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Abstract

Electronic Health Records (EHRs) contain comprehensive patient information that is often voluminous and challenging
to review efficiently. This paper presents a systematic evaluation of multiple methods for compressing patient
records into standardized, comparable formats. Four compression approaches are implemented and compared: two
template-based methods (structured extraction, extractive key-phrase) and two LLM-based methods (LLM, and hybrid
LLM with 8 different models). Using a synthetic cohort of 75 patient records generated with realistic clinical patterns,
each method is evaluated on information preservation (diagnosis, medication, allergy, lab value recall, and vital
accuracy), compression efficiency, and output quality. Across methods, diagnosis recall ranged from 0.637 to 1.000,
with medication and allergy recall consistently exceeding 0.880. In the test setup, the template-based approach
yielded the highest compression ratio (7.6x), while the hybrid methods provided the most balanced trade-off between
compression and clinical utility. These results suggest that combining structured extraction with LLM-generated
summaries can be an effective strategy for scenarios requiring both compact representations and contextual clinical
information.

Keywords: Electronic Health Records, Clinical Text Summarization, Large Language Models, Data Com-
pression, Clinical NLP, Infographics

1. Introduction 2. A synthetic patient dataset with realistic clinical
patterns for reproducible evaluation.
The proliferation of Electronic Health Records
(EHRs) has created both opportunities and chal- 3. Novel evaluation metrics focused on informa-
lenges for healthcare delivery. While comprehen- tion preservation and comparability.
sive digital records enable better continuity of care,
the sheer volume of clinical documentation often ex-
ceeds what clinicians can efficiently review (Shickel
et al., 2018). A typical patient encounter may re-

4. An open-source implementation with info-
graphic visualization tools.

quire reviewing hundreds of pages of prior records, 2. Related Work
laboratory results, medication lists, and clinical
notes (Pivovarov and Elhadad, 2015). 2.1. Clinical Text Summarization

This information overload has motivated signifi- o o o
cant research into clinical text summarization and ~ Clinical text summarization has evolved signifi-
EHR compression. Recent advances in Large  c¢antly with the advent of deep learning. Early ap-
Language Models (LLMs) have shown promis- proaches relied on extractive methods that selected
ing results in generating coherent clinical sum-  key sentences from source documents (Pivovarov
maries (Van Veen et al., 2024; Schilder et al., 2025;  and Elhadad, 2015). More recent work has ex-
Schoonbeek et al., 2025). However, questions re- plored abstractive summarization using transformer
main about the optimal approach for different clini- ~ architectures (Shickel et al., 2018).
cal use cases, particularly when the goal is to en- Van Veen et al. (Van Veen et al., 2024) demon-
able rapid comparison across multiple patients. strated that adapted LLMs can outperform medical

This work investigates methods for generating eXpertS in clinical text summarization tasks. Their
compressed representations of patient records that ~ Study applied adaptation methods to eight LLMs

retain essential clinical information while supporting ~ &cross four clinical summarization tasks, finding
efficient review. The contributions include: that in 45% of cases LLM summaries were equiva-

lent to expert summaries, and in 36% of cases they

1. A systematic comparison of four compression ~ were superior.
methods spanning template-based and LLM- A recent scoping review (Schilder et al., 2025)
based approaches with different models. analyzed 30 studies on LLM-based clinical text
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summarization, identifying key limitations including
narrow research focus (57% on radiology reports),
heavy reliance on the MIMIC dataset (50% of stud-
ies), and insufficient clinical impact evaluation.

2.2. EHR Representation Learning

Deep representation learning for EHRs has been
extensively studied (Si et al., 2021). The Graph
Convolutional Transformer (Choi et al., 2020)
demonstrated the value of learning graphical struc-
tures from EHR data. BioBERT (Lee et al., 2020)
and Clinical BERT (Alsentzer et al., 2019) have
shown strong performance on biomedical NLP
tasks.

