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ORIGINAL RESEARCH•COMPUTER APPLICATIONS

The clinical history accompanying an imaging order has long 
been recognized as important for helping the radiologist un-

derstand the clinical context needed to provide an accurate and 
relevant diagnosis (1). Clinical histories that are accurate, rele-
vant, complete, and concise have been shown to help improve 
key aspects of the radiology report, including accuracy of detec-
tion and characterization of abnormalities (2,3). A brief clinical 
history directly provided by the clinician communicates the clini-
cian’s specific thought process, including the most relevant back-
ground information and clinical question to be answered.

Despite their usefulness and recognition that the provision 
of informative clinical histories results in more accurate and 
contextually relevant radiology reports, clinical histories pro-
vided to interpreting radiologists are notoriously incomplete 
or unhelpful—a problem that has plagued radiology since the 
specialty’s inception (4,5). Although this has been shown to be 
amenable to improvement with dedicated quality improvement 
efforts, challenges with sustained improvements and broad 

adoption of such measures have remained, leaving a gap for an 
easily adoptable solution (6–11).

Such efforts depend on reproducible assessments of the 
completeness of clinical histories to help facilitate improve-
ment. Currently, this depends on manual review, which is time-
consuming and expensive. However, recent advances in large 
language models (LLMs) may enable this quality assessment ac-
tivity to be automated. Recent studies (12,13) have shown how 
fine-tuning LLMs with human annotations and prompt engi-
neering can help align model outputs with the expected outputs 
in a variety of tasks, including tasks for radiology. LLMs have 
even outperformed human experts in summarizing clinical text 
across multiple tasks (12,14–18).

To determine the ability of an LLM to assess the complete-
ness of clinical histories accompanying imaging orders, this study 
aimed to (a) adapt open-source and closed-source (proprietary) 
LLMs to assess the completeness of clinical histories based on five 
key elements: “past medical history,” “what,” “when,” “where,” 
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and “clinical concern”; (b) evaluate model performance in extract-
ing each key element of the clinical history; and (c) use the best-
performing adapted open-source LLM to assess the completeness 
of a sample of approximately 50 000 clinical history entries from 
the emergency department of a large academic medical center to 
serve as a benchmark for clinical practice.

Materials and Methods

Clinical Context
This retrospective single-site study used previously extracted in-
formation accompanying CT, MRI, US, and radiography or-
ders from August 2020 to May 2022 at an adult and pediatric 
emergency department of a 613-bed tertiary academic medical 
center (Stanford Medical Center). This information was previ-
ously extracted to evaluate the clinical histories provided from 
all ordering providers for all types of examinations. To evenly 
weight the representation of all ordering clinicians, a sampling 
approach was used to reduce the dataset size. The clinical histories 
for this time period were first separated into radiography orders 

Abbreviation
LLM = large language model

Summary
A fine-tuned, open-source large language model (Mistral-7B; Mistral 
AI) effectively extracted clinical history elements from imaging orders 
with substantial agreement with radiologists and rivaled a closed-source 
model (GPT-4 Turbo; OpenAI).

Key Results
	■ Three adapted large language models, two open-source (Llama 
2–7B [Meta] and Mistral-7B [Mistral AI]) and one closed-source 
(GPT-4-Turbo [OpenAI]), extracted “past medical history,” “what,” 
“where,” “when,” and “clinical concern” from clinical histories 
accompanying emergency department imaging orders (CT, MRI, 
US, radiography).

	■ After in-context learning, Mistral outperformed Llama and was 
further fine-tuned; both fine-tuned Mistral and GPT (after prompt 
engineering) showed substantial overall agreement with radiologists 
(mean κ, 0.73 [95% CI: 0.67, 0.78] to 0.77 [95% CI: 0.71, 0.82]) 
and adjudicated annotations (mean BERTScore, 0.96 [95% CI: 
0.96, 0.97] for both models; P = .38), with Mistral rivaling GPT in 
accuracy (weighted mean, 91% [95% CI: 89, 93] vs 92% [95% CI: 
90, 94]; P = .31).

	■ Using Mistral, 26.2% (12 803 of 48 942) of emergency department 
clinical histories were found to contain all five elements.

and cross-sectional imaging orders (CT, MRI, US). Then, clini-
cal histories accompanying one radiograph order and one cross-
sectional imaging order from each authorized ordering clinician 
were extracted for use in the study. Because all data were de-iden-
tified, the study did not constitute human subjects research, and 
institutional review board oversight was waived.

