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A B S T R A C T   

Purpose: To externally validate an artificial intelligence (AI) tool for radiographic knee osteoarthritis severity 
classification on a clinical dataset. 
Method: This retrospective, consecutive patient sample, external validation study used weight-bearing, non-fixed- 
flexion posterior-anterior knee radiographs from a clinical production PACS. The index test was ordinal Kellgren- 
Lawrence grading by an AI tool, two musculoskeletal radiology consultants, two reporting technologists, and two 
resident radiologists. Grading was repeated by all readers after at least four weeks. Reference test was the 
consensus of the two consultants. The primary outcome was quadratic weighted kappa. Secondary outcomes 
were ordinal weighted accuracy, multiclass accuracy and F1-score. 
Results: 50 consecutive patients between September 24, 2019 and October 22, 2019 were retrospectively 
included (3 excluded) totaling 99 knees (1 excluded). Quadratic weighted kappa for the AI tool and the 
consultant consensus was 0.88 CI95% (0.82–0.92). Agreement between the consultants was 0.89 CI95% 
(0.85–0.93). Intra-rater agreements for the consultants were 0.96 CI95% (0.94–0.98) and 0.94 CI95% 
(0.91–0.96) respectively. For the AI tool it was 1 CI95% (1–1). For the AI tool, ordinal weighted accuracy was 
97.8% CI95% (96.9–98.6 %). Average multiclass accuracy and F1-score were 84% (83/99) CI95% (77–91%) and 
0.67 CI95% (0.51–0.81). 
Conclusions: The AI tool achieved the same good-to-excellent agreement with the radiology consultant consensus 
for radiographic knee osteoarthritis severity classification as the consultants did with each other.   

1. Introduction 

Knee osteoarthritis (KOA) is the most common joint disorder 
affecting 300 million worldwide [1]. Symptoms consist of pain, loss of 
function, and disability. Exercise, weight loss, and pain medication are 
the core pillars of therapy, with unilateral or total knee replacement 
being an option for some patients with end-stage KOA [2]. The diagnosis 
of KOA is mainly clinical, but weight-bearing radiography of the knee is 
recommended in clinical guidelines [3]. The radiograph is especially 
valuable for the evaluation of surgical candidacy. 

Because of continued annual growth in the use of imaging services 
without a comparable increase in radiology personnel, radiographs of 
the knee are no longer reported by radiologists at many departments [4]. 
Instead, the referring clinician reads and acts on the study, possibly 
resulting in variable inter-rater agreements and divergent treatments for 
patients [5]. This issue underlines the need for automated and unbiased 
classification of KOA in the clinical setting. 

The list of commercially available Artificial Intelligence (AI) tools for 
decision support in radiology is growing rapidly [6]. Nevertheless, 
widespread usage in radiologic practice is still in its nascence. Due 
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mainly to the high-quality open dataset from the Osteoarthritis Initiative 
[7] and Multicenter Osteoarthritis Study [8], several AI-based tools exist 
for KOA severity classification. The state-of-the-art AI tools are fully 
automated: they take the raw knee radiograph as input and from there, 
the necessary segmentation and classification tasks happen without 
human intervention. They can output KL grades, OARSI grades, and, in 
some cases, a full report [9–12]. 

External validation of AI-based tools is essential if the tool operates 
in clinical practice [13,14]. However, to ensure that the AI tool functions 
in a clinical setting, it is necessary to validate them against the type of 
data typically seen in a clinical setting. In KOA research, radiographs are 
commonly acquired according to a standardized procedure e.g. using a 
fixed-flexion device. This is not common practice in clinical imaging, 
meaning that clinical images often have higher projection variance. To 
our knowledge, no external validation study has been published for KOA 
severity classification tools on clinical data without the use of a fixed- 
flexion device. 

The purpose of this study was to evaluate the agreement and diag-
nostic test accuracy of a commercially available AI tool (developed by 
Radiobotics ApS, Copenhagen, Denmark) compared to radiology pro-
fessionals with varying levels of experience and professions on a 
consecutive patient sample from a different patient population on which 
the AI tool was not trained. 