2.3. Large Language Models in
Healthcare

GPT-4 (OpenAl, 2023) and similar LLMs have
demonstrated remarkable capabilities in medical
knowledge tasks (Singhal et al., 2023). Tang et
al. (Tang et al., 2023) evaluated LLMs on med-
ical evidence summarization, finding promising
but inconsistent results. Concerns remain about
hallucination and factual accuracy in clinical con-
texts (Wornow et al., 2023). MedGemma models
were built upon Gemma 3, with optimization for
medical domains, and has been shown to outper-
form other generative models of comparable size
on clinically oriented tasks. (Sellergren et al., 2025)

2.4. Synthetic EHR Generation

Synthea (Walonoski et al., 2018) provides an open-
source framework for generating realistic synthetic
patient records. The synthetic data approach ad-
dresses privacy concerns while enabling repro-
ducible research. Synthea generates complete
patient histories conformant with FHIR standards,
including diagnoses, medications, procedures, and
laboratory values.

3. Methods

3.1.

A synthetic cohort of 75 patient records was gener-
ated using a custom generator inspired by Synthea
(Walonoski et al., 2018). Each record includes:

Dataset Generation

« Demographics (name, age, gender, MRN)

Diagnoses with ICD-10 codes (1-7 per patient)

Medications with dosing (1-12 per patient)

Allergies with reaction severity

Vital signs (BP, HR, RR, Sp02, weight, ...)
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» Laboratory results with reference ranges and
abnormal flags

+ Social and family history
+ Clinical notes (1,500-2,500 characters)

Patient complexity was varied across three lev-
els (low: 29 patients, moderate: 33 patients, high:
13 patients), affecting the number of diagnoses,
medications, and abnormal findings.

3.2. Example Patient Record

Listing 1 shows an excerpt from a synthetic patient
record. The full clinical note spans approximately
1,874 characters and includes structured sections
for chief complaint, history, medications, allergies,
vital signs, physical examination, laboratory results,
and assessment.

CHIEF COMPLAINT: COPD exacerbation
HISTORY OF PRESENT ILLNESS:

Patient presents COPD exacerbation.
Patient reports compliance with current
medications. Ongoing management of
Urinary tract infection.

PAST MEDICAL HISTORY:

— Urinary tract infection (N39.0)
MEDICATIONS:

— Aspirin 81lmg daily

- Sertraline 50mg daily

— Lisinopril 10mg daily

ALLERGIES:
— No known allergies

VITAL SIGNS:

Blood Pressure: 119/72 mmHg

— Heart Rate: 65 bpm

- Oxygen Saturation: 100%

- Weight: 111.9 kg, Height: 173 cm
- BMI: 37.4

LABORATORY RESULTS:

- WBC: 8.41 K/uL (4.5-11.0)

- Hemoglobin: 15.94 g/dL (12.0-17.5)
- Glucose: 92.76 mg/dL (70-100)

- eGFR: 49.0 mL/min (90-120) [L]

[...]

Listing 1: Excerpt from original patient record (Pa-
tient MRNO000O1, 56-year-old male). Full record:
1,874 characters.

3.3. Compression Methods

In total, four distinct compression methods were
evaluated. The LLM-based approach and the hy-



brid LLM approach each incorporated eight differ-
ent models, resulting in 18 individual compression
tests across all four methods:

3.3.1. Template-Based Extraction

A rule-based approach that extracts key informa-
tion using predefined templates without natural lan-
guage generation. Key elements (diagnoses, medi-
cations, vitals, abnormal labs) are directly extracted
and formatted into a standardized structure.

3.3.2. Extractive Key-Phrase

Uses TF-IDF-inspired scoring to identify and ex-
tract the most clinically significant phrases from the
patient record. Medical terms are weighted by cat-
egory (diagnoses: 3.0, allergies: 3.0, medications:
2.5, abnormal labs: 2.0).

3.3.3. LLM

Uses different LLM models to generate structured
clinical summaries. The model receives formatted
patient data and returns JSON-structured output
including primary diagnoses, vitals summary, risk
factors, active allergies, active medications, critical
labs, clinical summary and care priorities. The eval-
uation included both cloud-based and self-hosted
model deployments:

* GPT-40-mini (cloud)
* GPT-40 (cloud)
google_medgemma-4b-it-Q6_K_L (local)
google_medgemma-27b-it-Q6_K_L (local)

gemma-3-12b-it-Q4_K_M (local)

[fm2.5-thinking (local)

Meta-Llama-3.1-8B-Instruct-Q6_K_L (local)

nemotron-3-nano (local)

Prompt: No prompt engineering was performed
to avoid introducing potential bias in favor of specific
models. Instead, a single concise and clear instruc-
tion set was developed that consistently produced
valid outputs across all evaluated systems.

