General Performance Comparison
Table 2 summarizes the overall comparison across S1 and S2 tasks
on DrugBank and TWOSIDES. We can see that our proposed DDI-
Agents framework consistently outperforms all baseline methods.
Compared with the best-performing baseline, DDIAgents improves
F1 by 13.77% in S2 tasks on DrugBank, and increases NDCG@5
by 7.15% in S2 tasks on TWOSIDES. These gains validate the core
design of DDIAgents: orchestrating multiple expert agents and
routing specialized knowledge sources to each expert to enable
complementary and targeted reasoning.

Among baselines, feature-based and graph-based models show
comparatively weak performance. A key reason is that the evalu-
ation protocol adopts an approval-time-based drug split to better
reflect real-world deployment, which substantially increases task
difficulty. Under this more realistic setting, methods that rely on
molecular features or limited graph structure cannot effectively
leverage heterogeneous evidence, and thus struggle to capture the
diverse mechanisms underlying DDIs. The performance of LLM-
based methods also remains limited, primarily because they utilize
only the textual descriptions, which fails to comprehensively model
the multi-faceted evidence required for robust DDI prediction. In
particular, the Single LLM baseline performs poorly, suggesting
that memorization or knowledge leakage in current LLMs is not
the primary driver of strong performance in this task.

In contrast, agent-based methods generally achieve the best per-
formance among different types of methods. This is because their

https://github.com/zgs0314/DDIAgents
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Figure 4: A prediction case of DDIAgents. Bold red text indicates incorrect answers and bold green text indicates correct answers.

strong capability in handling heterogeneous knowledge sources
and the shared high-recall candidate retriever provides a reason-
able starting point for the prediction (its performance is shown in
Appendix B.3). Notably, methods that incorporate multiple expert
agents (e.g., MDAgents and AgentVerse) consistently outperform
single-agent methods (e.g., Reflexion). This comparison highlights
the critical need for integrating specialized analyses from multiple
complementary perspectives.

5.3 Ablation Study
To validate the effectiveness of the proposed components in DDIA-
gents, we compare it with the following variants: (a) w/o DynExp,
which utilizes three predefined expert agents across iterations; (b)
w/o DynKnow, which provides all of the knowledge sources instead
of using dynamic context flow; (c) w/o Iter, which only uses a single
iteration to obtain the DDI prediction.

From results in Table 3, we can see that removing any proposed
component results in a performance drop, validating the necessity
of the designs in DDIAgents. Specifically, the largest performance
degradation is in the "w/o DynKnow" variant, highlighting the
critical importance of the dynamic context flow. Furthermore, we
observe that the iterative analysis component is more crucial for
the TWOSIDES dataset. We hypothesize this is because the DDI
prediction task on TWOSIDES requires selecting multiple DDI
types from a set of candidates, leading to a higher frequency of
inter-expert disagreement and, consequently, making the iterative
refinement process essential for consensus and accurate prediction.

Table 3: Comparison of different variants of DDIAgents

DrugBank TWOSIDES
S1 S2 S1 S2

Acc F1 Acc F1 Hit NDCG Hit NDCG
DDIAgents 55.75 45.52 38.21 18.17 53.94 21.21 42.26 14.08
w/o DynExp 54.08 44.39 36.70 16.66 51.73 20.37 41.01 13.52
w/o DynKnow 52.23 40.19 35.57 16.01 50.34 19.52 38.71 12.07

w/o Iter 53.68 42.15 36.67 16.71 50.72 19.44 39.56 12.88

5.4 Case Study
Figure 4 shows an exemplar case of DDIAgents on a DDI prediction
problem onDrugBank dataset using large-scale frontiermodel (GPT-
4o). The case study details a two-iteration process to predict the DDI
type between Pirfenidone and Teriflunomide, ultimately identifying
the correct answer.

In the first iteration, the DDIAgents framework utilizes prede-
fined pharmacist, pharmacokineticist, and pharmacologist as expert
agents to analyze the question, but they failed to reach a consensus.
In this case, the conclusion agent identifies conflicting evidence
and generates targeted iteration guidance. Its feedback calls for in-
stantiating toxicology and regulatory experts, identifies regulatory
labeling as a key source for dynamic context flow, and prioritizes
liver toxicity as the main focus for subsequent expert analysis.

Acting on this directive, expert agent instantiation in the second
iteration gathers toxicology specialist, regulatory affairs expert,
and liver injury specialist as updated experts better suited to the
problem. The dynamic context flow then prioritizes official drug
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labeling and mechanistic toxicology evidence to fill the identified
gaps. With these refined inputs, expert analysis converges on a uni-
fied understanding of the mechanisms underlying hepatocellular
injury. Finally, the decision-making stage confirms the prediction of
“increased risk or severity of adverse effects”, supported by an expla-
nation of synergistic toxic burden and the clinical need to monitor
liver function tests. To verify the reliability, we performed a sec-
ondary search of relevant literature, confirming that output analysis
is well-supported by established clinical evidence [17]. More DDI
prediction cases using Qwen 2.5 7B are shown in Appendix B.6.

5.5 Performance across DDI Type Frequencies
In this section, we evaluate the robustness of DDIAgents framework
across various DDI types using the DrugBank dataset. Representa-
tive methods from different categories are selected for comparison,
including MLP, TIGER, DDI-GPT, Reflexion, MDAgents and DDIA-
gents. Given the inherent class imbalance, we employ a frequency-
based ranking to categorize DDI types into five quintile bins based
on frequency. The “0%–20%” bin contains the most frequent DDI
types, while the “80%–100%” bin represents the long-tail DDI types.

Figure 5 illustrates the average prediction accuracy across DDI
type bins on S1 tasks. The results demonstrate that DDIAgents con-
sistently outperforms all baseline methods across every frequency
interval. Notably, the performance advantage of DDIAgents be-
comes increasingly significant on long-tail DDI types. This trend
suggests that while traditional models depend on high-frequency
patterns, DDIAgents better handles rare, data-sparse interactions
through collaborative agents and dynamic context flow.

Figure 5: DDI prediction performance across DDI type fre-
quency bins on DrugBank S1 tasks.

5.6 Performance across Different LLM Models
To rigorously validate the generalizability and inherent robustness,
we conducted an extensive evaluation on DDIAgents using various
LLMs as agents and compared them with the strongest baseline,
MDAgents. Our initial set of experiments focused on assessing the
influence of model scale within a unified family, utilizing the Qwen
2.5 series with sizes ranging from 0.5B to 72B parameters. The
results in Figure 6 show that DDIAgents outperforms MDAgents at
most tested model sizes, and that both frameworks improve steadily
as model scale increases. Notably, the smaller models (0.5B and 1.5B)
were unable to achieve satisfactory prediction performance for both
methods, underscoring the requirement for a sufficiently capable

LLM base to execute the complex tasks within the multi-agent
system. Furthermore, DDIAgents achieves higher performance as
model size increased, which suggests a greater capacity to stimulate
the emergent capabilities of large-scale LLMs.

