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Abstract
Tracking findings in longitudinal radiology reports is crucial for accurately identifying disease progression, and
the time-consuming process would benefit from automatic summarization. This work introduces a structured
summarization task, where we frame longitudinal report summarization as a timeline generation task, with dated
findings organized in columns and temporally related findings grouped in rows. This structured summarization
format enables straightforward comparison of findings across time and facilitates fact-checking against the
associated reports. The timeline is generated using a 3-step LLM process of extracting findings, generating
group names, and using the names to group the findings. To evaluate such systems, we create RadTimeline,
a timeline dataset focused on tracking lung-related radiologic findings in chest-related imaging reports. Exper-
iments on RadTimeline show tradeoffs of different-sized LLMs and prompting strategies. Our results highlight
that group name generation as an intermediate step is critical for effective finding grouping. The best configu-
ration has some irrelevant findings but very good recall, and grouping performance is comparable to human annotators.

Keywords: stuctured summarization, longitudinal EHRs, LLMs

1. Introduction

Tracking changes in status of findings in longitudi-
nal radiology reports is critical for understanding
disease progression, treatment response, and sup-
porting disease risk assessment. Reading longitu-
dinal reports can capture subtle changes that may
be missed in isolated reports. Individual reports of-
ten document changes in status with short phrases
(e.g., "improved", "persists") (Khanna et al., 2023;
Park et al., 2024), but the longitudinal sequence
of reports can provide details that make this infor-
mation more useful. However, reading longitudinal
records and pulling together related findings can
be time consuming and contributes to cognitive
overload. Artificial intelligence (AI) can support this
work, both in the identification and presentation of
relevant findings.

While AI tools for summarization are effective
for many tasks, most work on multiple documents
has involved unstructured summaries, which com-
plicates fact-checking of statements about tempo-
ral changes (Chien et al., 2024). For high-stakes
clinical scenarios, the ability to confirm source de-
tails behind an AI statement is critical. Verma et al.
(2025) propose a verifiable structured summariza-
tion format in which each fact is linked to its source
document and organized into human-curated top-
ics. A pre-defined set of topics is useful for large
document collections, but this is not practical for
summarizing radiological findings for specific pa-
tients, where it may be useful to track multiple nod-
ules observed in the same region of the lung, for
example.

In this paper, we introduce a new two-

dimensional timeline format for structured sum-
marization that makes it easy to see temporal
changes. As shown in Figure 1 for lung-related find-
ings, each column corresponds to a time-stamped
radiology exam (as indicated in the header), such
as a chest CT taken in May of a given year. Each
cell in a column corresponds to a lung finding fact
from that report, including details relevant to lung
cancer risk assessment (e.g., size, location, status,
etc.), such as ”stable subsolid pulmonary nodule in
the right upper lobe.” Each row represents a group
that tracks the evolution of a particular finding over
time, with a row header describing the distinguish-
ing characteristics of that group.

To support research with this framework, we
create RadTimeline, an evaluation dataset with
lung-related radiological findings within longitudinal
chest-related imaging reports where each patient
is associated with a hand-corrected timeline. In
addition, metrics are proposed for assessing au-
tomatically generated timelines in terms of finding
factuality, group name quality, and finding grouping
performance.

We propose a 3-step LLM-based approach to
timeline generation that: (i) extracts lung-related
finding facts from individual reports (the cells in a
column), (ii) generates interpretable group names
(row headers) from longitudinal reports, and (iii) as-
sociates each finding with its corresponding group
(row).

In experiments with RadTimeline, we show that
this 3-step timeline generation approach detects
most lung findings correctly, but further work is
needed to address irrelevant findings. We observe
that group name quality is critical for effective group-



9921

Figure 1: The timeline task and a three-step LLM approach. Each column corresponds to a time-stamped
radiology exam (e.g., YYYY-05_chest-ct). Each cell in a column is a piece of lung finding fact (e.g., "stable
subsolid pulmonary nodule in the right upper lobe") from that report including clinically important details
(e.g., "stable", "subsolid"). Each row groups temporally related findings, with a row header describing the
distinguishing characteristics of that group (e.g., "right upper lobe ground glass nodule").

ing, particularly for weaker LLMs and embedding-
based grouping strategies. The best prompting
configuration reaches near-human performance in
grouping findings.

2. Literature Review

2.1. Radiology report summarization

LLMs have been applied to summarize the find-
ings sections of individual radiology reports into
impressions, effectively capturing critical findings.
Van Veen et al. (2023) apply LoRA fine-tuning to
CLIN-T5-LARGE, and human evaluations show
that the model generally captures critical findings
but occasionally hallucinates details or infers prior
history not in the report. Van Veen et al. (2024)
demonstrate GPT-4 with in-context examples can
generate more complete summaries with fewer er-
rors than expert-written impressions, according to
human judgment. Zeng et al. (2024) add in-context
examples for Llama 3 70B, and observe improved
automatic metrics such as ROUGE-L, but more
factual errors according to human judgment. Re-
vising these summaries with an LLM can correct
presence errors but has minimal effect on errors
related to progression status.

All the works mentioned above report auto-
matic summarization metrics (BLEU, ROUGE-L,
BERTScore) together with human evaluation, such
as Likert-scale ratings on completeness and factu-
ality (Van Veen et al., 2023). However, those auto-
matic summarization metrics can correlate poorly
with human judgments (Van Veen et al., 2023). For

LLM text generation evaluation, fine-grained fac-
tuality evaluation systems (Min et al., 2023; Yang
et al., 2024) are proposed to measure on atomic
fact level. They decompose generated text into
atomic facts and score each fact individually.

For longitudinal report summarization, Chien
et al. (2024) use LLMs to generate summaries di-
rectly from multiple reports. However, these un-
structured summaries are difficult to verify, may
omit findings and key details, and do not neces-
sarily describe temporal changes for each finding.
Structured summarization has been developed for
heart failure (Verma et al., 2025), linking each fact
in the summary to its source document and orga-
nizing facts into human-curated, disease-specific
topics. However, fixed topic structures are not well
suited for radiological findings, as groups of tempo-
rally related findings vary across patients.

Different from prior work, we develop a longitu-
dinal report summarization approach to convert a
patient’s longitudinal chest imaging reports (CT, X-
ray) into a timeline table, leveraging off-the-shelf
LLMs and embedder models without using super-
vised labels. We first extract atomized lung-finding
facts from the raw reports, then group temporally
related facts to display the finding trajectories. Like
some earlier work, we use ROUGE-L to evaluate
findings, but we also provide scores for overgen-
eration of findings, quality of group names, and
grouping of findings. Lastly, we compare automatic
and human scoring for one LLM configuration.
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2.2. Cross-document Coreference
Resolution and Clustering

Our tasks share similarity with Cross-document
coreference (CDCR) and clustering tasks, and their
related methods that inspire our approach.

CDCR entails detection of coreferring event men-
tions from multiple documents. Our lung radiologi-
cal findings can be considered as events, but we
group temporally related finding facts, instead of
coreferring mentions. CDCR is often evaluated
with same-document conference metrics, MUC, B3,
CEAF, their average CoNLL F1 (Pradhan et al.,
2012). Barhom et al. (2019) develop supervised
neural models that model mention pairs. Caciu-
laru et al. (2021) further improve the supervised
results by leveraging cross-document contexts us-
ing Longformer-based models.

