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Abstract

Objectives: Patients are increasingly being given direct access to their medical records. However, radiology reports are written for clinicians
and typically contain medical jargon, which can be confusing. One solution is for radiologists to provide a “colloquial” version that is accessible
to the layperson. Because manually generating these colloquial translations would represent a significant burden for radiologists, a way to auto-
matically produce accurate, accessible patient-facing reports is desired. We propose a novel method to produce colloquial translations of radiol-
ogy reports by providing specialized prompts to a large language model (LLM).

Materials and Methods: Our method automatically extracts and defines medical terms and includes their definitions in the LLM prompt. Using
our method and a naive strategy, translations were generated at 4 different reading levels for 100 de-identified neuroradiology reports from an
academic medical center. Translations were evaluated by a panel of radiologists for accuracy, likability, harm potential, and readability.

Results: Our approach translated the Findings and Impression sections at the 8th-grade level with accuracies of 88% and 93%, respectively.
Across all grade levels, our approach was 20% more accurate than the baseline method. Overall, translations were more readable than the
original reports, as evaluated using standard readability indices.

Conclusion: We find that our translations at the eighth-grade level strike an optimal balance between accuracy and readability. Notably, this cor-
responds to nationally recognized recommendations for patient-facing health communication. We believe that using this approach to draft
patient-accessible reports will benefit patients without significantly increasing the burden on radiologists.

Key words: prompt engineering; radiology; large language model; machine learning; natural language processing.

results, patients turn to readily available but unverified tools
such as web search engines, social media, and chatbots.® In
response, legislation, such as Senate Bill No. 1419 (SB 1419)
in California, has been passed to prevent immediate elec-
tronic disclosure for certain conditions, such as imaging stud-
ies that reveal new or recurrent malignancy. Healthcare
organizations are thus challenged to balance improving
patient access to clinical content with the reality that patients
may have difficulty comprehending that content.

Some researchers have argued that the frequency of worry

Introduction

Healthcare organizations are increasingly sharing patient
information via online portals to the electronic health record
(EHR). While much of the content in an EHR is intended for
use by clinicians, patient portals are designed to be a shared
resource allowing clinicians and patients to communicate to
advance care. As a result, patients have faster and easier
access to clinical content including radiology reports. These
reports have historically been written to communicate with
other health professionals using medical terminology that

may not be readily understandable by patients and families.
For example, 1 group found that standard radiology reports
were written at greater than a 13th-grade reading level.”
Because many organizations release results rapidly to
patients,* a patient may read a radiology report before the
healthcare professional who ordered the study has had an
opportunity to review it and communicate with them. Lack-
ing immediate guidance on the content and context of the

experienced by patients is low and that most patients prefer
to receive results immediately.® Some have suggested that
radiologists should generate a separate “patient-accessible”
summary, though existing high clinical volumes makes add-
ing further tasks unappealing to radiologists.” Several organi-
zations have experimented with traditional artificial
intelligence in an attempt to improve the readability of radiol-
ogy reports. Potential approaches are to add glossaries, add
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definitions via hyperlinks, or to automatically replace informa-
tion with standard concept names, though these approaches
may lack specificity to individual patient contexts.®°

More recently, there has been interest in leveraging large
language models (LLMs) and generative Artificial Intelligence
(Gen Al) to bridge gaps in physician-patient communication
and simplify medical terminology for patients.''™"* Much of
the work to date has focused on single models,'® which
involved a small number of reports,'” including the use of
synthetic reports and various scoring methods.'® Common
problems in employing LLMs include “hallucinations,” in
which false information is presented as truth, and the omis-
sion of important information, which may interfere with
comprehension or lead patients to inaccurate conclusions.

In this study, we describe a novel method of prompt engi-
neering for colloquial translation of radiology reports that
overcomes many of the limitations inherent in a naive
prompting strategy. We compare the accuracy, likability, and
harm potential of translations generated by our method to
those generated by a naive approach and measure readability
of the translations using standardized scales. Finally, to verify
quality and identify hallucinations, we describe a novel
approach for mapping individual clauses from colloquial
translations back to the portion of the original report from
which they are derived.

