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Gebre, Robel Kebede, Computed tomography assessment of low-energy acetabular
fractures in the elderly. 
University of Oulu Graduate School; University of Oulu, Faculty of Medicine; Medical
Research Center Oulu; Oulu University Hospital
Acta Univ. Oul. D 1611, 2021
University of Oulu, P.O. Box 8000, FI-90014 University of Oulu, Finland

Abstract

Low-energy acetabular fractures (LEAFs) are osteoporotic pelvic fractures. The clinical diagnosis
of acetabular fractures is conducted using computed tomography (CT) imaging. A LEAF is
typically a result of a sideways fall and the common fracture patterns are fractures of the anterior
column, anterior wall, anterior with a posterior hemi-transverse and an anteromedial dislocation
of the femoral head. The fall mechanisms and the recurrent fracture patterns of LEAFs have
previously been investigated. However, the etiology of LEAFs still remains unclear. Hence, the
aim of this thesis was to elucidate the biomechanical and structural risk factors associated with
low-energy acetabular fractures in the elderly.

The study data consisted of clinical CT images of subjects with acetabular fractures (n=121)
and their gender-age matched controls. Measurements of the proximal femur and acetabular
geometry variables were made on 3-D pelvic models. 3-D regions of interest were extracted at the
femoral head and the acetabulum to assess the trabecular architecture and to discriminate cases
from controls using machine learning methods. Furthermore, the presence of radiographic hip
osteoarthritis (rHOA) was assessed by optimizing a deep learning model.

The fracture cases showed a significantly lower neck shaft angle, longer femoral neck axis
length, and a lower bone volume fraction and mean gray value (GV) at the femoral head, and a
lower mean GV at the acetabulum compared to their controls. Although significant differences in
rHOA distributions were not found, fracture subjects showed a higher prevalence of rHOA than
the controls. In addition, the machine learning and deep learning models were able to discriminate
fractures from controls as well as to classify rHOA from the CT data.

In conclusion, potential biomechanical and structural risk factors associated with low-energy
acetabular fractures in the elderly were identified, using clinical CT to measure the pelvic
geometry, trabecular architecture, and radiographic hip OA.

Keywords: acetabular fracture, acetabular geometry, computed tomography, deep
learning, gray-level co-occurrence matrix, hip osteoarthritis, machine learning, proximal
femur geometry, structural risk factors





Gebre, Robel Kebede, Matalaenergisten lonkkamaljan murtumien arviointi
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Tiivistelmä

Matalaenergiset lonkkamaljan murtumat ovat osteoporoottisia lantiomurtumia, jotka kliinisesti
diagnosoidaan tietokonetomografiakuvista. Matalaenerginen lonkkamaljan murtuma tyypillises-
ti johtuu kyljelleen kaatumisesta. Kaatumismekanismia ja murtumatyyppejä on aiemmin tutkittu,
mutta muutoin matalaenergisiä lonkkamaljan murtumia on tutkittu vain vähän. Toistaiseksi nii-
den syntymekanismia ei tiedetä. Tämän väitöskirjatyön tarkoituksena oli selvittää matalaenergis-
ten lonkkamaljan murtumien biomekaanisia ja rakenteellisia riskitekijöitä ikääntyvillä henkilöil-
lä.

Tutkimusainesto koostui tietokonetomografiakuvista, jotka oli otettu henkilöistä, joiden lonk-
kamalja oli murtunut ja heidän ikä- ja sukupuolikontrolloiduista verrokeista. Reisiluun yläosan
ja lonkkamaljan geometria mitattiin lantion kolmiulotteisista malleista. Hohkaluun rakenne arvi-
oitiin reisiluun pään ja lonkkamaljan alueelta. Laskettuja muuttujia käytettiin koneoppimismene-
telmän avulla erottamaan murtumatapaukset verrokeista. Lonkkanivelrikko arvioitiin syväoppi-
mis¬menetelmällä.

Murtumatapauksilla oli pienempi reisiluun kaulan kulma, pidempi reisiluun kaula ja alhai-
sempi luun tiheys ja keskimääräinen harmaasävyarvo reisiluun pään alueella sekä matalampi
keskimääräinen harmaasävyarvo lonkkamaljan alueella. Murtumatapauksien keskuudessa esiin-
tyi enemmän lonkan nivelrikkoa kuin verrokeilla, mutta ero ei ollut tilastollisesti merkitsevä.
Koneoppimismenetelmät onnistuivat luokittelemaan murtumatapaukset verrokeista ja syväoppi-
mis¬menetelmä onnistui tunnistamaan lonkan nivelrikon tietokonetomografiakuvista.

Loppupäätelmänä voidaan todeta, että tässä väitöskirjatyössä tunnistettiin mahdollisia biome-
kaanisia ja rakenteellisia riskitekijöitä matalaenergisille lonkkamaljan murtumille ikääntyvien
keskuudessa mittaamalla lantion geometriaa ja hohkaluun rakennetta sekä tunnistamalla lonkan
nivelrikko tietokonetomografia¬kuvista.

Asiasanat: gray-level co-occurrence matrix, koneoppiminen, lonkan nivelrikko,
lonkkamaljan geometria, lonkkamaljan murtuma, rakenteelliset riskitekijät, reisiluun
yläosan geometria, syväoppiminen, tietokonetomografia





 

“ 
It matters not how strait the gate, 

How charged with punishments the scroll, 
I am the master my fate, 

I am the captain of my soul. 
” 

 
 – Invictus by William Ernest Henley 
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1 Introduction 

In Finland and the United States of America, the incidence of low-energy pelvic 

and acetabular fractures in the elderly has increased 2.4-fold over the last three 

decades (Butterwick et al. 2015; Kannus et al. 2015). This increase has been 

accompanied by a decline in the incidence of hip fractures (Coveney et al. 2020; 

Korhonen et al. 2013; Mann et al. 2010; Zhang et al. 2020). The primary injury 

mechanisms for acetabular fractures in this age group are falls from standing height 

(Butterwick et al. 2015; Firoozabadi et al. 2017; Laird and Keating 2005). The 

socioeconomic impacts of low-energy acetabular fractures pose serious concerns 

such as mobility and housing dependency with a long-term decline in the physical 

quality of life (Guerado, Cano, and Cruz 2012). Hence, it is important to investigate 

these fractures in order to understand their etiology and to identify the associated 

risk factors.  

The acetabulum has a unique anatomical structure and is constructed of walls 

and columns which capsulate the anterosuperior and anteromedial sections of the 

femoral head to form the hip joint. Thus, a sideways impact at the greater trochanter 

affects both the hip and the pelvic bones. However, although much is known 

regarding the risk factors of hip fractures, not much has been reported about pelvic 

fractures. For instance, structural risk factors such as the neck shaft angle, femoral 

neck axis length and the characteristics of the femoral head trabeculae present in 

cervical and trochanteric fractures have been identified (Pulkkinen, Partanen, 

Jalovaara, Nieminen, & Jämsä, 2011; Thevenot et al., 2013). These variables have 

also been shown to discriminate proximal femur fractures from controls (Partanen, 

Jämsä, and Jalovaara 2001). In addition, the contribution of age-related conditions 

such as osteoporosis (OP) and hip osteoarthritis (OA) in hip fractures have previous 

been studied (Cumming & Klineberg, 1993; Pulkkinen, Partanen, Jalovaara, & 

Jämsä, 2010). Per contra, the interrelationship between OP and/or OA and pelvic 

fractures in general, and acetabular fractures in particular, is still unclear. 

Fractures of the acetabulum can be simple or complex depending on the 

displaced acetabular component. The different fracture patterns are commonly 

classified into ten unique types that are mostly applied for surgical reduction 

purposes (Judet, Judet, and Letournel 1964). Moreover, fractures from low-energy 

impacts have been reported to have similar patterns, unlike those resulting from 

high-energy impacts. Thus, LEAFs in the elderly have been defined as fractures of 

the anterior column, anterior wall, anterior with a posterior hemi-transverse and 

anteromedial dislocation of the femoral head (Beaulé, Griffin, and Matta 2004; 
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Butterwick et al. 2015; Ferguson et al. 2010; Firoozabadi et al. 2017; Laird and 

Keating 2005). In the clinical setup these complex acetabular fractures are 

diagnosed using computed tomography (CT) imaging due to its superior flexibility 

for viewing the fractures at different angles in contrast to plain radiographs 

(Donohue et al. 2018; O’Toole et al. 2010; Schicho et al. 2016). Since the 

biomechanical reason for the opposing trends of hip fractures and LEAFs is not 

known, the main objective of this study was to investigate the structural and 

biomechanical risk factors that contribute to low-energy acetabular fractures, 

analyzing clinically obtained CT images of elderly subjects with LEAF and their 

age- and gender-matched controls.  
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2 Review of the literature 

2.1 Anatomy of the hip and pelvis 

The pelvic bone is an assembly of three bones, one sacrum and two innominate 

bones, which coalesce to form a ring known as the pelvic ring (Fig. 1A) (Smith, 

Ziran, and Morgan 2007; Standring and Gray 2008; Tile et al. 2015). The 

innominate bones that form the pelvic ring are a construct of the ilium, ischium and 

pubis bones which posteriorly attach to the sacrum at the sacroiliac joint and are 

joined anteriorly at the symphysis pubis (Fig. 1B) (Tile et al. 2015). The hip bone 

is a combination of the ilium and ischium while the hip joint is a synovial ball-and-

socket joint where the femur and the pelvis are connected (Fig. 1C) (Standring and 

Gray 2008). The upper and lower body skeletons articulate at the hip joint where 

the weight of the upper skeleton is transferred to the lower extremities (Smith et al. 

2007). Inside the joint, the articular cartilage and synovial fluid cover the femoral 

head at the superolateral, medial and inferomedial locations to provide lubrication 

and evenly distribute the compressive stress during loads (Fig. 1C). 

Fig. 1. Figure showing the anatomy of the pelvic bone (A), the pelvic innominate bones 

that make up the acetabulum (B), the hip joint and proximal femur (C), and the common 

anatomical landmarks surrounding the acetabulum (D). 
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2.1.1 The acetabulum 

The acetabulum1  (acetabulum | plural acetabulums or acetabula | adjective 

acetabular) is a concave structure constructed by the ossification of the ilium, 

ischium and pubis bones at the acetabular growth plate known as the triradiate 

cartilage or sometimes referred to as the Y-cartilage (Standring and Gray 2008; Tile 

et al. 2015). The inner most section of the acetabulum is known as the non-articulate 

acetabular fossa while the outer region between the rim and the fossa where there 

is maximum contact with the femoral head is the articular lunate surface (Standring 

and Gray 2008).  

The acetabular rim is spherically shaped and is covered by the connective tissue 

acetabular labrum which forms a tight seal within the acetabular cup by covering 

the femoral head (Standring and Gray 2008; Tile et al. 2015). The acetabular notch 

is a distinct depression created by the indentation of the anterior and posterior 

acetabular rims. The fundus acetabuli is the depression found in the acetabulum 

which is not covered by articular cartilage and is responsible for carrying the nerve 

endings. Some of the prominent anatomical landmarks surrounding the acetabulum 

that are used as reference points are the anterior superior iliac spine (ASIS), 

posterior inferior spine, greater sciatic notch, lesser sciatic notch, iliopectineal 

eminence, ischial spine, and pubic tubercles (PT) (Fig. 1D) (Standring and Gray 

2008; Tile et al. 2015).  

2.1.2 The columns and the walls of the acetabulum 

A fully grown and normal acetabulum is an anatomically singular structure. 

However, it is divided into walls around the femoral head and columns which 

support the walls and provide most of the muscle attachment points. Overall, there 

are six acetabular components consisting of two columns (anterior and posterior) 

and four walls (anterior, posterior, medial and superior) (Brandser and Marsh 1998; 

Letournel, E., Judet 1993; Tile et al. 2015).  

The anterior and posterior columns are the primary structural elements 

(Brandser and Marsh 1998; Letournel, E., Judet 1993; Tile et al. 2015). The 

posterior column of the acetabulum is the ilio-ischial section and the anterior 

column is a combination of the ilio-pubic bones (Letournel, E., Judet 1993). They 

 
1Acetabulum is derived from the Latin acẽtum (“vinegar”) and bulum to mean a “small cup used for 
vinegar, sucker of a polyp or socket of the hip bone” according to definition by the Merriam-Webster 
dictionary online. https://www.merriam-webster.com/dictionary/acetabulum. 
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are connected near the greater sciatic notch and provide support to the acetabular 

arc (Brandser and Marsh 1998; Letournel, E., Judet 1993; Tile et al. 2015). The 

anterior column is taller than the posterior, and together they form a unique shape 

that resembles an inverted lowercase y (ʎ) anteriorly (Letournel, E., Judet 1993) or 

lambda (λ) posteriorly (Brandser and Marsh 1998), and they are connected by the 

ischio-pubic ramus inferiorly.   

The acetabular walls are the four sections that divide the acetabular lunate 

surface, fossa and notch from the center, into anterior, posterior, superior (or roof) 

and medial directions (Tile et al. 2015). The anterior is connected to the pubis and 

is smaller than the posterior wall which protrudes laterally in a slightly curved 

fashion (Brandser and Marsh 1998; Letournel, E., Judet 1993; Tile et al. 2015). The 

superior and medial walls are the roof and midsections of the acetabular cup 

between the anterior and posterior sections (Brandser and Marsh 1998; Letournel, 

E., Judet 1993; Tile et al. 2015).  

2.2 Hip and pelvic fractures  

Hip and pelvic fractures can be confusing since they share some anatomical 

similarities, however, there are clear distinctions between their fracture types. Hip 

fractures are fractures of the proximal femur while pelvic fractures are fractures 

of the acetabulum, sacrum, and the obturator foramen. Depending on the location 

of the fracture relative to the hip joint capsule, hip fractures can be intracapsular, 

which consist of cervical and transcervical sub-types, or extracapsular, which 

include the pertrochanteric, trochanteric and sub trochanteric fracture sub-types 

(Pulkkinen, Eckstein, Lochmüller, Kuhn, & Jämsä, 2006). 

2.2.1 Acetabular fractures  

Classification of acetabular fractures 

The most accepted classification system originally introduced by Judet and 

Letournel classifies acetabular fractures into five elementary and five associated 

fractures (Judet et al. 1964). In this system, fractures are classified based on which 

anatomical component of the acetabulum is affected and the subsequent patterns. 

The elementary fracture types are posterior wall and anterior wall, posterior 

column and anterior column and transverse fractures (Fig. 2). The associated 
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fractures are a combination of one or two of the elementary fractures, and they 

include posterior wall-posterior column, transverse-posterior wall, T-shaped, 

anterior with posterior hemi-transverse and both column fractures (Fig. 2) 

(Letournel, E., Judet 1993).  

Fig. 2. Judet-Letournel classification of acetabular fractures into five elementary and 

five associated types. 

