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Abstract 30 

Objective: To assess the ability of radiography-based bone texture variables in proximal 31 

femur and acetabulum to predict incident radiographic hip osteoarthritis (rHOA) over a 10 32 

years period. 33 

Design: Pelvic radiographs from CHECK (Cohort Hip and Cohort Knee) at baseline (987 34 

hips) were analyzed for bone texture using fractal signature analysis in proximal femur and 35 

acetabulum. Elastic net (machine learning) was used to predict the incidence of rHOA 36 

(including Kellgren-Lawrence grade (KL) ≥ 2 or total hip replacement (THR)), joint space 37 

narrowing score (JSN, range 0-3), and osteophyte score (OST, range 0-3) after 10 years. 38 

Performance of prediction models was assessed using the area under the receiver operating 39 

characteristic curve (ROC AUC). 40 

Results: Of the 987 hips without rHOA at baseline, 435 (44%) had rHOA at 10-year follow-41 

up. Of the 667 hips with JSN grade 0 at baseline, 471 (71%) had JSN grade ≥ 1 at 10-year 42 

follow-up. Of the 613 hips with OST grade 0 at baseline, 526 (86%) had OST grade ≥ 1 at 10-43 

year follow-up. AUCs for the models including age, gender, and body mass index to predict 44 

incident rHOA, JSN, and OST were 0.59, 0.54, and 0.51, respectively. The inclusion of bone 45 

texture variables in the models improved the prediction of incident rHOA (ROC AUC 0.68 46 

and 0.71 when baseline KL was also included in the model) and JSN (ROC AUC 0.62), but 47 

not incident OST (ROC AUC 0.52). 48 

Conclusion: Bone texture analysis provides additional information for predicting incident 49 

rHOA or THR over 10 years. 50 

Keywords: Radiography, hip osteoarthritis, prediction, bone texture, machine learning 51 
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1. Introduction 1 

 2 

Plain radiography is a cheap, fast and widely available imaging method for osteoarthritis 3 

(OA). Bony changes can be clearly seen on plain radiographs and provide useful information 4 

about bone deformities, density, and structure. A plain radiograph is a projection (summation) 5 

through a three-dimensional structure and this is one main limitation of this imaging method. 6 

However, it has been shown that radiography-based bone texture is significantly related with 7 

the three-dimensional structure of bone1-5. 8 

Medical image analysis often involves interpretation of tissue appearance, e.g., smooth, 9 

grainy, rough, or homogenous. These image properties are related to the spatial arrangement 10 

of pixel intensities in images, i.e., image texture, and can be quantified using texture analysis6. 11 

Radiography-based texture analysis of the proximal femur has been applied for example in 12 

osteoporosis and in the assessment of femoral neck fracture risk7, 8. However, in OA research, 13 

the majority of studies analyzing bone texture are concentrated on the knee, using mostly 14 

fractal-based texture analysis methods1, 9-13. There is evidence that tibial trabecular bone 15 

texture can be used to predict both development and progression of OA as well as total knee 16 

replacement14-21. Only one study applied fractal signature analysis (FSA) on hip radiographs 17 

to quantify trabecular bone changes in subjects with prevalent hip OA and reported changes in 18 

fractal dimension of femoral head between baseline and 18 months follow-up22. However, the 19 

sample size of that study was relatively small (14 subjects) and the follow-up rather short.  20 

Given the previous results showing that FSA can be applied on hip radiographs22 and that 21 

bone density related variables from dual energy X-ray absorptiometry (DXA) contribute to 22 

the risk and progression of hip OA23-26, we hypothesize that radiography-based bone texture 23 

gives additional information in predicting the development of radiographic hip OA (rHOA). 24 

Consequently, our aim was to create a method for automated assessment of bone texture in 25 
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proximal femur and acetabulum from plain hip radiographs and to assess the ability of these 26 

bone texture variables to predict incident rHOA. 27 

  28 
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2. Subjects and Methods 29 

 30 

2.1. Study cohort 31 

 32 

Data from CHECK (Cohort Hip and Cohort Knee) cohort was used in this study27. CHECK is 33 

a prospective cohort study of 1002 subjects initiated to study the course of early knee and hip 34 

OA. Data was collected in ten medical centers in The Netherlands. Subjects were recruited by 35 

general practitioners and via advertisements. At baseline, subjects were aged 45-65 years, had 36 

first onset of pain or stiffness in hip(s) and/or knee(s), and had never or not longer than 6 37 

months ago consulted a physician for these complaints. Subjects with a pathological condition 38 

other than early OA that could explain symptoms were excluded. The study was approved by 39 

medical ethics committees of all ten participating centers and written informed consent was 40 

obtained from all participants. 41 

Plain pelvic anterior-posterior radiographs and clinical data at baseline and 10-year follow-42 

up were used in the current study. Subjects with missing data (radiographs, demographics, 43 

clinical examination), KL grade ≥ 2 at baseline, and/or with insufficient radiograph quality 44 

