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Abstract: Minimal joint space width (mJSW) is a radiographic measurement used in the diagnosis
of hip osteoarthritis. A large variance when measuring mJSW highlights the need for a supporting
diagnostic tool. This study aimed to estimate the reliability of a deep learning algorithm designed
to measure the mJSW in pelvic radiographs and to estimate agreement between the algorithm and
orthopedic surgeons, radiologists, and a reporting radiographer. The algorithm was highly consistent
when measuring mJSW with a mean difference at 0.00. Human readers, however, were subject to
variance with a repeatability coefficient of up to 1.31. Statistically, although not clinically significant,
differences were found between the algorithm’s and all readers’ measurements with mean measured
differences ranging from −0.78 to −0.36 mm. In conclusion, the algorithm was highly reliable, and
the mean measured difference between the human readers combined and the algorithm was low,
i.e.,−0.5 mm bilaterally. Given the consistency of the algorithm, it may be a useful tool for monitoring
hip osteoarthritis.

Keywords: minimal joint space width; radiology; deep learning; osteoarthritis; X-ray; artificial intelligence

1. Introduction

Osteoarthritis (OA) is a common global public health problem. Affecting the large
joints such as the hip and the knee, OA has become a major disabling condition particularly
among the elderly [1–3]. Hip dysplasia in the younger population may however lead to
early onset of OA [4,5]. Globally, OA affects more than 230 million individuals. Hip OA
makes up approximately 32 million of these cases, causing it to be a significant public
health problem [6].

The initial diagnosis of hip OA is often based on the clinical presentation of the patient
and supported by pelvic radiographs [2,4,7], where minimal joint space width (mJSW) is
the key parameter supported by osteophyte formation and subchondral sclerosis [8,9]. The
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radiographic definition and classification of hip OA lacks consensus between healthcare
professionals, and the final diagnosis is often based on subjective radiographic findings
combined with patient history and clinical findings [8,9]. The radiographic definition and
classification of hip OA lack consensus between healthcare professionals, and the mJSW
defining hip OA has varied between 1.5 and 4.0 mm. An mJSW ≤ 2 mm has been found to
have a strong association to self-reported hip pain in patients aged 60 years and older [8].
The final diagnosis of hip OA is often based on subjective radiographic findings combined
with patient history and clinical findings [8,9].

In the realm of radiology, AI and machine learning (ML) have gained significant
traction, especially evident in the fact that around 75% of FDA-approved AI/ML-Enabled
Medical Devices pertain to the field’s subspecialty of radiology [10]. A study has demon-
strated that when using deep learning to grade joint space narrowing on pelvic radiographs
as absent, mild, moderate or severe, the performance of deep learning is similar to the
performance of expert radiologists [9]. In some hospitals, hip osteoarthritis is not rou-
tinely reported by expert radiologists, but often by orthopedic surgeons or radiographers.
Thus, it is necessary to test the reliability and agreement between deep learning and other
healthcare professions.

The objectives of this study were to estimate the reliability of a deep learning algorithm
designed to measure mJSW in anterior–posterior (AP) pelvic radiographs and to estimate
agreement between the algorithm and trained healthcare personnel.

2. Materials and Methods
2.1. Ethics and Study Design

In this retrospective study, a deep learning algorithm, trained to measure the mJSW
of the hip, was applied to 78 radiographs. For comparison, a senior and a junior radiol-
ogist, a senior and a junior orthopedic surgeon, and one senior reporting radiographer
evaluated the radiographs regarding the mJSW. Approval of the study was given by the
Danish National Committee on Health Research Ethics (Project-ID: 2103745). The study
was registered with the regional health authorities (Project-ID: 21/22036). All analyses
were performed in accordance with the current Guidelines for Reporting Reliability and
Agreement Studies [11,12].

2.2. Study Population

Seventy-eight weight-bearing AP radiographs of the pelvis from adults (≥18 years)
with nontraumatic hip pain were consecutively collected at Odense University Hospital
in a retrospective manner. Radiographs with signs of congenital abnormalities, arthro-
plasty/surgical hardware, fractures, or surgical sequelae were excluded. Finally, radio-
graphs without the entire pelvis and/or proximal femur were excluded from the study [13].
All data were stratified by sex and age to ensure that the sample represented about the
same number of females and males both above and below the age of 50 years [13].