Other classification systems have been proposed either as a simplification of the 

existing classification system or as replacements but none have been widely 

accepted so far (Brandser and Marsh 1998; Durkee et al. 2006; Harris et al. 2004; 

Herman et al. 2018). One such classification scheme is by Durkee, et al. where the 

disruption of the obturator foramen was used as a landmark to identify the most 

common types of acetabular fractures: both-column, T-shaped, transverse, 

transverse with posterior wall, and posterior wall (Durkee et al. 2006). However, 

this method is only applicable to common acetabular fractures and does not include 

the complicated ones. Another recent novel classification system was one 

introduced by Herman, et al., to replace the Judet and Letournel classification 

system (Herman et al. 2018). Their system depended on the direction  magnitude 

of the displacing fracture vector, the corresponding fractured anatomical structure 

and postoperative malreductions used (Herman et al. 2018). 
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Fracture patterns of low-energy acetabular fractures 

High-energy acetabular fractures most commonly result from impacts on the knee 

e.g., car dashboard, and their fracture patterns include posterior wall, posterior 

column, transverse and T-shaped fractures (Letournel, E., Judet 1993; Smith et al. 

2007; Tile et al. 2015). In contrast, low-energy acetabular fractures are age-related 

osteoporotic fractures of the pelvis as a result of sideway impacts on the greater 

trochanter. Various studies have identified recurrent patterns occurring from these 

low-energy traumas as an anterior column, anterior wall and anterior with 

posterior hemi-transverse fractures with the associated anteromedial dislocation 

of the femoral head (Fig. 2) (Ferguson et al. 2010; Firoozabadi et al. 2017; Kannus 

et al. 2015; Pagenkopf et al. 2006).  

These particular fracture patterns are prominent in low-energy acetabular 

fractures as a result of the realignment of the femur anteromedially toward the 

anterior column of the acetabulum following impact (Beaulé et al. 2004; 

Butterwick et al. 2015; Ferguson et al. 2010; Firoozabadi et al. 2017; Laird and 

Keating 2005).  

2.2.2 Osteoporosis and hip osteoarthritis 

Osteoporosis  

Osteoporosis (OP) is a decrease in bone mineral density (BMD) and alterations of 

the bone architecture caused by a number of factors (Jakob, Seefried, and Schwab 

2014; Seeman and Delmas 2006). The material content of the bone i.e., type-I 

collagen vs calcium hydroxyapatite crystals affects its elasticity and stiffness 

(Seeman and Delmas 2006). Hence, as a consequence of the loss of its material 

content, bone fragility and the risk of fracture increase. OP can be caused by a 

variety of factors such as estrogen deficiency in postmenopausal females, diseases 

(e.g., hypogonadism), long-term use of certain types of drugs, ethnicity, smoking, 

alcoholism, and lack of physical activity (Cauley 2011; Ensrud and Crandall 2017; 

Richelson et al. 1984; Tawaratsumida et al. 2017). However, OP caused by the 

natural decline in the regulation of bone turnover because of aging is the constant 

inevitable factor.  

Age-related OP is linked to vitamin D deficiency and a reduction in calcium 

absorption (Jakob et al. 2014). It also causes bone loss due to the resorption of the 

endocortical surface throughout a person’s life (Chen, Zhou, Fujita, Onozuka, & 
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Kubo, 2013). The global effects of OP on the trabecular bone architecture are a 

decrease in bone volume fraction (BV/TV), trabecular number, trabecular thickness, 

and increase in separation and porosity. BV/TV refers here to the apparent BV/TV. 

The BV is the total count of bone fraction voxels, while the TV is the total number 

of voxels in the VOI (A. Odgaard 1997). These effects have been shown to be true 

at the femoral head, femoral neck, greater trochanter and lumbar spine (Cui et al. 

2008; Stauber and Müller 2006). However, there are anatomical region differences 

for the specific changes that the trabecular architecture undergoes because of OP 

(Stauber and Müller 2006). For instance, within the femoral head, Stauber and 

Müller observed the loss of interconnection and the formation of new rods and 

plates following damage to the trabecular architecture as a result of OP (Stauber 

and Müller 2006). In addition, Cui et al. reported that the changes due to age-related 

OP in the trabecular architecture are not uniform within the proximal femur after 

examining samples taken from the femoral head, between the neck-trochanter, and 

between the lesser and greater trochanters (Cui et al. 2008). In conjunction with the 

trabecular architecture, age-related OP also causes cortical bone loss resulting in 

increased porosity (Chen et al. 2013).  

The most common OP assessment tool used in the clinical and research 

practices are dual x-ray absorptiometry (DXA) measurements of BMD (Kanis 2002; 

Kanis and Johnell 2005). The criteria set by the World Health Organization (WHO) 

for OP are DXA measures of BMD defined at a threshold level of 2.5 standard 

deviation (SD) or more below the average value for healthy young females (T score 

< −2.5 SD) (Ensrud and Crandall 2017). In other words, the BMD values are 

compared on given a T-score where a score of 0 is normal and below zero is 

indicative of a higher fracture risk, and below -2.5 is indicative of OP. However, 

the reliability of DXA standardized T-score measures to assess OP and in turn 

assess the fracture risk has been questioned in the past (Kanis, 2002; Kanis & 

Johnell, 2005; Pulkkinen et al., 2006) and recently (Choksi, Jepsen, and Clines 

2018; Humadi, Alhadithi, and Alkudiari 2010). It has been suggested that a targeted 

patient-specific approach is needed to accurately diagnose OP and the risk of 

fracture (Choksi et al. 2018). 

Hip osteoarthritis 

Osteoarthritis of the hip is a degenerative disease of the joint bones and other tissue 

around it. At the onset, hip OA causes degeneration and fibrillation of the articular 

cartilage and thickening of the subchondral bone. As it progresses, changes such as 
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joint space narrowing (JSN), subchondral sclerosis, subchondral cysts, 

osteophytosis, damaged trabecular architecture, and altered shape of the hip joint 

bones become progressively more prominent (Croft et al. 1990; Kellgren and 

Lawrence 1957; Lespasio et al. 2018). The damage to the articular cartilage results 

in JSN at the superolateral junction of the femoral head and the acetabulum (Fig. 

3). There are also cases where the joint space at the superolateral location is not 

affected or increases as a result of the femoral head being pushed medially into the 

fundus acetabuli and fusing with the medial joint space or when the inferomedial 

articular cartilage is heavily damaged. The trabeculae beneath the subchondral bone 

are also affected as OA progresses (Chappard et al. 2006). It has been shown that 

trabecular connectivity and separation increase while the trabecular number 

decreases (Bobinac et al. 2013; Ding, Odgaard, and Hvid 2003; Djuric et al. 2013; 

Kamibayashi et al. 1995).  

The examination of OA involves a radiographic and non-radiographic 

assessment of the joint (Lespasio et al. 2018; Terjesen and Gunderson 2012). The 

non-radiographic methods involve clinical examinations of the patient for joint 

swelling, stiffness and pain (Croft et al. 1990; Cumming and Klineberg 1993; 

Lespasio et al. 2018). The radiographic changes are those observed on AP 

radiographs and the most common assessment method of radiographic hip OA is 

the Kellgren and Lawrence (KL) severity grading (Kellgren and Lawrence 1957; 

Lespasio et al. 2018). In the KL grading scheme, the radiographic changes are 

graded as 0 (none), 1 (doubtful), 2 (minimal), 3 (moderate) and 4 (severe) (Fig. 3). 

However, it has been confirmed that the radiographic changes do not necessarily 

correspond to the symptoms observed by the clinical examinations. In addition to 

the KL grading, the assessment of OA differs between studies, for instance some 

studies apply the Tönnis grading joint space assessment (Maluta et al. 2019; 

Robstad, Frihagen, and Nordsletten 2012), other studies use custom radiographic-

based OA grading (Kravtsov, Saranga, and Kidron 2013; Pedersen et al. 1987), 

while still others make use of self-reported OA by the patients/subjects (Arden et 

al. 1996; Cumming and Klineberg 1993). 

The etiology of hip OA is varied. It can be caused by defects in the shapes of 

the proximal femur and/or acetabulum (Hosnijeh et al., 2017; Zeng et al., 2016). 

For instance, hip dysplasia which is a result of femoral head under-coverage or 

abnormal acetabular inclination have been shown to be linked to hip OA (Ishidou 

et al. 2017; Zeng et al. 2016). In addition, idiopathic hip OA can be caused by a 

number of factors such as increased body mass index (BMI), excessive smoking or 

excessive physical exercise (Lespasio et al. 2018; von Mühlen et al. 2002; Zambon 
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et al. 2016). Other risk factors of hip OA in addition to defects of the joint bones 

include metabolic diseases affecting the bone architecture, as well as heredity, and 

gender (Arden et al. 1996; Banks et al. 2009; Chen et al. 2018; Cumming and 

Klineberg 1993; Hunter et al. 2009; Lespasio et al. 2018).  

 

Fig. 3. Example plain radiographs showing the Kellgren and Lawrence radiographic hip 

osteoarthritis severity grading. 

Relationship between OP and OA 

The relationship between OP and OA is complicated and controversial, and 

literature on the topic goes back decades with no consensus on the matter so far. 

The most popular and long accepted one is an inverse relationship between OP and 

OA (Cumming and Klineberg 1993; Dequeker 1999; Hart et al. 1994). Notably, 

Dequeker has stated that although OP and OA are both prevalent in the elderly, they 

represent anthropometrically different parts of the populations (Dequeker 1999). 

One reason for the inverse relationships is that they share common risk factors such 
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as age, gender, BMI (i.e., weight and height), muscle strength, bone density and 

strength, and menopause for females (Hart et al. 1994). For instance, an increase in 

bone mass from remodeling as a result of obesity (increased BMI) leads to OA 

(Hart et al. 1994; Nevitt et al. 1995), and conversely a decrease in BMI, especially 

in the elderly, leads to an increased risk of fractures and OP (Johansson et al. 2014; 

De Laet et al. 2005).  

The alternative views on the relationship between OA and OP is a direct one, 

in which both conditions could occur in the same patient (Oliveira, Vullings, and 

van de Loo 2020; Rizou et al. 2018). Rizou et al. investigated 3,000 women whose 

mean age was 66.7 years for the presence of OA, and they found a direct 

relationship between lower T-scores with increasing OA severity at the hip, knee, 

lumber spine and in the hands, and that OA did not protect against OP (Rizou et al. 

2018). Similarly, other studies have shown an increase in BMI could be associated 

with a lower BMD and increased fracture risk (Cawsey et al. 2014; Palermo et al. 

2016).  

2.2.3 Risk factors of hip and pelvic insufficiency fractures 

Hip and pelvic insufficiency fractures can be the result of different types of risk 

factors such as history of fracture, OP, structural risk factors, OA, etc. These risk 

factors are not mutually exclusive of one another and are intertwined. One of the 

primary risk factors for sustaining a fracture is previous history of fracture, 

especially one that has occurred recently (Roux and Briot 2017). This imminent 

fracture risk, as Roux and Briot called it, can be explained by bone-related changes 

initiated due to a previous fracture (Roux and Briot 2017).  

Aging and the associated increase in OP are another major risk factor of hip 

and pelvic fractures (Jakob et al. 2014). When considering age-related fractures, 

bone quality, i.e., the material composition and bone architecture of the bone plays 

a crucial role in the bone’s ability to withstand low-energy impacts. In addition, in 

older patients, the fracture risk increases significantly especially in the presence of 

poorer health conditions, diseases of the central nervous system (CNS) and use of 

CNS drug (Bonafede et al. 2016; Marks et al. 2003; Roux and Briot 2017). 

Although OP is a risk factor for hip and pelvic insufficiency fractures, the exclusive 

use of OP measurement by using DXA BMD T-scores to assess the fracture risk 

has been shown to be insufficient. Studies have suggested the need for other risk 

factors in addition to BMD to be included in the fracture risk assessment (Kanis 

2002; Kanis et al. 2017; Kanis and Johnell 2005). 
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The geometrical and structural fracture risk factors have been extensively 

studied previously (Gnudi, Sitta, & Pignotti, 2012; Ripamonti, Lisi, & Avella, 2014; 

Yang, Palermo, Black, & Eastell, 2014). The structural design of bone is 

determined by its shape, geometry (in macroscopic and microscopic levels), 

cortical bone thickness, and trabecular texture and microarchitecture (Järvinen et 

al. 2005). Proximal femur geometry and hip/pelvic texture parameters in 

conjunction with BMD have been used to predict, classify and discriminate 

fractures and hip OA subjects (Gnudi et al., 2012; J. Hirvasniemi et al., 2019; 

Ripamonti et al., 2014; Thevenot et al., 2014; Zeng et al., 2016). 

Structural bony abnormalities in and around the joint capsule have also been 

shown to be possible causes of pelvic fractures such as acetabular fractures. A 

prospective study by Agricola et al. reports that acetabular deformity such as 

acetabular under-coverage, also known as mild dysplasia is associated with the 

incidence of OA (Agricola, et al. 2013). In their 5-year prospective cohort study 

they determined that acetabular under-coverage is a better predictor of OA than 

other risk factors such as acetabular over-coverage also known as Pincer deformity 

(Agricola, et al. 2013). In addition, gender differences, lack of exercise for males, 

sway for females, occupation, physical activity and smoking history are also some 

of the known risk factors (Bliuc, et al. 2009). Gender differences have to do with 

the pelvic geometry and the hormonal regulation differences in the bodies of males 

and females. Unlike males, postmenopausal females have been shown to be at a 

higher risk of hip OA and hip fractures (Cawsey et al. 2014; von Mühlen et al. 

2002). 
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2.2.4 Opposing trends in the incidence of hip and pelvic fractures 

There are opposing trends in the incidence of hip and pelvic insufficiency fractures. 

A decline in the trend of the incidence of hip fractures has been observed in recent 

years, as indicated, e.g., by the continuous decline in Finland after the year 1997 

(Korhonen et al. 2013). In urban China, according to a recently published study that 

analyzed population-based data between 2012 and 2016, there was a decline in the 

incidence of hip fractures for those aged 65 years and older (Zhang et al., 2020). 

Similarly, in a nation-wide study in Sweden for those aged 60 years and older it 

was reported that between the years 1987 and 2010 there was a 1% decline per year 

in the age-specific incidence of hip fractures accompanied by an increase in the 

initial age of hip fractures for men by 2.5 years and women by 2.2 years 

(Karampampa et al. 2015). Moreover, in Ireland between the years 2010 and 2014 

a significant decline in the incidence of hip fractures was observed per 100,000 

where for females it decreased from 955 to 668 and for males it decreased from 

410 to 332 (Coveney et al. 2020). Other countries such as Germany and Austria 

(Mann et al. 2010), and the United States of America (USA) (Brauer et al. 2009) 

have reported similar trends in the decline of the incidence of hip fractures in the 

elderly age group.  

In contrast to the decreasing incidence of hip fractures in the elderly, an 

increase in the incidence of pelvic insufficiency fractures has been observed. For 

instance, in Sweden between the years 1976 and 1985, the incidence of pelvic 

fractures in the population older than 60 years showed an increase of 20 per 100,000 

(Ragnarsson and Jacobsson 1992). In Finland, a study by Kannus, et al. outlines 

the seriousness of this increase in low-energy trauma fractures in the elderly where 

a 2.4-fold increase in the incidence has been estimated between the years 2013 and 

2030 (Kannus et al. 2015). Similarly, in the USA, Butterwick, et al. reported in the 

last three decades alone there has been a 2.4-fold increase in the incidence of 

acetabular fractures in patients above 60 years of age (Butterwick et al. 2015). 

