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Abstract: Evaluation of the bony anatomy of the glenohumeral joint is frequently required for
surgical planning and subject-specific computational modelling and simulation. The
three-dimensional geometry of bones is traditionally obtained by segmenting medical
image datasets, but this can be time-consuming and is usually not practical in the
clinical setting. The aims of this study were twofold. Firstly, to develop and validate a
statistical shape modeling approach to rapidly reconstruct the complete scapular and
humeral geometries using discrete morphometric measurements that can be quickly
and easily measured directly from CT, and secondly, to assess the effectiveness of
statistical shape modeling in reconstruction of the entire humerus long-bone using just
the landmarks in the immediate vicinity of the glenohumeral joint. The most
representative shape prediction models presented in this study achieved complete
scapular and humeral geometry prediction from seven or fewer morphometric
measurements and yielded a mean surface root mean square (RMS) error under 2
mm. Reconstruction of the entire humerus was achieved using information of only
proximal humerus bony landmarks and yielding mean surface RMS errors under 3 mm.
The proposed statistical shape modelling facilitates rapid generation of 3D anatomical
models of the glenohumeral joint, which may be useful in rapid development of
personalized musculoskeletal models.
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ABSTRACT 28 

Evaluation of the bony anatomy of the glenohumeral joint is frequently required for 29 

surgical planning and subject-specific computational modelling and simulation. The three-30 

dimensional geometry of bones is traditionally obtained by segmenting medical image datasets, 31 

but this can be time-consuming and is usually not practical in the clinical setting. The aims of 32 

this study were twofold. Firstly, to develop and validate a statistical shape modeling approach 33 

to rapidly reconstruct the complete scapular and humeral geometries using discrete 34 

morphometric measurements that can be quickly and easily measured directly from CT, and 35 

secondly, to assess the effectiveness of statistical shape modeling in reconstruction of the entire 36 

humerus long-bone using just the landmarks in the immediate vicinity of the glenohumeral 37 

joint. The most representative shape prediction models presented in this study achieved 38 

complete scapular and humeral geometry prediction from seven or fewer morphometric 39 

measurements and yielded a mean surface root mean square (RMS) error under 2 mm. 40 

Reconstruction of the entire humerus was achieved using information of only proximal 41 

humerus bony landmarks and yielding mean surface RMS errors under 3 mm. The proposed 42 

statistical shape modelling facilitates rapid generation of 3D anatomical models of the 43 

glenohumeral joint, which may be useful in rapid development of personalized musculoskeletal 44 

models. 45 

  46 



INTRODUCTION 47 

The bony anatomy of the glenohumeral joint is known to vary significantly across the 48 

population, and is influenced by factors such as age, sex, and ethnicity (Sintini et al. 2018; von 49 

Schroeder 2001). The size and shape of the scapula and humerus influences the paths of 50 

muscle-tendon units spanning the glenohumeral joint, which affects their muscle moment arms, 51 

lines of action, the operating region on the force-length and force-velocity curves, and resultant 52 

muscle-generated joint forces (Raikova et al. 2001). Consequently, evaluation of the three-53 

dimensional geometry of these bones has played an important role in subject-specific 54 

computational modelling and simulation at the shoulder, facilitating surgical planning, virtual 55 

clinical trials, implant design, and prescription of rehabilitation (Frankle et al. 2009; Pearl 56 

2005). 57 

The three-dimensional geometry of bones is traditionally obtained by segmenting 58 

image datasets derived from computed tomography (CT) or magnetic resonance imaging 59 

(MRI), but this can be time consuming and impractical for clinical settings. The scaling of 60 

generic bone surfaces is commonly employed as an alternative, including linear scaling based 61 

on bone anthropometric measurements, which can be performed rapidly and with high 62 

computational efficiency; however, this approach generally cannot be used to accurately 63 

discern subject-specific bone morphology and features such as muscle and ligament attachment 64 

(Scheys et al. 2008; Wu et al. 2016). Mean RMS errors in excess of 5 mm have been reported 65 

in predicting pelvis, femur, tibia, fibula, and patella geometry using linear scaling (Zhang et al. 66 

2016a), with hip muscle moment arm errors of up to 16.7 mm (Bahl et al. 2019).  67 