3.3.4. Hybrid-LLM

Combines template-based structured extraction,
described in subsection 3.3.1 with LLM-generated
clinical narratives. Structured data (vitals, labs,
medications) are extracted algorithmically, while
the LLM generates a comparative-friendly clinical
summary. The models used in the hybrid LLM
evaluation were identical to those utilized in the
standard LLM approach.
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You are analyzing a patient record for
— clinical summarization.

Create a comprehensive yet concise
clinical summary optimized for:

Quick clinical review

Comparison with other patients
Identifying key risks and priorities

1.
2.
3.

Patient Record:

[...]

Provide your analysis in this exact JSON
— structure:
{{

"primary_diagnoses": ["List

— diagnoses in order of clinical
significance"],
"vitals": "List important vitals as
short plain text",
"active_allergies": ["List important
— known allergies"],
"active_medications":
medications as plain text
including name, dose and
frequency"],
"risk_ factors": ["Identified risk
factors for adverse outcomes'],
"critical_labs": ["List abnormal
labs as plain text including
values and clinical
interpretation"],
"care_priorities": ["Top 3 care
priorities in order of
urgency"],
"clinical_summary":
clinical overview covering:
conditions, current status,
key concerns"

—

—

["List active
R
o

—

—

—
—

—

—
o
"A 2-3 sentence
main
and

—
—

—

H}
Respond ONLY with wvalid JSON.

Listing 2: Prompt structure for LLM compression,
with [...] being the text of the patient shown in List-
ing 1.

Prompt: The prompt focuses on the overall sum-
mary, with the already extracted information to re-
duce the input token.

3.4. Output Format

All methods produce a standardized Compressed-
PatientRecord containing:

 Patient ID, name, age, gender
» Primary diagnoses (list)
+ Active medications (list with dosing)

* Allergies



Based on this patient summary, generate

— a 2-3 sentence clinical overview

optimized for comparing with other
patients:

—

—

Patient: {template_result.name},
{template_result.age}y
{template_result.gender}

Diagnoses: {', '.Jjoin(template_result.p
rimary_diagnoses) }

Vitals: {template_result.vital_ summary}
Abnormal Labs: {', '.join(template_resuj
lt.critical_labs) }

{'", '.join(template_resul
t.risk_factors)}

—

—

—

o
Risk Factors:

—

Provide your analysis in this exact JSON
— structure:

{1
"clinical_summary": "2-3 sentence
clinical overview optimized for

comparing with other patients."

—

—

H}

Focus on: disease severity, control
status,

and just return the json.

— and key concerns. Be concise

—

Listing 3: Prompt to create summary for Hybrid
Compression strategy using extracted template in-
formation.

Vital signs summary (one-line format, including
values of BP, HR, SpO2, weight)

Critical/abnormal laboratory values

Identified risk factors

Clinical summary narrative (LLM methods
only)

3.5. Evaluation Metrics

The methods were evaluated on multiple dimen-
sions:
Information Preservation:

Diagnosis Recall: Proportion of original diag-
noses present in compressed output

Medication Recall: Proportion of original med-
ications preserved

Allergy Recall: Proportion of allergies correctly
captured

Lab Abnormal Recall: Proportion of abnormal
lab values identified

Vital Accuracy: Correctness of vital sign rep-
resentation
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Compression Metrics:

» Compression Ratio: Original length / Com-
pressed length

* Field Completeness: Proportion of expected
fields populated (without clinical summary)

Quality Score: A composite metric combin-
ing preservation (40%), field completeness (25%),
compression efficiency (15%), and presence of clin-
ical summary (20%).

