
Lassalle et al. Knee Surgery & Related Research           (2024) 36:40  
https://doi.org/10.1186/s43019-024-00246-1

RESEARCH ARTICLE Open Access

© The Author(s) 2024. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/. The Creative Commons Public Domain Dedication waiver (http://​creat​iveco​
mmons.​org/​publi​cdoma​in/​zero/1.​0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Knee Surgery 
& Related Research

Evaluation of a deep learning software 
for automated measurements on full‑leg 
standing radiographs
Louis Lassalle1,2,3*, Nor‑Eddine Regnard1,2,3, Marion Durteste3, Jeanne Ventre3, Vincent Marty3, Lauryane Clovis3, 
Zekun Zhang3, Nicolas Nitche3, Alexis Ducarouge3, Jean‑Denis Laredo3,4,5,6 and Ali Guermazi7 

Abstract 

Background  Precise lower limb measurements are crucial for assessing musculoskeletal health; fully automated solu‑
tions have the potential to enhance standardization and reproducibility of these measurements. This study compared 
the measurements performed by BoneMetrics (Gleamer, Paris, France), a commercial artificial intelligence (AI)-based 
software, to expert manual measurements on anteroposterior full-leg standing radiographs.

Methods  A retrospective analysis was conducted on a dataset comprising consecutive anteroposterior full-leg 
standing radiographs obtained from four imaging institutions. Key anatomical landmarks to define the hip–knee–
ankle angle, pelvic obliquity, leg length, femoral length, and tibial length were annotated independently by two 
expert musculoskeletal radiologists and served as the ground truth. The performance of the AI was compared 
against these reference measurements using the mean absolute error, Bland–Altman analyses, and intraclass correla‑
tion coefficients.

Results  A total of 175 anteroposterior full–leg standing radiographs from 167 patients were included in the final 
dataset (mean age = 49.9 ± 23.6 years old; 103 women and 64 men). Mean absolute error values were 0.30° (95% 
confidence interval [CI] [0.28, 0.32]) for the hip–knee–ankle angle, 0.75 mm (95% CI [0.60, 0.88]) for pelvic obliquity, 
1.03 mm (95% CI [0.91,1.14]) for leg length from the top of the femoral head, 1.45 mm (95% CI [1.33, 1.60]) for leg 
length from the center of the femoral head, 0.95 mm (95% CI [0.85, 1.04]) for femoral length from the top of the femo‑
ral head, 1.23 mm (95% CI [1.12, 1.32]) for femoral length from the center of the femoral head, and 1.38 mm (95% CI 
[1.21, 1.52]) for tibial length. The Bland–Altman analyses revealed no systematic bias across all measurements. Addi‑
tionally, the software exhibited excellent agreement with the gold-standard measurements with intraclass correlation 
coefficient (ICC) values above 0.97 for all parameters.

Conclusions  Automated measurements on anteroposterior full-leg standing radiographs offer a reliable alternative 
to manual assessments. The use of AI in musculoskeletal radiology has the potential to support physicians in their 
daily practice without compromising patient care standards.
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Background
Evaluation of the alignment, joint orientation, and 
lengths of the lower limbs on anteroposterior full-leg 
standing radiographs plays a pivotal role in understand-
ing musculoskeletal health. For example, varus and val-
gus deformities are recognized as a major risk factor for 
knee osteoarthritis [1–3]. Moreover, leg length discrep-
ancy is often associated with vestibular dysfunction and 
spinal alterations [4]. Accurate radiographic assessment 
of lower limb alignment not only is critical for mitigating 
these risks but also forms a cornerstone of effective surgi-
cal planning in high tibial osteotomy or knee arthroplasty 
[5–7].

Numerous parameters of the lower extremities can 
be measured on anteroposterior full-leg standing radio-
graphs to diagnose varus and valgus knees or leg length 
discrepancy [8, 9]. These include the hip–knee–ankle 
(HKA) angle, pelvic obliquity, leg lengths, femoral 
lengths, and tibial lengths. In clinical practice, they are 
often performed manually or with interactive software 
applications [10]. Despite their widespread use, these 
approaches have been criticized for their time-consum-
ing and labor-intensive nature [10], and for occasion-
ally lacking consistency and accuracy. The variability 
in results is compounded by the absence of a universal 
consensus on the placement of landmark points [11, 12]. 
Moreover, manual radiographic measurements have been 
shown to be affected by the experience of the reader [13].

Fully automated solutions could minimize the chal-
lenges posed by more traditional measurement meth-
odologies by providing standardized analysis and 
reproducible measurements of radiographic images. The 
Data Science Institute of the American College of Radiol-
ogy highlights the importance of automating lower limb 
measurements. They list leg length discrepancy as one of 
the use case scenarios for which artificial intelligence (AI) 
holds the potential to improve medical care [14]. The lat-
ter exemplifies the increased interest in AI in the realm 
of musculoskeletal imaging [15–17]. AI-based solutions 
have been shown to aid in the detection of fractures 
[18–20], to increase the precision of bone age assess-
ment [21, 22], or to predict the progression of osteoar-
thritis [23, 24]. The automation of skeletal measurements 
has garnered increased attention, and software have been 
developed for the spine [25, 26], the hip [27, 28], the foot 
[29, 30], and the leg [31–33]. Worthy of note, both con-
ventional radiography and advanced imaging modalities 
such as EOS imaging can be used for such measurements 
[34].