Statistical shape modelling of bones is a mathematical approach that has been used to 68 

describe bony features across a group or population using principal component analysis (PCA) 69 

(Jolliffe 1986). At the shoulder, statistical shape modeling has been used to identify sex and 70 

ethnicity differences in the cortical and cancellous proximal humerus (Sintini et al. 2018), 71 



assess morphologic and material property variations in the scapula (Burton et al. 2019; Casier 72 

et al. 2018), evaluate scapula cortical thickness across populations (Pitocchi et al. 2020), and 73 

reconstruct glenoid anatomy with RMS errors as low as 1.0 ± 0.2 mm (Abler et al. 2018). In 74 

addition, SSM has been used as a tool for reconstruction of complete bone geometry from a 75 

limited image dataset. For example, Zhang et al. (2016a) used SSM to predict entire surface 76 

geometry of the pelvis, femur, tibia, fibula, and patella from seven landmarks digitized using 77 

video motion-capture. They demonstrated a mean RMS error of the predicted shapes of 4.3 78 

mm, which was an improvement over that of linear scaling methods (RMS error of 5.2 mm). 79 

The ability to predict complete geometry of bones from a limited set of geometric 80 

measurements has application in rapid generation of subject-specific bone and joint models 81 

and may ultimately avoid the time-consuming process of image segmentation. At present, the 82 

predictability of scapular and humeral surface reconstruction using discrete bony landmarks 83 

remains poorly understood. This includes estimation of the entire humeral geometry using only 84 

bony features from the proximal humerus, which is most commonly acquired using CT for pre-85 

operative planning of shoulder surgery. The aims of the present study were twofold. Firstly, to 86 

develop and validate a statistical shape modeling approach for rapid reconstruction of complete 87 

scapular and humeral geometries using a small number of clinically relevant morphometric 88 

measurements derived from CT; and secondly, to assess the effectiveness of statistical shape 89 

modeling in reconstruction of the entire humeral long bone using only morphometric 90 

measurements of bony landmarks in the immediate vicinity of the glenohumeral joint. The 91 

findings will have implications for rapid subject-specific shoulder model development using 92 

image datasets commonly acquired in the clinical setting. 93 

 94 
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METHODS 97 

 Statistical shape model generation 98 

Right scapular geometries of thirty male (age 60.3±10.0 years, weight 72.1±10.9 kg) 99 

and thirty female subjects (age 58.1±8.7 years, weight 61.0±16.0 kg) together with right 100 

humeral geometries of thirty male (age 61.0±10.5 years, weight 64.6±10.3 kg) and thirty female 101 

subjects (age 58.6±10.2 years, weight 54.3±9.3 kg) were digitally reconstructed from CT scans 102 

using commercially available software (Mimics 21.0, Materialise NV, Belgium) (Table S1-S4, 103 

Supplementary Material). All subjects were head and neck cancer patients that were free of 104 

macroscopic shoulder bone abnormalities. The CT scans were obtained from a publicly 105 

accessible database (QIN-HEADNECK) and had a slice thickness of either 3 mm or 5 mm 106 

(Clark et al. 2013; Fedorov et al. 2016; R et al. 2015). Bone surfaces derived from the image 107 

segmentation were smoothed and re-meshed to produce surfaces with a nominal element size 108 

of 1.0 mm (Geomagic Wrap 2015, 3D Systems, USA). The resultant surface meshes were used 109 

as training sets for the generation of four statistical shape models (SSMs) representing the 110 

scapula and humerus for both males and females. 111 

Generation of SSMs comprised (i) non-rigid registration, (ii) rigid body alignment and 112 

(iii) PCA. First, non-rigid registration was used to establish nodal correspondence among the 113 

training meshes. This was achieved by registering a template mesh of median size and shape 114 

using the first two principal components to all other meshes in the same training set using a 115 

radial basis function (RBF) non-rigid registration algorithm (Zhang et al. 2018). 116 

A rigid body alignment algorithm was then applied to all registered meshes in the 117 

training set. This process, which eliminated variation caused by rotation and translation, was 118 

employed using an iterative closest point (ICP) algorithm that minimized the sum of squared 119 

distances between corresponding nodes of two shape surfaces (Besl and McKay 1992). 120 