In 2018, the imaging order process at the study institution 
introduced a prepopulated smart-phrase comment field with 
prompted text: “CLINICAL HISTORY: what, when, where, 
concern for. (eg, 2 days RLQ pain, concern for appendici-
tis)” (Fig 1). However, ordering clinicians can choose to delete 
phrases, provide other information (including no information), 
and/or select other comment fields, which are often automati-
cally populated with “See Comments,” referring to the previous 
comment field. Thus, the included clinical history fields varied 
based on ordering clinician preference, which raises the question 
of whether the five clinical history elements can still be extracted 
in an automated fashion on a large scale.

Datasets and Study Design

Training and validation sets.—De-identified clinical history  
entries were extracted from the radiology information system. 
Nonduplicated entries by date were selected for model adaptation 
in a training set and validation set (Table 1). These entries were 
manually annotated by two board-certified radiologists (D.B.L. 
and M.B.P., with 16 and 3 years of postfellowship experience, 
respectively), with one radiologist (M.B.P.) annotating 80% (756 
of 944) of the entries due to radiologist availability. Five elements, 
based on the study by Hawkins et al (6) and modified by Bor et al 
(19), were extracted from each entry as follows: (a) relevant past 
medical history; (b) “what” (nature of the symptoms, description 
of injury, or cause for clinical concern); (c) “when” (duration of 
symptoms or time of injury); (d) “where” (focal site of pain or 
abnormality, if applicable); and (e) “clinical concern” (the order-
ing provider’s concern, working differential diagnosis, or main 
clinical question).

Figure 1:  The prepopulated comment field accompanying imaging  
orders at the emergency department of the study institution, where “***”  
represents required text.

Table 1: Modality Distribution of the Datasets

Dataset Clinical History Entries CT MRI US Radiography
Model adaptation 944 284 (30) 21 (2.2) 129 (14) 510 (54)
Training 794 245 (31) 20 (2.5) 100 (13) 429 (54)
Validation 150 39 (26) 1 (0.7) 29 (19) 81 (54)
Initial testing 300 75 (25) 75 (25) 75 (25) 75 (25)
Real-world application 48 942 15 255 (31.2) 872 (1.8) 5687 (11.6) 27 128 (55.4)

Note.—Data in parentheses are percentages. The first nonduplicated entries (n = 944) by date were selected for model adaptation including 
prompt engineering, in-context learning, and fine-tuning, and their combinations for training and validation. A separate modality-balanced 
evaluation dataset from the most-recent clinical history entries was then used for initial testing to assess model performance, interreader 
agreement, and semantic similarity between the models and the radiologist’s manual annotations. The best-performing open-source model 
was applied on the remaining unannotated de-identified clinical history entries (representing a real-world application).
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Initial test set.—A separate modality-balanced evaluation dataset 
(initial test set; n = 75 each for CT, MRI, US, and radiography) 
was curated from the most recent clinical history entries, as tem-
poral separation helps assess real-world performance and robust-
ness against data shifts (eg, in patient demographics or clinical 
workflows).

These three datasets (training, validation, and initial testing) 
were used for different phases of the study (Fig 2).

Phase 1: Model Adaptation
All LLMs require adaptation for specific tasks. Prompt engineer-
ing, in-context learning, and fine-tuning and their combinations 
were explored using the training and validation sets. First, prompt 
engineering and in-context learning were performed for two open-
source models, Llama 2–7B (Meta) (20) and Mistral-7B (Mistral 

AI) (21), which were considered state of the art at the time of this 
writing; open-source models are advantageous in cost, compute 
requirements, and ability to be deployed locally (22,23). The best-
performing open-source model was then selected for fine-tuning 
to further improve performance. One larger closed-source model, 
GPT-4 Turbo (OpenAI) (24), with proven performance was in-
cluded to understand the maximum out-of-the-box performance 
potential for this task (25). Since the GPT-4 Turbo parameters are 
not publicly disclosed, GPT-4 Turbo only underwent prompt en-
gineering and in-context learning, as fine-tuning was not possible.

Additional model adaptation details, including prompt struc-
ture design, in-context learning process, and fine-tuning param-
eters are available in Appendix S1. Model details can be found in 
Table 2. The model code can be found on the Stanford AIDE Lab 
github repository: https://github.com/stanfordaide.