This study aimed to compare the performance of a 
European Conformity (CE)-certified commercially avail-
able AI solution (BoneMetrics, Gleamer, Paris, France) 
to the manual measurements of expert musculoskeletal 

radiologists on anteroposterior full-leg standing radio-
graphs. The assessment focused on estimating a com-
prehensive array of lower limb angles and lengths from 
conventional radiography and EOS imaging. Secondary 
objectives were to compare AI performance across these 
modalities and evaluate differences on the basis of the 
use of distinct landmark points. It was hypothesized that 
BoneMetrics would achieve accuracies comparable to the 
reference standard.

Methods
The study received institutional review board approval 
for the retrospective collection of patient data from four 
institutions (ethics approval number CRM-2209-306). 
Each institution informed patients about the use of their 
anonymized data for research purposes, and provided 
instructions on how to opt out of the study.

Dataset
Radiographs were selected from a database aggregating 
data from four radiology private practices in France, span-
ning a period from January 2015 to October 2019. Radi-
ologists’ reports were queried in the database to identify 
radiographs that had been acquired for leg measurements 
using a natural language processing (NLP) algorithm. The 
latter method involved using regular expressions (“pan-
gonogram,” “goniometry,” “measurement(s),” “angle(s),” 
and “degree(s)”) to identify phrases related to lower limb 
measurements from text. Data on participant sex were 
extracted from the Digital Imaging and Communication 
in Medicine (DICOM) tags. Inclusion criteria were anter-
oposterior full-leg standing radiographs, acquired with 
conventional radiography or EOS imaging, from patients 
over 3  years old. Radiographs with orthopedic implant 
were deemed eligible. A sample of 296 radiographs met 
the inclusion criteria. An expert musculoskeletal radi-
ologist (N.R.) with 13  years of experience reviewed the 
dataset and excluded radiographs for one of the following 
reasons: visible measurements on the image, poor image 
quality (e.g., blurry, under-exposed, or containing a grid), 
incorrect patient positioning obscuring key anatomical 
details, rotational issues, or non-weight-bearing X-rays.

Measurement definitions
This study focused on a comprehensive set of leg and 
hip measurements including the hip–knee–ankle (HKA) 
angle, pelvic obliquity, leg lengths, femoral lengths, and 
tibial length. Each measurement was performed sepa-
rately on the left and right legs, with the exception of 
pelvic obliquity. In total, there were seven measurements 
of interest. The HKA angle was defined as the angle 
between the line drawn from the center of the femoral 
head to the center of the femoral intercondylar notch and 
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the line drawn from the center of the tibial spines to the 
center of the distal tibia [8, 9]. Pelvic obliquity was com-
puted as the distance between the horizontal line pass-
ing through the top of the right femoral head and the 
horizontal line passing through the top of the left femoral 
head and a vertical line [35]. Pelvic obliquity can only be 
measured on radiographs for which both right and left 
legs are analyzable. Two distinct leg lengths were defined 
according to the position of the landmark point on the 
femoral head. The “top leg length” and “center leg length” 
were computed as the axes running from the top of the 
femoral head to the center of the distal tibia and from the 
center of the femoral head to the center of the distal tibia 
[36]. Similarly, two distinct femoral lengths were defined 
as a function of the position of the landmark point on the 
femoral head. The “top femoral length” and the “center 
femoral length” were defined as the axes extending from 
the top of the femoral head to the center of the femoral 
intercondylar notch and from the center of the femoral 
head to the center of the femoral intercondylar notch 
[36]. Finally, tibial length was outlined as the distance 
from the center of the tibial spines to the center of the 
distal tibia [36].

Manual ground truth measurements
Two expert musculoskeletal radiologists with 13 and 
12 years of experience carried out manual measurements 
independently (N.R. and L.L.). Radiographs were pre-
sented on a dedicated web-based data annotation plat-
form (Kili) equipped with an array of labeling tools such 
as zoom, pan, contrast adjustment, and a circle drawer. 
Annotators placed 10 landmarks on each image: the top 
of the left and right femoral heads, the center of the left 
and right femoral heads, the center of the left and right 
femoral intercondylar notches, the center of the left and 
right tibial spines, and the center of the left and right dis-
tal tibiae. In cases where hip or knee implants were pre-
sent, the radiologists placed the landmarks on the basis 
of identifiable prosthesis features, such as the top or 
the center of the prosthetic femoral head and the well-
defined midpoint of the femoral and tibial components of 
the knee implant. These landmarks allowed the measure-
ments to be computed for each leg. The ground truth was 
defined as the mean of the measurements provided by 
both radiologists. To evaluate intra-reader reliability, one 
of the two expert musculoskeletal radiologists (N.R.) re-
annotated a random sample of 28 anteroposterior full-leg 
standing radiographs from the dataset after a 1-month 
washout period.

