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Abstract
Large language models (LLMs) have shown considerable promise in clinical natural language processing, yet
few domain-specific datasets exist to rigorously evaluate their performance on radiology tasks. In this work, we
introduce an annotated corpus of 6,393 radiology reports from 586 patients, each labeled for follow-up imaging
status, to support the development and benchmarking of follow-up adherence detection systems. Using this
corpus, we systematically compared traditional machine-learning classifiers—Ilogistic regression (LR), support vector
machines (SVM), Longformer, and a fully fine-tuned Llama3-8B-Instruct—with recent generative LLMs. To evaluate
generative LLMs, we tested GPT-40 and the open-source GPT-OSS-20B under two configurations: a baseline
(Base) and a task-optimized (Advanced) setting that focused inputs on metadata, recommendation sentences, and
their surrounding context. A refined prompt for GPT-OSS-20B further improved reasoning accuracy. Performance
was assessed using precision, recall, and F1 scores with 95% confidence intervals estimated via non-parametric
bootstrapping. Inter-annotator agreement was high (F1 = 0.846). GPT-40 (Advanced) achieved the best performance
(F1 = 0.832), followed closely by GPT-OSS-20B (Advanced; F1 = 0.828). LR and SVM also performed strongly (F1 =
0.776 and 0.775), underscoring that while LLMs approach human-level agreement through prompt optimization,

interpretable and resource-efficient models remain valuable baselines.
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1. Introduction

Follow-up recommendations are frequently in-
cluded in radiology reports, varying depending on
the modality and body region, with an average of
19.9% of reports containing such recommenda-
tions (Lau et al., 2020). These often, but not always,
specify an imaging modality, reason, and timeframe.
The referrer is typically responsible for ensuring pa-
tient communication and follow-up (Larson et al.,
2014), but radiology departments usually do not
track recommendations and may be unaware if
follow-ups are ordered or completed. Accordingly,
follow-up adherence is suboptimal, with over a third
of recommendations not being followed up as re-
ported in a recent publication (Mabotuwana et al.,
2019). Although undoubtedly a sizeable propor-
tion of follow-up imaging is not ordered because
it is felt unnecessary by the patient or clinician,
one study found that more than 35% of recommen-
dations were not followed up simply due to the
referring clinician not acknowledging them (Callen
etal., 2012). Reasons related to failure to follow-up,
especially on incidental findings, include referring
clinician missing the recommendations or losing
track of them while addressing a more acute ill-
ness, loss of information during handover between

care teams, the recommendation not being com-
municated to the patient, and the patient failing to
schedule or show up for the follow-up appointment
(Kulon, 2016).

Missing recommended follow-ups can have se-
rious clinical consequences, particularly when in-
cidental findings represent early manifestations of
malignancy or other progressive disease. Beyond
individual patient harm, inadequate follow-up adher-
ence also contributes to inefficiencies in healthcare
delivery and increased system costs (Kadom et al.,
2022). Accordingly, improving the identification and
tracking of follow-up recommendations is essential
for ensuring timely care and reducing preventable
morbidity and mortality. However, progress in this
area has been limited in part by the lack of publicly
available, well-annotated corpora tailored to this
clinical problem.

To address this gap, we developed a corpus of
6,393 radiology reports from 586 patients, each
manually annotated for the follow-up imaging sta-
tus. Using this resource, we systematically evalu-
ated multiple machine learning and large language
model (LLM) approaches for the task of follow-up
identification in free-text radiology reports—a do-
main characterized by high linguistic variability, im-
plicit clinical reasoning, and long-context dependen-
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cies. The evaluated models included logistic regres-
sion (LR), support vector machines (SVM)(Hearst
et al., 1998), Longformer (Beltagy et al., 2020), and
a fully fine-tuned Llama3-8B-Instruct (Grattafiori
et al., 2024), alongside generative models GPT-40
(Hurst et al., 2024) and GPT-OSS-20B. By intro-
ducing this annotated corpus and benchmarking
across both traditional and generative paradigms,
this study provides a valuable resource and empiri-
cal foundation for advancing real-world clinical NLP
applications in radiology.

2. Related Work

Given the critical importance of identifying follow-
up recommendations to prevent potentially fatal
outcomes, numerous NLP-based methods have
been developed for radiology reports. For instance,
Yetisgen et al. introduced a supervised text classi-
fication approach to detect recommendation sen-
tences, leveraging features beyond simple unigram
tokens (Yetisgen-Yildiz et al., 2011). Conditional
Random Fields (CRF) (Lafferty et al., 2001) have
also been utilized to capture temporal information
within follow-up recommendations (Xu et al., 2012).

Other studies have compared traditional ma-
chine learning models, such as Support Vector Ma-
chines (SVMs) (Hearst et al., 1998) and Random
Forests (RFs) (Breiman, 2001), with deep learn-
ing approaches like Recurrent Neural Networks
(RNNs) (Schuster and Paliwal, 1997) for identifying
follow-up recommendations (Carrodeguas et al.,
2019). Lau et al. created a corpus of radiology
reports annotated with entities related to follow-up
recommendations, trained a neural model on this
dataset, and applied it at scale to assess adherence
rates (Lau et al., 2020).