Figure 2:  Schematic shows the overall study design, including the goal of each phase, which models were developed with which model adaptation strategy, 
and the datasets used in each phase of the study. A total of 365 097 previously extracted clinical histories (123 553 for CT, 7401 for MRI, 37 146 for US, 196 987 
for radiography) were separated into radiography orders and cross-sectional imaging orders (CT, MRI, US). Then, clinical histories accompanying one radiogra-
phy order and one cross-sectional imaging order from each authorized ordering clinician were extracted for use in the study, resulting in 50 186 clinical histories 
for this study (794 training, 150 validation, 300 initial testing, 48 942 unannotated clinical histories representing a real-world application). ICL = in-context learning,  
LLM = large language model, R1 = radiologist 1, R2 = radiologist 2.
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Phase 2: Agreement Evaluation
To evaluate model agreement with radiologists, the best- 
performing open-source model and GPT-4 Turbo were applied 
to the initial test set, which the two radiologists independently 
annotated using Microsoft Excel (version 2018). Because the 
data were already de-identified, no further blinding was needed. 
Consensus agreements were obtained in phase 3 of the study 
through adjudication, as described in the next section. Each 
clinical history element was first categorized as “included” or 
“not included” for interreader agreement analysis. If no local-
ization was needed for “where,” such as for cough or fever, “not 
applicable” was noted. “No relevant past medical history” was 
noted when the clinical history specifically indicated no past 
medical history relevant to the current imaging study. Weighted 
and unweighted overall values were computed for all elements 
regardless of label using radiologist-assigned weights based on 
each element’s perceived importance for clinical diagnosis (past 
medical history, 0.15; what, 0.4; when, 0.1; where, 0.15; and 
clinical concern, 0.2).

Then, the clinical history elements (past medical history, 
what, where, when, and clinical concern) were extracted. Seman-
tic similarity between model outputs and radiologist annotations 
was quantified using BERTScore, an LLM metric that quanti-
fies how well two pieces of text convey the same meaning (26). 
Unweighted and weighted overall values were computed only for 
elements labeled as “included.”

Phase 3: Annotation Adjudication
To simplify model performance evaluations, the two radiologists 
adjudicated their manual annotations (n = 300) and discussed 
any disagreements to reach consensus agreements. The perfor-
mance metrics of sensitivity, specificity, precision, and accuracy, 
along with BERTScore, were computed using model outputs and 
the adjudicated annotations (from the initial test set). All metric 
definitions, adjudication, and consensus agreement details are 
provided in Appendix S1.

Phase 4: Assessment of Clinical Performance Using a Real-
world Application
To determine the percentage of complete clinical histories at the 
study institution, the best-performing open-source model was 
applied on the remaining unannotated de-identified clinical his-
tory entries (representing a real-world application). To assess the 
clinical history entries, completeness was defined as the presence 
of all five clinical history elements (past medical history, what, 
where, when, and clinical concern).

Statistical Analysis
Statistical analyses were performed (Z.F.) using Python version 3.8 
(https://www.python.org/downloads/release/python-380/ ) and statsmo-
dels version 0.14.1 (https://www.statsmodels.org/stable/index.html).  

The 95% CIs were calculated by bootstrapping, and differences 
between the models and radiologists were assessed through either 
bootstrapping hypothesis testing (sensitivity, specificity, precision, 
accuracy, and interreader agreement) or t tests (BERTScore), with 
a P value threshold of .05. Interreader agreement was evaluated 
using Cohen κ (no to slight agreement, 0.01–0.20; fair agreement, 
0.21–0.40; moderate agreement, 0.41–0.60; substantial agree-
ment, 0.61–0.80; almost perfect agreement, 0.81–1.00) (23).

Results

Dataset Characteristics
After using the described sampling strategy on the 365 097 previ-
ously extracted clinical histories (123 553 for CT; 7401 for MRI; 
37 146 for US; 196 987 for radiography), a total of 50 186 clinical 
histories were included (794 training, 150 validation, 300 initial 
testing, and 48 942 unannotated clinical histories representing a 
real-world application) (Table 1, Fig 2).

Model Selection and Performance
With prompt engineering alone, without in-context input- 
output pairs (in-context learning examples), the model out-
puts were inconsistent and unstructured, and the model could 
“hallucinate” information (Fig S1). Experimenting with dif-
ferent prompt structures showed that the combination of a 
prefix, a task description, in-context learning examples, and 
the clinical history to be examined yielded the most consistent 
results (Fig 3).