Methods
Data description

In this study, we used 100 de-identified, clinically-relevant
neuroradiology reports from an academic medical center.
Each radiology report contained Indications, Findings, and
Impression sections that were used in this work. Real reports
were used instead of synthetic data as they better capture clin-
ical contexts that could otherwise be overlooked, unrepre-
sented, or inaccurately interpreted.'” Synthetic data may not
fully encapsulate the spectrum of patient examinations due to
their inherit constraints.*’

Problem statement

Given a radiology report, our goal was to produce a collo-
quial translation. We posited that a good colloquial transla-
tion is concise, easy to understand, accurate, and comments
primarily on the abnormal aspects in the report.

Our solution was designed to meet the following require-
ments: (1) Summarize the original report without clinical jar-
gon; (2) Produce a translation that has readability at the
given education level; and (3) Produce a granular attribution
mapping from the translation to the original report.

Responsible use of patient data was critical. Consequently,
we chose a cloud-based LLM service, Amazon Bedrock (Ama-
zon, Seattle, WA), and an LLM on that provider (Claude v1.3,
Anthropic, San Francisco, CA) that guaranteed that it would
not further train an LLM on our private data. Moreover, a
readability index was computed locally with our own imple-
mentation of measures such as Flesch-Kincaid.?!

Baseline solution: Directly prompting an LLM

As a first attempt at a solution, we provided a prompt to an
LLM instructing it to return a translation that meets the
above requirements. To produce desirable translations, we
provided few-shot examples, or demonstrations of reports
and the corresponding translations, within the LLM prompt.

See Figure S1 for an example of a prompt to produce a collo-
quial translation given the original report, the desired educa-
tion level, and few-shot examples. In this work, we used 5
original reports and translations produced by a radiologist as
few-shot examples.

Our solution: Medical knowledge-based prompting

With the baseline method of directly prompting an LLM, we
noticed that the LLM produced certain inaccuracies in trans-
lations; for example, hematoma was translated to “blood
clot.” We hypothesized that pointed questions such as “What
does hematoma mean in a head CT scan?” to an LLM would
result in more accurate responses when compared to the
long-form prompt used in the baseline method. Since LLMs
such as Claude are designed to understand and generate natu-
ral responses, pointed questions may reduce errors in long-
form LLM responses.*”

We implemented several additional enhancements to
improve our results (Figure 1), including:

Medical entity extraction

The first step was to obtain a list of medical diagnoses from
the reports using a medical entity extractor.”® See Figure 2
for an example report and extracted entities. For example, if
the original report reads as “There is a stable 10 mm left sub-
dural hematoma,” our goal in this step is to extract the
phrase left subdural hematoma.

Generating colloquial definitions

Our next step was to generate definitions in simple terms for
the different entities identified. We generated these defini-
tions through a pointed question given as a prompt to an
LLM. See Figure S2 for the prompt used to generate a defini-
tion in simple terms for a given entity. Given a list of medical
entities from the previous step, we prompted the LLM to gen-
erate the definition for each of them. Figure 2 illustrates this
step for entities extracted from the example report.

Final translation

The final step in generating the translation was providing the
different entities and their definitions in addition to the origi-
nal report in the prompt to the LLM. Figure S3 illustrates the
prompt in the final step to generate a translation.

Results

We generated translations of 100 neuroradiology reports
using 4 different combinations in the prompt: (1) baseline
(few-shot prompting only); (2) baseline with inclusion of
study indications in the prompt; (3) medical knowledge
(MK)-based prompt; (4) MK plus inclusion of study indica-
tions in the prompt. We assessed the translated radiology
reports for accuracy, physician likability, readability, and
harm potential. Assessments of accuracy, harm potential, and
physician likability for Findings and Impression were per-
formed by radiologists.