2. Methods 

The study design and manuscript was structured in accordance with 
the STARD 2015 guidelines. The Research Ethic Board of Denmark 
waived the need for patient consent. 

2.1. Patient population 

A date in 2019 was randomly chosen as the start date for retro-
spective inclusion. From this date, patients’ studies were consecutively 
extracted from the production Picture Archiving and Communications 
System (PACS, Agfa IMPAX 6.6) at Bispebjerg and Frederiksberg Hos-
pital. An experienced research radiographer, who was not part of the 
reading process, extracted studies according to the criteria below until a 
sample size of 50 studies was reached. The radiographic OA severity of 
the extracted knees was reviewed to ensure that the full range of 
radiographic KOA was roughly covered. 

2.2. Case identification 

Inclusion criteria were:  

• Bilateral conventional radiography of the knees  
• Non-fixed, semi-flexed posterior-anterior projection (Rosenberg’s 

method)  
• Weight-bearing  
• Referred for evaluation of KOA 

Exclusion criteria were  

• Bilateral knee alloplasty  
• Image quality insufficient for clinical diagnosis 

3. Kellgren-Lawrence grade 

The KL grade is defined as [15]: 

Grade 0 (none): definite absence of x-ray changes of osteoarthritis 
Grade 1 (doubtful): doubtful joint space narrowing and possible 
osteophytic lipping 
Grade 2 (minimal): definite osteophytes and possible joint space 
narrowing 

Fig. 1. Patient Selection. Flowchart showing patient selection. 50 consecutive 
patients were included with three being excluded on the basis of insufficient 
image quality. To achieve a sample size of 50 patients, the next three consec-
utive patients were added to the study sample. 

Table 1 
Patient Characteristics.  

Sex KL 
Grade 

Right Knee 
(%) 

Left Knee 
(%) 

Total (%) Age 

Patient level 
Female    62% (31/ 

50) 
63 
(20–86) 

Male    38% (19/ 
50) 

68 
(49–90) 

Total    100% (50/ 
50) 

68 
(20–90) 

Knee level 
Female 0 5% (5/99) 4% (4/99) 9% (9/99) 47 

(20–71) 
Female 1 13% (13/ 

99) 
15% (15/ 
99) 

28% (28/ 
99) 

56 
(23–76) 

Female 2 4% (4/99) 5% (5/99) 9% (9/99) 68 
(44–77) 

Female 3 5% (5/99) 3% (3/99) 8% (8/99) 74 
(30–76) 

Female 4 4% (4/99) 3% (3/99) 7% (7/99) 78 
(72–86) 

Total 
Female 

– 31% (31/ 
99) 

30% (30/ 
99) 

62% (62/ 
99) 

63 
(20–86) 

Male 1 2% (2/99) 3% (3/99) 5% (5/99) 58 
(55–74) 

Male 2 6% (6/99) 5% (5/99) 11% (11/ 
99) 

74 
(49–90) 

Male 3 3% (3/99) 6% (6/99) 9% (9/99) 68 
(52–90) 

Male 4 8% (8/99) 5% (5/99) 13% (13/ 
99) 

71 
(68–79) 

Total Male – 19% (19/ 
99) 

19% (19/ 
99) 

38% (38/ 
99) 

68 
(49–90) 

Sex, knee osteoarthritis severity as Kellgren-Lawrence grade, and median age in 
years for the study sample grouped at the patient level and the individual knee 
level. For Percentage, parentheses denote fraction of total, for age parentheses 
denote range. KL: Kellgren-Lawrence grade. 
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Grade 3 (moderate): moderate multiple osteophytes, definite nar-
rowing of joint space and some sclerosis and possible deformity of 
bone ends 
Grade 4 (severe): large osteophytes, marked narrowing of joint 
space, severe sclerosis and definite deformity of bone ends 