(a) S1 tasks (b) S2 tasks

Figure 6: The performance of DDIAgents andMDAgents with
different LLM model sizes on the DrugBank dataset.

To evaluate the cross-architecture generalizability, we compared
the performance of DDIAgents and MDAgents across LLMs of com-
parable scales, including Qwen 2.5 7B, Llama 3.1 8B [8], Gemma 2
9B [34] and ChatGLM 3 6B [7]. The results in Table 4 indicate that
DDIAgents consistently outperforms MDAgents, demonstrating
superior robustness and reasoning capabilities. Notably, while both
frameworks perform well with Qwen 2.5, Llama 3.1 and Gemma
2, DDIAgents maintains a substantial lead in F1 scores, which in-
dicates its enhanced capacity for analyzing long-tail DDI types.
The relatively low performance of ChatGLM 3 may stem from its
training that is less optimized for complex biomedical reasoning.

Table 4: The performance of DDIAgents andMDAgents using
LLM models with similar sizes on DrugBank dataset.

DrugBank
LLM models Method S1 S2

Acc F1 Acc F1

Qwen 2.5 7B DDIAgents 55.75 45.52 38.21 18.17
MDAgents 54.69 39.52 36.29 15.97

Llama 3.1 8B DDIAgents 55.63 46.56 37.21 17.77
MDAgents 53.97 40.72 36.32 16.24

Gemma 2 9B DDIAgents 55.30 44.19 38.34 18.39
MDAgents 54.36 40.41 35.72 16.04

ChatGLM 3 6B DDIAgents 53.71 42.60 35.98 16.44
MDAgents 52.84 38.11 34.78 15.19

5.7 Comparison on Generated Contents
To evaluate the quality of the generated explanations, we conducted
a comparative analysis between DDIAgents and MDAgents. We em-
ployed a state-of-the-art LLM (GPT-4o) as a judge to evaluate their
responses on S2 tasks across four domain-specific dimensions [10]:

• Thoroughness: how comprehensively the system addresses the
multi-faceted nature of DDIs;
• Diversity: the breadth of explored biological mechanisms;
• Rationality: whether the answer provides reasonable analysis;
• Overall: a holistic judgment of which system provides a more
useful and trustworthy reference for drug interaction analysis.
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As shown in Table 5, DDIAgents consistently outperforms MDA-
gents across all dimensions. The expert agent instantiation phase
enhances pharmacological thoroughness and mechanistic diver-
sity by integrating specialized domain expertise into the reasoning
process. Simultaneously, the dynamic context flow and iterative
feedback loops refine agent outputs, significantly boosting clinical
rationality. By replacing static discussions with active collabora-
tion, DDIAgents captures complex biochemical interactions more
accurately, providing more reliable and comprehensive DDI expla-
nations than generic multi-agent frameworks.

Table 5: Win rates (%) for generated contents of DDIAgents
vs. MDAgents across four dimensions on S2 tasks.

DrugBank TWOSIDES
DDIAgents MDAgents DDIAgents MDAgents

Thoroughness 66.39% 33.61% 72.27% 27.73%
Diversity 67.38% 32.62% 67.33% 32.67%
Rationality 75.02% 24.98% 70.87% 29.13%
Overall 69.08% 30.92% 71.34% 28.66%

6 Conclusion
In this work, we presented DDIAgents, a mechanism-conditioned
multi-agent framework for DDI prediction. Rather than treating
DDI analysis as static feature fusion or historical case reuse, DDIA-
gents frames the task as knowledge orchestration: for each drug
pair, dynamic context flow routes heterogeneous biomedical evi-
dence to specialized agents according to mechanism-specific rea-
soning needs. Extensive experiments demonstrate that DDIAgents
consistently outperforms state-of-the-art baselines. Furthermore,
DDIAgents provides interpretable agent-level mechanistic insights
into predicted interactions, offering a useful direction for adaptive
and evidence-grounded AI4Science reasoning.

Despite these advancements, the current implementation re-
lies on a fixed agent collaboration scheme, which may restrict the
system’s adaptability. Future work will develop a more flexible col-
laboration scheme with multiple interaction patterns based on the
specific context. Additionally, we plan to incorporate more critical
knowledge sources to expand the dynamic context flow and further
enhance predictive accuracy and robustness.

7 Limitations and Ethical Considerations
Limitations. The current DDIAgents adopts a fixed agent col-
laboration scheme with predefined interaction protocols. While
this simplifies orchestration, it may reduce adaptability when dif-
ferent DDI queries would benefit from alternative coordination
patterns. In addition, DDIAgents currently relies on a limited set of
knowledge-source types in the dynamic context flow, which may
omit clinically decisive evidence.
Ethical considerations. Our experiments use publicly available
drug resources rather than patient-identifiable records. Neverthe-
less, any clinical deployment should ensure proper consent, gover-
nance and strong security for data access and storage. DDIAgents
is intended for decision support but not final decisions. The outputs
should be verified with reliable evidence to mitigate harms from
hallucinations or misuse.

GenAI Disclosure
This work uses Generative AI. The LLM-based baselines and agent-
based methods rely on large language models to generate predic-
tions and explanations for DDI queries. The case studies include
representativemodel-generated outputs to illustrate the agent work-
flows. All such content is produced at inference time for research
evaluation and demonstration, and may contain inaccuracies as
discussed in the Limitations and Ethical Considerations section.
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A Supplementary Information
A.1 Description of DDI Examples in Motivation

Part
In Table 6, we provide textual descriptions of diverse DDI mecha-
nisms illustrated in Figure 1. Here we provide more comprehensive
explanations on DDI mechanisms and details of reference knowl-
edge used in exemplar cases.

Table 6: Three DDI examples with different mechanisms.