Moreover, falls from standing height are the primary injury mechanisms in the 

pelvic fractures in this age group (Butterwick et al. 2015; Kannus et al. 2015; 

Ragnarsson and Jacobsson 1992). A recent study by Firoozabadi, et al. reported 70% 

of the low-energy acetabular fractures (LEAF) in those older than 65 years and 

having no prior fracture history occur as a result of falls (Firoozabadi et al. 2017).  
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2.3 Biomechanics of acetabular fractures 

2.3.1 Biomechanics of the hip joint 

Bipedal stance  

The acetabulum articulates with the femoral head to form the hip joint. The 

acetabulum labrum serves to deepen the joint capsule and create a “vacuum effect” 

(Standring and Gray 2008). The hip joint is a ball-and-socket joint surrounded by 

abductor and adductor muscles, and ligamentous tissue necessary for movement. 

When standing on both legs in a bipedal position, equilibrium is achieved when the 

hip reaction forces at the joint, the upper body weight (𝑊 ) and the rotational 

moments acting on each hip joint become zero, i.e., ∑𝑭 , , 0 𝑎𝑛𝑑 ∑𝑴 , , 0. 

The upper body weight constitutes the head, the trunk and the upper limbs. The 

downward 𝑾  is on average 62% of the total body weight where each of the hip 

joint carries 31% (𝑊 2⁄ ) (Maquet 1985). The center of mass of 𝑾  lies near the 

intersection between a trans-pelvic plane passing through the femoral head centers 

and the body’s mid-sagittal plane (Fig. 4) (Bambelli 1983; Maquet 1985; Pauwels 

1977). 

Monopedal stance 

During a monopedal stance the center of mass shifts laterally towards the unloaded 

leg (Fig. 4). The weight acting on the one-leg (𝑾 ) is 81% of the total body 

weight and tilts the body. The abductor muscles of the loaded leg exert a force 𝑴  

to keep the person in stance (Bambelli 1983; Maquet 1985; Pauwels 1977). There 

are twenty-two muscles based on their attachment points on the pelvis supporting 

the hip joint and the 𝑴  is the sum of those muscles (Olson, Bay, and Hamel 1997). 

The magnitude of the resultant force 𝑹  from the weight acting on the one-leg 

𝑾  , and the adductor muscle force 𝑴   is given by Equation 1. During an 

equilibrium balanced state, the sum of forces and the sum of the moments acting 

on the joint is zero, given in Equations 2 and 3 respectively. The variables 𝑙 and 𝑙′ 
are the level arms of 𝑾   and 𝑴   respectively measured from center of the 

femoral heads of the loaded hip, and α is the angle between 𝑾  and 𝑴  (Fig. 

4).  
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Fig. 4.  Diagram showing the forces and moments exerted on the body while on bipedal 

and monopedal stances where the centers of mass are indicated by S4 and S5 

respectively (Modified from Pauwels, 1977).  
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Articular compressive stress 

On the superolateral location between the femoral head and the acetabulum, the 

articular cartilage distributes a compressive stress created by the reaction force 𝑹. 

The articular compressive stress is dependent on the magnitude and position of 𝑹, 

and the area of the weight bearing surface found between the femoral head and the 

acetabular surface (Bambelli 1983; Maquet 1985; Pauwels 1977). The average area 

of the weight bearing surface when the joint is fully loaded is about 2700 mm2 

(Greenwald and Haynes 1972; Kummer 1991). During low loads, the femoral head 

and the acetabulum make contact at the anterior and posterior walls, while during 

medium to high loads the contact is on the superior walls, and during high loads 

the contact is evenly distributed (Olson et al. 1995, 1997). 

In the hip joint the compressive stress distribution is cup-shaped and intersects 

the center of the weight bearing area where the maximum stress is along the line of 

action of the 𝑹 passing through the center of the femoral head and typically inclined 

at a 16° angle from the vertical (Bambelli 1983; Greenwald and Haynes 1972; 

Kummer 1991; Maquet 1985; Pauwels 1977). In a normal joint, the diameter of the 

femoral head is slightly greater that the joint capsule to maintain the distribution of 

the contact area uniform during high loads. The uniform distribution of the 

compressive stress is also maintained by the articular cartilage’s elastic property. 

The cartilage is compressed only at the distal ends during no loading and fully 

compressed during loading (Bambelli 1983; Greenwald and Haynes 1972; 

Kummer 1991; Maquet 1985; Pauwels 1977). 

2.3.2 Load transfer of impact at the greater trochanter after a 

sideways fall 

Sideways and backwards falls account for more than 87% of the total fall directions 

in the elderly (Hwang et al. 2011). A study conducted in Finland reported falls from 

the same height account for 47% of acetabular fractures fall mechanisms (Rinne et 

al. 2017). Furthermore, multiple studies have shown that low-energy impact 

sideway falls in the elderly from standing height are the primary fall mechanisms 

in hip and pelvic insufficiency fractures, and are the most serious fall-related 

injuries leading to hospitalization and death (Butterwick et al. 2015; Ferguson et al. 

2010; Firoozabadi et al. 2017; Rinne et al. 2017; Robinovitch, Hayes, and 

McMahon 1991; Schick et al. 2018). In addition, aging has been related to balance 
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dysfunction in the elderly as a result of loss in lateral stability while changing from 

bipedal to monopedal support (Rogers and Mille 2003).  

The force applied to the greater trochanter and the load transfer is important 

for the fracture mechanism (den Kroonenberg, Hayes, and McMahon 1995; 

Robinovitch et al. 1991). During sideways falls, the greater trochanter does not 

make direct contact with the ground and the impact force axially passes through 

the center of the femoral head and the acetabulum (Hirabayashi et al. 2013; 

Letournel, E., Judet 1993). The impact force at the moment of contact is determined 

by the impact velocity and effective mass, soft tissue stiffness and dampening of 

the body (den Kroonenberg et al. 1995; Robinovitch et al. 1991). The soft tissue 

covering femur that dampens the fall is an important determining factor of the 

impact force and whether a fracture will occur or not. An increase in the thickness 

of the tissue covering around the hip while hitting the ground with the muscles 

relaxed have been shown to reduce the magnitude of the impact force (den 

Kroonenberg et al. 1995; Robinovitch et al. 1991). 

In the case of the acetabulum, studies have shown that the magnitude of the hip 

reaction force and articular compressive stress are very important parameters and 

the slightest alterations can result in an acetabular fracture (Iglič et al. 1990; 

Letournel, E., Judet 1993; Lunn, Lampropoulos, and Stewart 2016; Olson et al. 

1997). Iglič et al., have shown that a 1 cm medial shift of the femoral head reduces 

the 𝑹 by 10% (Iglič et al. 1990). Olson et al. have shown that for a monopedal 

stance, posterior and transverse acetabular fractures can occur as a result of the loss 

of articular compressive stress and the reduction of 𝑹 (Olson et al. 1997). For the 

posterior acetabular fractures, the loss of contact area, as reported by Olson et al., 

was on the anterior and posterior wall with an increased contact area on the superior 

wall (Olson et al. 1995, 1997).   

2.3.3 The roles of proximal femur geometry 

The proximal femur geometry (PFG) is primarily defined by neck shaft angle 

(NSA), femoral neck axis length (FNAL), femoral neck width (FNW) and femoral 

head diameter (FHD). The FNW during load transfer determines the area of the 

stress distribution perpendicular to the neck axis which intersects with the hip 

reaction force 𝑹 at the femoral head center (Bambelli 1983; Maquet 1985; Pauwels 

1977). During high loads the femoral head is thrust into the anterior and posterior 

walls of the acetabulum (Olson et al. 1995, 1997). Hence, the FHD relates to the 
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size of the contact area of the weight bearing surface and the degree of coverage of 

the femoral head by the acetabulum.  

The most important parameter is the NSA because of its role in changing the 

load transfer characteristics. The degree of the NSA relates to the magnitudes of 

the hip reaction force and the articular compressive stress (Bambelli 1983; Maquet 

1985; Pauwels 1977). When the NSA is smaller than normal, then the lever arm 𝑙′ 
and the angle α increase while less force is needed by the adductor muscles 𝑴  to 

balance the 𝑾  (Fig. 5) (Bambelli 1983; Maquet 1985; Pauwels 1977). This results 

in reducing the magnitude of 𝑹 and also displacing it medially into the acetabulum 

while reducing the articular compressive stresses in a larger than normal weight 

bearing area (Bambelli 1983; Maquet 1985; Pauwels 1977). Conversely, when the 

NSA is greater than normal, the lever arm 𝑙′ and angle α decrease (Fig. 5). This 

results in increasing the hip reaction force 𝑹 and also displacing it laterally out of 

the acetabulum while increasing the articular compressive stresses in a much 

smaller weight bearing area than in a normal hip (Bambelli 1983; Maquet 1985; 

Pauwels 1977).  

 

Fig. 5. Variations in the neck shaft angle and its effect on the angle α, lever arm 𝒍′ and 

reaction force 𝑹 in (A) normal, (B) Varus and (C) Valgus femurs. S5 is the center of mass 

of the body. (Modified from Pauwels, 1977). 
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2.4 Radiological imaging and analysis of the hip and pelvis  

X-ray and CT images are pervasively applied in the study of hip and pelvic bone 

fractures because both modalities are suited for imaging dense tissue such as bone. 

Lesser dense tissues such as articular cartilage need special contrast agents to 

absorb more X-rays to be visible in the images, and hence are less studied with 

conventional CT and plain radiography. Anterior-posterior (AP) plain radiographs 

are most commonly used to study hip fractures (Pulkkinen, Glüer, & Jämsä, 2011), 

while CT is commonly used to study pelvic fractures (Donohue et al. 2018; O’Toole 

et al. 2010; Schicho et al. 2016).  

Radiography-based analysis of the hip and pelvis is multifaceted. One aspect 

is the extraction and measurement of different texture features related to trabecular 

bone density and microarchitecture (Chappard et al. 2010; Tamimi et al. 2020; 

Thevenot et al. 2013, 2014). These features can then be applied to discriminate 

fracture cases from controls and also to identify possible associated risk factors 

(Thevenot et al. 2013). Radiographic images can also be used to reconstruct three-

dimensional (3-D) models to study bone morphology (Anastopoulos et al. 2010). 

When studying hip and pelvic fractures, proximal femur geometry has been 

measured both from two-dimensional (2-D) radiographs and from 3-D CT images 

(Anastopoulos et al. 2010; Chappard et al. 2010; Ripamonti et al. 2014). Similarly, 

acetabular geometry have been measured from 2D CT slices and 3-D models (Anda, 

Svenningsen, Grøntvedt, & Benum, 2016; Anda, Terjesen, & Kvistad, 1991; Mittal 

et al., 2016; van Bosse, Wedge, & Babyn, 2015). Plain radiography has also been 

used to study the acetabular coverage of the femoral head by measuring variables 

such as the acetabular angle of Sharp and lateral center-edge angle  (Ito et al. 2009; 

Milcan et al. 2004; Miyasaka et al. 2017; Tannast et al. 2015).  

2.4.1 X-ray and computed tomography imaging 

X-ray imaging 

X-ray2  radiation consist of electromagnetic waves generated when fast moving 

electrons hit an anode after being ejected from a heated cathode as a thermionic 

effect (Buzug 2008; Cierniak 2011; Russo 2018). The cathode and anode are 

housed within the X-ray tube and the photons fire out of a collimating window, then 

 
2 Wilhelm Conrad Röntgen discovered the Röntgen Rays on the night of November 8, 1895. 
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pass through the object to be captured by the detector. The wavelength of the 

emitted photons is between 10−8 m to 10−13 m (Russo 2018). X-ray detectors 

measure the attenuation of the radiation intensity, I, after the emitted photons have 

passed through a matter of thickness Δx. Attenuation which is the reduction in the 

number of photons is represented by the linear attenuation coefficient, µ, 

measured in m−1. The interaction of X-ray with matter is characterized by the 

absorption, α, and scattering, µs, of the photons. For monoenergetic X-rays, the 

relationship between the attenuation of the radiation intensity passing through an 

object of a certain thickness can be expressed by Lambert-Beer’s3 law shown in 

Equation 4. X-ray imaging produces 2-D projection images of 3-D real-world 

objects.  

 

Materials with high effective atomic numbers, Zeff, absorb X-rays better than light 

materials (Russo 2018). For example, bone whose mineral composition is 

hydroxyapatite (Ca10(PO4)6(OH)2) with Zeff = 13.8 absorbs more photons than fat 

with Zeff = 7.64 (Russo 2018). Therefore, thicker tissues are referred to as radio-

opaque and hence are more visible in X-ray images.  

Computed tomography 

One of the disadvantages of conventional X-ray imaging is the averaging of spatial 

information on to a single 2-D superimposed projection. Computed tomography4 

solves this problem by taking several 2-D projection images at various angles 

around the body to create a 3-D reconstruction, hence preserving important spatial 

information. Essentially, tomosynthesis involves a rotating X-ray tube with a 

detector and image reconstruction capability (Buzug 2008). Modern CT scanners 

use the analytic reconstruction algorithm referred to as a filtered back-projection to 

produce the an image from the scan data (Buzug 2008; Cierniak 2011). The 

attenuation values in the original scan data derived from Equation 4 are represented 

as gray values in the reconstructed image/slice. The image pixels are assigned a 

CT-number which is a dimensionless scale related to the linear attenuation 

coefficients of the scanned tissue and water as a reference, shown in Equation 5. 

 
3 Lambert-Beer law of attenuation was originally formulated for X-ray from a pencil beam source.  
4 Grossman coined the term Tomography in 1935 from Greek for tomos (slice) and graphein (draw). 



37 

The CT-number is expressed Hounsfield5 units (HU). The constant K is a contrast 

factor and is equal to 1000 (Buzug 2008). Water has a CT-number of 0 HU, while 

air has a value of −1000 HU. Cortical and trabecular bones have CT-numbers 

ranging from ~200 HU to ~1000 HU, and from ~50 HU to ~300 HU, respectively. 

Choosing a thresholding range for the gray values based on HU values, it is possible 

to segment different tissues of the scanned body (Buzug 2008; Cierniak 2011). 

For better visualization and postprocessing, CT slices can be stacked together 

to show the 3-D structure of the scanned tissue (Buzug 2008). Each pixel in the 3-

D reconstruction represents a voxel whose dimensions are determined by the spatial 

resolution of the CT. However, poor spatial resolution can be a limitation for 

thresholding, segmentation and 3-D reconstruction purposes (Buzug 2008; 

Cierniak 2011). The in-plane spatial resolution depends on the pixel size and 

reconstruction display field of view (FOV) in millimeters, mm. In Equation 6, the 

pixel size can be determined as a ratio of the display FOV and the image matrix 

size. For instance, for a matrix size of 512 x 512, and a FOV of 25 cm, the pixel 

size is 0.5 mm.                                                           

The cross-plane spatial resolution, referred to as the slice thickness, is related to 

the noise and partial volume effect which is linked to the visibility of smaller tissues. 

