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Abstract

Reliable extraction of structured information
from radiology reports using Large Language
Models (LLMs) remains a significant chal-
lenge, particularly for complex, non-English
texts such as Hebrew. This study proposes an
agent-based, uncertainty-aware framework to
enhance the reliability and interpretability of
LLM predictions in clinical contexts. A to-
tal of 9,683 Hebrew radiology reports from
Crohn’s disease patients (2010-2023) across
three medical centers were analyzed. Of these,
512 reports were manually annotated for six
gastrointestinal organs and 15 pathological find-
ings, while the remainder were automatically
labeled using HSMP-BERT. Structured data ex-
traction was performed with Llama 3.1 (Llama
3-8b-instruct) employing Bayesian Prompt En-
sembles (BayesPE), which utilized six seman-
tically equivalent prompts to quantify uncer-
tainty. An Agent-Based Decision Model aggre-
gated prompt outputs into five calibrated con-
fidence levels and was benchmarked against
three entropy-based approaches. Model perfor-
mance was assessed using accuracy, F1 score,
precision, recall, and Cohen’s Kappa before
and after filtering high-uncertainty cases. The
agent-based model outperformed all baselines,
achieving an F1 score of 0.3967, recall of
0.6437, and Kappa of 0.3006; after excluding
cases with uncertainty >0.5, the F1 score in-
creased to 0.4787 and Kappa to 0.4258. The
proposed framework improves uncertainty cal-
ibration and predictive reliability, advancing
the safe deployment of LLMs in medical data
extraction.

1 Introduction

Radiology reports contain critical clinical informa-
tion, essential for healthcare decision-making, ret-
rospective studies, and radiologic image annotation.
Despite ongoing efforts to implement structured re-
porting (Nobel et al., 2022), unstructured free-text
reports remain dominant, posing challenges for

large-scale data analysis due to their variability and
lack of standardization. Automating the extraction
of structured data addresses these issues by stream-
lining workflows, reducing manual effort, and im-
proving data consistency and accessibility. This
approach not only enhances patient care but also en-
ables large-scale research through comprehensive
meta-analyses, accelerated scientific discoveries,
and stronger evidence-based practice (Hassanpour
and Langlotz, 2016; Haendel et al., 2018; Langlotz
et al., 2019).

Large language models (LLMs) can automate
structured data extraction from radiology reports by
processing unstructured text to efficiently yield clin-
ically relevant insights (Busch et al., 2024; Doshi
et al., 2024; Reichenpfader et al., 2024). How-
ever, privacy concerns around sensitive medical
data have prompted interest in open-source LLMs,
which offer greater transparency, adaptability, and
control. Models like Llama 3.1 can extract mean-
ingful insights from medical texts while mitigating
risks associated with proprietary systems (Nowak
et al., 2025).

Despite their potential, applying LLMs to radiol-
ogy remains challenging, particularly for decision-
critical tasks. A key limitation is their tendency
to produce overconfident predictions, even when
uncertain or incorrect, undermining trust in high-
stakes medical settings (Shmidman et al., 2024;
Tessler et al., 2024; Chen et al., 2024). Although
uncertainty quantification methods have improved
reliability, they exhibit unique structural limitations.
Confidence elimination (CE) relies on explicit self-
evaluation prompts but often suffers from syco-
phancy and poor calibration (Xiong et al., 2024).
Token-level probabilities (TLP) utilize raw token
distributions but are heavily restricted by propri-
etary API boundaries (Huang et al., 2025). Sam-
ple consistency (SC) measures generation diversity
via temperature sampling but treats all outputs uni-
formly without weighting (Kompa et al., 2021).
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They often treat all responses equally, potentially
ignoring variations in prompt quality or contextual
relevance (Savage et al., 2025). These limitations
are further amplified in underrepresented languages
like Hebrew, where limited annotated data and lin-
guistic differences hinder LLM adaptability. Ad-
dressing both overconfidence and linguistic gaps
is essential for robust and equitable deployment
across diverse clinical settings.

Bayesian Prompt Ensembles (BayesPE) (Tono-
lini et al., 2024) improve uncertainty estimation
in LLM by combining semantically equivalent
prompts and optimizing their weights by variational
inference, applying these weights directly to the
prompt-specific outputs to improve prediction re-
liability and calibration. However, reliance on a
parametric model for prompt weights may limit
flexibility in complex or dynamic settings.

Agent-based approaches (Xi et al., 2023) offer
adaptive decision making for LLM outputs, poten-
tially addressing BayesPE’s limitations by incor-
porating more sophisticated uncertainty estimation
processes.

1.1 Related Work

The application of Al in clinical text processing has
advanced rapidly, particularly in structuring clini-
cal narratives (Hassanpour and Langlotz, 2016).
While large language models demonstrate high
proficiency in English medical domains (Langlotz
et al., 2019), their performance declines in low-
resource and morphologically rich languages like
Hebrew (Shmidman et al., 2024). To bridge this
gap, recent paradigms explore agentic Al frame-
works where multi-agent systems coordinate to
solve complex clinical reasoning tasks (Zeng et al.,
2024). However, utilizing these adaptive frame-
works specifically for calibrating predictive uncer-
tainty in low-resource medical processing remains
significantly underexplored.

This study introduces a novel framework to ad-
dress these limitations. This study aims, therefore,
to introduce and evaluate an agent-based method
for the extraction of structured data. Our approach
utilizes uncertainty-aware LL.M-based data from
real-world Hebrew radiology reports from Crohn’s
disease patients. Finally, we compare its perfor-
mance and robustness with BayesPE’s probabilistic
aggregation methods.

Contributions
* We introduce and evaluate a generalizable
agent-based approach for quantifying uncer-

tainty in Large Language Models (LLMs)
used for structured data extraction in high-
stakes clinical settings, specifically utilizing
low-resource Hebrew radiology reports.

