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Abstract

Building effective clinical decision support sys-
tems requires the synthesis of complex hetero-
geneous multimodal data. Such modalities in-
clude temporal electronic health records data,
medical images, radiology reports, and clini-
cal notes. Large language model (LLM)–based
agents have shown impressive performance in
various healthcare tasks, especially those in-
volving textual modalities. Considering the
fragmentation of healthcare data across hos-
pital systems, collaborative agent frameworks
present a promising direction to mitigate data
sharing challenges. However, the effectiveness
of LLM agents for multimodal clinical risk pre-
diction remains largely unexamined. In this
work, we conduct a systematic evaluation of
LLM-based agents for clinical prediction tasks
using large-scale real-world data. We assess
performance in unimodal and multimodal set-
tings and quantify performance gaps between
single agent and multi-agent systems. Our find-
ings highlight that single agent frameworks out-
perform naive multi-agent systems, are better
at handling multimodal data, and are better
calibrated. This underscores a critical need for
improving multi-agent collaboration to better
handle heterogeneous inputs. By open-sourcing
our code and evaluation framework, this work
offers a new benchmark to support future devel-
opments relating to agentic systems in health-
care.

Data and Code Availability This study uti-
lizes publicly available data from MIMIC-IV (John-
son et al., 2023b), MIMIC-CXR (Johnson et al.,
2019), and MIMIC-IV-Note (Johnson et al., 2023a).
Our code and models are open source at: https:

//github.com/nyuad-cai/AgentRX.

Institutional Review Board (IRB) This work
did not involve human subjects, so IRB approval was
not required.

1. Introduction

The integration of Artificial Intelligence (AI) into
clinical decision support systems promises more op-
timized clinical workflows and better patient out-
comes, particularly in resource-constrained settings
such as the Intensive Care Unit (ICU). There are
many data modalities routinely collected from pa-
tients in the ICU, such as Patient Summaries (PS),
Electronic Health Records (EHR) data, Chest X-ray
(CXR) images, Radiology Reports (RR), and Dis-
charge Notes (DN). Recent work has highlighted the
potential of multimodal deep neural networks for fus-
ing such modalities to more accurately predict patient
risk outcomes, compared to relying on a single modal-
ity (Khader et al., 2023; Lee et al., 2023).

State-Of-The-Art (SOTA) prediction models rely
on optimized deep learning-based architectures. For
example, MeTra uses a transformer to apply an
attention-based fusion mechanism for processing
EHR and CXR data (Khader et al., 2023). Similarly,
MedFuse uses a simpler Long Short-Term Memory
(LSTM) network to fuse latent embeddings of the
same modalities (Hayat et al., 2022). MedPatch pro-
cesses EHR, CXR, RR, and DN data, and uses a mod-
ular multistage fusion pipeline (Jorf and Shamout,
2025). While the models achieve high performance
metrics in clinical prediction tasks, they have some
limitations that impede real-world adoption. First,
they are black-box in nature, which undermines clin-
ical trust and interpretability (Catalina et al., 2023;
von Eschenbach, 2021; Shuaib, 2024). Second, they
typically have fixed data requirements, which restrict
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the transferability of these approaches across other
modalities and clinical settings (Al Jorf et al., 2026).

Recently, LLMs have demonstrated powerful abil-
ities in emulating human reasoning and text gener-
ation (Singhal et al., 2025) and have proven to en-
hance clinical workflows (Tai-Seale et al., 2024), mak-
ing them attractive candidates for clinical decision
support tools. Recent work specifically highlights
their effective ability in generating narrative justifi-
cations (Lee et al., 2025). Unlike traditional black
box models that rely on abstract feature importance,
LLMs can function as semantic translators, convert-
ing complex risk predictions into intuitive, natural
language explanations that align with clinical reason-
ing. However, this advantage comes with unreliable
performance gains. While some studies highlight the
effectiveness of LLMs at handling unimodal EHR or
PS data for clinical prediction tasks (Acharya et al.,
2024; Kara and Gunel, 2025; Jin et al., 2025), oth-
ers find that LLMs underperform compared to tra-
ditional supervised methods (Tan et al., 2024; Zhu
et al., 2025). Notably, these studies have been re-
stricted to unimodal settings. To date, the potential
of LLMs to handle multimodal data integration for
robust clinical risk prediction remains unexplored.

To address this gap, this work investigates the fun-
damental question: How effective are agentic systems
at multimodal clinical prediction tasks? Our motiva-
tion stems from the fragmented nature of healthcare
data, where clinical information is often dispersed
across multiple isolated databases that ideally would
be managed by modality-specific agents to avoid ex-
pensive data transfers. However, it remains unclear
whether such decentralized, agentic approaches per-
form well across a variety of data availability settings.
Hence, we introduce AgentRx, a comprehensive evalu-
ation framework to analyze agent performance across
three progressive settings. First, we establish perfor-
mance baselines using only a single modality, specifi-
cally clinical notes encompassed within patient sum-
maries. Second, we assess the capacity of a single
agent to synthesize heterogeneous multimodal data
within one context window, utilizing modality drop-
ping ablations to measure robustness. Finally, we
investigate whether multi-agent reasoning across spe-
cialized agents can improve performance compared to
single agent approaches.

In summary, we make the following contributions:

• We provide a systemic benchmark (AgentRx) for
the evaluation of LLM-based clinical prediction

tasks using four data modalities: EHR, RR,
CXR, and PS.

• We analyze the impact of data heterogeneity on
model performance, in terms of discriminative
ability and calibration, by varying the number
and type of modalities available to the agents.
We also conduct ablations to assess the effect
of progressively adding more data modalities in
simple single agent and multi-agent setups, to
quantify the performance gap between the two.

• We publicly release our code and evaluation
framework to enhance the usability of AgentRx
by the research community and support the ad-
vancement of agentic AI in healthcare.

2. Related Work

2.1. LLMs in Healthcare

The application of Natural Language Processing
(NLP) in healthcare has rapidly evolved from task-
specific discriminative models to general-purpose
generative reasoning models. Early approaches re-
lied on encoder-only architectures like BioBERT (Lee
et al., 2020) and ClinicalBERT (Huang et al., 2019)
for medical tasks like biomedical text mining and
hospital readmission prediction. The emergence of
LLMs fundamentally shifted this focus towards gen-
erative capabilities. Models such as GPT-4 (Bicknell
et al., 2024) and Med-PaLM (Singhal et al., 2023)
achieved expert-level performance on USMLE-style
reasoning and medical question answering. However,
while LLMs excel at reasoning tasks like summariz-
ing clinical notes (Afshar et al., 2025; Lukac et al.,
2025) and structuring interpretable clinical insights
(Lee et al., 2025), their zero-shot ability to forecast
temporal clinical outcomes often lags behind tradi-
tional supervised baselines (Tan et al., 2024; Zhu
et al., 2025). This performance gap suggests that
scaling model parameters alone is insufficient for risk
stratification, necessitating the development of more
structured reasoning frameworks and the integration
of multimodal clinical data.

