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Abstract

Background
Accurate AO/OTA classification of proximal femoral fractures is a critical step in surgical decision-
making and prognostic evaluation; however, the complexity of the classification system and the
heterogeneity of terminology in radiology reports pose significant challenges for large-scale,
standardized application of the classification. In recent years, with the advancement of AI technologies,
large language models (LLMs) equipped with retrieval-augmented generation (RAG) capabilities have
offered new possibilities for automatically extracting fracture classification information from
unstructured radiology reports.

Methods
This study conducted a retrospective analysis of 23,179 radiology reports from the MIMIC-IV database.
Through a multi-stage annotation process involving independent labeling by two orthopedic surgeons
and adjudication by a senior expert, a total of 157 acute cases of AO/OTA type 31A (intertrochanteric
fractures) and type 31B (femoral neck fractures) were ultimately included. We evaluated three
experimental models: zero‑shot prompting, few‑shot learning (5 examples per class), and
RAG‑augmented prompting (incorporating a structured AO classification knowledge base). Classification
performance was assessed using accuracy, F1‑score, and confusion matrices. All type 31C (femoral
head fractures) cases underwent expert re‑adjudication to evaluate annotation quality.

Results
The RAG‑LLM framework achieved an accuracy of 94.29% (F1 = 94.29%) in distinguishing 31A from 31B
fractures on a balanced test set of 70 cases (35 each of 31A and 31B). Zero‑shot prompting attained the
same accuracy (94.29%, F1 = 94.28%), while few‑shot learning unexpectedly dropped to 88.57% (F1 = 
88.53%). Confusion matrices showed minimal misclassifications: 2/35 cases of 31A were misclassified
as 31B, and 2/35 cases of 31B were misclassified as 31A. A key finding was that after expert
re‑adjudication of 47 cases initially labeled as 31C, only 6 (12.8%) met the true AO/OTA 31C criteria; the
remaining 41 (87.2%) were actually acetabular fractures (AO/OTA type 61) or misclassified 31A/31B
cases. The subtype classification for 31B fractures (31B1 vs. 31B2) achieved an accuracy of 70.59%,
reflecting the inherent difficulty of text‑based subtype differentiation.

Conclusion
The RAG‑LLM demonstrated excellent performance in binary classification of AO/OTA 31A versus 31B
proximal femoral fractures using real‑world radiology reports. The systematic bias found in 31C labeling
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within MIMIC‑IV highlights the critical importance of expert data quality assurance in real‑world evidence
studies. The comparable performance between zero‑shot and RAG models suggests that modern LLMs
already possess inherent knowledge of AO/OTA classification, though RAG may offer advantages in
more nuanced tasks. These findings support the potential of LLM‑assisted workflows to streamline
fracture classification in clinical and research settings.

Introduction
Proximal femoral fractures are among the most common and clinically significant injuries in orthopaedic
trauma. With increasing disability, mortality, and healthcare resource consumption associated with this
fracture type(1, 2), the AO Foundation and the Orthopaedic Trauma Association (OTA) established a
comprehensive fracture classification system that divides proximal femoral fractures into three main
types: 31A (intertrochanteric, extra‑articular), 31B (femoral neck, intra‑articular), and 31C (femoral head)
(3)(Fig. 1). Accurate and systematic classification of fractures is essential for selecting appropriate
surgical interventions, predicting healing trajectories, and prognostic analysis(4, 5).

Figure 1. AO/OTA type 31 classification of proximal femoral fractures. 

[Insert Figure 1 here]

Although the AO/OTA classification of proximal femoral fractures holds significant clinical value,
consistent application of the AO/OTA system remains challenging. Even for relatively simple fractures,
inter‑observer agreement is often suboptimal, with reported Cohen's kappa values ranging from 0.53 to
0.79 (5, 6). For more complex fracture patterns, agreement may drop even further(5). In 2018, the revised
AO/OTA classification aimed to simplify the categorisation of intertrochanteric fractures; however,
inter‑observer reliability at the subgroup level remained "moderate" to "fair" (6). These reliability and
consistency issues underscore the need for standardised, automated fracture classification methods to
complement clinical judgment and reduce variability.

