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Abstract—Radiologist shortages often delay musculoskeletal
radiograph interpretation in primary care, with the knee among
the most frequently imaged regions. To our knowledge, we
developed the first Artificial Intelligence (AI) system for knee
radiograph assessment in this setting, using a pathway-specific
taxonomy to automatically label reports, thereby advancing
the field of medical disease extraction. A total of 57,460 knee
radiology reports (2010-2024) from the Public Healthcare Service
of Navarre, Spain, were retrospectively processed with a Natural
Language Processing (NLP) pipeline guided by this taxonomy.
The pipeline extracted thousands of frequent and relevant
findings, reliably linked them to images through a projection
and laterality classifier, and organized them into 43 hierarchical
categories for dataset generation. To assess feasibility, we trained
a ConvNeXt-Small model to classify radiographs as referable
(requiring specialist review) or non-referable, and validated it
on an independent test set of 494 studies (39.7% referable).
Ground truth was defined by consensus of three radiologists from
a panel of five experts. On this test set, the model achieved an
Area Under the ROC Curve (AUC) of 0.880 (95% Confidence
Interval [CI]: 0.843-0.915), with 81.9% sensitivity and 83.1%
specificity, significantly outperforming routine reports (AUC
0.798; p=0.0002). Compared with the individual radiologists,
the model achieved comparable sensitivity but lower specificity
(3.6-11% below radiologists). These results support the potential
of our deep learning algorithm as a primary care decision-
support tool, helping reduce unnecessary referrals and radiologist
workload, while showing how pathway-specific taxonomies enable
scalable, efficient Al in data-limited settings.

Keywords-Deep Learning for radiology; Medical disease extrac-
tion; Al-based health systems and applications; Knee Radiography;
Primary Care

I. INTRODUCTION

Musculoskeletal (MSK) conditions are one of the most
frequent reasons for patient visits in primary care, where
plain radiography constitutes the primary modality for initial
imaging assessment [1][2]. Nevertheless, delays in expert radi-
ological interpretation represent an obstacle in many healthcare
systems, often postponing diagnosis and subsequent treatment.
Therefore, addressing these delays is essential for improving
administrative efficiency in primary care. In this context,
general practitioners frequently assume responsibility for pre-
liminary image review despite lacking specialized training to
identify the full spectrum of MSK conditions.

Recent advances in Artificial Intelligence (Al), particularly
in Deep Learning (DL), have demonstrated strong performance

in the analysis of MSK radiographs [3]. Building on this
progress, we present an Al-based framework designed specif-
ically for the evaluation of knee radiographs in primary care
—one of the most frequently imaged anatomical regions in
this clinical context, second only to the spine [1][2]. Knee
radiographs offer an ideal starting point for Al-based decision
support due to their relatively simple anatomical structure and
standardized diagnostic criteria, in contrast to the spine, which
presents greater complexity both anatomically and diagnosti-
cally [4][5].

Despite this opportunity, there are no studies focusing on
Al tools for preliminary interpretation of knee radiographs in
primary care settings. Most existing research concentrates on
specific MSK disorders, such as osteoarthritis [6], fractures
[7], bone age [8] and tumors [9], using manually annotated
datasets and specialist-oriented labels [10].

To address this gap, we implemented a data pipeline that
takes advantage of routinely collected clinical data from the
Public Healthcare Service of Navarre (Servicio Navarro de
Salud—Osasunbidea, SNS-O) to create a large-scale training
set. The pipeline uses an image classifier to reliably identify
target knee radiographs, and applies Natural Language Pro-
cessing (NLP) to radiology reports to extract clinical findings,
which are then organized into categories using a custom
taxonomy that reflects primary care decision-making needs.

We assessed the effectiveness of this approach by training
a DL model on the resulting dataset and evaluating it on a
radiologist-annotated test set, achieving promising results.

To our knowledge, this is the first Al system specifically
designed for preliminary knee radiograph assessment in pri-
mary care. In this context, emulating the diagnostic approach
of a radiologist, the proposed AI system analyzes a broad
range of radiological findings. Our methodological framework
advances the field of medical disease extraction and illustrates
how NLP-based labeling, guided by a taxonomy aligned with
the clinical pathway, can enable the development of Al-
based health systems and applications in settings with limited
annotated data.