Accuracy

Each report’s translation was labeled as 0 (inaccurate) or 1
(accurate) by a radiologist. We computed the percentage
accuracy across the 100 reports. The accuracy of the transla-
tions of the Findings and Impression sections is illustrated in
Table 1 and in Figures 3A and B. We found that the Findings
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Few-shot Study
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Figure 1. Our translation pipeline: medical knowledge (MK)-based prompting.
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Figure 2. lllustration of the steps involved for 1 example report.

Table 1. Accuracy of MK-based prompting with indications and baseline
methods.

Grade Baseline MK -+ Indications P-value
Findings Fifth 60.0% 83.0% .0006
Eighth 65.0% 88.0% .0002
12th 68.0% 87.0% .0023
College 68.7% 87.0% .0033
Impression Fifth 82.0% 90.0% .32
Eighth 83.0% 93.0% .05
12th 84.0% 94.0% .04
College 91.0% 98.0% 1

Bold indicates significance with P <= .05.

accuracy improved as we increased the grade level of the
translation. Across the different methods, we found that the
baseline method (few-shot prompting only) achieved an accu-
racy of 60%-68%, depending on targeted grade level. Includ-
ing the study indications in the prompt increased the

accuracy consistently across all the grade levels. We found a
global notable improvement by using MK-based prompting
along with study indications. For instance, the accuracy for
the college grade level improved from 68.7% to 87.0%.

We see the same pattern for Impression sections in terms
of the accuracy improving with an increase in grade level, and
the accuracy improving with MK-based prompting along with
indications (Figure 3B). We observe that the accuracy of trans-
lating the shorter Impression is substantially better than the
longer Findings, with the best accuracy of Impression at col-
lege level being 98% compared to 87% for Findings. This
may be related to the LLM having a longer text to translate.

Physician likability

Radiologists rated each of the translations on a 5-point Likert
scale for likability. Figures 3C and D illustrate the average
likability across all the reports at different grade levels on the
Findings and Impression. We observe that, in the case of both
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Figure 3. (A and B): Accuracy of translations generated by each prompting method at 4 different education levels. (C and D): Physician likability of
translations generated by each prompting method at 4 different education levels. Higher is better. (E and F): Readability index of translations generated
by each prompting method at 4 different education levels. Lower readability index corresponds to simpler language. (G and H): Harm potential of
translations generated by each prompting method at 4 different education levels. Lower is better. In all panels, asterisk indicates statistical significance

for MK + Indications model vs baseline (P < .05).

Findings and Impression, the MK-based prompting consis-
tently scored higher than the other methods. Physicians also
tended to prefer the reports written at a higher grade level,
such as 12th grade or college level.

Readability

We assessed readability index (RI) by computing the mean of
5 standard readability scores: Flesch-Kincaid,”' Gunning-
Fog,”* SMOG,** Coleman-Liau,*® and Automated Readability

Index.?” The Rl is an estimate of the grade level required for
comprehension, such that a lower RI represents more readable
text. Mean RI of Findings sections from the original reports
was 14.06 and that of Impression sections was 14.31. RI of
translations produced by the baseline and MK methods ranged
from 6.64 to 10.00 depending on target grade level
(Figures 3E and 3F); all translations had significantly lower

RI, or were more readable, than original reports (P < .001;
Table S2).
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Harm potential

Each translation was evaluated by a radiologist for potential
harm it could cause and labeled as either 0 (not harmful) or 1
(harmful). A harmful translation is one that might exclude an
important aspect of a patient’s report, or one that might
include incorrect information. The average harm potential of
the translated Findings and Impression sections is shown in
Figures 3G and H. Lower average harm potential is better. In
our study, translations of Impression sections had lower aver-
age harm potential than those of Findings sections, consistent
with the results for accuracy. Among the different methods,
we found lower harm potential when we included MK
prompting. Importantly, by adding medical knowledge to the
prompt, we saw moderate decreases in harm potential; for
example, at the eighth-grade level, harm potential of Findings
section translations decreased from 36% to 10%. Neverthe-
less, some harm potential is present in translations across all
the methods. This is significant as these translations are
meant to be shared with patients.