2.3. AI Algorithm and Processing of Study Data

The newly developed software is a proprietary product (RBhipTM, Radiobotics, Copen-
hagen, Denmark) to automate the measurement of mJSW of both hips in pelvic radiographs.
In short, the algorithm takes standard pelvic radiographs in the DICOM format as input,
and as output it provides a DICOM secondary capture with the automated measurements.
First, the pelvic radiograph is vertically split in two, and subsequently, regions of interest
(ROIs) containing the left and right hip joints are extracted. For both the left and right ROIs,
the femoral and pelvic bones are segmented, and the contours of the femoral head and
acetabular sourcil (most sclerotic line of the acetabular roof) are identified. The Euclidean
point-to-point distance between the contour of the femoral head and the acetabular sourcil
is estimated, and the minimum distance between the lateral and medial extents of the
acetabular sourcil is reported as the mJSW. The algorithm was developed using computer
vision and deep learning trained on more than 2900 manually annotated pelvic radio-
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graphs. The algorithm was containerized and deployed as a DICOM node running within
the firewalls of the hospital. The radiographs were forwarded directly from the Picture
Archiving and Communication System (PACS) (GE Healthcare, Chicago, IL, USA) to a
secure destination within the hospital firewall, and the results were afterwards uploaded
to the Research Electronic Data Capture (REDCap) database.

2.4. Anatomical Definition

The mJSW is anatomically defined as the minimum width of the superolateral femoroac-
etabular joint space. Radiographically, the mJSW is defined as a line indicating the narrow-
est part of the superolateral aspect of the femoroacetabular joint, as shown in Figure 1. The
superolateral aspect of the acetabulum is defined by the sclerotic sourcil, which refers to
the weight-bearing, sclerotic surface of the acetabulum.
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Figure 1. Pelvic radiograph. The blue circles depict the two femoral heads. The yellow lines represent
the minimal joint space width and are specified by the yellow arrows.

2.5. Data Collection

The five human readers consisted of two senior readers, a musculoskeletal (MSK) ra-
diologist (21 years of experience) and a consultant hip surgeon (8 years of experience),
two junior readers, an MSK radiologist (3 years of experience) and a hip surgeon (5 years of
experience), and a reporting radiographer with 12 years of experience. Prior to evaluating
the radiographs, the 5 readers received a protocol defining the mJSW to help minimize
systematic bias. Blinded to each other’s results and to clinical information, the readers
measured the mJSW in all 78 pelvic radiographs within a time span of three months. Five
of the radiographs were reported 3 times by all readers. All measurements were made
digitally in PACS and recorded in the REDCap database. The algorithm measured all
radiographs twice, approximately two weeks apart, to assess its consistency.

2.6. Statistical Analyses

Sample size was estimated assuming a standard deviation of 2.1 and a clinically
acceptable limit of agreement of 5 degrees (LCEA). A total of 176 samples were deemed
necessary. This sample size aimed to demonstrate a comparable level of agreement between
the algorithm and human readers, achieving a statistical power of 80% at a significance
level of 5%. As measurements were conducted bilaterally and repeated three times for each
of five patients (resulting in an additional 2 × 5 measurements), the final required patient
count was determined to be 78.
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The mean value, standard deviation (SD), and range for all measurements were calcu-
lated, and scatterplots were used to visualize bivariate associations. The difference between
the first and second measurements by the algorithm was presented with mean, SD, range,
and first and third quartiles. Bland–Altman (BA) plots with limits of agreement (LoA),
bias, and 95% confidence intervals (CI) were used to illustrate the agreement between the
algorithm and the readers individually. The LoA are defined as the estimated interval
wherein 95% of all differences between the algorithm and the readers will fall, assuming
that all the data are normally distributed while the bias is defined as the mean measured
difference between algorithm and reader [14,15]. Finally, repeatability coefficients (RCs)
were calculated to assess inter- and intraobserver variability. The RC represents the value
below which an absolute difference between 2 repeated measurements will fall with a prob-
ability of 95%. All p-values < 0.05 were considered statistically significant. For all statistical
analyses, STATA version 17.0 (StataCorp. 2021, College Station, TX, USA) was used.