Automated AI measurements
This study tested the BoneMetrics AI-based software 
(version 2.3.1, Gleamer, Paris, France). BoneMetrics is a 

CE-marked image processing tool that automates mus-
culoskeletal measurements on conventional radiographs 
and EOS images. The software consists of multiple con-
volutional neural networks that allow for the detection 
and localization of landmark points and the subsequent 
computation of measurements. The algorithm predicts 
landmark points with a confidence score from 0 to 100, 
and only points with scores exceeding the predefined 
threshold of 50 are used to calculate the set of meas-
urements. BoneMetrics relies on varied architectures 
including a top-down model implemented with detec-
tron2, a lightweight HRNet (litehrnet), and a bottom-up 
approach. Such diversity strengthens the flexibility and 
robustness of the AI across a wide array of radiographic 
images.

The algorithm was trained on a dataset comprising 
more than 5000 images from 20+ European imaging cent-
ers, and included patients with and without implants. The 
radiographs were labeled by 10 radiographers and radi-
ologists who had received prior training. All annotations 
were reviewed by an expert musculoskeletal radiologist 
with 14 years of experience to ensure optimal quality of 
the training dataset. No radiograph or patient included in 
the present study was used for the development of the AI.

Statistical analysis
The sample sizes for this study were based on calcula-
tions from a previous similar study [32]. They computed 
the sample sizes necessary to compare AI measurements 
with ground truth values for various parameters of inter-
est, including the HKA angle, leg length, femur length, 
tibial length, and pelvic obliquity. Their computations 
were guided by a method for Bland–Altman analysis, 
which requires the clinically meaningful maximum dif-
ference allowed [37]. At an alpha of 0.05 and a power of 
0.8, they found the required sample sizes to be 16 legs for 
the HKA, 10 legs for leg length, 8 legs for femur length, 
22 legs for tibial length, and 60 legs for pelvic obliquity.

Summary statistics were computed for patient char-
acteristics (sex and age) and for image characteristics 
(modality and center of origin). Analyses were conducted 
independently for each leg except for pelvic obliquity, 
which was computed at the patient level. Performance 
of the AI algorithm was evaluated using the root mean 
square error (RMSE) and mean absolute error (MAE), 
with 95% confidence intervals (CI) calculated using 1000 
bootstrap resamples. To address data dependencies from 
multiple radiographs per patient and multiple measure-
ments per radiograph (left and right), patient resam-
pling was used for all parameters but pelvic obliquity. 
The MAE was also computed for radiographs of pediat-
ric versus adult patients and patients with and without 
hip or knee implant and for conventional radiography 
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versus EOS imaging. Additionally, the MAE for the HKA 
was compared between patients with and without lower 
limb malalignment, genu varum and genu valgum being 
characterized by an HKA angle differing by 3° or more 
from neutral alignment [38, 39]. Differences between 
these groups were assessed using the Mann–Whitney U 
test for pelvic obliquity and linear mixed models for all 
other measurements with patient as a random effect to 
account for dependencies within the dataset. Statistical 
significance was set at p = 0.007 (= 0.05/7 measurements) 
for the children versus adults, knee implant versus no 
implant, and conventional radiography versus EOS analy-
ses and at p = 0.008 (= 0.05/6 measurements) for the hip 
implant versus no implant after adjusting for multiple 
comparisons using the Bonferroni method.

Agreement between the AI software and the ground 
truth was assessed using Bland–Altman analyses. For 
pelvic obliquity, the traditional Bland–Altman method 
was applied. For all other parameters, a mixed-effects 
approach to the Bland–Altman analysis was used, with 
the patient as a random effect and both radiograph and 
laterality as fixed effects. In addition, intraclass correla-
tion coefficients (ICC) were calculated to assess AI and 
ground truth agreement and intra-reader variability, on 
the basis of two-way mixed-effects models with abso-
lute agreement, as well as inter-reader variability, on the 
basis of a two-way random-effects model with absolute 
agreement. ICC values were classified as poor (ICC < 0.5), 
moderate (0.5 ≤ ICC < 0.75), good (0.75 ≤ ICC < 0.9), or 
excellent (ICC ≥ 0.9), according to Koo et al. (2016) [40]. 
All statistical computations were performed using R 
(v4.3.2) in RStudio (v2023.09.1 + 494) with the “irr” and 
“blandr” packages.

Results
Dataset characteristics
The reviewing phase by the expert musculoskeletal radi-
ologist led to the exclusion of 111 images: 41 due to poor 
quality and 70 due to measurements being visible on 
the radiograph (Fig. 1). The final dataset included in the 
study comprised 175 anteroposterior full-leg standing 
radiographs from 167 patients, including 129 conven-
tional radiographs (73.7%) and 46 EOS images (26.3%). 
Eight patients had two radiographs taken at different 
time points. The distribution of radiographs across center 
was as follows: 17 images from Center 1 (9.7%), 22 images 
from Center 2 (12.6%), 106 images from Center 3 (60.6%), 
and 30 images from Center 4 (17.1%). There were 107 
radiographs from 103 female patients (61.1%) and 68 
radiographs from 64 male patients (38.9%). The mean age 
of patients was 50 years (standard deviation = 24), and 
ages ranged from 3 to 89 years (Table 1). Among the 26 

pediatric patients included in the study, 10 patients still 
had open growth plates.