LLMs have been used directly for CDCR without
supervised learning and require prompt engineer-
ing. Zhao et al. (2023) use zero-shot GPT-4 to clas-
sify pairs of decontextualized sentences of event
triggers that contain document-level information,
outperforming untrained crowd workers from MTurk.
Min et al. (2024) use GPT-4 to assign cluster in-
dexes to mentions and output in a JSON format,
and find that GPT-4 is worse than their supervised
method, and using full contexts from all documents
is worse than using only sentences containing the
mentions. Sundar et al. (2024) ask LLMs to re-
place placeholders next to the mentions with major
entity tags in long narratives. When evaluated on
gold mentions, GPT-4 is slightly better than their
supervised method but not GPT3.5.

For radiology finding tracking, Datta et al. (2022)
present a CDCR dataset about tracking findings
and devices across each patient’s longitudinal ra-
diology reports, and fine-tune a BERT model for
pairwise mention coreference achieving low-to-
moderate CoNLL F1 scores. Mathai et al. (2025)
use zero-shot LLMs to match a sentence in a follow
up report to the single best matching sentence in
its prior report.

Our group assignment step is similar to the radi-
ology CDCR task presented by Datta et al. (2022),
but differs in that we do not group elements via
pairwise associations. Instead, we create groups
by mapping elements to a group label using LLMs,
either via a question-answering prompt or using
a prompt that inserts group tags for sequence of
findings, inspired by Sundar et al. (2024). We also
investigate the impact of full longitudinal contexts,
given the mixed results in previous studies (Caciu-
laru et al., 2021; Min et al., 2024).

Our task is also similar to Clustering in terms
of grouping similar items, where items are findings
and similarity is in terms of shared characteristics
among temporally related findings. Off-the-shelf
embedders can provide similarity measures for

clustering items. Muennighoff et al. (2023) present
a MTEB benchmark to evaluate text embedders
on varying tasks and observe that no single em-
bedder dominates all tasks. E5-mistral-7b (Wang
et al., 2024) is a finetuned Mistral-7B bi-encoder
trained on diverse synthetic data and among the
state-of-art embedder models on MTEB. They sup-
port prepending textual instructions to queries for
task adaptation.

LLMs can guide clustering by infusing task-
specific preferences. Huang and He (2024) use a
two–stage LLM pipeline built on GPT-3.5. They first
ask LLM to generate human-interpretable group
names, followed by a de-duplication step, then clas-
sify each item into a group. They find the perfor-
mance gap between using generated groups and
using oracle group names is small. This is very rel-
evant to our LLM approaches for the group name
generation and group assignment steps. Our work
differs in its focus on long findings for a single pa-
tient vs. corpus-level topics. We also collect group
name reference data to evaluate the intermediate
name generation step.

3. Gold Timeline Dataset Curation

We sample 10 patients from a patient cohort from
an existing case-control dataset created for a lung
cancer surveillance project in UW Medicine,1 where
temporal changes of lung-related findings are clini-
cally important risk factors. We ensure that each
of the sampled patients having at least four chest-
related radiology exams, including chest CT, chest
X-ray, and abdomen CT, within a five-year window.
According to the state cancer registry, 6 patients
have future lung cancer diagnosis records within
3 years, and 4 patients have no diagnosis records
of any type of cancer. The raw EHRs contain 65
chest-related exam reports from all patients. The
number of reports per patient ranges from 4 to 12,
and longitudinal report lengths measured in tokens
range from 646 to 4625, with an average at 2055.

We create a timeline for each patient based on
their longitudinal radiology reports, as illustrated
in Figure 1. Each column represents the findings
(gold findings) extracted from an individual radiol-
ogy report, while each row captures the temporal
evolution of a specific finding mentioned across
multiple reports (gold group assignments). Each
row is further assigned a gold group name, sum-
marizing the key characteristics of the findings in
this row. Since our focus is on tracking lung-related
conditions, findings pertaining to other organs (e.g.,
the aorta) or descriptions of medical devices are
considered irrelevant and are omitted from the time-
lines. We work with two medical students and one

1A subset of this cohort was previously used by Zeng
et al. (2025) for lung cancer prediction.
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medical doctor as annotators during the timeline
creation process. We first automatically generate
timelines using LLMs (see Section 4 for details) and
hand-correct LLM generated findings and group
assignments based on the feedback from two med-
ical student annotators. Finally, a third annotator
reviews the gold finding groups, and hand-corrects
row names of each version of gold group assign-
ments to produce the gold group names.

Annotation guidelines are included in Ap-
pendix A.

3.1. Gold Findings (Columns)

Factuality evaluation: We ask two medical stu-
dent annotators to rate the factuality of each gen-
erated finding against its associated report, and
to add any missing findings that the model fails to
include. In addition, they provide notes explaining
the identified errors, which are later used by an
author to manually correct the generated findings
as the gold-standard reference.

To reduce annotation efforts and focus on abnor-
malities, we manually drop absent findings, such
as ”no new nodules,” and normal findings, such
as “clear lungs.” The original automatically gener-
ated timelines contain 221 findings from 61 reports.
After removing absent findings, we obtain 155 find-
ings from 55 reports for the annotation tasks in
factuality evaluation.

We define four categories for factuality rating: "ir-
relevant,” "wrong,” "partially correct," and "correct."
"Irrelevant" refers to findings that are not related
to lung radiological observations, typically describ-
ing findings from other organs or medical devices.
"Wrong" refers to findings that contain errors re-
garding presence or temporal change trends. "Par-
tial" is used for findings that contain inaccurate or
incomplete details. For example, in "stable sub-
solid pulmonary nodule in the right upper lobe",
annotators will consider it as "partial" if "stable" or
"subsolid" are missing. Findings that include cor-
rect and complete clinically important details are
labeled as "Correct." Table 1 shows the confusion
matrix between two annotators’ ratings. The two
annotations reach a high agreement at 86%. No
finding is considered wrong by both of the annota-
tors, and the major mistake is including irrelevant
findings (14%). In addition, one annotator identifies
3 missing findings from a single report. No other
missing findings are reported.

Gold Finding Curation: We refine the LLM-
generated findings as follows. Irrelevant or wrong
findings are removed, correct findings are kept un-
changed, and partially correct findings are either re-
vised by adding missing details, or merged with an-
other finding with the complementary details when
they are both described in proximity within the same

Wrong Partial Correct Irrelevant

Wrong 0 0 2 0
Partial 0 12 3 0
Correct 2 9 106 2
Irrelevant 1 0 2 16

Table 1: Confusion-matrix of factuality annotation
between two annotators. Annotators agree on fac-
tuality ratings for 86% of 155 generated findings.

paragraph. Additionally, we include the three miss-
ing findings identified during review. If annotators
rate a finding differently, the first author resolves
the disagreements based on annotators’ notes to
decide the action. One exception is made for one
finding labeled as correct by both annotators but
later found to be irrelevant during post-analysis and
removed from the gold references. For four partially
correct findings in which incomplete details result
from complementary information spread across dif-
ferent parts of a radiology report, we create a new
finding and add a same-report link between the
new finding and the original partial finding during
the subsequent group assignment curation process.
This is consistent with the automatically generated
findings, where finding details from different parts
of reports are not always merged.