3.1. Index tests 

Six radiology professionals were included as readers: two radiology 
consultants (MB and PH, musculoskeletal specialists with >10 years of 
clinical experience, >5 years of experience KL grading in the research 
setting), two reporting technologists (RB and UR, >10 years of muscu-
loskeletal reporting experience, no prior experience with the KL grade), 
and two resident radiologists (IVH and MWB, two month musculoskel-
etal rotation, no prior experience with the KL grade). The AI-tool 
(RBknee) acted as the seventh reader. All human readers were pro-
vided with an atlas of knee osteoarthritis showing knee images illus-
trating each KL grade. The atlas was based on images from the 

OsteoArthritis Initiative (OAI) atlas. Readers studied the atlas before 
grading began, and it was available to them during grading. Each reader 
was blinded to the grades of other readers and graded all knees in one 
session. Each reader assigned the radiographs a KL grade that they found 
best matched the respective knee. No clinical information was available 
to the readers. This approach was chosen because indications for re-
ferrals are diverse in their precision and we wanted to limit the influence 
of the referral on the reader performance. Diagnostic monitors were 
used when grading, and no time limit was set for each session. After at 
least four weeks of washout, the order of the studies was shuffled, and 
each reader repeated the KL grading procedure. 

3.2. AI tool 

The AI tool under investigation in this study is the product RBkneeTM 

v.2.1 (Radiobotics, Copenhagen, Denmark). The AI algorithms inherent 
in the product are based on convolutional neural networks (CNN) and 
have been trained on medical images from a large multicenter cohort 
from the USA. The product integrates the AI algorithms into a radiology 

Fig. 2. Quadratic Weighted Cohen’s Kappa Correlation Matrix. Correlation matrix, showing Quadratic Weighted Cohen’s Kappa for all readers and the radiology 
consultant consensus. A: agreements for the full Kellgren-Lawrence grade; B: agreements for clinical severity grade; C: agreements for the binary presence/absence of 
knee osteoarthritis. Note that the agreement between consensus and the consultants are omitted since the consensus is based upon the consultants’ gradings. 
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environment via a PACS integration based on DICOM communication. 
Subject to availability of a graphical processing unit (GPU) the pro-
cessing time of a bilateral knee PA projection radiograph can vary be-
tween approximately 8–60 s. RBknee is commercially available in a CE 
marked version (v.2.1 MDR 2017/745 class IIa) and an FDA cleared 
version (v.1 class II). 

3.3. Reference test 

After an additional washout period of more than four weeks 
following the retest session, the two radiology consultants had a 
consensus session. They were presented with each study, on which they 
had assigned different grades independently, and were asked to arrive at 
a final grade for each study. During the consensus session the consul-
tants were blinded to the KL grade they had initially assigned to each 
knee. This approach was chosen because the two consultants were the 
foremost experts in KOA and KL grading at our institution. Arbitration 
by a third consultant was not an option because none of the remaining 
consultants were used to the KL grading scale. 

3.4. Statistics 

Inter-rater reliability among readers and intra-rater reliability for 
each reader were assessed using Quadratic Weighted and Unweighted 
Cohen’s Kappa (QWK and UWK, respectively). For diagnostic test met-
rics, the Ordinal Weighted Accuracy (OWA) was calculated [16]. 
Sensitivity, specificity, accuracy, precision, and F1-score were calcu-
lated for each KL grade in a multiclass approach. Confidence intervals 
were calculated using the quantile method (2.5% and 97.5% quantiles) 
across 10,000 bootstrap samples with replacement. Subgroup analyses 
were performed by coercing grades into binary presence/absence with 
KL grades of 0 and 1 being “absent” and 2–4 being “present” [15]. 
Clinical severity coercion grouped KL 0 and 1 into “no KOA“, with KL 2, 

3, and 4 representing “mild”, “moderate”, and “severe” KOA, respec-
tively. Finally, readers were compared using permutation tests with 
10,000 permutations. 

Analyses were performed using R (R Foundation, Vienna, Austria) 
version 4.0.4. All weighted QWK and OWA used a standard quadratic 
weighting matrix. P-values < 0.05 were considered statistically 
significant. 