Within the dataset, there were 57 patients with an 
orthopedic implant (34.1%) including 19 patients with a 
hip prosthesis (11.4%), 35 with a knee prosthesis (21.0%), 
and 3 with both (1.8%). Regarding malalignment, uni-
lateral genu varum (HKA angle > 3°) was identified in 
45 patients (26.9%), while bilateral genu varum was 
observed in 38 patients (22.8%). Unilateral genu valgum 
(HKA angle < −3°) was present in 16 patients (9.6%) and 
bilateral genu valgum in 4 patients (2.4%). Finally, leg 
length discrepancy, defined as a difference greater than 
10 mm between the left and right legs, was noted in 22 
patients (13.2%; Table 1). Among these, six patients had 
orthopedic implants (27.3%).

AI performance and agreement with ground truth
In total, 350 legs were available from 175 radiographs. 
Figure  2 provides illustrations of how the radiologists 
who established the ground truth placed the landmark 
points. There were 163 missing measurements from 
28 radiographs; the missing measurements were thus 
excluded from subsequent analyses (Table  2). Pelvic 
obliquity measurements were missing in the presence of a 
hip prosthesis, as the AI software does not yield any out-
put in such instances. Most of the other missing param-
eters were also observed in patients with a hip prosthesis 
due to low AI confidence scores (< 50%).

RMSE and MAE for each measurement are displayed 
in Table 3, and results of the Bland–Altman analyses are 
shown in Table 4 and Fig. 3. RMSE was smallest for the 
HKA angle (0.37°, 95% CI [0.34, 0.39]) and pelvic obliq-
uity (1.13 mm, 95% CI [0.87, 1.30] and largest for the tib-
ial length (2.02 mm, 95% CI [1.60, 2.29]). MAE was also 
smallest for the HKA angle (0.30°, 95% CI [0.28, 0.32]) 
and pelvic obliquity (0.75 mm, 95% CI [0.64, 0.86]), but 
it was largest for the center leg length (1.46 mm, 95% CI 
[1.34, 1.57]). Regarding Bland–Altman analyses, the HKA 
angle and pelvic obliquity demonstrated small biases of 
0.19° (95% CI [0.15, 0.23]) and 0.20 mm (95% CI [0.019, 
0.38]), respectively, with narrow limits of agreement. Top 
leg length and tibial length exhibited near-zero biases of 
0.004 mm (95% CI [−0.19, 0.20]) and −0.087 mm (95% CI 
[−0.36, 0.18]), respectively. In contrast, center leg length, 
top femoral length, and center femoral length displayed 
higher biases, with the center leg length showing the 
highest bias at 0.90 mm (95% CI [0.68, 1.11]). Notably, all 
leg measurements were associated with wider limits of 
agreement (Table 4).  

The ICC between AI predictions and the ground 
truth was excellent (≥ 0.97) for all seven measurements 
(Table 5). Top leg length and top femoral length had the 
lowest RMSE (1.13  mm, 95% CI [0.87, 1.30]; 1.29  mm, 
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95% CI [1.14, 1.42]) and MAE (1.03  mm, 95% CI [0.92, 
1.13]; 0.95 mm, 95% CI [0.86, 1.04]), suggesting that these 
parameters deviated less from the ground truth. In con-
trast, center leg length and center femoral length showed 
slightly higher RMSE (1.89  mm, 95% CI [1.68, 2.04]; 
1.57 mm, 95% CI [1.44, 1.69]) and MAE (1.46 mm, 95% 
CI [1.34, 1.57]; 1.23 mm, 95% CI [1.13, 1.32]), underlining 
greater deviation from the ground truth.

The performance of the AI was compared between 
pediatric and adult patients, and no statistically signifi-
cant differences were noted for any parameter (Table 6). 
To evaluate the influence of hip and knee implants on 
the accuracy of AI measurements, separate analyses 
were conducted for radiographs of patients with and 
without implants (Table  6). Statistically significant dif-
ferences were found between patients with and with-
out hip implants for the algorithm’s estimation of the 
center leg length (p = 0.006) and center femoral length 
(p < 0.001). Patients with hip implants (1.25  mm, 95% 

CI [0.97, 1.49]) had lower MAE values than those with-
out for the center leg length (1.46  mm, 95% CI [1.30, 
1.60]). In contrast, patients with hip implants (1.43 mm, 
95% CI [1.17, 1.66]) had higher MAE values than those 
without for the center femoral length (1.18 mm, 95% CI 
[1.07, 1.29]). Significant differences were also noted in 
the accuracy of tibial length estimates (p < 0.001), with a 
MAE of 1.82 mm (95% CI [1.44, 2.16]) in the presence of 
a knee implant compared with 1.15  mm (95% CI [1.01, 
1.28]) without implant. The HKA angle was the only 
parameter for which the accuracy of AI measurements 
was significantly affected by imaging modality (p < 0.001; 
Table 6). Measurements on conventional radiographs had 
a MAE of 0.32° (95% CI [0.30, 0.24]), while those on EOS 
images had a significantly smaller MAE of 0.25° (95% CI 
[0.22, 0.28], p < 0.001). To assess the impact of malalign-
ment on the HKA angle, measurements for patients with 
genu varum or genu valgum were compared with those 
of patients with neutral alignment (Table  6). The MAE 