After resolving disagreements, we find that 15%
of the 155 findings used in the factuality human
evaluation can be dropped due to being wrong or
irrelevant and 12% could be further merged with an-
other finding in the same report. After removing and
adding findings based on ratings and notes from
annotators, there are 136 gold findings, or 115-116
merged findings after merging same-report linked
findings grouped separately by the two annotators.

3.2. Gold Group Assignments (Rows)
To collect group annotations for temporally related
findings, annotators assign a group ID to each find-
ing. We provide them with automatically generated
group names linked to the corresponding group
IDs, displayed as the row headers in the generated
timelines. Annotators may add new group names
and IDs if the existing list is incomplete or not repre-
sentative of a group. When two group IDs convey
the same meaning, annotators are instructed to
select one ID and apply it consistently across all
relevant findings. Revising the group names is not
required at this stage. Annotators have access
to the full longitudinal radiology reports while per-
forming group ID assignment. For the seven added
findings (3 missing, 4 due to missing details), group
IDs have not been pre-assigned. To assign IDs to
these findings, one annotator labels the seven find-
ings in their own group assignment version, and
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Statistic Ann-1 Ann-2

# Groups 65 62
Avg. / Max size 2.1 / 8 2.2 / 7
% Non-singleton 52 50

# Findings (Total # 136 )
% Linked (Any / Cross) 77 / 70 77 / 71

# Findings ( Merg.) 116 115

Table 2: Group annotation statistics from two anno-
tators (Ann-1 and Ann-2) on findings in RadTime-
line. The group size is based on the 136 findings.
"Findings (Merg.)" are findings that are merged with
same-report links for finding extraction evaluation.
The % Linked refer to the percentage of findings
that have links to any other finding (Any) vs. only
cross-note findings (Cross) among the total 136
findings.

the first author propagates these labels to another
annotator’s version to maintain consistency.

We collect two versions of group assignments
to capture individual annotator preferences. For
example, for "low lung volumes bilaterally", and
"bibasilar opacities, likely atelectasis", one anno-
tator groups them and the other separates them
into different groups. The CoNLL F1 between two
gold group assignments is 82, reflecting good inter-
annotator agreement. Group annotation statistics
are in Table 2.

3.3. Gold Group Names (Row Headers)
The third annotator who is a medical doctor reviews
both versions of gold finding groups. The annotator
is asked to manually correct row names of each
version of gold group assignments to produce dis-
tinguishable group names, and each name should
cover the shared information within the group.

4. Methods

We use a three-step approach to generate time-
lines. First, lung-related findings are identified for
each report. Second, given the longitudinal report
contexts, a list of group names is generated to rep-
resent distinct findings. Lastly, each finding is as-
signed to a group, optionally selected from already
generated group names. This section describes
the different configurations explored for each step,
including the version used in automatic timeline
generation for annotation. We evaluate two LLMs,
Llama 3.1 8B instruct (Grattafiori et al., 2024), re-
ferred to as Llama 3.1, and GPT-4o (Hurst et al.,
2024).2 We also evaluated GPT-OSS in preliminary

2The LLM prompts for each step are provided in Ap-
pendix B.

experiments but do not include it as we observed
no performance gains over GPT-4o.

4.1. Step 1: Finding Extraction
We first extract lung-related findings from each re-
port independently using an LLM. The prompt in-
cludes the full texts from a single report, detailed
instructions about generating the lung findings, a
short output example, and finally a request for the
final answer. The instruction asks for details that
may be relevant to risk evaluation, such as size and
change. Because lung finding descriptions can be
lengthy, we require the output format as a Python
list in order to simplify post-processing.

When generating the timelines for annotation, we
use Llama 3.1 in Step 1.

We automatically remove findings that contain
only absent events according to an information ex-
traction model, RadGraph (Delbrouck et al., 2022).3
We use two versions of absent prediction filters.
The first filters out sentences where all detected en-
tities are absent. The second is more aggressive,
dropping predictions when the core entities (e.g.
lesions) are all absent even if their descriptors (e.g.
lung) are not. For the 203 Llama-predicted findings,
the first filter retains 187 findings, and the second
reduces these to 165, closer to the 155 findings
obtained in human labeling.

4.2. Step 2: Group Name Generation
Instead of directly clustering the findings, we use an
intermediate step to generate interpretable group
name in natural language first, which are used
in the later group assignment step to map find-
ings. By comparing findings with group names, we
can avoid expensive pairwise finding comparison.
Group names should be specific enough so that
they can separate unrelated findings, and generic
names should be avoided.

The prompts include longitudinal report records
of a patient, detailed instructions asking for tempo-
rally related lung finding groups, one good (specific)
and one bad (generic) group name example, and
the final request asking for a list of group names
separated by commas.

We explore two longitudinal input contexts to rep-
resent patient records; one includes the full reports,
called full context, and the other includes only pre-
dicted findings from all reports in Step 1, called
finding-only context. We use finding-only context
to test whether filtering content into shorter lengths
improves reasoning. In both input context versions,

3The RadGraph package is available at: https:
//pypi.org/project/radgraph/. Specifically, we
use the model version modern-radgraph-xl.

https://pypi.org/project/radgraph/
https://pypi.org/project/radgraph/
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the report contents are marked by dates and exam
titles.

We use Llama 3.1 with full context in Step 2 to
generate the timelines for annotation.

4.3. Step 3: Group Assignment
In this step, we assign each finding to a group name,
so that findings with the same group name are
grouped. We propose both LLM-based and more
efficient embedding-based methods, each of which
leverages the group names predicted in Step 2.

4.3.1. LLM-based Approach

We explore prompting variations including single
finding (Single) or multiple findings (Multiple) per
LLM run, zero-shot (ZS) or few-shot (FS), and us-
ing full longitudinal contexts (full context) or no
context.

For Single prompting, the LLM is prompted to
assign each finding individually to the group best
describing this finding among the provided group
name list, or “Other” if no suitable group exists. The
group name list is predicted in Step 2 for the same
patient. If the prediction is ’Other’, the finding’s own
text is used as its group name. The group names
from Step 2 that are not assigned to any findings
will be dropped from the final timelines. We instruct
the LLM to place the selected group name in the
last line of its response. During post-processing,
the first group name appearing in the last line is
parsed as the prediction, even if multiple group
names are present.

When the generated group names are incom-
plete or duplicated, findings from the same group
may not share consistent group names. To encour-
age consistent group assignment across all related
findings, we experiment with Multiple prompting,
which assigns groups to all findings of a patient in a
single LLM run by inserting a tag next to each find-
ing, following the approach of Sundar et al. (2024).
Those tags serve as interpretable group names
in natural language, and are parsed from angle
brackets as the predicted group name for the corre-
sponding finding. We use two variations. One does
not require existing group names in the prompts
(no groups), and the other requires them so that
LLM can choose from existing group names or add
new ones. This Multiple prompting is cheaper than
Single prompting due to fewer runs.

