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Abstract

Background: Magnetic resonance imaging (MRI) reports are challenging for patients to interpret and may subject patients to
unnecessary anxiety. The advent of advanced artificial intelligence (Al) large language models (LLMs), such as GPT-40, hold
promise for translating complex medical information into layman terms.

Objective: This paper aims to evaluate the accuracy, helpfulness, and readability of GPT-40 in explaining MRI reports of
patients with thoracolumbar fractures.

Methods: MRI reports of 20 patients presenting with thoracic or lumbar vertebral body fractures were obtained. GPT-40 was
prompted to explain the MRI report in layman’s terms. The generated explanations were then presented to 7 board-certified
spine surgeons for evaluation on the reports’ helpfulness and accuracy. The MRI report text and GPT-40 explanations were
then analyzed to grade the readability of the texts using the Flesch Readability Ease Score (FRES) and Flesch-Kincaid Grade
Level (FKGL) Scale.

Results: The layman explanations provided by GPT-40 were found to be helpful by all surgeons in 17 cases, with 6 of 7
surgeons finding the information helpful in the remaining 3 cases. ChatGPT-generated layman reports were rated as “accurate”
by all 7 surgeons in 11/20 cases (55%). In an additional 5/20 cases (25%), 6 out of 7 surgeons agreed on their accuracy. In
the remaining 4/20 cases (20%), accuracy ratings varied, with 4 or 5 surgeons considering them accurate. Review of surgeon
feedback on inaccuracies revealed that the radiology reports were often insufficiently detailed. The mean FRES score of the
MRI reports was significantly lower than the GPT-40 explanations (32.15, SD 15.89 vs 53.9, SD 7.86; P<.001). The mean
FKGL score of the MRI reports trended higher compared to the GPT-40 explanations (11th-12th grade vs 10th-11th grade
level;, P=.11).

Conclusions: Overall helpfulness and readability ratings for Al-generated summaries of MRI reports were high, with few
inaccuracies recorded. This study demonstrates the potential of GPT-40 to serve as a valuable tool for enhancing patient
comprehension of MRI report findings.
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Introduction

The 21st Century Cures Act has recently mandated that
medical imaging exam results be made immediately available
to patients after the radiologist report is finalized [1]. In many
situations, patients will review their imaging reports without
guidance from a medical professional, leading to confusion
and anxiety [2]. Ideally, an ordering physician would be able
to review the imaging results with their patients in a timely
fashion, but this is often not the case. There is, therefore, a
need for patients to be able to more easily and efficiently
interpret the text of their imaging reports.

As large language models (LLMs) rapidly become more
sophisticated and powerful, the premise of using artificial
intelligence (Al)-generated summaries of imaging reports as
a tool that may assist clinicians in improving communica-
tion with patients has been gaining support. Recent analyses
of ChatGPT-40 (OpenAl) have demonstrated its effective-
ness and accuracy in summarizing diagnostic radiology
reports, with the ability to translate medical terminology to
an 8th-grade reading level [3]. When prompted to explain
medical imaging reports to a child using simplified and basic
language, ChatGPT-40 generated 15 different reports, which
were evaluated by 15 radiologists. The overall consensus was
that the reports were factually correct, complete, and did not
pose any harm for misinformation [4].

Management of thoracolumbar fractures is a particularly
challenging aspect of patient care for spine surgeons.
Regional variation in treatment approach methodology
contributes to a larger widespread inconsistency in the
standard of care [5,6]. Therefore, management of verte-
bral body fractures is heavily influenced by an individual
surgeon’s experience and comfort level. The heterogeneity
of spinal fracture morphology also results in more complex
terminology in magnetic resonance imaging (MRI) reports.