This paper is organized as follows: Section II reviews related
work, Section III describes the methodology and dataset
creation, Section IV presents validation results, and Section
V discusses conclusions, limitations, and future work.
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II. RELATED WORK

The application of Al to MSK radiology has advanced
rapidly, particularly for trauma detection [7], bone-age as-
sessment [8], osteoarthritis grading [6] and implant evaluation
[10]. Meta-analyses and large studies report high diagnostic
accuracy for fracture detection on plain radiographs (pooled
sensitivities/specificities often >91%) and demonstrate that
Al assistance can improve clinician performance in rou-
tine practice [7][11][12]. For the knee, DL models have
achieved expert-level performance in Kellgren—Lawrence (KL)
osteoarthritis grading, with reported AUCs up to ~ 0.96
and Cohen’s kappa around 0.86 [6][13]. While large MSK
repositories exist, such as MURA for upper limbs [14] and
the Osteoarthritis Initiative for knee osteoarthritis [15], to our
knowledge, no comparable large-scale, multi-label (multiple
findings per image) knee datasets are currently available.

To address the scarcity of annotated data, prior thoracic
imaging studies have applied NLP to radiology reports to
generate large-scale, weakly supervised labels (e.g., PadChest
[16], CheXpert [17]). Since chest imaging taxonomies cannot
be directly applied to knee radiographs, we developed a novel
taxonomy for primary care, grounded in real-world finding
prevalence and clinical relevance. This taxonomy enables the
construction of large-scale, multi-label knee datasets and the
development of AI models tailored to general practitioners’
needs.

III. METHODS

This study focuses on developing and evaluating an Al
framework for knee radiograph assessment in primary care.
Rather than aiming for maximal model performance, our
primary goal was to demonstrate the feasibility of creating a
clinically meaningful decision-support system from automati-
cally labeled retrospective data.

A. Dataset Creation

The SNS-O comprises 63 primary care centers and 3
hospitals, serving a population of over 600,000 patients. From
its radiology information system, we retrieved 263,763 knee
radiograph studies requested by general practitioners (in pri-
mary care) between 2010 and 2024, of which 57,460 (21%)
had an associated formal radiology report and were available
for analysis.

Each study typically contained multiple radiograph images
of one or both knees, often captured in multiple projections
(anteroposterior, lateral, axial and others) and of varying later-
ality (right, left, or bilateral), and interpreted by a radiologist
in a single report. To transform this unstructured material into
an Al-ready dataset, three tasks were required: (1) mapping
radiological findings from the free-text reports into structured
categories, (2) reliably identifying projection and laterality for
each image, and (3) linking each image with its corresponding
findings.

Accordingly, as illustrated in Figure 1, we developed a
data pipeline with two main branches: label generation and
image selection. Label generation involved the use of NLP

techniques to extract radiological findings from reports, which
were selected and organized using our primary care—oriented
taxonomy, detailed in Section III-B. As image metadata was
usually missing, we developed a neural network to perform
image selection, specifically to determine projection and lat-
erality.

The resulting dataset comprised 63,976 single-knee radio-
graph studies from 28,719 patients (54% female; mean age
58.2 years). For each knee, findings were mapped to a category
within our taxonomy and assigned a global grade of refer-
able or non-referable, indicating whether expert radiologist
evaluation was recommended. The pipeline yielded a dataset
of 56,152 non-referable studies (87.77%) and 7,824 referable
studies (12.23%), each consisting of a single knee report linked
to its corresponding radiographs.

Figure 2 illustrates an example study alongside its radiology
report (translated to English), extracted finding categories, and
identified projections and laterality. In this case, since the
study involved only a single knee, no laterality-based splitting
was required. The two core components of the pipeline (label
generation and image selection) are described below.