3. Results

The algorithm was not able to analyze 7 of the 78 radiographs. The remaining 71 im-
ages were analyzed by both the algorithm and readers and were therefore included in the
study. For the 71 radiographs, the average age was 50.1 years, and the gender distribution
was 36 females and 35 males. The mJSW values tended to be lower for the readers than
for the algorithm. For the five readers, the mean measured mJSW for the left hip ranged
from 3.27 to 3.59 mm, whereas it was 3.96 mm for the algorithm. On the right side, the
corresponding measurements ranged from 3.27 to 3.65 mm for the readers and 4.05 mm for
the algorithm (Figure 2 and Table 1).
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Figure 2. Scatterplots with reader measurements of the minimal joint space width over algorithm
measurements. mJSW: minimal joint space width, jr.: junior, sr.: senior.

Table 1. Mean measurements of the minimal joint space width including standard deviation and
range for the readers and the algorithm (n = 71).

mJSW (SD) [Range]
Left Right

Radiographer 3.32 (1.08) [0.0 to 5.6] 3.48 (1.09) [0.0 to 6.0]
Orthopedic jr. 3.29 (0.93) [0.0 to 5.4] 3.27 (1.01) [0.0 to 5.2]
Orthopedic sr. 3.59 (0.99) [0.0 to 7.6] 3.62 (1.00) [0.4 to 6.2]
Radiologist jr. 3.59 (0.89) [0.0 to 5.3] 3.65 (0.94) [0.8 to 6.0]
Radiologist sr. 3.27 (0.94) [0.7 to 5.6] 3.59 (0.97) [1.0 to 6.0]

Algorithm 3.96 (0.76) [0.9 to 5.3] 4.05 (0.78) [1.9 to 5.9]
mJSW; minimal joint space width, SD; standard deviation, jr.; junior, sr.; senior.
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When double reading, the algorithm was highly consistent, agreeing with itself either
completely or close to completely, with a difference on the 14th decimal digit (Table 2).

Table 2. First read by the algorithm (mean, range, and first and third quartiles) and differences
between first and second reads (n = 71).

Mean (SD) Mean
(SD) diff

Range
[min;max]

Range diff

[min;max]
Q1 Q1

diff Q3 Q3
diff

mJSW right 4.05 (0.78) 0.00 (0.00) [1.89;5.93] [0.00;0.00] 3.44 0.00 4.53 0.00

mJSW left 3.95 (0.77) 0.00 (0.00) [0.90;5.29] [0.00;0.00] 3.48 0.00 4.47 0.00

mJSW; minimal joint space width, SD; standard deviation, diff; difference between first and second reads, min;
minimum, max; maximum, Q1; first quartile, Q3; third quartile.

The BA plots with LoA showed that the bias estimates between all the readers and the
algorithm were statistically different from 0, indicating that there is a statistically significant
difference between the reader measurements and the algorithm measurements of the
mJSW (Figure 3). On the left hips, the bias estimates for the mJSW ranges from −0.68 mm
(95% CI: −0.85 to −0.52) to −0.36 mm (95% CI: −0.52 to −0.21) for the senior orthopedic
surgeon and the senior radiologist, respectively. On the right hips, the corresponding
values are −0.78 mm (95% CI: −0.91 to −0.66) to −0.40 mm (95% CI: −0.52 to −0.29) for
the junior radiologist and the junior orthopedic surgeon, respectively (Table 3).

Table 3. Bland–Altman bias (mean and standard deviation) and limits of agreement. Agreement
between the algorithm and readers (n = 71).