* We design an Agent Decision Model (using
Llama 3 - 70B) that synthesizes outputs and
explanations from a Bayesian Prompt Ensem-
ble (BayesPE) and categorizes prediction con-
fidence into five distinct levels (e.g., Definitely
Yes/No, Likely Yes/No, Uncertain).

* We demonstrate that the agent-based approach
provides the best balance of performance
metrics (F1=0.3967, Cohen’s Kappa=0.3006)
compared to single-prompt baselines and
entropy-based aggregation models.

* We validate the superior calibration of the
Agent model, showing clearer separation be-
tween correct predictions (median uncertainty
0.0) and incorrect predictions, and confirm
that filtering high-uncertainty cases signifi-
cantly improves reliability.

2 Materials and methods

2.1 Data Collection

The retrospective multicenter study was approved
by the institutional review board, with a waiver of
informed consent due to its retrospective nature
and the de-identification of data. Free-text Hebrew
radiology reports of Crohn’s disease patients were
obtained from the epi-IIRN national inflammatory
bowel disease (IBD) study cohort (Friedman et al.,
2018), a validated database encompassing all four
Israeli health maintenance organizations (HMOs),
which collectively cover over 98% of the popula-
tion. The dataset comprises 9,683 radiology re-
ports, each corresponding to an individual patient
visit, derived from 8,093 unique patients across
three medical institutions. Each report documents
a magnetic resonance enterography (MRE) or com-
puted tomography enterography (CTE) examina-
tion performed between 2010 and 2023.

2.1.1 Manual Annotation of Organ—Finding
Pairs

A uniformly distributed random subset of 512 re-
ports was selected for manual annotation by an
expert radiologist (T.H.). While relying on a sin-
gle expert annotator presents a structural limitation
regarding inter-annotator variability and potential
subjective bias, it reflects the high cost and scarcity
of specialized medical expertise. Each report was
labeled for six gastrointestinal organs (Jejunum,
Ileum, Cecum, Colon, Sigmoid, and Rectum) and
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up to 15 pathological findings per organ (e.g., in-
flammation, wall thickening, ulceration) (Bruining
et al., 2018), yielding a total of 90 possible or-
gan—finding combinations.

Each combination was assigned one of four cat-
egorical labels: 1 = finding present (positive), 0
= finding absent (negative), 2 = organ resected
(post-surgical), or 9 = organ not visible. For the
main analysis, labels 2 and 9 were treated as nega-
tive, simplifying the task to a binary classification
(finding present vs. absent). To ensure sufficient
representation of positive cases, we excluded or-
gan—finding pairs with <15 positive examples, re-
sulting in 23 final classification targets, which
represent specific valid clinical pairings of a target
gastrointestinal organ and an associated pathologi-
cal condition (see Figure 4 in Appendix A).

2.1.2 NLP Based Annotations

We used HSMP-BERT, an internal BERT-based
NLP model for structured data extraction from He-
brew radiology reports from Crohn’s disease pa-
tients (Hazan et al., 2024a,b), to annotate the en-
tire data set of 9,683 reports. The HSMP-BERT
architecture was initialized from a pre-trained mul-
tilingual BERT checkpoint and fine-tuned using
a masked language modeling objective followed
by a multi-label classification head, optimized via
AdamW with a learning rate of 2 x 107> and a
batch size of 16 on the manually annotated training
partition. The model was trained in the manually
annotated subset, focusing on 23 common com-
binations of organ-finding. Performance metrics
for these labels appear in Table 5 in the supple-
mentary materials. To ensure high-quality data for
BayesPE-based methods, we retained only labels
with a Cohen’s Kappa score greater than 0.7, re-
sulting in eight final labels: Sign of ileum comb,
inflammation of the ileum, pre-stenotic dilation of
the ileum, stenosis of the ileum, enhancement of
the ileum wall, thickness of the ileum wall, thick-
ness of the rectum wall and sign of the sigmoid
comb.

2.2 Large Language Model (LLM) Utilization

We used the Llama 3.1 model (Llama 3-8b-instruct)
(Al@Meta, 2024), part of Meta’s multilingual
LLM collection, to extract structured data from
Hebrew radiology reports. Although it supports
several languages, Hebrew is not among them.
The selection of Llama 3.1, despite its lack of
official Hebrew optimization compared to mod-
els like Phi-4, Aya, or local Hebrew variants, was

driven by its superior architectural scaling, high
cross-lingual transferability, and widespread open-
source deployment capability in secure clinical en-
vironments. Llama 3.1 utilizes an auto-regressive
transformer architecture (Vaswani et al., 2017), fur-
ther refined via supervised fine-tuning (SFT) (Sun,
2024) and reinforcement learning from human feed-
back (RLHF) (Christiano et al., 2017; Stiennon
et al., 2022; Ouyang et al., 2022) to better align
with human preferences. Given its limited Hebrew
support, we carefully adapted the model for this
context, applying distinct prompt structures to eval-
uate cross-prompt variability. We prompted the
model with various organ—finding combinations
to extract structured data from Hebrew radiology
reports, asking whether a specific finding was indi-
cated. We also included a self-explanation step for
each answer, aiding model validation and improv-
ing accuracy (see Appendix C for the full prompt
schema).

2.3 Uncertainty Estimation with Bayesian
Prompt Ensembles

We employed the Bayesian Prompt Ensembles
(BayesPE) method (Tonolini et al., 2024) to es-
timate uncertainty in LLM-generated predictions
by leveraging an ensemble of semantically equiva-
lent prompts, without modifying the LLM’s archi-
tecture or requiring retraining. In alignment with
findings from (Tonolini et al., 2024), we selected
six prompts to balance the benefits of prompt di-
versity with computational efficiency, as adding
more prompts provided only marginal gains. We
used ChatGPT (OpenAl, 2024) to design these six
prompts, each with identical semantic intent to de-
termine the presence of specific findings in radiol-
ogy reports.