4. Results 

4.1. Patient characteristics 

Fifty consecutive patients with weight-bearing, non-fixed-flexion PA 
radiographs of both knees (totaling 100 knees) were retrospectively 
included from the PACS at Bispebjerg and Frederiksberg Hospital be-
tween September 24, 2019 and October 22, 2019. All patients were 
originally referred for evaluation of KOA. Sixty-two percent (31/50) 
were women, and the median age was 68 years (range 20–90 years). 
Studies of three patients were omitted due to insufficient image quality, 
including severely suboptimal image projection as judged by an expe-
rienced research radiographer during data extraction. One additional 
knee was deemed to have insufficient image quality during the reading 
sessions and was excluded from the study. Fig. 1 shows a flowchart 
demonstrating the collection of the study sample. The radiology 
consultant consensus found the following number of knees for each KL 
grade: KL 0: 9, KL 1: 33, KL 2: 20, KL 3: 17 and KL 4: 20 (n = 99). Patient 
characteristics and KL grades subdivided by laterality are summarized in 
Table 1. 

4.2. Inter-rater agreement 

QWK between the AI tool and the musculoskeletal radiologist 
consensus was 0.88 CI95% (0.82–0.92). QWK between the AI tool and 

Fig. 3. Inter-rater confusion matrices. Inter-rater confusion matrices for the AI tool, the reporting technologists and the radiology residents compared to the 
radiology consultant consensus. The consensus Kellgren-Lawrence grades are along the abscissa and the reader Kellgren-Lawrence grades are along the ordinate. The 
tiles on diagonal from the lower left to the upper right are the number of studies identically classified by the reader and the consensus. 
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the first radiology consultant was 0.90 CI95% (0.82–0.95) and with the 
second it was 0.84 CI95% (0.74–0.92). AI tool agreement with the 
reporting technologists and the radiology residents were 0.85 CI95% 
(0.74–0.93), 0.82 CI95% (0.71–0.9), 0.85 CI95% (0.75–0.92), and 0.85 
CI95% (0.75–0.92) respectively. Inter-rater agreement using UWK be-
tween the AI tool and the consensus was higher than resident 1 and the 
consensus (p-value = 0.02). No difference was seen for QWK (p-value =
0.51) or for the other readers (for technologist 1, QWK p-value = 0.59 
and UWK p-value = 0.06; for technologist 2, QWK p-value = 0.46, UWK 
p-value = 0.19; for resident 2 QWK p-value = 0.47, UWK p-value =
0.18). 

QWK among radiology consultants was 0.89 (0.81–0.95). Fig. 2 
shows the inter-rater agreements for the entire KL grade scale, clinical 
severity, and presence/absence of KOA using QWK. Fig. 3 shows 
confusion matrices for each non-consultant reader vs. the consultant 
consensus. Fig. 5 shows two studies. The left column shows a false 
negative grading by the AI tool where it rated the right knee as KL 0 even 
though the overlay indicates that it did identify some anomalies. The 
consultant consensus rated it as KL 2. The right column shows a false 

positive grading by the AI tool where it graded the right knee as KL 2 
while the consultant consensus graded it as KL 1. It is an interesting case 
that underlines the issue of the KL grading scale because its ambiguous 
state as a KL 1 or 2 depends on whether the reader attributes lipping or 
definite osteophyte status to the bony outgrowths. Fig. 6 shows two true 
positive cases where the AI tool and the consultant consensus assigned 
the same KL grades. 

4.3. Intra-rater agreement 

Intra-rater QWK and UWK for consultant 1 were 0.96 (0.94–0.98) 
and 0.8 (0.66–0.92). For consultant 2 they were 0.94 (0.91–0.96) and 
0.75 (0.58–0.91). For the AI tool, all intra-rater kappas were 1 (1–1). The 
AI tool had a significantly higher UWK intra-rater agreement than both 
consultants (both p < 0.001) but not QWK (p = 0.38 and 0.33). Intra- 
rater QWK and UWK for all readers are summarized in Table 2. Fig. 4 
shows confusion matrices for the intra-rater agreement of all readers. 