(artefacts or underexposed) were excluded (Figure 1). As such, the final subset for assessing 45 

incident rHOA (KL grade ≥ 2 or total hip replacement (THR)) within the period from baseline 46 

to 10 years included 987 hips from 601 subjects (Table 1). 47 

 48 

2.2. Acquisition and grading of the radiographs 49 

 50 

Weight-bearing, anterior-posterior pelvic radiographs were acquired according to a 51 

standardized protocol. A wedge was used to assure 15-degree internal rotation in feet. The 52 
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source – detector distance was 120 cm, and the X-ray beam was centered on the superior part 53 

of the pubic symphysis. 54 

Hips were classified according to the KL grading scale28 at baseline and 10-year follow-up. 55 

Superior and medial joint space narrowing (JSN) and superior and inferior osteophytes (OST) 56 

in acetabulum/femur were classified according to the Osteoarthritis Research Society 57 

International (OARSI) grading scale29. The scale for classifying the changes in JSN and OST 58 

was from 0 (normal) to 3 (severe change)29. Highest JSN and OST grades of the analyzed 59 

regions were used in the analyses. Table 1 summarizes the distribution of the KL, JSN, and 60 

OST grades of included hips at baseline and 10-year follow-up. 61 

 62 

2.3. Selection of regions of interests 63 

 64 

Prior to extraction of the regions of interests (ROIs), all images were resampled to have the 65 

same femoral head diameter in pixels as the smallest femoral head diameter on the data. 66 

Bicubic interpolation was used to ensure comparability of the structural variables, without 67 

producing as much artefacts as bilinear or nearest neighbor interpolation algorithms. The 68 

resampling was also needed because part of the baseline radiographs were digitized and saved 69 

in TIFF images (501 hip images were in DICOM and 486 in TIFF format) and the actual pixel 70 

size on the detector was not available. After resampling, to assess bone texture from the 71 

radiographs, 41 circular ROIs with 70 pixels diameter were extracted from femoral head and 72 

acetabulum (25 on femoral head and 16 on acetabulum)  (Figure 2). Although previous 73 

studies have typically used rectangular ROIs, circular ROIs were used in the current study to 74 

better cover femoral head and acetabular area and to enable bone texture assessment in many 75 

different directions inside the ROI without losing pixels when rotating the ROI. ROI selection 76 

procedure was based on fourteen out of seventy-five landmarks, which were manually placed 77 
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on the proximal femur and pelvis in a previous study (Figure 2)30. Two circles were fitted in 78 

femoral head and acetabulum for ROI placement using Least Squares Optimization algorithm, 79 

which calculates the center and radius of best fitting circle in an iterative process. Locations 80 

of the ROIs were determined after a robustness assurance step which guarantees that the same 81 

ROI number selects the same corresponding pixels on images despite the size and rotation 82 

differences among the images. Locations of the ROI1, ROI17, ROI25, and ROI26 were 83 

defined based on the center of the femoral head and the second-most lateral landmark on the 84 

acetabular rim (Figure 2). Other ROIs were automatically placed based on the locations of 85 

those ROIs. 86 

 87 

2.4. Bone texture analysis 88 

 89 

Before texture analysis, images were median filtered with a 3x3 pixels filter to remove high-90 

frequency noise and grayscale values were expanded to full dynamic range (0 – 255). Bone 91 

texture was assessed using the FSA method1, 10, 11. FSA produces fractal dimension values that 92 

are related to the roughness and complexity of the image. To calculate the fractal dimensions, 93 

the image was dilated and eroded with a rod-shaped, horizontally oriented, one-pixel wide 94 

structuring element. After that, the volume, V, between dilated and eroded images was 95 

calculated. Calculations were repeated by varying the element length r from 2 to 5 pixels. The 96 

surface area, A(r), was obtained from the Equation 1: 97 

�(�) 	= 	 (�(�) − �(� − 1))/2,      (1) 98 

Subsequently, a log-log plot was constructed by plotting log of A(r) against log of r. Finally, 99 

the fractal dimension was estimated by the slope of regression line that fitted the three points 100 

in the log-log plot. High fractal dimension values are associated with high complexity of the 101 

image, whereas low complexity results in low fractal dimension values.  102 
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Because the orientation of the bone structures in femoral head and acetabulum varies, we 103 

assessed fractal dimensions in 18 different angles, i.e. from 0 to 170 degrees with 10 degrees 104 

increments, by rotating the ROI. To reduce the number of fractal dimension values (18 values 105 

for 41 ROIs = 738 features per hip), minimum (FDmin) and maximum (FDmax) fractal 106 

dimension values and their respective angles (Anglesmin, Anglesmax) per ROI were selected. 107 

Consequently, 164 texture features were used in the analyses. 108 

 109 

2.5. Statistical analyses 110 

 111 

Logistic regression with generalized estimating equation (GEE) was used to assess the 112 

association of each baseline covariate (age, gender, body mass index (BMI), and baseline KL 113 

grade (KL 0 or KL1)) as well as bone texture variable with incident rHOA (KL grade ≥ 2 or 114 