3.6. Visualization

An infographic visualization system was developed
to render compressed patient records as interactive
HTML dashboards. The visualization includes:

« Patient cards with color-coded risk indicators
» Comparison tables for cohort-level review

» Aggregate statistics (mean age, diagnoses,
medications)

+ Highlighted abnormal values and risk factors

Figure 1 shows a screenshot of the patient co-
hort dashboard. The header displays aggregate
statistics (75 patients, average age 57, 2.9 diag-
noses per patient, 3.7 medications per patient). Be-
low, individual patient cards present compressed
information with visual risk indicators (color-coded
badges showing LOW/MEDIUM/HIGH risk). Each
card displays vital signs with color-coded borders
for abnormal values, diagnosis chips colored by
severity, medication lists, and critical laboratory
findings.

3.7. Compression Output Examples

Listing 4 shows the same patient as in Listing 1
with compressed record using three different meth-
ods, demonstrating the trade-off between compres-
sion ratio and narrative richness.

4. Results

4.1. Information Preservation

Table 1 presents the comparative results across
all methods. The diagnosis recall rate varied be-
tween 0.637 (LLM-Ifm2.5) and 1.000 (Extractive
Key-Phrase & Template-Based), while the medica-
tion recall rate and allergy recall rate all had values
above 0.880.

Lab abnormal recall varied between 0.346 (LLM-
[fm2.5ing) and 1.000 (Extractive Key-Phrase). The
slight reduction in LLM methods occurred when
models reformulated lab findings rather than just
list the exact values and some also misses flaged



Patient Cohort Dashboard

Compressed Record Visualization - 75 patients analyzed

75 57 2.9 3.7 15 9
TOTAL PATIENTS AVG AGE AVG DIAGNOSES AVG MEDICATIONS HYPERTENSIVE DIABETIC
Patient Cards (Infographic View)
James Rodriguez Nancy Perez Sarah Garcia John Moore
56 y/o Male 34 yio Female 58 ylo Female 52 ylo Male
&P HR P B BP HR B BP HR Spo: B &P HR P B
1872 | 65 100% 374 188/107 | 81 96% 346 13381 | 70 98% 23.9 473 68 95% 52.7
DIAGNOSES (1) DIAGNOSES (4) DIAGNOSES (7) DIAGNOSES (2)
CRITICAL LABS MEDICATIONS (%) CRITICAL LABS
al i 5 MEDICATIONS (6]
eGFR: 40.0[L] e Bl R © BNP- 410399 [H]  Triglycerides: 298.25 [H]
T Fluticasone Gabapentin Glipizide  Lisinopril Creatinine: 1.9 [H]
Omeprazole Metformin
NKDA CRITICAL LABS ALLERGIES
AST:38295[H]  Albumin: 2.69 [L] CRITICAL LABS
Eggs
HbAle: 7.03 H] BNP: 2479.05[H]  Free T4 3.37[4]
ALLERGIES Potassium: 6.34 [H]
Sulfadrugs  Codeine ALLERGIES
Sulfadrugs  Codeine
Richard Johnson Susan Moore Robert Jones John Thompson
85 y/o Male 25 yio Female 54 y/lo Male 63 y/o Male
BP HR 0 B 8P HR SpOZ B BP HR 3 B 6P HR 5 B
103/60 | 93 100% | 47.1 104/61 | 95 95% 29.8 123/88 | 61 97% 30.5 161/107 | 98 99% 603
DIAGNOSES (7} DIAGNOSES (2} DIAGNOSES tay DIAGNDSES (2)

Figure 1: Patient Cohort Dashboard visualization. The header shows aggregate cohort statistics. Patient
cards display compressed records with color-coded risk levels, base on the complexity (green=Iow,
orange=medium, red=high), vital signs, diagnoses, medications, and critical lab values. This infographic
format enables rapid visual comparison across patients.

lab values. As for the template-based compression
is concerned, only the first 5 values were taken to
achieve compression.

Vital sign accuracy varied between 0.600 (Extrac-
tive Key-Phrase) and 0.997 (LLM-gemma-3-12b).

As expected, there was hardly any difference
in the quality score for the hybrid variant, as the
difference between the methods is only apparent in
one field, the summary, which is discussed in 4.4.
The improved score of the Ifm2.5 models can be
explained by the higher compression rate.

