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Abstract 

Scoliosis is a common 3D spinal deformity that leads to aesthetic deformity of the torso 

and can progress to cause pain, osteoarthritis, disability or even respiratory collapse if 

untreated. The cancer risk associated with the series of spinal X-rays currently used to 

monitor scoliosis progression would be reduced by use of non-invasive monitoring of 

torso surface asymmetry. However, the nature of the complex, non-linear relation 

between surface and spinal deformities has been difficult to quantify. The current project 

approached the old problem of relating surface asymmetry to scoliotic spinal deformity 

(measured primarily by the Cobb angle) with a novel combination of three methods: 360° 

full-torso surface scans (rather than the traditional scans of only the back), 3D 

reconstructions of the spine and rib cage, and non-linear data analysis methods including 

genetic algorithms and neural networks to interpret the complex relations between these 

data sets. 

Laser scans of 360° torso surface topography were generated and cross-sections cut at 

closely spaced vertical levels through the resulting surface model. Asymmetry of cross-

sections was quantified based on the location of specific points on the torso surface as 

well as geometric properties of each cross-section and of the left and right halves of the 

section, defined by areas and first and second moments of area. A genetic algorithm was 

the best of several techniques for selecting the optimal set of torso asymmetry indices and 

clinical descriptors (e.g., age, weight, and bracing status) used by an artificial neural 

network to estimate the Cobb angle. The genetic algorithm-neural network combination 

estimated the Cobb angle within 0.8±5.9° (mean ± standard deviation of difference) in 

153 scans of 52 patients, and correctly categorized 92% of patient-records as having 

mild, moderate or severe curves (Cobb angles <30°, 30-50°, and >50° respectively). That 

was much more accurate than previous attempts to relate surface and spinal deformity 

and justified future longitudinal studies to estimate scoliosis progression from changes in 

torso asymmetry in individual patients using similar data reduction techniques. 
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C H A P T E R 1: INTRODUCTION 
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1.1. Scoliosis 

1.1.1. Definition 

The word "orthopaedics" translates from Greek as "the straightening of children" 

(Skinner, 1961), a goal which is literally appropriate when considering the deformity of 

scoliosis. Scoliosis is a 3D abnormality of the trunk in which the spine loses its normal 

left-right symmetry and instead develops a lateral curvature associated with rotation and 

deformity of the vertebrae, rib cage and torso (Pope et al., 1984) (Figure 1.1). 

Figure 1.1: Effect of severe scoliosis on the spine and torso of an 18-year-old man. (Stagnara, 1988) 

1.1.2. Spinal Anatomy 

The human spine is divided into cervical (7 vertebrae C1-C7), thoracic (12 vertebrae T l -

T12), and lumbar (5 vertebrae L1-L5) sections above a fused sacrum (Figure 1.2a). 

While the spine normally has no lateral curvature ("scoliosis", Figure 1.2b), there are 

normal sagittal (side-view) curves including lumbar lordosis, thoracic kyphosis and 

cervical lordosis (Figure 1.2a). The 3D deformity of thoracic scoliosis has been 

described as a "rotated lordoscoliosis" (Howell and Dickson, 1989). Scoliotic curves are 

considered thoracic when the apex lies between T2 and T i l , thoracolumbar at T12-L1, 

and lumbar from L2-L5 (Pope et al., 1984). Each vertebra consists of an anterior 

weight-bearing vertebral body and posterior elements that protect the spinal cord and 

enable muscular and ligamentous attachments (Figure 1.3). The spinous processes are 
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palpable as a line of bony ridges along our backs. Particularly in severe scoliotic curves, 

asymmetric loads on the vertebrae encourage asymmetric growth of the vertebral 

elements, with one result being that despite a substantial underlying spinal curve the 

spinous processes may deform (Figure 1.3b) to produce a relatively straight line on the 

back surface (White and Panjabi, 1990b). 

Figure 1.2: Spinal kyphosis, lordosis and scoliosis. 

(a) Sagittal (side) view of normal spine showing thoracic kyphosis and lumbar lordosis (Whiting 

and Zernicke, 1998) (b) Postero-anterior (PA) view of normal and scoliotic spine (White and 

Panjabi, 1990a) 
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Figure 1.3: Vertebrae in scoliosis. 

(a) Top view of typical thoracic vertebra (Tortora and Anagnostakos, 1987) (b) Deformity of 

spinous processes and pedicles in severe scoliosis (White and Panjabi, 1990b) 

The spine, composed of vertebrae connected by fluid-filled intervertebral discs, is a loose 

and unstable tower which would collapse without the dynamic support of a network of 

ligaments and muscles (White and Panjabi, 1990a). The balancing forces generated by 

the neuromuscular control system that allow the human spine to be stable, strong and 

flexible in a vast range of loading conditions are astonishingly complex. It is no surprise 

that neuromuscular disorders, for example polio, cerebral palsy or muscular dystrophy, 

can lead to scoliosis (Pope et al., 1984). Several ligaments connect each pair of vertebrae 

(Figure 1.4a), acting like nonlinear elastic springs. Under normal loads, these ligaments 

are in a "neutral zone" and require very little energy to be stretched slightly, keeping the 

spine flexible in daily activity. However, when more stress is applied, as for example in 

heavy lifting or a fall, the ligaments become much stiffer in the "elastic zone" where they 

can absorb a great deal of energy without snapping (White and Panjabi, 1990a). 

Spinal movements are limited not only by ligaments but also by the geometry of 

intervertebral attachments. The downward thrust of thoracic spinous processes limits 

thoracic spine movement to mostly rotation, while vertical facet joints and lordosis in the 

lumbar region allow mostly flexion and extension (Moore, 1980; White and Panjabi, 
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1990a). Thus, to bend forward or backwards we primarily move the lower back, while to 

twist to one side we primarily rotate the thorax. The attachments joining the ribs and 

spine, known as costo-vertebral joints, allow little lateral movement but permit each rib 

to rotate during breathing. The looseness of these joints may explain why individual ribs 

in scoliosis often change orientation considerably while showing little deformation 

(Closkey and Schultz, 1993). 

Spinal muscles maintain stability and flexibility within the ranges permitted by bone 

geometry and ligament stretch (Figure 1.4b). Except in forward flexion, where ligaments 

take most load (White and Panjabi, 1990a), spinal muscles work together with muscles of 

the buttocks, legs and abdomen to maintain our intrinsically unstable two-legged upright 

posture. Any given back movement is not the result of the action of one muscle but is 

produced by a combination of forces in several agonist muscles opposed by stabilizing 

tension in antagonist muscles (White and Panjabi, 1990a). This, together with other 

factors such as non-linear ligament behaviour, makes it challenging to generate 

mechanical models of the spine. 

Due to geometric factors, many spinal movements are coupled, meaning that when one 

movement occurs another is forced also to occur in a consistent way (White and Panjabi, 

1990a).  An example of coupled movements is the tightening of a screw: by the thread 

design, rotation of the screw by a certain angle is coupled with a predicable amount of 

forward movement. In scoliosis, the visible torso deformity is the sum of the effect of a 

set of apparently coupled spinal deviations and rotations on the trunk ligaments, organs 

and musculature. While in principle, each individual coupled movement may be 

mathematically predictable, the sum effect of many such movements quickly becomes 

too complex for a simple mathematical definition. 
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Figure 1.4: Spinal ligaments and muscles. 

(a) Ligaments joining a typical pair of vertebrae (White and Panjabi, 1990a) (b) Spinal musculature. 

Erector spinae muscles branch from the sacrum to each transverse and spinous process allowing 

back extension and lateral bending. Deeper back muscles (not shown) include the rotatores, which 

rotate the vertebrae by tugging on the spinous process just above. (Whiting and Zernicke, 1998). 

1.1.3. Epidemiology 

Scoliosis is classified as congenital (onset at age < 3 yr, <1% of cases), juvenile (3-10 yr, 

12-21% of cases) or adolescent (>10 yr) (Reamy and Slakey, 2001). Severity of 

scoliosis, generally measured by the Cobb angle of lateral curvature (section 1.3.1), 

ranges from mild asymmetry barely noticeable on X-ray (Cobb angle < 10°) to severe 

spine and rib cage deformity requiring surgery (Cobb angle > 50°) (Reamy and Slakey, 

2001). The reported prevalence of scoliosis depends on the cut-off point chosen to 

distinguish a scoliotic curve from a physiologic variant (e.g., a minor curve visible on  X -

ray that can be removed by adjusting patient posture). The population prevalence of 
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scoliosis curves with Cobb angles > 10° is reported to be up to 4% (Reamy and Slakey, 

2001; Soucacos et al., 2000), while the prevalence of scoliosis severe enough to warrant 

treatment by bracing or surgery is 0.1-0.5% (Pope et a l , 1984; Robitaille et al., 1984; 

Rogala et al., 1978; Soucacos et a l , 1997; Soucacos et al., 2000), or as many as 135,000 

Canadians (based on Statistics-Canada, 1996). While mild scoliosis curves are similarly 

common in boys and girls, most people with substantial adolescent scoliosis are female. 

For example, in a study of over 85,000 Greek school-children the female-to-male ratio 

was 1.5:1 for curves with a Cobb angle <10° but 5.5:1 for curves of 30-39° (Soucacos et 

al., 1997). 

While scoliotic curvature may be initiated early in life, scoliosis is generally diagnosed 

during the adolescent growth spurt, peaking in incidence at ages 13-14 (Pope et al., 1984; 

Soucacos et al., 2000). Scoliotic curves occur throughout the spine, with different 

characteristics and different risks of progression in each zone. The most common curve 

apex location in screening studies is the thoracolumbar region (T12-L1), while curves 

requiring surgery generally have apices higher in the thoracic spine (Pope et al., 1984). 

The direction of scoliosis curvature is closely tied to the curve location, being convex to 

the right in 75-90% of thoracic curves and 65% of thoracolumbar curves, and convex to 

the left in 75% of lumbar curves (Pope et al., 1984). 

Based on this information, the "typical" scoliosis patient would be an otherwise healthy 

pubescent girl, with a rightward curve in her spine near her lowest rib and a leftward 

curve beneath this. The curve may be barely noticeable at first but it can progress rapidly 

to become a serious deformity. 