THR), incident JSN (JSN grade ≥ 1 or THR), and incident OST (OST grade ≥ 1 or THR). 115 

GEE was used to take into account the potential correlation between bilateral measurements. 116 

Odds ratios (OR) and 95% confidence interval of the univariable models were reported. It 117 

should be noted that the OR is not directly interpretable as a relative risk, because the OR 118 

most likely overestimates the relative risk. The analyses were performed using IBM SPSS 119 

Statistics (version 25, IBM Corp., Armonk, NY, USA). 120 

To prevent overfitting, machine learning was used for dimensionality reduction and to 121 

assess the predictive ability of the bone texture variables and baseline covariates. For the 122 

dimensionality reduction and prediction, a regularized logistic regression method called 123 

elastic net was used31, 32. The elastic net linearly combines the L1 and L2 penalties of lasso and 124 

ridge regression methods31, 32. The samples were randomly divided into a training and 125 

validation set (790 hips, 80% of the data) and a hold-out test set (197 hips, 20% of the data) 126 

by stratifying the proportion of the controls and subjects with incident rHOA at follow-up in 127 
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each set. To optimize the ratio of the L1 and L2 penalties (α) and the strength of the penalty 128 

parameter (λ) of the elastic net, 10-fold cross-validation was performed. When α is close to 129 

zero, the elastic net approaches ridge regression, while when α is 1, lasso regression is 130 

performed. The combination of the α- and λ-parameters that had the highest area under the 131 

receiver operating characteristics curve (ROC AUC) in the cross-validation, was selected. 132 

After optimizing elastic net parameters, the predictive ability of 1) covariate model, 2) texture 133 

feature model, 3) covariate + baseline KL (KL0 or KL1) model, and 4) model with covariates, 134 

baseline KL, and texture features combined in the test set were assessed using ROC AUC 135 

value. The agreement between observed outcomes and predictions in the test set were 136 

assessed using calibration plots33. Analyses were repeated to predict incident rHOA among 137 

subjects with only KL0 or KL1 at baseline separately. Furthermore, incident JSN (JSN ≥ 1 or 138 

THR) among subjects with JSN grade 0 at baseline and incident OST (OST grade ≥ 1 or 139 

THR) among subjects with OST grade 0 at baseline were predicted with the elastic net. 140 

Distribution of the proportion of incident rHOA cases was different between imaging centers. 141 

To remove the potential effect of imaging center to fractal dimension values, the variables 142 

were standardized with mean and standard deviation values of the center where the imaging 143 

was performed (z = (x - µ)/SD, where x is the value of each measurement, µ and SD are the 144 

average and standard deviation of the variable at the center where the imaging was 145 

performed). Statistical analyses were performed using R (version 3.4.1) software with Caret34 146 

(version 6.0-47), pROC35 (version 1.13.0), glmnet31 (version 2.0-16), and CalibrationCurves36 147 

(version 0.1.2) packages. 148 

  149 
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3. Results 150 

 151 

Of the 987 hips without rHOA at baseline, 435 (44%) had developed incident rHOA (KL ≥ 2 152 

or THR) at 10-year follow-up (Table 1). Of the 667 hips with JSN grade 0, 471 (71%) had 153 

JSN grade ≥ 1 or THR at 10-year follow-up. Of the 613 hips with OST grade 0, 526 (86%) 154 

had OST grade ≥ 1 or THR at 10-year follow-up. 155 

The GEE models for covariates showed that higher age (OR: 1.06) and baseline KL grade 156 

(OR: 3.80) were associated with significantly (p<0.05) higher odds (Table 2). Female gender 157 

(OR: 0.54) was associated with lower odds of incident rHOA at the 10-year follow-up (Table 158 

2). When looking at the univariable texture models, ORs for minimum fractal dimension 159 

(FDmin) variable models were statistically significant in 11/41 ROIs (OR range: 0.71 – 1.15), 160 

the maximum fractal dimension (FDmax) in 8/41 ROIs (OR range: 0.83 – 1.11), the angle 161 

associated with FDmin (Anglesmin) in 5/41 ROIs (OR range: 0.96 – 1.02), and the angle 162 

associated with FDmax (Anglesmax) in 12/41 ROIs (OR range: 0.93 – 1.05) (Table 3). For 163 

incident JSN grade ≥ 1, ORs for 9 texture variables (OR range: 0.64 – 1.43) were significant 164 

(Supplementary Tables 6 and 7). For incident OST grade ≥ 1, ORs for 5 texture variables (OR 165 

range: 0.78 – 1.08) were significant (Supplementary Tables 8 and 9). 166 

The selected elastic net parameters and ROC AUC values for the covariate model, texture 167 

model, covariate + baseline KL model, and for the combined covariate, baseline KL, and 168 

texture feature model from 10-fold cross-validation are shown in Table 4. The model that 169 

included covariates, baseline KL, and texture features had the highest ROC AUC (0.73 [95% 170 