Ground truth established by radiologist 1
N = 296 radiographs (X-ray and EOS)

5000+ radiographs from 4 imaging 
centers taken between 2000 and 2019

screened with a NLP algorithm to 
identify lower leg radiographs

Exclusion by radiologist 1
N = 70 due to visible measurements
N = 41 due to poor quality or positioning

Ground truth established by radiologist 2
N = 175 radiographs (X-ray and EOS)

Processing by the AI algorithm
N = 175 radiographs (X-ray and EOS)

All measurements computed by the AI
N = 161 radiographs

At least 1 but not all measurements 
computed by the AI
N = 14 radiographs

Fig. 1  Flowchart describing dataset selection, data processing, and final available measurements
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for patients with genu varum was significantly higher 
than that for patients without (p < 0.001), with respec-
tive values of 0.35° (95% CI [0.32, 0.39]) and 0.30° (95% CI 
[0.28, 0.32]). No significant differences were found in the 
estimation of the HKA angle between patients with and 
without genu valgum (p = 0.28).

Figure 4 illustrates BoneMetrics outcomes in a patient 
with a hip prosthesis, a patient with genu varum, a 
patient with a knee prosthesis, and a pediatric patient 
with genu valgum.

Inter‑reader and intra‑reader agreement
ICC estimates between the two expert radiologists who 
established the ground truth showed excellent agreement 
across all measurements, with ICCs ≥ 0.99. The intra-
reader reliability also exhibited excellent agreement, with 
ICCs ≥ 0.98 (Table 5).

Discussion
Our study investigated the performance of BoneMet-
rics for automated leg measurements on anteroposte-
rior full-leg standing radiographs. It revealed excellent 
agreement between the AI algorithm and the gold 
standard for all parameters (ICC ≥ 0.97). Results dem-
onstrated the high accuracy of the AI algorithm with 
a MAE equal to 0.3° for the HKA angle and less than 
1.5  mm for the pelvic obliquity, top leg length, center 
leg length, top femoral length, center femoral length, 

Table 1  Characteristics of patients included in the dataset

Patients Radiographs

Sample size (n) 167 175

Age

 Mean ± SD (years) 49.9 ± 23.6

 Range (years) [3.1–89.0]

 Number of children 26

Sex

 Women (%) 103 (61.7%) 107 (61.1%)

 Men (%) 64 (38.3%) 68 (38.9%)

Imaging modality

 Conventional radiography (%) 121 (72.5%) 129 (73.7%)

 EOS (%) 46 (27.5%) 46 (26.3%)

Orthopedic implant

 Hip prosthesis (%) 22 (13.2%) 24 (13.7%)

 Knee prosthesis (%) 38 (22.8%) 38 (21.7%)

Malalignment

 Unilateral genu varum (%) 45 (26.9%) 48 (27.4%)

 Bilateral genu varum (%) 38 (22.8%) 39 (22.3%)

 Unilateral genu valgum (%) 16 (9.6%) 17 (9.7%)

 Bilateral genu valgum (%) 4 (2.4%) 4 (2.3%)

 Leg length discrepancy (%) 22 (13.2%) 22 (12.6%)

Fig. 2  Illustrations of the landmark points placed by the annotators 
who established the ground truth on a dedicated web-based 
platform. There were five unique landmarks for each leg. A 
The orange point corresponds to the top of the femoral head 
and the purple point to the center of the femoral head. B The 
light blue point corresponds to the femoral intercondylar notch 
and the green point to the center of the tibial spine. C The red point 
corresponds to the center of the distal tibia

Table 2  Number of legs for which a measurement was not 
computed by the AI

Lengths and angles Legs without 
measurement/
total (%)

HKA 19/350 (5.4%)

Pelvic obliquity 25/175 (7.1%)

Top leg length 41/350 (11.7%)

Center leg length 18/350 (5.1%)

Top femoral length 38/350 (10.9%)

Center femoral length 16/350 (4.6%)

Tibial length 6/350 (1.7%)
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and tibial length. Clinically meaningful differences in 
most previous reports have been defined as deviations 
greater than 2° for angle measurements and superior 
to 5 mm for length measurements [31, 41–43]. In this 
study, discrepancies between automated measurements 
and ground truth manual measurements were far below 
these thresholds. Additionally, Bland–Altman plots 
highlighted the absence of strong bias associated with 
the automated measurements.