In addition, other research has focused on build-
ing tools that evaluate follow-up compliance by
extracting essential elements such as the recom-
mended time frame and imaging modality from ra-
diology reports (Mabotuwana et al., 2018). Dalal
et al. tackled the challenge of tracking follow-up
adherence with an Extremely Randomized Trees
model (Geurts et al., 2006) that integrates vari-
ous clinical features, including recommendation
attributes, metadata, and text similarity (Dalal et al.,
2020). This model achieved an F1 score of 0.807,
closely approaching the inter-annotator agreement
of 0.853 F1, demonstrating its effectiveness in track-
ing follow-up adherence and its potential utility in
real-world clinical settings.

However, the application of generative LLMs to
this specific task is still understudied. Therefore,
using our annotated corpus as a benchmark re-
source, we aim to evaluate both traditional machine
learning models and generative LLMs for the task
of follow-up identification, providing insights into

model performance, generalizability, and practical
suitability for clinical deployment.

3. Methods

This retrospective study was approved by the
Institutional Review Board (IRB) at the au-
thors’ institution and satisfies the waiver of pa-
tient informed consent. All radiology reports
were de-identified prior to annotation. Python
code used for the experiments is available on
our GitHub repository: https://github.com/
uw-bionlp/ReportMatcher.

3.1.

To track completion of follow-up imaging tests, we
define two types of radiology reports. Reports that
contained a finding for which an imaging follow-
up recommendation was present were termed “in-
dex reports.” Follow-up recommendations are of-
ten associated with potential malignancy and typ-
ically (though not invariably) specify the recom-
mended follow-up timeframe, imaging modality,
and anatomy or pathology to be re-imaged (e.g.,
“recommend follow-up with chest CT in 6 months
to assess stability of the lung nodule”). For a given
index report, all subsequent imaging reports for
the same patient in the radiology information sys-
tem (RIS) were considered—referred to hereafter
as “candidate reports.” Thus, each patient is rep-
resented by a single index report and its associ-
ated candidate reports. Figure 1 provides a visual
overview of the follow-up identification task.

Task Description

—
Intra-articular
fracture of the
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is again
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X
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follow-up
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Candidate Report 2
01/02/2019

Index Report
10/03/2018

Figure 1: Follow-up identification task

3.2. Dataset
3.2.1. Sampling Process

We used a clinical database containing 7 million
radiology reports from 959,382 patients, covering
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the years 2007—-2020. All reports were de-identified
using a neural de-identifier (Lee et al., 2021). Dur-
ing this period, each patient underwent an average
of 7.45 radiology examinations, with 29.9% having
only a single report.

We focused on selecting the most relevant index
reports for our task using the approaches described
in Figure 2. We limited index report modality to
CT and MR, as these frequently include follow-up
recommendations.

To ensure rapid and accurate sampling, we com-
bined automated and manual methods. First, to
increase the prevalence of recommendation sen-
tences among candidate index reports, we devel-
oped a lightweight SVM-based recommendation
sentence classifier using an existing annotated cor-
pus of 500 CT radiology reports (Lau et al., 2022),
splitinto training, development, and test sets (80% /
10%/10%). Trained on binary sentence labels (has
recommendation vs. no recommendation), the clas-
sifier evaluated each sentence and marked it as a
recommendation when appropriate. The sentence-
level performance was 0.87 F1, and it identified
181,020 CT and 52,809 MRI reports with at least
one recommendation sentence—12.8% and 9.8%
of notes per modality in our dataset, respectively.

From reports with at least one follow-up recom-
mendation, we next identified those including a
mass lesion. After randomly selecting 25,000 re-
ports per modality, we applied a BERT-based entity
and relation extractor from prior work (Park et al.,
2024) to extract detailed clinical findings (mass le-
sions, problems, attributes). The number of ran-
domly selected reports (n = 25,000 per modality)
was determined based primarily on the size of the
MRI subset. As shown in Figure 2, 52,809 MRI
reports contained at least one follow-up recommen-
dation. We aimed to sample approximately 50% of
this eligible MRI population to obtain a sufficiently
large and representative cohort for the subsequent
information extraction stage. The final MRI sam-
ple size (25,000) corresponds to 47.3% of eligible
MRI reports. To maintain a balanced design across
imaging modalities during downstream processing,
we matched the CT sample size to the same num-
ber (n = 25,000), despite the larger pool of eligible
CT reports. Afterwards, We targeted cases with
newly discovered lesion findings in six anatomies
(lung, kidney, liver, adrenal gland, pancreas, and
thyroid) yielding 2,095 CT reports and 464 MRI re-
ports, each with at least one new lesion in a target
anatomy and at least one recommendation sen-
tence.

From this refined pool of 2,559 eligible reports
(2,095 CT and 464 MRI), 720 index reports were
randomly selected. Based on initial pilot anno-
tation rounds, we determined that sampling 720
reports would provide an appropriate balance be-

tween dataset size, annotation feasibility, and sta-
tistical robustness, given available annotation re-
sources and time constraints. Two medical student
annotators then excluded potentially incorrect sam-
ples from automated filtering, removing reports with
excessively vague recommendations (e.g., “atten-
tion on follow-up is recommended,” “clinical correla-
tion is recommended”) and those recommending or
leading to same-day characterization of acute find-
ings. The combined filtering resulted in 586 index
reports, with 134 inappropriate samples removed.
For each of the 586 index reports, corresponding
candidate reports were sampled without restriction
on imaging modality, resulting in 5,807 candidate
reports (mean 9.9 per index; range [1, 168]).