Finally, PCA was applied to each of the four training sets i.e., male scapula, female 121 

scapula, male humerus and female humerus, to achieve dimensionality reduction (Jolliffe 122 

1986). PCA allowed any shape in the training set to be approximated as the mean shape plus a 123 

linear combination of the first k principal components 124 

𝑿 = 𝑿̅ +∑𝑏𝑖𝜱𝑖

𝑘

𝑖=1

(1) 125 

where 𝑿 represents a random shape in the training set, 𝑿̅ represents the mean shape, 𝜱𝑖 126 

represents the ith principal component, and 𝑏𝑖 represents the principal component score for 127 

𝜱𝑖. 128 

The software GIAS2, which is part of the MAP Client open-source platform (Zhang et 129 

al. 2014), was used to perform non-rigid registration and rigid body alignment when generating 130 

SSMs. 131 

Morphometric measurements 132 

Fifteen clinically relevant anatomical scapular landmarks (Table 1) and eight humeral 133 

landmarks adapted from previous studies (Table 2) (Arias-Martorell et al. 2014; Kranioti et al. 134 

2009; Polguj et al. 2016; von Schroeder 2001) were manually identified on each scapular and 135 

humeral mesh (Fig. 1). These landmarks were also identified on the mean shape of each training 136 

set. The scalar distance between all combinations of two landmarks were then calculated for 137 

each scapula and humerus mesh (Matlab R2019b, MathWorks, USA). Landmarks of each 138 

training mesh were then registered to the landmarks of the corresponding mean shape mesh 139 

using singular value decomposition (SVD) to ensure that the variations in the 3-dimensional 140 

coordinates of each landmark were a consequence of geometric variations only. The registered 141 

landmark coordinates and the calculated scalar distances between landmarks were assembled 142 



into a measurement data matrix m, which was used in subsequent analyses. For the humerus, 143 

the humeral head radius and the mid shaft girth were also included in the measurement data 144 

matrix m to better characterize the morphology of these regions (Chatterjee et al. 2017; DeLude 145 

et al. 2007). 146 

Shape prediction 147 

The scapula and humerus shape prediction models were built using a univariate least 148 

absolute shrinkage and selection operator (Lasso) regression (Tibshirani 1996). The principal 149 

component scores, 𝑏𝑖, of the first k principal components of a scapular or humeral mesh were 150 

predicted from an ensemble of Lasso regressors, R, using 151 

𝑏̂𝑖 = 𝑅𝑖(𝒎𝑖) (2) 152 

𝑅 = {𝑅1, 𝑅2, … , 𝑅𝑘} (3) 153 

where 𝑏̂𝑖 is the predicted principal component score for the ith principal component, 𝑅𝑖 is the 154 

Lasso regressor for 𝑏̂𝑖, and 𝒎𝑖 ∈ 𝒎 is a subset of the measurement data matrix m. 155 

With the principal component scores of the first k principal components, the scapular 156 

and humeral meshes were then reconstructed using Eq. (1). Bayesian information criterion 157 

(BIC) was used to control the Lasso regression to select an optimal shape prediction model 158 

with good fit and reasonable complexity. This was achieved using an iterative process: 159 

1. In the initial iteration, an ensemble of Lasso regressors 𝑅0 was found from the whole 160 

measurement data matrix, 𝒎0. 161 

2. In the 𝑖th iteration, any morphometric measurements not used or used by the least number 162 

of regressors in 𝑅𝑖−1 were excluded from 𝒎𝑖. If there existed a tie for the least used 163 

measurement, the measurement used in the regressor of the principal component score of 164 

the higher order principal component was dropped. 𝑅𝑖 was then found using 𝒎𝑖. 165 