Consequently, Vision-Language Models (VLMs)
extend LLM capabilities by aligning visual encoders
with language decoders. In the general domain, ar-
chitectures like Ovis (Lu et al., 2025) and Qwen2.5-
VL (Bai et al., 2025) have demonstrated that visual
signals can be effectively tokenized and processed
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Table 1: Summary of existing medical multimodal benchmarks for risk prediction. We summarize
the characteristics of existing benchmarks, including both traditional deep learning benchmarks and
agentic frameworks. The “Agentic” column indicates whether the benchmark explicitly evaluates
agent-based reasoning workflows.

Benchmark Modalities Scope Agentic

DF-Mdl (Chen et al., 2024a) PS, Medical Images Clinical Prediction ×
MC-BEC (Chen et al., 2023) PS, EHR Clinical Prediction ×
MedPatch (Jorf and Shamout, 2025) EHR, CXR, RR, DN Clinical Prediction ×
MedMod (Elsharief et al., 2025) EHR, CXR Clinical Prediction ×
EHRXQA (Bae et al., 2023) EHR, CXR Medical Question Answering ✓
MedAgents (Tang et al., 2024) Medical Questions Medical Question Answering ✓
MDAgents (Kim et al., 2024) Medical Questions, Images, Videos Medical Question Answering ✓

AgentRx (Ours) EHR, CXR, RR, PS Clinical Prediction ✓

alongside text. Within healthcare, this has led to
specialized models such as LLaVA-Med (Li et al.,
2023), MedGemma (Sellergren et al., 2025), and
HuatuoGPT-Vision (Chen et al., 2024b), which are
fine-tuned on biomedical image-text pairs to perform
tasks like visual question answering and instruction-
following. Similar to their text-only counterparts,
medical VLMs are predominantly evaluated on and
designed for reasoning tasks rather than predictive
ones (Kalpelbe et al., 2025).

2.2. Health Reasoning Agents using LLMs

Since full parameter fine-tuning is often computation-
ally expensive, recent research has pivoted towards
optimizing inference-time reasoning to enhance clin-
ical performance. Standard generic techniques have
been developed to enhance single agent LLM reason-
ing. This includes Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2022) where the model is allowed
to decompose a problem into manageable intermedi-
ate steps, Self-Consistency (SC) (Wang et al., 2022)
where multiple reasoning paths are used to miti-
gate errors, Retrieval-Augmented Generation (RAG)
where LLMs are provided factual grounding from ex-
ternal knowledge bases (Lewis et al., 2020), and Self-
Refinement, which employs iterative critique to cor-
rect generated outputs based on feedback (Madaan
et al., 2023). These general-purpose strategies have
been extensively benchmarked within the medical do-
main to validate their utility across tasks ranging
from medical exams to clinical prediction (Tan et al.,
2024).

Building on these foundations, domain-specific
frameworks have been designed to further optimize

medical reasoning. A prominent example is Med-
prompt (Nori et al., 2023), which synergizes RAG
based few-shot selection, CoT reasoning chains, and
ensembling to achieve SOTA performance on the
MedQA benchmark. Expanding on this, AgentMD
(Jin et al., 2025) introduces a tool-learning frame-
work that empowers agents to autonomously curate
and apply executable clinical calculators, demon-
strating significantly improved accuracy in risk pre-
diction compared to standard LLMs. While effec-
tive, these strategies primarily focus on optimizing
the output of a single model instance.

2.3. Multi-Agent Systems

Numerous studies have demonstrated that employ-
ing multi-agent frameworks can significantly enhance
LLM performance on complex reasoning tasks com-
pared to single-agent baselines (Hong et al., 2023;
Yang et al., 2025). By simulating human-like collab-
oration, these systems mitigate individual hallucina-
tions and improve logical consistency. For instance,
debate-style frameworks allow agents to critique each
other’s outputs until a consensus is reached, effec-
tively filtering out erroneous reasoning steps (Liang
et al., 2024; Du et al., 2024). In the medical domain,
architectures such as MedAgents (Tang et al., 2024)
and MDAgents (Kim et al., 2024) have successfully
applied role-playing strategies where agents adopt
specific specialist personas to achieve SOTA results
on medical question-answering benchmarks. How-
ever, preliminary literature suggests that this reason-
ing advantage may not translate directly to all do-
mains (Gao et al., 2025; Kim et al., 2025; Cemri et al.,
2025). For clinical risk prediction, recent benchmarks
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indicate that while agents excel at generating expla-
nations, they frequently underperform compared to
specialized supervised models in temporal forecast-
ing tasks (Zhu et al., 2025; Tan et al., 2024). Cru-
cially, these negative findings have largely been de-
rived from limited unimodal evaluations, primarily
focusing on structured EHR data or text-only inputs.
It remains unclear whether the collaborative benefits
of multi-agent systems could be better realized in a
multimodal setting, where distinct specialized agents
could independently process heterogeneous data be-
fore engaging in collective decision-making.

2.4. Motivation

We provide an overview of relevant benchmarks in
Table 1. Existing benchmarks largely focus on ei-
ther traditional deep learning models or modern gen-
erative reasoning. Most deep learning based bench-
marks focus on clinical prediction tasks, such as in-
hospital mortality, length of stay, or patient pheno-
typing (Bae et al., 2023; Elsharief et al., 2025), while
agentic benchmarks focused mostly on reasoning and
retrieval capabilities for medical question and answer-
ing. For example, MedAgents and MDAgents have
established rigorous standards for multimodal med-
ical LLMs, but predominantly focused on Medical
Question Answering (Tang et al., 2024; Kim et al.,
2024). While current LLM medical benchmarks eval-
uate an agent’s ability to retrieve knowledge or an-
swer complex queries, they do not assess the agent’s
capacity for temporal forecasting or risk stratification
in a clinical multimodal setting. The limited agen-
tic prediction benchmarks that do exist are strictly
unimodal (Tan et al., 2024; Zhu et al., 2025). This
distinction highlights a critical need for benchmarks
that specifically evaluate VLMs on predictive clinical
endpoints, which is the main focus of our study.

3. Methodology

3.1. Preliminaries

To formalize the AgentRx benchmark, we introduce
relevant notation. For a given patient encounter p,
we assume the presence of multimodal data Xp =
{xps,xehr,xcxr,xrr}. Here, xps represents a textual
patient summary which includes the patient age, sex,
and clinical history, xehr ∈ Rd×t represents the multi-
variate time-series data from the patient’s EHR with
d features over t time steps. xcxr ∈ Rh×w represents a
CXR image with height and width h,w = 224 and xrr

Table 2: Dataset statistics per modality and
task. We describe the sample counts for
the training and test splits across the mor-
tality and length of stay prediction tasks.
The counts are stratified by modality.

Mortality Length of Stay

Modality Training Test Training Test

PS 17,773 4,925 17,476 4,845
EHR 17,773 4,925 17,476 4,845
RR 16,128 4,454 15,865 4,380
CXR 4,259 1,174 4,171 1,153

represents the textual radiology reports associated
with all medical images collected from the patient.
The goal of the system is to predict a groundtruth
label denoted by y.