3.2.2. Data Annotation

All reports were annotated by two medical students,
who identified the earliest qualifying follow-up re-
port among the candidate reports, if it existed. A
candidate report was considered a follow-up if it
addressed the same anatomical region as the le-
sion in the index report and explicitly referenced or
negated the prior finding (e.g., “multiple pulmonary
nodules unchanged from the previous examination,”
“redemonstration of hypodense mass measuring
2.6 x 2.4 cm, previously 3.2 x 3.0 cm”). In multi-
lesion cases, identifying the most suitable follow-up
exam was challenging; such complex cases were
flagged and reviewed with a board-certified radiolo-
gist. The annotation process comprised 16 rounds.
In the first 11 rounds, samples were doubly an-
notated, disagreements were resolved in weekly
meetings, and any controversial cases were adju-
dicated with a board-certified radiologist. After 11
rounds, inter-annotator agreement was 0.846 F1.
The subsequent 5 rounds were single annotated to
increase volume, resulting in 347 single-annotated
report pairs and 239 double-annotated report pairs.

Among the 586 index—candidate pairs, a qual-
ifying follow-up report was identified in 417 pairs
(71.3%), while 169 index reports (28.7%) had
no follow-up identified. For 54% of index re-
ports, the first or second candidate chronolog-
ically was labeled as the follow-up. While in-
dex reports included only CT and MRI, candi-
date reports spanned modalities: computed/dig-
ital radiography (n=2,139, 36.8%), CT (n=2,003,
34.5%), MRI (n=520, 8.9%), ultrasound (n=516,
8.8%), nuclear medicine (n=171, 2.9%), angiogra-
phy (n=127, 2.2%), PET-CT (n=99, 1.7%), mam-
mography (n=65, 1.1%), etc. Index reports aver-
aged 437.5 tokens (30.4 sentences) versus 252
tokens (17.3 sentences) for candidate reports. We
used the BERT tokenizer (Devlin et al., 2019),
which converts text into subword tokens.
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Figure 2: Sampling process for index reports

3.3. Models

Prior work (Mabotuwana et al., 2018) in follow-
up imaging identification applied discrete machine
learning models combining text and engineered lin-
guistic features to predict the likelihood of a correct
candidate report. We framed follow-up identifica-
tion as a binary classification task by constructing
index—candidate pairs and labeling each pair posi-
tive if the candidate report was the correct follow-up
for the index report.

3.3.1. Feature-based Traditional Models

We evaluated Logistic Regression (LR) and Sup-
port Vector Machines (SVM) in a supervised learn-
ing setting, with inputs consisting of index and can-
didate report text plus metadata (imaging modality
and report time gap in days). Separate vector rep-
resentations for index and candidate reports were
created using TF-IDF (Sparck Jones, 1972). Meta-
data were encoded using binary indicator vectors.
A binary vector representing words shared by index
and candidate reports was concatenated to form
the final representation vector. The SVM used a sig-
moid kernel and L2 regularization; both SVM and
LR used class-balanced loss functions. Figure 3
illustrates the SVM and LR pipelines. Individual
vectors with separate encodings for metadata and
text represented each of the index (Vingex) @and can-
didate (Vcandidate) reports; the final pair vector (Vpair)
concatenated index, candidate, and shared-word
vectors.

Index & Candidate I; Cu Cpz Cis Cima " Cim
reports of patient k&
Index Report Candidate Report
Metadata

Modality  Anatomy [Modality Anatomy | Time Gap]

Clinical Indication Clinical Indication
Findings Findings
TImpression Impression
: Remove stop words, minge=100 :
Vindex (7,1033) Vector Repr i V candidate (1,1342)

Modality| Anatomy | Report text
n2) (n4l) (7,990)

Modality | Anatomy Time Gap Report text
(n,11)  (n,321)  (n, 20) (1,990)
‘Veommon ( 7,990)

Binary vector for common words

Vpair = Concatenate (Vingex »Veandidater Veommon) (7,3365)

Binary Classification
SVM/LR)

0: Not a follow-up
1: Follow-up

n: Total number of candidate reports
m: Total number of candidate reports for patient &

—>»One-hot encoded vector
—>»TF-IDF vector

Figure 3: Follow-up identification using feature-
based traditional models — Support Vector Machine
and Logistic Regression

3.3.2. Supervised Learning using
Transformer-based Models

We also investigated supervised learning with
Transformer-based models capable of extended
inputs, including Longformer (Beltagy et al.,
2020), BioClinicalModernBERT (Sounack et al.,
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2025), Llama3-8B-Instruct and Llama3.1-8B-
Instruct (Grattafiori et al., 2024), with model selec-
tion guided by compute constraints. We report re-
sults for Longformer and Llama3-8B-Instruct, which
demonstrated the highest performance. Each input
concatenated index and candidate report text sep-
arated by special tokens. Longformer used a linear
classification layer. Both Longformer and Llama3-
8B-Instruct were trained on the complete index
and candidate text plus metadata. For Llama3-8B-
Instruct, we tested several prompt designs; the best
included a brief instructional prefix preceding the re-
port pair (Figure 4). The model was then instruction-
tuned via full supervised fine-tuning (SFT) using
this engineered prompt. Additional implementation
details are available in our GitHub repository.

