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Abstract

In recent years, patient narratives have been used to understand subjective experiences that are not recorded in
clinical notes. However, narratives tend to be long and unstructured, requiring summarization. However, text-based
summaries often require a lot of clarification from patients and make it difficult for clinicians to review events and
changes in symptoms over time. In this study, we expanded the summary output by presenting a visualization of
the patient’s journey to facilitate communication between patients and medical staff. Referring to the widespread
use of LLM for summarization, we compared GPT-4.1 and Gemini-2.5-pro, and used Gemini-3-pro-image-preview
for visualization. Data was collected from DIPEx-dapan, then the quality of the summaries was evaluated
quantitatively and the visualizations qualitatively. Quantitative evaluation using BLEU and ROUGE metrics showed
that Gemini-2.5-pro achieved higher summary scores than GPT-4.1, and Japanese summaries scored higher than
English ones. Conversely, English performed better than Japanese in temporal expression extraction using precision,
recall, and F1 metrics, and the Gemini-2.5-pro model consistently outperformed GPT-4.1. In qualitative evaluation
using the pairwise method, the timetable-based model was far superior with an overall win rate of 0.865 in Japanese

and 0.969 in English compared to the baseline.
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1. Introduction

Sharing information between a patient and a clin-
ician is crucial. The World Health Organization
emphasizes the importance of patient and public
involvement, positioning patients and families as
partners to improve safety, service quality, and pa-
tient experience (World Health Organization, 2021).
This is especially critical in acute consultations,
where clinicians must immediately understand the
chronology of symptoms and examinations under
tight time constraints.

Patient narratives offer valuable insights into sub-
jective healthcare experiences (Oluoch et al., 2023),
yet they are frequently lengthy, fragmented, and un-
structured. In particular, chronological events are
often expressed inconsistently across languages
and contexts, making it difficult for clinicians to syn-
thesize them efficiently (Spitale et al., 2023). In
practice, this cognitive load increases the risk of
delays and errors in clinical decision-making (Lenz
et al., 2025).

Prior work has explored time-based and
visualization-oriented approaches. Ledesma et al.
(2019) demonstrated that time-based representa-
tions assist clinicians in reviewing patient histo-
ries and supporting decision-making. Similarly,
Torsvik et al. (2025) showed that integrating nar-
rative notes with timelines enables clinicians to
quickly access relevant context. Other studies
have highlighted the value of patient narratives for
understanding healthcare experiences (Ma et al.,
2024), time-oriented visualization in clinical con-

texts (Scheer et al., 2022), and information extrac-
tion for clinical decision-making support (Elgaar
et al., 2025). However, these approaches primar-
ily rely on structured clinical data from healthcare
systems, leaving a gap in transforming long, un-
structured, patient-generated narratives into out-
puts tailored for patient-clinician communication.

Our approach focuses on overcoming two pri-
mary challenges inherent in this gap:

Extracting dispersed clinical events: Clinically
relevant events, ranging from subjective
symptom changes to formal medical con-
sultations, are scattered throughout lengthy
texts, with their corresponding temporal
expressions often being implicit, inconsistent,
or context-dependent.

Communication-oriented visualization: While
structured tables provide concise data,
text-only formats often lack the intuitive clarity
required for rapid understanding in clinical
settings.

To address these challenges, we introduce
HealthTrajectory, an LLM-based pipeline de-
signed to convert lengthy, unstructured patient nar-
ratives, such as interview transcripts, into an intu-
itive visual format. The system has two core stages
as shown in Figure 1:

Timetable-based summarization: This stage
identifies temporal expressions and maps
summarized clinical events to these time
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Howaever, | also felt that there was no way that | could become
infected,....Or rather, it was around Spm on March 28th that |
thought, "Maybe not, maybe I'm just imagining things.

[...] do our best." So, before | came out, there was a lot of worry.