CI: 0.70 – 0.76]) in cross-validation. The variables that were selected based on the 10-fold 171 

cross-validation of the elastic net are listed in Supplementary Table 5 and visualized in Figure 172 

3. BMI was not selected in any of the models by the algorithm. 173 
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When assessing the performance of the optimized elastic net models in test set, the 174 

combined covariate, baseline KL, and bone texture feature model had the highest AUC (0.71 175 

[95% CI: 0.63 – 0.78]). ROC curves for the 1) covariate, 2) texture, 3) combined covariates 176 

and baseline KL, and 4) combined covariate, baseline KL, and texture feature models in the 177 

test set are shown in Figure 4. Calibration-in-the-large coefficients of the models varied from 178 

-0.42 to -0.31 and calibration slopes from 0.81 to 1.56 (Supplementary Figure 5). 179 

When assessing subjects with KL0 or KL1 at baseline separately, adding the texture 180 

variables improved model performance in the test set. ROC AUC value increased from 0.51 181 

[95% CI: 0.41 – 0.61] to 0.62 [95% CI: 0.53 – 0.72] among KL0 subjects (Supplementary 182 

Figure 6) and from 0.54 [95% CI: 0.37 – 0.70] to 0.65 [95% CI: 0.48 – 0.81] among KL1 183 

subjects (Supplementary Figure 7). Calibration plots of texture and covariate + texture models 184 

among KL0 subjects showed an agreement between actual and predicted risks for low risk 185 

subjects, but failed for high risk subjects (data not shown). For KL1 subjects, calibration plots 186 

showed reasonable agreement between actual and predicted risks for high risk subjects, but 187 

failed for low risk subjects (data not shown). For analyses in subjects with KL0 at baseline, 188 

ROC AUC values in cross-validation were 0.60 (95% CI: 0.55 – 0.66), 0.60 (95% CI: 0.57 – 189 

0.62), and 0.62 (95% CI: 0.59 – 0.64) for covariate, texture, and covariate + texture models, 190 

respectively. For analyses in subjects with KL1 at baseline, ROC AUC values in cross-191 

validation were 0.62 (95% CI: 0.56 – 0.69), 0.71 (95% CI: 0.65 – 0.76), and 0.71 (95% CI: 192 

0.63 – 0.79) for covariate, texture, and covariate + texture models, respectively. 193 

When predicting incident JSN in the test set, the combined texture and covariate model had 194 

the highest ROC AUC value of 0.62 (95% CI: 0.52 – 0.72) (Supplementary Figure 8). 195 

Calibration plots of texture and covariate + texture models showed a reasonable agreement 196 

between actual and predicted risks (data not shown). ROC AUC values in cross-validation 197 
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were 0.54 (95% CI: 0.50 – 0.58), 0.67 (95% CI: 0.63 – 0.71), and 0.67 (95% CI: 0.63 – 0.72) 198 

for covariate, texture, and covariate + texture models, respectively.  199 

Selected models performed poorly when predicting incident OST in the test set 200 

(Supplementary Figure 9) and showed a poor calibration (data not shown). The highest ROC 201 

AUC value (0.52 [95% CI: 0.38 – 0.65]) was obtained with the combined texture and 202 

covariate model. ROC AUC values in cross-validation were 0.55 (95% CI: 0.45 – 0.65), 0.60 203 

(95% CI: 0.52 – 0.68), and 0.60 (95% CI: 0.53 – 0.67) for covariate, texture, and covariate + 204 

texture models, respectively. 205 

  206 
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4. Discussion 207 

 208 

In this study, we created a method for the assessment of bone texture in proximal femur and 209 

acetabulum from plain pelvic radiographs and assessed the ability of bone texture to predict 210 

incident rHOA (KL ≥ 2 or THR). Fractal dimension was measured from 41 ROIs that were 211 

placed on femoral head and acetabulum. Inclusion of bone texture variables in the prediction 212 

model increased the ROC AUC value of the model during cross-validation (from 0.69 to 0.73) 213 

and in the hold-out test set (from 0.68 to 0.71) as compared to the model with baseline patient 214 

characteristics and baseline KL grade. 215 

As there were no previous data for the optimal location of ROIs for bone texture analysis 216 

in the hip, we decided to cover the whole femoral ROI and also incorporate the acetabulum in 217 

our analyses. As shown in a previous study for the knee, areas distal from the subchondral 218 

bone might also include relevant texture information15. Interestingly, majority of the relevant 219 

ROIs for the prediction of rHOA in our analyses were either at or next to the principal 220 

compressive trabeculae or close to the joint space (Figure 3). Depending on the ROI and 221 

variable, either higher or lower values were predictive for rHOA. For example, higher values 222 

in FDmin in ROIs 15, 24, 27, 32 and 33 and lower values in ROIs 1, 2, 6, 10, 19, 28, 29, 40, 223 

and 41 were predictive for rHOA. Lower fractal dimension values are likely associated with 224 

trabecular thickening or a reduction in trabecular number22. Changes in the angles associated 225 

with the fractal dimensions indicate the changes in the orientation of the trabeculae within the 226 