3.2. Real-world Multimodal Dataset

3.2.1. Data Curation

We extracted the EHR data from MIMIC-IV (John-
son et al., 2023b), the CXR images from MIMIC-
CXR (Johnson et al., 2019), and the RR and PS
from MIMIC-IV-Notes (Johnson et al., 2023a). The
MIMIC-IV dataset includes de-identified data from
over 315, 460 patients with ICU stays at the Beth
Israel Deaconess Medical Center between 2008 and
2019. The MIMIC-CXR dataset consists of over
377, 000 chest radiographs. MIMIC-IV-Note supple-
ments these two datasets with unstructured textual
data, including both 331,794 DNs and 2,321,355 RRs.
We constructed the multimodal dataset by aligning
the subject, stay, and admission identifiers across all
three datasets. We mandate the existence of PS for
all samples, while other modalities are paired if avail-
able.

3.2.2. Prediction Tasks

We introduce two clinical prediction tasks and per-
form evaluations across two modality settings, with
a unified evaluation scheme. We report the Area
Under the Receiver Operating Characteristic Curve
(AUROC), Area Under the Precision-Recall Curve
(AUPRC), and Expected Calibration Error (ECE):

• In-hospital mortality prediction is a binary clas-
sification task that involves predicting risk of in-
hospital mortality based on the first 48 hours in
the ICU.
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• Long Length of Stay prediction is a binary clas-
sification task that involves predicting whether a
patient’s stay is going to extend beyond 7 days,
by the end of the first 48 hours in the ICU.

After multimodal pairing, the dataset was split into
training (70%), validation (10%), and testing (20%)
sets. The exact dataset distribution per task is re-
ported in Table 2.

3.2.3. Multimodal Data Processing and
Pairing

Since patient summaries are considered to be the pri-
mary base modality, we ensure that every patient in
our cohort has one. We generated patient summaries
by processing the raw DNs from MIMIC-IV-Note. To
prevent data leakage, we extracted only the informa-
tion available prior to ICU admission. This includes
the patient’s medical, surgical, and family histories as
well as the demographic details such as age and sex,
ensuring the agent operates with the same context
available to a clinician at the time of admission.
For EHR, we used a set of 17 clinical variables

consistent with previous work (Hayat et al., 2022;
Jorf and Shamout, 2025). These include 5 categori-
cal variables (capillary refill rate, Glasgow coma scale
eye opening, motor response, verbal response, and to-
tal) and 12 continuous variables (diastolic blood pres-
sure, fraction of inspired oxygen, glucose, heart rate,
height, mean blood pressure, oxygen saturation, res-
piratory rate, systolic blood pressure, temperature,
weight, and pH). To format the EHR data for the
LLM agents, we serialized it into a structured text
format [T0+∆T] Variable=Value where T0 is the
time of admission, recording only observed measure-
ments at each timestamp to minimize token usage
and handle irregular sampling rates efficiently. The
observation window was strictly limited to the first 48
hours of ICU admission. To strictly adhere to con-
text window limits, high-frequency streams exceeding
500 time-steps were truncated to preserve the initial
admission state (first 100 steps) and the most recent
clinical trajectory (last 400 steps).
For the same cohort, we included CXR images

that were collected within the first 48 hours of ICU
admission. We restricted the selection to Anterior-
Posterior (AP) views, as these are standard for
portable ICU bedside imaging. For patients with
multiple scans within the window, we selected the
latest valid scan to capture the most recent clinical
state prior to the prediction horizon.

We extracted reports corresponding to patients
available in the dataset. MIMIC-IV-Note includes
reports for various imaging modalities (CT, MRI, Ul-
trasound). We concatenated all relevant reports for
each patient that were collected within 48 hours from
admission into a single report aggregate that is passed
as the full RR modality.

3.3. Agentic Frameworks

We formalize the inference logic for our agentic eval-
uation framework. We define an agent A(·) as a
functional unit that processes clinical context to pro-
duce a prediction or a probability. We define Ptask

as the system prompt directing the agent’s reason-
ing for unimodal and multimodal tasks, and explore
three main settings depicted in Figure 1:

• Setting 1: Single Agent Unimodal
In this setting, the agent relies solely on the Pa-
tient Summary (xps) to form a baseline predic-
tion as demonstrated in Appendix A1.

• Setting 2: Single Agent Multimodal
Here, a single generalist agent processes all avail-
able modalities Xavailable simultaneously within
a single context window as demonstrated in Ap-
pendix A2.

• Setting 3: Multi-Agent Multimodal
This setting employs specialized agents Am for
each modalitym. Each agent independently gen-
erates a probability pm, which is then averaged.
This is shown in Appendix A3

3.4. Baselines

To assess the efficacy of different agentic architec-
tures, we compare performance across the following
single-agent and multi-agent baselines.

3.4.1. Supervised Baselines

We compare our agentic frameworks against two spe-
cialized deep learning architectures:

1. BioBERT (Unimodal): For the text-only set-
ting, we utilize BioBERT (Lee et al., 2020), a
language model pre-trained on biomedical cor-
pora (PubMed). We freeze the backbone and
fine-tune a linear classification head on the to-
ken embeddings of the PS to establish a strong
supervised baseline.

56



Benchmark Study of LLM Agents for Multimodal Clinical Prediction Tasks

Figure 1: Overview of the agentic evaluation frameworks considered within the AgentRx benchmark, span-
ning Single-Agent (Unimodal/Multimodal) and Multi-Agent settings.

2. MedPatch (Multimodal): For the multi-
modal setting, we employ MedPatch (Jorf and
Shamout, 2025), a SOTA fusion architecture
that utilizes a confidence-guided patching mech-
anism to effectively integrate heterogeneous
modalities.

3.4.2. Single-Agent Baselines - Unimodal
and Multimodal

1. Zero-shot: Vanilla baseline where we feed the
model all the setting’s available modalities and
ask it for a prediction.

2. Few-shot: A baseline where we feed the model
one positive example and one negative example
(data + labels from the training set) and then
ask it to predict the outcome for a test sample
(Brown et al., 2020).

3. Chain-of-Thought (CoT): A baseline where we
allow the model to first generate a reasoning
step, then use that reasoning to produce a pre-
diction (Wei et al., 2022).

4. Self-Consistency + Chain-of-Thought (CoT-
SC): A baseline where the model runs 3 parallel

reasoning pathways and then makes a decision
using all three paths via voting (probability av-
eraging) (Wang et al., 2022).

5. Self-Refinement: A baseline where the model
generates a prediction with reasoning, then self-
evaluates its reasoning before making a final
prediction based on the evaluation feedback
(Madaan et al., 2023).

3.4.3. Multi-Agent Baselines

1. Majority Vote: A baseline where unimodal
agents independently analyze their specific data
and vote on the outcome (Kaesberg et al., 2025).

2. Debate: A baseline where unimodal agents de-
bate with each other until they reach a consensus
(Du et al., 2024).

3. Meta-Prompting: A baseline where a meta-agent
evaluates the data and either makes a prediction
or instantiates other expert agents to help refine
its task (Hou et al., 2022).