Label generation. Our label generation pipeline processed
each report in four main steps: (1) laterality analysis, splitting
reports that described both knees into separate reports, one per
knee; (2) biomedical named entity recognition, extracting all
mentioned medical entities; (3) negation detection, discarding
entities appearing in a negated context; and (4) taxonomy
mapping, filtering entities, assigning them to relevant finding
categories, and generating a final binary label (referable/non-
referable).

Reports were split by laterality using regular expressions,
since most included distinct sections for each knee. Single-
laterality reports were left intact. Entity recognition used a
Spanish RoBERTa-base biomedical model [18], while negation
detection relied on a fine-tuned BERT-base multilingual model
trained on the NUBES Spanish clinical dataset [19][20].

When applied to our retrospective dataset, the NLP pipeline
extracted 102,127 entity mentions (6,676 unique entities).
Of these, 87,189 (85%) were successfully mapped using the
taxonomy detailed in Section III-B. A report was labeled as
referable if at least one referable finding category was present.

Image selection. Most radiographs lacked reliable DICOM
metadata to accurately determine laterality and projection. To
address this, we manually annotated 2,214 knee radiographs,
assigning one of the following nine labels: anteroposterior
(right/left), lateral (right/left), axial (right/left), bilateral, bi-
axial, or other. We then trained a ConvNeXt-Tiny model
on this task using Fast.ai and Timm libraries [21][22], with
ImageNet pretraining and input images resized to 350x350px.
The network was trained for 22 epochs with a learning
rate of 0.006, using standard augmentations, such as re-
sizing, brightness/contrast adjustments, random erasing, and
geometric transformations. Horizontal and vertical flips were
deliberately excluded to preserve anatomical laterality. The
model achieved an AUC of 0.9984 and an accuracy of 97.4%,
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Figure 1. Data pipeline for dataset creation. The NLP pipeline (top) and the image selection (bottom) branches are merged to produce our dataset.

"No conclusive fracture is observed. Mild osteopenia.
Early chondrocalcinosis. Patellar fracture sequelae."

Report:
o Finding categories: osteopenia, chondrocalcinosis, fracture se-
quelae.
o Label: referable.

Radiograph:
o Laterality: left.
o Projections: anteroposterior, lateral.

Figure 2. Example knee study with corresponding radiology report and two projections (left). The outputs of the data pipeline are also displayed (right).

enabling reliable assignment of radiographic laterality and
projection across the dataset. For the purposes of this study,
only anteroposterior and lateral projections were retained, as
they are the standard views for clinical knee assessment. When
a radiograph was classified as bilateral, the image was divided
in two standard projections.

B. A Taxonomy for Primary Care Knee Radiography

A radiographic finding taxonomy was developed to cate-
gorize the reports. The complete taxonomy is presented in
Figure 3, which shows the resulting finding categories and
their relative frequencies, selected based on entity frequency
and clinical relevance in primary care.

Finding categories were initially defined by a senior MSK
radiologist based on SNS-O clinical pathways and subse-
quently reviewed and refined within a multidisciplinary work-
group comprising five MSK radiologists and one senior gen-
eral practitioner. Categories were retained if they appeared
in at least 0.9% of the dataset or posed significant clinical

risk. Findings were classified as referable when they typically
required radiologist review, advanced imaging, or management
changes beyond primary care. In the absence of formal guide-
lines, decisions were guided by routine SNS-O practice to
safely reduce radiologist workload.

Using this taxonomy, extracted clinical entities were con-
solidated into broader categories and classified as refer-
able or non-referable, providing practical guidance for gen-
eral practitioners (e.g., “chondrocalcinosis” and “calcification”
were mapped to non-specific calcification, classified as non-
referable). Detailed entity mapping is provided in the Supple-
mentary Material.

C. Model Training

To evaluate the utility of the generated dataset, we trained a
baseline ConvNeXt-Small model to classify knee radiographs
as referable or non-referable. The dataset included 62,309
anteroposterior and lateral radiographs, each labeled according
to the overall referability grade of its corresponding knee. A
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Figure 3. Taxonomy tree of knee radiological findings in primary care, with relative frequencies calculated from the 87,189 mapped entities.

validation set of 10,711 images was reserved, ensuring patient-
level separation. During DICOM-to-JPG conversion, we ap-
plied the windowing configuration stored in each DICOM
study, to preserve clinically optimal brightness and contrast.