3. Step 2 was repeated until only 1 measurement was left. 166 

4. For each iteration, the sum of BICs of the Lasso regressors in 𝑅𝑖 was recorded. The optimal 167 

ensemble 𝑅∗  was chosen as the ensemble that had the lowest sum of BICs. 168 

5. The optimal number of principal components 𝑘∗ was then selected by training ensembles 169 

𝑅𝑘=2,4,6,8,10
∗  and selecting the k that produce the smallest leave-one-out RMS error between 170 

the predicted and actual surface meshes. 171 

For each of the four SSMs, the most representative shape prediction model was chosen 172 

as the one formed by the optimal ensemble, 𝑅∗, and the optimal number of principal 173 

components, 𝑘∗. 174 

Since clinical CT scans of the glenohumeral joint typically exclude the distal humerus, 175 

such as those taken during surgical planning of shoulder arthroplasty, scapular and humeral 176 

shape predictions were evaluated using (i) all scapular and humeral morphometric 177 

measurements, and (ii) morphometric measurements derived from the proximal humerus only 178 

(Table 2). 179 

Model validation 180 

The capability of the SSMs to approximate shapes not used in model training was 181 

evaluated using a leave-one-out strategy. Specifically, each mesh within a given training set 182 

was predicted using the SSM derived from the corresponding training set less the given mesh. 183 

The predicted mesh was then compared to the actual mesh from CT image segmentation. Shape 184 

prediction accuracy was quantified using (i) surface RMS error, which was defined as the RMS 185 

distance between every point on the predicted mesh and its closest neighboring point on the 186 

actual mesh, and (ii) region- and landmark-specific RMS error, which was defined as the RMS 187 

distance calculated between every point on a specific region or landmark of the predicted mesh 188 

and its closest neighboring point on the actual mesh. Region- and landmark-specific RMS error 189 



was calculated using (i) the proximal humerus, defined as the region of the humerus proximal 190 

to the surgical neck of the humerus (ii) the glenoid, which was defined by the entire 191 

glenohumeral joint articular surface located on the lateral angle of the scapula, and (iii) each of 192 

the anatomical scapular and humeral landmarks used in the shape predictions (Fig. 1). 193 

RESULTS 194 

Scapular shape prediction using morphometric measurements 195 

The first two principal components of the male scapula SSM produced the smallest 196 

mean surface RMS error (1.8 mm), thus the corresponding shape prediction model was 197 

considered the most representative shape prediction model for the male scapula (Fig. 2a). 198 

Similarly, the first eight principal components of the female scapula SSM were found to 199 

produce the smallest mean surface RMS error (1.6 mm), and the corresponding shape 200 

prediction model was the most representative shape prediction model for the female scapula 201 

(Fig. 2b). 202 

Six morphometric measurements were required as inputs to achieve a mean surface 203 

RMS error of 1.8 mm in male scapula shape prediction, which included the scalar distances 204 

between scapular landmarks B and M, C and D, D and J, G and I, G and M as well as I and L. 205 

In contrast, seven morphometric measurements were required as inputs to achieve a mean 206 

surface RMS error of 1.6 mm in female scapula shape prediction, including the 3-dimensional 207 

coordinates of scapular landmarks L and M as well as the scalar distance between I and J. For 208 

the male and female scapulae, shape prediction error was largest (≥3.0 mm and ≥2.5 mm for 209 

male and female, respectively) on the inferior angle, superior angle, and tips of coracoid 210 

process and acromion, while the glenoid, scapular spine, supraspinous fossa, and infraspinous 211 

fossa yielded the lowest shape prediction error (≤2.0 mm) (Fig. 3a and Fig. 3b). Landmark A 212 

was the most poorly predicted landmark and had the highest mean RMS error (9.1 mm and 7.8 213 



mm for male and female, respectively), while landmark E was best predicted with the lowest 214 

mean RMS error (2.7 mm and 2.6 mm for male and female, respectively) (Fig. 4a and Fig. 4b). 215 

The glenoid was generally well predicted in both cases, with a mean RMS error of 1.6 mm for 216 

both male and female glenoids. 217 

Humeral shape prediction using morphometric measurements 218 

The first two principal components of the male humerus SSM produced the smallest 219 

mean surface RMS error (1.6 mm), and the corresponding shape prediction model was 220 

considered the most representative shape prediction model for the male humerus (Fig. 2c). 221 

Similarly, the first eight principal components of the female humerus SSM produced the 222 

smallest mean surface RMS error (1.4 mm), and the corresponding shape prediction model was 223 

the most representative shape prediction model for the female humerus (Fig. 2d). 224 