Fig. 4. Intra-rater confusion matrices. Intra-rater confusion matrices for all readers showing the Kellgren-Lawrence grades of the first reading along the abscissa and 
the Kellgren-Lawrence grades of the second reading along the ordinate. The tiles on diagonal from the lower left to the upper right are the number of studies 
identically classified during the first and the second reading. 
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4.4. Diagnostic test metrics 

Ordinal weighted accuracy for the AI tool was 97.8% CI95% 
(96.9–98.6 %). Because the reference test is based on both consultants, 
their accuracy cannot be estimated. For the reporting technologists, 
ordinal weighted accuracy was 97 % CI95% (95.9–98 %) and 97.7 % 
CI95% (97–98.4 %) respectively. For the residents it was 97.3 % CI95% 
(96.5–98.1%) and 98% CI95% (97.3–98.7 %). There was no difference 
in OWA for the AI tool and the other readers (p-values > 0.31). Results 
for the OWA and the pairwise accuracies are summarized in Table 3. 

The AI tool achieved an average multiclass accuracy of 84 % CI95% 
(77–91%) and an average F1-score of 0.67 CI95% (0.51–0.81) on the 
entire KL grade scale. When KL grades were coerced to clinical severity 
grades, the AI tool achieved an average accuracy of 90% CI95% 
(85–96%) and an average F1-score of 0.82 CI95% (0.69–0.93). When the 
KL grades were coerced to the presence/absence of KOA, the AI tool 
achieved an accuracy of 87% CI95% (80–94%) and an F1-score of 0.86 
CI95% (0.76–0.94). There were no differences between the performance 
of the AI tool and the performance of the other readers for the binary 
outcome, the average metrics in the entire KL grade, and the clinical 
severity. Sensitivity, specificity, accuracy, precision, and F1-score for 
the entire KL grade scale, for a clinical severity approach (none, mild, 
moderate, severe), and presence/absence of KOA for the AI tool are 
presented in Table 4. The full metrics for all readers are shown in Ap-
pendix 1. 

5. Discussion 

In this retrospective, consecutive patient sample, external validation 
study, we sought to evaluate the performance of an artificial intelligence 
tool for classification of knee osteoarthritis (KOA) severity on real-world 

clinical images from a hospital PACS system. We found that the inter- 
rater agreement among the AI tool and the consensus between two 
musculoskeletal radiology consultants was high-to-excellent and similar 
to the agreement between the two consultants themselves. Further, we 
found a high-to-excellent intra-rater agreement for all readers, with 
consultants performing almost perfectly. 

At our institution, knee osteoarthritis evaluation using weight- 
bearing radiographs of the knee is mainly read by reporting technolo-
gists. Only rarely do the radiologists report on this type of study outside 
of scientific work. As such, the reporting technologists are practically the 
daily clinical experts to some extent. In this work, we found that the AI 
tool had higher diagnostic test metrics than some of the non-consultant 
readers for a few Kellgren-Lawrence (KL) grades. Even though all 
readers were supplied with a radiographic KOA atlas, the reporting 
technologists and radiology residents had little or no prior experience 
using the KL grade. Therefore, the differences in these metrics should not 
be overstated. 

Presumably, due to the availability of large open datasets on KOA 
like OAI and MOST [7,8], multiple radiographic KOA classification al-
gorithms and commercial products are available [10–12,17–19]. 
External validation is a robust way of ensuring the generalizability of an 
AI tool [13,20]. Even though an algorithm performs well on a holdout 
subset of the development dataset, which was not part of its training 
data, this test set remains part of the development sample. Not only was 
our dataset not part of the training population for the tested AI tool–it is 
from the clinical production in a different country with a different 
population composition and different health care policy (universal 
healthcare vs. private insurance in the United States). Another strength 
of this study is the sample’s consecutive design, which reduces the risk of 
selection bias. Finally, the patients in our sample were all radiographed 
in a non-fixed position (compared to fixed-flexion used in both the OAI 