Leveraging the Fast.ai library [21], the model was initialized
with ImageNet weights and trained on 900x900 padded images
using cross-entropy loss, default augmentations, and a learning
rate of 0.01. The best performance was achieved at epoch 6,
with an AUC of 0.8413 and an accuracy of 89.85% on the
validation set.

We tried several variations in architecture, image size,
learning rate, and training duration, but none yielded meaning-
ful improvements. We chose a ConvNeXt-Small architecture
for its strong ImageNet results, fast inference, and modern
design, serving as a robust baseline. Further gains are expected
with targeted model refinement, improved preprocessing and
enhanced training strategies tailored to our dataset.

D. Reference Standard Test Set

We created a random test set of 494 radiographic single-
knee studies (anteroposterior and lateral images), enriched
to increase the proportion of referable knees from 11.60%
to 39.70%, ensuring one knee per patient and strict patient-
level separation to prevent data leakage. Each study was
independently reviewed by three expert radiologists drawn
from a pool of five, with each radiologist reviewing a different
but overlapping random test set partition (around 250 studies).
Reviewers identified all relevant findings according to the
predefined categories of the taxonomy (Section III-B), and

a study was deemed referable if any finding mapped to a
referable category.

The image model was evaluated against the three-radiologist
majority vote, which served as the clinical reference standard,
and was also compared with each individual radiologist, using
the majority vote of the other two as ground truth (exclud-
ing cases where the two remaining radiologists disagreed).
In parallel, all test set reports were manually annotated by
engineers based solely on their clinical text, providing the
reference standard for evaluating the NLP pipeline.

IV. RESULTS
A. NLP pipeline validation

The NLP pipeline, when evaluated against the manually
annotated reports from the test set, achieved micro- and macro-
averaged F1-Scores of 0.8968 and 0.9219, respectively, across
all finding categories. The lowest performance was observed
for osteoarthritis KL 3—4 category (a referable category), with
an Fl-Score of 0.1714, while all other findings achieved
F1-Scores above 0.7368. Detailed per-category results are
provided in the Supplementary Material.

Error analysis revealed that misclassifications mainly arose
from complex degenerative cases where the KL grade was
not explicitly indicated in the report. For instance, reports
often document "gonarthrosis" without explicit grading, de-
spite providing a descriptive context that implies advanced
osteoarthritis. In such cases, the pipeline tended to assign a KL
1-2 label, although these reports would likely be interpreted
by a radiologist as KL 3-4. This systematic bias was more
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frequent in the enriched test set, where KL grades were
less often documented explicitly, than in the training set.
Nevertheless, many KL 3—-4 cases were correctly captured
when the grade was explicitly stated, allowing the trained
image model to successfully classify most KL 3—4 radiographs
as referable in the test set (see Section IV-B).

B. Model validation

Image classification performance was evaluated against the
majority vote of the radiologists (Table I). The model achieved
a higher AUC than the manually annotated reports (0.8800
vs. 0.7983), with significance confirmed by 100,000 paired
bootstrap iterations (p = 0.00019). At a matched sensitivity of
81.94%, the model achieved higher specificity than the reports,
reaching 83.14% compared to 77.71%.

TABLE I. PERFORMANCE ON THE TEST SET FOR CLASSIFYING KNEE
RADIOGRAPHS AS REFERABLE OR NON-REFERABLE.

Source AUC Kappa Sensitivity?  Specificity

Model 0.8800 0.6098 81.94% 83.14%
0del 0843409147  0.5428-0.6778  75.00-87.52  79.14-86.86

R ] 0.7983 0.5393 81.94% 77.71%
CPOTS " (7560-0.8361  0.4669-0.6185  75.69-88.19  73.43-82.00

The ground truth was obtained with the majority vote of three expert radiolo-
gists. All confidence intervals are 95%, estimated via 1,000-iteration bootstrap
resampling with replacement.