The performance of all models improved when the number 
of in-context input-output pairs increased, with 16 pairs lead-
ing to the best performance (Fig S2). Thus, only models that 
underwent prompt engineering and in-context learning with 16 
in-context input-output pairs were assessed. After prompt en-
gineering and in-context learning, Mistral-7B performed better 
than Llama 2–7B (mean overall accuracy, 90% vs 79%; mean 
overall BERTScore, 0.95 vs 0.92) (Fig S2; Tables S1, S2). After 
Mistral-7B was further fine-tuned, its performance improved to 
a mean overall accuracy of 91% and mean overall BERTScore 
of 0.96.

Agreement between Models and Radiologists
In the interreader agreement analysis, there was substantial 
overall agreement between radiologists 1 and 2 (mean κ, 0.76 
[95% CI: 0.70, 0.81]). Both the fine-tuned Mistral-7B model 
and GPT-4 Turbo also showed substantial overall agreement 
with radiologist 1 (mean κ, 0.73 for both [95% CI: 0.66, 
0.79]) and radiologist 2 (mean κ, 0.75 [95% CI: 0.69, 0.79] 
and 0.77 [95% CI: 0.71, 0.82]), indicating strong similar-
ity between the models’ outputs and radiologist annotations 
(Fig 4A; Table S3, unweighted agreement values are shown in 
Table S4).

Table 2: Details of the Models Evaluated

Model Type Developer No. of Parameters Maximum Input Sequence Length Access Date
GPT-4 Turbo Closed source OpenAI Not publicized 128 000 January 24–26, 2024
Llama 2–7B Open source Meta 7 billion 4096 January 24, 2024
Mistral-7B Open source Mistral AI 7 billion 4096 January 24, 2024
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At the element-specific level, both models showed sub-
stantial agreement with radiologist annotations for four out 
of five elements (“past medical history,” “what,” “when,” and 
“clinical concern,” with mean κ ranging from 0.65 [95% CI: 
0.51, 0.77] to 0.94 [95% CI: 0.89, 0.97]), and moderate 
agreement for “where” (mean κ, 0.50 [95% CI: 0.40, 0.58] 
to 0.63 [95% CI: 0.55, 0.71]). This was consistent with the 
agreement observed between radiologist 1 and radiologist 2 
for the five elements (Fig 4B). The two elements with the 
greatest agreement both between models and radiologists 
and between radiologists were “when” (mean κ, 0.88 [95% 
CI: 0.83, 0.94] to 0.94 [95% CI: 0.89, 0.97]) and “clini-
cal concern” (mean κ, 0.85 [95% CI: 0.77, 0.91] to 0.93 
[95% CI: 0.87, 0.97]), suggesting that these elements are 
less subjective; in contrast, the agreement values (mean κ, 
0.50 [95% CI: 0.41, 0.58] to 0.63 [95% CI: 0.55, 0.71]) for 
“where” suggest it is more subjective.

BERTScores were also highest for the two elements “when” 
(mean values, 0.96 [95% CI: 0.96, 0.97] to 0.99 [95% CI: 
0.98, 0.99]) and “clinical concern” (mean values, 0.97 [95% 
CI: 0.97, 0.98] to 0.99 [95% CI: 0.98, 0.99]), echoing greater 
semantic similarity for these elements (Table S5). Overall, both 

the fine-tuned Mistral-7B model and GPT-4 Turbo had equal 
or greater mean BERTScores with radiologists 1 and 2 than the 
two radiologists had between themselves (Fig 4C). For the indi-
vidual elements, Mistral-7B, GPT-4 Turbo, and the radiologists 
achieved mean BERTScores ranging from 0.95 (95% CI: 0.94, 
0.96) to 0.99 (95% CI: 0.98, 0.99) (P value range, .10–.95) (Fig 
4D). Both models had better agreement with radiologist 2 (mean  
Cohen κ: Mistral-7B, 0.75 [95% CI: 0.69, 0.79]; GPT-4 Turbo, 
0.77 [95% CI: 0.71, 0.82]) than radiologist 1 (mean Cohen κ, 
0.73 for both models [95% CI: 0.66, 0.79]), even exceeding in-
terradiologist agreement in semantic meaning (mean Cohen κ, 
0.76 [95% CI: 0.70, 0.81]) in most cases (P value range, .22–.99).