DDI examples
Drug 1: Roxatidine acetate; Drug 2: Risedronic acid;
Interaction: Increased serum concentration and adverse side effect.
Mechanism: Roxatidine acetate raises the gastric pH, which unexpect-
edly increases the absorption of Risedronic acid, leading to a higher
serum concentration and a greater risk of adverse effects.
Reference knowledge: Drug usage instruction (the administration
instructions for Risedronic acid)
Drug 1: Esomeprazole; Drug 2: Clopidogrel;
Interaction: Decreased antiplatelet activity.
Mechanism: Esomeprazole, by inhibiting the liver enzyme CYP2C19,
prevents the necessary metabolic conversion of the inactive Clopidogrel,
consequently decreasing its antiplatelet activity.
Reference knowledge: Biomedical networks (the drug-target interac-
tion between esomeprazole and enzyme CYP2C19)
Drug 1: Erythrityl tetranitrate; Drug 2: Sildenafil;
Interaction: Increased vasodilatory activity.
Mechanism: Erythrityl tetranitrate increases the concentration of
the vasodilator cGMP by donating NO, while Sildenafil prevents its
breakdown by inhibiting PDE5, leading to a dangerous and synergistic
accumulation of cGMP that causes severe hypotension.
Reference knowledge: Drug molecular structure (Nitrate functional
group in Erythrityl tetranitrate)

A.2 The Classification of Knowledge Sources
As summarized in Table 7, the DDI prediction is enhanced by in-
troducing several types of knowledge sources. For both DrugBank
and TWOSIDES, this includes drug SMILES, drug-target interac-
tions, and drug-side effect information. A critical component of
the knowledge source is the pharmacological categorization of
known DDIs. Specifically, DDIs in DrugBank are divided into six
distinct classes based on their pharmacokinetic and pharmacody-
namic mechanisms, while DDIs in TWOSIDES are categorized into
nine medical system-based classes.

A.3 Implementation Details of Knowledge
Retrieval by Expert Agents

Before expert agent analysis, the knowledge context is obtained
through a retrieval process as follows:
• A textual encoder transforms the DDI question and all knowledge
entries within the assigned sources into embeddings.
• Relevance scores are determined via cosine similarity between
the query embedding and each entry embedding.

• We perform a top-k retrieval operation independently for each
type of knowledge source assigned to the agent. This prevents a
single dominant source from overshadowing other relevant but
less frequent data types. The final context is the union of these
retrieved subsets.

A.4 Algorithm of DDIAgents
The algorithm of DDIAgents is shown in Algorithm 1, which in-
cludes the iteration of three critical stages: Expert agent instantia-
tion, Dynamic context flow, Analysis and Decision making.

Algorithm 1 DDIAgents for DDI Prediction through Multi-Agent
System
Require: DDI Question, Knowledge sources and Knowledge tex-

tual encoder
1: 𝑡 ← 1
2: while True do
3: // Stage (a): Expert agent instantiation
4: if 𝑡 = 1 then
5: Instantiate expert agents as predefined domain experts

(Pharmacist, Pharmacokineticist and Pharmacologist)
6: else
7: Expert agent instantiation based on feedback of conclu-

sion agent in 𝑡 − 1 iteration
8: end if
9: // Stage (b): Dynamic context flow
10: for each expert agent do
11: Evaluate knowledge source assigned for the expert

agent
12: end for
13: // Stage (c): Analysis and decision making
14: Identify allocated data source types from dynamic context

flow
15: For each expert, retrieve top-𝑘 knowledge entries based on

semantic similarity through knowledge textual encoder
16: for each expert agent do
17: Generate specific expert analysis
18: end for
19: Synthesize findings from all agents
20: if O𝑡

𝐶
requires refinement then

21: Generate iteration guidance
22: 𝑡 ← 𝑡 + 1
23: else
24: break
25: end if
26: end while
27: return final answer and explanation

A.5 Statistics of Datasets
We present the general statistics of datasets in experiments in Ta-
ble 8. Here D represents the set of drugs, R denotes the set of
interactions and N refers to the set of DDIs.
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Table 7: Knowledge source categorization for different datasets.

Dataset Knowledge sources Explanation

DrugBank

Drug SMILES String representations of drug chemical structures.
Drug target interactions Binding relationships between drug molecules and their specific biological targets.
Drug side effects Adverse or unintended physiological responses observed after the administration of drugs.

Drug description Concise textual summary providing essential details about a medication’s purpose, chemical composi-
tion, and safety profile.

DDI description A brief introduction of drug-drug interaction types provided as choices in DDI prediction question.
Absorption DDIs Interactions that alter the rate or extent of drug entry into the bloodstream.
Distribution DDIs Interactions affecting the movement of drugs between the blood and various body tissues.
Metabolic DDIs Interactions influencing the biochemical transformation of drugs.
Excretion DDIs Interactions impacting the processes through which drugs and metabolites are removed from the body.
Synergistic DDIs Interactions where the combined drug effect is greater than the sum of individual effects.
Antagonistic DDIs Interactions where one drug reduces or counteracts the pharmacological effect of another.

TWOSIDES

Drug SMILES String representations of drug chemical structures.

Drug description Concise textual summary providing essential details about a medication’s purpose, chemical composi-
tion, and safety profile.

DDI description A brief introduction of drug-drug interaction types provided as choices in DDI prediction question.
Drug target interactions Binding relationships between drug molecules and their specific biological targets.
Drug side effects Adverse or unintended physiological responses observed after the administration of drugs.
Nervous System and Psychi-
atric Disorders Side effects affecting brain function, neurological processes, or mental health.

Cardiovascular and Circulatory
Disorders Adverse interaction effects impacting the heart, blood vessels, and systemic circulation.

Respiratory Disorders Side effects affecting the lungs and breathing processes caused by interacting drug pairs.
Gastrointestinal and Hepatic
Disorders Drug interaction effects related to the digestive system and liver function.

Renal and Metabolic Disorders Adverse effects involving kidney function or systemic biochemical processes and regulation.
Immune, Hematologic, and En-
docrine Disorders Interactions affecting the immune system, blood components, or hormone-producing glands.

Musculoskeletal and Connec-
tive Tissue Disorders Side effects involving muscles, bones, joints, and associated supportive tissues.

Dermatologic and Sensory Dis-
orders Adverse reactions impacting the skin, hair, nails, or sensory organs.

Neoplastic and Systemic Con-
ditions Interactions related to tumor growth or generalized, whole-body physiological complications.

Table 8: Statistics of DDI prediction datasets in experiments.

Dataset DrugBank TWOSIDES
|D𝑘 | (Known drug set) 1020 292
|D𝑛 | (New drug set) 129 38
|R | (Relation types) 86 209
|Ntrain | (Train DDIs) 83272 11300

|Ntest S1 | (Test DDIs for S1 tasks) 20031 3203
|Ntest S2 | (Test DDIs for S2 tasks) 1298 194

A.6 Evaluation Metrics
According to the evaluation metrics mentioned in Section 5.1, the
evaluation metrics include F1-Score, accuracy for DrugBank:

• F1-Score (Macro) = 1
| | P𝐷 | |

∑
𝑝∈P𝐷

2𝑃𝑝 ·𝑅𝑝

𝑃𝑝+𝑅𝑝
, where 𝑃𝑝 and 𝑅𝑝 are

the precision and recall for the interaction type 𝑝 , respectively.
• Accuracy: the proportion of correctly predicted interaction types
relative to the ground-truth interaction types.
For TWOSIDES dataset, we use Hit@5 and NDCG@5 as evalua-

tion metrics. Denote I1:5 as the recommended interaction for the
given query drug pairs, T as the ground-truth interaction list and

I as the indicator function. These metrics can be represented as
follows:
• Hit@5 = I( |I1:5 ∩ T |).
• NDCG@5 =

∑5
𝑖=1 I(I𝑖 ∈𝑇 )/log2 (𝑖+1)∑min( |𝑇 |,5)
𝑖=1 1/log2 (𝑖+1)

.