Index &
Candidate
reports of
patient k

v v

Instruction-tuning using
Llama-3-8B-Instruct

Instruction /- .m]

You are an expert
radiologist. Below here Index
is a patient's radiology
report containing a
recommendation and a
\possible candidate that
satisfies the
recommendation.

‘Does the candidate

Fine-tuning Longformer

[8 Longformer (n,768) ]

Linear layer (768,2)

Candidate

leamaS-SB-
Instruct

0: Not a follow-up

1: Follow-up satisfy the

\recommendation?'
N J

Yes or No

n: Total number of candidate reports
m: Total number of candidate reports for patient &

Figure 4: Transformer-based follow-up identifica-
tion models — Longformer and Llama3-8B-Instruct

3.4. Generative Large Language Model

To evaluate generative LLMs for identifying follow-
up imaging studies, we assessed GPT-40 (Hurst
et al., 2024) (version 2024-05-13) and GPT-OSS-
20B (Agarwal et al., 2025) in our HIPAA-compliant
environment using two strategies: a baseline
setting and an advanced, task-optimized setting
(Figure 5). GPT-40 provides strong instruction-
following and clinical reasoning, and GPT-OSS-
20B is a recent open-source model suitable for
secure institutional deployment. Larger variants
such as GPT-OSS-120B were not used, as they of-
fered only marginal gains in our task at substantially
higher computational cost.

In the baseline setting, the model received the
full index and candidate reports including metadata,
accompanied by minimal task-specific instruction,
and was asked to determine whether the candidate
report represented an appropriate follow-up. In con-
trast, the advanced setting restricted input to meta-
data and the recommendation sentence—identified

using the SVM-based sentence classifier in Sec-
tion 3.2.1—along with its immediate preceding sen-
tence (green box in Figure 5), emphasizing clinically
relevant content for follow-up determination.

To optimize prompt engineering, we randomly
selected 60 index reports and their corresponding
candidate reports for iterative refinement during de-
velopment. All prompt optimization was conducted
using GPT-40, and the final prompt that achieved
the best development performance was adopted as
the standard prompt for both the baseline and ad-
vanced settings. This optimized prompt was then
directly applied to GPT-OSS-20B to assess cross-
model transferability. The 60 development samples
used for prompt optimization were excluded from
final evaluation, which followed the performance
criteria described in the next section.

Following initial error inspection on the develop-
ment set, we observed that GPT-OSS-20B tended
to judge candidate reports as incorrect when not all
findings in the recommendation were re-addressed.
To account for this behavior, we introduced an ad-
ditional instruction on top of the GPT-40 prompt
clarifying that a follow-up remains valid even if only
a subset of the recommended findings is addressed
(Figure 5).

3.5. Evaluation

We evaluated performance at the index report-level
chronologically (Figure 6) using the following cate-
gories: 1) True Positive (TP) - correctly predicted
the follow-up candidate report, if it existed. If multi-
ple positive predictions existed, only the first one
was considered for comparison because this is the
clinically most important examination to ensure that
follow-up did occur. 2) False Positive (FP) - incor-
rectly identified a follow-up when it was not a follow-
up; 3) False Negative (FN) - did not predict the
correct follow-up which existed; and 4) True Neg-
ative (TN) - correctly predicted the absence of a
follow-up when there was no matching follow-up
examination.

The evaluation set consisted of 526 index reports
and their corresponding candidate reports, exclud-
ing 60 index reports and their associated candidate
reports that were used for prompt tuning of GPT-40.
We evaluated our models in two settings: (1) five-
fold cross-validation (CV) for supervised learning
models and (2) in-context learning for generative
LLMs. For CV, we set train-validation-test splits
and tune the hyperparameters at every fold. We
reported precision, sensitivity, F1, and specificity
for all our approaches, along with their 95% Con-
fidence Intervals (Cl). We utilized non-parametric
bootstrap test to compare the models’ F1 scores
with a significance threshold of 0.05.
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GPT-40 Prompt

You are an expert Al assistant designed to support radiologists in their clinical decision-making processes. \

Your output must be a JSON object with the following structure:
{ "is_followup": 1, "reasoning": "EXPLANATION"}

Your primary task is to compare two radiology reports, "Report A" and "Report B," to determine if Report B represents a proper follow-up to Report A.

- "is_followup": Will be 1 if Report B is a proper follow-up to Report A, and 0 if it is not.
- "reasoning": Must provide a concise, evidence-based explanation for your decision.

This explanation must include direct excerpts from both Report A and Report B that specifically informed your conclusion.

\Highlight the key findings, recommendations, or concerns from Report A that are addressed, monitored, or further investigated in Report B.

Conversely, if it's not a follow-up, explain why by pointing to the lack of connection or conflicting information. Explanation should not exceed 5 sentencesj

Additional Instruction for GPT-0SS-20b |

Note that if any of the findings related to recommendation is addressed, it qualifies as a proper follow-up report.
Report B may still qualify as a follow-up of Report A even though it addresses a subset of findings related to the recommendation.