We experiment with using all longitudinal radiol-
ogy notes (full context) to provide complete cross-
document information. This setup is similar to
the human annotation setting where annotators
have access to the full set of longitudinal reports.
However, it remains unclear whether LLMs can
effectively utilize such long contexts, and process-
ing with full context is computationally expensive.

Therefore, we also evaluate no context prompts,
where group assignment relies solely on the pro-
vided group names and the finding texts.

The few-shot (FS) prompts are motivated by
formatting errors observed when zero-shot (ZS)
prompts are used with Llama 3.1. We manually
curate two short examples without using any exam-
ples from the evaluation dataset. Each example
includes the existing group names if in use, and
the output in the required format.

The final prompts integrate the above variations
in the following order: longitudinal reports (omit
for no context), detailed instructions (varies for Sin-
gle or Multiple), two examples (omit for ZS), group
names list (omit if no groups), a single or multiple
findings to be grouped, and a final output request
emphasizing on the output format.

We use Single ZS full-context with Llama 3.1 in
Step 3 to generate timelines for annotation.

4.3.2. Embedder-based Approach

We also explore embedding-based methods as
more efficient alternatives for LLMs in the group
assignment step. We first use a non-generative
embedder model to convert each finding and each
group name into embeddings, then assign each
finding to the group name with the highest cosine
similarity from the same patient. No new groups
will be added beyond the provided group names.

Our embedder backbone is E5-Mistral which is
built for general domain and supports instruction
integration for task adaptation. We first describe
the task using a general instruction, "Given a ra-
diology finding, find the group that it belongs to",
which is prepended to each finding. We further in-
fuse task-specific preference using a task-specific
instruction. We hypothesize that finding types
(e.g., "opacities", "nodules") and anatomy locations
(e.g., "right upper lobe") are critical information that
distinguishes lung radiological groups. Therefore,
we add a prefix, "Represent the radiological find-
ings and be aware of the type and location of the
findings", to both findings and group names.

5. Experiment and Results

We evaluate Llama 3.1 and GPT-4o for prompting
methods in all steps. Context lengths of both are
128k tokens. We consistently choose greedy de-
coding for Llama 3.1 and set the temperature at 0.1,
top-p at 0.9 for GPT-4o, without hyperparameter
tuning. The group assignment step is evaluated on
gold findings.

5.1. Finding Extraction
We compute ROUGE-L scores at both the report
level and finding level, in both cases by first scor-
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ing against each of the two annotators and then
averaging the results. For the report-level score,
we represent a report as the concatenated list of
all findings before automatically removing absent
findings, compute the ROUGE-L score for the list,
and then average ROUGE-L scores across reports.
When calculating the finding-level scores, we use
the merged gold findings (findings from the same
report assigned to the same group) and represent
them using a concatenation of the respective find-
ing strings. Then, we automatically align each
predicted finding to the gold (merged) finding that
yields the maximum ROUGE-L among all the gold
findings from the same report, after filtering out ab-
sent findings. The finding-level ROUGE-L score
is the average over the ROUGE-L scores for all
matches.

Gold findings that have no match are considered
missed. We reversely match each gold finding to
the prediction that yields the maximum ROUGE-
L and report the percentage of unmatched pre-
dictions as unnecessary. Under an ideal align-
ment, unnecessary predicted findings would in-
clude wrong, irrelevant, redundant, and unfiltered
absent predictions.

Table 3 reports the different scores for finding
extraction for two LLMs, Llama 3.1 and GPT-4o.
Report-level ROUGE-L scores for Llama 3.1 and
GPT-4o are close. For finding-level scoring, we pro-
vide two configurations, one with a weaker and one
with a more aggressive absent finding filter. For
both configurations, GPT-4o outperforms Llama
3.1 (67 versus 62). GPT-4o also has substantially
lower unnecessary predictions. For examples, see
Appendix C Table 16. Both LLMs have low rates
of missed findings. As expected, the more aggres-
sive filtering of absent findings leads to substantial
reduction in the percent of unnecessary findings.
In addition, the finding-level ROUGE-L score im-
proves, with minimal increase in missed findings.
The ideal alignment of reference to gold findings
would yield roughly 3% missing and 39% unnec-
essary findings for Llama 3.1 predictions, which is
close to the ROUGE-L alignment.

5.2. Group Name Generation

As timeline row headers, generated group names
are useful for readability, but they also impact the
later group assignment step as intermediate inputs.

Similarly to the finding-level ROUGE-L scores
in Section 5.1, we compute the group-name-level
ROUGE-L scores, missing and unnecessary predic-
tion rates, as well as the percentage of gold names
that have multiple predicted versions (duplicates)
under automatic alignment. We compare the gen-
erated group names against two versions of gold
group names separately, and report the average.

Model RL
(Rpt.)

RL
(Fdg.)

Miss.
%

Unnec.
%

Llama-3.1 67 62 3 40
GPT-4o 68 67 5 25
Llama-3.1* - 70 3 32
GPT-4o* - 75 6 15

Table 3: Finding extraction evaluation against gold
findings. ROUGE-L (RL) scores are at the report
(Rpt.) and finding (Fdg.) level. Missing (Miss.) rep-
resents unmatched-gold percentage, and unnec-
essary (Unnec.) represents unmatched prediction
percentage. The first two rows use the weaker ab-
sent finding filter; * indicates to the more aggressive
filter.

Table 4 reports the scores for the generated
group names from two LLMs, using either full con-
texts or finding-only contexts, as well as the ora-
cle scores evaluated between the two versions of
gold group names. To calculate the oracle scores,
we evaluate one gold group version against the
other alternatively and take the averages. When
using full contexts, GPT-4o has a higher ROUGE-L
than Llama 3.1 (48 versus 38), but also a higher
unmatched gold percentage (30% versus 25%).
The Llama 3.1 model has nearly 60% unmatched
predictions, suggesting considerably more unnec-
essary group names, likely due to irrelevant and
duplicative predictions. When switching to finding-
only contexts, the duplication issues in Llama 3.1
(from 32% to 42%) and unnecessary predictions in
GPT-4o (from 37% to 46%) become more severe.
In contrast, the missing percentage of GPT-4o de-
creases from 30% to 13%. These results suggest
that using itemized findings as contexts produces
a longer list of group names. Examples are given
in Appendix C Table 17 and 18.

Method RL Miss.
%

Dup.
%

Unnec.
%

Llama 3.1 (Full) 38 25 32 60
Llama 3.1 (Fdg.) 42 27 42 58
GPT-4o (Full) 48 30 28 37
GPT-4o (Fdg.) 52 13 31 46
Oracle 87 9 11 9

Table 4: Evaluation results for group name gen-
eration. The groups are generated using full or
finding-only (Fdg.) contexts.

5.3. Group Assignment
We evaluate group assignment methods on gold
findings, in order to directly compare with their as-
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Group names Single
ZS

Llama

Single
FS

Llama

Multi.
ZS

Llama

Multi.
FS

Llama

Single
ZS

GPT

Single
FS

GPT

Multi.
ZS

GPT

Multi.
FS

GPT

Embed.
Gen.

