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Abstract
Background: Hip dysplasia (HD) causes accelerated osteoarthrosis of the acetabulum and is
diagnosed through radiographic evaluation. An artificial intelligence (AI) program capable
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of measuring the necessary anatomical landmarks relevant to HD could reduce resource
utilization, increase standardized HD screenings, and form HD outcome models. The study’s
aim was to evaluate the relationship between AI measurements of dysplastic hips on initial
presentation and changes in patient-reported outcome measures following surgical interven-
tion for HD.

Methods: One hundred nine patients with HD and planned surgical intervention obtained
preoperative anterior-posterior pelvic radiographs which were measured by the HIPPO AI
for lateral center edge angle, Tönnis angle, Sharp angle, Caput-Collum-Diaphyseal angle,
femoral coverage, femoral extrusion, and pelvic obliquity. Patients completed a preoperative
survey containing the 12-Item Short Form, EuroQol Visual Analog Scale (EQVAS), Inter-
national Hip Outcome Tool (iHOT-12), Harris Hip Score, and Visual Analog Pain Scales.
Patients were recommended to follow up at four months and one year to complete the same
survey. Changes in outcome measures were evaluated with paired t-tests for each follow-up
interval. Partial Spearman Rank-order correlations were performed between radiographic
measures and changes in outcome measures at each follow-up interval controlling for age,
BMI, and follow-up time.

Results: Patients had significant improvement in all outcomemeasures at fourmonths (N=46,p-
values<0.05) and one year (N=49,p-values<0.001), except one-year EQVAS (p-value=0.090).
Significant positive correlation of moderate strength existed between the Sharp angle and
iHOT-12 at four months postoperatively (r𝑠=0.472,p-value=0.044). No other significant
correlations were found at either follow-up interval between HIPPO measures and outcome
measures.

Conclusion: Correlations between deep learning radiographic measurements of dysplastic
hips and improvements in postoperative outcomes as evaluated by outcome measures lacked
any significant relationships in this study. Physicians treating HD patients can augment care
with AI tools but outcomes are likely more multi-factorial and require multi-disciplinary
patient care.

Keywords: Deep learning, Hip dysplasia, Outcomes, Artificial intelligence, Periacetabular
osteotomy

1. INTRODUCTION

Acetabular dysplasia (HD) is characterized by insufficient coverage of the femoral head by the
acetabulum due to a reduced size or exaggerated vertical orientation [1]. The resultant altered
biomechanics from repeated acetabular edge loading can accelerate the hyaline cartilage loss and
development of premature osteoarthrosis [1, 2]. The incidence of developmental HD varies widely
among different ethnic populations with an approximate overall incidence of one per 1000 births
[3]. Factors positively associated with HD include female gender, breech position in utero, and
first-degree family history [3]. Sequelae of HD include articular cartilage damage, labral tear,
osteoarthritis, hip instability, and subluxation with associated pain and functional limitations [1,
2, 4]. Other clinical manifestations in adults include leg length discrepancy, femoral head impinge-
ment, Trendelenburg gait, limp, altered pelvic tilt, and limited hip abduction [5, 6]. Treatment of
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HD ranges from conservative management to arthroscopic labral repair paired with periacetabular
osteotomy (PAO), femoral derotational osteotomy, or total hip arthroplasty (THA) depending upon
the pathologic severity and stage of presentation [7-11].

Diagnosis of HD in skeletally mature individuals depends on radiographic measurement of anatom-
ical landmarks. The most used and validated measure of acetabular under coverage is the lateral
center-edge angle (LCEA) on the anteroposterior (AP) pelvis view ranging from <25◦ to <20◦
with lower LCEA measurements associated with earlier presentation of HD symptoms [6, 12-14].
Additional parameters used during pre-operative planning include the Tönnis angle, Sharp angle,
femoral neck-shaft angle/Caput-Collum-Diaphyseal angle (CCD), femoral head extrusion index,
acetabular crossover sign, and femoral head obliquity, etc.[12]. MRI and CT imaging are used in
pre-operative planning to evaluate the labrum, hyaline cartilage, and soft tissue pathology [6]. A
reader must synthesize all available clinical and imaging information to accurately diagnose hip
dysplasia, which can be difficult in borderline cases [6]. Individual readers may also measure
the same landmarks differently depending on training, familiarity, and variations in radiographic
quality, and image viewing software. These factors render timely initiating management of HD
both resource and expertise intensive with substantial room for inconsistency.