Index Report

Completed DTTM: <Date/>
ModalityType: CT
Examination: CT CHEST WO CONTRAST

Metadata
FINDINGS:

Left upper lobe consolidation with surrounding groundglass opacities
in size.

IMPRESSION:

characterize within the current study.
Consider dedicated CT abd pelvis for further characterization

Several hypodensities within the spleen have changed position and grossly decreased

Numerous hypodensities within the spleen are grossly decreased however difficult to

Recommendation sentence

Candidate Report

Completed DTTM: <Date/>
ModalityType: XR

Time Gap: x days

Examination: XR CHEST 2 VIEWS

~

Metadata

{ Gold Label:
0 (Not a follow-up)

CLINICAL INDICATION: :
Hypoxia }
FINDINGS AND IMPRESSION:

1. Right PICC terminates in the right atrium

2. Left lower lung consolidation, slightly worsened

compared to prior radiographs concerning for pneumonia

3. Small-volume left pleural effusion and possible minimal
and its preceding sentence right pleural effusion

Base Setting (Wrong prediction) ]
Input: Full Index Report (w/ Metadata) + Full Candidate Report (w/ Metadata)

J

Output: {'is_followup': 1, 'reasoning': "Report B is a proper follow-up to Report A. Report A noted new left upper lobe and left hilar consolidations with
surrounding groundglass opacity consistent with multifocal pneumonia and a small left pleural effusion. Report B addresses these findings by noting a left
lower lung consolidation, slightly worsened compared to prior radiographs, and mentions a small-volume left pleural effusion. Both reports are concerned

with pneumonia and pleural effusion, indicating continuity in monitoring the patient's condition."}

Advanced Setting (Correct prediction) ]

Input: Condensed Index Report (Metadata + Recommendation sentence and its preceding sentence) + Full Candidate Report (w/ Metadata)

Output: {'is_followup" 0, 'reasoning': 'Report B does not address the recommendations or findings from Report A. Report A suggests a dedicated CT
abdomen and pelvis for further characterization of hypodensities within the spleen, while Report B is an XR chest 2 views focusing on hypoxia and

lung conditions, which are unrelated to the recommendations in Report A.'}

Figure 5: Follow-up identification using generative LLMs. GPT-OSS-20B prompt is created by adding
2-sentence instructions on top of GPT-40 prompt. Outputs for base and advanced settings are actual

predictions from GPT-40.

4. Results

Table 1 summarizes the aggregated performance
of all evaluated models. Among them, GPT-
40 (Advanced) achieved the highest overall per-
formance, with an F1 score of 0.832 (95% Cl:
0.802-0.860)—closely approximating the inter-
annotator agreement score of 0.846. The next best
performer was GPT-OSS-20B (Advanced), which
achieved an F1 of 0.828 (0.799-0.856), demon-
strating nearly equivalent performance to GPT-40
despite being a smaller, fully open-source model.
Both advanced configurations markedly outper-
formed their respective base counterparts, under-
scoring the benefit of the optimized input design
that emphasized follow-up recommendation cues
within the radiology reports. Specifically, GPT-40

(Advanced) achieved a precision gain of A+0.101,
a recall increase of A+0.018, and a correspond-
ing F1 improvement of A+0.060 relative to its base
setting. Similarly, GPT-OSS-20B (Advanced) im-
proved precision by A+0.090, recall by A+0.058,
and F1 by A+0.075 compared to its base configu-
ration. Statistical significance testing (Table 2) con-
firmed that these gains were significant (p < 0.05)
for each model relative to their baselines. However,
no statistically significant difference was observed
between GPT-40 (Advanced) and GPT-OSS-20B
(Advanced), suggesting that GPT-OSS-20B can
serve as a viable and complementary alternative
to GPT-4o0—particularly in resource-constrained
or privacy-sensitive environments where closed-
source APls are less feasible.

The fully fine-tuned Llama3-8B-Instruct model
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Time

»

Candidate 1 Candidate2 Candidate3 Candidate 4

Candidate n
True Positive (TP) : Correctly predicted the earliest follow-up report
Case 1. Model identified a follow-up report, which is the correct follow-up report
Truth X X v X X
Prediction X X v X X
Case 2. Model identified multiple follow-up reports, the earliest of which is the correct follow-up report
Truth X X v X X
Prediction X X v v . X
True Negative (TN) : Correctly predicted that no follow-up reports exist for the target source report
Truth X X X X . X
Prediction X X X X ‘e X
False Positive (FP) : Incorrectly predicted the existence of one or more follow-up reports when none actually existed
Truth X X X X X
Prediction v X v X .o X

False Negative (FN) : Failed to identify the earliest follow-up report, despite its existence

Case 1. Model did not identify any follow-up reports

Truth X X X X
Prediction X X X X - X
Case 2. Model identified one or more follow-up reports. Failed to choose the correct follow-up report
Truth X X X X
Prediction X X X v - v

Case 3. Model identified one or more follow-up reports, including the correct follow-up report. However, the
earliest candidate report selected by the model is not the true follow-up report.