Narrative Text

Timetable-based Summarization by LLM

Sudden Onset of Unprecedented
Saturday, 28 March 2020 Loss of Smell Signals Onset

¥, 28 March at 5:00 pm Uncertain How Infection Occurred
Monday, 30 March Made difficult decision to seif-solate
2020-04-02 Severe Widespread Body Pain Begins
After losing smell Stopped Reporting Activities to Self-solate
After Hospitalized Father Cares for Child at Home
After Recovering Shared Experlence Publicly to Combat Stigma
2020-07-31 Planning to Protect Children from Infection
autumn, October, Husband Experiences Complete Loss of Smell
[for
lzee A set of structured temporal summaries
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late March 2020
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Patient Journey Visualization by LLM

Patient Journey et

Figure 1: Overview of HealthTrajectory. A patient
narrative is processed via Timetable-based Sum-
marization to ensure chronological structure. The
resulting summaries are then visualized as a pa-
tient journey, transforming raw text into an intuitive
trajectory. This intermediate structured step en-
sures high fidelity, temporal accuracy, and content
completeness in the final output.

points to create a structured temporal
summaries.

Patient journey visualization: This stage con-
verts the structured summaries into a chrono-
logical graphical representation to facilitate ef-
fective two-way communication.

The main contributions of this study are as fol-
lows:

» We propose timetable-based summariza-
tion, which identifies temporal expressions
and maps summarized clinical events to them,
distilling a patient’s fragmented narratives into
a single structured table.

» We propose a patient journey visualization
generated from the structured table, enabling a
concise and interpretable presentation that fa-
cilitates more effective clinical communication
than text alone.

2. Related Work

2.1. Medical Summarization with LLMs

The development of LLM has triggered a surge in
medical summarization research because these
models can summarize long texts such as visit
summaries, emergency room summaries, and
discharge summaries. For instance, a study
by Williams et al. (2025) evaluating GPT-4 and GPT-
3.5 for emergency department visit summaries
found that while LLM summaries were reasonably
accurate, they remained prone to hallucinations
and sometimes omitted relevant clinical informa-
tion.

Other studies have explored the automation of
discharge summaries using open-source models,
emphasizing an editable draft approach to ensure
clinician supervision and patient safety (Ganzinger
etal., 2025). Additionally, Grazhdanski et al. (2025)
focused on generating synthetic discharge sum-
maries for training and evaluation purposes to by-
pass the constraints of real patient data. However,
conventional paragraph-based summaries often do
not clearly highlight the temporal structure and se-
quence of events, so the chronology still has to be
manually rearranged. Consequently, studies such
as Williams et al. (2025) encourage more struc-
tured summary formats that facilitate traceability to
the original source.

2.2. LLM-based Visualization

Research related to converting summaries into im-
ages or visualizations is still limited, especially in
the medical field. However, clinical communication
often requires quick understanding, and visualiza-
tion is an important complement to text summaries.
In the field of natural language to visualization, stud-
ies such as Wu et al. (2024) show that LLMs can
help convert sentence instructions into visualiza-
tions and empirically evaluate the accuracy of the
results.

On the other hand, Ouyang et al. (2025) presents
an agent-based workflow approach for NL2Vis and
highlights the challenges of cross table reasoning,
showing that the ability of LLMs to generate visu-
als depends on input structure and control mecha-
nisms. At the benchmark level, Chen et al. (2024)
also confirms that NL2Vis remains challenging and
requires rigorous evaluation in the era of LLMs.
However, none of the studies have yet created
chronological patient summary visualizations that
integrate time and medical event information in a
structured manner for ease of communication be-
tween patients and clinicians, making the visuals
not only appealing but also accountable for clinical
discussions.
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Entry (Excerpts with annotated temporal expressions)

Gold Summary

Theme

However, | also felt that there was no way that | could become
infected, and so, as someone in a reporting position, at the
time | was already working from home as much as possible,
avoiding rush hour traffic, trying to avoid crowds, and wearing
a mask, so | had no idea how | had been infected. Or rather,
it was around 5pm on March 28th (Saturday, 28 March at
5:00 pm) that | thought, "Maybe not, maybe I'm just imagining
things." [...] So, | called my boss and contacted my husband,
and since | was at work for a bit, | went home, and we decided
that | had no choice but to contact the public health center
and follow their instructions, so | went home by train, wearing
a mask and being careful.

| felt there was no way Route of infec-

| could get infected.
| worked from home
as much as possible,
avoided rush hour and
crowded places, and
wore a mask, so | had no
idea how | was infected.

tions

After | was hospitalized (After hospitalized), my husband
(who was in close contact with me and is under health obser-
vation) stayed at home for two weeks, but we couldn’t avoid
going shopping, and | couldn’t keep my kids confined to the
house from morning until night. [...] But even more than that,
people whose wives have COVID might be wondering if it’s
okay for them to be in the park at that moment, or if it's okay
to go shopping, but if they don’t, they won’t be able to eat,
and they have children, and so | heard that he was probably

While she was in hos-
pital, her husband was
waiting at home and
couldn’t keep the child
locked up all the time, so
he chose a time to go
shopping and take the
child to exercise in the
field. I think her husband

Young

children

and coronavirus
infection

thinking about things like that out in the field.

was also under a lot of
pressure.