The clinical manifestations of HD as perceived by the patients themselves are optimally assessed
using patient-reported outcome measures (PROM). PROMs elucidate a subjective, patient-centered
view of quality of life, physical function, mental health, activity of daily living limitations, and
pain through readily distributable surveys. Thus, patients can share consistent information in a
standardized manner which updates through time for follow-up of disease progression and recovery.
PROMs also allow for shared decision-making with physicians when deliberating conservative
versus surgical treatment of HD. Several PROMs including, the Harris Hip Score (HHS), Visual
Analog Scale for Pain (VAS), International Hip Outcome Tool (iHOT-12), EuroQol Visual Analog
Scale (EQVAS), and 12-Item Short Form survey (SF-12) are commonly used in any hip preservation
practice for patient follow-ups [15-18].

Standardization of radiographic HD evaluation provides a platform for generalizable investigation
into the relationships between imaging, surgical decisions, and longitudinal changes in PROMs
postoperatively. One approach to image measurement standardization involves the implementation
of artificial intelligence (AI) image reading software and AI generated consistent radiographic mea-
surements could be correlated against the differences in PROMs between the preoperative and post-
operative states. This study is the first investigation of theAImeasures’ relationshipwith differences
in pre- and post-operative outcomes in the HD population. We hypothesized that preoperative AI
hip measures of increasing HD severity will correlate with greater absolute improvement in PROMs
postoperatively.

Thiswas a retrospective cross-sectional analysis of a prospectively collected hip preservation database
at our tertiary care institute. Institutional review board approval was in place as a part of an ongo-
ing institutional prospective longitudinal cohort study of HD outcomes. Additional approval was
obtained for AI analysis of the radiographic images.
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2. PATIENTS AND METHODS

2.1 Study Design and Patient Population

The patients were recruited from 1,222 individuals who presented for hip related issues between
September 2016 and December 2021 at an urban medical center. A musculoskeletal fellowship
trained radiologist and hip preservation expert orthopedic surgeon independently screened these pa-
tients using clinical presentation and radiographs to identify 138 mutually agreed upon HD patients
who subsequently received surgical interventions. All 138 patients consented to study participation
and completed an initial preoperative survey either at pre-operative clinical visit or through the
virtual the REDCap® online platform, which included HHS, iHOT-12, SF-12, EQVAS, and VAS
pain. All patients were recommended to postoperatively follow up for at least one year. Therefore,
we defined short-term follow-up as within 2 weeks of the four-month mark after surgery and long-
term follow-up as greater than one year. All analyses were done for the differences in PROMs
between the pre-operative baseline and each respective follow-up periods. Follow-up surveys were
completed post-operatively at subsequent clinical visits or through digital distribution. Included
cases in this study had ages 14-50 years, all genders and possessed a complete preoperative sur-
vey, surgical intervention for HD, and a follow-up survey at either the four-month interval and/or
greater than one-year interval postoperatively. Cases were excluded if the patients had undergone
prior hip related surgery, only followed up outside of the described intervals, or if the individual
questionnaires were left incomplete. Patient inclusion flowchart is displayed in FIGURE 1.

Figure 1: Patient Recruitment and Survey Completion.

2.2 Artificial Intelligence Evaluation

ImageBiopsy Labs © Vienna, Austria, has developed a machine learning AI system, named HIPPO,
capable of measuring commonly used metrics to diagnose hip dysplasia in an AP pelvic radiograph
[19]. HIPPO has already been validated against multiple human readers on dysplastic hips with
a good to excellent intraclass correlation coefficient (manuscript under review). AP pelvis radio-
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graphs from the 138 pre-operative patients were evaluated by HIPPO with auto-generated outputs
including LCEA, Tönnis angle, Sharp angle, CCD angle, femoral coverage, femoral extrusion, and
femoral obliquity. The measurements were used for correlation analysis (FIGURE 2).

Figure 2: Typical HIPPO (AI) Output of a Hip Dysplasia Patient.