Discussion

In this study, we evaluated the use of a general purpose LLM
to generate colloquial translations of neuroradiology reports.
Our findings indicate that, as compared with a naive method,
careful prompt engineering can improve the accuracy and
readability of translations while reducing their harm poten-
tial. Our findings are consistent with previous work showing
that careful prompt engineering improved LLM accuracy
compared to baseline.”®*” A downside is that there exists a
potential for oversimplification of radiology reports. This, in
turn, creates increased risk of inaccuracy through hallucina-
tions or information omission.*’

Readability vs accuracy

We observe that readability, or ease of reading, and accuracy
ratings were inversely related; that is, as higher grade levels
were targeted, translations became more accurate at the cost
of being less readable. However, gains in accuracy above the
eighth-grade level were marginal, suggesting that targeting
this level may offer the best combination of accuracy and
readability for patients. Notably, the eighth-grade level corre-
sponds to nationally recognized recommendations for
patient-facing public health communication.

Improved accuracy with better prompting

As expected, the inclusion of contextual information, like
clinical indications, further improved overall accuracy of
radiology reports simplified by the LLM. Clinical indications
are concise and directly relevant to the input of radiology
reports; including them in the prompt helps focus the LLM
and limit distractions from irrelevant information.** This
corroborates findings of LLMs producing more relevant out-
put when provided with contextual information, as explored
across other domains.*?

Translation accuracy: Findings vs impression

The Impression section of a radiology report is essentially a
short summary of the more detailed Findings section. In our
study, translations of the more concise Impression sections had
greater average accuracy; this association has been substanti-
. : 33
ated in other, non-radiology healthcare-related domains.” In
addition to being more accurate, Impression section

translations had significantly lower word counts, which fur-
ther contributes to improved patient comprehension.**

Detecting the quality of translation through
attribution

Despite reductions in harm potential using our method, rela-
tively high rates of potential harm persisted, particularly in
translating the Findings (Figure 3G). This precludes immedi-
ate use of this tool in a clinical setting unless other “harm
checks” are included. Potential harm in a translation could
be caused by incorrect translation of sentences in the report,
omission of important aspects of the original report, or addi-
tion of new concepts to the translation (hallucination).

In this study, we undertook preliminary work to detect sour-
ces of harm and thus reduce the risk of patients receiving inac-
curate translations. The objective is to automatically attribute
each sentence in the translation to one in the original report
(Figures 4 and 5). This is done by providing the colloquial
translation and the original report to an LLM that is prompted
to produce pairs of sentences from the translation and original
report. The prompt used here is shown in Figure S4.

First, attributions help identify any incorrect translations
of sentences. In Figure 4, the attribution outputs produced by
the LLM are used to format-match the translation and origi-
nal report. For example, “There is a 10 millimeter collection
of blood along the right outer brain” is attributed to “There
is a 10 mm subdural hematoma along the convexity of the
right cerebral hemisphere” in the original report. This is a
way to check for the first source of harm: incorrect transla-
tions. Second, attributions help with detecting the omission
of parts of the original report. In Figure 4, we see sentences in
the original report such as “No evidence of additional intra-
cranial hemorrhage, acute infarct, or mass lesions,” which
are not attributed. This indicates that these parts of the origi-
nal report are not included in the translation. While the omit-
ted sentences in this example only describe normal findings, a
scenario where a patient’s tumor size increased but is not
included in the translation would be detected in this manner
and potentially corrected. Finally, we used attribution to
detect the addition of new concepts (hallucinations) to the
translation. Figure 5 shows an example where the original
Findings reads “Please see impression.” The LLM is only
given the Findings to produce the translation. However, the
generated translation here includes multiple new concepts or
hallucinations. From the attribution output, we find that
none of the sentences in the translation can be attributed
back to the Findings. This is one way to detect and screen out
potential hallucinations.

We believe that attribution is potentially a useful way for
an end user to quickly identify any inaccuracies in the transla-
tion. This initial work on attribution for detecting inaccura-
cies can serve as a basis for future work.