4. Traj-CoA + Multimodal Judge: A baseline that
uses multiple worker agents to construct an EHR
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memory. Each worker receives a chunk of EHR
data. The EHR memory and the other modali-
ties are then passed to a multimodal judge agent
that makes a final prediction. This baseline com-
bines a unimodal and a multimodal agent setup
(Zeng et al., 2025).

5. MDAgents: A baseline where a diverse ensemble
of agents is initialized depending on patient case
severity (Kim et al., 2024).

6. MedAgents: A baseline where agents follow pre-
defined roles and collaborate to create a pa-
tient state summary to enable outcome predic-
tion (Tang et al., 2024).

3.5. Implementation Details

To ensure a rigorous evaluation, we instantiate all
agentic baselines using four distinct VLM backbones,
two general-purpose and two specialized medical. All
models utilize approximately 7-8 billion parameters
to maintain comparable computational requirements.

3.5.1. Model Backbones

1. Qwen2.5-VL-7B-Instruct (Bai et al., 2025):
A leading generalist VLM built upon the
Qwen2.5 language model. It features a special-
ized vision encoder optimized for high-resolution
image understanding, making it a strong gener-
alist baseline.

2. InternVL2.5-8B-MPO (Chen et al., 2025):
A general-purpose VLM from OpenGVLab de-
signed for robust visual reasoning. This variant
employs Mixed Preference Optimization (MPO)
to align the model’s outputs with human prefer-
ence.

3. HuatuoGPT-Vision-7B-Qwen2.5VL (Chen
et al., 2024b): A specialized medical VLM ini-
tialized from Qwen2.5-VL. It is further post-
trained on a massive corpus of multimodal med-
ical data.

4. LLaVA-Med-v1.5-Mistral-7B (Li et al.,
2023): A biomedical VLM that builds on the
Mistral-7B language model. It was pre-trained
on a large-scale dataset of biomedical figure-
caption pairs (PMC-15M).

3.5.2. Hyperparameters

All experiments utilized a standard batch size of 3
or 4, with exceptions for the supervised architectures
(batch size 16) and multimodal LLaVA-Med, which
required a batch size of 1 to accommodate hetero-
geneous modality combinations. Regarding context
constraints, the high token overhead of serialized tab-
ular EHR data exceeded the effective limit of In-
ternVL2.5, necessitating its evaluation on a restricted
3-modality subset (PS, CXR, RR) in Appendix B1.

4. Results

4.1. Unimodal Results

In Table 3, we present the Single Agent Unimodal
setup where agents are restricted to the PS modal-
ity. For the mortality prediction task, specialized
LLMs demonstrate the capacity to exceed supervised
baselines. While BioBERT achieves a competitive
AUROC of 0.680, the medical-specific backbone Hu-
aTuo surpasses this in the few-shot setting with an
AUROC of 0.700. In terms of precision-recall bal-
ance, HuaTuo Zero-shot attains the highest AUPRC
of 0.238, improving upon the BioBERT baseline of
0.228. Generalist models also show competence with
Qwen few-shot achieving an AUROC of 0.697, closely
following the specialized medical agents.

Despite strong discriminative performance (AU-
ROC/AUPRC), generative backbones exhibit signifi-
cant miscalibration compared to discriminative mod-
els. The supervised BioBERT baseline maintains a
minimal ECE of 0.006. Conversely, all agentic setups
yield considerably higher ECE values. For instance,
the top-performing HuaTuo Few-shot achieves an
ECE of 0.093, while Llava configurations consistently
exceed 0.750. This indicates that while agents can
rank patient risk effectively, their probabilistic con-
fidence scores are less reliable than the supervised
baseline.

For LoS prediction, BioBERT achieves the high-
est performance across all metrics with an AUROC
of 0.641 and AUPRC of 0.307. Among the agen-
tic backbones, the generalist Intern model performs
best, with the zero-shot setup achieving an AUROC
of 0.620 and AUPRC of 0.278. Notably, the medical-
specific HuaTuo backbone underperforms in this task
(zero-shot AUROC 0.599), suggesting that clinical
pre-training may be more beneficial for diagnostic
tasks like mortality than for operational metrics like
LOS.
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Table 3: Single Agent Unimodal Results. Comparison of agentic backbones against a supervised base-
line (BioBERT) using only the PS. Metrics are reported with 95% Confidence Intervals. The best
overall performance in each column is bolded.

Backbone Method
In-Hospital Mortality Length of Stay (>7 Days)

AUROC AUPRC ECE AUROC AUPRC ECE

Supervised BioBERT 0.680 (0.657 - 0.702) 0.228 (0.203 - 0.263) 0.006 0.641 (0.621 - 0.661) 0.307 (0.282 - 0.337) 0.024

Qwen

Zero-shot 0.667 (0.645 - 0.690) 0.234 (0.208 - 0.267) 0.025 0.603 (0.582 - 0.624) 0.261 (0.241 - 0.286) 0.105
Few-shot 0.697 (0.678 - 0.718) 0.236 (0.213 - 0.270) 0.042 0.602 (0.580 - 0.621) 0.257 (0.237 - 0.280) 0.122
CoT 0.650 (0.629 - 0.675) 0.214 (0.191 - 0.244) 0.060 0.592 (0.573 - 0.613) 0.260 (0.240 - 0.286) 0.480
CoT-SC 0.679 (0.657 - 0.702) 0.236 (0.209 - 0.269) 0.029 0.593 (0.571 - 0.613) 0.259 (0.239 - 0.284) 0.454
Self-Refine 0.666 (0.644 - 0.689) 0.212 (0.187 - 0.240) 0.080 0.580 (0.560 - 0.601) 0.236 (0.219 - 0.257) 0.198

Intern

Zero-shot 0.672 (0.650 - 0.695) 0.216 (0.193 - 0.245) 0.090 0.620 (0.599 - 0.641) 0.278 (0.256 - 0.304) 0.125
Few-shot 0.687 (0.665 - 0.709) 0.223 (0.199 - 0.251) 0.074 0.605 (0.585 - 0.626) 0.261 (0.241 - 0.286) 0.183
CoT 0.640 (0.617 - 0.666) 0.202 (0.180 - 0.228) 0.059 0.568 (0.548 - 0.587) 0.224 (0.208 - 0.244) 0.220
CoT-SC 0.659 (0.637 - 0.683) 0.221 (0.197 - 0.249) 0.086 0.592 (0.570 - 0.612) 0.253 (0.234 - 0.279) 0.239
Self-Refine 0.630 (0.606 - 0.654) 0.189 (0.169 - 0.216) 0.065 0.568 (0.548 - 0.586) 0.224 (0.207 - 0.244) 0.151