Table 1: Sample entries from a single patient interview (HO1). The table presents English translations of
excerpts from the Japanese transcripts, where annotated temporal expressions are highlighted in bold,

followed by their normalized labels in parentheses.

3. Dataset

3.1. Materials

Our primary data source comprises patient narra-
tives curated by DIPEx-Japan’, a national branch
of DIPEXx International®. Adhering to the qualitative
research methodology developed at the University
of Oxford (Torishima et al., 2020), DIPEx-Japan em-
phasizes “patient-centered medical care” by docu-
menting the lived experiences of health and illness
as a vital social resource.

For this study, we utilized a specialized database
of COVID-19 narratives in DIPEx-Japan, compris-
ing interview transcripts that document the lived ex-
periences of 14 individuals: 12 patients (6 men and
6 women, aged 30—-70) and 2 patient family mem-
bers. The interviews were conducted in Japanese
from January to July 2021. Note that we excluded
two interviews conducted with family members to
focus exclusively on first-person patient narratives,
resulting in a final dataset of 12 patients.

To ensure thematic consistency, DIPEx-Japan
categorized the interview content into 9 themes:
“routes of transmission”, “children and coronavirus

”, “onset of symptoms”, “main symptoms

infection”,
in the acute phase”, “anxiety and suffering of in-

1https 1/ /www.dipex—7j.org/
2http: //www.dipexinternational.org/
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Interview Entries Words (ja) Words (en)
HO1 13 7,847 5,289
HO3 6 3,773 2,086
Ho4 7 3,395 2,217
HO5 10 4,638 2,712
HO7 4 1,915 1,208
HO08 13 6,570 3,997
H09 7 3,026 1,866
H10 8 4,444 2,653
H11 8 4,588 2,955
H12 8 3,618 2,290
H13 7 3,283 2,284
H14 10 5,789 3,630

Table 2: Statistics of the COVID-19 narrative
dataset. The dataset based on 12 interviews (one
per patient), with a total of 101 thematic sections
(entries) identified across all interviews. While the
original database included 14 individuals, two in-
terviews with family members (H02 and HO6) were
excluded to focus on patient narratives. For each
interview, the number of available entries and total
text length (word counts) are reported.

fected patients”, “impact on work and the work-
place”, “long-term symptoms and side effects”, re-
porting infections”, and “views on life and the world
after COVID-19”. Since not every patient discussed
all nine themes, we treated each available thematic


https://www.dipex-j.org/
http://www.dipexinternational.org/

section as an individual entry as shown in Table 1.
Consequently, each patient is represented by a
varying number of entries as shown in Table 2,
each paired with a summary that serves as a gold
standard for text summarization.

3.2. Dataset Construction and
Annotation

We translated the original Japanese transcripts into
English to evaluate the system’s cross-language
utility and to ensure consistent performance across
different languages. Table 2 provides a statistical
overview of the dataset, including the number of
patients, segments, and the average text length in
both Japanese and English.

Furthermore, to support the evaluation of our
patient journey visualizations, one of the authors
manually annotated temporal expressions within
each segment to form a gold standard timeline.
This reference allows for a direct comparison be-
tween human-annotated temporal structures and
LLM-generated outputs.

4. Method

HealthTrajectory systematically transforms unstruc-
tured patient narratives into structured visualiza-
tions through a two-stage pipeline. First, we per-
form timetable-based summarization (Section 4.1),
in which an LLM extracts key clinical events and
aligns them along chronologically to create struc-
tured temporal summaries. Second, these sum-
maries serve as the input for patient journey vi-
sualization (Section 4.2), where the LLM renders
a graphical representation of the patient’s health
trajectory.