Embed.
Spec.

Llama-3.1 66 74 77 78 77 73 78 77 68 70
GPT-4o 75 79 77 81 82 80 84 82 65 69
Oracle 73 78 86 84 80 84 85 83 78 83
No groups n/a n/a 72 68 n/a n/a 70 72 n/a n/a

Table 5: Group assignment performance of prompting and embedding-based methods with no context
in CoNLL F1 scores. We use LLM models (Llama 3.1, GPT-4o) and an embedder model (e5-mistral-
7b-instruct). "Multi." is short for Multiple prompting. "Embed. Gen." and "Embed. Spec." represent
embedding-based methods using the general or task-specific instructions.

sociated gold group assignments. We consider
findings that share the same group name and
come from the same patient as a group, and report
CoNLL F1 scores as in CDCR tasks. Given that
we have two versions of gold group assignments,
we calculate CoNLL F1 against each version and
report the averages. We also report oracle results,
assuming that gold group names are known and
used as intermediate inputs, and further average
the scores when evaluating against two gold group
name versions separately.

5.3.1. Comparing Prompting and Embedder
Methods without Contexts

Table 5 compares prompting methods and
embedding-based methods when using no con-
text in Step 3. We evaluate these methods when
using generated group names, gold group names
(oracle), or no group names. All generated group
names are obtained from Step 2 using full contexts.

The choice of intermediate group names is
crucial, and GPT-4o approaches reach near-
human performance on gold findings. When
shifting group names generated by Llama 3.1 to
GPT-4o, all prompting methods improve, except
that Multiple ZS prompt with Llama 3.1 is un-
changed. The Single FS prompt with Llama 3.1
improves from 74 to 79 in CoNLL F1, and with GPT-
4o it improves from 73 to 80. GPT-4o prompting
methods with GPT-4o group names are all close
to the inter-annotator performance at 82 CoNLL
F1, and the best one, using Multiple ZS, reaches
84. Embedding-based methods do not show im-
provement with GPT-4o-generated names. Un-
der oracle scenarios, prompting methods show
mixed results compared to using automatically
generated group names, indicating that automatic
names are not necessarily worse than human cu-
rated ones. In contrast, embedding-based methods
significantly improve with oracle names, and the
best embedding-based method, which uses task-
specific instructions, achieves near-human perfor-
mance at 84 CoNLL F1, indicating their potential

as efficient substitutes to LLMs when group name
generation is further improved. For the Multiple
prompt version, we observe a considerable per-
formance drop to around 70 after removing group
names, suggesting the importance of including the
group name generation step.

Domain knowledge helps Embedding-based
methods. We compare the task-specific instruction
and the general instruction for embedding-based
methods. It shows that adding domain knowledge
to instructions that emphasize the finding types
and anatomy locations consistently boost results
under all group name settings ( from 78 to 83 with
oracle names). The gap to LLM-based methods
is narrower but still persists. More task adaptation
efforts on embedding-based methods are needed.

Few-shot prompting only helps Llama 3.1. We
observe that few-shot examples help Llama 3.1 in
following a specified format. However, for GPT-4o,
few-shot examples do not seem necessary.

5.3.2. Impact of Full Contexts

Context Single
ZS
Llama

Single
FS
Llama

Multi.
ZS
Llama

Multi.
FS
Llama

Single
ZS
GPT

Multi.
ZS
GPT

Ann1
No Ctx. 67 74 79 78 81 82
Full Ctx. 56 70 76 78 77 81

Ann2
No Ctx. 65 75 75 77 82 85
Full Ctx. 60 76 82 78 86 90

Table 6: Impact of full contexts in group assign-
ment prompting methods. Evaluated in CoNLL-F1
against gold group assignments from two anno-
tators separately. Each configuration uses either
Llama 3.1 for all steps or uses GPT-4o for all. All
experiments use full contexts by default in group
name generation. "Ctx." is short for "Context".
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Table 6 shows the impact of adding full contexts
for group assignment prompts, evaluated against
two versions of gold group assignments separately.
With the exception of Llama 3.1 Single ZS prompt-
ing, where full context hurts using both gold an-
notations, full context improves performance when
measured against gold group assignments from an-
notator 2 but not annotator 1. These results suggest
annotator differences in leveraging long-contexts,
which is worth future investigation.

Group names Single
ZS

Single
FS

Multi.
ZS

Multi.
FS

Llama (Full) 66 74 77 78
Llama (Fdg.) 66 70 71 68

GPT (Full) 82 80 84 82
GPT (Fdg.) 73 74 74 73

Table 7: Impact of input contexts for group name
generation on the final group assignment perfor-
mance in CoNLL-F1. All experiments use the same
LLM in all steps and no contexts in group assign-
ment. Group names are generated using full or
finding-only ("Fdg.") contexts.

In Table 7, we further evaluate the impact of dif-
ferent group name generation prompts on group
assignment. We observe that switching from full
contexts to finding-only contexts for group name
generation hurts the final group assignment per-
formance, indicating that the additional context is
useful.

6. Conclusion

We propose a timeline generation task for struc-
tured summarization on longitudinal radiology re-
ports. This timeline format groups temporally re-
lated findings for straightforward comparison and
facilitates fact-checking by denoting the associ-
ated report for each finding. We create a timeline
dataset, RadTimeline, to evaluate timeline genera-
tion. We propose a three-step LLM approach that
can achieve near-human performance in grouping
gold findings.

This work can be extended to a broader clinical
longitudinal records to capture temporal nuances
in clinical narratives, such as for symptom progres-
sion, medicine history, and treatment trajectories.

7. Ethics

We receive approval from the Institutional Review
Board (IRB) to access the patient data. All code
and data are stored and executed on servers
that complies with the Health Insurance Portability

and Accountability Act (HIPAA). We use a HIPAA-
compliant version of APIs for GPT-4o experiments.
All authors involved in running code and access-
ing the database have completed human subjects
training. Our dataset will be de-identified to re-
move Protected Health Information (PHI) using an
in-house tool (Lee et al., 2021). Release of the
de-identified dataset is contingent on institutional
approval.

8. Limitations

We report performance with only Llama 3.1 8B
Instruct and GPT-4o. Due to data privacy concerns,
our choice of proprietary LLMs is limited to those
with HIPAA-compliant APIs.

When evaluating finding extraction and group
name generation, we align predictions and gold
references using a maximum ROUGE-L criterion.
Using the ROUGE-based automatic alignment to
score the gold findings give a rate of unnecessary
predictions for Llama 3.1 in Table 3 that is con-
sistent with aggregate statistics in the human an-
notation of those predictions. However, a more
fine-grained analysis is needed to assess quality
of the alignments.

Our method for evaluating grouping of findings
requires that the findings have gold group assign-
ments, which are only available for the gold findings.
One solution would be to assign "silver" labels to
the predicted findings by aligning them to gold find-
ings, as in the finding assessment approach. Of
course, this strategy should be validated through
human evaluation of the fully automatic timeline.