HuaTuo

Zero-shot 0.692 (0.672 - 0.714) 0.238 (0.213 - 0.268) 0.166 0.599 (0.578 - 0.620) 0.256 (0.236 - 0.281) 0.203
Few-shot 0.700 (0.681 - 0.721) 0.227 (0.205 - 0.258) 0.093 0.602 (0.580 - 0.621) 0.260 (0.240 - 0.284) 0.029
CoT 0.670 (0.650 - 0.693) 0.219 (0.194 - 0.247) 0.211 0.595 (0.574 - 0.615) 0.258 (0.239 - 0.280) 0.599
CoT-SC 0.670 (0.649 - 0.692) 0.218 (0.194 - 0.246) 0.211 0.594 (0.574 - 0.614) 0.258 (0.239 - 0.281) 0.599
Self-Refine 0.671 (0.651 - 0.694) 0.213 (0.190 - 0.242) 0.106 0.581 (0.560 - 0.601) 0.249 (0.230 - 0.273) 0.385

Llava

Zero-shot 0.642 (0.621 - 0.666) 0.204 (0.182 - 0.235) 0.755 0.574 (0.552 - 0.594) 0.234 (0.216 - 0.255) 0.787
Few-shot 0.684 (0.664 - 0.706) 0.233 (0.208 - 0.265) 0.776 0.605 (0.584 - 0.624) 0.253 (0.235 - 0.273) 0.780
CoT 0.633 (0.610 - 0.655) 0.170 (0.154 - 0.186) 0.831 0.509 (0.499 - 0.518) 0.194 (0.183 - 0.205) 0.808
CoT-SC 0.645 (0.622 - 0.666) 0.197 (0.174 - 0.221) 0.840 0.542 (0.523 - 0.560) 0.206 (0.194 - 0.221) 0.806
Self-Refine 0.631 (0.608 - 0.655) 0.170 (0.154 - 0.187) 0.829 0.516 (0.504 - 0.526) 0.196 (0.185 - 0.208) 0.808

4.2. Multimodal Results

Table 4 presents the performance of agentic back-
bones when processing multimodal clinical data. A
performance gap persists between generalist agents
and the supervised MedPatch for both tasks. Med-
Patch achieves an AUROC of 0.877 for in-hospital
mortality and 0.844 for length of stay, whereas
the best-performing agent configurations trail signifi-
cantly behind at 0.763 (HuaTuo Few-shot) and 0.714
(Qwen Zero-shot). This disparity highlights a struc-
tural limitation: while LLMs possess strong semantic
reasoning capabilities, they lack the dedicated fusion
layers found in specialized architectures optimized for
multimodal inputs. Despite the gap however, inte-
grating multiple modalities still yields considerable
improvements over unimodal baselines in the single
agent settings. For the Qwen backbone, mortality
prediction performance improves from a unimodal
baseline of 0.667 to 0.756 in the multimodal zero-
shot setting. Likewise, LOS performance for Qwen
increases from 0.603 to 0.714.
We test the hypothesis that distributing reasoning

across specialized agents improves outcomes. Collab-
orative protocols often result in performance degra-
dation. In Table 4, Qwen-based Debate and Meta-
Prompt architectures yield mortality AUROCs of

0.631 and 0.599, respectively, lower than the sin-
gle agent zero-shot baseline (0.756). Among multi-
agent frameworks, Traj-CoA consistently performs
best (e.g., Qwen Mortality 0.762). Unlike fully de-
centralized baselines, this architecture employs a final
decision-maker that retains direct access to raw mul-
timodal data while incorporating the intermediate
reasoning trajectories of the specialized EHR agents.

The supervised MedPatch baseline maintains a
low ECE of 0.0189. While the Qwen single agent
zero-shot setup remains relatively calibrated (ECE
0.0233), the majority vote architecture exhibits an
increase in calibration error to 0.111. This indicates
that voting mechanisms may distort the probabilis-
tic confidence of the system. Intern Traj-CoA defies
this trend in specific instances, achieving an ECE of
0.010 for mortality prediction. Another observation
is that different backbone have varying capabilities
when it comes to handling multimodal data. This
is evident in Appendix B2 where different backbones
show different reductions in ECE with added modal-
ities. Some like Intern show an increase in ECE with
more modalities added.

59



Benchmark Study of LLM Agents for Multimodal Clinical Prediction Tasks

Table 4: Multimodal Results. Comparison of Supervised, Single-Agent, and Multi-Agent architectures
on the 4-modality dataset. Best overall performance in each column is bolded.

Backbone Arch. Method
In-Hospital Mortality Length of Stay (>7 Days)

AUROC AUPRC ECE AUROC AUPRC ECE

Supervised - MedPatch 0.877 (0.864 - 0.888) 0.546 (0.504 - 0.585) 0.019 0.844 (0.830 - 0.857) 0.551 (0.517 - 0.587) 0.025

Qwen

Single

Zero-shot 0.756 (0.737 - 0.776) 0.330 (0.297 - 0.368) 0.023 0.714 (0.694 - 0.731) 0.345 (0.320 - 0.373) 0.411
Few-shot 0.763 (0.744 - 0.783) 0.325 (0.292 - 0.361) 0.032 0.682 (0.662 - 0.699) 0.318 (0.294 - 0.346) 0.479
CoT 0.733 (0.713 - 0.752) 0.274 (0.244 - 0.308) 0.049 0.683 (0.663 - 0.702) 0.311 (0.288 - 0.336) 0.676
CoT-SC 0.762 (0.742 - 0.782) 0.337 (0.300 - 0.379) 0.039 0.698 (0.678 - 0.715) 0.340 (0.313 - 0.370) 0.661

Multi

Majority Vote 0.748 (0.727 - 0.768) 0.315 (0.282 - 0.355) 0.111 0.710 (0.690 - 0.728) 0.352 (0.324 - 0.383) 0.046
Debate 0.631 (0.607 - 0.656) 0.210 (0.185 - 0.243) 0.091 0.644 (0.623 - 0.664) 0.281 (0.259 - 0.307) 0.121
Meta-Prompt 0.599 (0.573 - 0.625) 0.179 (0.160 - 0.204) 0.051 0.537 (0.514 - 0.558) 0.226 (0.208 - 0.249) 0.086
Traj-CoA 0.762 (0.743 - 0.780) 0.318 (0.283 - 0.355) 0.039 0.708 (0.688 - 0.726) 0.336 (0.310 - 0.365) 0.190
MDAgents 0.624 (0.601 - 0.647) 0.192 (0.169 - 0.221) 0.110 0.584 (0.563 - 0.603) 0.240 (0.222 - 0.262) 0.138
MedAgents 0.662 (0.641 - 0.686) 0.206 (0.185 - 0.235) 0.034 0.634 (0.613 - 0.654) 0.285 (0.261 - 0.310) 0.019

HuaTuo

Single

Zero-shot 0.762 (0.743 - 0.782) 0.325 (0.296 - 0.362) 0.049 0.704 (0.686 - 0.721) 0.331 (0.307 - 0.358) 0.418
Few-shot 0.763 (0.744 - 0.782) 0.324 (0.291 - 0.361) 0.167 0.703 (0.684 - 0.720) 0.332 (0.308 - 0.358) 0.514
CoT 0.697 (0.678 - 0.720) 0.233 (0.208 - 0.266) 0.306 0.639 (0.617 - 0.658) 0.282 (0.260 - 0.306) 0.671
CoT-SC 0.696 (0.678 - 0.719) 0.233 (0.208 - 0.265) 0.305 0.639 (0.617 - 0.658) 0.282 (0.261 - 0.306) 0.669