4.1. Timetable-based Summarization

The initial stage generates summaries and tempo-
ral expressions that maintain chronological coher-
ence, thereby producing a stable and structured
foundation for our workflow. The process consists
of the following steps:

» Narrative processing: The input text (e.g.,
the patient narrative shown in Table 1) is con-
verted into structured XML format along with a
timeline. Our system is implemented in both
Japanese and English. Both datasets are pro-
cessed using the same procedure to ensure a
fair bilingual comparison of the LLM’s perfor-
mance.

+ Summary Generation: The model generates
concise text summaries from the narratives,
ensuring a consistent format throughout the
entire timeline.

» Timeline generation: The LLM generates
time-based structured output, specifically iden-
tifying events and their corresponding tempo-
ral expressions. For temporal expressions, the
model extracts exactly as it appears in the nar-
rative if the time is an expression such as “a
week later, before testing positive” in order to
maintain time consistency and avoid causing
confusion.

» Chronological ordering: The model ar-
ranges events from the earliest to the latest. It
prioritizes the inherent temporal order of the
narrative without interpolating or inventing non-
existent time points.

Finally, the output is checked against the predefined
schema and required chronological structure. If in-
consistencies are found, such as empty columns,
invalid events, repeated content, or incorrect event
ordering, the model is prompted to regenerate the
output until it matches the required format and tem-
poral sequence.

4.2. Patient Journey Visualization

In this stage, we employ an LLM to generate patient
journey visualizations. The structure and compo-
nents of the prompt used for the visualization are
shown in Figure 4. Specifically, the prompt is de-
signed to consider the following points:

» Chronological order: The timeline is main-
tained from the earliest point to the present.
This is essential because the present state is
often implicit rather than explicitly stated in the
narrative.

 Linear connectivity: Connections between
nodes are restricted to a single, one-way chain
without branching to ensure a clear and unam-
biguous narrative flow.

* Node composition: Each node features a
card-like display incorporating a temporal label,
a concise description, an icon/emoji, and a
“severity” indicator to reflect changes in the
patient’s condition over time.

Readability and layout: Explicit rules are es-
tablished to optimize visual clarity, such as
the vertical arrangement of nodes (top to bot-
tom), the prevention of overlapping, and the
inclusion of legends. These constraints facil-
itate rapid information processing for clinical
decision-making and help patients intuitively
understand their disease progression.
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(a) PATIENT JOURNEY

PATIENT JOURNEY

(b) FATIENT JOURMEY

BATIENT JOURNEY

PATIENT JOURNEY

Figure 2: Comparison of patient journey visualizations across three cases. Each pair shows the vi-
sualization generated by HealthTrajectory (left) and the baseline (right). This visualization shows the
patient’s condition score, where a higher score on the positive y-axis indicates a more positive change
in the patient’s condition, meaning the patient is improving. We also use color to facilitate a quicker
understanding of the patient’s condition. On the patient card, we also add a number of boxes to the
severity scale, indicating a more severe condition if the severity level is high, and a lower number indicates
improvement. Transition markers are used to indicate the chronological order of events.

5. [Experimental Setup

Our system consists of two steps: experimen-
tal setup for timetable-based summarization (Sec-
tion 5.1) and timetable-based patient journey visu-
alization (Section 5.2).

5.1. Timetable-based Summarization
Setup

5.1.1.

We chose the Gemini-2.5-pro and GPT-4.1 mod-
els with a zero-shot setting. We selected GPT-4.1
because medical evaluations based on rubrics in-
dicate that GPT-4.1 is a high-performing model,
especially for clinical text comprehension tasks that

Models and Prompts

require accuracy and can perform consistent tem-
poral extraction (not fabricating time and maintain-
ing the sequence of events) (Arora et al., 2025).
We chose Gemini-2.5-Pro because official techni-
cal reports demonstrate its advanced capabilities
in reasoning, multimodality, and long context (Co-
manici et al., 2025). Both are highly suitable for our
workflow, which processes long patient narrative
texts into timetable-based summarization.

We used a prompt that instructs the model to
divide a single interview transcript from one patient
into several segments in chronological order, con-
sidering the aspects found in the patient’s narrative
data as shown in Figure 3. For each segment, the
model is instructed to extract a timeline with one to
two TIMEX3-style temporal expressions, with con-
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System prompt: “You are a time-label sorter, specialized in ordering timeline labels into a strict chronological
sequence (oldest—newest).”