We developed an agent-based method and three
entropy-based approaches to quantify model uncer-
tainty using outputs from multiple prompts. Fig. 1
illustrates the different approaches we utilized to
assess uncertainty.

2.4 Agent Decision Model

We propose an Agent Decision Model, functioning
as a second-stage LLM component, to consolidate
the outputs of multiple prompts, derive a final de-
cision, and quantify its uncertainty. This model
synthesizes responses and explanations from an
ensemble of prompts, producing a unified deci-
sion with a rationale for its conclusion. The agent
evaluates response consistency, assesses the clarity
and coherence of explanations, and identifies indi-
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Figure 1: Illustration of the proposed Bayesian Prompt Ensemble pipeline for uncertainty-aware predictions. A
radiology report and multiple semantically equivalent prompts are fed into an LLM, generating one prediction per
prompt. These predictions are then aggregated to yield a final decision and uncertainty estimation. Note that the
listed aggregation methods represent standalone, alternative pathways evaluated in isolation rather than interacting

concurrent components.

cations of uncertainty. Based on these factors, it
categorizes the final decision into one of five dis-
tinct confidence levels. This 5-level discretization
was chosen to mimic clinical reporting conventions
(e.g., highly likely, indeterminate) and to separate
explicit certainty from qualified or ambiguous find-
ings:

* Definitely Yes

 Likely Yes

* Uncertain

 Likely No

* Definitely No

The agent receives as input a set of answers
(““Yes” or “No”) and their corresponding explana-
tions, generated by prompting a smaller, efficient
LLM using multiple semantically equivalent ques-
tions. This design choice was motivated by two
key factors: (1) asking the same question multiple
times is significantly more cost- and time-efficient
with smaller models; and (2) the inputs of this stage
do not contain personally identifiable medical in-
formation, allowing the aggregation step to safely
utilize more powerful models—either offline or on-
line—without posing privacy risks. The agent eval-
uates these inputs based on the consistency of the
answers, the clarity of their explanations, and the
degree of ambiguity to produce its final decision.

To ensure interpretability and structure, the agent
outputs its decision and reasoning in a predefined
JSON format. In our implementation, we utilized
the Llama 3 - 70B model as the agent.

The agent’s uncertainty level is derived based on
the confidence category of its decision:

* Definitely Yes/No: Uncertainty =0

* Likely Yes/No: Uncertainty = 0.5

* Uncertain: Uncertainty = 1

This semi-quantitative approach enables the
seamless integration of uncertainty measures into

downstream analyses, enhancing the interpretabil-
ity of the decision-making process (see Appendix
C for detailed inputs/outputs). For the “Uncertain”
response, a final “Yes” or “No” decision is deter-
mined by aggregating the probabilities for each
option from the previous step and selecting the
option with the highest overall score.

2.5 Entropy-based Decision Models

Alongside our agent-based decision model, we im-
plemented three entropy-based models for com-
parison. These models quantify uncertainty us-
ing entropy, a measure of the disorder or unpre-
dictability within the ensemble of prompt out-
puts. Higher entropy indicates greater disagree-
ment among prompts, suggesting higher uncer-
tainty in the final prediction. The final prediction
and its entropy are determined by applying differ-
ent weighting methods to the prompt outputs, as
follows:

2.5.1 Uniform Weights

In this approach, all prompts are assigned equal
weights: w; = 1/N, where N is the number of
prompts. This method operates under the assump-
tion of no prior knowledge regarding the efficacy
of individual prompts, thus distributing trust uni-
formly.

2.5.2 Linearly Optimized Weights

In this approach, we optimized the weights as-
signed to different prompts using a small validation
set. We determine the weights by minimizing the
following objective function:

N
Lopi = Z w; log P(y*|a;, x)
i=1
N ey
- A Z wj log(w;)
i=1
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where y* denotes the correct answer, a; represents
the 7" prompt structure, and z is the radiology re-
port. The weights w; are computed by applying a
softmax transformation to the raw weights wyaw ;.
The first term represents the log-likelihood of the
validation data, while the second term acts as an
entropy-based regularizer, discouraging overcon-
fidence in a single prompt. We performed linear
optimization of prompt weights for each organ-
finding label using a fixed subset of 50 samples
from the manually annotated dataset.

2.5.3 Learnable Weights Using MLP

The uniform and linearly optimized weighting
methods assume fixed or simple relationships be-
tween prompts, limiting their ability to capture
complex interactions. To address this, we intro-
duce a Multi-Layer Perceptron (MLP) for adaptive
prompt weight optimization. The MLP dynami-
cally adjusts weights based on prompt behavior
across the dataset, enabling more accurate weight-
ing in scenarios with intricate dependencies be-
tween prompts. The forward pass for the model is
defined as follows:

w = softmax(MLP(h)) ()

where h represents the fixed prompt embeddings,
and w are the normalized weights. The training ob-
jective combines the binary cross-entropy loss be-
tween the ground truth labels y,; and the weighted
prompt probabilities ¥, with an entropy regulariza-
tion term to encourage well-calibrated uncertainty:

N
Lyvip = BCE(Y, ygt) — A Z wilog(wi)  (3)
i=1

During inference, the final predicted probabilities
for each label are the weighted average of the indi-
vidual prompt probabilities: i = Zf\il w;p;. We
leveraged the automatically labelled cases for the
8 selected labels to train the MLP model. We used
60% of the automatically labelled dataset, compris-
ing 5794 cases, for training, 20% for validation
and 20% for testing, ensuring this automated test
split remained entirely distinct from the manually
annotated expert evaluation set.