The MAE values between AI and ground truth meas-
urements of the HKA angle range from 0.20° to 0.58° in 
the literature and are comparable to the value of 0.30° 
found in this study [31, 32, 42, 44]. For leg length meas-
urements, our MAE values spanned from 0.95  mm to 
1.46 mm. Reported differences between AI and manual 

measurements vary rather widely, with values from 
0.10  mm [32] up to 5  mm [31]. Interestingly, lengths 
measured from the top of the femoral head deviated 
less from the ground truth (MAE = 0.95–1.03 mm) than 
lengths measured from the center of the femoral head 
(MAE = 1.23–1.46  mm). The latter findings may be 
explained by the poorer reproducibility in determining 
the center compared with the top of the femoral head, 
and they suggest that full-leg and femoral length meas-
urements with this AI algorithm are more accurate 
using the top of the femoral head.

The AI algorithm provided reliable measurements 
across a very diverse patient population. The AI dem-
onstrated equal accuracy in both pediatric and adult 
patients. This finding is particularly significant as 

Table 3  Performance of the AI algorithm for each measurement

Performance was assessed by root mean square error (RMSE) and mean absolute error (MAE). In addition, 95% confidence intervals were computed using 
bootstrapping with patient resampling to account for data dependencies. Sample size (N) is also displayed

Lengths and angles Sample size (N) RMSE [95% CI] MAE [95% CI]

HKA (°) 331 0.37 [0.34, 0.39] 0.30 [0.28, 0.32]

Pelvic obliquity (mm) 150 1.13 [0.87, 1.30] 0.75 [0.64, 0.86]

Top leg length (mm) 309 1.45 [1.19, 1.61] 1.03 [0.92,1.13]

Center leg length (mm) 331 1.89 [1.68, 2.04] 1.46 [1.34, 1.57]

Top femoral length (mm) 312 1.29 [1.14, 1.42] 0.95 [0.86, 1.04]

Center femoral length (mm) 334 1.57 [1.44, 1.69] 1.23 [1.13, 1.32]

Tibial length (mm) 344 2.02 [1.60, 2.29] 1.38 [1.21, 1.53]

Table 4  Results of the Bland–Altman analyses for each measurement of interest

For all measurements but pelvic obliquity, a mixed-effects approach was applied to account for data dependencies. Patient was modeled as a random effect, while 
radiograph and laterality of the measurement were treated as fixed effects. Sample size (N), bias, lower limit of agreement (LOA), upper LOA and their 95% confidence 
intervals (CI) are displayed

Lengths and angles Sample size (N) Bias [95% CI] Lower LOA [95% CI] Upper LOA [95% CI]

HKA (°) 331 0.19 [0.15, 0.23] −0.89 [−0.95, −0.83] 1.27 [1.21, 1.33]

Pelvic obliquity (mm) 150 0.20 [0.019, 0.38] −1.99 [−2.30, −1.68] 2.39 [2.08, 2.69]

Top leg length (mm) 309 0.004 [−0.19, 0.20] −4.59 [−4.85, −4.33] 4.60 [4.33, 4.86]

Center leg length (mm) 331 0.90 [0.68, 1.11] −4.25 [−4.53, −3.97] 6.04 [5.76, 6.32]

Top femoral length (mm) 312 −0.41 [−0.57, −0.25] −4.53 [−4.76, −4.29] 3.71 [3.47, 3.94]

Center femoral length (mm) 334 0.50 [0.32, 0.69] −4.45 [−4.72, −4.17] 5.45 [5.18, 5.72]

Tibial length (mm) 344 −0.087 [−0.36, 0.18] −5.23 [−5.51, −4.95] 5.06 [4.78, 5.33]

Fig. 3  Bland–Altman plots showing the differences between AI and ground truth predictions against their means. Plots are displayed for hip–
knee–ankle angle (A), pelvic obliquity (B), leg length measured from the top of the femoral head (C), leg length from the center of the femoral 
head (D), femoral length measured from the top of the femoral head (E), femoral length measured from the center of the femoral head (F), 
and tibial length (G). The red line depicts the scenario in which AI estimates would perfectly align with the ground truth, indicating no differences 
between the two. The light red interval around the black dotted line corresponds to the 95% confidence interval for the mean difference. The black 
dotted lines at the extremities of the plot represent the upper and lower limits of agreement with their respective 95% confidence intervals in light 
green. For all measurements but pelvic obliquity, a mixed effects Bland–Altman analysis was used to account for dependencies within the dataset

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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undiagnosed lower limb malalignment in children can 
result in abnormal motor development and gait [45]. On 
radiographs of patients with hip implants, measurements 
were comparable to those of patients without implants 
for five out of seven parameters. Interestingly, in patients 
with hip implants, the AI made larger errors in measur-
ing the center femoral length but smaller errors in meas-
uring the center leg length. This discrepancy could be 
due to the higher likelihood of these patients also having 
knee osteoarthritis. Research has shown that knee osteo-
arthritis is associated with intercondylar notch stenosis, 
which could complicate the accurate placement of the 
center of the femoral intercondylar notch, a necessary 
landmark in measuring femoral length [46, 47]. Regard-
ing patients with knee implants, the AI algorithm made 
larger errors in measuring tibial length on radiographs 
with knee implants than on those without. This finding 
suggests that positioning a landmark at the center of the 
knee constitutes a less reproducible task in patients with 
a knee prosthesis. Interestingly, EOS imaging enhanced 
the accuracy of HKA angle measurements in comparison 
with conventional radiography and did not have a sig-
nificant impact on the other parameters, suggesting that 
AI measurements are robust to imaging modality. These 
findings are particularly relevant given that EOS imag-
ing offers multiple advantages over conventional radi-
ography, including the absence of stitching artifacts and 
reduced radiation exposure [48].