Truth X X
X v

Prediction

v X X
v X X

Figure 6: Evaluation method for follow-up identification task. The check mark indicates that the target
candidate report has been identified as a follow-up report either by the model (Prediction) or by the
annotators (Truth). Boxes in purple show the prediction by the model and boxes in green are the true

labels

Table 1: Model performance metrics with 95% confidence intervals

Llama3-8B-Instruct

0.907 (0.872, 0.943)

0.623 (0.573, 0.670) 0.738 (0.698, 0.775

0.807 (0.767, 0.846

Model Precision Recall F1
SVM 0.769 (0.727,0.812) 0.785(0.743,0.827) 0.777 (0.743, 0.809)
LR 0.792 (0.750, 0.833)  0.759 (0.715, 0.802) 0.775 (0.740, 0.808)
Longformer 0.741 (0.694, 0.788 0.686 (0.646, 0.724)
( )
)

GPT-40 (Base)

GPT-40 (Advanced)
GPT-OSS-20B (Base)
GPT-OSS-20B (Advanced)

0.734

0.740 (0.698, 0.783
0.841 (0.803, 0.878

(0.690,0.777
0.824 (0.786,0.862

—

0.772 (0.738, 0.803
0.832 (0.802, 0.860)
0.753 (0.720,0.787)
0.828 (0.799,0.856)

( )
0.639 go.sgo, 0.687;
( )
( )
( )

0.825 (0.786, 0.863
0.775 (0.733,0.818)
0.833 (0.795,0.870)

achieved the highest precision among all systems
(0.907, 95% CI: 0.872-0.943), yet its recall re-
mained substantially lower (0.623, 0.573-0.670),
resulting in a reduced F1 score compared to most
other approaches. This imbalance may reflect over-
fitting during fine-tuning, where the model captured
training-specific patterns at the expense of gener-
alization to unseen cases. Alternatively, the limited
recall could stem from the pronounced class imbal-
ance in the dataset—only 417 candidate reports
(7.2% of total pairs) represented true follow-ups.
Such skewed distributions can bias models toward

negative predictions, diminishing sensitivity to the
minority class. Future work could explore class-
balanced sampling or focal loss optimization to mit-
igate this effect and improve model robustness on
rare follow-up cases.

5. Discussion

During prompt engineering using GPT-40, we ob-
served cases where the model exhibited a tendency
to classify all candidate reports as non—follow-ups.
Prompts that included overly detailed instructions
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Table 2: Pairwise statistical significance comparisons for our models using the non-parametric bootstrap
test (n=253 patients drawn with replacement, 10,000 repetitions). P-values are indicated in parentheses.

GPT-40 GPT-OSS-20B GPT-40 GPT-OSS-20B
(Advanced) (Advanced) (Base) (Base) SWM LR Llama3-88 Longformer
F1 0.832 0.828 0.772 0.753 0.777 0.775 0.738 0.686
(95% Cl) (0.802,0.860) (0.799,0.856) (0.738,0.803) (0.720,0.787) (0.743,0.809) (0.740,0.808) (0.698,0.775) (0.646, 0.724)
GPT-40 N/A No Yes Yes Yes Yes Yes Yes
(Advanced) (0.3141) (0.0001) (0.0001) (0.0001) (0.0003) (0.0001) (0.0001)
GPT-OSS-20B N/A Yes Yes Yes Yes Yes Yes
(Advanced) (0.0002) (0.0001) (0.0005) (0.0001) (0.0001) (0.0001)
GPT-40 N/A Yes No No Yes Yes
(Base) (0.0454) (0.3839) (0.4432) (0.0462) (0.0001)
GPT-0SS-20B N/A No No No Yes
(Base) (0.0833) (0.1024) (0.2433) (0.0002)
No Yes Yes
SUM N/A (0.4567) (0.0376) (0.0007)
Yes Yes
LR N/A (0.0371) (0.0005)
Llama3-8B N/A (0_};‘:37)
Longformer N/A

often led to incorrect predictions, highlighting LLMs’
sensitivity to prompt complexity. Even with opti-
mized prompting, GPT-40 (Base) achieved an F1
score of 0.772 (95% Cl: 0.738-0.803), which was
not statistically different from SVM (F1 = 0.777,
95% Cl: 0.743-0.809) or LR (F1 = 0.775, 95% CI:
0.740-0.808). This finding suggests that effective
prompt engineering is essential for GPT-40, while
more sophisticated, task-tailored approaches may
still be required for it to consistently outperform
simpler, more efficient traditional ML models.

The examples shown in Figure 5 demonstrate the
benefit of using task-specific, condensed input for
GPT-40 (Advanced). The index report documents
multiple findings, including “left upper lobe con-
solidation” and “hypodensities within the spleen,”
but the follow-up recommendation specifically con-
cerns the splenic hypodensities and calls for a CT
abdomen and pelvis. The candidate report, how-
ever, is not a CT of the recommended anatomy
and does not address the splenic findings, making
it unqualified as an appropriate follow-up. In the
Base setting, which provided the full index report as
input, the model incorrectly predicted this case as
a valid follow-up by focusing only on lexical overlap.
In contrast, the Advanced setting—by restricting
input to the recommendation sentence and meta-
data—correctly identified the mismatch in anatomy
and modality. We anticipate that this targeted input
design reduced false positives, leading to improved
precision (0.740 vs. 0.841).