1.1.4. Etiology 

Congenital scoliosis is often associated with asymmetric bone development (e.g., a 

lumbar hemi-vertebra or a difference in leg lengths) or neuromuscular disorders that may 

cause asymmetric forces on the spine during growth (White and Panjabi, 1990b). 
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However, the cause of the deformity is unknown in the remaining 85-90% of scoliosis 

patients (Pope et al., 1984; Reamy and Slakey, 2001). It is commonly suggested that 

there is an initial perturbation to the spinal configuration followed by a period of 

asymmetric spinal remodelling (Goldberg et al., 1997; White and Panjabi, 1990b). It is 

not clear what causes the perturbation, and it may be that there are several causative 

factors, each leading to a distinct curve type and associated risk of progression. Scoliosis 

is strongly genetic in origin: 25% of scoliosis patients have a close relative who is also 

affected (Pope et al., 1984), genetically identical monozygous twins will more likely both 

have scoliosis than dizygous twins formed from separate embryos (Kesling and Reinker, 

1997), and children of two scoliotic parents require scoliosis treatment 50 times as often 

as children with non-scoliotic parents (Reamy and Slakey, 2001). Idiopathic scoliosis 

patients differ from normal controls in subtle ways, for example having greater 

asymmetry of palmar creases and mental functions (Goldberg et al., 1997) and being less 

mesomorphic (i.e., scoliosis patients rarely have physiques of sturdy bone and muscle) 

(LeBlanc et al., 1997). These genetic factors may help predispose these patients to 

develop abnormalities such as a small area of fixed lordosis (inappropriate forward 

curvature in the thoracic spine) (Millner and Dickson, 1996) or an inappropriate vertebral 

rotation (White and Panjabi, 1990b), both of which have been suggested to be the 

initiating mechanical factors leading to scoliosis progression. The striking predominance 

of right-thoracic scoliotic curves may be related to slight initial asymmetry caused by the 

leftward position of the heart, with left-lumbar curves acting to compensate for the 

rightward curves above (White and Panjabi, 1990b). 

Regardless of the initial perturbation, it is thought that once the spine is sufficiently 

asymmetric, scoliosis progression occurs at least in part because of progressive vertebral 

deformation in a vicious cycle of wedging. Growth of vertebral bodies and intervertebral 

discs is inversely proportional to the applied compressive load (Aronsson et al., 1999; 

Stokes et al., 1998; Stokes et al., 1996). Because the parts of the vertebrae and discs on 
the concave side of a scoliotic curve are subject to more compression than the convex 
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side, the concave side grows less rapidly than the convex side, increasing vertebral 

wedging and further worsening the curve (Mente et al., 1997; White and Panjabi, 1990b). 

It is not clear, however, how much of the total spinal curvature in scoliosis is related to 

this wedging. Others have argued that scoliosis derives not from a local anomaly but 

from a generalized mismatch of growth rates, showing that if the anterior elements grow 

faster than the posterior elements, growth will produce curves similar to those in scoliotic 

patients (Murray and Bulstrode, 1996). Because the etiology or etiologies of scoliosis 

remain largely mysterious, it has not yet been possible to prevent or "cure" scoliosis, and 

treatment is currently limited to attempts to confine the spine, mechanically limiting 

progression through torso bracing or spinal fusion surgery. 

1.1.5. Progression 

Numerous studies have examined risk factors for scoliosis curve progression (Ascani et 

al., 1986; Danielsson and Nachemson, 2001b; Duval-Beaupere, 1992; Duval-Beaupere, 

1996; Duval-Beaupere and Lamireau, 1985; Lonstein and Carlson, 1984; Peterson and 

Nachemson, 1995; Pope et al., 1984; Theologis et al., 1997; Weinstein and Ponseti, 

1983). Progression is usually defined as an increase in Cobb angle of >5° (Nachemson 

and Peterson, 1995; Theologis et al., 1997) or >10° (Goldberg et al., 2001a; Little et al., 

2000) between clinic visits (Figure 1.5). Though we cannot predict whether a given 

scoliosis curve will progress or by how much, the potential for progression appears to 

depend mostly on the curve severity, location and type, and on the amount of spinal 

growth remaining (Peterson and Nachemson, 1995). A young patient with less-

developed bones risks greater progression than one close to skeletal maturity (Duval-

Beaupere, 1996; Peterson and Nachemson, 1995; Pope et al., 1984; Soucacos et al., 2000) 

- though there is also greater potential for curve correction in the young patient if the 

cause of the scoliosis progression could be reversed during the upcoming years of 

growth. The time of the most severe curve progression, when corrective therapy would 

likely be most effective, is at the peak of the adolescent growth spurt, measured as the 

time of maximal increase in either spine length (Wever et al., 2000) or patient height 



10 

(Little et al., 2000). The larger the curve magnitude at the time of diagnosis, the more the 

curve is likely to progress. While about 40% of adolescent idiopathic scoliosis (AIS) 

curves less than 20° at onset ultimately progress by 5-10° (Karachalios et al., 1999), at 

least 83% of curves that are greater than 30° at the time of peak height velocity (maximal 

rate of change of patient height) will progress to 45° (Little et a l , 2000; Song and Little, 

2000). Progression continues at a slowed rate of about 0.4° per year (Ascani et al., 1986) 

after skeletal maturity, increasing if the patient has a Cobb angle greater than 50° or a 

highly rotated curve apex (Weinstein and Ponseti, 1983; Weinstein et al., 1981). In 

general, the higher the curve apex location, the greater the expected curve progression 

(Ascani etal., 1986; Peterson and Nachemson, 1995; Weinstein etal., 1981). 

Figure 1.5: Scoliosis progression over several years (Stagnara, 1988) 

1.1.6. Complications 

Left untreated, a very small fraction of scoliosis patients will develop spinal curvature so 

severe that breathing is compromised and life is threatened, at Cobb angles of 100° or 

more (Reamy and Slakey, 2001). Patients with severe untreated scoliosis have 20 times 

the normal disability rate at work and rarely marry (Pope et al., 1984). In most cases, 

though, scoliosis is predominantly an aesthetic deformity that leads to self-consciousness 

about appearance and self-limitation of activity (Danielsson and Nachemson, 2001a; 

Goldberg et al., 1994). Although low back pain is rarely a major concern at initial 

diagnosis (Reamy and Slakey, 2001), it is present in up to three-quarters of adult scoliosis 
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patients (Ascani et al., 1986; Danielsson and Nachemson, 2001a; Jackson et al., 1983; 

Mayo et al., 1994). While low back pain is common in the general population as well, 

most (though not all) studies have found greater incidence and severity of low back pain 

in scoliosis patients than in the general population (Danielsson and Nachemson, 2001a; 

Fowles et al., 1978; Jackson et a l , 1983; Kostuik and Bentivoglio, 1981; Mayo et al., 

1994; Weinstein et al., 1981). Back pain in scoliosis patients may be related to spinal 

osteoarthritis, is correlated to curve severity, is worst in lumbar curves, and when severe 

the pain is generally relieved by spinal fusion surgery (Jackson et al., 1983; Nachemson, 

1979). In one study, osteoarthritic changes (including osteophyte formation, 

intervertebral disc space narrowing, and occasional severe changes such as spontaneous 

intervertebral fusion) were observed in the spines of 38% of scoliosis patients, 

particularly in lumbar and thoracolumbar curves (Weinstein et al., 1981). 

The functional complications of treated scoliosis are relatively mild in most patients. 

Despite problems with self-image, back pain and osteoarthritis, female scoliosis patients 

treated by bracing or surgery have similar rates of marriage and childbearing as the 

general population, reporting only minor concerns with sexual function (e.g., limitation 

of sexual positions from the back) and labour and delivery (e.g., an increased rate of 

vacuum extractions in surgically treated women) (Danielsson and Nachemson, 2001a). 

1.1.7. Treatment 

It is widely accepted that effective treatment of scoliosis in adolescence minimizes or 

prevents complications in adulthood. Ideally, scoliosis would be detected early and 

monitored using accurate information about which patterns of deformity are most likely 

to require treatment. Appropriate treatment depends on the degree of spinal deformity 

and the potential for curve progression. Patients with Cobb angles >40° (and especially 

>50°) may be candidates for spinal fusion surgery (Reamy and Slakey, 2001; Roach, 

1999). Fusion surgery halts the potentially life-threatening progression of severe 

scoliosis (Danielsson and Nachemson, 2001b), but despite recent advances in 
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instrumentation, it is traumatic, often involving substantial blood loss, and permanently 

reduces spinal flexibility (White and Panjabi, 1990b). 

Torso braces of widely varying designs (e.g., the Lyon brace, Figure 1.6) are routinely 

worn up to 24 hours a day during the peak growth years by patients with moderate 

scoliosis (Cobb angles >25-30° (Reamy and Slakey, 2001)) to prevent curves from 

progressing to the point where surgery is required (White and Panjabi, 1990c). While 

braces have been routinely used for decades with little scientific evidence of their 

effectiveness, a recent prospective study showed that braces reduced the incidence of 

curve progression (Nachemson and Peterson, 1995). The study followed 286 girls with 

moderate scoliosis (Cobb angle 25-35°) who were treated by observation, bracing or 

electrical stimulation of spinal muscles. While electrical stimulation offered no benefit 

compared to observation alone, curve progression (defined as an increase in Cobb angle 

of 6° or more maintained in at least two X-rays) occurred in just 17/111 girls who wore 

braces compared to 58/129 girls who were observed only, a difference that was 

statistically significant. However, it remains controversial whether this reduction in 

curve progression changed the clinical outcome. Goldberg et al. have not braced their 

scoliosis patients for the last decade, yet the referral rate for spinal fusion surgery at their 

centre has not differed significantly from that of other centres that routinely brace 

scoliosis patients (Goldberg et a l , 2001b). Wearing a scoliosis brace 16 hours a day or 

more is awkward and uncomfortable (Figure 1.6), leading to non-compliance rates as 

high as 50% (Robitaille et al., 1984). Furthermore, the Boston brace does not appear to 

provide optimal curve correction. Labelle et al. compared stereo-radiographs of the ribs 

and spine taken before and after initiation of Boston bracing and found that while the 

Boston brace reduced Cobb angles in the frontal plane, it did this by pushing the spine 

forward, reducing the normal thoracic kyphosis without correcting the vertebral rotational 

deformity (Labelle et a l , 1996). The same group has been using 3D finite element 

models of the spine and rib cage to find the optimal locations at which a brace ought to 
apply pressure to correct the scoliosis (Aubin et al., 1997a; Gignac et al., 2000). With the 
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aid of such customized 3D design methods, braces are likely to become both more 

effective and more comfortable. 