Multi

Majority Vote 0.711 (0.690 - 0.730) 0.245 (0.217 - 0.279) 0.050 0.691 (0.671 - 0.709) 0.322 (0.296 - 0.352) 0.087
Debate 0.628 (0.604 - 0.652) 0.188 (0.165 - 0.216) 0.109 0.621 (0.599 - 0.642) 0.273 (0.250 - 0.300) 0.061
Meta-Prompt 0.636 (0.614 - 0.657) 0.179 (0.160 - 0.202) 0.428 0.558 (0.534 - 0.578) 0.228 (0.210 - 0.250) 0.080
Traj-CoA 0.744 (0.725 - 0.766) 0.295 (0.266 - 0.333) 0.065 0.701 (0.680 - 0.718) 0.326 (0.301 - 0.353) 0.323
MDAgents 0.490 (0.467 - 0.514) 0.125 (0.112 - 0.142) 0.309 0.571 (0.551 - 0.590)) 0.237 (0.218 - 0.260) 0.059
MedAgents 0.606 (0.584 - 0.629) 0.165 (0.148 - 0.187) 0.335 0.584 (0.563 - 0.606) 0.230 (0.213 - 0.252) 0.486

Llava

Single

Zero-shot 0.741 (0.721 - 0.761) 0.268 (0.242 - 0.303) 0.835 0.613 (0.596 - 0.630) 0.242 (0.226 - 0.259) 0.803
Few-shot 0.684 (0.662 - 0.706) 0.225 (0.199 - 0.255) 0.704 0.581 (0.561 - 0.602) 0.233 (0.217 - 0.252) 0.786
CoT 0.676 (0.658 - 0.693) 0.184 (0.167 - 0.202) 0.819 0.553 (0.537 - 0.567) 0.210 (0.197 - 0.223) 0.807
CoT-SC 0.691 (0.670 - 0.714) 0.215 (0.192 - 0.240) 0.806 0.583 (0.563 - 0.602) 0.226 (0.211 - 0.242) 0.806

Multi

Majority Vote 0.710 (0.686 - 0.732) 0.280 (0.248 - 0.316) 0.812 0.674 (0.654 - 0.693) 0.291 (0.268 - 0.316) 0.765
Debate 0.495 (0.470 - 0.519) 0.121 (0.109 - 0.137) 0.293 0.506 (0.485 - 0.525) 0.192 (0.178 - 0.210) 0.437
Meta-Prompt 0.659 (0.638 - 0.683) 0.211 (0.189 - 0.237) 0.810 0.576 (0.555 - 0.594) 0.231 (0.214 - 0.250) 0.780
Traj-CoA 0.694 (0.673 - 0.718) 0.249 (0.221 - 0.283) 0.758 0.608 (0.589 - 0.626) 0.239 (0.223 - 0.257) 0.795
MDAgents 0.565 (0.544 - 0.588) 0.143 (0.130 - 0.160) 0.771 0.492 (0.473 - 0.512) 0.194 (0.181 - 0.210) 0.759
MedAgents 0.609 (0.589 - 0.633) 0.164 (0.147 - 0.184) 0.683 0.545 (0.525 - 0.563) 0.207 (0.193 - 0.223) 0.782

4.3. Ablations

Table 5 presents an ablation study for the in-hospital
mortality task, revealing that single agent architec-
tures benefit significantly from increased modality in-
tegration. As predictive performance scales positively
with the addition of modalities, calibration also im-
proves, with the Qwen backbone seeing AUROC rise
from 0.667 to 0.756 while its ECE drops to 0.0233. A
similar trend appears for HuaTuo and LLava. This
supports the idea that single agents effectively lever-
age cross-modal dependencies within heterogeneous
data to enhance performance.

In contrast, majority vote demonstrates a diver-
gence in reliability, exhibiting degrading calibration
as the system complexity increases. Despite the con-
tribution of specialized agents to classification accu-
racy, the aggregation of hard labels without shared
context leads to significant system overconfidence, il-
lustrated by Qwen’s ECE rising from 0.068 to 0.111
in the full multimodal setting. This suggests that de-
centralized voting mechanisms fail to capture the un-

certainty reduction benefits inherent in multimodal
data, unlike the unified processing found in single-
agent setups. The ablation results are visualized in
Appendix C1. Considering the different performance
improvements noticed as modalities are added to the
majority vote, we experiment with a weighted major-
ity vote baseline in Appendix C2. In that baseline, we
weigh each modality agent by its unimodal AUROC
and notice minor performance improvements.

To further understand the failure modes of multi-
agent systems, we analyze the generated traces and
conduct more ablations. Table 6 shows the percent-
age of samples in the debate baseline traces that
reached consensus at each round, or never reached
consensus and had their probabilities averaged (MAX
rounds). The results show a big variety depending
on the backbone used. For instance, the Qwen back-
bone reached consensus for all the samples from the
first round (indicating no inter-agent debate), while
LLavaMed never reached a consensus for half of the
patients. Notably, the models show a trend where
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Table 5: Modality Ablations. Comparing zero-shot vs. majority vote settings for in-hospital mortality.
Note that while AUROC/AUPRC scale with modality density, Single Agent calibration (ECE)
improves with more data while majority vote calibration deteriorates. Best overall performance in
each column is bolded.

Backbone Arch. Modalities
In-Hospital Mortality

AUROC AUPRC ECE

Qwen

Single (ZS)

PS 0.667 (0.645 - 0.690) 0.234 (0.208 - 0.267) 0.025
PS + CXR 0.671 (0.649 - 0.695) 0.236 (0.209 - 0.267) 0.027
PS + CXR + RR 0.732 (0.712 - 0.753) 0.273 (0.244 - 0.305) 0.027
All (PS+EHR+CXR+RR) 0.756 (0.737 - 0.776) 0.330 (0.297 - 0.368) 0.023

Multi (MV)
PS + CXR 0.666 (0.643 - 0.689) 0.221 (0.197 - 0.252) 0.068
PS + CXR + RR 0.725 (0.704 - 0.745) 0.266 (0.237 - 0.301) 0.089
All (PS+EHR+CXR+RR) 0.748 (0.727 - 0.768) 0.315 (0.282 - 0.355) 0.111

HuaTuo

Single (ZS)

PS 0.692 (0.672 - 0.714) 0.238 (0.213 - 0.268) 0.166
PS + CXR 0.695 (0.675 - 0.716) 0.236 (0.212 - 0.266) 0.205
PS + CXR + RR 0.742 (0.723 - 0.763) 0.277 (0.248 - 0.310) 0.269
All (PS+EHR+CXR+RR) 0.762 (0.743 - 0.782) 0.325 (0.296 - 0.362) 0.049

Multi (MV)
PS + CXR 0.649 (0.629 - 0.670) 0.201 (0.177 - 0.229) 0.068
PS + CXR + RR 0.689 (0.667 - 0.709) 0.220 (0.195 - 0.252) 0.014
All (PS+EHR+CXR+RR) 0.711 (0.690 - 0.730) 0.245 (0.217 - 0.279) 0.050