Seven morphometric measurements were required as inputs to achieve a mean surface 225 

RMS error of 1.6 mm in male humerus shape prediction, which included the 3-dimensional 226 

coordinates of humeral landmarks Q and T as well as the scalar distance between P and V. In 227 

contrast, six morphometric measurements were required as inputs to achieve a mean surface 228 

RMS error of 1.4 mm in female humerus shape prediction, specifically, the 3-dimensional 229 

coordinates of humeral landmarks P and Q. For the male humerus, shape prediction error was 230 

largest (≥2.0 mm) around the greater tubercle, lesser tubercle, and the lateral epicondyle, while 231 

for the female humerus, shape prediction error was largest (≥1.6 mm) around the superior and 232 

inferior-posterior regions of the humeral head as well as the inferior edge of the distal humerus 233 

(Fig. 3c and Fig. 3d). In both cases, the humeral shaft yielded the lowest shape prediction error 234 

(≤1.6 mm and ≤1.4 mm for male and female, respectively). For humeral landmarks, the highest 235 

mean RMS error was found at landmark R (6.0 mm and 4.8 mm for male and female, 236 

respectively), while the lowest mean RMS error was found at landmark U for male (3.6 mm) 237 



and landmark W for female (2.8 mm) (Fig. 4c and Fig. 4d). The mean RMS error of the 238 

proximal humerus was 1.8 mm and 1.4 mm for male and female, respectively. 239 

Humeral shape prediction using proximal humerus morphometric measurements 240 

The first four principal components of the male humerus SSM produced the smallest 241 

mean surface RMS error (2.7 mm), thus the corresponding shape prediction model was 242 

considered the most representative shape prediction model for the male humerus (Fig. 5a). 243 

Similarly, the first six principal components of the female humerus SSM produced the smallest 244 

mean surface RMS error (2.1 mm), and the corresponding shape prediction model was the most 245 

representative shape prediction model for the female humerus (Fig. 5b). 246 

Four morphometric measurements were required as inputs to achieve a mean surface 247 

RMS error of 2.7 mm in male humerus shape prediction (scalar distances between P and R, P 248 

and S, Q and R as well as Q and S). For the female humerus, four morphometric measurements 249 

were required as inputs to achieve a mean surface RMS error of 2.1 mm in shape prediction, 250 

specifically, the 3-dimensional coordinates of humeral landmark Q and the humeral head 251 

radius. For male and female humeri, shape prediction error was found to be largest (≥5.0 mm 252 

and ≥3.5 mm for male and female, respectively) around the superior region of proximal 253 

humerus and the inferior edge of distal humerus (Fig. 6a and Fig. 6b), while the humeral shaft 254 

yielded the lowest shape prediction error (≤2.5 mm and ≤2.0 mm for male and female, 255 

respectively). For landmarks, the highest mean RMS error was found at landmark V (10.0 mm 256 

and 7.4 mm for male and female, respectively), while the lowest mean RMS error was found 257 

at landmark P for male (6.8 mm) and landmark Q for female (5.2 mm) (Fig. 7a and Fig. 7b). 258 

The proximal humerus was predicted with a mean RMS error of 3.0 mm and 2.5 mm for male 259 

and female proximal humeri, respectively. 260 

 261 



DISCUSSION 262 

This study presented a technique for reconstructing scapular and humeral bony 263 

geometry using statistical shape modeling and morphometric measurements that can be readily 264 

evaluated radiographically, thus avoiding time-consuming bone segmentation. The most 265 

representative shape prediction models presented in this study achieved a mean surface RMS 266 

error of 1.8 mm, 1.6 mm, 1.6 mm and 1.4 mm for male scapulae, female scapulae, male humeri 267 

and female humeri, respectively. These errors are substantially lower than that of the CT slice 268 

thickness used in model development (3.0-5.0 mm), and of similar magnitude as the accuracy 269 

of glenoid baseplate positioning in total shoulder arthroplasty using patient-specific 270 

instruments reported by Levy et al. (2014) (1.2±0.7 mm) and Hendel et al. (2012) (2.4±1.6 271 

mm). In addition, the glenoid and the proximal humerus, which are regions of interest in 272 

shoulder imaging and surgical planning, were well predicted by the representative bone models 273 

with a mean RMS error of under 2 mm. This finding is comparable to the accuracy of the SSM-274 

based glenoid reconstruction techniques described by Plessers et al. (2018) (RMS error of 275 