The widespread adoption of electronic health records and the emergence of large‑scale clinical
databases such as MIMIC‑IV have provided unprecedented opportunities for applying artificial
intelligence to clinical problems (7, 8). MIMIC‑IV contains detailed radiology reports documenting
fracture findings in free‑text format, offering a rich yet underutilised resource for orthopaedic
research(9).

In recent years, the rapid development of large language models has demonstrated remarkable
capabilities in understanding and generating clinical text(10, 11). LLMs can extract structured
information from unstructured radiology reports with accuracy approaching that of human experts (12,
13). In the field of orthopaedic trauma, preliminary studies have explored the potential of LLMs for
fracture classification. ChatGPT has shown the ability to classify intertrochanteric fractures according to
AO/OTA criteria(14), and one study evaluated the performance of ChatGPT‑4o and other LLMs in AO
fracture classification based on CT text reports, finding that ChatGPT‑4o achieved the highest overall
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accuracy of 74.6% (15). However, LLMs are constrained by their training data and may produce
hallucinations or inconsistent outputs when faced with specialised domain tasks (16).

Retrieval‑augmented generation (RAG) has emerged as a powerful technique to address these
limitations by dynamically retrieving relevant knowledge from external sources during inference(17).
RAG has shown promise in various clinical applications, including medical coding, diagnostic
classification, and clinical decision support (18, 19). Recent studies indicate that RAG can significantly
improve LLM reliability by anchoring responses to trustworthy external sources, and multi‑step retrieval
frameworks have been proven effective in improving radiology question‑answering performance(20–22).

Notably, most existing studies rely on fabricated or single‑centre reports, limiting the generalisability of
the models (15, 23). To our knowledge, no study has systematically evaluated the performance of
RAG‑augmented LLMs for AO/OTA proximal femoral fracture classification using real‑world data from a
large public database, combined with rigorous expert re‑adjudication of label quality.

Therefore, this study aims to: 1) develop and validate a RAG‑LLM framework for automatic classification
of AO/OTA type 31A versus 31B proximal femoral fractures using MIMIC‑IV radiology reports; 2)
compare the performance of zero‑shot, few‑shot, and RAG‑augmented prompting strategies; 3) evaluate
the quality of AO/OTA annotations in the MIMIC‑IV dataset through expert re‑adjudication; and 4) explore
the feasibility of subtype classification within the 31B category.

Methods

1. Study Design and Data Source
This retrospective cohort study utilised the MIMIC‑IV database (version 3.1), a publicly available,
de‑identified electronic health record dataset containing information on patients admitted to Beth Israel
Deaconess Medical Center between 2008 and 2019 (24). The MIMIC‑IV database offers a large sample
size with detailed radiology reports and has been previously validated in orthopaedic research (25). The
study was conducted in accordance with the Declaration of Helsinki and the MIMIC‑IV data use
agreement. Figure 2 shows the complete workflow of this experiment.

Figure 2. Flowchart of case identification, annotation, and dataset preparation.

[Insert Fig. 2 here]

2. Data Extraction and Initial Screening
We extracted all radiology reports (n = 23,179) from the radiology table of MIMIC‑IV and applied
structured queries to filter reports containing the keyword "fracture" in conjunction with proximal
femur‑specific anatomical terms ("femoral neck," "subcapital," "intertrochanteric," "hip fracture"). Reports
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explicitly documenting "no fracture" or "without fracture," as well as those without any relevant findings,
were excluded. This initial screening yielded 4,034 reports of acute proximal femoral fractures.

3. Annotation and Classification
A two‑stage annotation process was employed to establish the gold‑standard classification:

Stage 1: Initial labelling. Two independent orthopaedic surgeons (with 5 and 8 years of clinical
experience, respectively) reviewed the impression and findings sections of each report and assigned an
AO/OTA classification (31A, 31B, or 31C) according to the AO/OTA Fracture and Dislocation
Classification Compendium‑2018(3). Discrepancies were resolved through discussion, with adjudication
by a senior orthopaedic trauma surgeon with 15 years of experience when necessary.

Stage 2: 31C re‑adjudication. Given the clinical and anatomical distinctiveness of 31C (femoral head)
fractures, all cases initially labelled as 31C underwent a second independent review by the senior
surgeon to verify classification accuracy. This process aimed to assess labelling quality and identify
potential systematic biases in the initial annotations.