ROI. For example higher Anglesmax values indicate that the maximum fractal dimension value 227 

(FDmax) was detected from higher angles. One possible explanation for the differences 228 

between the directions of the predictive values in the ROIs may be the adaptation of bone 229 

according to the daily loading of the joint. Some areas may experience higher loads whereas 230 
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the loads may be reduced in other areas. Furthermore, subchondral bone sclerosis affect the 231 

values in areas that are near the joint space.  232 

In a previous study assessing changes in FSA in OA hips, 14 subjects were followed 18 233 

months. Fractal dimension of small and medium sized structures in the image were decreased 234 

during follow-up probably due to trabecular thickening or a reduction in trabecular number22. 235 

However, the relationship between FSA and development and/or progression of OA was not 236 

studied. Another study assessed texture on the hip joint space area and reported 88.9% 237 

classification accuracy between controls and OA subjects. However, that study was cross-238 

sectional, did not assess femoral head or acetabular bone texture, and had a limited sample 239 

size (n = 64)37. 240 

In contrast to the scarce assessment of associations between bone texture and hip OA, the 241 

association between tibial bone texture and knee OA has been described in many papers14-18, 242 

20, 21. ROC AUC values between 0.65 and 0.79 have been reported for models predicting 243 

progression or development of knee OA using bone texture and clinical covariates (e.g., age, 244 

BMI and gender)14-16, 18, 21. Associations of covariates and bone texture with incident rHOA in 245 

our study are in line with these results. The ROC AUC to predict rHOA increased from 0.68 246 

to 0.71 after including bone texture to the model that included covariates and KL grading. 247 

Relatively low increase in ROC AUC may be because baseline KL grade alone is already a 248 

quite strong predictor of rHOA. Bone texture does not directly provide information about 249 

JSN, whereas JSN affects directly to KL grade, as this is included in its definition. However, 250 

trabecular bone structure is not evaluated in KL grading whereas bone texture analysis 251 

provides information about that. 252 

When the ability to predict incident rHOA was compared between subjects with KL0 and 253 

KL1 at baseline, ROC AUC values were higher for KL1 subjects (ROC AUC values for the 254 
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full model: 0.62 vs 0.65). These results suggest that in KL0 subjects there might not yet be 255 

changes that can be captured with bone texture analysis and predict incident rHOA. 256 

In this study, the ability to predict incident JSN or OST in the hip was worse than that 257 

reported for the knee14. Our results showed that ROC AUC to predict incident JSN (0.62) was 258 

higher than incident OST (0.52). Distribution of controls and cases was more unbalanced for 259 

incident OST analyses, which may explain some of the difference. Another reason might be 260 

that OSTs were assessed from four different locations and combined into one variable, 261 

whereas JSN was assessed from two different locations and combined into one variable. 262 

Furthermore, JSN and OST are different characteristics of OA. 263 

We decided to resample all images to same size (in pixels) based on the femoral head 264 

diameter, pre-process images with median filtering, and standardize FSA values within each 265 

center, because ten different medical centers with different proportions of incident rHOA 266 

cases (p<0.05) participated in the data collection and different X-ray machines were used for 267 

the imaging. We believe that the standardization lower the possibility that the prediction 268 

models recognize a center based on texture values and use that information to improve the 269 

prediction. It should be noted that the performance of the models were very similar without 270 

pre-processing and/or standardization (0.01 – 0.03 difference in ROC AUCs, data not shown). 271 

The resampling of the images and the lack of actual pixel size of some images complicates the 272 

assessment of the actual scale that the FSA quantified here. However, based on the images 273 

that had the pixel size was available, the scale was around 600 µm. 274 

Assessment of calibration (agreement between observed outcomes and predictions) in the 275 

test set indicated that predicted risks were on average slightly overestimated when predicting 276 

rHOA (calibration-in-the-large coefficients < 0). The model using only FSA variables showed 277 

some overfitting (calibration slope < 1) and other models some underfitting (calibration slope 278 

> 1). For the elastic net models, the combination of the α- and λ-parameters that had the 279 
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highest ROC AUC in the cross-validation, were selected. We also tested selecting the largest 280 

λ-value such that error in cross-validation was within 1 standard error of the λ that had the 281 

highest ROC AUC, but calibration plots indicated that these models were in general 282 

underfitted (data not shown). Our sample size was too low for reliable assessment of the 283 

calibration intercept and slope when predicting other outcomes than incident rHOA (123 284 

controls, 74 OA in the test set), because at least 100 events and 100 non-events have been 285 

recommended36 and were not therefore calculated. 286 

This study contains some limitations that need to be discussed. First, the relevance of bone 287 

changes to the OA disease process might differ between HOA phenotypes. In the current 288 

study, different phenotypes were mixed as there is no consensus on how to define OA 289 

phenotypes yet. Second, radiographic scoring is subjective, semi-quantitative, and a plain 290 

radiograph is a projection of 3-dimensional structure. Therefore, some OA changes may have 291 

been missed. Third, rHOA and THR were combined as an outcome, while they might be 292 

different. We decided to combine these outcomes due to low number of THR subjects. 293 