Annotation Adjudication and Model Performance
During data adjudication, disagreements were seen for all five clini-
cal history elements (Table S6). Overall, the fine-tuned Mistral-7B 
model and GPT-4 Turbo demonstrated no evidence of statistical 
differences in specificity (mean, 82% [95% CI: 76, 88] vs 76% 
[95% CI: 69, 83]; P = .07), accuracy (mean, 91% [95% CI: 89, 
93] vs 92% [95% CI: 90, 94]; P = .31), or BERTScore (mean, 
0.96 [95% CI: 0.95, 0.97] vs 0.96 [95% CI: 0.95, 0.97]; P = .64) 
(Table 3). Mistral-7B also showed higher precision than GPT-4 

Figure 3:  Example structure of a prompt for model training, showing the initial prefix, instructions, and task, with the addition of in-context examples and response 
depending on which adaptation methods were applied. Misspellings in this image are intentional. CNS = central nervous system, PMH = past medical history.
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Turbo (mean, 95% [95% CI: 94, 96] vs 93% [95% CI: 91, 95]; P 
= .003), while GPT-4 Turbo demonstrated higher sensitivity (mean 
95% [95% CI: 94, 96] vs 92% [95% CI: 90, 94]; P = .001).

Clinical History Quality Evaluation
Because open-source models can be deployed locally, helping 
keep patient information secure, the locally adapted fine-tuned 
Mistral-7B model was applied to evaluate the quality of a large 
dataset containing 48 942 unannotated clinical history entries. 
Of a possible 244 710 elements, 153 934 were present, leading to 
a nonweighted average inclusion rate of all relevant clinical his-
tory elements of 62.9%.

When considering each clinical history as a collective en-
tity, 49.8% (24 374 of 48 942), 91.5% (44 798 of 48 942), 
48.5% (23 729 of 48 942), 78.5% (38 461 of 48 942), and 
68.0% (33 295 of 48 942) contained the elements “past medi-
cal history,” “what,” “where,” “when,” and “clinical concern,” 
respectively (Table 4). Overall, 26.2% (12 803 of 48 942) were 
complete, meaning that they contained all five elements, and 
40.2% (19 680 of 48 942) contained the three elements with 
the highest weights (“past medical history,” “what,” “clinical 
concern”). Using the previously described weights, the weighted 
average inclusion rate of all relevant clinical history elements 
was 74.3% (36 376 of 48 942).

Figure 4:  Interreader agreement between the models and radiologists as well as between radiologists 1 and 2 in terms of (A) weighted overall agreement and (B) for each 
individual clinical history element. BERTScore was used to assess (C) weighted overall semantic similarity between the models and readers and between the two radiologists, as well 
as (D) for each element. Mistral refers to fine-tuned Mistral-7B, GPT refers to GPT-4 Turbo after prompt engineering and in-context learning with 16 in-context input-output pairs, and 
IR refers to interreader agreement between the two radiologists. Weighted overall metrics were calculated using the following weights: past medical history, 0.15; what, 0.4; when, 
0.1; where, 0.15; and clinical concern, 0.2. * P value ≤ .05, ** P value ≤ .01. Error bars show 95% CIs estimated by bootstrapping. Differences between the models and radiologists 
were assessed through either bootstrapping hypothesis testing (Cohen κ) or t tests (BERTScore). Unweighted overall metrics can be found in Figure S3.
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Example Clinical History Outputs
The fine-tuned Mistral-7B model generally performed well in 
extracting each element from the provided clinical history en-
tries. In most cases, the model correctly identified each of the 
five clinical history elements, noting their presence or absence 
and generating text to indicate what was provided for each 
element in the original clinical history (Fig 5A). However, in 
some cases, the model was affected by the inherent subjec-
tivity of identifying the five elements, especially for clinical 

histories in which the clinicians themselves did not have clear 
consensus, suggesting that some clinical history entries may 
contain a higher degree of inherent subjectivity than others. 
For example, in Figure 5B, given the history “POD 10 from 
craniotomy and mass resection, now with HA, N/V concern 
for edema, mass, bleed,” Mistral-7B responded with “10 days 
ago” as the label for the “when” element. In contrast, for 
“when,” radiologist 1 said “Now” and radiologist 2 said this 
information was “Not included.” In this case, it is not fully 