Llava

Single (ZS)

PS 0.642 (0.621 - 0.666) 0.204 (0.182 - 0.235) 0.755
PS + CXR 0.658 (0.636 - 0.681) 0.213 (0.188 - 0.243) 0.766
PS + CXR + RR 0.734 (0.712 - 0.756) 0.270 (0.241 - 0.304) 0.779
All (PS+EHR+CXR+RR) 0.741 (0.721 - 0.761) 0.268 (0.242 - 0.303) 0.835

Multi (MV)
PS + CXR 0.621 (0.597 - 0.647) 0.184 (0.164 - 0.211) 0.804
PS + CXR + RR 0.694 (0.672 - 0.717) 0.256 (0.227 - 0.291) 0.800
All (PS+EHR+CXR+RR) 0.711 (0.690 - 0.730) 0.245 (0.217 - 0.279) 0.812

Table 6: Consensus analysis showing the percentage
of samples reaching consensus at each round
and AUROC.

Backbone Round 1 Round 2 Round 3 MAX AUROC

LlaVaMed 47.1% 0.2% 0.2% 52.6% 0.495
Huatuo 96.8% 2.1% 0.3% 0.8% 0.628
Qwen 100% 0% 0% 0% 0.631

having more samples with more rounds of debate cor-
relates with degraded performance in AUROC. This
suggests that current debate capabilities are lack-
ing and do not consistently improve agentic reason-
ing. Beyond consensus, Appendix C3 summarizes the
echo chamber behavior observed across the backbones
when used for the debate baseline. We also experi-
ment with a debate between multimodal agents (in
Appendix C4), where 4 full-modality agents undergo
3 rounds of debate until consensus. We note that the

performance there still lags behind the single agent
baselines. Considering the trends in consensus, syco-
phancy, and the multimodal debate results, it seems
that multi-agent systems suffer from a combination of
information loss, noise propagation, and weak modal-
ity fusion. This is further evidenced by the Traj-CoA
baseline’s performance, where the presence of a multi-
modal decision-making agent, closely resembling the
single-agent setup, reduces the observed errors.

5. Discussion

In this work, we introduced AgentRx, a first-of-its-
kind benchmark for evaluating LLM-based agentic
systems on high-stakes clinical risk prediction tasks.
We systematically analyzed how different agentic ar-
chitectures, ranging from single-agent baselines to
complex multi-agent frameworks, perform against su-
pervised deep learning models. The study yields a
critical insight that multi-agent multimodal systems
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consistently underperform single-agent multimodal
systems. This is driven by a fundamental divergence
in system calibration where we observe a striking
contrast in how single agent systems improve cali-
bration with additional data modalities while multi-
agent systems degrade. Closing this calibration gap
is vital for the development of scalable decentralized
healthcare systems.

More generally, our findings align with the re-
cent benchmarks established by Zhu et al. (2025) in
MedAgentBoard, confirming that agentic systems gen-
erally trail state-of-the-art supervised fusion networks
in clinical prediction. However, we identify a criti-
cal modality-dependent nuance to this observation.
The analysis in MedAgentBoard largely focuses on
structured EHR data, where LLMs struggle to encode
high-dimensional numerical features. In contrast, our
unimodal setting utilizing PS which is a free-text
modality demonstrates that specialized agents can ef-
fectively outperform supervised baselines. This sug-
gests that the performance drop is not intrinsic to
the task of risk prediction, but rather a consequence
of the modality. Notably, LLM agents seem to syn-
thesize multimodal data more effectively when the
task at hand is diagnostic in nature. This is shown in
Appendix C5, where both the single agent and multi-
agent systems outperform the supervised baselines in
the multimodal setting on the note-based chronic kid-
ney disease detection task.

Despite these contributions, this study has limita-
tions. Our benchmark relies on the MIMIC database,
which represents a single-center cohort and may pose
challenges for generalizability. Additionally, we have
limited our evaluation to architectures of sizes within
7-8 billion parameters. We acknowledge that smaller
or larger models may exhibit different reasoning capa-
bilities. Appendix C6 summarizes the performance of
a smaller backbone family on some frameworks from
our benchmark. Finally, the serialization of high-
frequency EHR data into text-based context windows
remains an open research problem that likely lim-
its the agents’ ability to capture subtle physiological
trends. In Appendix C7, we explore some alternative
serialization strategies. Moving forward, we plan to
expand AgentRx to include more diverse clinical end-
points and investigate architectures that combine the
interpretability of LLM reasoning with the predictive
precision of frozen, supervised encoders. Given the
current limitations of the examined baselines in han-
dling complex multimodal data, future work could
focus on moving away from purely textual communi-

cation and exploring latent-based representations or
ICU-specific tool-calling frameworks to enhance rea-
soning and risk prediction.
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Appendix A. Algorithms

This section shows all the algorithms used for each agentic setup. Single agents follow algorithm A1 in the
unimodal setup and algorithm A2 in the multimodal setup. Multi-agent frameworks follow algorithm A3.

Algorithm A1: Single Agent Unimodal (PS Only)

Input: Patient Summary xps, System Prompt Ptask

Output: Prediction ŷ

Context← concat(Ptask,xps)

ŷ ← A(Context)

return ŷ

Algorithm A2: Single Agent Multimodal

Input: Available modalities Xavailable,
System Prompt Ptask

Output: Prediction ŷ

Context← Ptask

foreach xm ∈ Xavailable do
Context← concat(Context, “Modality m: ”,xm)

end

ŷ ← A(Context)

return ŷ

Algorithm A3: Multi-Agent Multimodal

Input: Available modalities Xavailable,
System Prompt Ptask

Output: Prediction ŷ

S ← 0

foreach xm ∈ Xavailable do
Contextm ← concat(Ptask,xm)

pm ← Am(Contextm)

S ← S + pm
end

p̄← S/|Xavailable|
ŷ ← I(p̄ > 0.5)

return ŷ
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Appendix B. Additional Results

B.1. Intern Multimodal

Table B1 details the performance of the InternVL2.5 model. Note that this architecture supports three
modalities (PS, CXR, RR), excluding EHR. We report the Area Under the Receiver Operating Characteristic
(AUROC), Area Under the Precision-Recall Curve (AUPRC), and Expected Calibration Error (ECE) for
both In-Hospital Mortality and Length of Stay (> 7 Days) prediction tasks. Figure B2 illustrates the shift
in ECE when transitioning from the unimodal to the multimodal setting within single-agent frameworks.
Consistent with our findings, the chart highlights that adding modalities generally improves calibration for
robust backbones, though this benefit varies across model architectures.

Table B1: InternVL2.5 Multimodal Results. Results for InternVL2.5 are reported separately as this
model supports only 3 modalities (missing Timeseries). Best overall performance in each column
is bolded.