Fourth, ten different medical centers with different proportions of incident rHOA cases 294 

(p<0.05) participated in the data collection and different X-ray machines were used for the 295 

imaging, which may have affected texture analysis. However, FSA has been shown to be 296 

robust to the changes in imaging settings (e.g., exposure and pixel size)11 and FSA values 297 

were standardized within each center. We think that including data from multiple X-ray 298 

machines increases the generalizability of our results. Fifth, training, validation, and test sets 299 

were derived from CHECK and the model was not tested in another cohort. However, to 300 

reduce overfitting, the hold-out test set was not used in cross-validation and the optimal 301 

elastic net parameters were searched using 10-fold cross-validation. Sixth, some ROIs (e.g., 302 

ROIs 32-38 in acetabulum) may contain both cortical and trabecular bone and should be 303 

considered when interpreting the results. Seventh, the potential correlation between bilateral 304 
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measurements was not taken into account in the elastic net analyses, which may have 305 

introduced some bias into our analyses. However, correlation between hips was taken into the 306 

account in the GEE analyses. 307 

In conclusion, bone texture analysis in proximal femur and acetabulum provides additional 308 

information when trying to predict incident rHOA or THR. Our results suggest that bone 309 

texture variables could be valuable when building prediction tools for OA. Given the current 310 

results and the previous results on knee, a similar analysis approach could be tested in other 311 

joints (e.g., hands) as well in the future. 312 

  313 
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Figure legends 463 

 464 

Figure 1. Flowchart of the selection of CHECK subjects and hips for the current study. 465 

 466 

Figure 2. Location of regions of interest (ROIs). Landmarks that were used when fitting 467 

circles to the femoral head and acetabulum are indicated with white “x”. The white dashed 468 

line shows the centers of the femoral head, ROI1, ROI25 and ROI26. Other ROIs were 469 

automatically placed based on the locations of those ROIs. 470 

 471 

Figure 3. Location of regions of interest (ROIs) selected to the final elastic net model.  472 

 473 

Figure 4. Receiver operating characteristics (ROC) curves and respective area under the 474 

curve (AUC) values for predicting incident rHOA (KL ≥ 2 or THR) using 1) covariates (age, 475 

gender and body mass index), 2) texture variables from fractal signature analysis (FSA), 3) 476 

covariates and baseline KL grade, and 4) texture variables combined with covariates and KL 477 

grade. 478 

 479 

Supplementary Figure 5. Calibration plots for models predicting incident rHOA (KL ≥ 2 or 480 

THR) using (A) covariates (age, gender and body mass index), (B) covariates and baseline 481 

KL grade, (C) texture variables from fractal signature analysis (FSA), and (D) texture 482 

variables combined with covariates and KL grade. 483 

 484 

Supplementary Figure 6. Receiver operating characteristics (ROC) curves and their 485 

respective area under the curve (AUC) values for predicting incident rHOA (KL ≥ 2 or THR) 486 

among subjects with KL0 grade at baseline using 1) texture variables from fractal signature 487 
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analysis (FSA), 2) covariates (age, gender, and body mass index), and 3) texture variables 488 

combined with covariates. 489 

 490 

Supplementary Figure 7. Receiver operating characteristics (ROC) curves and their 491 

respective area under the curve (AUC) values for predicting incident rHOA (KL ≥ 2 or THR) 492 

among subjects with KL1 grade at baseline using 1) texture variables from fractal signature 493 

analysis (FSA), 2) covariates (age, gender, body mass index), and 3) texture variables 494 

combined with covariates. 495 

 496 

Supplementary Figure 8. Receiver operating characteristics (ROC) curves and their 497 

respective area under the curve (AUC) values for predicting incident joint space narrowing 498 

(JSN) among subjects with JSN grade 0 at baseline using 1) texture variables from fractal 499 

signature analysis (FSA), 2) covariates (age, gender, body mass index), and 3) texture 500 

variables combined with covariates. 501 

 502 

Supplementary Figure 9. Receiver operating characteristics (ROC) curves and their 503 

respective area under the curve (AUC) values for predicting incident osteophytes (OST) 504 

among subjects with OST grade 0 at baseline using 1) texture variables from fractal signature 505 

analysis (FSA), 2) covariates (age, gender, body mass index), and 3) texture variables 506 

combined with covariates. 507 

  508 
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Tables 509 

Table 1. Characteristics of the subjects that were included in the current study. 510 

   Incident OA (KL ≥ 2) Incident JSN (JSN grade ≥ 1) Incident OST (OST grade ≥ 1) 
Variable Baseline 10-year 

follow-up 
Controls 
(n = 552) 

OA 
(n = 435) 

Controls 
(n = 196) 

JSN 
(n = 471) 

Controls 
(n = 87) 

OST 
(n = 526) 

Anthropometric variables        
Age [years] 55.7 (5.2)  55.0 (5.2) 56.5 (5.1) 55.1 (5.0) 56.0 (5.1) 55.3 (5.6) 55.2 (5.1) 