Figure 1.6: Lyon brace for scoliosis correction. (Stagnara, 1988) 

1.2. Scoliosis assessment 

1.2.1. Clinical and X-ray examination 

Scoliosis is clinically visible from asymmetry of the spinous processes, ribs and scapulae, 

imbalance between the top and bottom of the spine (measured by plumb line), and left-

right asymmetry on forward bending (Reamy and Slakey, 2001). Numerous tools beyond 

the eyes and measuring tape of the physician aid in scoliosis diagnosis and monitoring. 

Historically, scoliotic surface deformity was analyzed by inclinometers, pantographs, and 

even plaster casts of the back (Stokes and Moreland, 1989). Today, most scoliosis 

patients are monitored by X-rays directly visualizing the entire spine, taken annually or 

semi-annually during rapid adolescent growth. The standard radiographic index of 

scoliosis severity is the Cobb angle, formed in the frontal plane between perpendiculars 

to the endplates of the end-vertebrae of the scoliotic curve (Cobb, 1948) (Figure 1.7). 

Clinicians assess the risk of curve progression by estimating the remaining skeletal 

growth from radiographic measures such as Risser staging of iliac crest fusion, and from 

non-radiographic information such as patient height and growth velocity, time of 

menarche and Tanner staging of development of secondary sexual characteristics (Little 

et a l  , 2000; Pope et al., 1984; Reamy and Slakey, 2001). 
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Figure 1.7: Cobb angle, the angle between perpendiculars to endplates of end-vertebrae of the 

scoliotic curve. Adapted from (Whiting and Zernicke, 1998). 

Since scoliosis is not a planar deformity, researchers have also studied the 3D spinal 

shape. Howell and Dickson digitized four points on each vertebra (endplate centres and 

the bottom of each pedicle) and studied vertebral position and rotation from the resulting 

3D triangular prism shapes (Howell and Dickson, 1989). Stokes et al. additionally used 

the top of each pedicle (for a total of 6 points per vertebra) and digitized points from a 

standard frontal X-ray and one taken at an oblique angle of 15° to model the 3D spinal 

shape (Stokes et al., 1987). This approach has since been refined by other groups 

(Labelle et a l , 1995a; Matsumoto et al., 1997). Seeking to minimize X-ray exposure, 

others have sought ways to estimate three-dimensional parameters from a single frontal-

plane X-ray (Drerup and Hierholzer, 1992a). 

1.2.2. CT and MRJin scoliosis 

Computer tomography (CT) scans have been used in scoliosis primarily to investigate 

vertebral rotation and remodelling and to generate finite element models of vertebrae 

(Aaro and Dahlborn, 1981a; Aaro and Dahlborn, 1981b; Closkey and Schultz, 1993; 

Krismer et al., 1996; Perie et al., 2001; Xiong et a l , 1995). CT scans provide 

information difficult to obtain by standard X-ray projection, such as the orientation of the 

vertical lumbar facet joints (White and Panjabi, 1990a). The accuracy of CT 

measurements, however, has been limited by the constraint that slices must be horizontal. 



15 

For example, rib shapes may look highly distorted on a CT scan when it is only the 

orientation of the ribs that has changed (Closkey and Schultz, 1993), or measures of 

vertebral rotation from CT may be in error if (as is common) the vertebra is tilted in two 

other planes (Skalli et al., 1995). The use of 3D CT scanners helps remove these 

limitations, however, magnetic resonance imaging (MRI) offers a radiation-free 

alternative to 3D CT. MRI can produce a 3D outline of the spine, rib cage and torso, 

including detailed information about rotations between and within vertebrae (Birchall et 

al., 1997). Unfortunately, because MRI scans are expensive and the equipment is 

currently only available in major centres, the use of MRI in scoliosis has been limited to 

investigating patients with congenital or severe spinal curves, pain or neurologic 

symptoms (Cairo, 1999). 

1.2.3. Limitations of X-rays 

The description of the 3D scoliotic deformity by 2D X-rays is incomplete and equivocal; 

there are currently no accurate means of predicting which curves will progress and which 

will remain stable. The X-rays are also costly and hazardous. In a study of women with 

scoliosis seen between 1935 and 1965, the incidence of breast cancer was nearly double 

that of the general population (Hoffman et al., 1989). Radiation exposure to the breasts, 

thyroid and gonads has been reduced by modern X-rays that use lower doses of radiation 

and are taken from behind the patient (postero-anterior, PA) rather than from in front 

(antero-posterior, AP), though the lungs and bone marrow receive more radiation by PA 

X-ray than by  AP X-ray (Levy et al., 1996; Pope et al., 1984). Scoliosis patients 

typically receive an average of 12 spinal X-rays during their adolescent growth years, 

increasing the incidence of cancer of the breast, thyroid, lung, ovary and bone marrow by 

up to 2.4 cases per 1000 AIS patients (Levy et a l , 1996). The cancer risk from 

cumulative exposure to X-ray radiation increases with younger age at first diagnosis and 

increased curve severity (Levy et a l , 1996). The limitations of radiographic evaluation 

of scoliosis, and the high cost and current limited availability of magnetic resonance 

imaging (MRI), have encouraged research into surface assessment of scoliotic deformity. 
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1.2.4. Surface topographic evaluation of scoliosis 

Several methods of quantifying scoliosis deformity from back or trunk surface 

asymmetry have been introduced since the 1970's. Moire contour topography was the 

first of the new surface measuring techniques (Moreland et al., 1981). It used a light-

interference pattern projected from a fixed grid near the camera to draw contour lines on 

the back surface, producing a visually striking contour map of the back (Figure 1.8). 

Asymmetric Moire topography was a sensitive marker of scoliosis, but the false-positive 

rate was as high as 50% (Stokes and Moreland, 1989; Willner and Willner, 1982), the 

patterns produced changed easily with small changes in patient position (Moreland et al., 

1981). The contour map has been digitized for quantitative analysis, though the 

technique used was laborious (Batouche et al., 1996). 

Figure 1.8: Typical Moire-fringe image on the back of a scoliotic patient. Each interference fringe 

represents a contour of constant distance from the projector (Stokes and Moreland, 1989). 

Surface contours can also be quantified from horizontal cross-sections. This process was 

once extremely time-consuming by manual measurement (Thulbourne and Gillespie, 

1976), but modern raster photogrammetric methods are rapid and accurate (Vandegriend 

et al., 1995) (Figure 1.9). A 1980's-era raster system widely used for screening programs 

and for research into the nature of scoliosis was ISIS, the Integrated Surface Imaging 

System (Theologis et al., 1997; Tredwell and Bannon, 1988; Turner-Smith et al., 1988; 
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Upadhyay et al., 1988; Weisz et al., 1988). ISIS recorded the line of intersection of a 

horizontal beam of projected light and the back surface at a given level and computed 

cross-sectional back surface coordinates, scanning the entire back in <2 s (Turner-Smith 

et al., 1988). ISIS scan results were readily manipulated by computer to generate back 

surface asymmetry indices. A recent commercial raster system is the Quantec scanner, 

acquiring back surface 3D coordinates in "voxel" form via a single charged-coupled-

device (CCD) camera (Goldberg et al., 2001a; Liu et a l , 2001; Thometz et al., 2000). 

Figure 1.9: Typical raster scan of the back surface with measured back surface contours and 

rotations (Stokes and Moreland, 1989). 

Perhaps the simplest devices quantifying torso surface asymmetry are variants of the 

"scoliometer," a handheld spirit level used to measure the angle of inclination of the back 

on forward bending (Bunnell, 1984; Pruijs et a l , 1995a). Studies have suggested that a 

screening test for scoliosis should be considered positive if the scoliometer indicates back 

surface rotation greater than 5-7° (Huang, 1997; Peterson and Nachemson, 1995). 

Unfortunately, the inventor of the scoliometer found that it had a standard error of 

measurement of 2.4° (Bunnell, 1984), making accurate interpretation of screening tests 

difficult. Later studies found that inter-examiner error in use of the scoliometer was 

much higher than intra-examiner error, suggesting that the scoliometer was best used by a 

single trained observer (Cote et al., 1998; Murrell et al., 1993). Handheld devices have 

also been used to digitize the location of the line of spinous processes, by ultrasound 
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(Asamoah et al., 2000; Letts et a l , 1988) or by pressure-sensitive electrogoniometry, 

though the latter type of digitizer was particularly prone to measurement error (Mior et 

al., 1996; Wong et al., 1997). 

The value of quantifying not just the back surface but the 360° deformity of the entire 

scoliotic trunk is beginning to be recognized. Such a trunk scan would be most useful if 

it covered the entire trunk with a high resolution of data points. A group in Japan used a 

single rotating scanner, though scan range was limited to 10 cross-sections in 27 cm 

(Dawson et al., 1993; Ishida et al., 1987; Ishida et a l , 1982). Another device rotated the 

subject 360° on a turntable for a complete scan, but the system was slow (30 s per scan) 

and results of tests and correlation studies were not published (Gomes et al., 1995). A 

group in France made 360° torso scans using four raster cameras, intended predominantly 

for brace design (Sciandra et al., 1995). Our group has developed a scan system using 

four laser scanners mounted on a ring to acquire the entire torso of each patient (Poncet et 

a l , 2000a). 

Since the internal mechanics of spinal deformation in scoliosis are difficult to assess, 

study of scoliosis mainly uses visual analysis of the effects of those deformations on the 

spine and the torso surface. Each new technology - X-ray, CT, MRI, Moire-fringe and 

raster scans, handheld digitizers, 360°-torso scans - enables a different approach to 

understanding scoliosis via a different set of data describing the spine and trunk. Out of 

this ever-increasing mass of information researchers must pick the right index or indices 

to diagnose, follow, and detect progression of scoliosis. 

1.3. Indices of scoliotic deformity 

1.3.1. Cobb angle 

The traditional measure of scoliosis is the Cobb angle (Figure 1.7), measured from a plain 

X-ray using a protractor. While the Cobb angle increases in patients whose spinal curves 

progressively worsen, it describes only the frontal plane projection of a spine deformed in 
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3D (Stokes et al., 1987). Not only does this not account for vertebral rotation, it tends to 

make curves that are closer to purely lateral seem more severe than ones that may be 

angled more toward the front of the patient (Pope et al., 1984). In addition, because the 

Cobb angle depends on both the lateral deviation and vertical extent of the curve, curves 

with differing 2-D or 3D shapes can have the same Cobb angle (White and Panjabi, 

1990b), even though these curves likely have different risks of progression. Without 3D 

data that completely defines the spinal deformity, it is not surprising that we cannot 

accurately predict which scoliotic curves will progress and which will remain stable. The 

improved understanding of the scoliotic deformity resulting from description of the spine 

in 3D can produce additional insights into the nature of the deformity that may enable us 

to reliably distinguish between progressive and stable scoliotic curves in future. 