Recent analyses have demonstrated that high quality
educational content is available for patients, offering
appropriate counseling on osteoporosis and bone health,
diagnosing and treating cervical radiculopathy, as well as
answering commonly asked questions about spinal cord
injury [7-9]. However, thus far, no reports have been
published on the accuracy and helpfulness of ChatGPT-gen-
erated explanations of spinal trauma MRI reports, specifi-
cally thoracolumbar fractures, in the emergency department.
Therefore, the objective of our study was to evaluate
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the readability of ChatGPT-generated layperson summaries
of radiology reports for 20 patient cases of thoracolum-
bar fractures. We hypothesized that ChatGPT-generated
summaries would help provide clearer and more understand-
able MRI report findings that contain accurate explanations
of imaging findings without any ‘“hallucinated” or fabricated
content—a flaw observed in earlier LLM versions where
the AI program would often invent facts or cite nonexis-
tent literature without clearly acknowledging the fabricated
content.

Methods
Study Design

Searching our institutional Picture Archiving and Commu-
nications System (PACS), we identified 20 patients who
presented to the emergency department at a level 1 trauma
center and underwent MRI for evaluation of an acute
thoracolumbar vertebral body fracture. Each patient was
evaluated urgently through consultation with 1 of 7 board-cer-
tified spine surgeons providing on-call coverage. These 20
consecutive encounters all occurred between 2023 and 2024.
A total of 20 patient cases were chosen in order to suffi-
ciently include a variety of different clinical scenarios with
varying types of fracture morphology and severity. MRI was
chosen in favor of other imaging modalities as MRI reports
are generally more challenging to interpret, as they often
contain varying complex descriptors of combined ligamen-
tous and bony injuries, making each case unique and nuanced.
Reports were deidentified by excluding the patient’s name,
date of study, and radiologist’s name from the reports. These
deidentified reports were then submitted to ChatGPT-40 with
the prompt, “Explain in layman terms with as much detail as
possible.” This prompt was selected over others, as it concise,
yet specific with regards to the desired output as a patient
education tool (see Figure 1).

The GPT-4o-generated layman summaries of the MRI
reports were formatted into an electronic survey for evalua-
tion by the same 7 on-call board-certified spine surgeons
at the level 1 trauma center emergency department. The
surgeons were asked to grade each prompt as ‘“helpful”
or “not helpful” and “accurate” or “not accurate.” Descrip-
tive statistics were used to summarize surgeon ratings of
helpfulness and accuracy, with results reported as frequencies
and percentages.
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Figure 1. This diagram showcases how deidentified magnetic resonance imaging (MRI) reports were processed through ChatGPT-40 with a prompt
that asked to explain the imaging findings in layman’s terms for patient education purposes. The MRI report completed by the radiologist can be seen
on the left in green, while a GPT-40—generated, simplified version of the MRI report can be seen on the right in blue. Readability scores (Flesch
Readability Ease Score) and reading grade levels (Flesch-Kincaid Grade Level) were determined for each version of the MRI report. Al: artificial

intelligence.

Sample case — MRI report and GPT-4 explanation

Statistical Analysis

Readability of the original MRI report written by the
radiologist, as well as the GPT-40 layman report, was
analyzed using an internet-based readability scoring system
[10]. The first measure of readability calculated was the
Flesch Reading Ease Score (FRES; 1 to 100, with 100
being the highest readability score; see Equation 1). The
second measure of readability assessed was the Flesch-Kin-
caid Grade Level (FKGL) scale (approximating the reading
grade level of a text; see Equation 2). Readability scores were
then statistically analyzed using a paired ¢ test to compare
readability scores between the original MRI reports written by
the radiologist and GPT-40—generated layman explanations
in order to assess whether there was a significant difference
in FRES and FKGL scores. Paired ¢ tests were performed
on the exact FKGL and FKRE values (not ranges) to assess
statistical significance. A P value of<.05 was considered
statistically significant.

total words
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In addition, interrater reliability among the 7 surgeons

evaluating MRI reports was assessed using Cohen kappa
statistic in an effort to quantify agreement beyond chance.
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Ethical Considerations

The Scripps Health Institutional Review Board approved this
study with a waiver for deidentified use of patient records.
This study was conducted in accordance with the ethical
standards of the Declaration of Helsinki and was approved
by the Department of Orthopaedic Surgery at Scripps Health
and the San Diego Spine Foundation.