A thicker slice contains less noise, but the partial volume effect becomes more 

pronounced (Buzug 2008; Cierniak 2011). For most clinical and research CTs, the 

in-plane pixel sizes range between 0.5 mm to 10 mm (Seeram, 2009; Yang et al., 

2018), and the cross-plane slice thickness can be up to 5 mm (Dougherty and 

Henebry 2002). 

2.4.2 Image texture analysis 

Image texture analysis involves extraction, interpretation, classification and 

segmentation of texture features. In the biomedical field it is widely used in MRI 

 
5 Named in honor of Sir Godfrey Hounsfield who showed the proof for the principle of tomographic 
reconstruction in 1969, and in 1979 received a joint Nobel Prize for Medicine with Allan MacLeod 
Cormack. 
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(Harrison et al. 2011; Suoranta et al. 2013), plain-radiography (Veenland et al. 

1996), and CT-based (Dougherty 2001) studies. In addition to its overt application 

in 2-D images, texture analysis has also been extended in to 3-D spaces (Showalter 

et al. 2006; Suoranta et al. 2013).  

Texture analysis can be divided into four techniques: (1) statistical, (2) 

structural, (3) model-based, and (4) transform-based methods (Hung, Song, and 

Lan 2019). These techniques are used for formalizing the unique image texture 

features calculated after transforming, sorting, or finding a pattern in the gray-levels 

in the image. In the statistical method, the extracted texture features are statistically 

analyzed to explain the image texture (Haralick 1979; Haralick, Shanmugam, and 

Dinstein 2007; Hung et al. 2019). The most common statistical methods are gray-

level histogram analysis (1st−order statistics) and the gray-level co-occurrence 

matrix (GLCM) (2nd−order statistics) (Haralick 1979; Scalco and Rizzo 2017). The 

structural method involves creating specific shapes such as a line or square to 

represent each of the image texture elements known as textels and then generating 

a new binary image in order to define the textels’ spatial relationship to obtain the 

textural features (Haralick 1979; Hung et al. 2019; Serra and Verchery 1973). 

Model-based analysis characterizes the texture by generating coefficients and 

probability distributions using sophisticated mathematical models (Hung et al. 

2019; Scalco and Rizzo 2017). The most common model-based method in medical 

image texture analysis are fractal models (Veenland et al. 1996). The transform-

based method transforms the image texture features into a frequency or scale 

domain using different filters such as a Fourier transform, wavelet and Gabor filters, 

and a Laplacian transform of Gaussian filter. The wavelet transform is the most 

commonly used transform-based method (Hung et al. 2019; Scalco and Rizzo 

2017).  

2.4.3 Computed tomography-based texture analysis of trabecular 

bone 

CT-based texture features consist of 2-D or 3-D information extracted to study 

different pathologies. The literature on pelvic or acetabular fracture studies using 

CT-based texture is limited. However, the use of the CT-texture approach has been 

gaining popularity in non-bone-related research areas such as in oncological 

applications for identifying histopathological features and monitoring treatment 

responses (Lubner et al. 2017).  
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One of the major challenges associated with texture analysis in CT is the size 

of the region of interest (ROI) or volume of interest (VOI) and the slice thickness. 

The ROI is the intended area of study which is placed on the CT slice(s) so that 

texture features can be extracted. It has been suggested that a standard ROI size 

(Sikiö et al. 2015) and an optimum slice thickness should be determined when 

performing a texture analysis (Savio et al. 2010). In addition, a CT-based texture 

analysis can be affected by poor spatial resolution and variation within the same 

dataset, especially if the data collection was from clinical trauma cases. Studies 

have addressed this issue by pre-processing the images to normalize or harmonize 

the pixel spacing and slice thickness throughout the study data (Espinasse et al., 

2020; Shafiq-Ul-Hassan et al., 2017; Yang et al., 2018). Various low-resolution CT 

studies implemented on larger slice thickness, 3 mm – 5 mm, after having applied 

normalization techniques, have also been able to extract useful information 

correlating to trabecular micro-architecture (Dougherty 2001; Dougherty and 

Henebry 2002; Lang et al. 2002; Shafiq-Ul-Hassan et al. 2017; Showalter et al. 

2006). Table 1 summarizes the relevant literature on the CT-based texture analysis 

of bone. 

Table 1. Summary of selected studies analyzing CT-based texture features of bone. 

Author Aim/Title Features Resolution 

Hodgdon et al., 

2020 

 

Acetabular subchondral bone 

analysis using CT texture 

analysis. 

3-D histogram features ST = 0.5−0.625 

Reconstructed ST = 3 

Matrix = 512 X 512 

Kawashima et 

al., 2019 

Differentiating normal and 

osteoporotic bones using 

texture analysis of head CT 

images. 

Histogram, GLCM, GLRL, 

GLGM and Laws features. 

PS = 0.4 

ST = 1.25 

Yin et al., 2019 Differentiated sacral 

chordoma using the CT 

radiomic features and 

machine learning.  

770 CT radiomic features. 

(The specific texture 

features are not mentioned 

in the study) 

PS1 = 1.56 to 1.09  

Matrix = 320 X 224 

FOV = 350 X 350 

ST = 5 

Muehlematter et 

al., 2019 

Investigation of vertebral 

insufficiency fractures on 

standard CT. 

GLRLM, GLCM and 

wavelet transformation 

features 

PS = 0.5 

ST = 2 

Nardone et al., 

2018 

3-D bone texture analysis to 

predict radiationinduced 

insufficiency fractures. 

Histogram, sphericity and 

GLCM features 

ST = 2.5 



40 

Author Aim/Title Features Resolution 

Lowitz et al., 

2017 

Comparing BMD and 

trabecular texture using CT 

and HR-pQCT 

Entropy, global 

inhomogeneity, local 

inhomogeneity, anisotropy, 

and variogram slope. 

ST = 0.5 

PS = 0.25 

Nardone et al., 

2017 

Investigating radiation-

induced insufficiency fracturs 

using bone texture analysis. 

Histogram features ST = 2.5 

Rodríguez-Soto 

et al., 2010 

Proximal femur fracture risk 

prediction using trabecular 

texture, BMD and cortical 

thickness analyses. 

GLCM, Minkowski 

dimension, functional and 

scaling index  

PS = 0.486 

ST = 0.625 

Reconstructed ST = 1.25 

Guggenbuhl et 

al., 2008 

Investigating the influence of 

slice thickness on bone 

texture analysis. 

Run length and GLCM PS: 0.10 

ST: 1, 3, 5, 8 

Dougherty et al., 

2002 

Assessing vertebral trabecular 

bone architecture from CT 

images. 

Fractal dimension and 

Lacunarity 

PS1 = 0.5 

Matrix = 512 X 512 

FOV = 250 X 250 

ST: 1, 3, 5, 10 

Dougherty, 2001 Comparison of texture from 

CT and projection radiography 

images or vertebral 

trabeculae. 

Fractal signature and 

Lacunarity 

PS: 0.12 to 0.60 

ST: 1, 3, 5 

Cortet et al., 

1999 

Analysis of distal radius 

trabecular network using CT. 

Run length and fractal 

analysis 

PS = 0.2 

ST = 1 

M. Ito et al., 

1995 

Spinal fracture analysis using 

trabecular texture of CT 

images. 

Run length  PS = 0.2 

ST = 2 

1The value was not given in the article but was calculated using Equation 6, CT = computed tomography, 

PS = pixel size [mm], ST = slice thickness [mm], FOV = field of view, BMD = bone mineral density, HR-

pQCT = high-resolution quantitative computed tomography, GLCM = gray level co-occurrence matrix, 

GLRL = gray level run length, GLGM = gray level gradient matrix. 
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2.4.4 Deep learning  

Definition of deep learning 

Deep learning is a type of hierarchical or multi-level machine learning algorithm 

that is applied for automatic object detection, pattern recognition and classification 

tasks. A deep learning algorithm creates a network architecture using non-linear 

processing in supervised, unsupervised, semi-supervised or reinforcement feature 

extraction techniques so that abstract higher-level features can be created from raw 

lower-level inputs (Ching et al. 2017; Deng and Yu 2013; Goodfellow, Bengio, and 

Courville 2016; Lecun, Bengio, and Hinton 2015).  

Machine learning algorithms 

A computer program running a machine learning algorithm executes three aspects6: 

the task T, the training experience E and a performance measure P (Mitchell 1997). 

A task to solve a problem can have a set of quantitative measures 𝒙 ∈  ℝ  defined 

in a data space of size n (Goodfellow et al. 2016; Mitchell 1997). Each element of 

𝒙  represents the different features of the inputs to the problem. The task of the 

learning algorithm is to produces a function 𝑓: ℝ →  ℝ used to process the input 

𝒙 and produce an output 𝑦 𝑓 𝒙  (Goodfellow et al. 2016; Mitchell 1997).  

The training experience E is the feature extraction techniques used in the 

learning process. There can be a supervised learning experience in which the inputs 

are labelled beforehand into classes or categories and the output target class is in 

the form of scores representative of each category (Deo 2015; Lecun et al. 2015). 

Supervised learning is the most common type of machine learning technique. In 

unsupervised or generative learning, prior information regarding the target class is 

not given, for example in clustering tasks (Deo 2015; Lecun et al. 2015). A semi-

supervised or hybrid technique is when criteria developed for supervised learning 

is applied to estimate the parameters in an unsupervised network (Deng and Yu 

2013). Reinforcement learning is a feature extraction method similar to 

unsupervised learning in that the training data is unlabeled, but the desirability of 

an outcome or action being performed by an agent will be graded by the trainer in 

 
6 The three aspects definition was originally put forth by Tom M. Mitchell in 1997 in his book titled 
“Machine Learning” which broadly describes the learning problem as “A computer program is said to 
learn from experience E with respect to some class of tasks T and performance measure P, if its 
performance at tasks in T, as measured by P, improves with experience E.” 
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a reward/punishment system (Mitchell 1997; Mnih et al. 2015). A good example of 

reinforcement learning is playing games. Lastly, the performance measure P is an 

aspect of the machine learning algorithm where the learning task for the specific 

learning experience is quantitatively evaluated during training. An example of a 

performance measure is accuracy (Goodfellow et al. 2016). 

Convolutional neural networks  

Convolutional neural networks (CNNs) are a type of deep learning architecture 

suited for image classification, prediction and object recognition tasks. As shown 

in Fig. 6, there are three important layers of a CNN architecture: convolutional, 

pooling and fully connected layers.  

Fig. 6. A typical architecture of a convolutional neural network.  

CNNs are especially suited for image processing because of their architecture to 

process data with a grid-like topology or in multilayer arrays such as the three color 

channels of the image pixel gray values which also contain the image’s edge and 

texture information (Goodfellow et al. 2016; Lecun et al. 2015). The architecture 

of most deep learning applications is a feedforward interconnection of neural 

networks7 (NN) where simple units take an input and pass it to other similar units 

until a real-valued output is produced (Lecun et al. 2015). The simple unit of an 

NN is the neuron that passes an activated weighted output through a non-linear 

 
7 Neural networks (NN) were first introduced 1943 by Walter Pitts and Warren McCullough 
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function such as a step-function or logistic function to produce a real-valued output 

to be fed into the next neuron (Schmidhuber 2015). The activated weighted output 

is the sum of the bias, the connections, and the sum of the weights of the incoming 

connections from other neurons followed by a pooling operation (Fig. 6) (Parekh 

and Jacobs 2019; Schmidhuber 2015). Hence, as LeCun et al. puts it, the advantages 

of CNN are the four properties: connections, shared weights, pooling and deep 

layers (Lecun et al. 2015). Other advantages of CNNs in image-related tasks is their 

application of filters to extract spatial and temporal information (Le 2015; Mathew, 

Amudha, and Sivakumari 2021). Examples of prominent CNNs for image 

classification, prediction, or object recognition are AlexNet 8  (Krizhevsky, 

Sutskever, and Hinton 2012), ResNet (He et al. 2016), and DenseNet (Huang et al. 

2017).  

Application of deep learning in osteoarthritic studies using X-ray or 

computed tomography images 

In medicine, the use of deep learning is varied and it is applied for purposes such 

as the classification, segmentation, detection and prediction of a tissue, organ or a 

disease (Litjens et al. 2017). The applications also extend into the incorporation of 

texture information extracted from a medical image to be used by models to provide 

a diagnosis of a patient (Parekh and Jacobs 2019). In the case of OA-related deep 

learning studies that make use of radiological images, X-rays are the most 

commonly primary sources of input training data (Antony et al. 2016; Leung et al. 

2020; von Schacky et al. 2020; Tiulpin et al. 2018; Tiulpin and Saarakkala 2019; 

Üreten, Arslan, et al. 2020; Üreten, Erbay, and Maraş 2020; Xue et al. 2017). The 

earliest papers on OA detection were by Anthony et al. in 2016 and Xue et al. in 

2017 on hip and knee OA severity grading, respectively (Antony et al. 2016; Xue 

et al. 2017). On the contrary, CTs are rarely used as input training data for OA 

detection. In the dental field, there is a recent paper by Lee et al., where 

temporomandibular joint OA was automatically detected using an object detector 

deep learning network, single-shot detector (SSD) (Lee et al. 2020). Since the 

number of CT-based studies is limited, a summary of plain radiograph studies 

where deep learning has been applied to study OA using is shown in Table 2.  

 
8 AlexNet developed by Alex Krizhevsky et al. in 2012 was one of the first successful implementations 
of deep CNN on an ImageNet (http://www.image-net.org/) which is an open-source collection of 
millions of images.  
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Table 2. Summary of deep learning studies for osteoarthritis (OA) using plain 

radiography.  

Author Aim/Title Architecture n  Performance 

Leung et al. 2020 Prediction of total knee 

replacement (TKR) and 

diagnosis of knee OA. 

ResNet34 728 OA: AUC = 0.87, TKR: 

OR = 7.7 

Üreten et al. 2020 Detection of hip OA. VGG-16 CNN 434 Accuracy: 90.2% 

Üreten et al. 2020 Detection of hand OA. 
AlexNet, GoogleNet, 

and VGG-19 CNN 
420 

Accuracies:  

AlexNet = 93.2%, 

GoogleNet = 94.3%, 

VGG-19 = 96.6% 

Schacky et al. 2020 Severity grading of hip 

OA features. 

DenseNet161 CNN 3494 Range of accuracies of 

OA features: 65.4% − 

91.3%  

Tiulpin et al. 2020 Automatic grading of 

individual knee OA. 

SE-ResNet-50, SE-

ResNet-50-32-4d 

19704 Precision: 0.98 

ROC AUC: 0.98 

Tiulpin et al. 2018 Automatic diagnosis of 

knee OA. 

Deep Siamese CNN 18,376 Accuracy: 66.7%  

ROC AUC: 0.93 

Xue et al. 2017 Diagnostic value of deep 

learning in hip OA 

VGG-16 CNN 420 Accuracy: 92.8%  

ROC AUC: 0.94 

Anthony et al. 2016 Severity grading of knee 

OA. 