Table 3: Performance Metrics for Adapted Models, Mistral-7B and GPT-4-Turbo

Element and Metric

Mistral-7B GPT-4 Turbo

P Value*Value 95% CI Value 95% CI
Past medical history
  Sensitivity (%) 89 (122/137) 83, 95 93 (128/137) 89, 97 .09
  Specificity (%) 92 (150/163) 87, 95 81 (132/163) 75, 87 .003
  Precision (%) 90 (122/135) 85, 95 81 (128/159) 75, 87 .003
  Accuracy (%) 91 (272/300) 87, 95 87 (260/300) 83, 91 .06
  BERTScore 0.95 0.94, 0.96 0.96 0.95, 0.97 .39
What
  Sensitivity (%) 94 (250/265) 91, 97 97 (258/265) 95, 99 .02
  Specificity (%) 80 (28/35) 66, 94 63 (22/35) 46, 80 .06
  Precision (%) 97 (250/257) 95, 99 95 (258/271) 92, 98 .08
  Accuracy (%) 93 (278/300) 90, 96 93 (258/300) 90, 96 .68
  BERTScore 0.96 0.95, 0.97 0.96 95, 97 .77
When
  Sensitivity (%) 93 (103/113) 88, 98 97 (110/113) 94, 100 .11
  Specificity (%) 97 (182/187) 94, 100 97 (181/187) 94, 100 .80
  Precision (%) 95 (105/110) 91, 99 95 (110/116) 91, 99 .84
  Accuracy (%) 96 (287/300) 94, 98 97 (291/300) 95, 99 .41
  BERTScore 0.99 0.98, 1.00 0.98 0.97, 0.99 .67
Where
  Sensitivity (%) 85 (218/257) 80, 90 88 (227/257) 84, 92 .16
  Specificity (%) 49 (21/43) 34, 64 67 (29/43) 52, 82 .02
  Precision (%) 91 (218/240) 87, 95 94 (227/241) 91, 97 .01
  Accuracy (%) 80 (239/300) 75, 75 85 (256/300) 81, 89 .02
  BERTScore 0.95 0.94, 0.96 0.96 0.95, 0.97 .10
Clinical concern
  Sensitivity (%) 94 (217/232) 91, 97 96 (223/232) 93, 99 .04
  Specificity (%) 97 (66/68) 93, 100 93 (63/68) 86, 100 .10
  Precision (%) 99 (217/219) 98, 100 98 (223/228) 96, 100 .11
  Accuracy (%) 94 (283/300) 91, 97 95 (286/300) 93, 97 .42
  BERTScore 0.97 0.96, 0.98 0.97 0.97, 0.97 .95
Overall (weighted)
  Sensitivity (%) 92 90, 94 95 94, 96 .001
  Specificity (%) 82 76, 88 76 69, 83 .07
  Precision (%) 95 94, 96 93 91, 95 .003
  Accuracy (%) 91 89, 93 92 90, 94 .29
  BERTScore 0.96 0.95, 0.97 0.96 0.95, 0.97 .47
Note.—Unless otherwise indicated, data are percentages and data in parentheses are numerators/denominators. Differences between the 
models and radiologists were assessed through either bootstrapping hypothesis testing (sensitivity, specificity, precision, accuracy, and Cohen 
κ) or t tests (BERTScore). The 95% CIs were calculated by bootstrapping. Weighted overall metrics were calculated using the following 
weights: past medical history, 0.15; what, 0.4; when, 0.1; where, 0.15; and clinical concern, 0.2. Both large language models, open-source 
(Mistral-7B) and proprietary (GPT-4 Turbo), underwent prompt engineering and in-context learning. As proprietary models (or closed-
source models) cannot be fine-tuned, GPT underwent only prompt engineering and in-context learning. Mistral was further fine-tuned. 
BERTScore is an LLM metric that quantifies how well two pieces of text convey the same meaning. Accuracy = (true-positives + true-
negatives)/(true-positives + true-negatives + false-positives + false-negatives); precision = (true-positives)/(true-positives + false-positives); 
sensitivity = (true-positives)/(true-positives + false-negatives); and specificity = (true-negatives)/(true-negatives + false-positives).
* P < .05 indicated statistically significant difference.
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clear when the most recent symptoms began, indicating that 
the confusion is likely more related to the subtle ambiguity 
of the history than a problem with the model. Remarkably, 
Mistral-7B was successful when provided with a clinical his-
tory (Fig 5C) that contained many clinical acronyms, likely 
due to its large pretraining corpora. These examples illustrate 
that Mistral-7B performed in a manner similar to expert hu-
man raters in assessing clinical histories.