Results

Surgeon Evaluation of Helpfulness and
Accuracy

A total of 20 noncontrast MRI reports of the lumbar spine
were included in this study. In total, 17 of the 20 layman
reports (85%) were unanimously determined to be ‘“help-
ful” by all 7 surgeons, while the remaining 3 reports were
considered “helpful” by 6 of the 7 surgeons (see Table 1).
In terms of accuracy, surgeons unanimously rated 11 of
the 20 layman reports (55%) as “accurate.” An additional 5
reports (25%) were rated as “accurate” by 6 of 7 surgeons,
while the remaining 4 reports (20%) received mixed ratings,
with 4 or 5 surgeons agreeing on their accuracy. Notably,
however, at least half of all surgeons surveyed rated every
layman MRI report as “accurate.” In the 4 cases where only
2 or 3 surgeons rated the layman reports as “inaccurate,” the
original radiology reports lacked sufficient detail (see Table
2). In these instances, surgeons indicated they would prefer
to personally review the imaging studies before determining
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the accuracy of the explanations. Interrater reliability was
high among surgeons (#=0.80), as well as between surgeon

consensus and GPT-40 (»=0.90).

Table 1. Surgeon ratings of helpfulness for GPT-40 layman reports.

Sing et al

Helpfulness rating Reports, n Surgeon agreement, n/N Percentage
Unanimously helpful 17 17 85
Majority considered helpful 3 6/7 15

Table 2. Surgeon ratings of accuracy for GPT-40 layman reports.

Accuracy rating

Cases (N=20),n (%)

All 7 surgeons agreed (accurate)

6 of 7 surgeons agreed (accurate)
4 or 5 of 7 surgeons agreed (mixed ratings)

11 (55)
5(25)
4(20)

FKGL and FRES Readability Analysis

The readability of the MRI reports and their GPT-4-gener-
ated layman explanations was evaluated using the FRES and
FKGL metrics.

The MRI reports had FRES scores ranging from 7 to 61,
with a mean of 32.15 (SD 15.89), indicating that the text
was classified as “difficult to read” by standard readability
metrics (see Table 3). In contrast, the GPT-4 explanations had

FRES scores ranging from 40 to 72, with a mean of 53.9 (SD
7.86), demonstrating a substantial improvement in readability.
The average increase in FRES score between the original
MRI report and GPT-40 report was +21.75 points, which
was statistically significant (P<.001). This result confirms
that GPT-4 effectively enhanced the readability of MRI report
findings, making them considerably easier for patients to
understand.

Table 3. Reading ease and reading grade scoring comparing magnetic resonance imaging (MRI) reports and GPT-40 explanations.

Case FRES? score FKGLP score

Original MRI report  GPT-4oreport  Difference Original MRI report ~ GPT-4o0 report Difference
Case 1 29 55 26 11.63 10.58 -1.05
Case 2 19 72 53 13.61 7.62 -5.99
Case 3 15 56 41 13.72 11.26 —2.46
Case 4 59 68 9 8.43 8.93 0.5
Case 5 36 52 16 1142 11.44 0.02
Case 6 39 56 17 948 10 0.52
Case 7 24 57 33 13.19 944 =3.75
Case 8 7 55 48 14.76 997 —4.79
Case 9 26 59 33 12.55 9.61 -2.94
Case 10 61 58 -3 9.02 10.8 1.78
Case 11 45 40 =5 8.90 12.2 33
Case 12 8 40 32 15.55 13.02 -2.53
Case 13 46 46 0 10.54 12.56 202
Case 14 20 53 33 13.32 11.44 -1.88
Case 15 46 56 10 9.67 10.36 0.69
Case 16 32 46 14 11.28 10.77 -0.51
Case 17 20 45 25 13.5 11.95 -1.55
Case 18 26 53 27 10.92 10.70 -0.22
Case 19 59 60 1 843 10.16 1.73
Case 20 26 51 25 11.45 10.69 -0.76