Instruction: You receive one interview represented as multiple timeline entries, where each entry contains a
timeline label and an optional aspect field. Sort the entries strictly from oldest to newest, ignoring the original
table order and narrative/story order. If a timeline label is vague, you may use the aspect field only as supporting
evidence, but you must not hallucinate or infer dates/events that are not stated in the input. Expressions such
as “after N years ...” are not concrete dates and should be placed after entries with explicit dates, while
“now/recently” must be placed as the newest.

Output: Return a JSON object that provides the chronological ordering of all entry indices from oldest to
newest.

System prompt: “You are a medical summarizer, specialized in producing faithful point-level summaries for
patient-journey tracking.”

Instruction: You receive a time label (which must be used as-is), an optional aspect field (supporting cue only),
and the corresponding content (a text segment or an existing summary, when available). Generate exactly one
timetable point for each timeline entry. Do not add any facts that are not present in the input (no hallucination).
Write a short medical summary consisting of a concise heading and detail. The heading must be short (<
7 words) and complete (no ellipsis). The detail must be concise and complete, written as 1-2 full sentences
(no ellipsis, no truncation). Select emoji from a predefined emoji pool, and icon_hint from a predefined
icon inventory. Assign a severity level on a 1-5 scale, where 1 indicates the worst condition and 5 indicates
the best condition. If the generated text appears cut off or contains ellipses (“..."/*...”), rewrite it to be shorter
but still complete, while preserving the original meaning.

Output: Return a JSON object that contains the medical summary and its severity level (1-5), along with
auxiliary fields used for visual rendering.

Figure 3: Prompts for timetable-based summarization.

System prompt: “You are a medical infographic designer, specialized in rendering a constrained patient-journey
timeline as a clean, readable 16:9 vector infographic.”

Instruction: You receive a chronologically ordered list of patient-journey points and must produce a professional
16:9 infographic in a clean vector style with sharp, readable text (no blur). The infographic must contain exactly n
nodes (colored circles) and exactly n—1 arrows, forming a single chain 0->1->2->. . .->n-1 with no branching
and no extra icons/circles. Draw thin axes: a thin x-axis across the middle labelled Time near the right end and a
thin y-axis on the left labelled Condition. Reserve a clean left margin lane (~10% of the canvas width) exclusively
for the y-axis label and polarity markers; no nodes, arrows, cards, legend, or other objects may overlap this
lane. Place nodes above/below the x-axis based on the qualitative condition label (e.g., Better/Worse/Neutral),
and never print any hidden numeric variables used for layout. Use the provided severity (1-5) to encode
visual emphasis (e.g., color intensity or a 5-block bar), where 1 represents the worst condition and 5 represents
the best condition. Every node must have exactly one attached card connected by a thin leader line, and
cards must not overlap each other, nodes, arrows, axes, the reserved lane, or the legend. Each card must
include the time label (as provided), bold emoji + heading, the detail text (1-2 complete sentences), the
severity indicator (five blocks), and a qualitative label Better/Worse/Neutral. Include a compact legend at
the bottom-right showing the severity key (1-5 blocks) and one sample thin curved arrow labelled transition
(prev->next); do not show hex codes and do not show any hidden layout scores.

Output: Return one 16:9 infographic image satisfying all constraints above.

Figure 4: Prompt for patient journey visualization.

tent length adjusted to the medical context of each
segment. Additionally, the model is asked to sum-
marize the narrative into one to three sentences
that align with the medical context of each segment
without adding new information.

5.1.2. Evaluation Metrics

Automatic evaluation consists of two components:
summary evaluation and timeline evaluation.
Summary Evaluation: We use ROUGE-1/2/L
to capture diverse aspects of summary quality.
ROUGE-1 (unigram) evaluates how much informa-
tion from the reference is captured, while ROUGE-2

(bigram) evaluates more strictly and ensures that
the model not only captures information but also
retains phrases. ROUGE-L (longest common sub-
sequence) assesses similarity in terms of event
chronology more flexibly (Zhang et al., 2025). Addi-
tionally, we use BLEU to provide a complementary
perspective on n-gram overlap (Chu et al., 2024).

Timeline Evaluation: For the timeline genera-
tion task, we use precision, recall, and F1-score.
These metrics are essential for ensuring that the
model accurately extracts temporal expressions
while minimizing the inclusion of incorrect time
points. This approach is often used for evaluating
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temporal information extraction, which are often
referred to as TIMEXS3 (Yao et al., 2025).