4. Dataset Preparation
From the annotated dataset, we excluded 31C cases as well as those with indeterminate or uncertain
classifications. The final analytical dataset comprised 157 confirmed cases of either 31A (n = 78) or 31B
(n = 79). Cases were randomly split at the patient level into a training set (n = 87), a validation set (n = 22),
and a test set (n = 48), using stratified sampling to maintain class balance across splits. The validation
and test sets were subsequently merged into a final evaluation set of 70 cases (31A: 35, 31B: 35) to
enhance statistical power for performance assessment.

5. LLM Configuration
We employed DeepSeek‑Chat (deepseek‑chat) as the base LLM for all experiments (26). DeepSeek‑Chat
was selected for its demonstrated performance in clinical text classification tasks, cost‑effectiveness,
and accessibility to researchers without requiring substantial computational resources. The model was
accessed via the DeepSeek API, with the temperature parameter set to 0.1 to minimise output variability
and maximise reproducibility.

6. Prompt Engineering and Experimental Conditions
Three experimental conditions were evaluated:
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Zero‑shot prompting. The model was provided with the impression and findings sections of each
radiology report and instructed to output a classification result (31A or 31B) in JSON format, along with
its reasoning and confidence assessment. No examples or external knowledge were supplied.

Few‑shot prompting. In addition to the report information, the model received 5 representative examples
per class (10 examples in total) selected from the training set. Examples were chosen based on
impression length and clarity to maximise instructional value.

RAG‑augmented prompting. The model received the report information, few‑shot examples, and a
structured AO/OTA knowledge base summarising the key classification criteria for 31A and 31B
fractures. The knowledge base was manually curated based on the AO/OTA Compendium‑2018 and
formatted as plain text for direct integration into the prompt.

7. Outcome Measures
The primary outcome measure was classification accuracy in distinguishing 31A from 31B fractures.
Secondary outcome measures included F1‑score, precision, recall, and confusion matrix analysis. In the
subtype analysis, we evaluated the accuracy of distinguishing 31B1 (subcapital/non‑displaced) from
31B2 (transcervical) fractures.

8. Statistical Analysis
All analyses were performed using Python (version 3.13) and the scikit‑learn library. Accuracy was
calculated as the proportion of corectly classified cases. The F1‑score was computed as the harmonic
mean of precision and recall, using weighted averaging. Confusion matrices were generated to visualise
misclassification patterns. Given the exploratory nature of this study and the moderate sample size, no
formal hypothesis testing was conducted; instead, we report descriptive performance metrics with 95%
confidence intervals where applicable.

Results
From the initial 23,179 radiology reports, we identified 4,034 cases of acute proximal femoral fractures.
After applying exclusion criteria and confirming classifications, the final analytical dataset comprised
157 cases: 78 (49.7%) classified as 31A (intertrochanteric fractures) and 79 (50.2%) as 31B (femoral
neck fractures). The splits into training (n = 87), validation (n = 22), and merged test (n = 70) sets
maintained class balance, with 35 cases of each type in the final evaluation cohort.

Expert re-adjudication of the 47 cases initially labelled as 31C revealed substantial annotation
inaccuracies. Only 6 cases (12.8%) met the strict criteria for AO/OTA 31C (femoral head fractures). The
remaining 41 cases (87.2%) were reclassified as follows: 28 (59.6%) as acetabular fractures (AO/OTA
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type 61), 3 (6.4%) as 31A (intertrochanteric fractures), and the remainder as other fracture types or
indeterminate classifications.

The final performance data showed that the RAG-LLM framework achieved an accuracy of 94.29% (95%
CI: 89.5–98.2%) in distinguishing 31A from 31B fractures on the 70-case test set, with a weighted F1-
score of 94.29%. Zero-shot prompting attained the same accuracy (94.29%, F1 = 94.28%), while few-shot
learning unexpectedly dropped to 88.57% (F1 = 88.53%) (Table 1).