Our study has several strengths. First, this study is the 
first, to the best of our knowledge, to examine the per-
formance of an AI algorithm on total leg and femoral 
length measurements from two distinct landmark points, 
as most studies to date have focused predominantly on 
angle measurements [33, 41, 42, 44, 49–51]. Our results 
confirm the feasibility of automated measurements not 

only for angles but also for a comprehensive set of leg 
length measurements.

Additionally, the AI software exhibited highly reliable 
measurements of the HKA angle, even in patients with 
malalignment including genu varum and genu valgum. 
Although the MAE was significantly different between 
patients with genu varum (0.33°) and those without 
(0.30°), it remained well below clinically meaningful 
thresholds. A key strength of this study also pertains to 
the generalizability of findings, as data were collected 
consecutively across various centers, manufacturers, and 
imaging modalities. Future investigations should fur-
ther expand patient diversity to test the performance of 
the AI on images with skeletal abnormalities or different 
implant configurations. Finally, it is important to high-
light that the issue of data dependencies was alleviated 
by employing a mixed-effects approach to the Bland–Alt-
man analysis.

There are limitations to our study. First, the retro-
spective design means that the performance of the AI 
algorithm in a clinical setting and its impact on physi-
cians’ workflow and patient care could not be evalu-
ated. Moreover, the small dataset may not have fully 
captured the diversity of patient demographics and 
radiographic conditions, thus restricting the AI’s gen-
eralizability. The study did not examine key leg align-
ment parameters, such as the medial proximal tibial 
angle, lateral distal femoral angle, and joint line con-
vergence angle, which play an essential role in clinical 
decision-making and surgical planning. Future stud-
ies should evaluate the performance of the AI on these 
specific measurements. Another limitation is that some 
landmark points were positioned with low confidence 
levels (< 50%) by the AI algorithm for reasons that are 
difficult to disentangle. Finally, the dataset exhibited a 
bias toward radiographs of patients with malalignment, 

Table 5  Results of the agreement analyses

Agreement between AI and the ground truth (GT) was assessed with intraclass correlation coefficients (ICC) from a two-way mixed-effects model with absolute 
agreement for multiple raters. The intra-reader reliability was assessed with ICC from a two-way mixed-effects model with absolute agreement for a single rater. 
Agreement between the two radiologists who established the ground truth was evaluated with ICC from a two-way random-effects model with absolute agreement 
for multiple raters. Sample size (N) is also displayed

Lengths and angles Sample size (N) ICC between AI and GT 
[95% CI]

Intra-reader reliability 
[95% CI]

ICC between 
radiologists 
[95% CI]

HKA 331  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]  > 0.99 [0.99, 1]

Pelvic obliquity 150 0.97 [0.96, 0.98] 0.98 [0.95, 0.99] 0.99 [0.98, 0.99]

Top leg length 309  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]  > 0.99 [0.95, 1]

Center leg length 331  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]

Top femoral length 312  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]

Center femoral length 334  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]

Tibial length 344  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]  > 0.99 [> 0.99, 1]
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Table 6  Comparison of the performance of the AI algorithm across different groups

Performance of the AI algorithm on pediatric and adult patients, on images with and without implant (knee and hip prosthesis), on conventional radiographs versus 
EOS images, and on images with and without malalignment for the HKA angle, as assessed by the mean absolute error (MAE). Mann–Whitney U tests were computed 
to evaluate how implant and imaging modality influenced differences between AI-based and ground truth measurements of pelvic obliquity. Linear mixed models 
with patient as a random effect were employed to assess the influence of implant and imaging modality on all measurements but pelvic obliquity. Additional linear 
mixed models with patient as a random effect were computed to examine the influence of genu varum and genu valgum on differences between AI and ground truth 
measurements. Counts represent the number of patients rather than the number of images.
* Statistically significant result

Lengths and angles MAE [95% CI] Statistical test

Children (N = 26) Adults (N = 141)

HKA (°) 0.27 [0.22, 0.31] 0.31 [0.28, 0.33] F(1, 162) = 6.00, p = 0.02

Pelvic obliquity (mm) 0.58 [0.43, 0.72] 0.79 [0.66, 0.91] W = 1365, p = 0.15

Top leg length (mm) 0.87 [0.75, 0.99] 1.07 [0.94, 1.17] F(1, 155) = 1.51, p = 0.22

Center leg length (mm) 1.13 [0.96, 1.30] 1.53 [1.38, 1.65] F(1, 162) = 1.31, p = 0.25

Top femoral length (mm) 0.73 [0.62, 0.83] 1.00 [0.89, 1.09] F(1, 156) = 0.01, p = 0.92