A.7 Baseline Methods
Here we present a more detailed introduction of baseline methods
compared in experiments:
• MLP [25] is a classic supervised learning approach that utilizes
a multi-layer perceptron to map drug chemical fingerprints to
specific interaction types between drug pairs.
• MSTE [43] specially designs a knowledge graph embedding scor-
ing function to model complex relations in DDI prediction prob-
lems.
• Decagon [48] is a representative GNN-based approach that per-
forms multi-relational link prediction by extracting and aggre-
gating information from biomedical networks.
• EmerGNN [46] is a specialized GNN that utilizes a flow-based
architecture to identify critical paths within biomedical networks,
specifically optimized for predicting interactions involving emerg-
ing drugs.
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Table 9: System prompt for planner in expert agent instanti-
ation.

You are a medical expert who specializes in categorizing
a specific drug-drug interaction prediction problem into
specific areas of medicine.
You need to complete the following steps:
1. Carefully read the drug-drug interaction prediction
problem with candidate choices and feedbacks from last
iteration round.
2. Based on the problem, provide three experts that
are suitable to answer the question from different
perspectives.
3. Provide three expert names and use one sentence to
describe their roles, respectively.
You should output in exactly the same format as: (1)
[expert1 name]: [one sentence describes the role of
expert1]. (2) [expert2 name]: [one sentence describes
the role of expert2]. (3) [expert3 name]: [one sentence
describes the role of expert3].
Question: {{Question}}
Candidate interaction types: {{Candidate DDI types}}
Analysis in last round: {{Feedback from conclusion agent}}
Please provide your split of three experts:

Table 10: System prompt for planner in dynamic context
flow (for DrugBank dataset).

You are a medical librarian who specializes in managing
medical knowledge sources for medical experts.
Given the medical expert name, his expertise, drug-drug
interaction prediction problem and knowledge sources,
please select the relevant information needed.
Expert name: {{Expert name}}. Expertise: {{Expertise}}.
Question: {{Question}}
Candidate interaction types: {{Candidate DDI types}}
Knowledge sources:
A. Absorption DDIs: an absorption DDI occurs when one drug
alters the rate or extent of absorption and bioavailability
of a second drug, leading to a decrease in its concentration
and potential loss of efficacy or an increase in its
concentration and potential worsening of adverse effects.
B. Distribution DDIs: a distribution DDI occurs when one
drug alters the distribution of a second drug throughout
the body, typically by affecting plasma protein binding
or transport, leading to changes in the free serum
concentration of Drug2, which may result in altered
efficacy or toxicity.
C. Metabolic DDIs: a Metabolic DDI occurs when one drug
alters the rate of metabolism of a second drug, typically
via enzyme inhibition or induction, leading to either a
change in Drug2’s serum concentration or an alteration in
the concentration of its active or inactive metabolites.
D. Excretion DDIs: An Excretion DDI occurs when one drug
alters the rate of renal or biliary excretion of a second
drug, leading to either an increase in the elimination
rate and potential loss of Drug2 efficacy or a decrease in
the elimination rate and potential Drug2 toxicity due to
elevated serum levels.
E. Synergistic DDIs: a synergistic DDI is an interaction
where two drugs combined produce an effect (therapeutic or
adverse) that is greater than the sum of the effects of
each drug given alone, typically resulting in an increase
in the intensity of specific pharmacodynamic activities,
such as toxicity or efficacy.
F. Antagonistic DDIs: an antagonistic DDI is an interaction
where one drug opposes the effect of a second drug by
competing for the same receptor or having counteracting
physiological effects, resulting in a decrease in the
therapeutic efficacy or an attenuation of the adverse
effects of Drug2.
G. SMILES of two drugs.
H. Drug targets: the targets two drugs both bind.
I. Drug side effects: the side effects two drugs both
cause.
Please ONLY output your choices with letter sequences (from
A-I) and separate them with spaces.

Table 11: System prompt for expert agent analysis.

You are a {{Expert name}} who specializes in {{Agent
expertise}}.
You are provided with:
- Two drugs and their descriptions.
- Candidate interaction types predicted by a deep learning
model, each with a short description.
- Relevant knowledge sources as a reference.
- Analysis summary of different agents in the last round.
Note:
- You MUST give your answer in English, MUST not contain
characters in other language.
- The interaction could be from Drug 1 to Drug 2, or from
Drug 2 to Drug 1.
Please choose the most plausible interaction type based on
the provided information and your medical knowledge.
Input format: Question: What is the drug-drug interaction
type between [Drug 1] and [Drug 2]?
[Drug 1]: [Description of Drug 1]; [Drug 2]: [Description
of Drug 2].
Candidate interaction types:
- A. [Interaction Type A]: [Description of Interaction Type
A]
- B. [Interaction Type B]: [Description of Interaction Type
B]
...
Reference knowledge sources: ...
The answer of other agents in the last round: ...
Output Format:
Interaction type A/B/C/D/E.
[Your analysis to explain your choice. ]
Now answer this question: ...

• Single LLM is a straightforward method that directly uses LLMs
to answer textual DDI prediction questions without adding any
supplementary information. In our experiments, we implement
this baseline using Qwen2.5-7B as the backbone model.
• TIGER [30] is a hybrid architecture featuring a dual-channel
graph transformer, which simultaneously captures the internal
structural information of drug molecular graphs and the global
topological features of biomedical networks.
• TextDDI [47] is the first framework to leverage the zero-shot
capabilities of LLMs for DDI prediction, utilizing textual drug
descriptions and interaction histories.
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Table 12: System prompt for decision making.