Body mass index [kg/m
2
] 25.9 (3.8)  25.9 (3.9) 25.9 (3.6) 25.5 (3.2) 25.9 (3.8) 25.5 (3.5) 26.0 (3.8) 

Gender:         
Male 160 (16.2%)  71 (12.9%) 89 (20.5%) 23 (11.7%) 67 (14.2%) 9 (10.3%) 74 (14.1%) 
Female 827 (83.8%)  481 (87.1%) 346 (79.5%) 173 (88.3%) 404 (85.8%) 78 (89.7%) 452 (85.9%) 

KL grade distribution:           
KL0 720 (72.9%) 131 (13.3%)         
KL1 267 (27.1%) 421 (42.7%)         
KL2  389 (39.4%)         
KL3  15 (1.5%)         
KL4  -         
Total hip replacement  31 (3.1%)         

JSN grade distribution:         
0 667 (100%) 196 (29.4%)       
1  438 (65.7%)       
2  21 (3.1%)       
3  2 (0.3%)       
Total hip replacement  10 (1.5%)       

OST grade distribution:         
0 613 (100%) 87 (14.2%)       
1  348 (56.8%)       
2  167 (27.2%)       
3  5 (0.8%)       
Total hip replacement  6 (1.0%)       

KL = Kellgren-Lawrence, JSN = joint space narrowing, OST = osteophyte. All values are given as mean (standard deviation) or n (%). 
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Table 2. Odds ratios (95% confidence interval) of the univariable covariate models to assess 511 

incident rHOA (KL ≥ 2 or THR). 512 

Predictor Odds ratio  
Age (years) 1.06 (1.03 – 1.09)* 
Female gender 0.54 (0.37 – 0.80)* 
Baseline KL grade 3.80 (2.79 – 5.16)* 
Body mass index (kg/m2) 1.00 (0.96 –  1.04) 
*p < 0.05  513 
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Table 3. Odds ratios (95% confidence interval) of univariable texture models to assess 514 