4FRES: Flesch Reading Ease Score; scale of 1 to 100, with 100 being the highest readability score.
YEKGL: Flesch-Kincaid Grade Level; assess the approximate reading grade level of a text.
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The original MRI reports had an FKGL score ranging from
8.43 to 15.55, with a mean of 11.57 (SD 2.10), indicating that
a high school to early college-level reading proficiency was
required for full comprehension (see Table 3). In compari-
son, the GPT-40—generated explanations had FKGL scores
ranging from 7.62 to 13.02, with a mean of 10.67 (SD
1.24), representing a reduction in the required reading level
for full comprehension. On average, the GPT-40 summaries
lowered the FKGL score by 0.89 grade levels; however, this
reduction did not reach statistical significance (P=.11). This
suggests that while GPT-40 was effective in simplifying the
reports as seen by the significant improvement in FKRE
scores, some medical complexity still remained, as seen by
the nonsignificant improvement in FKGL scores. This could
still pose comprehension challenges for patients with lower
health literacy.

Incidental Findings

8 out of 20 MRI reports (40%) reported incidental findings
unrelated to spinal trauma in the MRI report. These findings
included hemangiomas, renal cysts, thick-walled esophagus,
epidural lipomatosis, bile duct ectasia, perineural root sleeve
cysts, dorsal epidural lipomatosis, and Tarlov cysts. These
incidental findings were all appropriately comprehended by
LLM and explained in the GPT-40-generated report to be
likely benign, with recommendation for monitoring with
follow-up.

Discussion

Principal Findings

This study demonstrates that Al, specifically GPT-40, has the
immense potential to produce accurate and helpful explan-
ations that improve patient comprehension of MRI report
findings. All 7 board-certified spine surgeons surveyed in
this study reached consensus that the tool was both use-
ful and lacked any major inaccuracies. Only 3 GPT-40—
generated reports contained potential inaccuracies, but this
was determined to be due to a lack of detail in the
original radiologist-written report. Furthermore, incidental
findings that often cause anxiety, including common benign
tumors such as hemangiomas or renal cysts, were accurately
explained by GPT-4o to be unrelated to the present injury and
likely benign, with recommendation for appropriate follow-

up.

The improvements seen in FRES scores suggest that
GPT-4o0-generated explanations significantly enhance text
clarity and patient accessibility. The lack of statisti-
cal significance in FKGL score reduction suggests that
while GPT-40 lowers the reading grade level, some com-
plex medical terminology and sentence structure remains—
addressing this gap will require further refinement of LLMs
for optimal patient comprehension. Given that MRI reports
are often written at a high school or college reading
level, the ability of GPT-40 to improve readability while
maintaining accuracy is particularly relevant for patient
education. Patients with lower health literacy may benefit
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from structured Al-generated summaries, potentially reducing
anxiety and misunderstandings regarding their diagnosis.
However, given the residual complexity in some explana-
tions provided by GPT-40, integrating human oversight in
Al-assisted patient education remains crucial until further
improvement in LLMs is seen in the future.

Addressing the Communication Gap in
Medical Imaging

While medical imaging is often relied upon significantly
in the decision-making process for cases that may require
surgery, the complexity of the reports, which are now
mandated to be made immediately available to the patient,
can cause undue stress to patients who lack the means
to interpret unfamiliar medical jargon [11,12]. These MRI
studies are also commonly ordered by primary care and
emergency department providers, who often rely on spine
surgeon consultation to educate patients. The value of a
resource like GPT-40 lies primarily in bridging the com-
munication gap between spine surgeons, other members of
the patient care team, and the patient [13]. For example,
surgeons may often be unavailable or delayed when a patient
or an emergency department clinician seeks help reviewing
a study. Incorporating GPT-40 generated MRI reports, in
these situations, can allow for more efficient and precise
care, which results in better patient-reported outcomes in the
long term. Although further input from surgeons is neces-
sary before formal adoption, it is conceivable that nurses,
physician assistants, and emergency department providers
may be able to enhance their understanding and interpretation
of MRI report findings with the use of GPT-4o0-generated
reports, allowing them to counsel patients with confidence
and prevent them from making detrimental clinical decisions
for patients.