Bias Bias LoA Lower LoA Upper LoA

Mean (SD) 95% CI 95% CI 95% CI

mJSW right

Radiographer −0.57 (0.61) −0.71 to −0.42 −1.76 to 0.63 −2.01 to −1.59 0.47 to 0.88
Orthopedic jr. −0.78 (0.52) −0.91 to −0.66 −1.81 to 0.25 −2.02 to −1.67 0.11 to 0.46
Orthopedic sr. −0.43 (0.60) −0.57 to −0.29 −1.60 to 0.74 −1.84 to −1.44 0.58 to 0.99
Radiologist jr. −0.40 (0.50) −0.52 to −0.29 −1.39 to 0.58 −1.59 to −1.25 0.44 to 0.78
Radiologist sr. −0.46 (0.62) −0.61 to −0.31 −1.68 to 0.76 −1.93 to −1.51 0.60 to 1.02

mJSW left

Radiographer −0.64 (0.69) −0.80 to −0.48 −1.99 to 0.71 −2.27 to −1.81 0.53 to 0.99
Orthopedic jr. −0.67 (0.66) −0.83 to −0.51 −1.97 to 0.63 −2.24 to −1.79 0.45 to 0.90
Orthopedic sr. −0.36 (0.67) −0.52 to −0.21 −1.67 to 0.94 −1.94 to −1.67 0.77 to 1.22
Radiologist jr. −0.37 (0.62) −0.52 to −0.22 −1.58 to 0.85 −1.84 to −1.42 0.68 to 1.10
Radiologist sr. −0.68 (0.68) −0.85 to −0.52 −2.02 to 0.65 −2.29 to −1.84 0.47 to 0.93

mJSW; minimal joint space width, SD; standard deviation, CI; confidence interval, LoA; limits of agreement, jr.;
junior, sr.; senior.

The RCs demonstrated that the intraobserver RC is lower than the interobserver RC,
meaning that the readers are more likely to agree with themselves rather than with each
other. The RC for a repeated measurement of the mJSW on the left hips by the same
reader was 1.25 (2.77 times √0.1888), and the same measurement by a different reader
was 1.31 (2.77 times √(0.1888 + 0.02755)). On the right hips, the corresponding RCs were
1.20 (2.77 times √0.2021) and 1.29 (2.77 times √(0.2021 + 0.02215)).
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Figure 3. Bland–Altman plots with limits of agreement and respective 95% confidence intervals
visualizing the agreement between the algorithm and the five readers for the minimal joint space
width. Differences between measurements are plotted against the mean of measurements. The solid
black lines represent the upper and lower limits of agreement, with shaded blue areas illustrating
the 95% confidence interval. The dotted black lines are the mean measured differences, and the
shaded green areas depict the 95% confidence intervals. mJSW: minimal joint space width, jr.: junior,
sr.: senior.
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4. Discussion

This study tested a deep learning algorithm for measuring the mJSW on pelvic ra-
diographs. The study found that the algorithm was highly reliable, although agreement
between the algorithm and human readers differed significantly.

It has previously been suggested that efforts should be made to improve reliability
when measuring the mJSW in patients with hip OA and, thus, reduce the measurement
error [16]. In the current study, a deep learning algorithm was tested for automatic measure-
ments of the mJSW in pelvic AP radiographs. The algorithm was highly consistent when
measuring the mJSW. Although a statistically significant difference between the algorithm
and readers was seen across all readers and for both hips, the mean measured difference
between readers combined and the algorithm was low, i.e., −0.5 mm bilaterally. Readers
systematically measured lower values than the algorithm. A possible explanation for this
finding could be that the algorithm measures the mJSW from the femoral head to the most
hyperdense area of the sourcil, which is often the middle of the sourcil, as opposed to the
readers who measure to the inferior delineation of the sourcil. Hence, it is clear that human
readers would rather decrease the mJSW compared to the algorithm, resulting in overesti-
mation of hip OA. However, the diagnosis of hip OA is a combination of determining the
mJSW and the presence of osteophyte formation and subchondral sclerosis on radiographs,
and these findings are supported by the patient history and the clinical examination. The
statistically significant difference in measurement of mJSW between the algorithm and
human readers is not thought to result in a clinical significance.