4.2. Compression Efficiency

Template-Based extraction achieved the highest
compression ratio (7.6x), reducing average clinical
notes from approximately 1,874 characters to 247
characters. This aggressive compression comes at
the cost of excluding clinical narratives. The Extrac-
tive Key-Phrase method has a lower compression

ratio of 4.1.

In this setup, LLM methods produced the lowest
compression ratios, ranging from 3.2 to 3.8, due to
the inclusion of generated clinical summaries. The
Hybrid-LLM method balanced compression (4.5x)
with narrative quality.

4.3. Quality Comparison

The Hybrid-LLM method achieved the highest over-
all quality score (0.88), followed by the LLM ap-
proach using GPT-40 (0.878), the Key-Phrase
method (0.868), and the remaining LLM models
(0.783-0.868). In contrast, the Template-Based
method yielded the lowest overall quality score
(0.729).

The quality improvement from LLM methods pri-
marily derives from the clinical summary narratives,
which provide interpretive context not available in
template-only approaches.
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Template-Based Extraction (257 chars, 7.3x compression):

[MRNOOOOO1l] James Rodriguez, 56y Male

Dx: Urinary tract infection

Meds: Aspirin, Sertraline, Lisinopril

Allergies: NKDA

VS: BP 119/72, HR 65, Sp0O2 100%

Labs: eGFR: 49.0 mL/min [L]

Risks: Obesity (BMI 37.4), Active smoker, Reduced kidney function (eGFR 49.0)
Hybrid-medgemma-27b (467 chars, 4.0x compression):

[MRNOOOOO1] James Rodriguez, 56y Male

Dx: Urinary tract infection

Meds: Aspirin, Sertraline, Lisinopril

Allergies: NKDA

VS: BP 119/72, HR 65, Sp0O2 100%

Labs: eGFR: 49.0 mL/min [L]

Risks: Obesity (BMI 37.4), Active smoker, Reduced kidney function (eGFR 49.0)
Summary: 56-year—-old male presenting with a urinary tract infection. He has

significant risk factors including obesity
kidney function (eGFR 49.0 mL/min),

LLM-gpt-40-mini (563 chars, 3.3x compression):

[MRNOOOOO1l] James Rodriguez, 56y Male

Dx: Urinary tract infection (N39.0)

Meds: Aspirin, Sertraline, Lisinopril
Allergies: NKDA

VS: BP: 119/72 mmHg, HR: 65 bpm, SpO2: 100%,
Labs: eGFR: 49.0 mL/min [L]

Risks: Current smoker (0.5 pack/day),

Elevated weight

(BMI 37.4),
which may impact treatment and recovery.

active smoking, and reduced

Weight: 111.9 kg

— indicates potential renal impairment
Family history of stroke and colon cancer,

Summary: James Rodriguez is a 56-year-old male diagnosed with a urinary tract

infection.
mental health, but significant risk factors
history of chronic diseases.

Current management includes medications for cardiovascular health and

include his smoking status and family

Listing 4: Comparison of compression outputs for Patient MRNOOOOO1 using three methods. Template-
based achieves highest compression; LLM methods provide clinical interpretation.

Method Dx Recall Med Recall All. Recall Lab Recall Vital Acc | Comp. Ratio Field Comp. Preserv. | Quality
Template-Based 1.000 1.000 1.000 0.943 0.800 7.6x 0.940 0.949 0.729
Extractive Key-Phrase 1.000 1.000 1.000 1.000 0.600 4.1x 0.953 0.920 0.868
LLM-Meta-Llama 0.806 0.998 0.973 0.520 0.837 3.2x 0.967 0.827 0.820
LLM-gemma-3-12b 0.821 0.987 0.987 0.916 0.976 3.5x 0.953 0.937 0.865
LLM-medgemma-27b 0.835 0.972 1.000 0.939 0.997 3.2x 0.967 0.949 0.868
LLM-medgemma-4b 0.837 1.000 1.000 0.728 0.859 3.4x 0.967 0.885 0.847
LLM-Ifm2.5 0.637 0.970 0.880 0.346 0.808 3.8x 0.940 0.728 0.783
LLM-nemotron-3 0.831 0.887 0.907 0.747 0.931 3.4x 0.962 0.860 0.836
LLM-gpt-40-mini 0.967 0.995 1.000 0.917 1.000 3.0x 0.971 0.976 0.879
LLM-gpt-40 0.906 1.000 0.987 0.938 0.992 3.0x 0.962 0.965 0.872
Hybrid-Meta-Llama 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-gemma-3-12b 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-medgemma-27b 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-medgemma-4b 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-Ifm2.5 1.000 1.000 1.000 0.943 0.800 4.6x 0.940 0.949 0.884
Hybrid-nemotron-3 1.000 1.000 1.000 0.943 0.800 4.5x 0.940 0.949 0.882
Hybrid-gpt-40-mini 1.000 1.000 1.000 0.943 0.800 3.4x 0.940 0.949 0.865
Hybrid-gpt-40 1.000 1.000 1.000 0.943 0.800 3.2x 0.940 0.949 0.863