1.2±0.4 mm) and Abler et al. (2018) (RMS error of 1.0±0.2 mm). 276 

Region-specific RMS errors in scapular and humeral landmark prediction, which may 277 

be used as a surrogate measure of muscle attachment site estimation accuracy, yielded mean 278 

landmark RMS errors below 10 mm for all scapular landmarks and below 6 mm for all humeral 279 

landmarks. This compares favorably to the non-linear morphing method presented by Pellikaan 280 

et al. (2014) (69% of the muscle attachment sites with a mean error less than 15 mm) and 281 

Kaptein and van der Helm (2004) (45% of the muscle attachment sites with a mean error less 282 

than 7 mm), and is of similar magnitude as the humeral muscle attachment site estimation 283 

accuracy of a SSM-based method presented by Pitocchi et al. (2021) (median error less than 284 

3.5 mm). However, a shortcoming of these previously techniques is that they require a 285 

segmented bone model as the registration target. The technique presented in this study enables 286 



rapid generation of patient-specific 3D models of the glenohumeral joint without the need of 287 

image segmentation, and is an improvement on standard linear scaling methods in both overall 288 

and region-specific bone geometry reconstruction accuracy. 289 

Pre-operative CT scanning of the glenohumeral joint is commonly performed in 290 

surgical planning prior to arthroplasty (Scalise et al. 2008); however, the image datasets 291 

acquired typically exclude the distal humerus. Reconstruction of both the proximal and distal 292 

humerus is relevant in the estimating distal humerus muscle attachment sites, for example, in 293 

developing subject-specific musculoskeletal models of the upper limb, as well as in 294 

establishing the ISB recommended humeral joint coordinate system, which requires the 295 

epicondyle positions. We showed that accurate reconstruction of the entire humeral geometry 296 

is possible using only proximal humerus morphometric measurements with a mean surface 297 

RMS error of 2.7 mm and 2.1 mm for male and female humeri, respectively. The proximal 298 

humerus was reasonably well predicted, with a mean RMS error of 3.0 mm and 2.5 mm for 299 

male and female proximal humeri, respectively. This accuracy is higher than that reported for 300 

the proximal femur using a similar SSM approach by Zhang and Besier (2017) (RMS error of 301 

10.4±3.2 mm), and is of the same order of magnitude to that reported by Hendel et al. (2012) 302 

for glenoid baseplate positioning in anatomic total shoulder arthroplasty (3.4±1.8 mm). In the 303 

present study, humeral landmark RMS errors were no larger than 10 mm, which is comparable 304 

to the muscle attachment site estimation accuracy of non-linear morphing methods (Kaptein 305 

and van der Helm 2004; Pellikaan et al. 2014). These findings suggest that segmentation of the 306 

entire humerus may be avoided in developing patient-specific anatomical models of this bone 307 

for normal adult subjects. 308 

In the present study, shape prediction accuracies for male and female bones were found 309 

to be similar, with differences in mean surface RMS errors less than 1 mm. This finding is 310 

consistent with the fact that principal components of male and female SSMs are overall similar. 311 



For example, the first three principal components of the SSMs of male and female scapulae, 312 

which accounted for more than 60% of the total shape variation, described virtually identically 313 

changes in scapula shape (Fig. S1, Supplementary Material). This result also supports the 314 

findings of previous studies that showed bony morphology of the glenohumeral joint of males 315 

and females is similar, though the male bone is typically larger in size (Sintini et al. 2018; 316 

Zhang et al. 2016b). In addition, we found no significant correlation was found between the 317 

number of principal components used in building shape prediction model and shape prediction 318 

accuracy. This is due to the fact that the first two principal components were most dominant, 319 

accounting for more than half of the total scapular shape variation and around 90% of the total 320 

humeral shape variation (Fig. S2, Supplementary Material). Including higher order principal 321 

components is likely to have little overall effect on shape prediction accuracy. 322 