VGG-16, VGG-M-

128, CaffeNet CNNs 

 Accuracy: 53.6% 

OA = Osteoarthritis, OR = Odds ratio, CNN = Convolutional neural network, ROC = Receiver operating 

characteristics, AUC = Area under the curve 
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3 Aims of the study 

The incidence of hip fractures has decreased during the last decades, whereas the 

incidence of low-energy acetabular fractures has increased. The biomechanical 

reason for the opposing trends is not known. Therefore, the aim of this study was 

to investigate structural and biomechanical risk factors that contribute to low-

energy acetabular fractures. The specific aims were: 

1. To identify the structural risk factors of the proximal femur and acetabulum 

that contribute to the risk of acetabular fractures. 

2. To investigate whether the trabecular architecture of the acetabulum and 

proximal femur can discriminate low-energy acetabular fractures from 

controls. 

3. To assess the relationship between radiographic hip osteoarthritis and the risk 

of low-energy acetabular fractures. In addition, the feasibility of deploying a 

deep learning model to predict radiographic hip OA was assessed. 
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4 Materials and Methods 

4.1 Study Population  

There are three sub-studies included as part of this thesis (Studies I-III) which 
consisted of subjects with acetabular fractures and their age-gender matched 
controls with no fractures. The study population was the same in all sub-studies and 
it consisted of clinical abdominopelvic CT images which were scanned using 
standard protocols. Subjects admitted to Oulu University Hospital between January 
2008 and October 2017 were included. The exclusion criteria were age under 50 
years, high energy trauma (e.g., car accidents), femoral fractures, a surgical history, 
or previous pelvic diseases. In all the three studies, the fractured acetabula were 
excluded from some measurements in order to avoid errors as a result of the 
displaced acetabulum. The acetabular fracture side was used to make direct 
measurements on the proximal femur (Study I and II) while the contralateral side 
was used for measuring the acetabular geometry (study I), trabecular architecture 
(Study II) and radiographic hip OA (Study III) (Fig. 7). Table 3 below provides a 
summary of the materials and methods used in the sub-studies.  

Table 3. Summary of materials and methods used in the studies. 

Study/Side Number of Subjects Imaging Modality Measured Variables 

Study I 

 Fracture side  230 (55 F, 175 M) 3-D CT PFG (e.g., NSA, FNALa, FNALb) 

 Contralateral side  216 (57 F, 159 M) 3-D CT AG (e.g., AI, AceAV, ASA) 

Study II 

 Fracture side 205 (47 F, 158 M) 3-D CT BV/TV, 3-D GLCM features, PFG 

 Contralateral side 186 (50 F, 136 M) 3-D CT BV/TV, 3-D GLCM features 

Study III 

 Contralateral side  188 (49 F, 139 M) 2-D CT and plain 

radiographs 

Prediction scores of radiographic 

hip osteoarthritis 

PFG = Proximal femur geometry. AG = Acetabular geometry. VOI = volume of interest. F = Female, M = 

Males. NSA = Neck shaft angle. FNAL = Femoral neck axis length. AI = Acetabular Inclination. AceAV = 

Acetabular anteversion. ASA = Acetabular sector angle. BV/TV = Bone volume fraction.  
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Fig. 7. The side consideration followed in the studies. The fractured acetabula were 

excluded from measurements of the acetabular geometry (Study I), the acetabular 

region trabecular architecture (Study II) and radiographic hip OA (Study III), but these 

same measurements were conducted on the contralateral side. For Study I, the proximal 

femur geometry, and for Study II the femoral head regions’ trabecular architecture were 

measured on the fracture side.  

4.2 Methods  

4.2.1 Thresholding and segmentation (I, II, III) 

The HU values for the CT slices ranged between -1024 HU to +1650 HU. In all 

three studies, thresholding operations were performed to segment bone tissue only. 

A thresholding mask windows based on custom HU range was used for this task. 

For Study I, +200 HU was assigned as lower boundary of the segmentation mask 

window. Then in order to create 3-D models used in the study, masks were applied 

one-by-one on the slices while visually examining for overlaps, gaps, and 

discontinuity at the edges. For Studies II and III, the thresholds for the CT slices 

were set with a custom range between -150 HU to +600 HU chosen to ensure that 



49 

trabecular bone was optimally  segmented in the selected slices (Donohue et al. 

2018; Kim et al. 2016).  

4.2.2 Realignment of pelvic 3-D model (I, II) 

Following the thresholding and segmentation steps, 3-D models were created using 

least amount postprocessing, such as meshing, smoothing, and wrapping, to avoid 

unnecessary changes the dimensions (Study I). Then the pelvis was realigned to a 

new coordinate system to standardize measurements across the data set and correct 

the alignment positions at the time of the scans, as shown in Fig. 8.  

Fig. 8. Re-orientation of the 3D model into a new coordinate system. (a) is the Isometric 

view and (b) is the top view of the 3D model before (light green) and after (turquoise) 

alignment (image reproduced from Study I).  

An anterior posterior plane (APP) was formed using the ASIS (Anterior Superior 

Iliac Spine) and PT (Pubic Tubercles) as landmarks and was then reoriented parallel 

to a vertical XY-plane (Fig. 8) (Higgins et al. 2014; Suzuki et al. 2017). The 

resulting coordinate system consisted of three orthogonal planes: the anterior pelvic 

plane, mid-sagittal plane (MSP), and trans-pelvic plane (TPP) (Fig. 8). The APP 

together with the 3-D model was then aligned to the frontal plane (XZ-plane) of the 

global coordinate system. Following realignment and reorientation of the 3-D 

model, in Study II, the APP plane was used as a re-slicing plane for the CT slices. 



50 

Proximal femur geometry (PFG) (I, II) 

The PFG variables consisted of the NSA, FNALa, FNALb, NSW, and FHD, as 

shown in Fig. 9. 

Fig. 9. Geometrical measurements of the proximal femur shown in an isometric view. 

(O) is the center of the sphere fitted around the femoral head, (C–D) is femoral head 

diameter (FHD), (A–B) is femoral neck axis length-a (FNALa), (O–B) is femoral neck axis 

length-b (FNALb), and (l) is femoral shaft axis. The neck shaft angle (NSA) is the angle 

between (l) and (A–B). (E–F) is the neck shaft width (NSW) (image reproduced from 

Study I). 

Acetabular geometry (AG) (I) 

The AG was defined by its orientation, coverage, and support of the femoral head. 

Fig. 10 shows detailed measurements of the angles used to define the AG. 
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Fig. 10. Acetabular geometry measurements. (a) the acetabular angle (AA) of the sharp 

and lateral center edge angle (LCEA), (b) anterior and posterior sector angles (ASA and 

PSA), (c) anterior and posterior center edge angles (ACEA and PCEA). (O) is the center 

of the femoral head, (A) is lateral edge of the acetabular roof, (B) is bony ridges of the 

acetabular fossa, (C) and (D) are anterior and posterior margins on TPP respectively, 

and (E) and (F) are the anterior and posterior margins on the MSP respectively. The AA 

was measured from a horizontal line through (B) and a line connecting (A) and (B). The 

LCEA was measured from a line connecting (A) and (O) and a vertical line. ASA, PSA, 

ACEA and PCEA were measured from a vertical line through (O) and a line from (O) to 

the acetabular margins (C), (D), (E) and (F) respectively (Image reproduced from Study 

I). 
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4.2.3 Trabecular architecture of the femoral head and acetabulum (II) 

Extraction of volumes of interest 

Three locations were selected for the VOI 16 𝑚𝑚 16 𝑚𝑚 24 𝑚𝑚  

placement: the acetabular region (AR), the femoral head region FHR-1 and the 

femoral head region FHR-2 (Fig. 11). A specific number of slices was selected 

depending on the thickness and depth of the VOI (24 mm), 

i.e., 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑙𝑖𝑐𝑒𝑠 𝑑𝑒𝑝𝑡ℎ 𝑜𝑓 𝑉𝑂𝐼 ⁄ 𝑠𝑙𝑖𝑐𝑒 𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 .  

Fig. 11. Placement of the volumes of interest (VOI) on the acetabulum and femoral head. 

(a) and (b) represent femoral head region 1 (FHR-1) and femur head region 2 (FHR-2), 

respectively, whereas (c) represents the acetabular region (AR). When calculating the 

bone volume fraction, the VOI was segmented into the bone fraction and empty space 

using Otsu thresholding. 

A rectangular region of interest (ROI =  16 𝑚𝑚 16 𝑚𝑚) was manually placed in 

the center slice of the selected slices to mark the intended anatomical locations (Fig. 

11). To make sure of the comparability of results throughout the dataset, each VOI 

was resampled to the same voxel size 0.8 𝑚𝑚 0.8 𝑚𝑚 3 𝑚𝑚  using bicubic 

interpolation (Yang et al., 2018). Hence, the final dimensions of the VOIs were 

20 20 8  voxels. 
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Bone density assessment using bone volume fraction and gray value 

histogram analyses 

The trabecular bone density within the boundaries of the extracted VOIs was 

assessed using a bone volume fraction (BV/TV) and gray value (GV) histogram 

analysis (Goldstein, Goulet, and McCubbrey 1993; Hildebrand, Laib, and Mu 

1999; Hirvasniemi, Niinimäki, et al. 2019; Karhula et al. 2019; Showalter et al. 

2006). Due to the limited resolution and lack of a density calibration standard 

during the acquisition of the CT scans. The information regarding the GV 

distributions within an image or VOI was provided by histogram analyses. These 

statistics measures included the GV mean, standard deviation, variance, skewness 

and kurtosis.  

3-D gray-level co-occurrence matrix (GLCM) 

The 3-D GLCM provides texture information of the extracted VOI. The parameters 

needed to construct a co-occurrence matrix are distance, offset directions and 

number of gray levels (Haralick 1979; Haralick et al. 2007; Soh, Tsatsoulis, and 

Member 1999). Here, 1-pixel the distance, 13 offset directions (i.e., the 13 unique 

angles out of the total of 26 found around a point in 3-D) and 16 gray levels were 

used. The 𝑃 ,   were converted into probabilities 𝑝 ,   by normalizing each by the 

total number of co-occurrences. The final GLCM containing the probabilities of 

co-occurrences was made symmetrical by adding its transpose along the main 

diagonal (Haralick et al. 2007). Finally, the following nine variables were 

calculated, and the 13 directions were averaged to ensure rotational invariance 

(Table 4). 
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Table 4. Definition and equations of the second order statistical variables derived from 

the 3-D gray-level co-occurrence matrix (GLCM) (Haralick 1979; Haralick et al. 2007; Soh 

et al. 1999). 

Parameter Equation Description 

Contrast 𝑛 𝑝 𝑖, 𝑗 , |𝑖 𝑗| 𝑛 

Local intensity variations between 

neighboring gray levels. 

Homogeneity 
,  

Similarities between neighboring 

gray levels. 

Correlation 
∑ ∑ 𝑖𝑗 𝑝 𝑖, 𝑗 𝜇 𝜇

𝜎 𝜎
 

Linear dependencies between 

neighboring gray levels. 

Entropy 𝑝 𝑖, 𝑗 log 𝑝 𝑖, 𝑗  
Disorder between neighboring gray 

levels. 

Difference entropy 𝑝 𝑖 log 𝑝 𝑖  
Disorder related to gray level 

differences. 

Difference variance 𝑖 𝜇 𝑝 𝑖  
Heterogeneity with respect to the 

GLCM mean. 

Sum variance 𝑛 𝑖 ∙ 𝑝 𝑖 𝑝 𝑖  
Sum distribution of the gray level 

around the GLCM mean. 

Maximum probability max
,

𝑝 𝑖, 𝑗  the largest probability of a gray 

level’s co-occurrence in the GLCM. 

Information measure of 

correlation 

𝐻𝑋𝑌  𝐻𝑋𝑌1
𝑚𝑎𝑥 𝐻𝑋,𝐻𝑌

 

where HXY is entropy, HX and HY are 
entropies of px and py 

Texture complexity derived from 

mutual information. 

 𝜇 ∑ ∑ 𝑖 ∙ 𝑝 𝑖, 𝑗 , 𝜇 ∑ ∑ 𝑗 ∙ 𝑝 𝑖, 𝑗  GLCM means in x and y directions 

 

𝜎 𝑖 𝜇 ∙ 𝑝 𝑖, 𝑗  

𝜎 𝑗 𝜇 ∙ 𝑝 𝑖, 𝑗  

Standard deviations of the GLCM 

means in x and y directions 
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4.2.4 Deep learning model for assessing radiographic hip OA (III) 

Creating AP radiograph-like image from CT data 

In order to use the CT data for predicting rHOA, the slices had to be converted to 

resemble an AP X-ray. Hence, the slices were summed from an AP-style image 

which we referred to as CT-AP. The slices used for summation were selected 

manually and bad quality slices were excluded. The summation was done 

sequentially and in the same direction, i.e., the next slice was added to the sum of 

slices before it and so forth (Fig. 12). This technique is similar to the sliding thin 

slab maximum intensity projection technique originally introduced by Napel et al. 

for visualizing blood vessels and airways (Napel, Rubin, and Jeffrey 1993).  

Fig. 12. Sequential summation of CT slices to form the final two-dimensional image is 

referred to as CT-AP. Cropping of the hip joint by first localizing the region of interest 

using a faster RCNN object detector is also shown. 
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Training the deep learning model 

The training data was a combination a part of the CT-AP images (n = 94) and X-

ray images collected from the CHECK. The CT-AP images were manually graded 

into two classes, i.e., rHOA vs no-rHOA, based on the KL grading of the 

radiographic OA features present in the image.  

CHECK is a multi-center prospective cohort study formed by the Dutch 

Arthritis Foundation, to investigate the clinical, biochemical and radiographical 

signs and symptoms of hip and knee OA (Wesseling et al. 2016). A total of 1,002 

subjects (age range 45-65 years) participated from October 2002 to September 

2005 for a 10-year follow-up. Medical ethics guidelines were followed where all 

participants provided their written informed consent (Wesseling et al. 2016). The 

hip OA classification in the CHECK study was based on the Kellgren and Lawrence 

(KL) severity grading (Kellgren and Lawrence 1957). Our model used a binary 

classification system where KL0 was classified as no-rHOA, and ≥ KL2 as having 

rHOA. Here, the hip joints of each subject were collected from five visiting time-

points (baseline, year 2, year 5, year 8 and year 10). After excluding hip 

replacements, and insufficient image quality (artefacts or underexposed), the final 

data set of X-ray images, which was separated into two classes consisted of 3671 

no-rHOA and 1988 rHOA hip joints. 

The hip joints were localized using a semi-automatic method involving a faster 

RCNN object detector based on AlexNet network architecture. To train this 

network a ground truth was created by manually drawing a rectangular region of 

interest (ROI) around randomly selected hip joints (n = 3000). The contrast 

adjustment was done on the CHECK X-rays by saturating the bottom and the top 

1% of the pixel values. However, due to the prior HU thresholding before slice 

summation, and to avoid over saturating the images, contrast adjustment was not 

done on the CT-AP images.  