Our study had several limitations. First, the number of radi-
ology reports included was limited to 100 reports total as each
report required extensive time to review by radiologists. Given
the multiple iterations of reading grade levels and translations
before and after prompt-engineering and context information,
each report required multiple evaluations. We considered pos-
sible effects, including reader fatigue, to reduce confounding
variables. Future studies may include a greater number of
reports and increase the number of readers. Second, this study
evaluated just 1 LLM, Claude v1.3. Ideally, multiple LLMs
would have been compared. However, there are practical
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Original

Translation

LLM Attribution output

There is a 10mm subdural
hematoma along the convexity of
the right cerebral hemisphere.
There is a 4mm rightward shift of

There is a 10 millimeter 1.
collection of blood along the
right outer brain. There is a 4
millimeter shift of the brain

There is a 10 millimeter
collection of blood along the
right outer brain 2 There is a
10mm subdural hematoma

the midline structures. No

structures to the right. No

along the convexity of the right

evidence of herniation. No
evidence of additional
intracranial hemorrhage, acute

evidence of brain tissue being 7.
pushed into areas it does not
belong or skull damage.

cerebral hemisphere.

There is a 4 millimeter shift of
the brain structures to the right
- There is a 4mm rightward

infarct, or mass lesions. The skull
base and calvarium appear
intact. The paranasal sinuses and
mastoid air cells are clear.

shift of the midline structures

3. No evidence of brain tissue
being pushed into areas it does
not belong or skull damage. 2>
No evidence of herniation. The
skull base and calvarium
appear intact.

Figure 4. Example of attribution when the translation is accurate. The attribution is shown by color coding the sentences, for example, the text in the
translation is attributed to the text in the original report. Note that there is text in the original report that is not used for attribution, meaning that it is not

present in the translation.

Original Translation LLM Attribution output
Please see impression There is a new area of bleeding 1. There is a new area of bleeding
in the left frontal lobe that is 1 in the left frontal lobe that is 1

before.

centimeter. There is a small
amount of blood surrounding 2. There is a small amount of
the brain that is greater than

centimeter. > NOT FOUND

blood surrounding the brain
that is greater than before. >
NOT FOUND

Figure 5. Example of attribution when there is hallucination in the translation. The attribution output for each of the sentences in the translation says

“NOT FOUND.”

constraints to evaluating additional models due to the sub-
stantial radiologist time required—1600 reports evaluated for
1 LLM. Moreover, a different LLM, which was not trained on
private data, could have been chosen to conduct the study,
such as open source LLMs or GPT 4. Claude v1.3 was chosen
because past work suggests it is competitive. According to 2
studies,*®*® Claude v1.3 ranks second or third when com-
pared to numerous other LLMs. In another work,* the
authors propose a method to reduce inference time in which
Claude v1.3 performs better than vanilla-GPT 4. Future work
is needed to compare other open source and GPT models.
Next, the included radiology reports were limited to CT scans
of the head. Future studies may include greater variety of
imaging types across other clinical domains. Finally, our study
specifies only textual data in the form of clinical indications
and radiology reports; future work may incorporate actual
imaging data to aid colloquial translation. We emphasize the
capabilities of text in LLMs, although future studies may
investigate potential improvement by incorporating other
image-based deep learning tools.

Conclusion

Pilot studies of the patient experience reading and compre-
hending radiology reports have found a preference for simpli-
fied or “translated” layman reports.>® Proposed workflow
solutions suggest that radiologists directly modify writing
style of reports to favor readability. However, this conflicts

with widely recognized radiology guidelines emphasizing the
importance of precise anatomic and radiologic terminology
for medical clarity. The results of this study indicate great
potential for LLMs to generate the colloquial reports pre-
ferred by patients without disrupting workflows for clinical
stakeholders, including radiologists, referring physicians, and
insurers.*® More work must be done to investigate the use of
LLM:s to translate content from medical to non-medical lan-
guage, since current regulations apply to machine translation
from 1 language to another, rather than from medical to col-
loquial language.?” Further study of tools such as attribution
is also needed to foster trust from clinicians and patients who
are concerned about LLM-generated hallucinations.
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