! Radiology reports, produced during routine clinical practice, were manually
labeled here without image review.

2 The model’s operating point was adjusted to match the sensitivity of the
radiology reports.

At a more granular level, Table II breaks down detection
performance on the test set by grouped finding categories,
where recalls reflect the proportion of correctly identified
studies. Both the model and reports show minor differences
identifying referable findings, and notably, they both detected
all six suspicious lesions (osteosarcoma and periosteal reac-
tions). However, the model was more effective at identifying
normal cases, achieving higher recall for these than the reports
(95% vs. 85%).

TABLE II. COMPARISON OF MODEL AND MANUALLY ANNOTATED
REPORTS IN THE TEST SET, STRATIFIED BY FINDING CATEGORY.

Finding Category' Total Model Recall Report Recall
Non-referable

Benign finding 272 55.15% 52.57%
Osteoarthritis (KL 1-2) 208 66.83% 65.39%
Anatomical variant 145 66.21% 64.83%
No finding / Normal 80 95.00% 85.00%
Referable

Osteoarthritis (KL 3-4) 59 83.05% 76.27%
Acute fracture 20 80.00% 90.00%
Suspicious lesion 6 100.00% 100.00%
Referable benign finding 24 70.83% 70.83%
Postsurgical findings 47 100.00% 97.87%
Healed / Sequelae fracture 9 100.00% 88.89%

! Please refer to the taxonomy tree (Figure 3) for a detailed decomposition.

Then, the model’s performance was compared with indi-
vidual radiologists and the manually annotated reports (Table
IIT). Across all partitions (i.e., the subsets of studies reviewed

by each radiologist), it consistently outperformed the reports
in AUC, sensitivity, and specificity. Compared with individual
radiologists, the model reached similar or slightly higher sen-
sitivity (up to +14%), but generally lower specificity (3.6-11%
below) and kappa (0.66-0.72 vs. 0.70-0.86). As shown in
Figure 4, its ROC curves indicated strong performance, though
still below 3 of 5 radiologists.

These results prompted a detailed error analysis, in which
we reviewed each discordant case by reading the origi-
nal reports and comparing them with the model outputs.
We found that model errors were usually straightforward
misclassifications—such as false negatives of fractures or pos-
itives for benign calcifications. In contrast, report errors often
stemmed from textual ambiguity, incomplete descriptions or
lack of sufficient clinical context, which either prevented the
reader from extracting findings or rendered them too am-
biguous to be reliably mapped into the taxonomy. Therefore,
despite the measured metrics, the nature of the errors between
the model and the reports differed.

V. CONCLUSION AND FUTURE WORK

We introduced a novel system for Al-assisted general in-
terpretation of knee radiographs in primary care, leveraging
automatically generated labels from real-world radiology re-
ports through NLP. To support this, we developed a pathway-
specific taxonomy that organizes findings into 43 categories
and evaluated the resulting model against a reference test set
annotated by expert radiologists. Importantly, the taxonomy
was grounded in retrospective finding prevalence, ensuring the
meaningfulness of both the categories and the resulting labels.

The model, trained to classify a knee radiograph as referable
or non-referable, outperformed manually annotated routine
radiology reports (AUC 0.880 vs. 0.798) and successfully
referred all suspicious lesions—the most critical referable
cases—while maintaining high specificity. Although its overall
performance was generally below that of individual expert ra-
diologists, it achieved comparable agreement in certain cases,
suggesting its potential as a decision-support tool for general
practitioners in primary care.

Error analysis showed that most report-related errors
stemmed from the inherent challenges of clinical text in-
terpretation (ambiguity, incomplete descriptions, or lack of
context), while model errors reflected more straightforward
misclassifications. In fact, our NLP pipeline, based on entity
recognition and regular expressions, particularly struggled to
assign osteoarthritis grades when they were not explicitly
stated—introducing a performance ceiling for the model.
These limitations highlight opportunities for improvement
through advanced NLP methods, such as recent large language
models [23].