An important problem with the Cobb angle is inter- and intra-observer variability in its 

measurement. The standard deviation (SD) of inter-observer variability between four 

readers of 30 X-rays of scoliosis patients was 2.5° (Goldberg et al., 1988), for a 95% 

confidence interval (CI) of nearly +5° (assuming a symmetric normal distribution) 

(Goldberg et al., 1988), while Cobb angle measurements on 50 X-rays differed by 7.2° 

(95% CI) between four orthopaedic surgeons when they were allowed to select curve 

endpoints individually, an error that was reduced only slightly (to 6.3°) when endpoints 

were pre-specified (Morrissy et al., 1990). Intra-observer variability when the same 

observer measured the Cobb angle six times in 50 X-rays was 2.8° (95% CI, pooled for 

four observers) when curve endpoints were pre-specified and the same protractor was 

used, rising to 4.9° with free selection of endpoints (Morrissy et al., 1990). Similarly, 

another group found that intra-observer variability of the Cobb angle was 1.9° (SD), for a 

95% CI of nearly ±4° (Goldberg et al., 1988). These variations in Cobb angle 

measurement, whether between different observers (-7-9°) or the same observer (~4-5°), 

make it difficult to assess accurately the small changes in curve severity associated with 

scoliosis progression (5-10°, section 1.1.5). In a study of 41 patients whose curves in 

retrospect had not progressed, Cobb angle measurements varied by 3.7° (SD) between 
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clinic visits, a difference accounted for by measurement error and postural differences 

(Pruijs et al., 1995b). Since a curve that has apparently grown by 5° between two clinic 

visits may or may not have truly progressed, some investigators have required a >5° 

increase to be maintained in at least two serial X-rays (Nachemson and Peterson, 1995) 

before progression is deemed to have occurred, while others have set the threshold for 

detection of curve progression to an increase of >10° in the Cobb angle between visits 

(Goldberg et al., 2001a; Little et a l , 2000). This threshold is more specific, as a 10° 

increase would rarely be due to measurement variability, but less sensitive, potentially 

missing mild curve progression that could receive early treatment. While the Cobb angle 

is the current gold standard of scoliosis monitoring, it must be remembered that it is not 

fundamental to the curve but is only an incomplete and imprecise measure derived from 

the true 3D shape of the spine. 

1.3.2. Variants of the Cobb angle 

The Cobb angle is usually measured from a standing X-ray but it can be measured from 

an X-ray of a patient in any position. The standing Cobb angle shows the functional 

effects of gravity on the scoliotic spine while the supine Cobb angle may show more 

clearly how much of the curve is purely structural (Duval-Beaupere, 1992; Duval-

Beaupere, 1996; Torell et a l , 1985). Comparisons of the Cobb angles between standing 

and supine X-rays, or between X-rays taken of a braced scoliosis patient wearing and not 

wearing the brace, provide information on curve flexibility. 

An alternative to the Cobb angle is the Ferguson angle (Ferguson, 1949), measured 

directly along the vertebral body line using the curve endpoints and apex (Figure 1.10). 

This angle was not generally adopted in scoliosis assessment because it was smaller in 

magnitude (Cobb angle x Ferguson angle * 1.35) while correlating very highly (r = 0.98) 

to the Cobb angle, and the points on each vertebra necessary for its measurement were 

often obscured especially following spinal fusion surgery (Diab et al., 1995; Stokes et a l , 

1993). Because it was measured along a line without knowing endplate orientations, it 
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was well suited to other tasks such as assessment of the curvature of the line of spinous 

processes digitized by ultrasound (Letts et a l , 1988). However, it was not adopted for 

computer analysis of 3D spinal shape, because a Cobb angle analog could be more 

directly produced from the digitized vertebral body line. The "computer-Cobb angle" is 

similar to the Cobb angle except that curve endpoints are mathematically defined as 

points of inflection of the curve and curve endplates are replaced by perpendiculars to the 

curve (Figure 1.11). The endpoint locations selected manually and by computer "agreed, 

on average" in 160 X-rays of scoliotic curves, and the computer-Cobb angle also 

correlated very closely to the manually calculated Cobb angle (r = 0.97; Stokes, 1987). 

The computer-Cobb angle overestimated the Cobb angle by about 10% (Drerup and 

Hierholzer, 1992b; Stokes et al., 1987). An advantage of the computer-Cobb angle is its 

low measurement variability of just 1.2° (95% CI; SD = 0.6°) (Labelle et al., 1995a), 

compared to up to 9° (95% CI) for the manual Cobb angle (section 1.3.1). The computer 

Cobb angle can also be calculated in any plane. 

L 

Figure 1.10: Ferguson angle of lateral spinal curvature (9). 

Centres (U,  A , L) of apical and end-vertebrae are defined by joining corners of vertebral endplates 

by lines forming an " X " in each vertebral outline. The Ferguson angle (9) then lies between the line 

(UA) joining the apex to the upper end-vertebra and the line (AL) joining the apex to the lower end-

vertebra. (Diab et a l , 1995) 
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Figure 1.11: Computer-Cobb angle (8) of a digitized spinal curve = angle between the 

perpendiculars to the curve at its upper and lower points of inflection. 

1.3.3. Vertebral body line indices 

Other indices calculated from the 3D vertebral body line might better describe scoliosis. 

For example, the plane of maximal spinal curvature, normally the sagittal plane (side 

view of the spine), re-orients as scoliosis curvature changes. Changes to the orientation 

of the plane of maximal curvature have been used to assess the effects of scoliosis 

bracing and surgery (Labelle et al., 1996; Labelle et al., 1995b). The Cobb angle can be 

calculated in this plane rather than in the frontal plane, though since the orientation of this 

plane is based on the relative amount of sagittal and lateral curvature it varies with patient 

posture (Stokes et al., 1987). The Cobb angle may be more reliably calculated in the 

plane rotated the same amount as the apical vertebra (Stokes et a l , 1987), though 

vertebral rotation measurement is itself beset by errors (see section 1.3.4). 

Other parameters available from the 3D curve of the spine include spinal length, 

imbalance between  T l and L5 locations, and lateral deviation of the apical vertebra. 

Characteristics of the 3D vertebral body line such as its curvature (the inverse of the 

radius of the circle of best fit to the spinal curve at any point) or geometric torsion (a 

measure of the spiral twist of the curve) may be related to scoliotic deformity (Asher and 

Burton, 1999; Kreysig, 1983; Poncet et al., 1992). The parameters of the mathematical 

equation of the vertebral body line could be used to describe it, especially if the curve is 

modelled between its endpoints as a simple sine curve; in this case the curve amplitude 
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describes lateral deviation, the wavelength describes its extent, and the phase shift 

describes the apex location. Such a simple model, however, does not accurately describe 

most complex spinal curves, and while the use of higher-order harmonics improves 

accuracy of modeling, the more complex equation parameters then become less useful as 

curve descriptors (Drerup and Hierholzer, 1992a). These indices have not been 

successfully used to detect curve progression or predict clinical outcome to date. 

1.3.4. Vertebral rotation 

Not only does the scoliotic spine deform as a whole, but individual vertebrae rotate out of 

their normal forward-facing positions, forcing the ribs and torso to rotate. It is desirable, 

but difficult, to measure vertebral rotation from a single frontal plane X-ray (Pope et al., 

1984). Cobb originally used the position of the tips of the spinous processes to estimate 

vertebral rotation, though this risked errors as spinous processes often deform in scoliosis 

(White and Panjabi, 1990b). Modern methods are based on the relative distances from 

the left and right pedicle shadows to the vertebral body centre, since pedicles are less 

susceptible to deformations. The first method used was the four-step Nash and Moe 

grading system, but more precise measures can be obtained using special rulers 

developed by Perdriolle or Raimondi, which have 2° and 5° increments, respectively, and 

have almost equivalent accuracy (Weiss, 1995). Stokes et al. adapted these methods to 

measure vertebral rotation in computerized reconstructions of the spine (Labelle et al., 

1995a; Stokes et al., 1986). For realistic ranges of vertebral rotation (<30°), inter-

observer variability was 3-5° (SD) for the Raimondi or Perdriolle methods (Omeroglu et 

al., 1996; Weiss, 1995), and 3-6° (SD) for the Stokes method depending on vertebral 

level (Labelle et al., 1995a). This substantial variability was partly because pedicles can 

be difficult to see on an X-ray. Methods such as CT (Aaro and Dahlborn, 1981a; Aaro 

and Dahlborn, 1981b) and MRI (Birchall et al., 1997) have been used to improve 

accuracy of vertebral rotation measurement, though accuracy by CT was limited when 

vertebrae were tilted laterally (Aaro and Dahlborn, 1981a) and mean inter-observer error 

by MRI was still 3° (Birchall et al., 1997). It is also important to note that any description 
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of 3D vertebral rotation is a complex problem in which the sequence of rotations by 

which the description is made must be appropriately defined to prevent additional errors 

beyond the already substantial variability in rotation measurement (Skalli et al., 1995). 

1.3.5. Indices of rib cage deformity 

Functional modeling of the rib cage from X-rays is like trying to produce a mechanically 

correct model of a bridge using only a grainy photograph in which the piers are obscured 

and the cables are invisible. On X-rays the sternum and costovertebral joints are poorly 

defined, the front and rear portions of the rib cage overlap, and the costal cartilage joining 

ribs and sternum is at best faintly visible. Despite these obstacles, useful geometric rib 

cage models have been constructed (Closkey and Schultz, 1993; Dansereau and Stokes, 

1988; Stokes et al., 1989). Dansereau & Stokes digitized rib midlines from pairs of 

postero-anterior X-rays at 20° to each other and overcame difficulties with "phantom 

points" due to overlap of anterior and posterior portions of ribs (Dansereau and Stokes, 

1988). They placed markers on the jugular notch and xiphoid process and extrapolated 

the sternal shape from cadaveric data, modelling costal cartilage using 3D cubic splines 

between the rib ends and the extrapolated sternum endpoints. Despite these 

extrapolations, reconstruction error was ±1 mm (SD) in repeated measurements and ±2

4% for accuracy in describing a known shape, although no comparison of the shape of the 

generated model to an actual rib cage was possible (Stokes et al., 1989). 