Table 1: Comparison of Patient Record Compression Methods (average values)

Figure 2 visualizes the key metrics across all
methods, highlighting the trade-off between com-
pression ratio and quality score.

4.4. Clinical Summary Analysis

The choice of model—whether applied in the LLM
or hybrid approach—has only a marginal influence
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on the resulting summaries based on our manual
assessment. Although the hybrid approach more
consistently incorporates vital signs and their corre-
sponding values, the overall structure and content
of the outputs remain largely comparable to those
produced by the full LLM approach. The following
examples present summaries generated using the
LLM approach:
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Figure 2: Infographic comparison of compression
methods. Top: compression ratio; Bottom: quality
score (higher is better for both). Template-Based
leads in compression, Hybrid-LLM-Template and
LLM-gpt-40-mini in quality.

GPT-40-mini produced concise 2-sentence sum-
maries focusing on primary condition, current sta-
tus and possible risks. Example: “‘James Ro-
driguez is a 56-year-old male diagnosed with a
urinary tract infection. Current management in-
cludes ... risk factors include his smoking status
and family history of chronic diseases.”

GPT-40 produced a three-sentence summary
that included medication status, diagnosis, and
lifestyle factors, while the family history was not
always present. The final sentence highlighted rec-
ommended next steps or focus areas. Example: “
.. is diagnosed with a urinary tract infection. His
medical management includes ... controlled vital
signs, but he is at risk due to obesity, smoking, and
reduced renal function. ...”

google_medgemma-4b-it-Q6_K_L produces a
three-sentence overview: first a brief patient sum-
mary with the current diagnosis, followed by key
lab values with possible interpretations, and finally
treatment suggestions or important clinical consid-
erations. Example: “James Rodriguez, a 56-year-
old male, presents ... elevated BUN/creatinine, sug-
gesting possible early chronic kidney disease ...

with a focus on encouraging smoking cessation.”
google_medgemma-27b-it-Q6_K_L produced
a two- to three-sentence summary that included
general patient information, diagnoses, and listed
risk factors such as family history, while occasion-
ally referring to or incorporating vital-sign values.
Example: “56M presents with ... current smoker
with obesity and ... has Stage 3a CKD (eGFR 49).
Key concerns include managing the UTI...”
gemma-3-12b-it-Q4_K_M produced a
three-sentence summary that included cur-
rent diagnosis, incorporated key family history and
relevant laboratory values without interpretation;
and concluded with a brief treatment suggestion.
Example: ‘“James Rodriguez is a 56-year-old
male presenting ... He has a history of smoking
and family history ... slightly low potassium.
Management should focus on treating ...”
Ifm2.5-thinking produced highly inconsistent
summaries, ranging from one to three sentences; in
several cases, the output contained very little or no
meaningful patient information and remained overly
vague. Example: “A 56-year-old male .. with nor-
mal vitals and no allergies, managed with standard
antibiotics ... due to smoking-related risks.”
Meta-Llama-3.1-8B-Instruct-Q6_K_L produced
one- to three-line summaries that included the pa-
tient’s age, gender, and a variable-detail description
of medical history and current diagnosis. However,
it introduced additional descriptive terms or inferred
diagnoses based on the listed medications. Exam-
ple: “A 56-year-old male patient ... and a history of
hypertension. He is currently taking medications for
heart health and depression. The primary concern
is managing the infection ...”
nemotron-3-nano produced one- to three-line
summaries that included a patient’s overview and a
concise account of medical history and current diag-
nosis, highlighted relevant risk factors, and in some
cases referenced or numerically reported vital-sign
values with interpretation. Example: “James Ro-
driguez is a ... his eGFR is reduced at 49 mL/min
indicating early chronic kidney disease... family
history of stroke ...”