2.3 Statistical Analysis

Descriptive statistics for the hip dysplasia cohort were reported as mean and standard deviation for
continuous metrics and count and frequency for categorical metrics. Means and standard deviations
of changes in PROM values between preoperative and four months and greater than one-year post-
operative follow-up were calculated for SF-12, EQVAS, iHOT-12, HHS, and VAS Pain scales with
subsequent dependent Student’s t-tests performed between time points. Bilateral surgical cases were
handled on a per-patient basis with HIPPO measures used from the most dysplastic hip defined as
the smallest LCEA. Correlations between initial presentation AI measures and changes in available
PROMs between preoperative baseline and four-month and greater than one-year follow-up were
performed using partial Spearman’s rank order correlation controlling for body mass index (BMI),
age, and follow-up time. Correlation p-values were corrected with the False Discovery Rate (FDR)
method to account for multiple comparisons with the final significance alpha threshold set at 0.05
where applicable. All analyses were performed with Python 3.8 statsmodel package v0.13.2.
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3. RESULTS

3.1 Patients

Surgical intervention for HD occurred in 119 hips from 109 unique patients out of the original 276
individual hips measured by HIPPO. Preoperative surveys were completed for 103 patients, and the
same survey was completed postoperatively by 46 patients and 49 patients at the four-month and
greater than one-year postoperative follow-up, respectively (FIGURE 1). Descriptive analysis is
reported in TABLE. 1.

Table 1: Descriptive Analysis of HD Cohort.

4-Month Follow-up 1-Year Follow-up
N 46 49
Unique Hips 47 54
Female 41 (89.1%) 44 (89.8%)
Male 5 (10.9%) 5 (10.2%)
Age (years) 29.2 (8.1) 31.2 (9.1)
BMI (kg/m^2) 24.8 (5.5) 25.8 (5.5)
Follow-up (days) 122 (7) 452 (171)
Periacetabular Osteotomy 38 (80.9%) 43 (79.6%)
Total Hip Arthroplasty 3 (6.4%) 3 (5.6%)
Femoral Derotation 1 (2.1%) 0
Arthroscopy 4 (8.5%) 8 (14.8%)
Surgical Hip Dislocation 1 (2.1%) 0

3.2 Change in Patient-Reported Outcome Measures pre- to post-operative

Paired samples Students’ t-test found statistically significant improvements fourmonths after surgery
for all PROMs (SF-12 p=0.004, EQVAS p=0.026, other PROMs p-values<0.001). Significant
improvements were also found at least one year after surgery for all PROMs (p-values<0.001),
except EQVAS (p-value=0.090) (TABLE 2).
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Table 2: Postoperative Change in PROMs at 4 months and 1 year for HD Patients with Paired t-test
[Mean (SD).]

Outcome Measure Delta Mean 4 Months N=46 p-value Delta Mean 1 Year N=49 p-value
SF-12 5.7 (10.9) 0.004 10.2 (13.1) <0.001
EQVAS 8.3 (22.1) 0.026 3.9 (15.6) 0.091
iHOT-12 20.7 (29.5) <0.001 29.3 (27.7) <0.001
HHS 12.9 (20.3) <0.001 25.1 (19.6) <0.001
VAS Best -1.8 (1.9) <0.001 -1.5 (1.9) <0.001
VAS Worst -3.1 (2.8) <0.001 -3.7 (2.7) <0.001
VAS Now -2.9 (2.7) <0.001 -2.8 (2.5) <0.001
VAS Average -2.9 (2.7) <0.001 -3.0 (2.6) <0.001

3.3 Correlation of HIPPO Radiographic Measures With Change In PROMs

There was a significant positive correlation of moderate strength between the Sharp angle and iHOT-
12 at four months postoperatively (r𝑠=0.472, p-value=0.044) (TABLE 3). No other significant
correlations were found at either follow-up interval between HIPPOmeasures and PROMs (TABLE
3, TABLE 4). Scatterplots of radiographic measures versus PROMs are displayed in FIGURE 3 and
FIGURE 4. Complete partial Spearman rank order correlation analysis can be found in supplemental
materials.

Table 3: Radiographic Measure to PROMs Four-month Correlation Matrix (*,**,*** indicating
<0.05,<0.01, <0.001 after FDR, respectively).

PROM LCEA Tönnis Sharp CCD Fem Extrusion Obliquity
SF-12 - - - - - - -
EQVAS - - - - - - -
iHOT-12 - - * - - - -
HHS - - - - - - -
VAS Best - - - - - - -
VAS Worst - - - - - - -
VAS Now - - - - - - -
VAS Average - - - - - - -
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Table 4: Radiographic Measure to PROMs One-year Correlation Matrix (*,**,*** indicating
<0.05,<0.01, <0.001 after FDR, respectively).