Backbone Arch. Method
In-Hospital Mortality Length of Stay (>7 Days)

AUROC AUPRC ECE AUROC AUPRC ECE

Intern

Single

Zero-shot 0.700 (0.680 - 0.723) 0.247 (0.223 - 0.281) 0.082 0.721 (0.703 - 0.738) 0.358 (0.331 - 0.387) 0.354
Few-shot 0.745 (0.724 - 0.766) 0.282 (0.252 - 0.315) 0.121 0.677 (0.658 - 0.695) 0.302 (0.280 - 0.328) 0.232
CoT 0.683 (0.662 - 0.705) 0.216 (0.194 - 0.242) 0.094 0.674 (0.655 - 0.693) 0.319 (0.293 - 0.348) 0.445
CoT-SC 0.727 (0.707-0.748) 0.270 (0.707 - 0.748) 0.032 0.690 (0.670 - 0.709) 0.345 (0.319 - 0.377) 0.456

Multi

Majority Vote 0.709 (0.688 - 0.731) 0.249 (0.220 - 0.282) 0.106 0.679 (0.658 - 0.697) 0.306 (0.281 - 0.335) 0.056
Debate (Uni) 0.627 (0.603 - 0.651) 0.181 (0.161 0.207) 0.053 0.641 (0.620 - 0.660) 0.285 (0.259 - 0.313) 0.006
Meta-Prompt 0.554 (0.529 - 0.580) 0.142 (0.128 - 0.159) 0.223 0.550 (0.528 - 0.571) 0.230 (0.212 - 0.251) 0.374

Figure B2: Bar graphs showing the difference in ECE between the unimodal and multimodal settings for
the single agent frameworks across the four backbones.
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Appendix C. Additional Ablations

C.1. Modality Addition Ablations

In this section, we provide visual support for the calibration and performance trends observed in our ablation
studies. Figure C1 offers a holistic comparison between the effect of adding more modalities to the single
agent and multi-agent setups. The improvement of the single agent configuration as more modalities are
added compared to the drop in majority vote reinforces our conclusion that unified context processing
synthesizes heterogeneous clinical data more effectively than decentralized mechanisms.

Figure C1: Radar charts showing how the single agent setup benefits more from the multimodality than the
multiagent setup. Each circle corresponds to a metric. The dotted lines correspond to majority
vote and the solid ones to zero-shot. Note the the chart shows the inverse of ECE for consistency
with the other metrics.

C.2. Weighted Majority Vote

We examine the effect of weighting each modality agent by its unimodal AUROC performance in the Majority
vote backbone. The results are shown in table C2

Table C2: Performance Results. Comparison of Unimodal baselines and Multimodal Multi-Agent voting
methods. Best overall performance in each column is bolded.

Backbone Arch. Method
Performance

AUROC AUPRC

Qwen
Unimodal

PS 0.666 0.232
RR 0.684 0.222
EHR 0.662 0.230
CXR 0.538 0.141

Multimodal Multi-Agent
Majority Vote 0.748 0.315
Weighted Majority Vote 0.750 0.318

71



Benchmark Study of LLM Agents for Multimodal Clinical Prediction Tasks

C.3. Sycophancy Analysis

We examine the reasoning traces from the debate between unimodal agents baseline and summarize our
findings in Table C3. Notably, the agents seem to exhibit varying levels of sycophancy and echo chamber
agreement depending on the backbone used.

Table C3: Debate traces analysis and echo chamber behavior per backbone.

Backbone Pattern Evidence

Qwen Premature agreement Consensus in round 1 for all 4,925 cases.
Huatuo Weak echo chamber Some later consensuses aligned with the initial ma-

jority.
MedGemma Strong echo chamber 75/76 initial disagreements later converged. All fol-

lowed the round-1 majority.
LLaVaMed Unstable communication Disagreements rarely resolved into stable consensus.

C.4. Debate Between Multimodal Agents

In Table C4, we examine the performance of debate between multimodal agents. Each agent in this setup
receives the full multimodal context and debates with the other multimodal agents until consensus.

Table C4: Debate Multimodal Results. Comparison of in-hospital mortality and length of stay prediction
performance for HuaTuo and Qwen using the debate architecture with multimodal agents. Best
overall performance in each column is bolded.

Backbone
In-Hospital Mortality Length of Stay (>7 Days)

AUROC AUPRC AUROC AUPRC

HuaTuo 0.684 (0.663 - 0.707) 0.235 (0.210 - 0.266) 0.592 (0.572 - 0.613) 0.249 (0.231 - 0.272)
Qwen 0.707 (0.686 - 0.728) 0.243 (0.215 - 0.275) 0.561 (0.541 - 0.581) 0.231 (0.213 - 0.252)

C.5. Note-based Task

In Table C5, we test the performance of simple single agent and multi-agent setups on a note-based chronic
kidney disease detection task. We extract the labels from MIMIC IV.

Table C5: Multimodal Results. Comparison of Unimodal, Multimodal, and Multi-Agent architectures
for Chronic Kidney Disease Detection. Best overall performance in each column is bolded.

Backbone Arch. Method
Chronic Kidney Disease Detection

AUROC AUPRC

Supervised
Unimodal BioBERT 0.878 0.705

Multimodal MedPatch 0.807 0.532

Qwen
Unimodal Single Agent Zero-shot 0.968 0.924

Multimodal Multi-Agent Majority Vote 0.959 0.897
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C.6. MedGemma

Table C6 shows the results on the in-hospital mortality task using the MedGemma 4B backbone (Sellergren
et al., 2025). We note that performance does not diverge much from the larger backbones.

Table C6: Multimodal Results. Comparison of Unimodal Single-Agent, Multimodal Single-Agent, and
Multimodal Multi-Agent frameworks on the mortality task using the MedGemma backbone. Best
overall performance in each column is bolded.

Backbone Arch. Method
In-Hospital Mortality

AUROC AUPRC

MedGemma

Unimodal Single Agent

Zero-shot 0.626 (0.602 - 0.649) 0.179 (0.160 - 0.201)
Few-shot 0.691 (0.207 - 0.714) 0.232 (0.207 - 0.263)
CoT 0.624 (0.600 - 0.647) 0.172 (0.154 - 0.190)
Self-Refine 0.628 (0.603 - 0.652) 0.183 (0.163 - 0.206)

Multimodal Single Agent
Zero-shot 0.735 (0.714 - 0.755) 0.250 (0.225 - 0.282)
Few-shot 0.744 (0.723 - 0.765) 0.280 (0.250 - 0.314)

Multimodal Multi-Agent
Majority Vote 0.687 (0.664 - 0.708) 0.226 (0.201 - 0.256)
Debate 0.594 (0.569 - 0.619) 0.172 (0.151 - 0.197)

C.7. EHR Serialization

Table C7 details an ablation on EHR serialization methods. We tested our standard log baseline against two
reduced-context approaches: the summary method (aggregating extreme and average baseline values) and
the delta method (representing only the net clinical trajectory). Best overall performance in each column is
bolded.

Table C7: Performance Results. Comparison of Log, Summary, and Delta methods.

Method AUROC AUPRC

Original Log 0.756 0.330
Summary 0.760 0.301
Delta 0.760 0.303
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