After cropping the hip joints using the semi-automatic methods, the ResNet18 

model was trained to determine the presence or absence of rHOA. The network 

receives input data on the size (224 224 3), and all the images were resized 

to this size before training began. The input dataset was a combination of the 

cropped hip joints from the CHECK X-rays (n = 5659) and from the CT-AP images 

(n = 94) that were manually classified and partitioned into 55% training (n = 3158), 

30% validation (n = 1722) and 15% test (n = 873) sets (Table 5). The validation 

sets were not used for training the model. Their purpose was to evaluate the model 
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performance during the training process. In addition, the test sets were used to 

evaluate the performance of the model on unseen data. 

Table 5. Data partitions used to train, validate and test the ResNet18 model to predict 

radiographic hip OA. 

Data Partitions 
CHECK  CT-AP 

Overall 
rHOA no-rHOA  rHOA no-rHOA 

Training 1093 2019  29 17 3158 (55%) 

Validation 597 1101  15 9 1722 (30%) 

Test 298 551  15 9 873 (15%) 

Total 1988 3671  59 35 5753 (100%) 
CHECK = cohort hip cohort knee, CT-AP = computed tomography - anteroposterior, rHOA = radiographic 
hip OA, no-rHOA = no-radiographic hip OA. 

The next step in the training phase was data augmentation which is a method of 

transforming training data so that a CNN can learn newer features without the need 

to collect more images (Perez and Wang 2017; Shorten and Khoshgoftaar 2019). 

This has been shown to increase performance and predictive accuracy of task 

(Perez and Wang 2017; Shorten and Khoshgoftaar 2019). Here, minimal data 

augmentation was performed on the training and validation partitions. These 

augmentations included rotation by randomly chosen angles between -5° and +5°, 

random horizontal and vertical translations by a distance between -5 and +5 pixels, 

and uniform isotropic scaling by a randomly chosen factor between 0.75 and 1.2. 

For the testing set, augmentation was not done, save for the images being resized 

to match the network input size requirement. 

Transfer learning and training options 

A transfer learning training technique was employed for training the ResNet18 DL 

model. Transfer learning is the technique where CNNs pre-trained on natural 

images such as ImageNet are fine-tuned to fit a new task such as OA prediction 

(Gupta, Ayhan, and Maida 2013; von Schacky et al. 2020; Shin et al. 2016; Tiulpin 

et al. 2018; Üreten, Arslan, et al. 2020; Xu et al. 2017). In practice it involves 

replacing the final three layers, i.e., the fully connected, soft max and classification 

layers to fit the task, which in this case is a binary class prediction of the presence 

or absence of rHOA. Finally, after an end-layer replacement and adjusting for the 

number of classes, the network was fine-tuned by varying the training options. Here, 

we used an adaptive moment (ADAM) gradient-based optimizer (Kingma and Ba 
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2015), a mini-batch size of 32, a maximum epoch of 100, an initial and a final 

learning rate of 10-4 and 10-13 respectively, at a learning drop factor of 10-1 every 

10th epoch. Hence, given these options the network was trained for a maximum of 

10100 iterations with 101 iterations per epoch and validated every 53rd iteration 

with every epoch shuffled during each iteration to increase randomness in the data 

(Fig. 13).  

Fig. 13. Progression of the accuracy and loss during training and validation of the 

ResNet18 model. 

4.3 Statistical methods  

Group mean comparisons were conducted using an independent-samples t-test or a 

Mann-Whitney U-test. Prior to group comparisons, a Shapiro-Wilk test was 

performed to determine variable distribution. A bivariate Pearson’s linear 

correlation was also performed to investigate the associations between variables 

and to check for multicollinearity. The IBM SPSS (version 24.0.0.1, Armonk, 

CINY: IBM Corp, USA) statistics program was used for statistical analyses. 

In Study III, a MATLAB (version R2019b, the MathWorks, Inc., Natick, MA, 

USA) script was used to create a confusion matrix of the predicted and true classes 

to evaluate the model’s predictive performance, which was then used to calculate 

accuracy, precision, and F1-scores. To evaluate the classification performance a 
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receiver operator characteristic curve (ROC) was created to determine the area 

under the curve (AUC). A Chi-square (χ2) test and crosstabulations were conducted 

to test of the independence and association between variables. The Fisher’s exact 

test was applied when the minimum expected count was less than 5. The odds ratio 

was calculated for the likelihood of rHOA occurring in the acetabular fracture 

compared to the matching control groups. A Chi-square test was done to evaluate 

the distribution of the binary predicted classes between the matched contralateral 

sides of the study groups. In addition, a similar analysis was also performed by 

dividing the study subjects into three approximately equal sized parts based on age: 

≤ 65 years (n = 62), 66 years - 78 years (n = 63), and ≥ 79 years (n = 63).  

Machine learning methods (II) 

In Study II, Bayesian logistic regression (BLR) and Elastic net (EN) models were 

separately implemented to discriminate acetabular fracture cases from controls. A 

BLR is a type of regression which mainly solves nonidentifiability and unstable 

separation problems that are especially associated with smaller datasets (Gelman et 

al. 2008). It standardizes both the binary predictors and continuous input variables 

and then assigns independent samples t-test priors on the regression coefficients 

𝛽  (Gelman et al. 2008). A principal component analysis (PCA) was performed 

before running the BLR to account for multicollinearity between the input 

variables. Principal components that explained ≥ 98% of the variance were chosen 

as model inputs. 

The EN is a type of regularized linear regression used in statistics for shrinking 

coefficients in order to reduce the effects of multicollinearity and optimize feature 

selection (Zou and Hastie 2005). It is particularly useful for when the number of 

observations N is less than the number of predictor variables 𝑥 (Zou and Hastie 

2005). EN is a combination of a lasso (L1, α = 1) and ridge regression (L2, α = 0), 

penalties that reduce 𝛽 to zero, given the response variable 𝑦 and the regularization 

parameter λ (Eq. 7) (Zou and Hastie 2005).  
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The models classified the responses into the pair “fracture” and “control” for 

FHR-1 and FHR-2, comparing the fracture side of the acetabular fracture cases and 

the matching side of the controls, and into the pair “contralateral” and “control-

contralateral” for AR, comparing the contralateral side of the fracture cases, and 

the matching contralateral side of the controls, respectively. Three types of model 

inputs were used: PFG alone, and trabecular variables with and without PFG. In 

order to train and validate the models, repeated k-fold cross-validation (CV) was 

used at 10 folds and 50 repeats. The machine learning methods were implemented 

using R (version 3.6.1) statistical computing software. 
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5 Results 

5.1 Structural factors of low-energy acetabular fractures (I, II) 

Fractures vs Controls – PFG (I, II) and AG (I) 

The NSA was significantly smaller in the fracture group than in the control group 

(mean [95% CI]: 122.1° [121.1° – 123.2°] vs. 124.6° [123.6° – 125.6°], p = 0.001) 

(Table 6, Refer to Table 2 of the Study I article for more detail).  

The FNALb, and not FNALa, was significantly longer in the fracture group 

than in the control group (78.1 mm [77.0 mm – 79.2 mm] vs. 76.0 mm [74.8 mm – 

77.2 mm], p = 0.026) (Table 6). In addition, the FNAL was significantly longer in 

males and not in females. 

Table 6. Mean (SD) summary of proximal femur and acetabular geometry variables. 

Variables 

Fractures  Controls 

All Females Males  All Females Males 

n=116, n1=99 n=28, n1=28 n=88, n1=71  n=114, n1=117 n=27, n1=29 n=87, n1=88 

NSA (°) 122.1 (5.8)* 120.2 (6.3)* 122.7 (5.5)*†  124.6 (5.6) 124.7 (5.7) 124.6 (5.6) 

FNALb (mm) 78.1 (6.0)*† 72.1 (3.9) 80.0 (5.2)*†  76.0 (6.4) 70.4 (4.9) 77.8 (5.8) 

FNALa (mm) 103.0 (7.1) 94.9 (4.1) 105.6 (5.8)  101.1 (8.1) 93.2 (6.0) 103.6 (6.9) 

NSW (mm) 36.4 (3.0) 32.9 (1.9) 37.4 (2.4)  36.3 (3.2) 32.9 (1.9) 37.4 (2.7) 

FHD (mm) 50.8 (2.1) 46.7 (1.5) 52.1 (1.8)  51.0 (2.6) 48.2 (2.3) 51.8 (2.5) 

AceAV (°) 13.8 (5.6) 17.0 (5.7) 12.6 (5.1)  14.1 (5.9) 16.9 (6.0) 13.1 (5.6) 

AI (°) 50.7 (4.0) 51.7 (3.9) 50.0 (4.0)  50.6 (4.4) 50.1 (5.1) 50.8 (4.2) 

AA (°) 34.1 (3.5) 33.3 (3.7) 34.5 (3.4)  34.8 (3.9) 34.8 (4.7) 34.8 (3.6) 

LCEA (°) 40.7 (5.6) 41.3 (6.6) 40.0 (5.0)  40.1 (6.7) 43.9 (7.4) 38.9 (6.0) 

ACEA (°) 62.5 (8.4) 62.2 (9.5) 62.6 (8.0)  62.0 (11.3) 62.8 (11.1) 61.7 (11.4) 

PCEA (°) 105.3 (14.6) 115.2 (15.9) 101.4 (11.9)  103.7 (15.6) 115.4 (11.1) 99.9 (15.0) 

PSA (°) 100.5 (10.6) 106.9 (13.4) 97.9 (8.0)  98.6 (11.1) 106.6 (9.6) 96.0 (10.3) 

ASA (°) 66.5 (9.2) 66.2 (10.1) 66.5 (8.9)  64.6 (11.2) 64.9 (13.3) 64.5 (10.5) 

n = number of femurs, n1 = number of acetabula, *Parametric Independent Samples t-test (p<0.05), 
*†Nonparametric Mann-Whitney test (p<0.05). 
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Associations between the PFG and AG variables (I) 

The NSA was weakly correlated to the other PFG variables but the FNALa and 

FNALb very strongly correlated with each other (R = 0.96, p < 0.01). The AceAV 

was negatively correlated with the ASA (R = -0.58, p < 0.01) and the ACEA (R = 

-0.62, p < 0.01) and positively correlated with the PSA (R = 0.63, p < 0.01) and 

the PCEA (R = 0.62, p < 0.01). The LCEA was positively correlated with the ASA 

(R = 0.51, p < 0.01) and the ACEA (R = 0.49, p < 0.01). The ACEA was strongly 

correlated with the ASA (R = 0.71, p < 0.01), and the PCEA was strongly correlated 

with the PSA (R = 0.83, p < 0.01). Weak correlations were found between the PFG 

and AG variables (Refer to Table 3 of the Study I article). 

5.2 Trabecular architecture of low-energy acetabular fractures (II) 

At the AR BV/TV there was no significant difference between the contralateral side 

of acetabular fracture subjects and the matching contralateral sides of control 

subjects. The GLCM texture variable entropy was significantly lower on the 

contralateral sides of the fractured subjects than on the matching contralateral sides 

of the controls only for all subjects (3.69: [3.60 – 3.77] vs 3.83 [3.74 – 3.92], p = 

0.02) (Table 7). The GV mean was significantly lower on the contralateral sides of 

the fracture subjects than their matching controls for all subjects (98.81 [92.83 – 

104.79] vs 115.33 [109.83 – 120.83], p < 0.001), females (90.88 [75.78 – 105.98] 

vs 110.02 [96.84 – 123.19], p = 0.035) and males (101.73 [95.57 – 107.88] vs 

117.28 [117.28 – 111.35], p < 0.001) (Table 7). 

At FHR-1, homogeneity was greater on the fracture sides than controls for all 

subjects (0.56 [0.55 – 0.57] vs 0.55 [0.54 – 0.55], p = 0.038) and males (0.56 [0.55 

– 0.57] – 0.55 [0.54 – 0.55], p = 0.002). The GV mean was significantly lower on 

the fracture sides than on the matching control sides for all subjects and males 

(Table 8). At FHR-2, the correlation and IMC were higher for females (Table 9). 

The BV/TV and GV mean at FHR-2 were significantly lower on the fracture sides 

than on the matching control sides for all and males (p < 0.05) (Table 9). The GV 

skewness was significantly negatively skewed for the control cases for all subjects 

(0.01 [-0.08 – 0.11] vs -0.18 [-0.29 - -0.07], p = 0.023) and males (-0.03 [-0.15 – 

0.09] vs -0.27 [-0.39 - -0.14], p = 0.022) (Table 9). 
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Table 7. Bone volume fraction (BV/TV), gray level co-occurrence matrix and gray value 

(GV) histogram variables of the acetabular region (AR) measured on the contralateral 

side of subjects with an acetabular fracture and the matching side of the non-fractured 

controls. Values are given as means and standard deviations (SD). Statistical p-values 

of the differences for all subjects and individual genders are also shown. 

 

  

Variables 
Acetabular fracture contralateral side  Controls contralateral side 

All (n = 93) F (n = 25) M (n = 68)  All (n = 93) F (n=25) M (n = 68) 

BV/TV 0.26 (0.13) 0.24 (0.13) 0.27 (0.93)  0.26 (0.13) 0.23 (0.14) 0.27 (0.93) 

Contrast 2.92 (1.26) 2.69 (1.22)‡† 3.01 (1.27)  3.25 (1.29) 3.44 (1.19) 3.18 (1.33) 

Homogeneity 0.60 (0.06) 0.62 (0.06) 0.60 (0.05)  0.60 (0.05) 0.60 (0.06) 0.59 (0.05) 

Correlation 0.71 (0.08)‡† 0.71 (0.1) 0.71 (0.08)‡†  0.74 (0.05) 0.72 (0.06) 0.74 (0.05) 

Entropy 3.69 (0.42)‡ 3.54 (0.47) 3.74 (0.39)  3.83 (0.43) 3.78 (0.48) 3.85 (0.41) 

Diff. entropy 1.34 (0.17) 1.3 (0.18) 1.36 (0.16)  1.38 (0.16) 1.39 (0.17) 1.38 (0.16) 

Diff. var. 1.46 (0.59)‡† 1.39 (0.61)‡† 1.48 (0.59)  1.65 (0.67) 1.86 (0.63) 1.58 (0.67) 

Sum var. 18.35(8.86)‡† 17.25(9.36) 18.76 (8.7)  22.57(10.21) 22.73(11.14) 22.51(9.93) 

Max. prob. 0.10 (0.04) 0.11 (0.05) 0.09 (0.04)  0.09 (0.04) 0.09 (0.04) 0.09 (0.04) 

IMC -0.21 (0.05) -0.21 (0.05) -0.20(0.05)  -0.22 (0.04) -0.22 (0.03) -0.22 (0.04) 

GV mean  98.81(29.04)‡† 90.88(36.58)‡† 101.73(25.43)‡†  115.33(26.7) 110.02(31.92) 117.28(24.49) 

GV SD 34.73 (8.57) 35 (7.98) 34.63 (8.83)  37.46 (8.35) 37.66 (8.81) 37.39 (8.24) 

GV variance 1.28 (0.62) 1.28 (0.56) 1.28 (0.64)  1.47 (0.66) 1.49 (0.68) 1.46 (0.65) 

GV skew 1.37 (0.7) 1.63 (0.82) 1.28 (0.63)  1.27 (0.71) 1.45 (0.85) 1.21 (0.65) 

GV kurtosis 6.73 (3.39) 8.16 (4.36) 6.21 (2.81)  5.89 (3.39) 6.62 (4.03) 5.62 (3.12) 

 ‡Parametric independent samples t-test (p < 0.05). ‡†Nonparametric Mann-Whitney U-test (p < 0.05). IMC 

= information measure of correlation. 
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Table 8. Bone volume fraction (BV/TV), gray level co-occurrence matrix and gray value 

(GV) histogram variables of the femoral head region 1 (FHR-1) measured on the fracture 

side of subjects with an acetabular fracture and the matching side of the non-fractured 

controls. Values are given as means and standard deviations (SD). Statistical p-values 

of the differences for all subjects and individual genders are also shown. 