PROM LCEA Tönnis Sharp CCD Fem Extrusion Obliquity
SF-12 - - - - - - -
EQVAS - - - - - - -
iHOT-12 - - - - - - -
HHS - - - - - - -
VAS Best - - - - - - -
VAS Worst - - - - - - -
VAS Now - - - - - - -
VAS Average - - - - - - -

Figure 3: HIPPORadiographicMeasures and Patient ReportedOutcomeMeasures (PROM) at Four
Months.
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Figure 4: HIPPO RadiographicMeasures and Patient Reported OutcomeMeasures (PROM) at One
Year.

4. DISCUSSION

The applications of artificial intelligence in medical imaging workflows have grown to encom-
pass many medical specialties including several orthopedic conditions [20-22]. These orthopedic
applications of deep learning software often focus on image segmentation and landmark-related
measurements, and some secondary applications of deep learning have been explored for risk strat-
ification of hip dislocations [22, 23]. The use of deep learning relating to HD has largely been
limited to diagnostic endeavors without exploration of the impact of auto-generated radiographic
measurements on patient outcome measures [24, 25]. Therefore, this study aimed to investigate
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the relationship between AI-driven deep learning generated measurements in HD patients and their
postoperative outcomes.

As expected, the patients experienced statistically significant improvements in PROMs at both
four months and greater than one year, post-operatively. Patients had minimal clinically important
difference (MCID) at both follow-up intervals for SF-12 (MCID 4.3) and VAS Pain Scales (MCID
1.4) [15, 26]. Patients exceeded the MCID for iHOT-12 (MCID 23) and HHS (MCID 18) after
one year but not at four months postoperatively suggesting that patients continue to experience
improvements in their condition that have not yet manifested in short term follow-up [27, 28].
However, the patients did not obtain the MCID of 24 for EQVAS at any follow-up interval [29]. It
suggests that surgical HD candidates may attain improvements in outcomes postoperatively below
their threshold of notice.

Overall, there was a paucity of significant correlations between the radiographic parameters mea-
sured by the deep learning HIPPO system and changes in postoperative patient-reported outcome
measures at any follow-up interval. It might be due to good generalized post-operative improve-
ments among most PROMs with lack of substantial variation among different patients. The lack
of correlation between the radiographic severity and symptom severity also suggests that other
factors, such as the age of intervention, sex, family history, muscle strength, ligamentous laxity,
functional limitations, mental health, activity level, and physical activity preferences must be con-
sidered alongside imaging to holistically characterize HD patients [5, 13, 14, 30]. The diagnosis
of HD traditionally relies upon radiographic measurements, such as the LCEA which presents an
opportunity for deep learning program use in screening, initial evaluation, and surgical planning
to augment a physician’s time efficiency. However, single-view radiographic measurements either
performed by AI or manually lack a relationship to patient outcomes but do relate to the age of
onset of symptoms [13, 14, 31]. Future deep learning systems trained on radiographic measures in
addition to other aforementioned patient factors may produce decision models capable of drawing
meaningful relationships to surgical outcomes in such patients.

This study possesses some limitations. The primary limitation was a relatively small initial cohort
size and follow-up response rate of less than 50% at both intervals. A larger sample size would
improve the study power and make the detection of smaller correlation effects more apparent.
However, we included all consecutive cases in our practice and all patients were diagnosed as
HD by two experts of different disciplines. The cohort is also skewed to encompass more female
patients, which mirrors the general HD population, but future gender-specific investigations may
reveal diverging results. The patients presenting for this cohort were subjectively symptomatic
enough to seek surgical interventions, whereas the inclusion of non-symptomatic HD may better
account for self-selection biases. Lastly, we utilized preoperative measurements as our initial study,
not post-operative measurements.

The application of deep learning radiographic measurements in dysplastic hips likely has value in
repetitive, standardized, and time-consuming tasks; however, the subjective variation in PROMs
precludes the use of radiographs to predict patient symptomology. Future investigation of deep
learning models accounting for radiographs in addition to other imaging modalities and subjective
patient factors to predict postoperative outcomes in HD patients may have more value at the expense
of overfitting to niche use. Not to mention, further investigation will be performed looking at
changes in radiographic parameters pre and post operatively utilizing AI software.
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5. CONCLUSION

To summarize, correlations between deep learning radiographic measurements of dysplastic hips
and improvements in postoperative outcomes as evaluated by PROMs did not have any significant
relationships in this study. Physicians treating HD patients can augment care with AI tools but
continue to prioritize holistic approaches to multi-disciplinary patient care.