You are a medical expert specializing in pharmacology and
drug safety.
Your task is to predict the most likely drug-drug
interaction (DDI) between a given pair of drugs.
You are provided with the prediction and information from
multiple experts.
Please take their answer into comprehensive consideration
and judge whether the evidence provided is enough to obtain
a conclusion.
You are provided with:
- Two drugs and their descriptions.
- Candidate interaction types predicted by a deep learning
model, each with a short description.
- The answer of other agents for reference.
Note:
- You MUST give your answer in English, MUST not contain
characters in other language.
- If there are contradictions among the answer of different
agents, it is encouraged to require a new round of analysis
for different experts.
Input format: Question: What is the drug-drug interaction
type between [Drug 1] and [Drug 2]?
[Drug 1]: [Description of Drug 1]; [Drug 2]: [Description
of Drug 2].
Candidate interaction types:
- A. [Interaction Type A]: [Description of Interaction Type
A]
- B. [Interaction Type B]: [Description of Interaction Type
B]
...
The answer of other agents: ...
Output must strictly follow the format below.
If you think the evidence provided is enough, the output
format MUST be:
Yes. Interaction type A/B/C/D/E.
[Your analysis to explain your choice. ]
If you think the evidence provided is not enough, the
output format MUST be:
No. [One sentence to summarize the answer of each expert
agent, respectively.]
[Suggestion for further analysis on the question. ]
Now answer this question: ...

• DDI-GPT [41] captures relevant information of query drugs from
biomedical networks and uses biomedical large language model
to enhance DDI prediction performance.
• CBR-DDI [15] adapts the "Case-Based Reasoning" paradigm to
the LLM setting, enabling the LLM model to retrieve and learn
from past DDI instances to solve new DDI queries.
• K-path [1] extracts critical paths from biomedical networks as im-
portant background to enhance the LLM prediction performance
on DDI prediction problem.
• Reflexion [29] is a reinforcement learning-inspired architecture
that enables single agent to improve its performance through
self-reflection, where it critiques past mistakes and stores them
in a verbal memory to inform more accurate future attempts.
• Debate [6] is a multi-agent collaboration protocol where special-
ized agents iteratively critique and refine each other’s responses
until a consensus is reached.
• AgentVerse [4] is a dynamic framework that adjusts the com-
position of an agent group based on the specific progress and
complexity of the problem-solving task.
• MDAgents [13] is a multi-agent system specifically tailored for
medical decision-making, employing adaptive protocols that
scale in complexity based on the perceived difficulty of the clini-
cal case.

A.8 Prompt used in Experiments
In this section, we provide the prompt templates of different agents
in DDIAgents in Table 9-Table 12.
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B More Experimental Results
B.1 Experimental Results on S0 Setting
Table 16 details the performance of various methods within the S0
tasks, which focuses on predicting interactions between known
drugs. While the proposed DDIAgents maintain strong perfor-
mance, the performance gap between models is less pronounced in
S0 than in S1 and S2 tasks. This suggests that traditional methods
can effectively leverage the rich interaction history of known drugs,
making the prediction task less challenging than in zero-shot or
cold-start scenarios.

B.2 Experimental Results on TWOSIDES
Dataset with Traditional Evaluation Setting

To provide a comprehensive comparison with existing literature, we
report the performance of DDIAgents on the TWOSIDES dataset us-
ing the traditional binary classification setting. While we maintain
that the ranking-based metrics (Hit@5 and NDCG@5) introduced
in Section 5.1 better reflect clinical realities by addressing the multi-
label nature of drug-drug interactions, these supplementary results
in Table 13 serve as a benchmark against standard methodologies.
Here we use the following two evaluation metrics:
• ROC-AUC =

∑𝑛
𝑘=1𝑇𝑃𝑘Δ𝐹𝑃𝑘 measures the area curve of receiver

operating characteristics.
• Accuracy: the proportion of correctly predicted DDIs for each
DDI type.

As shown, DDIAgents consistently outperforms all baseline meth-
ods across both S1 and S2 tasks, demonstrating its robustness when
evaluated under traditional binary classification setting.
Table 13: Performance of representative methods on TWO-
SIDES with traditional setting. The best and second-best re-
sults are highlighted in bold and underline, respectively.

TWOSIDES
Method S1 S2

ROC-AUC Acc ROC-AUC Acc
MLP 74.72±1.39 66.54±0.93 54.82±1.72 51.64±2.29
TIGER 81.59±0.82 72.48±1.36 61.48±0.91 52.77±0.55
DDI-GPT 86.50±0.89 78.25±0.40 64.57±1.53 61.26±1.27
Reflexion 83.07±0.61 75.41±0.49 60.71±0.88 56.44±1.21
MDAgents 85.16±0.69 78.39±0.71 63.08±1.98 60.74±1.49
DDIAgents 87.36±0.41 80.09±0.59 66.41±1.02 62.77±0.78

B.3 Candidate Retrieval Performance of the
Traditional Model

To enable efficient agent-based DDI prediction, we first train a
traditional model as a candidate retriever that filters a small set of
highly probable interaction types for each drug pair. Specifically, we
keep the top-5 candidates for DrugBank and the top-20 candidates
for TWOSIDES, aiming to maintain a high upper bound on recall;
otherwise, the downstream agents would be fundamentally limited
by missed candidates.

Table 14 reports the retrieval statistics of this traditional model.
Overall, the model can successfully narrow the DDI candidate

choice while retaining most true interaction types among the re-
trieved candidates. However, its prediction quality remains limited,
as reflected by substantially lower accuracy/Hit@5 rates. For in-
stance, on DrugBank, the retriever achieves high Recall@5 (93.92%
in S1 and 89.46% in S2), yet its accuracy is only 50.68% (S1) and
33.47% (S2), indicating that high-recall filtering alone is insuffi-
cient for accurate DDI prediction. These results support our design
choice: the traditional model serves to maximize recall and reduce
the candidate space, while the performance gains of multi-agent
systems mainly come from the subsequent agent-based analysis
that improves precision through mechanism-aware reasoning.

Table 14: Candidate retrieval performance of the traditional
model used for agent-based DDI prediction. Here “(agt)”
refers to the result of DDIAgents.

DrugBank
S1 S2

Acc Acc(agt) Recall@5 Acc Acc(agt) Recall@5
50.68 55.75 93.92 33.47 38.21 89.46

TWOSIDES
S1 S2

Hit@5 Hit@5(agt) Hit@20 Hit@5 Hit@5(agt) Hit@20
43.90 53.94 78.23 33.51 42.26 68.56

B.4 Ablation Study on Iteration Round of
DDIAgents

Here we present the results varying the iterative analysis round 𝑡
in Figure 7 to assess its impact on model efficacy. For initial anal-
ysis rounds (𝑡 ≤ 3), the performance of DDIAgents consistently
improves as 𝑡 increases, a gradual enhancement that strongly un-
derscores the necessity of the iterative analysis process for effective
DDI prediction. For analysis rounds extending beyond 𝑡 = 3, per-
formance across both datasets stabilizes, indicating that the model
achieves peak efficacy within a few iterations.