Indices of rib deformity in scoliosis involve rib orientation or shape (Dansereau and 

Stokes, 1988). The bony part of each rib lies essentially on a flat plane angled downward 

laterally, and the frontal and lateral angles of this plane together with the posterior rib 

rotation specify the rib orientation (Figure 1.12). Posterior rib rotation, related to the 

visible "rib hump," was measured from 3D rib cage reconstructions as the angle between 

the tangent to the posterior portion of each pair of ribs and a reference axis, with a 

variability of 1.4° (SD) (Labelle et al., 1995a). Rib shape can be described by estimating 

maximal curvature, enclosed area, and length (Labelle et al., 1995a), while rib cage 
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distortion and lateral offset can also be measured (Closkey and Schultz, 1993). While 

left-right asymmetry of any of these indices could potentially act as markers of scoliotic 

deformity, an index of rib deformity with prognostic importance in scoliosis is the side-

to-side rib-vertebral angle difference (RVAD) measured at the curve apex (Thulboume 

and Gillespie, 1976; Weinstein and Ponseti, 1983).  An increase of >5° in RVAD may 

indicate curve progression (McAlindon and Kruse, 1997), though R V A D is not 

fundamental to scoliosis but appears to be a side-effect of rotation of thoracic vertebrae 

(Sevastik et a l , 1997; White and Panjabi, 1990b). 

A N G L E "OSTEHlOB 

RIB R O T A T I O N 

Figure 1.12: Indices defining rib orientation. (Dansereau and Stokes, 1988) 

1.4. Indices of torso surface asymmetry 

Just as the landscape hints at the geology below, the torso surface reflects the shape of the 

spine and ribs beneath. Like prospectors hunting for gold, scoliosis researchers use hints 

from surface topography in hopes of reliably predicting where the spine lies. Ideally, 

surface topography could define the shape, location and severity of the underlying spinal 

curves. Studies to date have attempted to relate individual indices of surface topographic 

asymmetry or linear combinations of these indices to spinal deformity. 

1.4.1. Back Surface Rotation 

Back surface rotation (BSR), also described as angle of trunk rotation or inclination, is 
obvious as the "rib hump" in the thoracic region or the subtler "lumbar prominence," 
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especially on forward flexion (Dansereau and Stokes, 1988). Scoliosis screening 

traditionally uses the Adams forward bend test to find any visible rib hump (Reamy and 

Slakey, 2001). However, a Cobb angle of 20° is typically associated with BSR -5°, a 

small angle difficult to measure reliably (Bunnell, 1984). BSR can be measured as the 

angle of the line between thoracic rib humps or tangent to the lumbar midline (Stokes and 

Moreland, 1989), by the best-fit slope of points close to the spinous process line on cross-

sections of the back surface (Turner-Smith et al., 1988), or by directly reporting the size 

of the rib hump and depression (Thulbourne and Gillespie, 1976). 

Recent studies have found varying levels of correlation between BSR and the Cobb angle 

depending on the method used to measure BSR and the patient population studied. An 

early study using manual cross-sectional plotting produced no useful correlations 

between BSR and the Cobb angle, axial rotation or rib-vertebral angle difference 

(RVAD) (Thulbourne and Gillespie, 1976). Correlations may have been reduced because 

surface and radiographic data came from patients in different positions, since the cross 

sections used to derive BSR came from patients bending forward while X-rays were 

taken with the patient standing erect. The inventor of the handheld "scoliometer" found 

in a study of 1,065 patients referred from screening that the scoliometer reading 

correlated to the Cobb angle at r = 0.89, even though the scoliometer had a measurement 

error of+2.4° (SD) and BSR values averaged just 8° (Bunnell, 1984). Others have had 

less success using the scoliometer to relate the Cobb angle and BSR in populations 

referred from screening (r = 0.41-0.65) (Korovessis and Stamatakis, 1996; Samuelsson 

and Noren, 1997), while one study found no significant correlation to the standing Cobb 

angle in 27 patients (Scutt et al., 1996). In 1,188 girls X-rayed for suspected scoliosis 

from scoliometer-screening of 33,596 girls, BSR correlated to the Cobb angle with r = 

0.29 (Huang, 1997). This low correlation in a large group of patients with mild or no 

curves (only 336/1188 had a Cobb angle greater than 10°) suggested that in the absence 

of a substantial spinal curve, scoliometer readings reflected other factors such as leg 

length inequality, posture and measurement error. This screening program had a positive 
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predictive value of just 28%, so that there were nearly three times as many patients 

unnecessarily X-rayed for scoliosis as actually had scoliosis. 

Moire and raster techniques, being more precise than the scoliometer and performed with 

the patient in the same erect position as for X-rays, would be expected to produce better 

surface-spine correlations. In various raster studies Stokes found BSR to correlate to the 

Cobb angle with r = 0.75 - 0.88 (Stokes, 1989; Stokes and Moreland, 1987; Stokes and 

Moreland, 1989). This represented an important confirmation that surface asymmetry 

was closely related to spinal deformity, though the relation was not sufficiently close for 

numerical prediction; both moire and raster methods were unable to estimate the Cobb 

angle within ±5° in 75% of curves studied (Stokes and Moreland, 1989). Their patients 

had relatively small Cobb angles in general, and 10/104 patients (mostly with long single 

curves) had "non-standard rotation," where the topographic rotation opposed the 

direction of spinal curvature. Others have not found such a group to exist at all (Drerup 

and Hierholzer, 1992b), and Stokes found no one with non-standard rotation in a study 

limited to thoracic scoliosis (Stokes, 1989). Patient position seemed to have only a mild 

effect; BSR measured by raster on 56 patients in an erect position correlated to the Cobb 

angle with r = 0.73-0.82 while in a forward-bending position correlation was improved 

slightly to r - 0.86-0.87 (Stokes and Moreland, 1987). 

Because the Cobb angle measures not rotation but a combination of vertebral deviation 

and spinal curve extent, it would be reasonable to expect BSR to correlate better to 

vertebral rotation. Studies by the group led by Stokes have found correlations ranging 

from non-significant (p > 0.05) (Stokes and Moreland, 1989) to r - 0.77-0.79 (Stokes, 

1989; Stokes et al., 1988). A recent study using the Quantec raster system found that 

BSR was relatively weakly correlated to apical vertebral rotation with r = 0.59-0.66 for 

thoracic or lumbar curves (Thometz et al., 2000). Vertebral rotation did not translate 

directly to back surface rotation, with the weakness of the correlation likely due in part to 
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the wide errors in measurement of both BSR and vertebral rotation and the small 

magnitude of BSR (section 1.3.4). 

Trunk rotation might be more closely related to spinal deformity when characterized in 

other ways. The rib hump measured in millimetres from a horizontal axis rather than by 

an angle related moderately to the Cobb angle measured on a standing X-ray (r = 0.45) 

and slightly better to the Cobb angle measured on a supine X-ray (r = 0.54-0.66) (Duval-

Beaupere, 1992; Duval-Beaupere, 1996; Duval-Beaupere and Lamireau, 1985). Duval-

Beaupere et al. used the supine Cobb angle and rib hump to estimate whether curve 

progression had occurred. Combination indices including BSR at several vertebral levels 

have been developed including the Suzuki hump sum (Ono, 1995) and POTSI (Posterior 

Trunk Symmetry Index (Suzuki et al., 1999)), though attempts to relate these indices to 

spinal deformity have also met with limited success to date (e.g., POTSI correlated to the 

Cobb angle with r=0.44 (Suzuki et al., 1999)). 

Confounding factors in the attempt to correlate BSR linearly to spinal deformity include 

postural variation (BSR increased by 1-5° when patients bent forward compared to 

standing erect, and the lordotic tendency of the patient's stance was itself weakly related 

to BSR (Stokes et a l , 1987; Stokes and Moreland, 1987)), difference in leg length (a 4 

cm difference led to a BSR of 5-9°, increased further on forward bending (Stokes and 

Moreland, 1987)), resistance of internal organs to deformation (rib hump elevation 

correlated consistently to other indices but the opposing depression in the back surface 

did not (Thulbourae and Gillespie, 1976)), and errors in measurement of all indices. BSR 

is likely the sum of the effects of spinal rotation and deviation modified by the effect of 

gravity and the properties of the surrounding torso, a sum that is difficult to decompose 

into its individual parts. When there is substantial spinal deformity, the amount of back 

surface rotation due to this deformity (the "signal") is large compared to the rotation due 

to other factors ("noise"), and measurement of BSR correlates well to spinal deformity, 
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but when the spine is nearly straight, the signal-to-noise ratio is low, making screening 

tests using back surface rotation relatively inaccurate. 

1.4.2. Apex Level 

Surface asymmetry is greatest near the apex of spinal deformity in scoliosis, generally 

peaking within two vertebral levels of the radiographic curve apex (Scutt et al., 1996; 

Stokes and Moreland, 1989). Stokes found that BSR peaked slightly below the curve 

apex and speculated that the reason for the lower surface peak may be that the ribs angled 

downward laterally, transferring the effect of the orientation of the apical vertebra to a 

lower level via the ribs attached to that vertebra (Stokes et al., 1988). This may also 

explain why the maximal lateral deviation of the trunk centroid did not quite occur at the 

spinal curve apex (Dawson et al., 1993). In general, though, surface topography can 

estimate curve apex location relatively accurately. 

1.4.3. Spinous Process Line 

The line of spinous processes, palpable just below the surface of the back and usually 

visible in slender patients, is the most direct available evidence of the position of the 

underlying spine. The "spinous process angle" can be calculated from this line by the 

same method as the computer-Cobb angle (section 1.3.2). This angle is smaller than the 

Cobb angle, likely because forces in the posterior spinal ligaments and muscles straighten 

the spine from behind by encouraging vertebrae to rotate into the concavity of a scoliotic 

curve. Still, the spinous process angle correlated closely in most cases to the Cobb angle 

with r = 0.77-0.94 (Drerup and Hierholzer, 1996; Herzenberg et al., 1990; Letts et al., 

1988; Turner-Smith et al., 1988; Weisz et al., 1988; Wong et a l , 1997), though one group 

using the handheld Metrecom digitizer found a poorer correlation of r = 0.64, likely due 

to the high inter- and intra-examiner measurement error of the digitizer (Mior et al., 

1996). The relatively low correlation of r = 0.66 observed in a recent study using the 

Quantec scanner in 155 patients may have been related to the high proportion of severe 

curves in the group (average Cobb angle 41+22°), since in severe curves the spinous 
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processes themselves often deform (Figure 1.3b) (Goldberg et a l  , 2001a). The spinous 

process angle has been described as the best single index of scoliosis available from 

surface topography (Turner-Smith et al., 1988). 