4.5. Processing Time

Non-LLM methods processed all 75 patients in un-
der 0.1 seconds. Cloud LLM methods required
405-577 seconds (5.4—7.7 seconds per patient),
while the Local hosted LLM’s are slower with 2113—
6682 seconds (35—111 minutes; 28—89 seconds
per patient). The local Hybrid-LLM-Template meth-
ods are an improvement of the only LLM methods
and took 589-1513 seconds (7.8—20 seconds per
patient) and the cloud Hybrid-LLM-Template meth-
ods took 160-204 seconds (2.1-2.72 seconds).
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4.6. Tabular Patient Comparison

Table 2 demonstrates that compressed records
may facilitate quicker cross-patient comparison by
presenting information in a standardized format.
This structure could help clinicians more easily iden-
tify patients of interest and review key clinical pa-
rameters, though further study is needed to assess
its impact in real-world clinical settings. The tabular
representation appears to preserve essential infor-
mation while potentially reducing cognitive load, but
this requires additional validation.

5. Discussion

Barretto et al. (Barretto et al., 2026) compare
GPT-40 and fine-tuned Llama3 models using
several heuristic metrics as well as a novel
LLM-based evaluation scheme. However, their
analysis is limited to this small set of models, and
domain-specialized models such as MedGemma,
which are particularly relevant for medical summa-
rization tasks were not included.

The comparative analysis of template-based,
key-phrase, LLM-based, and hybrid compression
methods highlights several important considera-
tions for selecting an appropriate approach de-
pending on clinical or computational requirements.
While all methods successfully condense patient
records into standardized formats, their perfor-
mance varies substantially in terms of information
preservation, compression efficiency, interpretabil-
ity, and computational cost.

5.1. Method Selection Guidelines

Our results suggest different methods are optimal
for different use cases:

High-throughput screening: Template-based
extraction achieves the highest compression ratio
(7.6x) while maintaining perfect preservation of di-
agnostic, medication, and allergy information with
a fast processing time. However, this approach
exhibits lower performance in lab abnormal recall
and vital-sign accuracy, and the absence of a clin-
ical summary further contributes to its compara-
tively low overall quality score. Consequently, this
method is best suited for applications requiring mini-
mal storage or high-throughput automated process-
ing.

Clinical decision support: Hybrid methods pro-
vide the best balance of compression and clini-
cal utility, with quality scores exceeding 0.88. The
tested LLM hybrid methods were combined with
the template-based approach. A combination with
the extractive key phrase approach could lead to a
better quality score, but compression could suffer
as a result.

Patient comparison: All methods gener-
ate standardized outputs that enable structured,
table-based comparison across patients, and the
accompanying infographic visualization further fa-
cilitates rapid cohort-level assessment.

5.2. LLM Considerations

While LLM-based methods provide clear advan-
tages in producing clinical narrative summaries,
they also introduce notable considerations:

Interpretability and Trustworthiness: Cer-
tain LLM generated summaries provide clinical in-
terpretation such as inferring chronic kidney dis-
ease (CKD) from reduced eGFR values, that
template-based methods cannot deliver without
substantial rule-based encoding. However, as out-
lined in the Clinical Summary Analysis 4.4, interpre-
tive performance varies considerably across indi-
vidual LLM models. Models trained specifically on
medical data, such as MedGemma, are generally
better suited for tasks requiring clinically grounded
reasoning. Importantly, ensuring traceability and
transparency remains essential, particularly in light
of regulatory requirements under the European Al
Act and the Medical Devices Directive (Bednarczyk
et al., 2025).

Consistency: Template methods guarantee con-
sistent output format while LLM outputs may vary
in structure despite JSON formatting instructions.
Notably, the Ifm model deviated from the specified
schema despite clear prompting, while the other
LLMs consistently adhered to the intended struc-
ture under identical conditions. Nevertheless, the
task of returning a consistently structured output
in an LLM poses a challenge (Lu et al., 2025; Li
et al., 2024; Geng et al., 2025).