6. LIST OF ABBREVIATIONS

HD: Hip Dysplasia; AI: Artificial Intelligence; PROM: Patient Reported OutcomeMeasure; MCID:
Minimal Clinically Important Difference; THA: Total HipArthroplasty; LCEA: Lateral Center Edge
Angle; AP: anterior-posterior; CCD: caput-collum-diaphyseal; HHS: Harris Hip Score; VAS: Visual
Analog Scale for Pain, iHOT-12: International Hip Outcome Tool; EQVAS: EuroQol Visual Analog
Scale; SF-12: 12-Item Short Form survey, BMI: Body Mass Index, FDR: False Discovery Rate,
PAO: Periacetabular Osteotomy
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Supplemental Materials

Table a: Partial Spearman’s Rank-order correlation between HIPPOMeasures and Change in SF-12
([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

SF-12 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA -0.25 [-0.55, 0.10] 0.161 n/a -0.01 [-0.31, 0.29] 0.954 n/a
Tönnis 0.25 [-0.11, 0.55] 0.167 n/a -0.06 [-0.36, 0.24] 0.694 n/a
Sharp 0.31 [-0.04, 0.59] 0.084 n/a 0.06 [-0.24, 0.36] 0.679 n/a
CCD 0.28 [-0.08, 0.57] 0.125 n/a 0.11 [-0.20, 0.40] 0.481 n/a
Coverage -0.19 [-0.50, 0.17] 0.305 n/a -0.02 [-0.32, 0.28] 0.899 n/a
Extrusion 0.19 [-0.17, 0.50] 0.305 n/a 0.02 [-0.28, 0.32] 0.899 n/a
Obliquity 0.12 [-0.24, 0.45] 0.513 n/a 0.09 [-0.22, 0.38] 0.585 n/a

Table b: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in
EQVAS ([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

EQVAS 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA 0.11 [-0.22, 0.43] 0.513 n/a 0.18 [-0.12, 0.44] 0.239 n/a
Tönnis 0.12 [-0.21, 0.43] 0.472 n/a -0.03 [-0.32, 0.26] 0.829 n/a
Sharp 0.01 [-0.32, 0.34] 0.952 n/a -0.001 [-0.29, 0.29] 0.992 n/a
CCD -0.25 [-0.54, 0.08] 0.139 n/a 0.02 [-0.27, 0.31] 0.903 n/a
Coverage 0.10 [-0.24, 0.41] 0.563 n/a 0.20 [-0.09, 0.47] 0.175 n/a
Extrusion -0.10 [-0.41, 0.24] 0.563 n/a -0.20 [-0.47, 0.09] 0.175 n/a
Obliquity -0.20 [-0.50, 0.14] 0.240 n/a 0.06 [-0.23, 0.34] 0.693 n/a

Table c: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in
iHOT-12 ([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

iHOT-12 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA -0.35 [-0.63, -0.01] 0.047 0.099 0.15 [-0.16, 0.42] 0.343 0.657
Tönnis 0.29 [-0.07, 0.58] 0.109 0.152 -0.19 [-0.46, 0.11] 0.219 0.657
Sharp 0.47 [0.15, 0.70] 0.006 0.044 -0.07 [-0.36, 0.23] 0.657 0.657
CCD 0.13 [-0.23, 0.46] 0.475 0.554 0.08 [-0.23, 0.36] 0.623 0.657
Coverage -0.34 [-0.62, 0.01] 0.057 0.099 0.10 [-0.2, 0.39] 0.509 0.657
Extrusion 0.34 [-0.01, 0.62] 0.057 0.099 -0.10 [-0.39, 0.2] 0.509 0.657
Obliquity 0.05 [-0.30, 0.39] 0.788 0.788 0.39 [0.11, 0.62] 0.008 0.057
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Table d: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in HHS
([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

HHS 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA 0.08 [-0.26, 0.40] 0.643 n/a 0.15 [-0.16, 0.43] 0.341 n/a
Tönnis -0.08 [-0.40, 0.25] 0.628 n/a -0.11 [-0.39, 0.19] 0.477 n/a
Sharp 0.13 [-0.21, 0.44] 0.452 n/a -0.02 [-0.32, 0.28] 0.879 n/a
CCD 0.04 [-0.29, 0.36] 0.823 n/a -0.07 [-0.36, 0.23] 0.652 n/a
Coverage 0.02 [-0.31, 0.34] 0.917 n/a 0.14 [-0.17, 0.42] 0.379 n/a
Extrusion -0.02 [-0.34, 0.31] 0.917 n/a -0.14 [-0.42, 0.17] 0.379 n/a
Obliquity 0.19 [-0.15, 0.49] 0.276 n/a 0.24 [-0.06, 0.5] 0.113 n/a