The evaluation dataset contains only 10 patients,
due to the costs associated with clinical excerpts
and the cognitive effort required to understand lon-
gitudinal reports. This evaluation dataset gold an-
notations may share a similar language style to
Llama 3.1, because the dataset is hand-corrected
from generated timelines produced by Llama 3.1
based on expert feedback. This could lead to bias
in ROUGE-L score.

We will de-identify the longitudinal reports when
releasing the dataset. The performance may
change after de-identification, and we will rerun
our best methods to report performance on the
de-identified dataset upon release.
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Appendix

A. Annotation Guidelines

The annotation pipeline consists of three sequential
tasks. In the first task (Table 8), each cell is rated
for factuality into levels of -1, 0, 1, 2. The second
task (Table 9), collects final task group assignment
on cells to form the timeline rows. Figure 2 shows
one example presented to annotators. Finally, the
third task (Table 10) asks an annotator to revise the
group names on formed groups.

B. Prompts

The prompts used in the three-step pipeline are pro-
vided in the subsequent tables. The step 1 prompt
for finding extraction is shown in Table 11, and the
step 2 group name generation prompt is presented
in Table 12.

Step 3 group assignment prompts have three
versions: single finding (Table 13), multi-finding
(Table 15), and multi-finding without group names
provided (Table 14).
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Task 1: Cell-level Factuality Rating

• For all cells in the column, rate the factuality level [0 bad, 1 partially correct, 2 good] for each
cell based on the consistency with the column-associated report.

• Annotators should focus only on finding-related facts written in the specific report being evaluated.
Do not refer to facts from other reports.

• Correctness of those facts should NOT affect the rating:

– Suggestive conditions
∗ e.g., “considering neoplasm given the persistent nodules”
∗ e.g., “likely due to infection”

– Facts that are not lung-related or not radiological findings
∗ e.g., “Lung RAD rating is 3A”
∗ e.g., “Coronary Artery Calcifications”

• Skip ‘not-mentioned’ cells. Blank cells are equivalent to ‘not mentioned’. Instead of annotating
them, add them in Task 2 for missing findings if actually mentioned.

• Label the cell as not containing lung-related findings as [-1: non-lung-findings].

• Add a note column next to the factuality cell.

Table 8: Annotation guidelines for factuality rating

C. Qualitative Analysis

We present LLM generation examples for Step 1
finding extraction in Table 16 and Step 2 group
name generation in Table 17 and Table 18. In
both steps, GPT-4o generates fewer findings with
greater conciseness, while Llama 3.1 tends to gen-
erate more findings and include content irrelevant
to lung radiological findings. In Step 2, when switch-
ing from full longitudinal report context to the pre-
dicted finding list as a shorter context, GPT-4o pro-
duces more group names, possibly because the full
context helps merge findings. However, this trend
of reduced group names is not observed in Llama
3.1, potentially because the shorter context instead
reduces irrelevant content in the Llama output.
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Task 2: Group Assignments
Assign a group label for each cell. The group labels to choose are the headers in the find-
ing_group column. You may add a new group label if no existing group labels can distinguish
this cell from other groups.
What should be included in a group

• The same finding in the notes, even if described differently, or

• Findings from different notes that can change to one another.

This may lead to trend descriptions such as:

• new

• increasing

• resolving

Duplicate labels If two group labels are duplicated, choose one label and use it consistently for
all cells belonging to that group.
Goal:
Ensure that the same findings or time-related findings are placed in the same group.
Skip condition:
Skip cells where factuality is 0 or -1.

Table 9: Annotation guidelines for group assignments

Task 3: Group Name Revision
Given a group of dated findings, add the group name for this group. The goal is to make the group
name clearly distinguishable from other groups while remaining concise and containing critical
information that a radiologist might use when referring to the finding.
Strategy:
The group name should:

1. Include the facts shared by all members in the group. When paraphrasing occurs, choose
the description used more frequently.

2. Omit details that can change in the future (e.g., size, change trend, severity).

3. Use extra details if needed to distinguish similar groups.

Table 10: Annotation guidelines for group name revision given formed groups.
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A B C D E F 

Rowid / 
group ID 

Finding_group 2017-04-06_chest_ct group ID 2017-08-23_chest_ct group ID 

1 
Right upper 
lobe ground 
glass nodule 

10.2 mm ground glass 
nodule in the posterior 
segment of the right 
upper lobe with a small 
central nodular 
component 

1 

10 mm ground glass 
nodule in the right 
upper lobe with a 
central 4 mm cavity 

1 

2 
Right lower 
lobe ground 
glass nodule 

2.0 cm ground glass 
opacity in the posterior 
segment of the right lower 
lobe with a small central 
nodular component 

2 

2 cm ground glass 
opacity in the posterior 
basal segment of the right 
lower lobe 

2 

3 
Right upper 
lobe subsolid 
nodule 

2.6 mm noncalcified 
nodule in the anterior 
segment of the left upper 
lobe 

5 
4 mm subsolid nodule 
in the right upper lobe  

Skip if 
rated as 
wrong 

4 
Right lower 
lobe subsolid 
nodule 

    

5 

Sub-3 mm 
nodule in the 
anterior upper 
lingula 

Sub-3 mm nodule in the 
anterior upper lingula 

Skip if 
rated as 
wrong 
 

Sub-3 mm nodule in the 
anterior upper lingula 

5 

6 Cardiomegaly cardiomegaly 

Skip if 
rated as 
irrelevant 
 

 

  

7 
(new group 
name if need)     

 

 

  [DATE1]   [DATE2]

Figure 2: A group assignment example provided to annotators.
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Prompt for step 1 finding extraction
Q: [Single_Radiology_Report_Text, e.g. EXAMI-
NATION: CT of the chest without contrast - low dose
lung cancer screening..... ]:
Please list all lung-related findings (including pleura-
ralated) from the exam report. Please use a python list
to include the strings of those lung desription. Each
string should include all details related to higher or
lower risk, using the same description in the note ,
especially finding’s location, size, trend of change,
and shape, density, or other characteristics.
Good example: [“stable 2 mm left upper lobe calcified
nodule”, ’left lower lobe opacities’]
Now please anwswer:
lung_finding_list =
A: Here is the list of lung-related findings from the
exam report:
“‘python lung_finding_list = [ "2.6 mm noncalcified
nodule in the anterior segment of the left upper lobe",
"alveolar groundglass opacity in the posterior seg-
ment of the right upper lobe with a small central nodu-
lar component measuring 10.2 mm", ...

Table 11: Step 1 finding extraction input. The
prompt includes the single report input, an one-
shot example, and instructions requiring a python
list output format.

Prompt for step 2 group name generation
Q: [Longitudinal_Textual_Reports, e.g.
date,note_tag,QOClassificationName,ReportText
YYYY-MM-DD,chest_ct,CT Lung Low Dose Screen-
ing,"EXAMINATION: CT of the chest without contrast
- low dose lung cancer screening ... ]:
Please group the lung-related findings recorded over
time (including pleura-related findings) and list the
group names.
Each group should contain findings that are essen-
tially the same, even if described differently, as well
as findings that evolve into one another over time.
Different findings or findings will not evolve into one
another should be in separate groups
Group names should be specific that separate unre-
lated findings, avoid generic names.
Good group name: right upper lobe ground glass
nodule
bad group name: ground glass nodules
Finally give me a list of group names separated by
commas ’,’
A: .... List of group names: Right upper lobe ground
glass nodule, Right lower lobe ground glass opacity
with central nodular component, ...