(a) DrugBank, S1 tasks (b) DrugBank, S2 tasks

(c) TWOSIDES, S1 tasks (d) TWOSIDES, S2 tasks

Figure 7: Varying the iteration round of DDIAgents.
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Table 15: The statistics of newly instantiated agents.

Expert name Total number Accuracy
Cardiologist 142 40.14
Neurologist 71 36.62
Toxicologist 55 41.82
Pulmonologist 53 33.96
Endocrinologist 52 44.23
Hepatologist 44 38.64
Oncologist 41 39.02

Gastroenterologist 39 43.59
Nephrologist 36 36.11

Pharmacogeneticist 31 32.26

B.5 Prediction Performance Using Large-scale
Frontier Model

Table 17 reports the S2 results of DDIAgents when replacing the
backbone LLMwith a large-scale frontier model (GPT-4o). On Drug-
Bank dataset, GPT-4o yields a clear gain in F1 score (18.17→20.75),
suggesting that a stronger model particularly improves perfor-
mance on the harder and less frequent DDI types captured by
F1 score. On TWOSIDES, GPT-4o brings consistent improvements
on both ranking metrics, which further highlights the prediction
potential of DDIAgents under S2 tasks.

B.6 More DDI prediction cases
In this section, we provide additional DDI prediction case studies
for DDIAgents using Qwen 2.5 7B as the backbone LLM. Table 18
reports the same drug pair as the case illustrated in Figure 4 (Sec-
tion 5.4). While DDIAgents with GPT-4o correctly predicts the
ground-truth interaction in Section 5.4, the Qwen 2.5 7B backbone
produces an incorrect prediction after a single iteration. This com-
parison suggests that stronger backbone reasoning can translate
into improved overall performance for DDIAgents. In addition, Ta-
ble 19 presents a case where DDIAgents with Qwen 2.5 7B arrives at
the correct prediction after two iterations, highlighting the benefit
of iterative refinement even with a smaller backbone model.

B.7 The Statistics of Newly Instantiated Agents
To characterize the dynamics of expert agent instantiation, we sum-
marize the most frequently created new expert agents and their
predictive utility on DrugBank S2 tasks in Table 15. The total num-
ber reflects how often DDIAgents identifies a mechanism-specific
reasoning gap that is not well covered by the default experts and
therefore requests a specialized perspective.

Overall, “Cardiologist”, “Neurologist”, and “Toxicologist” are in-
stantiated most often, suggesting that a substantial portion of hard
cases in DrugBank S2 require specialized clinical safety assess-
ment and adverse-event reasoning beyond general pharmacology.
Notably, instantiation frequency does not always align with per-
agent accuracy: “Endocrinologist” and “Gastroenterologist” achieve

higher accuracy despite being created less often. This pattern indi-
cates that certain expert perspectives are high-yield when triggered
(i.e., they provide decisive evidence for a narrower subset of queries),
whereas other experts are broad-coverage but face more ambiguous
cases.

These statistics provide empirical evidence that DDIAgents ben-
efits from dynamic expert instantiation: rather than relying on
a fixed agent pool, it adaptively composes the experts needed to
match the interaction-dependent evidence required by each query.

B.8 Case Study: the Correlation between Expert
and Knowledge Source in Dynamic Context
Flow

We conduct a case study to analyze the context flow of DDIAgents
on the DrugBank dataset under S2 tasks (as shown in Figure 8).
For clarity, we illustrate three predefined expert agents, noting
that the instantiated expert profiles can vary across iterations. The
retrieval rates of each expert over different knowledge sources are
illustrated.

Overall, Metabolic DDIs, Synergistic DDIs, and DDI descrip-
tions are retrieved most frequently across experts, suggesting that
these sources provide particularly informative evidence for accu-
rate DDI prediction. Moreover, the experts exhibit distinct retrieval
preferences consistent with their functional roles. The Pharma-
cist emphasizes clinically oriented evidence (e.g., drug side effects,
drug targets, and textual DDI descriptions), the Pharmacokineticist
focuses on ADME-related sources (Absorption, Distribution, Meta-
bolic and Excretion DDIs), and the Pharmacologist places relatively
more weight on molecular structure signals (e.g., Drug SMILES) for
chemical mechanism analysis.

Figure 8: Knowledge retrieval rates across expert agents and
knowledge sources on DrugBank S2 tasks.

B.9 An Illustrative Example for Comparison on
Generation Contents

In order to provide a clearer comparison between the generated
contents of MDAgents and DDIAgents in Section 5.7, we present
an illustrative example in Table 21. The contents include the DDI
question, the answer by MDAgents and DDIAgents, and the LLM
judgment. We can see that DDIAgents outperforms in all of the eval-
uation dimensions including thoroughness, diversity, rationality
and overall quality.
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Table 16: Performance comparison between different DDI prediction methods on S0 tasks. The best and second-best results are
highlighted in bold and underline, respectively.

DrugBank TWOSIDES
Type Method S0 S0

Acc F1 Hit@5 NDCG@5
Feature-based MLP 84.30±1.13 19.10±2.65 66.54±1.39 30.75±1.21

Graph-based

Decagon 90.61±0.71 85.65±1.10 54.07±0.47 21.10±1.06
EmerGNN 96.71±0.11 94.12±0.39 68.71±0.29 33.09±0.31
MSTE 92.17±0.27 71.30±2.74 30.91±0.07 12.91±0.04
TIGER 95.85±0.83 92.31±0.31 62.84±0.77 29.51±0.41

LLM-based

Single LLM 9.17±0.26 4.79±0.19 20.44±0.19 9.82±0.12
K-Path 92.49±2.27 89.86±2.71 55.39±1.81 24.14±1.36
CBR-DDI 96.84±0.62 94.92±0.76 69.17±0.52 35.40±0.16
TextDDI 96.19±0.48 91.54±0.33 57.09±0.77 28.51±0.39
DDI-GPT 96.63±1.31 93.32±0.88 68.16±1.48 34.51±0.92

Agent-based

Reflexion 92.04±1.82 88.39±2.04 58.45±1.29 26.86±0.77
Debate 94.41±0.92 93.12±1.36 63.11±0.68 32.10±0.99
AgentVerse 95.77±1.41 94.04±1.27 67.08±0.82 33.09±0.55
MDAgents 96.33±0.97 94.19±0.72 69.63±1.22 33.67±1.01
DDIAgents 96.95±0.84 95.02±1.09 71.57±0.72 35.82±0.44

Table 17: Performance of DDIAgents using GPT-4o as the backbone LLM.

DrugBank TWOSIDES
Method S2 S2

Acc F1 Hit@5 NDCG@5
DDIAgents (Qwen 2.5 7B) 38.21±1.03 18.17±0.51 42.26±0.92 14.08±0.15
DDIAgents (GPT-4o) 38.34±0.62 20.75±0.69 44.08±0.79 14.90±0.24
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Table 18: The DDI prediction case by DDIAgents using Qwen 2.5 7B as the backbone LLM (The same DDI prediction question as
illustrated in Section 5.4).