2.6 Evaluation Setup

We evaluated our approach on the manually an-
notated test dataset (462 reports, with 23 or-
gan—finding combinations), excluding the 50 cases
used to tune the linear weights. Model agreement
was primarily quantified using Cohen’s Kappa, a

statistical metric that measures inter-rater agree-
ment for categorical items while adjusting for the
agreement occurring by chance alone. To establish
a baseline, we simulated using any single prompt
from our set of six, computing performance metrics
for each prompt independently and then averaging
the results.

We compared Uniform, Linear, and MLP-
weighted ensembles, as well as our proposed Agent
Decision Model. To further examine the effect
of model capacity, we included an ablation vari-
ant (“Small Agent”) in which the large Llama 3.1
model was replaced with the smaller Llama 3.1-8B
model while keeping all other components iden-
tical. Each model was evaluated both before and
after uncertainty filtering, with two filtering crite-
ria: (1) excluding samples with uncertainty >0.5,
and (2) limiting exclusions to at most 20% of cases
if their uncertainty exceeded 0.5, accomplished by
sorting the entire evaluation set by descending un-
certainty scores and truncating the exclusion pool
at the 20% rank boundary to maximize data reten-
tion.

3 Results

3.1 Uncertainty-aware prediction without
filtering

Table 1 shows that aggregating multiple prompts
significantly outperforms using a single prompt.
The baseline (single-prompt) model has the lowest
metrics, particularly F1=0.2699 and Kappa=0.1790.
In contrast, the agent-based approach achieves
the best overall balance, with F1=0.3967 and
Kappa=0.3006, suggesting it handles ambiguity
effectively. Although the MLP model attains the
highest accuracy (0.8605) and precision (0.3772),
its recall is lower (0.3977). Both uniform and linear
methods also surpass the baseline, with linear show-
ing slightly higher accuracy (0.8454) for similar
F1, emphasizing the benefits of weight-optimized
prompt ensembles. Notably, the Small Agent vari-
ant achieved the highest recall (0.7076), indicating
strong sensitivity to positive findings. However,
this came at the cost of reduced precision and over-
all agreement (Kappa=0.2402), suggesting it tends
to over-predict positives compared with the other
ensemble methods.

3.2 Uncertainty Histograms

Figures 2 and 3 show the uncertainty histograms
for two representative labels from the four methods,
with the Agent model providing the clearest sep-
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Table 1: Average results across all labels before thresh-
old.

Model Accuracy F1 Precision Recall Kappa
Baseline 0.8243  0.2699  0.3046  0.3097 0.1790
Uniform 0.8320 0.3873  0.3360  0.5336 0.2979
Linear 0.8454  0.3847 0.3463  0.4878 0.2988
MLP 0.8605 03643 03772 0.3977 0.2863
Agent 0.8022 03967 03131  0.6437 0.3006
Small Agent  0.7310  0.3555  0.2626  0.7076 0.2402

Table 2: Average median uncertainty values across meth-
ods.

Method Median Uncertainty

Correct Predictions Incorrect Predictions
Uniform 0.4081 0.6153
Linear 0.2668 0.4694
MLP 0.2261 0.5717
Agent 0.0 0.5108
Small Agent 0.0 0.5

aration between correct and incorrect predictions.
Additional histograms appear in the supplementary
materials.

Table 2 presents the average median uncer-
tainty across all 23 labels, illustrating that a well-
calibrated model should exhibit low uncertainty
for correct predictions and high uncertainty for in-
correct ones. The Agent model yields an average
median uncertainty of 0.0 for correct predictions
and about 0.5 for incorrect ones, indicating superior
calibration compared to the other methods. While
this strong separation highlights the model’s ef-
fectiveness in distinguishing between reliable and
unreliable predictions, the consistent 0.0 value for
correct predictions also raises the possibility of dis-
cretization effects.

3.3 Uncertainty-aware prediction with
filtering

Tables 3 and 4 present model performance after
filtering out cases with uncertainty >0.5. Table 3
imposes no cap on excluded cases, while Table 4
limits exclusion to at most 20%. In both scenarios,
removing high-uncertainty cases improves accu-
racy, F1, and Cohen’s Kappa. Detailed per-label
results can be found in the supplementary materi-
als.

With no exclusion cap (Table 3), the MLP model
achieves the highest accuracy (92.42%), whereas
the Agent approach yields the best F1 (47.87

Under the 20% cap (Table 4), MLP again leads in

accuracy (90.87%), and the Agent method retains
the highest F1 (44.94%) and recall (72.95%), and
Cohen’s Kappa (0.3683). These results highlight
the Agent method’s strong emphasis on capturing
true positives while maintaining reliable calibra-
tion, even with minimal case exclusions. The per-
formance improvements achieved by filtering high-
uncertainty cases demonstrate enhanced reliability
but come at the cost of reduced report coverage,
underscoring a fundamental trade-off between ac-
curacy and scalability in automated workflows.

Table 3: Results after applying uncertainty threshold >
0.5.

Model Acc F1 Prec Recall Kappa Excluded Cases
Baseline 0.824 0.269 0.304 0.309 0.179 0
Uniform 0918 0463 0445 0.532 0.420 200 (43.3%)
Linear 0.897 0.426 0400 0.508 0.370 96 (20.9%)
MLP 0.924 0403 0458 0407 0.364 120 (26.0%)
Agent 0.894 0478 0.397 0.661 0.425 153 (33.1%)
Sm. Agent 0.851 0.421 0.331 0.685 0.353 185 (40.1%)

Table 4: Results after threshold > 0.5 (max 20% exclu-
sions).