Table 12: Step 2 group name generation prompt
that requires list group names at the end of re-
sponse. The prompt includes a good and a bad
example for individual group names, but no exam-
ples for the list format.

Prompt for step 3 group assignment for single find-
ing
Q: [Longitudinal_Textual_Reports, e.g.
date,note_tag,QOClassificationName,ReportText
YYYY-MM-DD,chest_ct,CT Lung Low Dose Screen-
ing,"EXAMINATION: CT of the chest without contrast -
low dose lung cancer screening ... ]
Please find the group best describing this finding given
the radiology exam history and group labels.
There are groups presented to track the lung-related
findings recorded over time.
Each group should contain findings that are essentially
the same, even if described differently, as well as findings
that evolve into one another over time.
Different findings or findings will not evolve into one an-
other should be in separate groups

[Zero-Shot Content]
The group labels are:

[Group name list from step 2: e.g. Right upper lobe
ground glass nodule, Right lower lobe ground glass nod-
ule, ...], other
The finding to be classified is: [Single finding from step
1: e.g. alveolar groundglass opacity in the posterior seg-
ment of the right upper lobe with a small central nodular
component measuring 10.2 mm]
Give me the group in the last line starting with ’Answer:’.

[Few-Shot Content]
Here are some examples:
Example 1
Group labels: small RUL nodule, 10 mm right lower lobe
nodule, other
Finding to be classified: Small 4 mm right upper lobe
nodule stable
Answer: small RUL nodule
Example 2
Group labels: calcified granuloma, right upper lobe nod-
ules, other
Finding to be classified: Benign appearing calcified gran-
uloma in left lung
Answer: calcified_granuloma
Your task:
Group labels: [Group name list from step 2: e.g. Right
upper lobe ground glass nodule, Right lower lobe ground
glass nodule, ...], other
Finding to be classified: [Single finding from step 1:
e.g. alveolar groundglass opacity in the posterior seg-
ment of the right upper lobe with a small central nodular
component measuring 10.2 mm]
Your explain: [EXPLAIN WHY]
Answer: [GROUP_NAME CHOICE ]
Always end with "Answer: [GROUP_NAME]" as the very
last line
A: ... Answer: Right upper lobe ground glass nodule

Table 13: Step 3 Group Assignment for Single Find-
ing. The prompts include underlined texts only
when using full-contexts. We have both zero-shot
and few-shot instructions, few-shot version adds
two examples and further emphasize on the format
requirements.
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Prompt for step 3 group assignment (multi-finding
tag format, no group names given)
Q: Task:
Your task is to group radiology findings evolving over
time from multiple reports of the same patient.
Please replace every <#> with a group
name tag in angle-bracket format, such as
<10_mm_right_lower_lobe_nodule>.
You should invent your own group tags so that each
tag is representative for its associated group.
Use the same group name tag across all reports for
all mentions related to the same underlying entity.
Your Task:
Radiology Findings:

[Finding_List_with_Markers,

e.g. 2.6 mm noncalcified nodule in the anterior seg-
ment of the left upper lobe <#>

alveolar groundglass opacity in the posterior segment
of the right upper lobe with a small central nodular
component measuring 10.2 mm <#> ...]
Radiology Findings END
Please apply a group name tag consistently to all
members of the group.
Please reply with exactly the same lines listed above
that are between ‘Radiology Findings’ and ‘Radiology
Findings END’, but with the group name tags inserted.

Table 14: Step 3 Group Assignment for Multi-
Finding when no group names are given. The
prompt includes an example of single tag, but no
examples for the final output for all provided find-
ings.
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Prompt for step 3 group assignment for multi finding
Q: [Longitudinal_Textual_Reports, e.g. date,note_tag,QOClassificationName,ReportText YYYY-MM-
DD,chest_ct,CT Lung Low Dose Screening,"EXAMINATION: CT of the chest without contrast - low dose
lung cancer screening ... ]
Task: Your task is to group radiology findings evolving over time from multiple reports of the same patient.
Those reports are as given above.
Please replace every <#> with a group name tag in angle-bracket format, such as <10_mm_right_lower_lobe_nodule>.
You can use either an existing group tag as provided, or invent your own.
Use the same group name tag across all reports for all mentions related to the same underlying entity.

[Few-Shot Content]
Here are examples:
————————–
Example 1
Existing group name tags:
<10_mm_right_lower_lobe_nodule> : 10 mm right lower lobe nodule
<small_RUL_nodule> : small RUL nodule
Radiology Findings:
Small 4 mm right upper lobe nodule is new <#>
The 10 mm right lower lobe groundglass is stable <#>
Here are several left lobe calcified nodules <#>
Small right upper lobe nodule is stable <#>
RLL groundglass is smaller now <#>
Radiology Findings END
Answer:
Small 4 mm right upper lobe nodule is new <small_RUL_nodule>
The 10 mm right lower lobe groundglass is stable <10_mm_right_lower_lobe_nodule>
Here are several left lobe calcified nodules <left_lobe_calcified_nodules>
Small right upper lobe nodule is stable <small_RUL_nodule>
RLL groundglass is smaller now <10_mm_right_lower_lobe_nodule>
————————–
Example 2
Existing group name tags:
<calcified_granuloma> : calcified granuloma
<right_upper_lobe_nodules> : right upper lobe nodules
Radiology Findings:
Benign appearing calcified granuloma in the left lung <#>
New right upper lobe nodules compared to last scan <#>
A 1.5 cm part-solid nodule is identified in the lingula <#>
Radiology Findings END
Answer:
Benign appearing calcified granuloma in the left lung <calcified_granuloma>
New right upper lobe nodules compared to last scan <right_upper_lobe_nodules>
A 1.5 cm part-solid nodule is identified in the lingula <part_solid_nodule_in_the_lingula>
————————–
[Few-Shot Content END]

Your Task:
Existing group name tags:
[Group name list from step 2: e.g. right_upper_lobe_ground_glass_nodule, right_lower_lobe_ground_glass_nodule,
...]
Radiology Findings:
[Finding_List_with_Tags,
e.g. 2.6 mm noncalcified nodule in the anterior segment of the left upper lobe <#>
alveolar groundglass opacity in the posterior segment of the right upper lobe with a small central nodular component
measuring 10.2 mm <#> ...]
Radiology Findings END
If an existing group name tag fits, use it;
If multiple existing tags fit, choose one and apply it consistently to all members of the group.
If no existing group name fits, invent your own group tag.
Please reply with exactly the same lines listed above that are between ‘Radiology Findings’ and ‘Radiology Findings
END’, but with the group name tags inserted.
Answer:

Table 15: Step 3 Group Assignment for Multi-Finding when group names are given. The prompts include
underlined texts only when using full-contexts. We have both zero-shot and few-shot instructions, few-shot
version adds two examples.
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Gold GPT-4o Llama3.1
Moderate centrilobular emphysema Moderate centrilobular emphysema Moderate centrilobular emphysema
stable lung nodules since [DATE],
therefore benign. No new or enlarg-
ing pulmonary nodule

Stable lung nodules since [DATE],
therefore benign

stable lung nodules since [DATE],
therefore benign. No new or enlarg-
ing pulmonary nodule

No new or enlarging pulmonary nod-
ule

Normal supraclavicular region

Normal mediastinum
Normal pleura
Mildly dilated main pulmonary artery
measuring 3.3 cm in caliber, also un-
changed
Stable mildly dilated pulmonary
artery may represent pulmonary hy-
pertension
Stable mildly dilated ascending aorta
may represent systemic hyperten-
sion

Lungs: A few tiny (1–2 mm) nodules
are scattered throughout the lungs
[IMAGE NUMBES].