DDI prediction
question

What is the drug-drug interaction type between Pirfenidone and Teriflunomide?
A. Decreased metabolism B. Increased risk or severity of adverse effects C. Increased serum concentration
D. Decreased serum concentration E. Decreased therapeutic efficacy

Pharmacist
(Iteration 1)

Assigned knowledge sources:Metabolic DDIs, Excretion DDIs, Synergistic DDIs and Drug side effects.
Answer: Interaction type A. Pirfenidone is a small molecule drug with multiple anti-fibrotic properties, while
Teriflunomide is a disease-modifying treatment for multiple sclerosis. The metabolism of Teriflunomide can be
decreased when combined with Pirfenidone, this suggests that Pirfenidone may inhibit enzymes that break down
Teriflunomide, leading to elevated plasma levels and a higher risk of toxicity. This is a common scenario in drug
interactions, especially in patients with multiple chronic conditions where polypharmacy is prevalent. Monitoring
for adverse effects and potential dose adjustments would be necessary to manage this interaction effectively.

Pharmacokineticist
(Iteration 1)

Assigned knowledge sources:Metabolic DDIs, Excretion DDIs, Synergistic DDIs and Antagonistic DDIs.
Answer: Interaction type A. Pirfenidone is a small molecule with multiple anti-fibrotic properties, and Teri-
flunomide is a novel disease-modifying treatment for multiple sclerosis. Based on the candidate interaction types,
the most plausible interaction is that the metabolism of Teriflunomide can be decreased when combined with
Pirfenidone. This interaction indicates that Pirfenidone inhibits enzymes that break down Teriflunomide, leading
to elevated plasma levels and a higher risk of toxicity. This aligns with the deep learning model’s prediction, which
has a high probability score, suggesting a strong likelihood of this interaction occurring. Therefore, monitoring for
increased toxicity and potential dose adjustments would be necessary if these drugs are co-administered.

Pharmacologist
(Iteration 1)

Assigned knowledge sources: Metabolic DDIs, Excretion DDIs, Synergistic DDIs, Antagonistic DDIs, Drug
targets and Drug side effects.
Answer: Interaction type C. Pirfenidone is a drug with multiple anti-fibrotic properties, while Teriflunomide is a
novel disease-modifying treatment for multiple sclerosis (MS) that is in phase III development. Pirfenidone may
inhibit enzymes that break down Teriflunomide, leading to elevated plasma levels and a higher risk of toxicity.
This is a plausible interaction given that both drugs are in different therapeutic areas and their mechanisms of
action do not directly overlap in terms of receptors or pathways. Therefore, the most plausible interaction type is
A, where the metabolism of Teriflunomide is decreased when combined with Pirfenidone.

Conclusion agent
(Iteration 1)

Answer: Yes. Interaction type C. The agents all agreed that the metabolism of Teriflunomide could be inhibited
by Pirfenidone, leading to increased plasma levels and a higher risk of toxicity. Therefore, this interaction type is
the most likely.
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Table 19: A DDI prediction case by DDIAgents that different agents achieve consensus in two iterations.

DDI prediction
question

What is the drug-drug interaction type between Riociguat and Macitentan?
A. Decreased serum concentration B. Increased anticoagulant activities
C. Increased risk or severity of adverse effects D. Increased serum concentration E. Increased hypotensive activities

Pharmacist
(Iteration 1)

Assigned knowledge sources: Absorption DDIs, Metabolic DDIs and SMILES of two drugs.
Answer: Interaction type E. Riociguat, a PDE5 inhibitor that increases cGMP levels, and Macitentan, a VEGFR-1
and VEGFR-2 inhibitor, both have vasodilatory effects. The combination of these drugs could lead to an increased
risk of hypotension due to additive vasodilation. Reference examples such as bosentan increasing the hypotensive
activities of penbutolol support this interaction. Therefore, the most plausible interaction type is that riociguat
may increase the hypotensive activities of macitentan, leading to a higher risk of fainting, falls, or shock. Close
clinical monitoring and adjustment of dosages may be necessary to manage this risk.

Pharmacokineticist
(Iteration 1)

Assigned knowledge sources: Absorption DDIs, Metabolic DDIs and Synergistic DDIs.
Answer: Interaction type D. Riociguat is known to increase cGMP levels by inhibiting PDE5, which can lead
to vasodilation. Macitentan, on the other hand, is an endothelin receptor antagonist that also has vasodilatory
properties. The combination of these two drugs, both of which have vasodilatory effects, could potentially lead
to a significant increase in blood flow, resulting in elevated blood levels of Macitentan. This could increase both
the efficacy and the toxicity risk of Macitentan, given its established side effects including hypotension and
cardiovascular events. Therefore, the most plausible interaction is that Riociguat increases the serum concentration
of Macitentan, potentially leading to higher efficacy and toxicity risk.

Pharmacologist
(Iteration 1)

Assigned knowledge sources:Metabolic DDIs, Antagonistic DDIs, Drug targets and Drug side effects.
Answer: Interaction type E. Riociguat increases cyclic guanosine monophosphate (cGMP) levels through the
inhibition of phosphodiesterase type 5 (PDE5), leading to vasodilation. Macitentan, on the other hand, is a VEGFR-1
and VEGFR-2 inhibitor, which is not directly involved in the PDE5 pathway. However, the mechanism of action of
both drugs involves cardiovascular effects. Riociguat is primarily used to treat pulmonary arterial hypertension,
while Macitentan is used to treat pulmonary arterial hypertension and systemic sclerosis. The combination of
these two drugs could potentially lead to an increased hypotensive effect due to the synergistic vasodilation, which
aligns with the description of interaction type E. This interaction type suggests that riociguat would enhance the
hypotensive activities of macitentan, increasing the risk of excessive blood pressure reduction and related adverse
effects such as dizziness, fainting, or shock. Therefore, this is the most plausible interaction type based on the
provided information and medical knowledge.

Conclusion agent
(Iteration 1)

No. Pharmacist: Interaction type E is suggested by multiple experts, indicating an increased hypotensive effect.
Pharmacokineticist: Interaction type D is proposed, indicating an increased serum concentration of Macitentan.
Pharmacologist: Interaction type E is favored, suggesting an increased risk of adverse effects due to synergistic
vasodilation.
Further analysis is needed to clarify the most likely interaction type. A more detailed review of clinical studies and
case reports involving these drugs in combination is recommended. Additionally, pharmacokinetic studies to assess
the impact of riociguat on the metabolism or absorption of macitentan could provide more concrete evidence.