Discussion
Incomplete clinical histories are a common frustration among 
radiologists, and previous improvement efforts have relied on 
tedious manual analysis. This study illustrates the feasibility of 
automatically assessing the completeness of clinical histories 
using large language models (LLMs). Two open-source (Llama 
2–7B and Mistral-7B) and one closed-source (GPT-4 Turbo) 
LLMs were adapted using prompt engineering, in-context 
learning, and fine-tuning (open-source only) to extract the el-
ements “past medical history,” “what,” “when,” “where,” and 
“clinical concern” from clinical histories. After model adapta-
tion, the fine-tuned Mistral-7B showed no evidence of a dif-
ference in accuracy compared with GPT-4 Turbo (91% [95% 
CI: 89, 93] vs 92% [95% CI: 90, 94]; P = .31) despite being 
a substantially smaller model. Both Mistral-7B and GPT-4 

Turbo showed substantial overall agreement with radiologists 
(mean Cohen κ, 0.73 [95% CI: 0.67, 0.78] to 0.77 [95% 
CI: 0.71, 0.82]) and adjudicated manual annotations by the 
radiologists (mean BERTScore, 0.96 [95% CI: 0.96, 0.97] for 
both models; P = .38). Using Mistral-7B, 26.2% (12 803 of 
48 942) of unannotated clinical histories were found to con-
tain all five elements.

These results are promising because smaller models require 
fewer computing resources, facilitating their deployment. Ad-
ditionally, open-source models are unaffected by unpublicized 
model updates and can be fully deployed locally, avoiding some 
clinical data privacy concerns with external servers required  
by proprietary (or closed-source) models. Thus, the fine-tuned 
Mistral-7B can feasibly automate similar improvement efforts 
and may improve patient care, as ensuring that clinical histories 
contain the most relevant information can help radiologists better 
understand the clinical context of the imaging order.

Both models had better agreement with radiologist 2 (mean 
Cohen κ, 0.75 [95% CI: 0.69, 0.79] for Mistral-7B and 0.77 
[95% CI: 0.71, 0.82] for GPT-4 Turbo) than radiologist 1 
(mean Cohen κ, 0.73 for both models [95% CI: 0.66, 0.79]). 
Because radiologist 2 annotated more clinical history entries 
due to differences in availability (ratio of 4:1 with radiologist 
1), it is unsurprising that stronger agreement was seen between 

Table 4: Composition of Elements Observed in 48 942 Clinical Histories Overall and by Modality

Modality and Inclusion Past Medical History What When Where Clinical Concern
All modalities
  Included 20 939 44 798 23 729 25 785 33 295
  Not applicable … … … 12 676 …
  No relevant past medical history 3435 … … … …
  Not included 24 568 4144 25 213 10 481 15 647
  Percent included (%)* 49.8 91.5 48.5 78.5 68.0
CT
  Included 7872 14 242 8765 8717 11 211
  Not applicable … … … 3795 …
  No relevant past medical history 593 … … … …
  Not included 6790 1013 6490 2743 4044
  Percent included (%)* 55.5 93.4 57.5 82.0 73.5
MRI
  Included 506 795 495 460 642
  Not applicable … … … 229 …
  No relevant past medical history 76 … … … …
  Not included 290 77 377 183 230
  Percent included (%)* 66.7 91.2 56.8 79.0 73.6
US
  Included 2828 5256 3599 4264 4750
  Not applicable … … … 575 …
  No relevant past medical history 700 … … … …
  Not included 2159 431 2088 848 937
  Percent included (%)* 62.0 92.4 63.3 85.1 83.5
Radiography
  Included 9733 24 505 10 870 12 344 16 692
  Not applicable … … … 8077 …
  No relevant past medical history 2066 … … … …
  Not included 15 329 2623 16 258 6707 10 436
  Percent included (%)* 43.5 90.3 40.1 75.3 61.5
* Elements considered not applicable and not relevant were counted as “included” elements.
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the models and radiologist 2. Nonetheless, comparable agree-
ment was observed between the two models and radiologists 
1 and 2 and between the two radiologists, illustrating that the 
model versus radiologist discrepancies rival interradiologist dis-
crepancies in extracting clinical history elements. The slight dis-
crepancy between radiologists (mean Cohen κ, 0.76) shows the 
inherently subjective nature of the task.

These discrepancies motivated an additional adjudication 
step to create a set of reference annotations to evaluate model 
performance. Using the adjudicated annotations, the fine-tuned  
Mistral-7B model generally showed higher precision (overall 
mean, 95% [95% CI: 95, 96] vs 93% [95% CI: 91, 95]; P 
= .003), but lower sensitivity (overall mean, 92% [95% CI: 
90, 94] vs 0.95% [95% CI: 94, 96]; P = .001) than GPT-4 
Turbo. These results suggest that there can be more confidence 
in Mistral-7B model outputs, as GPT-4 Turbo may result in 

a higher false-positive rate. Additionally, the similar accuracy 
and BERTScores between the two models, along with overall 
strong performance, suggest feasible local deployment of the 
fine-tuned Mistral-7B model at scale.