This study has a number of limitations that ought to be considered. First, the training 323 

sets used in this study only had thirty subjects for each gender, and the findings may not be 324 

generalized to very large cohorts. This training set size has been used in previous SSM studies 325 

(Vallabh et al. 2019; Zhang et al. 2016a), and our findings demonstrated subject-specific 326 

shoulder bone geometry reconstruction that is an improvement on linear scaling methods. 327 

Second, bone pathology was not explored in this study, and may ultimately affect SSMs and 328 

their capacity to predict shoulder geometry in the clinical setting. Future studies ought to 329 

evaluate the effects of bone pathologies on the morphology of the glenohumeral joint and shape 330 

prediction effectiveness using the SSM-based approaches. Finally, this study used clinically 331 

relevant landmark coordinates and scalar distance measurements for the scapula and humerus 332 

in shape prediction. Higher order principal components of the SSMs may be associated with 333 

twisting and rotating variations in bone shape, which were not explored (Fig. S1 and Fig. S3, 334 

Supplementary Material).  335 



This study, which presented a SSM-based technique for reconstructing complete 336 

scapular and humeral anatomy from simple morphometric measurements, showed that between 337 

six and seven morphometric measurements are required to reconstruct complete scapular and 338 

humeral geometries with an accuracy that exceeds that of traditional linear scaling methods. 339 

Reconstruction of the entire humerus can be achieved using imaging data derived only for the 340 

proximal humerus, indicating that digitization of the entire long-bone may not be required in 341 

developing accurate patient-specific humeral bone models. The SSM-based technique 342 

presented in this study will facilitate rapid generation of 3D anatomical models of the scapula, 343 

humerus, and glenohumeral joint, which may be useful in patient-specific computational 344 

modelling and surgical planning. 345 
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FIGURE CAPTIONS 355 

Fig. 1 Scapular (a) and humeral landmarks (b) used in shape prediction. For 356 

descriptions of the landmarks, see Table 1 and Table 2 357 

Fig. 2 Leave-one-out surface RMS error of male scapula (a), female scapula (b), male 358 

humerus (c), and female humerus (d) shape predictions from their 359 

corresponding ensembles 𝑅𝑘=2,4,6,8,10
∗  derived using morphometric 360 

measurements calculated from the anatomical landmarks 361 

Fig. 3 Error maps of the mean nodal error across the male scapula (a), female scapula 362 

(b), male humerus (c), and female humerus (d). Nodal errors were evaluated by 363 

comparing the predicted shape from the most representative bone model to the 364 

actual shape. The error at a given node was calculated by taking the mean nodal 365 

errors at the same node across all predicted shapes 366 

Fig. 4 Leave-one-out region- and landmark-specific RMS error of the most 367 

representative models for male scapula (a), female scapula (b), male humerus 368 

(c) and female humerus (d). Region- and landmark-specific RMS error was 369 

calculated using the proximal humerus, glenoid of scapula and each of the 370 

anatomical scapular landmarks and anatomical humeral landmarks (see Table 1 371 

and Table 2) 372 

Fig. 5 Leave-one-out surface RMS errors for male humerus (a) and female humerus 373 

(b) shape predictions from their corresponding ensembles 𝑅𝑘=2,4,6,8,10
∗  derived 374 

using only proximal humerus morphometric measurements 375 

Fig. 6 Error maps of the mean nodal error across the male humerus (a) and female 376 

humerus (b) when comparing the predicted shape from the most representative 377 



bone models to actual shape. Only proximal humerus morphometric 378 

measurements were used 379 

Fig. 7 Leave-one-out region- and landmark-specific RMS errors for the most 380 

representative models of the male humerus (a) and female humerus (b) derived 381 

using only proximal humerus morphometric measurements. Region- and 382 

landmark-specific RMS errors were calculated using the anatomical landmarks 383 

of the proximal humerus (see Table 2) 384 



Fig. 1

a

e fd

b c

Figure 1 Click here to access/download;Figure;Figure 1.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180137&guid=756e69d9-8488-4a2a-9e46-2b98cff82cf3&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180137&guid=756e69d9-8488-4a2a-9e46-2b98cff82cf3&scheme=1