While the test set was enriched to 39.70% referable cases
to ensure statistical power for rare pathologies, we acknowl-
edge that in a natural primary care prevalence (12.23%), the
3.6—11% specificity gap compared to radiologists might lead
to increased false-positive referrals. Future deployment would
require calibration and a configurable threshold to prioritize
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TABLE III. PERFORMANCE COMPARISON PER INDIVIDUAL RADIOLOGIST ON TEST SET PARTITIONS.

Radiologist 1 partition
252 knees, 27.8% referable

Radiologist 2 partition
246 knees, 24.4% referable

Radiologist 3 partition
259 knees, 23.9% referable

Radiologist 4 partition
253 knees, 30.8% referable

Radiologist 5 partition
250 knees, 22.4% referable

AUC Kappa Sens / Spec AUC Kappa Sens / Spec AUC Kappa Sens / Spec AUC Kappa Sens / Spec AUC Kappa Sens / Spec

Radiologist ~ 0.9220  0.8591  87.14/97.25 0.9204 0.8178 90.00/94.09 0.8826 0.6995 88.71/87.82 0.8248 0.7073  66.67 /9829 09167 0.7836 91.07 / 92.27
Model 09175 0.6963  88.57 /86.26  0.9429  0.6883  88.33/87.10 0.9231 0.6553  90.32/84.26 0.9049 0.7220 80.77 /9143 0.9292  0.6902  89.29 / 87.63
Reports  0.8313  0.5877 87.14/79.12 0.8312 0.5664 86.67 /79.57 0.8450 05755 90.32/78.68 0.8367 0.6393 83.33/84.00 08536 0.5941 89.29/81.44

Each radiologist annotated a different partition of the test set, resulting in six overlapping partitions whose union constitutes the entire test set.
For each partition, the ground truth was defined by the majority vote of the other two radiologists; samples without consensus were excluded.
Sens / Spec denote sensitivity and specificity, respectively; values are reported as percentages.

Radiologist 1 partition Radiologist 2 partition

Radiologist 3 partition

Radiologist 4 partition Radiologist 5 partition

True Positive Rate

,+— Model: AUC = 0.943
® Reports: AUC=0.831
m  Radiologist 2: AUC=0.920
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® Reports: AUC=0.831
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m  Radiologist 3: AUC=0.883

,+— Model: AUC = 0.929
® Reports: AUC=0.854
®  Radiologist 5: AUC=0.917

,+— Model: AUC = 0.905
® Reports: AUC=0.837
®  Radiologist 4: AUC=0.825

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4
False Positive Rate

False Positive Rate False Positive Rate

0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

Figure 4. ROC curve of the model on the test set partitions. The operating points of radiologists and manually labeled radiology reports are overlaid.

either high-sensitivity screening or high-specificity workload
reduction.

As a first step toward clinical use, we aimed to provide gen-
eral practitioners with a tool that could help avoid unnecessary
referrals, reduce radiologist workload, and shorten diagnostic
times. We acknowledge that this approach simplifies decision-
making in primary care by grouping important findings to-
gether, regardless of urgency or pathway—for example, ad-
vanced osteoarthritis and suspicious lesions are both classified
as referable. Nevertheless, our results illustrate the feasibility
of developing clinically meaningful Al systems based on NLP
pipelines guided by pathway-specific taxonomies, offering a
scalable strategy to extend Al to other body regions or imaging
modalities, especially in contexts with limited labeled data but
abundant radiology reports.

This study has several limitations: the small test set size
and rarity of many findings limited per-finding evaluation; no
external dataset was available to assess generalizability; weak
labels derived from radiology reports may miss visible but
unreported findings; plain radiographs have inherent diagnostic
limitations; and potential selection bias arises from including
only studies requested by general practitioners.

Future work will focus on developing multilabel models to
stratify findings and enhance explainability, further improving
the NLP pipeline, expanding the test set, and using pseudo-
labeling to incorporate images without radiology reports.
Prospective, multicenter, and multimodal studies will be essen-
tial to evaluate real-world impact and ensure safe integration
into clinical workflows.
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