1.4.4. Trunk Indices 

While most study of surface deformity in scoliosis has focused on the shape of the back, 

the recent availability of 360° full-torso surface scan data has enabled study of torso 

cross-sectional asymmetry. One group using an instrument with a single rotating scanner 

found that the "tomographic angle", or the angle formed analogously to the Cobb angle 

from the line of trunk cross-section centroids, correlated well to the Cobb angle (r=0.69

0.87) in 93 patients (Dawson et al., 1993). Despite promising early results (Ishida et al., 

1987; Ishida et al., 1982), trunk centroid offset and other indices of intrinsic cross-

sectional rotation, shear, and size asymmetry correlated less well to the Cobb angle (r < 

0.5) (Dawson et al., 1993). 

1.4.5. Overview of surface indices 

Because the 3D spinal deformity of scoliosis translates to torso surface asymmetry 

through effects on the ribs, muscles and visceral organs, the relation between these 

deformities is complex. Nonetheless, a great deal of information can be gleaned from 

study of the torso shape. The scoliotic curve type and apex can be described with 

reasonable accuracy, and indices of asymmetry such as the various measures of back 

surface rotation or the spinous process angle can be derived that correlate moderately 

well to indices of spinal deformity. Surface and spinal deformities in scoliosis are closely 

related, but the right combination of methods and indices to find a unique quantitative 

surface-spine correlation has not yet been developed. Appropriate analysis of new data 

such as full-torso scans may prove fruitful in this regard. 
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1.5. Research Question 

1.5.1. Introduction 

Clinical outcome in scoliosis could be defined in terms of increasing severity of 

symptoms (section 1.1.6: aesthetic concerns, back pain and osteoarthritis, inflexibility 

and instability, respiratory impairment or death). Ideally, an index of a condition's 

severity should be a guide to its treatment, being related both to its cause and its outcome. 

For example, an appropriate index of Addison's disease is the concentration of serum 

Cortisol, since clinical symptoms of Addison's disease appear to be caused by its 

deficiency (Greenspan and Baxter, 1994). Currently doctors decide how to manage 

scoliosis based primarily on the Cobb angle of lateral spinal curvature (Reamy and 

Slakey, 2001; Roach, 1999). Though the Cobb angle obviously relates to outcome in 

broad terms (a patient with a larger Cobb angle is likely to have more serious symptoms 

indicating treatment than a patient with a small Cobb angle), it is not necessarily 

fundamental to development and progression of scoliosis (Pope et al., 1984). The Cobb 

angle may be only a by-product of scoliotic deformity, just as lowered blood glucose 

levels can result from a lack of Cortisol (Greenspan and Baxter, 1994), so that using the 

Cobb angle to follow scoliosis may be as prone to error and misinterpretation as would be 

using blood glucose levels to track Addison's disease. Still, given the current state of 

understanding of scoliosis, there appears to be no better alternative than to follow the 

current clinical practice by using the Cobb angle as the primary measure of scoliosis 

severity and the progression of the Cobb angle as a proxy for clinical outcome. 

The ultimate goal of developing a tool for surface assessment of scoliosis is to relate a 

patient's pattern of surface deformity to the likely clinical outcome for that patient, 

providing a rational basis for treatment. This task can be divided into two parts: 

correlation of surface asymmetry to the underlying spinal deformity, and correlation of 

spinal deformity to clinical outcome (or its proxy, curve progression). Since it is 

currently unclear which aspects of spinal deformity can best be used to detect progression 

of scoliosis (section 1.1.5), this dissertation was a feasibility study designed to 
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demonstrate the first part of the task, namely that torso surface asymmetry can be related 

consistently (if not linearly) to scoliotic spinal deformity. In the most general sense, this 

dissertation examined a problem of data reduction: how best to integrate the information 

from a large and complex data set (-64,000 surface data points collected per torso) and 

distill this into a compact group of indices that characterized underlying deformity 

accurately and in a way that could be interpreted by clinicians. While in this dissertation 

the Cobb angle was estimated since it was the most clinically relevant index of spinal 

deformity currently available, the methods presented here could be used to link surface 

asymmetry to any features of spinal deformity that may be found in future to relate well 

to curve progression. Given sufficiently large-scale longitudinal studies, the data 

reduction methods of this dissertation could be applied to detect curve progression in an 

individual patient or even to predict the likelihood of curve progression directly from 

patterns of surface asymmetry. After all, the aesthetics of torso deformity are themselves 

a key component of the outcome in scoliosis (Closkey and Schultz, 1993). 

1.5.2. Objective 

To assess scoliosis severity from indices of 360° torso surface asymmetry in a way that is 

(1) as accurate as possible and (2) easily interpretable by clinicians. 

1.5.3. Hypothesis 

Changes in spinal curvature in scoliosis are related to systematic and measurable changes 

in trunk-surface topography. 

1.5.4. Research Design 

This study related indices of torso asymmetry derived from 360° surface scans to spinal 

deformity measured clinically and from 3D X-ray reconstructions, using non-linear data 

analysis methods such as genetic algorithms and neural networks. The novel techniques 

used in this study were validated as effective and reliable methods, then combined to 

undertake the final study correlating surface and spinal deformities. We expected that 
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neural networks would excel at this correlative task since they were computing tools 

capable of recognizing patterns relating input and output data in complex and non-linear 

ways (Dayhoff, 1990b). Since to our knowledge, neural networks had not been used by 

any other group in the study of scoliosis, an important first step was to establish that 

neural networks could be applied to a correlative problem in scoliosis with improved 

accuracy compared to standard linear regression techniques. The stereo-radiographic 

technique used to acquire indices of spinal deformity had been developed and validated 

by others (Andre et al., 1992; Aubin et al., 1997b; Dansereau and Stokes, 1988; Labelle 

et al., 1995b; Stokes et al., 1987), but novel techniques were used to acquire 360° torso 

surface topography from four laser scanners and to generate indices of torso cross-

sectional asymmetry from the resulting surface models. This dissertation documents 

these methods as well as the requisite studies of their accuracy and reliability. Finally, in 

response to the hypothesis and objective, the results of studies using techniques including 

linear regression and neural-network analysis to estimate scoliosis severity (measured by 

the Cobb angle) from 360° torso surface asymmetry are presented here. 

1.5.5. Clinical Significance 

Scoliosis is a common condition requiring treatment in up to 0.5% of the population 

(Pope et a l , 1984). Accurate estimation of spinal deformity from torso surface 

asymmetry in scoliosis patients could have these benefits: (1) reduction of radiation 

exposure and cancer risk for children with scoliosis; (2) development of more effective 

scoliosis treatment via braces custom-made for each patient based on the scanned 3D 

trunk shape; (3) use of the neural-network / torso-scan system in radiation-free, sensitive 

and specific scoliosis screening. Ultimately, early detection, frequent monitoring and 

customized brace treatment could minimize aesthetic deformity and prevent adult 

complications of scoliosis such as back pain and osteoarthritis while minimizing the harm 

caused by X-ray radiation. 



CHAPTER 2: METHODS 
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2.1. Clinical protocol 

The clinical studies described here were performed with informed consent of the subjects 

and/or their guardians and were approved by the appropriate hospital ethics committees. 

Patients were eligible for the combined surface and X-ray scan if they were aged 8-18 yr, 

had previously been diagnosed with scoliosis of any form, and would normally have been 

X-rayed as part of routine clinical care near the time of data collection. Surgeons 

involved with the study attempted to enrol every eligible patient, with further 

encouragement to patients given by posters mounted in examining rooms that described 

the study and urged scoliosis patients to "ask your doctor" about enrolling. Data 

collection sessions were organized every six months from May, 1998 to May, 2001. The 

protocol for concurrent torso scan and X-ray acquisition has been described in detail 

elsewhere (Poncet et al., 2000a). Each patient removed his or her shirt for scanning, 

though a tight-fitting white top was available for extremely shy patients. Skin markers 

consisting of circular black steel washers visible in both torso scans and X-rays 

(originally with a diameter of 10 mm, later enlarged to 30 mm for ease of location) were 

affixed to surface landmarks including the posterior superior iliac spine (PSIS) dimples 

and the vertebra prominens (spinous process of C7) as well as the sternal notch and 

xiphisternum (defining the top and bottom of the sternum, respectively), and the tips of 

the left and right eleventh ribs. The patient stood within a calibrated positioning 

apparatus, rested his or her elbows on supports at shoulder height, and stood still during 

an alternating series of three repeated 15 s torso scans and two X-rays (Figure 2.1). After 

this 3-5 min procedure, patients were then seen by their orthopaedic surgeon for a routine 

clinic visit. Clinical charts were reviewed to obtain the following indices for each visit of 

each patient: the Cobb angle measured from the PA-0 X-ray by the attending orthopaedic 

surgeon or radiologist (if both were available, the angle measured by the radiologist was 

recorded), birth-date, sex, height, weight, leg length asymmetry if any, type of scoliosis 

(adolescent, juvenile or congenital), whether the patient had ever been braced and, if so, 

the dates of bracing, and the date of spinal fusion surgery if any. Missing height or 

weight data was interpolated from previous and subsequent visits if possible. 
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Figure 2.1: Data acquisition system schematic and photo. 

(a) Schematic of combined torso scan and X-ray acquisition system, (b) Patient inside positioning 

device about to be scanned and X-rayed; photo from (Poncet et al., 2000a). 