incidence of rHOA (KL ≥ 2 or THR). 515 

ROI FDmin FDmax Anglesmin Anglesmax 

1 0.84 (0.74 – 0.96)* 0.88 (0.78 – 1.01) 1.02 (1.00 – 1.05)* 0.93 (0.90 – 0.97)* 
2 0.84 (0.73 – 0.96)* 0.88 (0.76 – 1.01) 1.00 (0.97 – 1.04) 0.98 (0.95 – 1.01) 
3 0.96 (0.85 – 1.09) 0.88 (0.78 – 0.99)* 0.98 (0.94 – 1.02) 1.02 (0.99 – 1.05) 
4 1.01 (0.89 – 1.15) 0.97 (0.86 – 1.10) 0.97 (0.94 – 1.00)* 1.00 (0.97 – 1.03) 
5 0.99 (0.87 – 1.13) 1.00 (0.89 – 1.13) 0.97 (0.94 – 0.99)* 0.99 (0.95 – 1.03) 
6 0.83 (0.73 – 0.95)* 0.87 (0.77 – 0.99)* 0.99 (0.97 – 1.02) 0.99 (0.96 – 1.02) 
7 0.95 (0.84 – 1.08) 1.00 (0.88 – 1.13) 0.99 (0.97 – 1.01) 1.00 (0.96 – 1.03) 
8 1.02 (0.89 – 1.16) 1.04 (0.92 – 1.18) 1.00 (0.98 – 1.02) 0.98 (0.95 – 1.01) 
9 1.01 (0.89 – 1.14) 1.05 (0.93 – 1.19) 0.99 (0.97 – 1.02) 0.98 (0.96 – 1.00) 
10 0.81 (0.72 – 0.93)* 0.88 (0.78 – 1.01) 1.01 (0.98 – 1.05) 0.96 (0.94 – 0.98)* 
11 0.89 (0.79 – 1.01) 0.95 (0.84 – 1.07) 1.01 (0.98 – 1.04) 0.95 (0.93 – 0.98)* 
12 0.97 (0.85 – 1.09) 1.04 (0.92 – 1.18) 1.02 (0.99 – 1.04) 0.95 (0.92 – 0.98)* 
13 0.94 (0.82 – 1.07) 1.01 (0.89 – 1.15) 1.01 (0.99 – 1.03) 0.98 (0.94 – 1.01) 
14 1.03 (0.91 – 1.17) 1.11 (0.98 – 1.26) 1.02 (1.00 – 1.03) 0.96 (0.93 – 0.99)* 
15 0.97 (0.85 – 1.10) 0.96 (0.85 – 1.09) 0.99 (0.97 – 1.01) 1.02 (0.98 – 1.05) 
16 1.06 (0.93 – 1.20) 0.92 (0.81 – 1.03) 0.96 (0.93 – 0.98)* 0.97 (0.93 – 1.02) 
17 1.03 (0.90 – 1.17) 1.03 (0.91 – 1.17) 1.00 (0.97 – 1.02) 0.93 (0.90 – 0.97)* 
18 0.88 (0.77 – 1.00) 0.92 (0.81 – 1.04) 0.97 (0.94 – 1.01) 0.98 (0.96 – 1.01) 
19 0.81 (0.71 – 0.93)* 0.87 (0.76 – 0.99)* 1.02 (0.99 – 1.06) 0.99 (0.96 – 1.02) 
20 0.92 (0.81 – 1.04) 1.00 (0.88 – 1.12) 1.01 (0.98 – 1.04) 0.98 (0.96 – 1.00) 
21 1.03 (0.91 – 1.17) 0.97 (0.85 – 1.10) 1.00 (0.96 – 1.04) 0.98 (0.96 – 1.01) 
22 0.93 (0.83 – 1.05) 0.88 (0.77 – 0.99)* 0.97 (0.93 – 1.01) 0.97 (0.94 – 0.99)* 
23 0.88 (0.78 – 1.00) 0.92 (0.82 – 1.04) 1.03 (0.99 – 1.06) 0.95 (0.92 – 0.98)* 
24 1.05 (0.92 – 1.19) 1.09 (0.96 – 1.24) 1.01 (0.99 – 1.04) 0.93 (0.90 – 0.97)* 
25 0.98 (0.87 – 1.12) 1.01 (0.90 – 1.14) 1.00 (0.94 – 1.05) 0.95 (0.92 – 0.99)* 
26 0.96 (0.84 – 1.09) 1.01 (0.90 – 1.15) 1.03 (1.00 – 1.06) 1.03 (0.99 – 1.07) 
27 0.79 (0.70 – 0.90)* 0.85 (0.75 – 0.96)* 1.00 (0.97 – 1.03) 0.99 (0.97 – 1.00) 
28 0.78 (0.69 – 0.90)* 0.89 (0.78 – 1.02) 1.03 (1.00 – 1.06) 0.99 (0.98 – 1.01) 
29 0.78 (0.68 – 0.89)* 0.95 (0.84 – 1.08) 0.98 (0.95 – 1.01) 1.01 (0.99 – 1.04) 
30 0.84 (0.75 – 0.95)* 0.98 (0.87 – 1.11) 1.00 (0.97 – 1.03) 0.99 (0.96 – 1.02) 
31 1.00 (0.88 – 1.13) 0.97 (0.85 – 1.10) 0.99 (0.96 – 1.01) 0.99 (0.96 – 1.02) 
32 1.13 (0.99 – 1.30) 0.92 (0.81 – 1.04) 0.99 (0.97 – 1.01) 1.05 (1.00 – 1.09)* 
33 1.14 (1.00 – 1.30) 1.07 (0.94 – 1.22) 0.98 (0.96 – 1.01) 0.96 (0.90 – 1.03) 
34 1.09 (0.96 – 1.24) 1.12 (0.98 – 1.28) 1.00 (0.98 – 1.02) 1.00 (0.89 – 1.14) 
35 1.00 (0.88 – 1.13) 1.02 (0.90 – 1.16) 1.02 (1.00 – 1.04) 1.01 (0.90 – 1.13) 
36 1.01 (0.89 – 1.15) 0.95 (0.84 – 1.08) 1.02 (1.00 – 1.03) 0.93 (0.81 – 1.07) 
37 1.02 (0.90 – 1.15) 1.03 (0.91 – 1.17) 1.01 (0.99 – 1.03) 0.92 (0.80 – 1.05) 
38 1.00 (0.87 – 1.14) 1.09 (0.96 – 1.24) 0.99 (0.97 – 1.01) 0.99 (0.93 – 1.06) 
39 1.15 (1.01 – 1.32)* 1.07 (0.94 – 1.22) 0.99 (0.97 – 1.01) 0.99 (0.95 – 1.03) 
40 0.92 (0.81 – 1.04) 0.86 (0.76 – 0.98)* 0.98 (0.96 – 0.99)* 1.04 (1.01 – 1.07)* 
41 0.71 (0.63 – 0.81)* 0.83 (0.73 – 0.94)* 0.98 (0.96 – 1.00) 1.01 (0.98 – 1.03) 
*p < 0.05 
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Table 4. Selected λ and α parameters for the elastic net from 10-fold cross-validation and 516 

areas under the receiver operating characteristics curve (ROC AUC) (95% confidence 517 

interval) for predicting incidence of rHOA (KL ≥ 2 or THR) with the covariate, texture, 518 

covariate + baseline KL, and texture + covariate + baseline KL models. 519 

Model Selected λ Selected α ROC AUC in 
validation 

Covariates (age, gender, body mass index) 0.096 0.15 0.61 (0.58 – 0.64) 
Texture features 0.059 0.10 0.68 (0.65 – 0.71) 
Covariates + baseline KL 0.001 0.30 0.69 (0.64 – 0.74) 
Texture features + covariates + baseline KL 0.153 0.10 0.73 (0.70 – 0.76) 
 520 

 521 

 522 
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