Model Acc F1 Prec Recall Kappa Excluded Cases
Baseline 0.824 0.269 0.304 0.309 0.179 0
Uniform 0.878 0.426 0.387 0.530 0.361 92 (19.9%)
Linear 0.890 0.212 0.393 0.507 0.361 80 (17.5%)
MLP 0.908 0.393 0.449 0.400 0.345 90 (19.5%)
Agent 0.828 0.449 0.352 0.729 0.368 92 (19.9%)
Sm. Agent 0.775 0.388 0.291 0.725 0.288 92 (19.9%)

3.4 Ablation Study: Effect of Agent Model
Size
To assess the impact of the agent’s language model
size on performance, we conducted an ablation ex-
periment replacing the large Llama3.1-70B model
with a smaller Llama3.1-8B variant while keeping
all other components identical. This setup allowed
us to isolate the contribution of model capacity to
decision quality and uncertainty calibration.
Across all metrics (Tables 1-4), the Small Agent
consistently underperformed the full Agent model.
Before uncertainty filtering (Table 1), the Small
Agent achieved the highest recall (0.7076) but
showed reduced accuracy and agreement (accu-
racy 0.7310; Cohen’s Kappa 0.2402) relative to
the full Agent (accuracy 0.8022; Cohen’s Kappa
0.30006). Its higher sensitivity thus came at the cost
of lower precision and F1, indicating a tendency
toward over-detection. After uncertainty filtering
(u < 0.5) and under the 20% exclusion cap (Ta-
bles 3—4), both models improved, yet the full Agent
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Figure 2: Uncertainty Histograms for Ileum stenosis Computed by: (a) Uniform Weights, (b) Linear-Optimized
Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.

retained superior accuracy, F1, and Cohen’s Kappa
(e.g., accuracy 0.8285 vs. 0.7751; F1 0.4494 vs.
0.3881; Cohen’s Kappa 0.3683 vs. 0.2888). These
results suggest larger LLM capacity yields better-
calibrated, more balanced decisions, while smaller
agents may favor sensitivity.

4 Discussion

In this study, we evaluated prompt-ensemble—based
uncertainty awareness for structured data extrac-
tion from radiology reports using LLMs. Aggre-
gating predictions from multiple prompts and fil-
tering high-uncertainty cases outperformed single-
prompt methods, notably boosting F1 and Cohen’s
Kappa. Among the tested approaches, the agent-
based method provided the best overall balance
in F1 and Cohen’s Kappa by integrating multi-
ple prompts and accounting for their consistency.
Meanwhile, the MLP model attained the highest
precision and accuracy, useful for scenarios de-
manding fewer false positives, but its lower recall
indicates some missed positive cases. This trade-
off underscores the importance of selecting models
based on task needs.

Additionally, the agent approach demonstrated

superior calibration, distinguishing correct and
incorrect predictions more effectively than other
methods. Entropy-based metrics further confirmed
the agent’s robust handling of complex prompt out-
puts, enhancing prediction reliability. Excluding
high-uncertainty cases improved accuracy, F1, and
Cohen’s Kappa, showing the value of uncertainty-
aware filtering for better alignment between model
confidence and prediction correctness. Setting
class-specific thresholds at the output layer can
improve recall for minority classes while preserv-
ing precision for majority classes, thus optimizing
performance for the target application.

While filtering high-uncertainty cases demon-
strably improves performance metrics, this comes
at the cost of reduced automated coverage, as a
portion of reports are flagged for exclusion. This
presents a critical trade-off for real-world clinical
deployment: the system performs better on the
cases it does process but offers no direct assis-
tance for the cases it flags as uncertain. Clinicians
would still need robust workflows to manually re-
view these excluded reports, potentially impacting
workflow efficiency—particularly in the most com-
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Figure 3: Uncertainty Histograms for Ileum inflammation Computed by: (a) Uniform Weights, (b) Linear-Optimized

Weights, (c) Learnable- MLP Weights, and (d) Agent-b

plex cases where automated support may be most
needed. Implementing such a system in a clinical
setting would necessitate defining clear workflows
for handling cases flagged as uncertain. These re-
ports could be automatically routed for mandatory
manual review by a radiologist or technician, en-
suring that no potentially critical information is
missed.

Large language models (LLMs) efficiently auto-
mate structured data extraction from radiology re-
ports by converting unstructured text into clinically
relevant insights (Busch et al., 2024; Doshi et al.,
2024; Reichenpfader et al., 2024). However, en-
suring a trustworthy application through robust un-
certainty quantification remains an open challenge.
While Zeng et al. (Zeng et al., 2024) demonstrated
the potential of multiple interacting LLM agents
with specialized tasks to improve performance in
medical applications, their role in quantifying un-
certainty for reliable use remains underexplored.
This study is the first to introduce a generalizable
agent-based approach that quantifies uncertainty
and fosters the trustworthy use of LLMs for struc-
tured data extraction from radiology reports.

ased decision.

While domain-specific medical LLMs, such as
those fine-tuned on extensive biomedical text, hold
significant promise for structured data extraction
in healthcare, their applicability can be severely
limited in low-resource languages like Hebrew. As
noted, Llama 3.1 itself was not trained on Hebrew.
However, even dedicated medical LLMs, if primar-
ily trained on English or other well-represented
languages, may struggle more profoundly than a
multilingual base model when faced with Hebrew
medical reports. Their domain-specific fine-tuning,
while beneficial for known languages, can poten-
tially make them less adaptable to languages out-
side their training corpus, exacerbating the perfor-
mance gap due to the language barrier. This un-
derscores the importance of methods like prompt
ensembles and agent-based uncertainty awareness
when deploying LLMs for medical text analysis in
such linguistically challenging environments.