Existing Literature in This Field

While ChatGPT’s use as a patient education tool has been
examined in previous studies, limited literature exists on
application of LLMs like ChatGPT in summarizing radiology
reports [14,15]. Other assessments of ChatGPT in decipher-
ing MRI reports of knee and shoulder injuries demonstrated
similar usefulness and relevant explanations [16]. A review
of ChatGPT-generated explanations of 20 MRI shoulder, 20
MRI knee, and 20 MRI lumbar spine reports showed high
overall ratings for accuracy and completeness, as only 3
explanations out of the 60 reviewed reports were deemed
confusing or inaccurate [17]. ChatGPT also performed well
in explaining chest CT and brain MRI reports, as Lyu et
al. concluded that the Al-generated explanations efficiently
and effectively translated complex information into plain
language without direct involvement from a human expert
[18].

Limitations

A so-called “hallucination” refers to any Al-generated output
that contains completely fabricated content that is both
factually incorrect and unrelated to content from the original
MRI report written by the Radiologist. In agreement with
many other previous studies cited above, our research found
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no “hallucinations.” This may be due to our use of inten-
tionally crafted, highly specific prompts. Nonetheless, the
possibility of an LLM generating inaccurate information is
certainly plausible, though it was overwhelmingly rare in this
specific use case, with no instances of gross inaccuracy or
fabrication found in our study. For this reason, GPT-40 has
the potential to be used as a supplementary resource with
oversight and contextual judgment by clinicians at this point
in time. Other limitations include the diversity of possible
end-users who are tasked with interpreting reports. Though
the output was reviewed by spine surgeons in this study,
Radiologists and emergency department clinicians would
also need to feel comfortable with the appropriateness and
accuracy of the tool. Further interdisciplinary surveys to
examine their assessment of the GPT-4o-generated reports
would be valuable in addition to this study. Ultimately,
the surgeon, along with any end-users who make clinical
decisions based on MRI studies, should oversee the appropri-
ate use of ChatGPT-generated layman explanations. There
may be unforeseen risks with regards to providing inade-
quate clinical care or counseling without surgeon oversight,
especially in the emergency department setting where patients
may present with life-altering injuries. Further limitations
include a limited sample size of 20 cases with a narrow,
focused cohort of patients presenting with thoracolumbar
fractures only. Counseling for incidental findings often
recommended specialist visits; however, these cases would
be more appropriately addressed with an initial evaluation by
a primary care provider first.

Expanding Capabilities: Multimodal and
Multilingual Applications

Although these limitations affect the current clinical usage of
LLMs, ongoing advancements in their development continue
to expand their potential in the medical sphere. Recent
progress has demonstrated that LLMs can now analyze digital
images alongside text, further enhancing their applicability in
medical imaging analysis and presentation to patients. This
multimodal capacity will enhance the usability of ChatGPT as
a patient education tool. In the future, image recognition and
analysis capabilities may allow ChatGPT to conduct its own
analysis of imaging studies, and complementing or correlating
to the radiologist’s report. Significant advances have been
demonstrated with foreign language translation, additionally
aiding non-English speaking patients with high accuracy,
consistency, fluency, and contextual awareness in translating
text [19]. This feature would allow GPT-40 and even more
advanced version of the model to analyze radiology reports
that are currently being outsourced to Radiologists to read in
different countries, and provide accurately translated layman
reports for patients to read almost instantaneously. As LLMs
continue to improve, the translation of medical jargon to
layman’s terms will inevitably become increasingly accurate
and effective.

Addressing the Inherent Variability of
Radiology Reports

A persistent limitation for Al-generated explanations,
specifically in the medical field and radiology space, has
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been the inherent variability and occasional insufficiency of
details in radiology reports [20]. As reported in this study,
spine surgeons at times noted the lack of detail in ChatGPT-
generated reports and cited this topic as an issue that needs
to be addressed. The problem of insufficient data in reports
will always be a limiting factor, as more or less detail may
be required in certain reports based on the patient’s particu-
lar unique presentation. Improving Al accuracy may require
mimicking how clinicians approach image review, incorporat-
ing both pattern recognition and contextual judgment rather
than relying only on textual descriptions written in reports
[21]. Developing Al models that align more closely with how
doctors synthesize image findings with clinical context could
enhance the accuracy and usefulness in real-world applica-
tions.