Fig. 5. Example of False Negative and False Positive Findings by the Artificial Intelligence Tool. False negative and false positive findings by the artificial intelligence 
tool. Artificial intelligence annotations are as follows: Yellow arrows indicate osteophytes, solid purple vertical lines indicate joint space narrowing, and striped 
curved turquoise lines indicate subchondral sclerosis. The left column shows an 81-year-old man, with prednisolone-treated polymyalgia rheumatica, referred for 
posterior-anterior, weight-bearing radiograph of both knees under indication of knee pain with unspecified laterality. (A) shows the original radiograph. (B) shows 
the same radiograph annotated by the artificial intelligence tool. The radiology consultant consensus graded the right knee as Kellgren-Lawrence grade 2 while the 
artificial intelligence tool graded it as 0. They both graded the left knee as 2. Note that this is the only case where the artificial intelligence tool graded a knee 2 or 
more points lower than the consensus. The right column shows a 46-year-old woman referred for posterior-anterior, weight-bearing radiograph of both knees under 
indication of knee pain with unspecified laterality. (C) shows the original radiograph. (D) shows the same radiograph annotated by the artificial intelligence tool. The 
radiology consultant consensus graded the right knee as Kellgren-Lawrence 1 while the artificial intelligence tool graded it as 2. Notably, all readers except one 
consultant and one resident radiologist graded the knee as 2 or higher. 
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and the MOST studies). Therefore, our findings are more likely to reflect 
daily clinical practice where patients are radiographed without fixation. 

Thomas et al. [10] investigated the agreement between experienced 
radiologists and a non-commercial, open-source AI tool that was trained 
using a subset of the OAI dataset and found overall high-to-excellent 
agreement on another subset from the OAI dataset not used for 

training. Their results are comparable to ours. It would be interesting to 
see how their model performs on images from a production environment 
acquired without the use of a fixed-flexion device. 

An AI tool for KOA severity classification has several potential uses in 
daily clinical practice. First, it can likely reduce reading time–especially 
if it generates a report that is closely aligned with the one the radiologist 
normally produces and that the generated report is present when the 
radiologist opens the study. The radiologist can skim the overlay and 
trust that the report is sound. They would only have to add any inci-
dental findings. Second, Nehrer et al. [19] showed a substantial increase 
in reader agreement when using the AI tool (IB Labs KOALA™, Image-
BiopsyLab, Vienna, Austria) on a subset from the OAI dataset. Third, the 
AI tool can enforce clinical guidelines and optimize workflows. Ac-
cording to Danish national guidelines, an MRI of the knee is not rec-
ommended for patients with definite KOA but no other symptoms [21]. 
In the future, we intend to explore this aspect by using the generated 
report as triage for whether or not the patient should receive an MRI of 
the knee. In cases of radiographic osteoarthritis MRI can often be 
omitted due to the high likelihood of underlying meniscal injury [22]. 

Our study had several limitations: first, ethnicity and race are not 
systematically registered in Danish electronic health records, and the 

Fig. 6. Example of True Positive Findings by the Artificial Intelligence Tool. True positive findings by the artificial intelligence tool. Artificial intelligence anno-
tations are as follows: Yellow arrows indicate osteophytes, solid purple vertical lines indicate joint space narrowing, and striped curved turquoise lines indicate 
subchondral sclerosis. The left column shows a 20-year-old woman referred for posterior-anterior, weight-bearing radiograph of both knees under indication of knee 
pain with unspecified laterality. (A) shows the original image and (B) shows annotations from the artificial intelligence tool. Both the artificial intelligence tool and 
the radiology consultant consensus graded both knees as Kellgren-Lawrence grade 0. The right column shows a 69-year-old man referred for posterior-anterior, 
weight-bearing radiograph of both knees under indication of knee pain with unspecified laterality. (C) shows the original image and (D) shows annotations from 
the artificial intelligence tool. Both the artificial intelligence tool and the radiology consultant consensus graded both knees as Kellgren-Lawrence grade 3. 

Table 2 
Intra-rater Unweighted, and Quadratic Weighted Kappa.  