 
  

Variables 
Fracture side  Control side 

All (n = 98) F (n = 22) M (n = 76)  All (n = 107) F (n=25) M (n = 82) 

BV/TV 0.49 (0.09) 0.45 (0.07) 0.49 (0.08)  0.50 (0.09) 0.46 (0.07) 0.52 (0.08) 

Contrast 3.45 (1.23)‡† 3.54 (1.28) 3.48 (1.22)‡†  4.02 (1.35) 3.76 (1.313) 4.10 (1.35) 

Homogeneity 0.56 (0.04)‡† 0.55 (0.04) 0.56 (0.04)‡†  0.55 (0.03) 0.55 (0.03) 0.55 (0.03) 

Correlation 0.77 (0.07) 0.77 (0.07) 0.77 (0.07)  0.78 (0.06) 0.78 (0.05) 0.78 (0.07) 

Entropy 1.42 (0.13)‡† 1.44 (0.14) 1.41 (0.14)‡  1.47 (0.12) 1.45 (0.13) 1.47 (0.12) 

Diff. entropy 1.43 (0.52)‡† 1.49 (0.516) 1.41 (0.53)‡†  1.68 (0.6) 1.59 (0.58) 1.71 (0.60) 

Diff. var. 4.18 (0.26)‡ 4.24 (0.22) 4.17 (0.27)‡  4.29 (0.23) 4.25 (0.23) 4.29 (0.23) 

Sum var. 28.77(10.34)‡† 28.68 (7.98) 28.79(10.98)‡†  34.52 (12.29) 31.72 (8.84) 35.37 (13.09) 

Max. prob. 0.05 (0.02) 0.04 (0.02) 0.05 (0.02)‡†  0.05 (0.03) 0.05 (0.02) 0.05 (0.03) 

IMC -0.24 (0.05) -0.24 (0.05) -0.25 (0.05)  -0.25 (0.04) -0.24 (0.03) -0.25 (0.04) 

GV mean  136.41(27.5)‡ 127.61(29.05) 138.96(26.69)‡  147.99(27.85) 134.51(35.02) 152.10(24.05) 

GV SD 40.68 (9.58)‡ 42.35 (6.84) 40.19(10.23)‡†  44. (9.2) 42.39 (8.51) 44.49 (9.39) 

GV variance 1.74 (0.82)‡† 1.84 (0.57) 1.72 (0.87)‡†  2.02 (0.85) 1.87 (0.71) 2.07 (0.89) 

GV skew 0.08 (0.37) 0.19 (0.25) 0.04 (0.39)  0.01 (0.39) 0.21 (0.37) -0.05 (0.37) 

GV kurtosis 2.71 (0.62)‡† 2.61 (0.41) 2.74 (0.67)‡†  2.49 (0.5) 2.57 (0.43) 2.47 (0.51) 

‡Parametric independent samples t-test (p < 0.05). ‡†Nonparametric Mann-Whitney U-test (p < 0.05). IMC 

= information measure of correlation. 
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Table 9. Bone volume fraction (BV/TV), gray level co-occurrence matrix and gray value 

(GV) histogram variables of the femoral head region 2 (FHR-2) measured on the fracture 

side of subjects with an acetabular fracture and the matching side of the non-fractured 

controls. Values are given as means and standard deviations (SD). Statistical test p-

values of the differences for all subjects and individual genders are also shown. 

Variables 
Fracture side  Control side 

All (n = 98) F (n = 22) M (n = 76)  All (n = 107) F (n=25) M (n = 82) 

BV/TV 0.51 (0.12)‡ 0.49 (0.09) 0.52 (0.12)‡  0.55 (0.11) 0.49 (0.09) 0.56 (0.11) 

Contrast 2.97 (1.18) 3.07 (1.70) 2.94 (1.00)  3.17 (1.30) 2.76 (0.85) 3.29 (1.39) 

Homogeneity 0.58 (0.04) 0.58 (0.05) 0.58 (0.04)  0.58 (0.05) 0.59 (0.03) 0.58 (0.05) 

Correlation 0.77 (0.08)‡† 0.76 (0.08)‡ 0.77 (0.08)‡†  0.79 (0.06) 0.80 (0.049) 0.79 (0.06) 

Entropy 1.37 (0.14) 1.37 (0.17) 1.36 (0.13)  1.37 (0.14) 1.34 (0.13) 1.39 (0.14) 

Diff. entropy 1.37 (0.51) 1.33 (0.67) 1.33 (0.46)  1.44 (0.59) 1.25 (0.38) 1.50 (0.63) 

Diff. var. 4.03 (0.28)‡† 4.05 (0.31) 4.02 (0.26)‡†  4.09 (0.36) 4.05 (0.29) 4.10 (0.38) 

Sum var. 23.80 (8.75)‡† 22.62 (7.26) 24.14(9.15)‡†  29.26 (10.44) 26.94 (9.38) 29.96 (10.69) 

Max. prob. 0.07 (0.03) 0.06 (0.02) 0.07 (0.03)‡†  0.07 (0.08) 0.07 (0.03) 0.07 (0.08) 

IMC -0.24 (0.06)‡† -0.23 (0.05)† -0.25 (0.06)‡†  -0.27 (0.04) -0.27 (0.04) -0.26 (0.04) 

GV mean  150.63(31.54)‡ 137.43(29.71) 154.45(31.2)‡  163.47(32.67) 142.5(39.28) 169.86(27.61) 

GV SD 33.93 (8.15)‡ 33.3 (6.70) 34.11 (8.55)‡  38.16 (8.48) 34.91 (6.66) 39.15 (8.76) 

GV variance 1.22 (0.58)‡† 1.15 (0.47) 1.24 (0.62)‡†  1.53 (0.69) 1.26 (0.47) 1.61 (0.73) 

GV skew 0.01 (0.49)‡† 0.15 (0.35) -0.03 (0.52)‡†  -0.18 (0.57) 0.11 (0.45) -0.27 (0.57) 

GV kurtosis 3.23 (0.76)‡† 3.19 (0.75) 3.24 (0.77)‡†  3.04 (1.21) 2.91 (0.59) 3.07 (1.34) 

 ‡Parametric independent samples t-test (p < 0.05). ‡†Nonparametric Mann-Whitney U-test (p < 0.05). IMC 

= information measure of correlation. 
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Discrimination of fractures from controls with trabecular variables only (II) 

The classification performances ROC AUCs of the BLR and EN models at the AR 

and at the combined FHR-1 and FHR-2 variables are shown in Fig. 14. The ROC 

AUC values for AR BLR and EN models to discriminate the cases from controls 

were 0.70 [0.63 – 0.78] and 0.68 [0.60 – 0.76] for all subjects, 0.88 [0.78 – 0.98] 

and 0.86 [0.76 – 0.97] for females, 0.72 [0.63 – 0.81] and 0.69 [0.60 – 0.79] for 

males, respectively (Fig. 14A). In addition, without the inclusion of the PFG 

variables, when the FHR-1 and FHR-2 variables were combined into one input, the 

BLR and EN ROC AUCs were 0.75 [0.68 – 0.81] and 0.73 [0.66 – 0.80] for all 

subjects, 0.92 [0.85 – 1.00] and 0.68 [0.52 – 0.84] for females, 0.76 [0.68 – 0.83] 

and 0.74 [0.66 – 0.81] for males, respectively (Fig. 14B).   

Fig. 14. ROC curves based on inputs from the (A) acetabular region (AR) and (B) the 

combined femoral head regions (FHR) 1 and 2. The FHR and AR were measured from 

the fracture and contralateral sides, respectively.  

Discrimination of fractures from controls with PFG and trabecular 

variables (II) 

The classification performances of the PFG BLR and EN models resulted in ROC 

AUC values of 0.70 [0.62 – 0.77] and 0.69 [0.62 – 0.77] for all subjects, and 0.75 

[0.61 – 0.89] and 0.74 [0.59 – 0.89] for females, 0.68 [0.59 – 0.76] and 0.68 [0.59 
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– 0.76] for males, respectively (Fig. 15A). With the inclusion of PFG, the BLR and 

EN ROC AUCs for the combined FHR-1 and FHR-2 variables were 0.79 [0.72 – 

0.85] and 0.77 [0.71 – 0.84] for all subjects, 0.97 [0.92 – 1.00] and 1.00 [1.00 – 

1.00] for females, 0.79 [0.71 – 0.88] and 0.77 [0.69 – 0.84] for males, respectively 

(Fig. 15B).  

Fig. 15. ROC curves based on inputs from the (A) proximal femur geometry (PFG) and 

(B) the PFG combined with the variables from femoral head regions (FHR) 1 and 2. The 

FHR and AR were measured from the fracture and contralateral side, respectively.  
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5.3 Relationship between hip osteoarthritis and low-energy 

acetabular fractures (III)  

Performance and features visualization of the deep learning model 

The classification performance of the model to discriminate rHOA for only the CT-

AP data in test sets resulted in a ROC AUC value of 0.93 [0.73 - 1.00] (Fig. 16A). 

In addition, it predicted rHOA on the CT-AP images compared to the manual rHOA 

gradings with an accuracy of 83.33%, precision of 82.22% and F1-score of 82.22% 

(Fig. 16B).  

Fig. 16. The classification and predictive performance of the ResNet18 model on the CT-

AP images in the separate test set. 
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The visualization of the learned features is shown in Fig. 17. 

Fig. 17. Examples of image features learned by the ResNet18 model. The prediction 

scores are on the top left and the features are on the top right side of the images. The 

red bright areas indicate learned features contributing more to the highest score class. 

(A) shows accurate classifications of radiographic hip osteoarthritis (rHOA) while (B) 

shows a misclassification of a no-rHOA as rHOA. 

Association between low-energy acetabular fractures and hip OA  

When comparing the distribution of rHOA vs. no-rHOA between the fracture and 

control groups, significant differences were not found for all cases or for the 

individual genders. However, a higher percentage of rHOA was found in the 

fracture group than in the controls for all cases (66.3% vs. 61.5%), females (84.0% 

vs. 75.0%), and males (59.7% vs. 56.9%) (Table 10). Similarly, significant 

differences were not found when comparing the predicted classes between the 
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fracture and controls groups for those aged ≤ 65 years, 66 – 78 years, and ≥ 79 

years. Amongst the three age groups, those aged ≥ 79 years showed the highest 

percentage of rHOA (78%) compared to the other two age groups (Table 11). 

Table 10. Association between ResNet18 predictions and contralateral sides of the 

acetabular fractures and the matching controls. 

Contralateral Sides rHOA no-rHOA Total χ2, p OR [95% CI] 

All  

Acetabular fractures 61 (66.3) 31 (33.7) 92 (100) 
0.48, 0.49 1.23 [0.68 – 2.24] 

Matching controls 59 (61.5) 37 (38.5) 96 (100) 

Females 

Acetabular fractures 21 (84.0) 21 (84.0) 21 (84.0) 
0.61a, 0.49 1.75 [0.43 – 7.19] 

Matching controls 18 (75.0) 18 (75.0) 18 (75.0) 

Males 

Acetabular fractures 40 (59.7) 40 (59.7) 40 (59.7) 
0.11, 0.74 1.12 [0.57 – 2.20] 

Matching controls 41 (56.9) 41 (56.9) 41 (56.9) 

a1 cell (25.0%) has minimum expected count of 4.90. Fisher’s exact test applied. 

Table 11. Association between ResNet18 predictions and subjects aged less than 65 

years, 66 to 78 years and greater than 79 years. 

Age Groups rHOA no-rHOA Total χ2, p OR [95% CI] 

≤ 65 years 

Acetabular fractures 16 (55.2) 13 (44.8) 29 (100) 0.28, 0.60 1.38 [0.48 – 3.55] 

Matching controls 16 (48.5) 17 (51.5) 33 (100) 

66 – 78 years 

Acetabular fractures 20 (64.5) 11 (35.5) 31 (100) 0.01, 0.93 0.95 [0.34 – 2.68] 

Matching controls 21 (65.6) 11 (34.4) 32 (100) 

≥ 79 years 

Acetabular fractures 25 (78.1) 7 (21.9) 32 (100) 0.43, 0.51 1.46 [0.47 – 4.58] 

Matching controls 22 (71.0) 9 (29.0) 31 (100) 
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6 Discussion 

6.1 Overview of the studies and the major findings 

This thesis focused on investigating pelvic geometry (Study I), trabecular bone 

architecture (Study II) and hip osteoarthritis (Study III) in computed tomography 

data of low-energy acetabular fracture subjects and their age-gender matched 

controls. The included studies were the first to report findings on LEAFs in their 

respective objectives. The logical flow of the studies was to understand the risk 

factors of LEAFs with possible links to structural variables and hip OA. As part of 

Study I, proximal femur geometry and acetabular geometry were measured on true 

3-D reconstruction models of the pelvis. Here, we found a smaller than normal NSA 

and a longer FNALb to be the primary structural risk factors for LEAFs. In Study 

II, trabecular architectural variables from the femoral head and from the 

acetabulum were measured by extracting 3-D volumes of interests. Here, we found 

a lower BV/TV and lower mean GVs on the femoral heads, and only lower mean 

GVs on the acetabulum. In addition, compared to the controls the fracture subjects 

showed slight textural differences in the acetabular region, while the texture in the 

femoral head regions 1 and 2 was significantly less entropic (more homogeneous), 

and less correlated with varied complexity in texture, respectively. As part of Study 

III, radiographic hip OA was measured by creating 2-D summation images of CT 

slices. Here, we found no significant differences in the distribution of rHOA 

between the fracture cases and controls. However, we did observe some tendency 

of the higher prevalence of rHOA in fracture cases.  

The application of machine learning and deep learning methods was an 

essential part of this thesis. These techniques were mainly implemented to 

understanding the potential risk factors associated with LEAFs. In Study II, the 

BLR and EN ML methods helped to classify LEAF subjects from their age-gender 

matched controls using trabecular architectural variables with and without the 

inclusion of proximal femur geometry. In addition, the PFG variables when used in 

the BLR and EN models were able to discriminate fractures from controls (AUC 

0.68 – 0.75). The PFG AUCs were similar to those in prior 2-D radiographic studies 

that have shown the NSA to discriminate femoral neck fractures from non-fracture 

femurs, with the AUC being 0.72 (Gnudi et al., 2002), 0.69 (Thevenot et al. 2014) 

and 0.80 (Pulkkinen, Partanen, et al., 2011). In Study III, a DL model was 

developed for assessing pelvic fractures and hip OA from CT data. However, the 



72 

lack of openly available large volume CT data necessitated the use of already 

available cohort-based hip OA X-ray images in combination with our CT images. 