Extending this analysis, the open-source GPT-
0OSS-20B model provided additional insight into
model-specific prompt sensitivity. When using
the same prompt as GPT-40, GPT-OSS-20B ex-
hibited lower performance (F1 = 0.799, 95% ClI:
0.767-0.831), primarily due to over-strict reason-
ing that rejected valid follow-ups when not all find-
ings from the recommendation were addressed.
After refining the prompt to clarify that "a follow-up
remains valid even if only a subset of the recom-

mended findings is discussed", GPT-OSS-20B (Ad-
vanced) improved substantially to 0.828 F1 (95%
Cl: 0.799-0.856), achieving performance statisti-
cally indistinguishable from GPT-40 (Advanced) (p
= 0.3141). This demonstrates that small, concep-
tually meaningful adjustments to task framing can
harmonize LLM reasoning with clinical logic, par-
ticularly for open-source models whose instruction-
following behavior may differ from proprietary coun-
terparts.

It is noteworthy that feature-based models such
as LR and SVM performed comparable or better
than GPT-40 (Base) and GPT-OSS-20B (Base),
underscoring their value as interpretable and
resource-efficient alternatives for deployment in
clinical applications. These models are especially
advantageous in settings where computational re-
sources for model development, inference, and
validation are limited. In our study, analysis of the
LR feature weights revealed that the most influ-
ential predictors combined metadata (e.g., time
gap, anatomy) with terms describing findings and
their characteristics. Words such as “nodule,” “le-
sion,” “unremarkable,” and “benign” were among
the strongest positive contributors—closely aligning
with the reasoning processes employed by radiolo-
gists.

6. Conclusion

In this study, we present a newly annotated corpus
of 6,393 radiology reports from 586 patients, de-
signed to support the development and benchmark-
ing of models for identifying imaging follow-ups.
Using this resource, we comprehensively evalu-
ated a spectrum of methods ranging from traditional
feature-based classifiers and transformer-based en-
coders to recent generative LLMs. Among all eval-
uated systems, GPT-40 (Advanced) achieved the
highest performance (F1 = 0.832), closely matching
inter-annotator agreement (F1 = 0.846). The open-
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source GPT-OSS-20B (Advanced), when guided
by a refined prompt incorporating task-specific clar-
ification, achieved comparable results (F1 = 0.828)
without a statistically significant difference.

These results underscore the importance of task-
aware prompt design and input curation in optimiz-
ing LLM reasoning for clinical applications. While
closed-source models such as GPT-40 demon-
strate strong out-of-the-box performance, open-
source systems like GPT-OSS-20B achieve compa-
rable accuracy with greater flexibility for fine-tuning
and integration within secure institutional environ-
ments. Despite the advances of LLMs, traditional
models such as logistic regression (LR) and sup-
port vector machines (SVM) remain valuable, offer-
ing interpretable and computationally efficient base-
lines. Collectively, this corpus and evaluation pro-
vide a reproducible foundation for future research,
highlighting a complementary landscape where
open and closed LLMs, alongside interpretable
classical models, together advance the robustness
and transparency of clinical NLP systems.

7. Limitations

Accurate identification of follow-up imaging has im-
portant implications for clinical practice, including
reducing unnecessary scans and improving the
management of incidental findings. To enhance
model generalizability, future work should lever-
age multi-institutional datasets encompassing a
broader range of imaging modalities and clinical
scenarios. Multi-modal approaches that integrate
imaging data with radiology text, as well as the use
of domain-adapted vision-language models (e.g.,
MedGemma (Sellergren et al., 2025), MedVLM-R1
(Pan et al., 2025)), represent promising avenues
for advancing performance and clinical relevance.

An additional limitation relates to class imbalance
in the constructed index—candidate pairs. Only 417
candidate reports (approximately 7% of total pairs)
represented true follow-up examinations, resulting
in a highly skewed label distribution. Although this
prevalence reflects realistic clinical workflows, such
imbalance may bias models toward negative pre-
dictions and reduce sensitivity to rare but clinically
important follow-up cases. Addressing imbalance-
aware training strategies or data-level augmenta-
tion approaches remains an important direction for
future work.

Furthermore, evaluating LLM outputs should ex-
tend beyond standard performance metrics such
as precision, recall, and F1. Our current study was
limited to these measures, but future evaluations
should incorporate radiologist review, clinical rea-
soning assessments, and systematic evaluations
of reasoning quality, factual consistency, and clin-
ical validity. Establishing such robust evaluation

frameworks will be essential to ensure the safe and
effective deployment of LLMs in real-world health-
care settings.

Finally, although this work establishes technical
feasibility, we did not assess real-world clinical im-
pact, workflow integration, or production deploy-
ment considerations, which warrant prospective
evaluation in operational clinical settings.
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consent for the use of clinical text data. Radiology
reports may contain patient Protected Health Infor-
mation (PHI), including names, contact information,
and other identifiers. To ensure patient privacy,
all reports were automatically de-identified using a
neural de-identification model, followed by manual
review and secondary de-identification by trained
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PHI remained. Both the original and de-identified
reports were securely stored on a Health Insur-
ance Portability and Accountability Act (HIPAA)-
compliant server. All researchers and annotators
completed human subjects training and were au-
thorized to handle data containing PHI.