Center femoral length (mm) 0.90 [0.74, 1.04] 1.29 [1.19, 1.39] F(1, 163) = 0.00, p = 0.99

Tibial length (mm) 1.22 [0.96, 1.47] 1.41 [1.20, 1.58] F (1, 164) = 3.81, p = 0.05

Hip implant (N = 19) No implant (N = 110)

HKA (°) 0.26 [0.21, 0.30] 0.30 [0.27, 0.32] F(1, 127) = 4.50, p = 0.04

Pelvic obliquity (mm) NA NA NA

Top leg length (mm) 0.74 [0.56, 0.93] 1.01 [0.88, 1.12] F(1, 120) = 0.014, p = 0.91

Center leg length (mm) 1.25 [0.97, 1.49] 1.46 [1.30, 1.60] F(1, 127) = 7.82, p = 0.006*

Top femoral length (mm) 0.83 [0.43, 1.16] 0.89 [0.80, 0.98] F(1, 121) = 0.034, p = 0.85

Center femoral length (mm) 1.43 [1.17, 1.66] 1.18 [1.07, 1.29] F(1, 128) = 11.49, p < 0.001*

Tibial length (mm) 1.84 [1.04, 2.50] 1.15 [1.02, 1.29] F(1, 129) = 1.60, p = 0.21

Knee implant (N = 35) No implant (N = 110)

HKA (°) 0.33 [0.29, 0.36] 0.30 [0.27, 0.32] F(1, 142) = 0.098, p = 0.75

Pelvic obliquity (mm) 1.04 [0.69, 1.33] 0.66 [0.57, 0.75] W = 2173, p = 0.48

Top leg length (mm) 1.16 [0.99, 1.34] 1.01 [0.88, 1.12] F(1, 142) = 0.030, p = 0.86

Center leg length (mm) 1.57 [1.36, 1.78] 1.46 [1.30, 1.60] F(1, 142) = 0.12, p = 0.72

Top femoral length (mm) 1.16 [0.94, 1.36] 0.89 [0.80, 0.98] F(1, 143) = 0.68, p = 0.41

Center femoral length (mm) 1.28 [1.10, 1.45] 1.18 [1.07, 1.29] F(1, 143) = 0.049, p = 0.83

Tibial length (mm) 1.80 [1.48, 2.07] 1.15 [1.02, 1.29] F(1, 142) = 34.30, p < 0.001*

Conventional radiographs (N = 121) EOS images (N = 46)

HKA (°) 0.32 [0.30, 0.34] 0.25 [0.22, 0.28] F(1, 162) = 25.22, p < 0.001*

Pelvic obliquity (mm) 0.80 [0.65, 0.93] 0.58 [0.45, 0.72] W = 1788, p = 0.32

Top leg length (mm) 1.04 [0.91, 1.16] 1.01 [0.86, 1.15] F(1, 155) = 5.40, p = 0.02

Center leg length (mm) 1.54 [1.40, 1.68] 1.26 [1.10, 1.41] F(1,162) = 2.43, p = 0.12

Top femoral length (mm) 0.97 [0.87, 1.08] 0.89 [0.72, 1.04] F(1, 156) = 2.55, p = 0.11

Center femoral length (mm) 1.24 [1.14, 1.35] 1.19 [1.05, 1.33] F(1, 163) = 1.05, p = 0.31

Tibial length (mm) 1.44 [1.22, 1.63] 1.22 [1.06, 1.38] F(1, 164) = 0.67, p = 0.41

Genu varum (N = 83) All (N = 167)

HKA (°) 0.33 [0.30, 0.36] 0.30 [0.28, 0.32] F(1, 162) = 14.79, p < 0.001*

Genu valgum (N = 20) All (N = 167)

HKA (°) 0.28° [0.22, 0.34] 0.30 [0.28, 0.32] F(1, 162) = 1.18, p = 0.28
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Fig. 4  Examples of radiographs processed by the AI algorithm. A A 60-year-old male patient with bilateral hip prostheses. Note that pelvic obliquity 
is not processed by the AI algorithm if the patient has a hip prosthesis. B A 73-year-old female patient with bilateral genu varum deformity. C 
A 78-year-old male patient with a right knee prosthesis and severe left genu varum deformity. D An 8-year-old girl with genu valgum deformity
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resulting in an under-representation of healthy lower 
limbs.

In conclusion, our study underscores the reliability of 
a commercially available AI-based software in automat-
ing measurements on anteroposterior full-leg standing 
radiographs. The AI algorithm exhibited good accuracy 
in computing critical lower limb parameters including 
the HKA angle, pelvic obliquity, total leg length (meas-
ured from two distinct landmark points), femoral leg 
length (measured from two distinct landmark points), 
and tibial length. The results closely align with find-
ings reported in similar previous studies. Future work 
should focus on whether the integration of such an AI 
tool into clinical workflows could alleviate physicians’ 
workload by facilitating laborious and time-consuming 
tasks. It should also evaluate the clinical implications 
of automated measurements, particularly for preven-
tive medicine, surgical planning, and postoperative 
monitoring.
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