4.1 Limitations and Future Work

Despite promising results, several limitations merit
discussion. First, while the focus was on radi-
ology reports, extending these methods to LLM-
based analysis of other medical reports, such as
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pathology reports or electronic medical records,
requires additional validation. Second, optimiz-
ing ensemble techniques for highly imbalanced
datasets remains a challenge. Future clinical de-
ployments will require targeted strategy modifica-
tions to address extreme class imbalances, such as
class-weighted loss optimization for learnable mod-
els, threshold tuning specifically calibrated to max-
imize minority class sensitivity, or cost-sensitive
agent prompting protocols. Future work should
explore tailored approaches to address these limita-
tions and investigate the application of uncertainty
quantification in broader clinical scenarios. An-
other limitation of our comparison is the use of
a significantly larger model (Llama 3 - 70B) for
the agent compared to the base LLM (Llama 3.1 -
8B) and the models used in entropy-based methods.
While the agent performs a different function (syn-
thesizing outputs rather than initial extraction), its
increased capacity could contribute to its superior
performance metrics and calibration, representing
a potentially unbalanced comparison. This size
discrepancy might skew performance relative to
simpler entropy-based methods, as the higher pa-
rameter count inherently grants stronger linguistic
synthesis capabilities independent of the ensem-
bling technique.

5 Conclusion

In conclusion, our findings demonstrate the effec-
tiveness of prompt ensembles-based uncertainty
awareness in enhancing LLM performance for
structured data extraction in radiology. The agent-
based approach emerged as particularly robust,
achieving superior results. Incorporating uncer-
tainty quantification not only improves reliability
but also facilitates interpretability, paving the way
for more impactful and trustworthy Al applications
in healthcare.
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A Data Distribution

Distribution of Organ-Specific Findings with Detected Positive Cases
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Figure 4: Distribution of annotated findings.
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B SMP-BERT Performances

Table 5: SMP-BERT performances for the 23 selected labels on SZMC test-set.

Label Accuracy Precision Recall F1 Kappa Roc-AUC
Cecum inflammation 0.9310 0.7729  0.6573 0.6959 0.3950 0.6573
Cecum wall enhancement 0.9482 0.6864 0.6864 0.6864 0.3729 0.6864
Cecum wall thickness 0.9568 0.8239 0.8611 0.8413 0.6827 0.8611
Colon inflammation 0.9051 0.8228  0.7739 0.7952 0.5910 0.7739
Colon mesenteric edema/fat 0.9568 0.4784  0.5000 0.4889 0.0000 0.5000
Colon wall enhancement 0.9310 0.8060 0.6905 0.7314 0.4654 0.6905
Colon wall thickness 0.9310 0.8939  0.8134 0.8468 0.6945 0.8134
Ileum comb sign 0.9482 0.9135 0.8722 0.8912 0.7826 sequence  0.8722
Ileum fistula 0.9396 0.7808 09164 0.8310 0.6639 09164
Ileum inflammation 0.8793 0.8745 0.8786 0.8763 0.7527 0.8786
Ileum mesenteric edema/fat 0.8965 0.8666  0.6512 0.6987 0.4101 0.6512
Ileum pre-stenotic dilation  0.9568 0.9211  0.9365 0.9286 0.8572 0.9365
Ileum reduced motility 0.9827 0.9912 0.7500 0.8289 0.6588 0.7500
Ileum stenosis 0.9224 0.8883  0.9137 0.8999 0.8000 0.9137
Ileum wall enhancement 0.9568 09514 0.9559 0.9535 0.9071 0.9559
Ileum wall thickness 0.9396 09416 09444 0.9396 0.8796 0.9444
Rectum inflammation 0.9396 0.8482  0.6619 0.7147 0.4345 0.6619
Rectum wall enhancement 0.9741 0.9867 0.7500 0.8266 0.6547 0.7500
Rectum wall thickness 0.9827 0.9909 0.8571 009121 0.8245 0.8571
Sigmoid comb sign 0.9913 0.9956 0.8333 0.8977 0.7957 0.8333
Sigmoid inflammation 0.8793 0.7483  0.6937 0.7156 0.4329 0.6937
Sigmoid wall enhancement 0.9310 0.7729  0.6573 0.6959 0.3950 0.6573
Sigmoid wall thickness 0.9482 09143 0.7868 0.8358 0.6729 0.7868
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C Prompts and Agent Examples

Base LLM Extraction Prompts

1. Does the following radiology report indicate that the patient has {/abel}? Here is the report: {}.
Answer shortly, format your answer as a JSON file using the following schema: {"Answer":
"Yes/No", "Explanation”: "str"}. Important: Only return a single piece of valid JSON
text.

2. Does the radiology report below suggest that the patient is suffering from {label}? Here is the
report: {}. Please provide a concise answer, formatted as a JSON object using the following
schema: {"Answer"”: "Yes/No"”, "Explanation”: "str"}.

3. Can the presence of {/abel} be confirmed from the following radiology report? Here is the
report: {}. Provide a brief response, formatted as a JSON object according to the following
schema: {"Answer"”: "Yes/No"”, "Explanation”: "str"}.

4. Does the patient appear to have {label} based on the analysis of the radiology report provided?
Here is the report: {}. Please answer succinctly, formatted as a JSON object in the following
schema: {"Answer"”: "Yes/No"”, "Explanation”: "str"}.

5. Considering the radiology report presented, is there an indication that the patient has {label}?
Here is the report: {}. Provide a brief answer, formatted as a JSON object according to the
schema: {"Answer"”: "Yes/No”, "Explanation”: "str"}.

6. Is it possible to conclude from the following radiology report that the patient has {label}?
Here is the report: {}. Please provide a concise response, formatted as a JSON object using
the schema: {"Answer"”: "Yes/No”, "Explanation”: "str"}.

Input (Multiple Answers from Base LLM):

- Answer: "No". Explanation: "The report does not mention Cecum inflammation,
but rather mentions air-filled bubbles in the soft tissue of the right abdomen,
likely originating from the small intestine.”