Assessment of the large dataset of 48 942 clinical histo-
ries revealed that 26.2% (12 803 of 48 942) were considered 
fully “complete” (contained all five elements). However, since 
not all elements are necessarily equally valuable, the weighted 
mean inclusion rate may be more representative of overall 
“completeness” (74.3% in this study). In comparison, using 
the three categories Hawkins et  al (6) considered (“what,” 
“when,” “where”), 37.0% of clinical history entries in this 
study would be considered complete, compared with the 38% 
and 92% seen by Hawkins et al before and after a dedicated 
improvement project, respectively. Bor et  al (19) considered 
four categories (“what,” “when,” “where,” “clinical concern”), 

Figure 5:  Example input clinical history entries with the outputs generated by the fine-tuned Mistral-7B model and the two radiologists (reader 1 and 
reader 2). Misspellings in this image are intentional. (A) An example clinical history where the model and readers were all in agreement and correctly an-
notated each element. (B) An example clinical history shows a high degree of subjectivity that led to inconsistent labeling between the two human readers 
and the model for certain elements, such as “when.” (C) An example of a difficult clinical history with many clinical abbreviations that expert radiologists 
would be expected to recognize and that the model also correctly annotated. The example (C) also shows the default clinical history entry “See comments” 
field that is included in some of the orders from the emergency department of the study institution.
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reporting completeness rates of 16% and 52% before and after 
a dedicated improvement project, respectively, compared with 
33.6% in this study. Notably, these comparison studies illus-
trated that the problem of inadequate clinical histories is ame-
nable to improvement, though both relied on manual auditing. 
Thus, similar improvements may be more readily achievable at 
additional sites by automating the task and minimizing some 
of the associated time costs.

Given the ubiquity of incomplete clinical histories accom-
panying imaging orders, some believe that artificial intelligence 
(AI) tools should directly extract data from the electronic medi-
cal record (12). However, the brief clinical history accompanying 
imaging orders represents the ordering clinician’s assessment of 
the clinical context and its most relevant aspects, articulating a 
specific clinical question to radiologists in a way that electronic 
medical record data often cannot. Thus, while AI summarizations 
of clinical histories may be helpful to radiologists, they do not 
necessarily obviate the need for succinct communication directly 
from the ordering clinician.

Despite its successful aspects, this study had limitations. 
First, this study used single-site data. Use of multi-institutional 
datasets will be required to expand the relevant training data, 
assess cross-site performance, and enhance generalizability (27). 
Second, incomplete data and missing data remain an issue that 
may affect generalizability. Additional analyses using more 
comprehensive data will further improve model robustness 
and validate performance when the model is applied to datas-
ets with different patterns of missing clinical history elements. 
Moreover, because the model will be made publicly available, 
conducting additional analyses, such as robustness analyses, will 
become easier and more pervasive. Third, the prompt structure 
used during model development was manually designed for this 
specific task, and its generalizability to other institutions should 
be explored. Fourth, although inclusion rates were reported for 
the clinical histories accompanying imaging studies ordered 
from the emergency department at the study site, the represen-
tativeness of this rate remains unclear until other sites can be 
studied using standardized assessment methods, including vali-
dation of the five clinical history elements used. Finally, while 
similar key clinical history elements have been previously used, 
there is a need to further study, refine, and accept this definition 
as a complete clinical history.

In summary, a fine-tuned, open-source large language 
model (Mistral-7B) effectively extracted clinical history ele-
ments accompanying imaging orders (CT, MRI, US, radi-
ography) with substantial agreement with radiologists. The 
fine-tuned Mistral-7B model was also competitive with a 
closed-source model, GPT-4 Turbo, enabling high-quality lo-
cal adaptation and deployment to assess the completeness of 
clinical histories. Both models underwent prompt engineer-
ing and in-context learning, although Mistral-7B underwent 
further fine-tuning. Future studies should explore the impact 
of order prompts on the ability of large language models to 
assess clinical history completeness and quality at other sites. 
This study also highlights the potential of artificial intelligence 
for quality assessments of text, which could have broad ap-
plications in quality assurance and improvement in radiology. 
Therefore, the model and code from this study are being made 
freely available for public use.
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