Figure 2.2: 3D X-ray reconstruction techniques, based on (Labelle et al., 1995a) 

(a) Pair of X-rays taken at 20° to each other (PA-0 and PA-20). Donut-shaped torso surface markers 

and 55 small steel calibration balls were visible in each X-ray. (b) Initial spine and rib cage model 

generated from 3D reconstruction of digitized points on each vertebra and rib. (c) Final model 

visualized with bony geometry from CT cadaveric scans of normal vertebrae deformed to conform 

to digitized landmarks. Parts (a), (b), and (c) are illustrative and do not represent the same patient. 
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2.2. Stereo-radiographic technique and indices 

2.2.1. 3D X-ray rib & spine reconstructions 

Two X-rays were taken for each patient, one with the X-ray projector positioned 

horizontally (postero-anterior, PA-0) and one at an angle of 20° to the horizontal (PA-

20) (Figure 2.2a). For a pilot study (section 3.1) correlating spine and rib deformity, a 

lateral X-ray was also taken when possible. The spine and rib cage of each patient were 

reconstructed in 3D from these X-rays by previously-developed methods (Aubin et al., 

1997b; Dansereau and Stokes, 1988; Labelle et al., 1995b; Poncet et al., 2000a). Briefly, 

landmarks were manually digitized on each X-ray including 6 points per vertebra (the 

centre of each endplate and the top and bottom of each pedicle base), 11 points along 

each rib midline, and the locations of 55 steel calibration balls of varying size (3-5 mm) 

which were embedded in regular patterns in transparent Plexiglas sheets mounted in front 

of and behind the patient. The 3D coordinates of each digitized point on the spine were 

calculated via the direct linear transformation based on the relative positions of the 

calibration balls in each X-ray (Labelle et al., 1995a). Ribs were reconstructed in 3D 

from the PA-0 and PA-20 X-rays by the methods of Dansereau and Stokes (Dansereau 

and Stokes, 1988) (see section 1.3.5). The resulting 3D network of simple geometric 

objects representing vertebrae and ribs (Figure 2.2b) was refined for viewing purposes by 

computer adaptation of normal human vertebral and rib shapes recorded by CT scans to 

conform to the actual 3D locations of digitized landmarks on each vertebra and rib 

(Aubin et al., 1997b) (Figure 2.2c). Reconstruction error was 1.3±0.9 mm (mean ± SD) 

for the location of calibration balls (Poncet et al., 2000a) and 5.6±4.5 mm for 

reconstructed points on a cadaveric specimen (Aubin et al., 1997b). When a lateral X-ray 

was added or substituted for the PA-20 X-ray, improvements particularly in the antero

posterior direction reduced this error to 2.1 + 1.5 mm (Aubin et al., 1997b), however, we 

used a relatively old X-ray projector and could not obtain ethical approval for three  X -

rays in each patient, and the PA-20 X-ray was required for rib cage reconstruction. 
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2.2.2. Indices of spinal deformity 

Indices of spinal deformity were computed from each 3D X-ray reconstruction using a 

coordinate system based on the position of the Plexiglas sheets used for calibration 

(Poncet et al., 2000a). The line joining vertebral body centroids was smoothed in the 

frontal plane. Fourier series, based on graceful sine and cosine curves, were naturally 

well-suited to modeling the arcs of spinal curvature observed in scoliosis. We smoothed 

the vertebral body line by least-squares fit of a third-order (7-term) Fourier series 

(Labelle et a l , 1995a). From this smoothed line, curves were defined between points of 

inflection and the computer-Cobb angle was measured using tangents to the curve at each 

inflection point (section 1.3.2). The apex location, defined as the level of the most 

laterally deviated point in PA projection of each curve, was recorded as an integer from 1 

(SI) to 18 (Tl). Vertebral axial rotation (section 1.3.4) and posterior rib rotation (section 

1.3.5, Figure 1.12) were calculated relative to an axis parallel to the X-ray film. The 

orientation of the plane of maximal curvature in each spine was calculated by searching 

through all orientations for the plane in which the computer-Cobb angle was maximal 

(Stokes, 1989). We were unable to measure the rib-vertebral angle difference (RVAD) 

reliably due to limited accuracy of the 3D rib model near the costo-vertebral junction 

(Dansereau and Stokes, 1988). 

2.3. Torso surface model generation 

As a prelude to developing indices quantifying torso cross-sectional asymmetry, a 

customized package of computer programs was written in Matlab (The Mathworks, Inc., 

Natick, M A  , v. 6.0, 2000) to transform raw 3D points from four torso surface scanners 

into a 360° surface model, extract skin marker locations, establish a suitable set of 

reference axes, and cut cross sections through the surface model. 

2.3.1. Surface scan acquisition 

Four laser scanners each acquired 3D coordinates of part of each patient's torso surface 

(Figure 2.1). The laser imaging system (jointly developed by the National Research 
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Council of Canada, The Alberta Research Council, and Clynch Technologies Inc., 

Calgary) consisted of four BIRIS laser scanners mounted on a mobile ring and connected 

to a computer camera-control and data acquisition system (Figure 2.1; Poncet et al., 

2000a). Since the laser scans were harmless and rapid, we took three full scans per 

patient to allow testing of scan accuracy, and selected the scan that gave the most 

accurate reconstruction for further analysis. During each 15 s scan, the ring traveled 

upward allowing the scanners to record as many as 65,536 points defining the torso of the 

subject. Each scanner captured part of the patient's torso-surface topography by 

projecting a low-power (15 mW) laser beam onto the torso, scanning points in sequence 

along each horizontal row. The beam was viewed by an offset charged-coupled-device 

(CCD) camera, and the distance from the scanner to each point on the projected beam 

was calculated by triangulation (Figure 2.3a). To achieve a balance between scanning 

speed and density of points, the ring rose at a rate of 5 cm/s, giving a vertical row 

separation of 6.7 mm, while the horizontal point-separation varied depending on scanner-

to-object distance but was -1.5 mm for most torso coordinates. Scanner accuracy was 

inversely proportional to the square of the distance to the target, with errors of ~1 mm at 

the working range of ~55 cm (Poncet et al., 2000a). Subjects moved slightly during the 

15 s scan, a source of errors that would have been eliminated by using an instantaneous 

scan (e.g., video), but advantages of sequential scanning over video were that the order, 

adjacency and level of confidence in position of the points were known, aiding surface 

model reconstruction and index computation (Ferguson, 1996). 

2.3.2. Rectification and registration 

Each laser scanner acquired a set of 2-D points (lateral location, distance from scanner) in 

the oblique plane of the laser beam, which due to slight variations in camera mounting 

position was not necessarily perpendicular to the upward direction of scanner ring travel. 

These coordinates had to be transformed into orthogonal 3D axes for further analysis, 

using a transformation known as rectification (Ferguson, 1996). We scanned an open 

rectangular calibration object of known dimensions and recorded the distance between 
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sides of the rectangle according to each scanner. The angle between the plane of the laser 

beam and horizontal was then calculated from the difference between the recorded 

separation and the actual separation between sides (cos 0 = horizontal distance / 

measured distance). Repeating this at appropriate object orientations provided 'pitch' 

and 'roll ' angles for the horizontal axes. Vertical locations were scaled by the distance 

travelled by the upward-moving ring between each row of scanned points. These 

parameters were then used to transform surface coordinates for each camera to an 

orthogonal coordinate system via the usual 4x4 matrix (Nigg and Cole, 1994). 

Rectified coordinates from each scanner were registered to the same global axis system 

by rotation and translation of the individual scanner coordinate systems. The 4x4 

transformation matrices required for this were derived from a scan of an object with a set 

of reflective markers that were each visible in at least two scanners so that a computer 

algorithm could translate and rotate the four scanned images until marker positions in the 

merged final image matched the known precisely measured relative positions of these 

markers (Ferguson, 1996). Rectification and registration were performed at the start and 

end of each day of scanning to ensure accuracy. Because we used four scanners, our 

torso imaging system required more complex rectification and registration than other 

surfacing systems. Moire fringe analysis used a single camera that did not require image 

registration, while just two cameras had to be registered to each other's positions in raster 

scans of the back surface (Stokes and Moreland, 1989). The increased complexity of our 

four-camera system was the price of the complete and sequential 360° torso scan data it 

provided. In principle, just one of our BIRIS scanners could have been rotated to four 

pre-set positions to acquire the torso scan, however, the setup and scan time would have 

been too long for the young patients to remain in the same position without moving or 

fainting. 

The result of each torso scan was 4 overlapping clouds of 3D data points (Figure 2.3b) in 

the same coordinate system. Of the 3 torso scans taken for each patient, the scan in 
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which the scanner images were most closely aligned to each other was chosen for further 

study. In addition, a "Common Coordinate System Object" with 34 steel balls embedded 

in a cube of acrylic sheets was scanned and X-rayed at each data collection to generate 

the transformation matrices to convert scan and X-ray images to the same global 

coordinate system for analysis. 

Figure 2.3: BIPJS laser scanner operation. 

(a) Distance to each point on the horizontal line of light from the laser projector was recorded by 

triangulation from an offset CCD camera, generating a 2-D coordinate (location, range) later 

converted to 3D. (b) Scanners provided extensive zones of overlap. (Ferguson, 1996) 

2.3.3. Cleansing of data points 

Despite error-correction routines built into the BIRIS camera system, scanners sometimes 

recorded spurious points (e.g., reflections from adjacent scanners) or undesired points 

(e.g., points on the positioning frame, or the rods used to brace the patient's pelvis).  An 

automated cleansing routine removed isolated spurious points by retaining each data 

point only if there was at least one point to its left or right and at least one point above or 

below it within a minimum distance set at 7.5 mm. Clusters of undesired points not 

removed by this algorithm were selected and removed manually via a customized 

interactive viewing program. 

Object of Interest Background 

2.3.4. Surface marker location 

In our clinical protocol we used black (non-reflective) circular skin markers visible as 

holes in the cloud of torso surface points acquired by each camera. These were originally 
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deemed easier to locate than white (highly reflective) markers, though in hindsight 

perhaps regions of high intensity might have been easier to locate uniquely than holes in 

the data set, which had to be distinguished from other holes formed by shadows. After 

the first year of data collection we increased marker diameter from 10 mm to 30 mm to 

simplify the marker-location routines. Each row of data points was scanned for gaps of 

appropriate width (for a 30 mm marker, widths of 25-40 mm were recorded). The 

algorithm then searched up to four rows (-30 mm) above and below each gap, recording 

gap width in each row to define the hole. Each hole was flagged to avoid re-recording 

the same hole. If a hole was approximately circular in the expected way (e.g., for the 30 

mm markers, gap width 2 rows (13 mm) above and below the widest gap had to be <= 

75% of the widest gap width, and gap width 1 row above and below had to be 65-95% of 

the widest gap width), then the centre of the row with the widest gap was flagged as a 

tentative marker centre location ("mid-row"). Semi-circular holes (e.g., on the edge of 

the cloud of points from one scanner) were also accepted by the algorithm. Since the true 

marker centre was not necessarily at the middle of the largest gap, a circle-fit method was 

used to refine the estimated centre location. For each point 1 mm apart on a 10 mm x 10 

mm grid centred on the mid-row location and in the plane of best fit to the edge points, 

the minimal distance dmjn to any point on the edge of the hole was calculated, and the 

point for which dmjn was greatest was selected as the "circle-fit" estimate of marker 

location (Figure 2.4a). The "circle-fit" estimate was chosen by default except in cases 

where the hole lay on the edge of a cloud of points and did not have a complete border 

(which made the best "circle-fit" estimate far outside the cloud); in those cases the "mid-

row" location was chosen as the best available estimate of marker location. The wide 

vertical spacing (6.67 mm) was the major source of error in marker locations, since a 30 

mm marker only created gaps in at most 5 rows. Not all flagged holes in the cloud of 

points were markers; some were shadows created by parts of the positioning frame, arms 

or scapular borders. Final selection and labelling of markers was done via an interactive 

viewing program displaying the cloud of points from each camera and the set of flagged 
holes (Figure 2.4b). Markers were often visible in clouds of points from two scanners; in 
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this case the final marker position was chosen to be the average of the two estimated 

locations, and the error between the estimates was recorded for analysis. 