- Answer: "Yes". Explanation: "The report mentions the presence of bubbles or
air pockets in the soft tissue of the right abdomen, which may be indicative
of inflammation in the cecum.”

Agent Output (Llama 3-70B synthesis):

"Decision”: "Likely No",

"Explanation”: "The majority of the answers suggest that there is no
inflammation in the Cecum, and the explanations provided are clear and
consistent. The one answer that suggests yes is not strongly supported and
seems to be an over-interpretation of the report."
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D Detailed Results Before Filtering

Table 6: Comparison of different methods before filtering using uncertainty threshold

Label Prev. F1 Score [%] Accuracy [%] Kappa [ %]

Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt
Cecum inflammation ~ 8.2% 254 281 295 288 33.0 831 79.0 813 829 80.7 0.16 018 020 020 0.24
Cecum wall enhance. 4.5% 9.5 12.0 120 114 114 847 809 841 865 76.6 0.03 005 005 0.05 0.04
Cecum wall thick. 6.4% 249 327 318 329 274 854 831 833 885 805 018 025 024 027 0.19
Colon inflammation 15.1% 37.0 449 441 427 434 776 740 753 751 69.0 0.23 030 030 028 0.27
Colon edema/fat 32% 48 88 100 137 186 915 91.1 922 945 867 001 004 006 0.11 0.14
Colon wall enhance. 82% 163 239 243 202 287 84.6 848 865 8.0 79.6 0.09 015 017 0.13 0.19
Colon wall thick. 127% 29.5 419 39.6 386 458 84.1 867 867 883 846 021 034 032 033 037
Ileum comb sign 145% 282 418 392 317 429 778 777 798 813 746 0.16 029 027 021 0.29
Tleum fistula 62% 337 484 512 542 431 878 893 91.7 930 874 028 043 047 050 037
Tleum inflammation 41.7% 60.5 86.1 84.1 846 869 738 885 872 878 885 043 076 073 0.74 0.76
Ileum edema/fat 11.9% 17.6 340 269 265 368 844 857 859 867 844 0.10 026 0.19 020 0.28
Ileum pre-stenotic 16.0% 27.0 40.8 421 406 395 73.0 686 714 779 623 0.12 023 026 027 0.20
Ileum reduced motil. 28% 17.1 263 333 280 200 875 87.8 922 922 8.6 013 022 030 024 0.15
Ileum stenosis 22.0% 395 565 53.6 536 646 785 80.7 805 820 822 027 044 041 042 053
Tleum wall enhance. 31.8% 40.0 658 704 500 676 688 767 783 73.1 757 021 048 053 032 048
Ileum wall thick. 42.8% 568 796 775 734 883 723 846 833 813 900 039 067 064 060 0.79
Rectum inflammation ~ 7.1% 21.3 272 282 314 260 852 826 857 867 779 0.14 019 021 024 0.17
Rectum wall enhance. 3.6% 89 20.6 188 11.7 20.6 89.9 90.0 906 935 850 0.05 0.16 0.14 0.08 0.15
Rectum wall thick. 58% 250 338 297 377 368 896 89.8 887 928 8.9 020 028 024 033 030
Sigmoid comb sign 34% 160 219 250 188 183 883 876 909 906 826 0.11 0.17 021 0.14 0.13
Sigmoid inflamm. 125% 29.6 40.0 372 393 360 754 714 722 753 638 0.16 026 023 026 020
Sigmoid enhance. 71% 179 273 233 237 338 849 850 872 902 805 011 0.19 0.16 0.18 0.25
Sigmoid wall thick. 11.0% 33.0 47.7 522 433 417 868 872 885 89.8 831 026 040 045 038 0.32
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E Detailed Results After Filtering (0.5)

Table 7: Comparison of different methods after filtering using uncertainty threshold < 0.5

Label F1 Score Accuracy Kappa # Cases Kept

Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt
Cecum inflammation 254 372 285 352 333 831 902 884 930 889 0.16 032 023 031 029 462 276 346 317 327
Cecum wall enhance. 95 142 153 7.1 13.6 847 90.1 879 921 880 0.03 0.10 0.10 0.03 008 462 243 366 331 317
Cecum wall thick. 249 592 476 41.6 400 854 959 93.1 957 914 0.18 057 044 039 036 462 273 323 333 315
Colon inflammation 370 542 496 517 517 776 813 807 836 773 023 043 039 042 039 462 289 369 343 314
Colon edema/fat 48 200 181 266 285 915 974 955 971 952 0.0l 0.18 0.15 025 026 462 308 402 387 317
Colon wall enhance. 163 148 222 162 170 846 915 892 915 871 009 0.10 016 012 0.11 462 271 390 365 304
Colon wall thick. 295 533 46.6 390 581 841 949 915 930 925 021 050 042 036 054 462 276 379 361 309
Ileum comb sign 282 50.0 33.8 448 450 778 O91.1 866 915 843 0.16 045 026 040 036 462 180 351 321 249
Ileum fistula 337 727 523 689 717 878 967 950 97.6 964 028 071 050 0.67 070 462 279 402 384 309
Ileum inflammation 60.5 93.1 877 892 963 738 945 908 927 97.0 043 0.88 080 083 093 462 296 381 347 344
Tleum edema/fat 176 166 274 00 333 844 931 903 928 924 0.10 0.14 022 -001 029 462 293 383 375 317
Ileum pre-stenotic 270 60.6 552 550 477 730 84.0 815 873 759 0.12 051 044 048 035 462 163 298 246 245
Ileum reduced motil. 17.1 40.0 320 333 444 875 962 955 976 946 0.13 038 030 032 042 462 237 382 339 278
Ileum stenosis 395 692 620 579 792 785 913 879 912 929 027 064 054 053 075 462 278 364 332 314
Tleum wall enhance. 40.0 69.5 735 57.1 67.1 688 856 837 861 8.1 021 0.60 062 048 055 461 195 252 281 275
Ileum wall thickness 56.8 919 838 81.6 955 723 954 903 916 969 039 0.88 077 076 093 462 244 353 323 329
Rectum inflammation  21.3  36.8 328 38.0 369 852 915 883 926 875 0.14 032 026 034 031 462 284 419 352 329
Rectum wall enhance. 89 0.0 206 00 285 899 948 941 962 935 0.5 -0.02 0.17 -001 026 462 273 393 378 309
Rectum wall thickness 25.0 58.8 40.0 380 500 89.6 975 941 963 939 020 057 037 036 047 462 288 360 357 328
Sigmoid comb sign 16.0 187 205 23.0 324 883 907 925 945 924 011 0.14 017 020 029 462 282 414 368 331
Sigmoid inflamm. 29.6 422 435 434 457 754 781 792 822 772 016 031 033 034 035 462 238 338 293 281
Sigmoid enhance. 179 333 315 285 373 849 902 929 932 81.8 0.11 028 027 025 029 462 258 351 359 310
Sigmoid wall thick. 33.0 606 508 473 521 86.8 956 923 944 905 026 058 046 045 047 462 299 381 363 350
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F Detailed Results After Filtering (Max 20 %)