Table 1
Classification performance of LLM configurations for 31A vs. 31B discrimination

Configuration Accuracy F1
Score

31A
Precision

31A
Recall

31B
Precision

31B
Recall

Zero-shot 94.29% 94.28% 0.92 0.97 0.97 0.91

Few-shot 88.57% 88.53% 0.94 0.83 0.85 0.94

RAG-LLM 94.29% 94.29% 0.94 0.94 0.94 0.94

Confusion matrices indicated minimal misclassifications under the RAG-LLM condition: among 35 true
31A cases, 33 were correctly classified (94.3%), with 2 misclassified as 31B (5.7%); among 35 true 31B
cases, 33 were correctly classified (94.3%), with 2 misclassified as 31A (5.7%). The overall
misclassification rate was 5.7% (4 out of 70 cases).

The zero-shot condition exhibited a similar pattern: 1/35 (2.9%) 31A misclassifications and 3/35 (8.6%)
31B misclassifications. The few-shot condition displayed a different error pattern: 6/35 (17.1%) 31A
misclassifications and 2/35 (5.7%) 31B misclassifications, suggesting that the provided examples may
have biased the model toward 31B predictions (Fig. 3).

Figure 3. Confusion matrices for (A) zero-shot, (B) few-shot, and (C) RAG-LLM configurations.

[Insert Fig. 3 here]
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Table 2
Subtype classification performance for

31B1 vs. 31B2 discrimination
Metric Value

Accuracy 70.59%

F1 Score 70.59%

31B1 Recall 60.0% (6/10)

31B2 Recall 85.7% (6/7)

31B1 → 31B2 Errors 40.0% (4/10)

31B2 → 31B1 Errors 14.3% (1/7)

In an exploratory analysis focusing on the 31B subgroup, we evaluated the RAG-LLM framework's ability
to distinguish 31B1 (subcapital/non-displaced) from 31B2 (transcervical) fractures using 17 cases with
confirmed subtype labels (10 31B1, 7 31B2). The model achieved an accuracy of 70.59% (F1 = 70.59%).
The confusion matrix showed 6/10 (60% recall) correct for 31B1 and 6/7 (85.7% recall) correct for 31B2
(Table 2). The predominant error pattern was misclassification of 31B1 as 31B2 (4/10, 40%), indicating
that the model struggled to differentiate subcapital from transcervical fractures when reports did not
specify the exact anatomical level.

Discussion
This study demonstrates that a RAG‑LLM framework can distinguish AO/OTA 31A (intertrochanteric)
from 31B (femoral neck) fractures with high accuracy (94.29%) using real‑world radiology reports from
the MIMIC‑IV database. The comparable performance between zero‑shot and RAG‑augmented
prompting suggests that modern LLMs already possess substantial inherent knowledge of AO/OTA
classification criteria, while the unexpected decline in few‑shot performance highlights the need for
careful example selection in clinical NLP applications.

Notably, the most clinically significant finding of this study is the substantial annotation bias identified
within the MIMIC‑IV dataset. Expert re‑adjudication revealed that 87.2% of cases initially labelled as 31C
(femoral head fractures) were actually acetabular fractures (AO/OTA type 61) or misclassified 31A/31B
fractures. This finding carries important implications for the use of real‑world data in AI research and
underscores the critical importance of expert data quality assurance.

Compared with previous studies, our results both align with and extend prior work. Inui et al.
demonstrated that ChatGPT could classify intertrochanteric fractures into A1 (stable) and A2 (unstable)
according to the revised AO/OTA classification system (14). A recent study by Spitzl et al. evaluated
ChatGPT‑4o and other LLMs in AO fracture classification based on CT text reports, finding that
ChatGPT‑4o achieved the highest overall accuracy of 74.6% (15). However, these studies were limited by

Page 8/17



the use of fabricated reports or small sample sizes, whereas our study extends prior work by using
real‑world data from a large public database to systematically evaluate the contribution of RAG
augmentation(27).

Our finding that RAG did not significantly outperform zero‑shot prompting in the primary classification
task is consistent with some previous observations that LLMs may already possess sufficient
knowledge for common classification tasks (21). Nevertheless, RAG has been shown to substantially
improve performance in more complex or uncommon tasks (28). The subtype classification results
(70.59%) suggest that RAG may offer greater value in fine‑grained discrimination tasks where knowledge
completeness is poorer.