Cost and Latency: APIl-based LLM methods
incur per-token costs and network latency. Latency
is particularly high with self-hosted models. Hy-
brid approaches can reduce this latency while still
providing a clinical summary.

Hallucination Risk: While we observed no
hallucinations in our evaluation, LLM summaries
should be validated for safety-critical applications
(Wornow et al., 2023).

6. Conclusion

A comprehensive evaluation of four distinct com-
pression methods for compressing patient records
into standardized, comparable formats was pre-
sented. The Template-Based and Extractive Key-
Phrase achieved perfect preservation of diagnoses,
medications and allergies, while the LLM-based
methods provided enhanced clinical narratives with
a quality improvement.
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Patient Age | Gender | Primary Dx Key Labs Risk Factors
Obesity (BMI 37.4)
‘éggﬁsuez 56 Male Urinary tract infection eGFR: 49.0 mL/min [L] Q(e:tclj\ijeces(rzlnsgir’ey function
(eGFR 49.0)
Hypertension
Chronic kidney disease, stage 4 . Severe hypertension
Nancy Hyperlipidemia, unspecified Gluco_s_e. 2.49'25 mg/dL. [H] Obesity (BMI 34.6)
34 Female ] . Creatinine: 4.66 mg/dL [H] -
Perez Fatty liver, not elsewhere classified 6GFR: 26.84 mL/min [L] Active smoker
Age-related osteoporosis without fracture T Reduced kidney function
(eGFR 26.84)
. . BNP: 4103.99 pg/mL [H]
#A"::re 52 | Male E;Sgrlfiz'i'(;‘:ﬁi‘;”if;;‘g;‘;e g Potassium: 5.9 mEq/L [H] | Obesity (BMI 52.7)
’ LDL: 111.29 mg/dL [H]
Fatty liver,
Susan 5 Female not elsewhere classified Glucose: 290.45 mg/dL [H] Active smoker
Moore Alcohol dependence, Potassium: 6.97 mEqg/L [H]
uncomplicated
Unspecified asthma,
Richard uncomplicated, . Obesity (BMI 47.1),
Johnson 85 Male Gastro-esophageal reflux Glucose: 275.53 mo/dL. [H] Heavy alcohol use
disease with esophagitis

Table 2: Tabular Comparison of Compressed Patient Records (Template-Based Extraction)

The Hybrid-LLM-Template method and the LLM-
gpt-40-mini method achieved the best overall qual-
ity (0.88). For applications requiring interpretive
summaries, the Hybrid-LLM approach with the a
fitting model provides clinical context while main-
taining structured data fidelity.

7. Outlook

Looking ahead, an important next step will be to
evaluate the proposed approaches on real-world
EHR datasets. Such an assessment would pro-
vide deeper insight into practical utility in authen-
tic clinical environments. For this test only locally
hosted LLM would be used to ensure compliance
with data-protection and regulatory requirements.
This would limit the range of deployable models.
Moreover, real-world EHRs typically contain
longer, more heterogeneous, and less standard-
ized documentation than the synthetic records used
here, which may introduce additional challenges
for both compression and summarization.
Another promising direction involves engaging
clinicians directly in the evaluation process. Clinical
expertise is essential for assessing the usefulness,
safety, and interpretability of compressed records
and summaries, and clinician-involved validation
would offer a more grounded understanding of how
these methods support real decision-making.

8. Ethical Considerations and
Limitations

The synthetic patient data was generated for re-
search purposes only and does not represent real
individuals. The study also has several limitations:
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1. Synthetic data: Although realistic patterns
are produced by the generator, greater variabil-
ity and complexity are present in real clinical
records.

2. English only: All methods were evaluated on
English-language records.

3. No clinical validation: Clinical utility was
not assessed in cooperation with healthcare
providers or on real-world patient data.

4. Prompt engineering: In this study, a short
and clear prompt was used to generate valid
JSON outputs. Because prompt engineering
was not applied to the individual models, they
may produce weaker results as a result.
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