The human reader intra- and inter-reader variance estimated by RCs ranged from
1.20 to 1.31; therefore, a mean bias between the algorithm and readers of −0.5 mm is
most probably below the minimal clinically important difference. The RCs revealed that
the readers did not agree with either themselves or each other. In a healthy individual,
the mJSW is above 4 mm [17]; thus, intra- and inter-reader RCs ranging from 1.20 to
1.31 mm can potentially influence the diagnosis of OA. Since the RCs are based on multiple
measurements of the same radiographs, it can be concluded that the readers, unlike the
algorithm, lack precision when measuring the same radiograph more than once. The same
finding has previously been reported by Paul Ornetti et al. [16]. Despite RCs of up to
1.31 mm in the current study, no systematic difference between readers was noted; hence,
the inter-reader variability cannot be explained by the level of experience or by differences
in healthcare profession. The readers were all provided with a protocol defining the mJSW
before measuring to minimize systematic measurement bias. Perhaps a consensus meeting
with all the readers prior to measuring could have clarified the definition of mJSW further
and potentially improved the interobserver variability.

Nehrer et al. conducted a study to examine the influence of a deep learning algorithm
on accuracy and agreement rate of physicians in grading knee OA on radiographs, in com-
parison to unassisted grading. The results revealed that when physicians were aided by the
algorithm, there was an improvement in consistency among them. The authors suggested
that software systems should not substitute radiologists, but rather be utilized as supportive
tools [18]. Xue et al. tested a deep learning algorithm with the ability to, by itself, diagnose
hip OA based on measurements of joint space narrowing and presence of osteophytes.
They found that when diagnosing hip OA, the algorithm performed at a level similar to a
radiologist with 10 years of experience [1]. The algorithm in the current study is designed
to measure the mJSW as opposed to distinguish between osteoarthritis/no osteoarthritis.
The purposes of the two algorithms are therefore not the same, and the outcomes from
the studies are not directly comparable. Ratzlaff et al. tested a computer-assisted location-
specific method of hip joint space width measurement. They argue that measuring mJSW
is prone to error due to the point of measurement being subjectively selected, and the joint
space is susceptible to structural damage. They conclude that their method is feasible and
may provide a superior method to mJSW for detecting radiographic OA progression [19].
The subjective identification of the narrowest part of the joint space applied in the current
study may in part explain the inter- and intra-reader variance uncovered.



BioMedInformatics 2023, 3 721

It has previously been suggested that positioning during the radiographic procedure
has an influence on the mJSW. Fuchs-Winkelmann et al. found that the hip joint space
was wider in the supine position [20]. Trends from a systematic review by Alzyoud et al.
showed that there are statistically significant differences in joint space width between the
weight-bearing and the supine position [21]. However, neither Terjesen et al. nor Bessa et al.
found a significant difference in the mJSW in relation to the radiographic position [22,23].
To minimize systematic bias brought on by patient positioning, all radiographs in the
current study were taken in the weight-bearing position.

The strengths of our study are the strict inclusion process minimizing selection bias
by consecutive enrollment stratified by age and gender. Other strengths include the
algorithm’s double reading of the mJSW and the fact that all the radiographs were taken in
the same position; weight-bearing. There are limitations in this study; particularly the lack
of a ground truth against which both reader and algorithm measurements can be validated
for accuracy. Within radiology, establishing a ground truth can be difficult, and when
measuring radiographs, observer variance might be inevitable. The concept of a ground
truth and human variability when reading radiographs was also recognized by Claudio E.
von Schacky et al. [9]. The fact that the algorithm was not able to analyze seven images
with no evident explanation is a limitation and should be explored further prior to clinical
implementation. A sample of 71 radiographs could be a limitation to results, although
significant differences were shown between the algorithm and all readers.

In conclusion, the algorithm tested was highly reliable, offering a consistent quantifica-
tion of mJSW of the hips when reading pelvic AP radiographs. The highest mean measured
difference between readers and the algorithm was −0.78 mm, which was statistically sig-
nificant, although probably not clinically relevant. Moreover, a tendency was seen where
readers systematically measured a slightly lower mJSW than the algorithm.

Clinical Implications

The algorithm offered consistent measurements and may therefore be a useful support
tool in the decision making of hip replacement and for quantitative monitoring of the
mJSW. A highly consistent algorithm may also be particularly valuable in epidemiologic or
multicenter studies correlating radiographic findings with clinical information, potentially
with automated transfer of data from the algorithm to clinical databases. In future studies,
correlating the algorithm measurements with clinical findings could help to validate the
measurements. Furthermore, future studies on how to incorporate the algorithm as an
assisting tool to readers could be beneficial.
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