Undoubtedly, the high accuracy of the RAG‑LLM framework in distinguishing 31A from 31B fractures
suggests potential utility in several clinical scenarios. First, automated classification could streamline
research workflows by enabling rapid, large‑scale phenotyping from electronic health records. Second, in
emergency settings, LLM‑assisted classification could provide decision support for junior physicians or
in resource‑limited environments where immediate specialist consultation is unavailable. Third, the
framework could be integrated into clinical decision support systems to alert clinicians when radiology
report language is ambiguous or inconsistent with expected classification patterns.

Several factors must be considered before clinical deployment: 1) The model was developed and
validated on a single‑institution dataset and may not generalise to other clinical settings with different
reporting conventions(29). 2) The model's performance on more complex or atypical fractures has not
been evaluated. 3) Human oversight remains essential, particularly for cases where the model expresses
low confidence or where classification would significantly impact treatment decisions (15).

The substantial 31C annotation bias identified in MIMIC‑IV carries important implications beyond this
study: although MIMIC‑IV is one of the most widely used public databases for clinical AI research,
researchers should not assume diagnostic labels without independent verification, given that
inter‑observer agreement is suboptimal—this is particularly critical for studies using AO/OTA or other
complex classification systems (30, 31). The high mislabelling rate for 31C (87.2%) may reflect inherent
difficulties in distinguishing femoral head from acetabular fractures in radiology reports. Future studies
using MIMIC‑IV or similar databases should consider implementing multi‑stage annotation processes
with expert adjudication.

This study has several limitations: 1) The sample size, while adequate for exploratory analysis, was
moderate (157 cases, 70 in the test set). Larger, multicentre studies are needed to confirm the
generalisability of our findings and to enable more robust subgroup analyses. 2) The study used a single
LLM (DeepSeek‑Chat); performance may vary with other models or commercial alternatives. 3) The RAG
implementation used a static knowledge base rather than a dynamic retrieval system, suggesting that
more sophisticated RAG architectures might yield different results. 4) This study focused only on binary
classification of 31A versus 31B fractures; performance across the full AO/OTA classification hierarchy,
including 31C and subtypes, remains to be evaluated. 5) The subtype analysis was limited by the number
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of cases with confirmed subtype labels (n = 17); larger, prospectively annotated datasets are required to
assess LLM performance in AO/OTA subtyping. 6) The study did not include comparisons with
traditional machine learning methods.

In future research, extending the analysis to include all AO/OTA type 31 fractures (including 31C) and
conducting a more comprehensive evaluation of LLM capabilities would be of greatest clinical relevance.
Developing multimodal models that integrate both radiology text and imaging data may enhance the
model's ability to classify and recognise more complex fractures (32). Prospective studies to further
evaluate LLM‑assisted workflows could additionally improve temporal and population generalisability.

Conclusion
This study demonstrates that the RAG‑LLM framework can distinguish AO/OTA 31A from 31B proximal
femoral fractures with excellent performance (94.29% accuracy) using real‑world radiology reports from
the MIMIC‑IV database. The comparable performance between zero‑shot and RAG‑augmented
prompting suggests that modern LLMs already possess substantial inherent knowledge of AO/OTA
classification.

The significant 31C annotation bias identified in MIMIC‑IV (87.2% mislabelling rate) represents an
important contribution to the field, highlighting the critical importance of expert data quality assurance in
real‑world evidence studies. This finding extends beyond orthopaedics, emphasising the necessity of
rigorous annotation protocols in all clinical AI research utilising public databases.

Future work should focus on validation in larger, multicentre datasets, development of multimodal
approaches integrating text and imaging data, and assessment of the clinical impact of LLM‑assisted
fracture classification workflows. With continued refinement and validation, LLM‑based systems hold the
potential to streamline fracture classification, support clinical decision‑making, and facilitate large‑scale
orthopaedic research using real‑world data.
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Figure 1

AO/OTA type 31 classification of proximal femoral fractures.
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Figure 2

Flowchart of case identification, annotation, and dataset preparation.
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Figure 3

Confusion matrices for (A) zero‑shot, (B) few‑shot, and (C) RAG‑LLM configurations.
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