The annotated corpus used in this study was
randomly sampled from the general population of
patients undergoing imaging examinations at a sin-
gle academic medical center. The dataset includes
a diverse range of imaging modalities and clinical
contexts, and was developed to support the task
of identifying imaging follow-ups. Demographic
variables were not used during sampling, and the
patient population may not be representative of
other institutions or the broader population. Differ-
ences in report style, structure, and documentation
practices across sites may therefore affect the gen-
eralizability of the developed models.
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Appendix A: Annotation Guidelines for Follow-up Report Identification

A.1. Definitions
* Index Report: Radiology report with the follow-up recommendation.

» Candidate Report: Radiology reports following the index/source report. All modalities are included.

Each index/source report will be presented through OneDrive and contains metadata to provide details
about the radiology report including modality, description of exam, and date/time.

Candidate reports will be presented through brat and include the same metadata as well as the number
of dates in between the source report and the candidate report.

A.2. Annotation Task

For each index/source report, the annotators will review the candidate notes in chronological order and
label the first report that qualifies as a follow-up.

For a candidate exam to meet the criteria for follow-up, it must include the same body region (i.e.
anatomy) as the lesion on the index report.

A.2.1. Surveillance and Incidentalomas

Most of the reports in the cohort do not contain incidentalomas, even though follow-up may occur on
some patients. For example, a patient with known cancer such as lung cancer may be undergoing a
series of CT scans to monitor the progress of their disease whether they are on therapy or not. This
is called surveillance imaging. The time intervals between such imaging are usually in the order of
months (occasionally as short as 1 month). Radiologists don’t typically recommend follow-up in these
cases because the clinicians follow standard guidelines for the timeframe and modality for surveillance
imaging, or they link the timeframes to the therapies they are using.

Even for incidentalomas, the index exam might not be the first discovery of the incidental lesion. By
chance, it might be part of the follow-up (surveillance) chain of imaging for the incidentaloma. For example,
for small lung nodules identified at time 0 months, radiology used to recommend follow-up at 3, 6, 12, 24
months. If the index report you are presented with is 3 months after it became an incidentaloma, then a
candidate report at 6 (or 12) months would meet the criteria for follow-up, even though the index report
appears to be a follow-up report anyway. Nevertheless, the first reasonable candidate exam after the
index should be marked as follow-up.

A.2.2. Opportunistic Follow-up

Follow-up imaging may be deliberate, or ‘opportunistic’ (i.e. a patient gets imaging for another reason, but
in doing so, the imaging meets criteria for follow-up). We should mark a candidate report as a follow-up
report even if the exam appears to be opportunistic. For example, if the index report contains an incidental
lung nodule, and a CT of the chest is done 3 months later because the patient had a car crash, then the
candidate follow-up CT would still qualify.

Beware of opportunistic follow-up that appears to be very soon after the index report. Occasionally
an opportunistic exam might actually mean that further follow-up is unnecessary (e.g. the radiologist
characterizes the lesion as benign).

A.2.3. Characterization

Sometimes an incidental finding identified on one modality will undergo characterization with a different
modality (or variation of the same modality) soon after the initial finding to determine whether it is likely
benign or malignant. If you see a scan performed to characterize a lesion that was identified on the index
scan, it meets criteria for follow-up. Examples of characterization include:

+ A thyroid nodule identified on a CT may undergo ultrasound soon afterwards (weeks)

» An adrenal lesion identified on a CT may undergo either MRI or CT to determine whether it is an
adrenal adenoma or not

» A nodule seen in the liver on a CT may undergo MRI or multi-phase CT to determine whether it is
malignant or not
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» A nodule seen on a CXR may undergo a CT for characterization (e.g. Is it real? Is it likely to be a
cancer?)

* A lung nodule found on CT may undergo PET-CT for characterization

+ A pancreatic or renal lesion seen with ultrasound or CT may undergo CT (or MR, sometime ultrasound)
to figure out whether it is likely to be a cancer or not.

A.3. Timing and Intervals

For the most part, a follow-up exam of the same modality will be at least six weeks after the index exam.
There are a few exceptions:

» When the incidental finding is found on a less specific imaging modality (e.g. CXR), and a follow-up
CT is done rapidly to determine whether the finding is real or not (and to figure out whether it is likely
cancer or not).

« If the radiologist thinks believes, in the index report, that the finding is unlikely to be cancer, and is
likely to go away quite quickly (e.g. lung nodules that look like infection)

There are standard follow-up intervals for certain types of incidentalomas:

« Initial incidental lung nodule follow-up imaging will usually occur months after the index exam, e.g. 3,
6, 12 months. Non-large lung nodules are usually followed up by CT

* Incidental thyroid nodule imaging usually occurs months or years (1-24 months) after the initial exam,
and thyroid nodules are often followed up by ultrasound.

Often CT, MRI or PET-CT will show multiple lesions in multiple organs. Deciding which is the best
candidate exam in this case will be a challenge. Do your best and ask for the radiologist’s advice.
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