Reader Kappa Unweighted Kappa Quadratic 

Consultant 1 0.8 (0.71–0.89) * 0.96 (0.94–0.98) 
Consultant 2 0.75 (0.65–0.85) * 0.94 (0.91–0.96) 
Technologist 1 0.48 (0.36–0.60) * 0.84 (0.77–0.90) 
Technologist 2 0.51 (0.39–0.63) * 0.84 (0.78–0.90) 
Resident 1 0.47 (0.34–0.60) * 0.85 (0.80–0.90) 
Resident 2 0.6 (0.49–0.71) * 0.92 (0.89–0.95) 
AI tool 1 (1–1) 1 (1–1) 

Intra-rater unweighted and quadratic weighted kappa for all readers. Paren-
theses denote 95% confidence intervals. Asterisk (*) denotes significant p-values 
(<0.05) when compared to the intra-rater agreement of the AI tool. 

Table 3 
Ordinal Weighted Accuracy.  

Reader Overall Accuracy 0 vs 1 0 vs 2 1 vs 2 1 vs 3 2 vs 3 2 vs 4 3 vs 4 

Tech 1 97 (95.9–98) 82.2 (70.6–93.7) 96.1 (90–100) 77.3 (64.7–90) 92.2 (85.4–99) 73.1 (57.9–88.2) 96 (90.3–100) 93.5 (85.8–100) 
Tech 2 97.7 (97–98.4) 88.4 (78.1–98.6) 99.2 (97.3–100) 83.4 (73.4–93.4) 97.6 (94.7–100) 80 (67.1–92.9) 94.4 (89.2–99.6) 81.5 (71.3–91.6) 
Res 1 97.3 (96.5–98.1) 91.8 (82.8–100) 99.2 (97.3–100) 79.8 (69–90.7) 92.2 (86.6–97.8) 70 (55.3–84.7) 96.5 (92.7–100) 90.7 (83.6–97.8) 
Res 2 98 (97.3–98.7) 75.8 (67.1–84.4) 100 (100–100) 88.6 (80.6–96.7) 98.7 (96–100) 77.4 (63.1–91.6) 95 (88.3–100) 94.1 (86.2–100) 
AI tool 97.8 (96.9–98.6) 77.3 (68.6–85.9) 92.5 (84.5–100) 74.9 (61.7–88.1) 97.7 (94.2–100) 95.1 (88.4–100) 99.6 (98.8–100) 92.9 (85.3–100) 

Ordinal weighted accuracy and pairwise accuracies as percentage using quadratic weighting matrix compared to the radiology consultant consensus. Consultants could 
not be included because of their strong correlation with the consensus. Note that pairs “0 vs 3”, “0 vs 4”, and “1 vs 4” were removed for brevity since they were 100% for 
all readers. Parentheses denote the 95% confidence interval. Reporting technologists (Tech 1 and 2) and radiology residents (Res 1 and 2). 
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Danish population is mainly of European ethnicity. Therefore, minor-
ities are likely underrepresented. Given the consecutive design, this does 
mean that similar results are likely in many European countries. Care 
must be taken when extrapolating results to regions with significantly 
different ethnical compositions. Second, the sample size of the study 
could be larger. Third, this study included two musculoskeletal radi-
ology consultants, and their consensus constituted the reference stan-
dard. This meant that we did not have any non-reference radiology 
consultants for the AI tool performance tests. Fourth, at many in-
stitutions the orthopedic surgeons review radiographic KOA without a 
radiology report. This study could have benefited by showing agreement 
with orthopedic surgeons. These limitations should be considered for 
future studies. 

In summary, we externally validated a commercially available arti-
ficial intelligence tool for knee osteoarthritis severity classification on a 
consecutive patient sample. The patients were all referred for posterior- 
anterior, weight-bearing conventional radiographs of the knee without 
the aid of a fixed-flexion device. We found that the tool achieved a 
similar and almost perfect agreement with the musculoskeletal radi-
ology consultant consensus matching the inter-reader agreement be-
tween consultants. Our findings support the use of the tool for decision- 
aid in daily clinical knee osteoarthritis reporting. 
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