Fig. 2

a b

c d
FEMALE HUMERUSMALE HUMERUS

MALE SCAPULA FEMALE SCAPULA
Figure 2 Click here to access/download;Figure;Figure 2.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180150&guid=d1ff8b7b-426d-4e81-a841-77da3ab1b51b&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180150&guid=d1ff8b7b-426d-4e81-a841-77da3ab1b51b&scheme=1


Fig. 3

a b

c d

FEMALE SCAPULAMALE SCAPULA

MALE HUMERUS FEMALE HUMERUS

3.5

3

2.5

2

1.5

1

3

2.5

2

1.5

1

2.4

2.2

2

1.8

1.6

1.4

1.2

1

0.8

1.8

1.6

1.4

1.2

1

0.8

0.6

3.9 3.1

2.6 2.0

Figure 3 Click here to access/download;Figure;Figure 3.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180151&guid=39ef170b-e105-4d68-9505-d0c66666a4d8&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180151&guid=39ef170b-e105-4d68-9505-d0c66666a4d8&scheme=1


Fig. 4

a b

c d

FEMALE HUMERUSMALE HUMERUS

MALE SCAPULA FEMALE SCAPULA

Proximal 
Humerus

Proximal 
Humerus

P Q R S T U V W P Q R S T U V W

Figure 4 Click here to access/download;Figure;Figure 4.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180152&guid=028bdd62-6867-47e9-b2d3-ddca2fa254a8&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180152&guid=028bdd62-6867-47e9-b2d3-ddca2fa254a8&scheme=1


Fig. 5

a b
FEMALE HUMERUSMALE HUMERUS

Figure 5 Click here to access/download;Figure;Figure 5.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180153&guid=05e154fb-7f88-4dc5-885b-0de6c55d623d&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180153&guid=05e154fb-7f88-4dc5-885b-0de6c55d623d&scheme=1


a b

FEMALE HUMERUSMALE HUMERUS

6

5.5

5

4.5

4

3.5

3

2.5

2

1.5

1

4

3.5

3

2.5

2

1.5

1

6.5 4.4

Fig. 6

Figure 6 Click here to access/download;Figure;Figure 6.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180154&guid=ebf33f6f-887b-45b4-8491-4c4c292989bc&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180154&guid=ebf33f6f-887b-45b4-8491-4c4c292989bc&scheme=1


a

b

FEMALE HUMERUS

MALE HUMERUS

P Q R S T U V W

P Q R S T U V W

Fig. 7

Figure 7 Click here to access/download;Figure;Figure 7.pdf

David Charles Ackland


https://www.editorialmanager.com/bmmb/download.aspx?id=180155&guid=aa161e43-f835-451b-a431-ecd8569fd56f&scheme=1
https://www.editorialmanager.com/bmmb/download.aspx?id=180155&guid=aa161e43-f835-451b-a431-ecd8569fd56f&scheme=1


Table 1: Description of anatomical scapular landmarks used in shape prediction 

Anatomical 
Landmark 

Description 

A Superior angle 

B Medial edge of the scapula where the scapular spine 
meets the scapular body 

C Inferior angle 

D Base of the suprascapular notch 

E Most medial point of the spinoglenoid notch 

F Centroid of the lateral aspect of the acromion 

G Centroid of the medial aspect of the acromion 

H Centroid of the anterior aspect of the acromion 

I Centroid of the posterior aspect of the acromion 

J Tip of the coracoid 

K Point at which the coracoid angulates inferiorly 

L Superior rim of the glenoid 

M Inferior rim of the glenoid 

N Anterior rim of the glenoid 

O Posterior rim of the glenoid 
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Table 2: Description of anatomical humeral landmarks used in shape prediction 

Anatomical 
Landmark 

Description 

P* Most lateral point of the outline of the subscapularis 
insertion 

Q* Most medial point of the articular perimeter of the 
proximal humerus 

R* Most medial point of the outline of the supraspinatus 
insertion 

S* Most anterolateral point of the outline of the 
supraspinatus insertion 

T The most medial point of the medial epicondyle 

U The incision point between the medial epicondyle and 
medial part of the trochlea 

V The most inferior point of the medial trochlea 

W The most lateral point of the lateral epicondyle 

 

* Landmarks on proximal humerus. 
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