To bridge the gap between the images of the two modalities, a single 2-D image 

which resembled an AP X-ray image was created by summing the CT slices. The 

optimized model that was trained using the combined images was able to learn 

different rHOA features such as joint space narrowing, changes in the shape of the 

joints and osteophytes which were visually assessed based on the contributing 

image features using occlusion sensitivity. 

In Studies I and II, the PFG was measured on the fractured sides. The 

consequence of this was that the NSA and FNAL provided direct information 

regarding the role of the femur geometry in acetabular fracture risk. Direct 

measurement of the AG (Study I), acetabular trabecular architecture (Study II), and 

hip OA (Study III) was not possible on the fractured side due to dislocation gaps 

between fragments of the fractured acetabula present in the images. However, the 

symmetry of the AG was checked by measuring variables between the right and 

left sides in a subset of control subjects where we found a high correlation (r > 0.9, 

p < 0.01) for all the AG variables between the sides. For the acetabular trabecular 

architectural measurements and hip OA, a left-right symmetry was assumed. The 

main reason for this is that, under normal conditions, the hip joint carries the upper 

body weight equally distributed between the right and left joints. Moreover, 

although abnormalities might not develop simultaneously on both sides, conditions 

such as hip OA have been shown to be bilateral through time as the unaffected side 

compensates for the load for the other (Neame et al. 2004).  

6.2 Acetabular geometry, trabecular bone of the acetabulum and 

hip osteoarthritis 

Acetabular geometry and trabecular architecture on the acetabulum were measured 

from the contralateral sides. We found the role of acetabular geometry, i.e. 

acetabular orientation, coverage, and support to be statistically non-significant. 

Although unclear why, the role of AG in the mechanics of acetabular fractures has 

not been described well in the previous literature. The results of acetabular 

orientation defined by the acetabular inclination and anteversion were 50° and 14° 

respectively. Previous studies have reported the normal values of acetabular 

inclination and AceAV in subjects without fractures as 56° and 23°, 37° and 18°, 

and 51°and 16°, respectively (Higgins et al. 2014; Wang et al. 2017; Zhang et al. 

2017). The acetabular inclination and AceAV mainly affect the positioning of the 
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pelvis and would likely be involved in its orientation during sideways falls. 

Previous literature shows that AceAV does not predict hip fracture patterns in the 

elderly (Kamath et al. 2011). The role of the acetabular inclination in hip OA or 

pelvic fractures is unreported. 

The degree of coverage and support of the femoral head by the acetabulum 

determines the joint contact surface area, articular compressive stress, stability, 

congruency and movement. Over-coverage can be anteriorly when the AA is less 

than 38°, the LCEA is greater than 35°, the ACEA is greater than 29°, or it can be 

posteriorly when the PCEA is greater than 49° (Ito et al., 2009; Milcan et al., 2004; 

Miyasaka et al., 2017; Tannast et al., 2015). Nevertheless, over-coverage, whether 

anterior or posterior, implies limited freedom of movement by the femoral head. 

Under-coverage of the femoral head, referred to as acetabular or hip dysplasia, is 

considered when the AA is greater than 46°, the LCEA is less than 20°, the ACEA 

is less than 12°, the PCEA is less than 37°, the ASA is less than 50° and the PSA is 

less than 100° (Anda, Svenningsen, Dale, & Benum, 1986; Miyasaka et al., 2017; 

Tallroth & Lepistö, 2006). Under-coverage has been shown to be linked to the early 

onset of hip OA due to the joint instability and articular cartilage degeneration 

resulting from the condition. However, in this study, the results of the ASA and the 

PSA values were in the normal range and did not indicate hip dysplasia (Anda et 

al., 1986; Miyasaka et al., 2017). On the other hand, our results did indicate over-

coverage of the femoral head in both the fracture and control groups. 

In Study II, the mean BV/TV and mean GV in the acetabular region were lower 

compared to the mean values from the two femoral head regions. This could be 

because of the flat bone anatomy of the acetabulum which mostly consists of 

cortical bone and has less trabecular bone. In addition, in the AR, the BV/TV was 

0.26 ± 0.13 for control subjects and it was not significantly different between the 

contralateral side of the fractured cases and matching side of the controls. The GV 

fracture-vs-control comparisons showed fracture subjects to have a significantly 

smaller mean GV which could have been the result of lesser dense trabeculae, 

trabecular separation, a decrease in the number of trabeculae or changes in the 

mineralization of bone. The lower density and lower BV/TV were also supported 

by the GLCM analysis. When comparing the texture of the trabeculae between 

controls and fracture cases, females showed significantly fewer local variations in 

the gray levels and males demonstrated significantly lesser linear dependence and 

dispersion of gray level sums from the mean on the contralateral sides of the 

fracture cases. Hence, the lower density could be contributing to LEAFs. However, 
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considering the limited trabeculae in the acetabulum, its presence or absence during 

the load transfer in sideways falls is not yet clear. 

6.3 Proximal femur geometry, trabecular bone of the femoral head 

and hip osteoarthritis  

The centering of the femoral head in the acetabulum and its orientation relative to 

the greater trochanter is dependent on the NSA and FNAL. Hip joint congruency 

between the femoral head and the acetabular cup is essential for maintaining the 

contact area and the stress/strain distribution in the joint. Hence, an abnormal 

alignment of the femoral head, i.e., variations in the NSA, could result in unique 

fracture patterns within the acetabulum. In Study I, we found the mean NSA of 

125° for the non-fracture and contralateral sides. Previous studies have reported 

NSA values of normal subjects as 129° measured using 2D CT and 123° from 3-D 

CT methods (Anastopoulos et al. 2010; Boese et al. 2016). Contrary to what we 

found regarding the NSA, a larger NSA has been shown to be associated with 

femoral neck fractures compared to trochanteric fractures or controls (Partanen et 

al., 2001; Pulkkinen et al., 2006). The mean differences of the FNAL for the 

individual genders were also different where a longer FNAL was significant only 

for males and not for females. We also observed a trend, that the other femoral neck 

axis variable, FNALa, was longer in male fracture cases than in controls. These two 

neck axis measurements are rather similar. The FNALb is measured up to the 

femoral head center and the FNALa is specified up to the anterior site of the femoral 

head close to the acetabular wall. Hence, the reason that only FNALb was found to 

be significantly different and not FNALa could be explained by impact mechanics. 

The FNALa is within the joint capsule close to the impact site with the acetabular 

wall which might have caused a slight compression of the femoral neck during 

impact and hence may have affected/shortened the length.  

In the presence of OA, the subchondral and trabecular bone structures are 

affected, and the articular cartilage is progressively damaged. These changes could 

alter the biomechanics of the hip because they especially affect the weight bearing 

supralateral section of the joint (He et al., 2020; Shimamura, Iwata, Mashiba, Miki, 

& Yamamoto, 2019; Wu et al., 2020). In the elderly where the risk of age-related 

OP is high, it has been reported that the subchondral bone is abnormally formed 

and has “inferior microstructure” compared to the normal or purely OA cases (Chu 

et al. 2020). In Study III, we observed a tendency of somewhat higher prevalence 

of OA in fracture cases. In Study II, the femoral head region FHR-2, which was 
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closer to the joint, showed a lower apparent density (i.e., GV mean) and lower 

BV/TV for the fracture subjects, than the controls. The FHR-1 to the contrary only 

showed a lower apparent density and no significant difference for BV/TV 

suggesting a normal trabecular bone volume. Hence, the BV/TV at FHR-2 is 

indicative that the trabeculae near that region of the femur head might have an 

abnormal or different structure in the cases of acetabular fractures. The texture 

results of homogeneity and entropy for FHR-2 also show the gray levels had similar 

homogeneity and disorder between the fracture and control subjects. On the other 

hand, in the femoral head region FHR-1, the texture was significantly more 

homogeneous and less entropic for fracture subjects, which is consistent with 

previous report on femoral neck fracture studies (Pulkkinen, Partanen, et al., 2011; 

Thevenot et al., 2014). Furthermore, the trabecular architectural differences were 

also compared between FHR-1 and FHR-2 separately on the fracture sides and 

matching control sides. We found that FHR-2 especially for males, was denser and 

showed significantly higher BV/TV than FHR-1 for only the control cases which 

further suggested the presence of normal trabecular structure and density away 

from the joint. The histogram skewness results on the fracture side also suggests 

similar distributions of the GV mean between FHR-1 and FHR-2, but on the control 

side a significantly negatively skewed FHR-2 distribution of the GV mean suggests 

the possible effect of hip OA on the trabeculae, found to be less in FHR-2.  

6.4 Limitations  

This thesis has some limitations. First, the sample size of the study subjects was 

not large especially for females. This limitation in the sample size was evident in 

the values of the ROC AUCs of Study II (overfitted models for females) and the 

Chi-square tests of Study III. The second limitation is that the CT was clinical data 

which meant that the patient positioning was not standardized, and there was no 

density calibration phantom used. Hence, all CT slices were aligned to a vertical 

plane to standardize the pelvic orientation for the study data. In addition, the limited 

resolution due to the clinical nature of the data prevented detailed trabecular 

microstructure measurements being extracted. However, the texture analyses 

provided information relevant to the microstructure (Dougherty 2001; Showalter et 

al. 2006). However, it is worth noting that the applied methods allowed significant 

differences to be found by successfully measuring the 3-D pelvic geometry and 

trabecular texture, which showed the potential of using clinical data to study pelvic 

fractures and hip OA. 
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The third limitation is that the non-injured contralateral sides were used for the 

acetabular geometry of Study I, trabecular analysis for Study II and radiographic 

hip OA assessment of Study III. This prevented us from obtaining direct side-

specific information about the acetabular geometry or the severity of the hip OA on 

the fracture side. To explore the effect using the non-injured side in Study I, a 

correlation analysis was conducted between the right and left sides, indicating a 

high correlation. This suggested the pelvic geometry difference between the 

fracture and contralateral side could be minimal. In terms of the previous literature 

on the severity of hip OA on the contralateral sides, some studies suggest that hip 

OA progression could be left-right symmetrical (Neame et al. 2004), while there 

are also others that have found the severity of OA on the non-injured side for hip 

fractures to be slightly higher (Robstad et al. 2012). However, considering that the 

mean age of our study subjects was 72 years, of which 126 (65%) were ≥ 66 years 

old, and also since OA was classified for radiographic features of ≥ KL2, 

symmetrical hip OA between the two sides could be assumed in most cases. Fourth, 

some other known risk factors were not considered for this thesis. Information 

regarding the BMI, BMD, level of physical activity, etc. could have helped to 

explain the findings, especially in Study III.  

The next limitation is the lack of standardized acetabular 3-D geometry values. 

Previous literature on acetabular geometry especially of the support angles is very 

limited. This prevented us from drawing definite conclusions about the 

biomechanical role of acetabular orientation, coverage, and support in the incidence 

of acetabular fractures. Next, in Study III, some of the CT-AP images were blurrier 

than typical plain radiographs due to the summation operation. However, based on 

the performance and by assessing the visualizations of the contributing image 

features, the impact of the blurring on the results remained low. Lastly, the different 

injury mechanisms and the relationship between acetabular fracture sub-types and 

pelvic geometry variables were not considered. The main injury mechanisms were 

low-energy fractures from sideways impacts; however, the possibility that some 

high-energy fractures were mixed in the group cannot be totally excluded. In 

addition, due to the limited sample size of the different fracture subtypes, all 

fracture cases were classified as one group. Hence, further studies are needed for 

final confirmation of the findings. 



77 

6.5 Future directions  

There are various future directions that can be taken to build on the current results. 

Firstly, gender differences were observed throughout the studies. Because this was 

beyond the scope of the studies it was not pursued. However, whether the 

differences are caused by a disproportion in the sample sizes of males and females 

or due to risk factors inherent to the sexes, is yet to be explored. In addition, the 

effect of age should be considered as well. Here, the females were older than the 

males and the age range for the entire study subjects was between 50 years and 98 

years. In Study III, we observed that age might play a role in the distribution of 

OA. Secondly, the findings of Study I show that in the current data there were no 

extreme cases of bony abnormalities such as hip dysplasia or femoroacetabular 

impingement. When observing the reported recurrent fracture patterns present in 

LEAFs which were on the anterior sides, it is possible to hypothesize that posterior 

over-coverage might play a more significant role. As a sideways fall displaces the 

femur anteromedially it results in an anterior wall/column fracture, which could 

have been affected by posterior over-coverage which may limit the joint movement. 

Hence, one area to consider in the future is the effect of hip joint congruency, 

especially abnormal acetabular inclination in the presence of posterior over-

coverage, a varus femur and in the presence of hip osteoarthritis. Thirdly, 

experimental studies based on cadaveric, animal or 3-D printed pelvic models could 

be designed to investigate the failure loads that could lead to different fracture 

patterns of acetabular fractures. Fourth, the microarchitecture of the trabeculae of 

the acetabulum and femur using higher resolution imaging modalities could be 

further investigated. The terms “abnormal” or “aberrant” are used for lack of a 

better terminology to define what microarchitecture exactly is found in OP-OA 

joints. Thus, a detailed study could be conducted to simplify as well as make these 

findings clinically relevant. Lastly, the severity of OA associated with the type of 

fracture and the biomechanical conditions should be investigated using a larger 

sample size. OA is a complicated disease which is affected by many risk factors, 

and one of the limitations in this study is that we did not consider them. Therefore, 

a study which considers these factors could be conducted to better understand how 

OA affects the joint loading conditions that contribute to LEAFs in the elderly. 
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7 Conclusions 

The present study showed that by using clinical resolution CT, it is possible to 

assess structural risk factors for acetabular fractures. The study shows that it is 

possible to measure the true 3-D morphometric geometry of the pelvis. The use of 

CT was also shown to be a feasible tool for extracting valuable information 

regarding the texture, apparent density and quality of trabecular bone. It also 

showed for the first time, how CT and X-ray data could be combined to train a deep 

learning model to predict the presence or absence of hip OA. By creating CT-AP 

2D summation images it was shown how to successfully assess radiographic hip 

OA. Hence, the following conclusions can be made based on the aims of the study: 

1. A smaller neck-shaft angle and longer femoral neck axis contribute to low-

energy acetabular fractures.  

2. The trabecular architecture in the acetabulum and proximal femur can 

discriminate acetabular fracture cases from controls. Lower density and 

BV/TV at the femoral head, and lower density at the acetabulum are 

possible risk factors associated with low-energy acetabular fractures.  

3. Hip osteoarthritis could be more prevalent in acetabular fracture subjects. 

However, this relationship was not found to be statistically significant. 

Deep learning was found to be an effective tool to predict radiographic hip 

OA in CT.   
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