Future Directions, Considerations, and
Implications

A potential next step to enhance accuracy would be fine-
tuning or retraining the model on a larger dataset of
past radiology reports and corresponding expert-reviewed
layperson explanations. This would allow the LLM to
recognize complex fracture patterns from a particular report
more reliably and improve consistency in terminology use
[22]. In addition, integrating contextual memory, whereby
the model retains past patient-specific information across
reports, could improve continuity and personalization in
explanations. Future research should be centered around using
specialized medical fine-tuning techniques and human-in-the-
loop verification to optimize Al-generated patient education
tools [23]. Improvements in Al-generated patient education
tools should focus on model retraining with expert annotated
datasets to enhance accuracy and consistency. Furthermore,
implemented adaptive learning mechanisms—where the Al
refines its outputs based on clinician feedback—could further
improve the reliability of the reports generated.

From a clinical perspective, a significant predictor of
fracture instability is the competency of the posterior
ligamentous complex (PLC), which is often not described in
radiology reports [24]. Despite GPT-40 having an incomplete
description of the fracture pattern, it was still able to describe
and make the right interpretation from what was included in
Radiologist’s report without making inaccurate assumptions.
It is well known that LLMs like ChatGPT have intrinsic
biases based on the initial training data used to create the
model [25]. Reproducing of the quality or accuracy of the
reports in future analyses may be difficult to achieve as
prompting the LLM with the same prompt may result in
different, but semantically similar responses. Metastatic or
infection-related fractures were deemed outside the scope of
this study, as interpretation of MRI reports describing less
frequently occurring “edge cases” may also require future
in-depth analysis. From an ethical standpoint, the sharing
deidentified patient information with ChatGPT or other Al
programs may also raise ethical concerns that could hinder
future improvement and optimization of LLM capabilities.

Despite these challenges, all 7 on-call spine surgeons
all acknowledged the significant potential of ChatGPT to
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enable patient-centered care by providing simplified and more
comprehensible explanations of advanced imaging reports.
Patients are often discharged from the emergency depart-
ment without complete understanding on the extent of their
injury or whether or not they may need surgery [26]. When
patients are instructed to follow-up with a spine surgeon,
they often feel stress and anxiety, as the consultation may
imply the need for surgical intervention [27]. In situations
where surgical treatment of thoracolumbar fractures involves
shared decision-making with the patient, providing layman
explanations can offer additional context, helping patients
better prepare for surgical discussions and be more active
participants in the clinical-decision making process. There
may eventually be a role for ChatGPT to assess MRI reports
and determine the urgency of clinical follow-up with a spine
surgeon.

In contrast, there are considerable downsides for patients
who may become overconfident in using ChatGPT and
ultimately make poorly informed clinical decisions on their
own without an expert opinion. Thus, smooth integration of
LLMs, like GPT-40, into the existing clinical infrastructure
would be ideal, rather than having patients use it on their
own offline and outside of their electronic health record. For

Sing et al

example, automated layman explanations could be sent along
with the original MRI report when it is released to the patient
in their medical portal. In this scenario, ideally both the
Radiologist and the spine surgeon would have the opportu-
nity to proofread the ChatGPT-generated layman explanations
before the reports are released to the patient, allowing patients
to have an easy to understand report that has been approved
by a specialized healthcare provider.

Conclusions

While further quantitative studies are necessary, the initial
insights from this study demonstrate that ChatGPT-generated
layman explanations of MRI reports for thoracolumbar spine
trauma are both accurate and helpful. Patient self-directed
internet research often leads to clinicians having to spend
extra time correcting misconceptions about their conditions.
However, more structured prompting of modern LLMs, such
as ChatGPT, can improve patients’ understanding of medical
terminology and their conditions in an efficient and easily
accessible manner. As Al tools continue to advance, surgeon
oversight and evaluation will become increasingly necessary
to safely integrate generative Al assistance into patient care.
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