5.2. Patient Journey Visualization Setup

5.2.1. Models and Prompts

We used the Gemini-3-pro-image-preview model®*.
This model was launched on November 20, 2025,
as the final iteration of the Nano Banana model for
image generation. This model is designed to follow
complex instructions with more accurate image re-
sults and is specifically tailored for the production of
high-quality visual assets, which is why we chose
this model over others.

We use a prompt that instructs the model to
visualize the patient’s journey with a timeline in-
fographic design that includes visual elements
such as icons, nodes, and chronological order, as
shown in Figure 4. The prompt also instructs the
model to create a time axis (x-axis) and a condi-
tion axis (y-axis), and each event has a time label,
an icon/emoiji as a marker, a brief description, and
a severity level indicator (1-5) shown using differ-
ent colors. To keep the visualization readable and
avoid overlapping when many events are present,
the layout is allowed to extend downward. Overall,
the instructions aim to keep all elements structured
and clearly presented.

5.2.2. Evaluation Metrics

To quantify the effectiveness of the generated visu-
alizations, we conducted a human evaluation based
on pairwise comparisons over the entire dataset.
This method provides a more reliable measure of
human preference than independent scoring, as it
directly compares the outputs of two systems given
the same input narrative.

We evaluated the visualizations using three cri-
teria, each consisting of two evaluation aspects
summarized from our questionnaire:

» Correctness: Assesses clinical relevance
(whether the visualization accurately reflects
the medical context) and hallucination avoid-
ance (whether the visualization avoids adding
non-existent information).

» Coverage: Evaluates completeness (the ex-
tent to which information from the table is cap-
tured) and faithfulness (the degree to which
the visualization adheres to the table).

+ Visual design: Measures readability (ease of
understanding the content) and layout quality

3www.ai.google.dev/gemini—api/docs/
image—generation

4www.ai.google.dev/gemini—api/docs/
changelog

(effectiveness of the design for following the
timeline).

To determine the relative performance, we cal-
culated the winning proportion for the proposed
method. Let W,,.. denote the number of votes
for the baseline, and W, denote the votes for
the proposed method. The winning proportion is
defined as:

WO'(LTS

WinProp = ——24%
P Wbase + Wours

(1)
where WinProp > 0.5 indicates a preference for
the proposed method.

The evaluation was conducted by four Japanese
evaluators, including three NLP researchers and
one medical professional, to ensure both technical
and clinical validity. For each patient case, they
were presented with the gold standard timeline ta-
ble (Section 3.2) and asked to determine which
visualization better represented the structured in-
formation.

6. Results and Discussion

6.1. Timetable-based Summarization

In timetable-based summarization, we evaluated
two viewpoints: the results of the Gemini-2.5-Pro
model and the GPT-4.1 model on the timeline, as
well as the results of the Gemini-2.5-Pro model and
the GPT-4.1 model on summarization.

Summarization Results: Table 3 shows the
summarization evaluation results. In the table,
the Gemini-2.5-pro model achieved higher scores
in both Japanese and English compared to the
GPT-4.1 model in the narrative summarization task.
Specifically, the Gemini-2.5-pro model scored the
highest in all measurements for Japanese, with a
score of 0.506 on ROUGE-1, followed by a score
of 0.230 on ROUGE-2, then 0.316 on ROUGE-L,
and 0.474 on BLEU. This indicates that the Gemini-
2.5-pro model is more stable in maintaining core
content and word choices that are closer to the
reference.

Timeline Results: Table 3 shows the perfor-
mance of the timeline generation. The results in
English are higher compared to Japanese, which
is in contrast to the summary evaluation that shows
higher scores for Japanese compared to English.
The scores for precision, recall, and F1 are consis-
tently highest for the Gemini-2.5-pro model, with a
score of 0.251 for precision and 0.242 for recall and
0.246 for F1 in English time extraction. From these
results, the Gemini-2.5-pro model appears more
conservative in extracting times that closely match
the reference compared to the GPT-4.1 model.
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Summary Evaluation

Timeline Evaluation

Lang Model ROUGE-11 ROUGE-2t ROUGE-L+ BLEU? P+ Rt  Fit
JA  Gemini-2.5-pro  0.506 0.230 0.316 0.474 0.157 0.157 0.157
JA  GPT-4.1 0.472 0.204 0.294 0.433 0.179 0.159 0.168
EN  Gemini-25-pro  0.276 0.077 0.186 0.253 0.251 0.242 0.246
EN GPT-4.1 0.256 0.065 0.176 0.233 0250 0.231 0.240

Table 3: Performance of timetable-based summarization in Japanese (ja) and English (en) text.