Table e: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in VAS
Pain Best ([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

VAS Best 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA 0.14 [-0.17, 0.43] 0.363 0.756 0.04 [-0.24, 0.32] 0.769 n/a
Tönnis -0.12 [-0.41, 0.19] 0.432 0.756 -0.07 [-0.34, 0.22] 0.643 n/a
Sharp -0.22 [-0.5, 0.08] 0.148 0.520 -0.14 [-0.4, 0.15] 0.343 n/a
CCD 0.33 [0.03, 0.58] 0.031 0.220 -0.01 [-0.29, 0.27] 0.941 n/a
Coverage 0.01 [-0.29, 0.31] 0.942 0.942 0.0009 [-0.28, 0.28] 0.994 n/a
Extrusion -0.01 [-0.31, 0.29] 0.942 0.942 -0.0009 [-0.28, 0.28] 0.994 n/a
Obliquity 0.06 [-0.24, 0.36] 0.685 0.942 -0.22 [-0.47, 0.06] 0.125 n/a

Table f: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in VAS
Pain Worst ([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

VAS Worst 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA 0.07 [-0.24, 0.37] 0.665 n/a -0.07 [-0.34, 0.22] 0.644 n/a
Tönnis -0.08 [-0.38, 0.23] 0.603 n/a 0.09 [-0.2, 0.36] 0.545 n/a
Sharp -0.15 [-0.43, 0.16] 0.353 n/a 0.03 [-0.25, 0.31] 0.826 n/a
CCD -0.004 [-0.31, 0.30] 0.980 n/a 0.03 [-0.25, 0.3] 0.848 n/a
Coverage 0.02 [-0.29, 0.32] 0.900 n/a -0.08 [-0.35, 0.2] 0.567 n/a
Extrusion -0.02 [-0.32, 0.29] 0.900 n/a 0.08 [-0.2, 0.35] 0.567 n/a
Obliquity 0.15 [-0.16, 0.43] 0.354 n/a -0.04 [-0.31, 0.25] 0.806 n/a

Table g: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in VAS
Pain Now ([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).
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VAS Now 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA -0.01 [-0.31, 0.29] 0.941 n/a -0.16 [-0.42, 0.13] 0.277 n/a
Tönnis -0.02 [-0.32, 0.29] 0.918 n/a 0.18 [-0.11, 0.44] 0.219 n/a
Sharp -0.15 [-0.43, 0.17] 0.359 n/a -0.01 [-0.29, 0.27] 0.958 n/a
CCD 0.28 [-0.02, 0.54] 0.069 n/a 0.07 [-0.21, 0.35] 0.610 n/a
Coverage -0.07 [-0.36, 0.24] 0.671 n/a -0.17 [-0.43, 0.12] 0.254 n/a
Extrusion 0.07 [-0.24, 0.36] 0.671 n/a 0.17 [-0.12, 0.43] 0.254 n/a
Obliquity 0.19 [-0.13, 0.46] 0.240 n/a -0.20 [-0.45, 0.09] 0.176 n/a

Table h: Partial Spearman’s Rank-order correlation between HIPPO Measures and Change in VAS
Pain Average ([95% Confidence Interval]; r𝑠: Spearman Coefficient; FDR: False Discovery Rate).

VAS Average 4 months Over 1 year
rs p-value FDR rs p-value FDR

LCEA 0.12 [-0.19, 0.41] 0.464 n/a -0.09 [-0.36, 0.2] 0.556 n/a
Tönnis -0.17 [-0.45, 0.14] 0.287 n/a 0.09 [-0.19, 0.36] 0.536 n/a
Sharp -0.26 [-0.52, 0.05] 0.097 n/a -0.07 [-0.34, 0.21] 0.626 n/a
CCD 0.16 [-0.15, 0.44] 0.308 n/a 0.08 [-0.2, 0.35] 0.578 n/a
Coverage 0.11 [-0.20, 0.40] 0.503 n/a -0.10 [-0.37, 0.18] 0.477 n/a
Extrusion -0.11 [-0.40, 0.20] 0.503 n/a 0.10 [-0.18, 0.37] 0.477 n/a
Obliquity 0.25 [-0.05, 0.52] 0.103 n/a -0.09 [-0.36, 0.19] 0.532 n/a
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