Table 8: Comparison of different methods after filtering up to 20% of data, using uncertainty threshold < 0.5

Label F1 Score Accuracy Kappa # Cases Kept

Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt Base Uni Lin MLP Agnt
Cecum inflammation 254 313 333 350 363 831 845 881 900 829 0.6 024 027 029 029 462 370 370 370 370
Cecum wall enhance. 95 156 153 150 148 847 854 881 908 783 0.03 009 0.10 0.10 0.08 462 370 370 370 370
Cecum wall thick. 249 387 426 358 309 854 89.7 905 932 818 0.18 034 037 032 024 462 370 370 370 370
Colon inflammation 370 490 492 500 502 776 775 805 816 737 023 036 038 039 036 462 370 370 370 370
Colon edema/fat 48 166 181 266 178 915 945 955 971 875 0.01 014 0.15 025 0.13 462 370 402 387 370
Colon wall enhance. 163 28.0 222 162 301 846 889 892 916 800 009 022 0.16 0.2 021 462 370 390 370 370
Colon wall thick. 295 477 46.6 409 549 841 905 915 929 875 021 042 042 038 048 462 370 379 370 370
Tleum comb sign 282 415 354 366 478 778 840 862 878 770 0.6 032 027 030 035 462 370 370 370 370
Tleum fistula 337 653 523 689 530 878 951 950 976 894 028 062 050 0.67 048 462 370 402 384 370
Tleum inflammation 60.5 90.6 87.7 882 926 738 924 908 918 937 043 084 080 082 087 462 370 381 370 370
Ileum edema/fat 176 297 274 0.0 459 844 910 903 928 872 0.10 025 022 -001 038 462 370 383 375 370
Tleum pre-stenotic 27.0 46.1 467 466 439 730 735 759 827 627 012 031 033 036 024 462 370 370 370 370
Tleum reduced motil. 17.1 315 320 375 216 875 929 955 972 824 013 028 030 036 017 462 370 382 370 370
Ileum stenosis 395 63.7 616 606 764 785 867 875 894 89.1 027 055 054 054 069 462 370 370 370 370
Tleum wall enhance. 400 669 727 539 741 688 799 807 796 799 021 052 058 041 058 461 369 369 369 369
Tleum wall thickness 568 86.8 837 792 938 723 910 900 8.1 951 039 080 076 071 0.89 462 370 370 370 370
Rectum inflammation ~ 21.3  38.0 328 360 29.1 852 894 883 913 8l6 0.14 032 026 031 021 462 370 419 370 370
Rectum wall enhance. 89 7.6 206 00 231 899 935 941 962 856 005 0.04 017 -0.01 0.19 462 370 393 378 370
Rectum wall thickness  25.0 428 41.0 363 447 89.6 935 937 962 872 020 039 037 034 039 462 370 370 370 370
Sigmoid comb sign 160 18.1 205 23.0 235 883 902 925 945 859 0.1 0.4 017 020 0.18 462 370 414 370 370
Sigmoid inflamm. 29.6 39.7 43.6 403 414 754 737 783 791 656 0.6 027 033 030 025 462 370 370 370 370
Sigmoid enhance. 17.9 333 315 285 373 849 902 929 932 818 0.11 028 027 025 029 462 370 370 370 370
Sigmoid wall thick. 33.0 517 508 487 494 868 924 923 943 883 026 047 046 046 043 462 370 381 370 370
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Figure 5: Uncertainty Histograms for Cecum Wall Enhancement computed by: (a) Uniform Weights, (b) Linear-

Optimized Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.
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Figure 6: Uncertainty Histograms for Colon Mesenteric Edema or Fat Stranding computed by: (a) Uniform Weights,

(b) Linear-Optimized Weights, (c) Learnable-MLP Weights
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Figure 7: Uncertainty Histograms for Ileum Fistula computed by: (a) Uniform Weights, (b) Linear-Optimized
Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.
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Figure 8: Uncertainty Histograms for Ileum Pre-Stenotic Dilation computed by: (a) Uniform Weights, (b) Linear-
Optimized Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.
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Figure 9: Uncertainty Histograms for Ileum Reduced Motility computed by: (a) Uniform Weights, (b) Linear-
Optimized Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.
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Figure 10: Uncertainty Histograms for Rectum Wall Enhancement computed by: (a) Uniform Weights, (b) Linear-
Optimized Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.
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Figure 11: Uncertainty Histograms for Sigmoid Comb-Sign computed by: (a) Uniform Weights, (b) Linear-
Optimized Weights, (c) Learnable-MLP Weights, and (d) Agent-based decision.
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