Japanese English
Criterion Aspect Wease Wours WIinProp  Wisse Wours WinProp
Correctness  Clinical relevance 8 40 0.833 1 47 0.979
Hallucination avoidance 3 45 0.938 0 48 1.000
Coverage Completeness 1 47 0.979 0 48 1.000
Faithfulness 3 45 0.938 0 48 1.000
Visual design  Readability 13 35 0.729 5 43 0.896
Layout quality 11 37 0.771 3 45 0.938
Overall 39 249 0.865 9 279 0.969

Table 4: Results of Patient Journey Visualization using the pairwise method. W,s. and W,,,,.s show the
vote counts for the baseline and the proposed method by aspect and language, respectively; WinProp is

the winning proportion of our method.

6.2. Patient Journey Visualization

As shown in Table 4, the evaluators consistently
preferred the proposed method over the baseline
across all evaluation aspects for both Japanese
and English. The proposed method achieved sub-
stantially higher preference scores, with 0.865
for Japanese and 0.969 for English, indicating
a clear advantage over the baseline. These re-
sults suggest that structuring patient narratives into
timetable-based visualizations improves the per-
ceived quality of the output in terms of clinical rele-
vance, completeness, faithfulness, and hallucina-
tion reduction.

in the English setting, the proposed method
achieved perfect scores (1.000) for hallucination
avoidance, completeness, and faithfulness. In con-
trast, improvements in visual aspects such as read-
ability, layout quality, and clinical relevance were
more moderate, particularly in the Japanese setting.
This discrepancy may indicate that while the pro-
posed method effectively constrains content gen-
eration, visual presentation quality is influenced
by additional factors, such as language-specific
phrasing and formatting preferences.

Overall, the proposed method (left panel of Fig-
ure 2) appears to be well-suited for bilingual Patient
Journey visualization, supporting clearer and more
structured explanations of patient trajectories. The
results based on Gemini-2.5-pro further suggest
that high-quality upstream generation is critical for
producing coherent and interpretable visualizations,
particularly in maintaining alignment between clini-

cal events and temporal information.

7. Conclusion

We proposed a bilingual timetable-based Patient
Journey system that generates structured visual-
izations from patient narratives to support clini-
cian—patient communication. The evaluation re-
sults demonstrate that the proposed system is ro-
bust for summary generation, with the Japanese
version generally outperforming the English ver-
sion on both the Gemini-2.5-pro and GPT-4.1 mod-
els. In contrast, for temporal expression extraction,
the English version achieved higher accuracy, and
Gemini-2.5-pro consistently outperformed GPT-4.1.
Furthermore, in the human evaluation comparing
the baseline and the proposed method, the evalu-
ators almost always chose the proposed method.
This preference was primarily attributed to its higher
clinical relevance, fewer hallucinations, greater
completeness, and improved readability, making
it more suitable for supporting communication be-
tween patients and clinicians across languages.

In future work, we plan to implement HealthTra-
jectory for direct use in clinician-patient communi-
cation. This system will provide an interface that
enables patients to upload information about their
symptoms prior to pain onset. The system will gen-
erate a visual summary and timeline of the patient’s
journey. The system will also include features that
support both patients and clinicians, allowing the
outputs to be reviewed prior to use in clinical dis-
cussions.
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8. Limitations

There are several limitations to this study. First, the
experiments were conducted on a small dataset of
COVID-19 patient narratives, requiring validation
on a larger and more diverse dataset, including
other diseases and narrative types. Second, the
timeline annotation was performed by only one an-
notator, leading to a lack of agreement between
annotators and also introducing the potential risk
of subjective bias in the gold standard annotation.
Third, for the generated patient journey images,
each case was generated up to four times as a prac-
tical measure to reduce inconsistencies; however,
some results still showed inconsistencies regard-
ing severity. Furthermore, the current system is
still in its early research phase, and these findings
are intended to inform further development towards
more practical use in the future.
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