Planner agent for
expert agent
instantiation
(Iteration 2)

Cardiologist: provide insights into the cardiovascular effects and the potential for increased hypotension.
Pulmonologist: offer expertise on the respiratory effects and the interaction between these drugs, given their
role in treating pulmonary arterial hypertension.
Nephrologist: assess the potential renal implications of drug combination.

Cardiologist
(Iteration 2)

Assigned knowledge sources: Absorption DDIs, Metabolic DDIs, Antagonistic DDIs and Drug targets.
Answer: Interaction type E. Riociguat and Macitentan both have vasodilatory effects. Riociguat increases cyclic
guanosine monophosphate (cGMP) levels, leading to vasodilation, while Macitentan inhibits VEGFR-1 and VEGFR-
2, which also have vasodilatory effects. Given the expert opinions and the deep learning model predictions, the
most plausible interaction is that Riociguat may increase the hypotensive activities of Macitentan. This interaction
would result in a higher risk of excessive hypotension, dizziness, fainting, or falls. The clinical monitoring and
titration recommended by experts align with this hypothesis. Therefore, interaction type E is the most plausible
based on the provided information and medical knowledge.



KDD ’26, August 09–13, 2026, Jeju Island, Republic of Korea Zhenqian Shen, Yu Liu, Xiaoyi Fu, andQuanming Yao

Table 20: A DDI prediction case by DDIAgents that different agents achieve concensus in two iterations (continued).

Pulmonologist
(Iteration 2)

Assigned knowledge sources: Absorption DDIs, Metabolic DDIs, Drug targets and Drug side effects.
Answer: Interaction type D. Based on the provided descriptions and the deep learning model’s predictions, there
are indications that riociguat may enhance the hypotensive effects of macitentan, which is a significant concern
given the clinical context of pulmonary arterial hypertension (PAH) where maintaining adequate blood pressure is
critical. The pharmacologist’s suggestion of interaction type E, which indicates an increased risk of adverse effects
due to synergistic vasodilation, aligns with the known mechanisms of action for both drugs. Riociguat works by
increasing nitric oxide bioavailability and cGMP levels, leading to vasodilation, while macitentan inhibits VEGFR-1
and VEGFR-2, also promoting vasodilation. The combination could result in excessive vasodilation, leading to
hypotension. This is further supported by the pharmacist’s and pharmacologist’s consensus favoring interaction
type E. The deep learning model’s prediction of an increased hypotensive activity is the most plausible based on
the available information and expert opinions.

Nephrologist
(Iteration 2)

Assigned knowledge sources: Absorption DDIs, Metabolic DDIs, Excretion DDIs and Synergistic DDIs.
Answer: Interaction type E. Riociguat is known to cause vasodilation, and Macitentan also has vasodilatory
effects by inhibiting VEGFR-1 and VEGFR-2. Given that both drugs can lead to hypotension, the combination is
likely to enhance this effect. The deep learning model suggests an increased hypotensive activity, which aligns with
the pharmacological actions of both drugs. The pharmacist and pharmacologist have also favored this interaction
type, indicating a consensus on the potential for increased hypotension. Therefore, the most plausible interaction
type is that riociguat may increase the hypotensive activities of Macitentan, leading to a heightened risk of fainting,
falls, or shock.

Conclusion agent
(Iteration 2)

Yes. Interaction type E. Based on the comprehensive analysis of the provided information and expert opinions,
the most plausible interaction between Riociguat and Macitentan is that Riociguat may increase the hypoten-
sive activities of Macitentan. Both drugs have vasodilatory effects, with Riociguat increasing cyclic guanosine
monophosphate (cGMP) levels and Macitentan inhibiting VEGFR-1 and VEGFR-2. The deep learning model also
indicates an increased hypotensive activity, which aligns with the known mechanisms of action. Furthermore, the
consensus among the pharmacologist, pharmacist, and other experts supports this interaction type, emphasizing
the potential risk to explain.
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Table 21: Illustrative case: generated content comparison between MDAgents and DDIAgents.

DDI prediction
question

What is the drug-drug interaction type between Aclidinium and Fesoterodine?
A. Increased risk or severity of adverse effects B. Increased anticholinergic activities
C. Increased tachycardic activities D. Increased the QTc-prolonging activities E. Increased serum concentration

MDAgents Interaction type A. The evidence provided from the deep learning model and the analysis of the agents strongly
supports the interaction type A, where Aclidinium may increase the anticholinergic activities of Fesoterodine. The
detailed explanations from the agents highlighting the anticholinergic effects of both drugs, provides a robust basis for
this conclusion.

DDIAgents Interaction type B. Both aclidinium and fesoterodine are anticholinergic agents, and their concurrent use can potentiate
anticholinergic side effects, making interaction type B (increased anticholinergic activities) the most precise and
clinically relevant interaction type. This is supported by the analysis provided by the pharmacists and pharmacologists,
who emphasize the pharmacodynamic overlap and the potential for enhanced side effects when these drugs are used
together.

LLM Decision Thoroughness: "Winner": Answer 2 (DDIAgents).
Explanation: Answer 2 is more comprehensive because it accurately aligns the drug mechanism with the specific
multiple-choice option provided. It correctly identifies both drugs as anticholinergic agents and links this to Interaction
type B. Answer 1, conversely, suffers from a mapping error; it selects "Interaction type A" but then proceeds to describe
the definition of "Interaction type B" in its explanation, creating a contradiction that fails to fully address the question’s
structure.

Diversity: "Winner": Answer 2 (DDIAgents).
Explanation: Answer 2 offers a richer clinical perspective. It mentions "pharmacodynamic overlap" and the perspectives
of "pharmacists and pharmacologists," which provides a broader professional context for why this interaction is
significant. Answer 1 mentions a "deep learning model," which is a technical insight, but it lacks the clinical depth
found in Answer 2.

Rationality: "Winner": Answer 2 (DDIAgents).
Explanation: Answer 2 is logically sound. It identifies the shared drug class and correctly matches it to the most
specific answer choice (B). Answer 1 is irrational in its presentation: it claims the answer is "A" (the general risk of
adverse effects) but then justifies it using the exact phrasing of option "B" (anticholinergic activities). This internal
inconsistency makes Answer 1 unreliable.

Overall: "Winner": Answer 2 (DDIAgents).
Explanation: Answer 2 is the superior response. It is factually accurate, logically consistent, and maps the pharma-
cological mechanism to the correct multiple-choice option. Answer 1 contains a critical labeling error—matching
the explanation for B to the label for A—which would lead a user to the wrong choice despite having the correct
underlying reasoning. Answer 2 provides the "most precise and clinically relevant" answer, as it correctly identifies the
specific nature of the interaction.
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