No large masses or dense airspace
consolidations

Supraclavicular region: Normal.

A few tiny (1–2 mm) nodules are scat-
tered throughout the lungs

Mediastinum: Normal.

Lungs: No large masses or dense
airspace consolidations.
Lungs: A few tiny (1–2 mm) nodules
are scattered throughout the lungs.
Pleura: Normal.

Low lung volume low lung volume with left base atelec-
tasis

Cardiomegaly

Left base atelectasis no evidence of edema Low lung volume
no pneumothorax Left base atelectasis

No evidence of edema
No pneumothorax

Right basilar consolidation likely
pneumonia

patchy consolidation at the left lung
base

Patchy consolidation at the left lung
base

Patchy consolidation at the left lung
base

minimal density at right lung base Minimal density at right lung base

Left basilar consolidation likely pneu-
monia

Right basilar consolidation likely
pneumonia

Minimal density at right lung base Left basilar consolidation likely pneu-
monia

predominant fibrosis as before predominant fibrosis predominant fibrosis
increased opacification of the left
lower lobe

increased opacification of the left
lower lobe best seen in the lateral
view which may represent atelecta-
sis, aspiration, or pneumonia

increased opacification of the left
lower lobe

atelectasis, aspiration, or pneumonia
(left lower lobe)
no pleural effusion
no pneumothorax

Table 16: Step 1 finding extraction examples from GPT-4o and Llama 3.1 8B Instruct. Llama 3.1 tends to
generate more findings, and to include content irrelevant to lung findings. Human references are provided
as the gold labels. The predicted findings are presented in the same order as they appear in the LLM
responses.
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Gold (group assignments
from Ann1)

Gold (group assignments
from Ann2)

GPT-4o Llama3.1

Hyperinflated lungs Centrilobular emphysema in
upper lobe predominant dis-
tribution

Left upper lobe spiculated
nodule

Centrilobular emphysema in
upper lobe predominant dis-
tribution

Flattening of domes of di-
aphragm

Focal area of scarring Centrilobular emphysema Spiculated nodule in left up-
per lobe (concerning for pri-
mary lung malignancy)

Centrilobular emphysema in
upper lobe predominant dis-
tribution

Spiculated nodule in left up-
per lobe (concerning for pri-
mary lung malignancy)

Pleura and pleural spaces Unchanged spiculated left up-
per lobe nodule (6 x 9 mm)

Left anterior lingula scarring Right upper lobe nodule Pericardial effusion Unchanged right upper lobe
nodule (2 mm)

Spiculated nodule in left up-
per lobe (concerning for pri-
mary lung malignancy)

Ascending aorta abnormali-
ties

No new pulmonary nodules

Right upper lobe nodule Pleural effusions or pneu-
mothorax (no findings)

Bilateral upper lobe lung nod-
ules

Small bilateral fat-containing
Bochdalek hernias
Mild enlargement of the left
lobe of the thyroid (supraclav-
icular region)
Normal heart size
Trace pericardial effusion
(likely physiologic)
Ascending aorta ectasia (un-
changed)
Mildly dilated main pulmonary
artery (stable)
Nonobstructive bilateral punc-
tate renal calculi (upper ab-
domen)
Moderate centrilobular em-
physema
Large lung volumes consis-
tent with emphysema
No acute bone or soft tissue
abnormality

Table 17: Step 2 group name generation examples from GPT-4o and Llama 3.1 8B Instruct when using
full longitudinal reports as the context. Gold group names are provided in two versions, each reflecting
the grouping assignments of Ann1 and Ann2 respectively, with names refined by a single third annotator
across both versions. Similarly to step 1 results, Llama 3.1 tends to generate more group names and to
include content irrelevant to lung findings. Two versions of human references are provided as the gold
labels. The predicted group names are presented in the same order as they appear in the LLM responses.
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GPT-4o (Full) GPT-4o (List) Llama3.1 (Full) Llama3.1 (List)
Left upper lobe spiculated
nodule

Hyperinflated lungs Centrilobular emphysema in
upper lobe predominant dis-
tribution

Hyperinflated lungs and di-
aphragm flattening

Centrilobular emphysema Flattening of the domes of the
diaphragm

Spiculated nodule in left up-
per lobe (concerning for pri-
mary lung malignancy)

Centrilobular emphysema

Pleura and pleural spaces Centrilobular emphysema Unchanged spiculated left up-
per lobe nodule (6 x 9 mm)

Spiculated nodule in left up-
per lobe (primary lung malig-
nancy concern)

Pericardial effusion Spiculated nodule in the left
upper lobe

Unchanged right upper lobe
nodule (2 mm)

Small focal area of scarring in
lingula

Ascending aorta abnormali-
ties

Right upper lobe pulmonary
nodule

No new pulmonary nodules Clear trachea and central air-
ways

Small focal area of scarring
within the anterior aspect of
the lingula

Pleural effusions or pneu-
mothorax (no findings)

Pleural effusions or pneu-
mothorax (absence of)

No pleural effusions or pneu-
mothorax

Small bilateral fat-containing
Bochdalek hernias

Bilateral fat-containing
Bochdalek hernias

Small bilateral fat-containing
Bochdalek hernias

Mild enlargement of the left
lobe of the thyroid (supraclav-
icular region)

Large lung volumes consis-
tent with emphysema

Large lung volumes consis-
tent with emphysema

Normal heart size Stable lung nodules (benign)

The lungs and pleural spaces
are clear

Trace pericardial effusion
(likely physiologic)

Normal supraclavicular re-
gion and mediastinum

Ascending aorta ectasia (un-
changed)

Normal pleura

Mildly dilated main pulmonary
artery (stable)

Mildly dilated main pulmonary
artery (pulmonary hyperten-
sion concern)

Nonobstructive bilateral punc-
tate renal calculi (upper ab-
domen)

Mildly dilated ascending
aorta (systemic hypertension
concern)

Moderate centrilobular em-
physema
Large lung volumes consis-
tent with emphysema
No acute bone or soft tissue
abnormality

Table 18: Comparison of step 2 group name generation examples using full longitudinal reports versus
predicted finding lists as context. Examples are from GPT-4o and Llama 3.1 8B Instruct. The predicted
group names are presented in the same order as they appear in the LLM responses.
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