C7 

Figure 2.4: Marker location algorithm overview. 

(a) Gaps approximating marker width were located and a search above and below each gap defined 

a continuous hole. The "mid-row" estimate of the marker centre was the start point of the iterative 

search for the final "circle-fit" estimate of the marker location (the centre of the largest circle that 

could fit in the hole without touching any edge points), (b) Typical marker locations (PS1S = 

posterior superior iliac spine) after interactive labelling. 

2.3.5. Surfacing technique 

The aim of surface data acquisition was to produce a unified, smooth mathematical model 

of the entire torso that could be queried for accurate surface locations at any point. 

Generating such a surface model from a cloud of points required three main steps: 
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creation of a wire-frame mesh joining neighbouring points, overlaying of a mathematical 

surface between the given points, and integration of the information from the four 

scanners into a single model. With many thousands of points describing each torso, 

careful planning was required to minimize processing time.  An advantage of our scanner 

system was that because points were recorded one by one in sequence, each point had not 

only a Cartesian (x,y,z) location but also a parametrized location (i,j) representing its 

position in a row and the vertical row number. Creation of a wire-frame mesh for each 

camera was then a simple matter of joining points known to be adjacent (e.g., point (12,5) 

was twelfth across in the fifth row and would connect to points (11,5), (13,5), (12,6) and 

(12,4)). In other optical scanning techniques in which the data points were arrayed in an 

un-ordered cloud, computationally intensive Delaunay triangulation was required to 

determine which points were the closest neighbours of each other (Durdle et al., 1997). 

We considered attempting to integrate the wire-frame meshes from each camera by 

"clipping" overlap regions and "stitching" the meshes in appropriate zones together by 

averaging coordinates, however, this would have required very slow 3D triangulation to 

determine which points were overlapping, and it risked production of nonexistent or 

confusing surfaces, especially at sharp edges or folds (Ferguson, 1996). Instead, we 

generated four separate surfaces, one per camera, and unified them at each contour level, 

in an approach adapted from the method used by Odesanya et al. to model the human 

hand from extremely dense CT-scanned surface data points (Odesanya et a l , 1993). 

They resampled each hand cross-sectional contour to acquire a small set of "junction 

points" that could be joined by spline curves to describe the hand shape. For roughly 

cylindrical parts of the hand such as fingers, by resampling each contour at regular 

intervals with an equal number of points on each contour they produced a regular grid of 

points that could be filled by B-spline surface patches (Figure 2.5a). We realized that a 

similar resampling procedure would be useful in our torso surface modeling. Since all 

four surfaces were in the same coordinate system, a slice through a given vertical level 

intercepted each surface giving four overlapping partial contours, which could then be 
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resampled to produce a single, unified contour at each level (Figure 2.5b-d). Since the 

torso was roughly cylindrical, we could sample points at regular angular intervals (every 

1-2°) from the overall centroid of the torso. By joining these sampled points to 

corresponding points on contours above and below, we produced rectangular patches for 

3D surface modeling. "Stitching together" of contours in overlap zones was done by 

averaging between the two contour lines. This was a unique and computationally 

efficient way to unify four partial 3D surfaces using simple 2-D calculations at each 

contour level. Conveniently, the resulting wire-frame mesh was a regular grid in a format 

useful for computer-aided 3D brace design (Figure 2.5e). We generally cut cross-

sections at 10-20 mm vertical spacing and sampled points on each contour separated by 

1-2°, for a total of-3,600-14,400 points in each torso model. The model could be re-cut 

as desired, for example if cross-sections of closer vertical spacing were required for brace 

design. The horizontal spacing was relatively dense to accurately model each contour, 

though some error was expected due to averaging of camera misalignment in overlap 

areas. 

To cut cross-sections and resample grid points, we needed to estimate the position of any 

point on the torso from a continuous surface fit to the initial mesh framework. While it 

was not necessary to fit the (noisy) mesh points exactly, the surface needed to be at least 

C° continuous, that is, with no sudden changes of position, and preferably also continuous 

in slope (C1) and rate of change of slope (C2) (Tipper, 1979). Complex surfaces are often 

represented by a quilt of patches, each with an independently sewn shape that is easy to 

describe mathematically (Tipper, 1979). Patch surfaces could be variously defined, by 

Coons surfaces that fitted exactly to the curves bounding each patch but required 

estimation of "twist" 2nd-derivatives at each corner (Pavlidis, 1982), Bezier surfaces that 

fit the mesh points exactly but were global (so that a change in one point changed the 

entire surface) (Tipper, 1979), or most appropriately, by B-spline surfaces. 
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(e) (f) 

Figure 2.5: Surfacing techniques. 

(a) Regular resampled grid defining the surface of a thumb. Each grid square was interpolated by B-

spline surface patches. (Odesanya et al., 1993) (b) Schematic horizontal cross-section through torso 

showing partial contours from cameras 0-3. (c) Resampled points, averaged in overlap zones, (d) 

Smoothed, unified B-spline contour joining these points, (e) Resulting wire-frame mesh, with line 

joining cross-section centroids. (f) Rendered image of bicubic B-spline surface overlying the mesh. 
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In the days of manual drafting by shipbuilders, smooth curves were fit to hull shapes by 

tracing along a flexible wooden ruler known as a spline. The resulting curve minimizing 

strain energy in the wood was a C -continuous cubic polynomial (Pavlidis, 1982). B-

splines are piecewise cubic polynomials (with continuity conditions at ends of each 

piece) that are zero-valued except in the patch of interest, hence a change in part of a B-

spline changes only that part. For each rectangular patch, a B-spline surface was 

interpolated between B-spline curves on each of the four edges, with the edge-curves 

matching the location and slope of the edge of the neighbouring patches. Calculation of 

the equations for each patch was rapid, involving only inversion of a 16-point matrix 

defining the patch and its immediate neighbours (Hall and Hibbs, 1990). Several groups 

have modeled surfaces effectively using bicubic B-spline patches (D'Amico et al., 1992; 

Durdle et al., 1997; Odesanya et a l , 1993). However, because errors of interpolation on 

the torso in these models have not been well-studied and surface patches may not be of 

the same form (e.g., convex or concave) as the original surface (Barnhill, 1985), we kept 

the patch size as small as practicable. For our analysis, Matlab conveniently provided 

functions to generate a B-spline surface from an ordered mesh of points, to determine 

points along an arbitrary slice through that surface (e.g., a cross-section at a given vertical 

level), and to render a surface made of B-spline patches for viewing (Figure 2.5f). Thus, 

we based the initial four partial surfaces and the final unified surface on bicubic B-spline 

patches. 

2.3.6. Vertebral level estimation 

The common coordinate system enabled direct superposition of the 3D surface model and 

the 3D spine and rib cage model (Figure 2.6). To use the scanner without X-ray 

information, however, we needed to estimate spinal length and vertebral level from 

surface marker locations alone. Based on anatomic relations in an erect normal patient, 

the vertebra-prominens skin marker was expected to lie at the level of the base of the C7 

vertebral body, and the line joining the PSIS skin markers at the level of the spinous 
process of S2 (Moore, 1980). The location of the centre of each vertebral body from T  l 



48 

to L5 was estimated using these marker locations and the relative sizes of each vertebra 

based on 50 normal adult vertebral columns (Scoles et a l , 1988). 

2.3.7. Axis orientation 

Since we intended ultimately to use the torso scan system without X-rays, we required a 

reproducible set of reference axes based on only surface data. Two alternatives were 

available: a coordinate system based on the orientation of the line joining the left and 

right PSIS markers (indicating the orientation of the sacrum), and a coordinate system 

based on the principal axes of inertia (PAX) of each cross-section (Beer and Johnston, 

1992). Any geometric shape has a major principal axis (the axis around which it is most 

difficult to spin the shape) and a minor principal axis (the axis around which it is easiest 

to spin the shape). The principal axes of a pencil lie across its width (major axis) and 

along the pencil lead (minor axis). For the human torso, which is wider laterally than it is 

sagittally, the minor principal axis points in a lateral direction (Figure 2.7b). Using PSIS 

marker locations and the average orientation of lower-lumbar principal axes, we 

transformed each surface model to a coordinate system with the lateral axis being "PSIS

based" if both PSIS markers were available, or "PAX-based" if (as occasionally occurred) 

it was impossible to locate both PSIS markers. We studied the differences between these 

two axis systems (section 3.2.5). Both axis systems were intrinsic to the torso and 

relatively independent of patient orientation, desirable features in a surface model (Frobin 

and Hierholzer, 1982), and both axis systems had x* pointing horizontally forward 

through the navel, z* horizontally to the patient's right, and y* pointed upwards (Figure 

2.7c). Compared to the official Scoliosis Research Society axis system (Stokes, 1994), 

we used y* as the vertical axis rather than z* since we wished to define lateral deviation 

of the common right-thoracic curve as positive, requiring the lateral coordinate to be 

positive to the right and, given that x* was oriented forward, y* had to be vertical to 

maintain a right-handed coordinate system. In any event, this was only a matter of 

nomenclature, as the specific axis labels needed only to be consistent. Having 
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established x*, y* and z*, the frontal (z*y*) and sagittal (x*y*) planes could be viewed 

analogously to spinal X-rays (PA and lateral, respectively). 

Figure 2.6: Typical superimposition of 3D surface and stereo-radiographic models. 

Y" 
(up) 

z* 

X-Ray 
Film 

Figure 2.7: Cross-section orientation and axes. 

(a) Method of cutting cross-section through torso, (b) Cross-section centroid and principal axes 

(major axis forward, minor axis rightward) and reference axis joining left and right PSIS markers, 

(c) Orientation of patient-specific axis system. 
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2.3.8. Contour smoothing 

Each unified contour was smoothed using a C++ implementation of the GCVSPL 

approximating-spline routine (Craven and Wahba, 1979) which allowed user selection of 

the degree of smoothness based on a smoothing tolerance (acceptable variance of fit, in 

mm2). Since the routine required monotonically increasing knots, a requirement that 

could not be met using Cartesian (x,y) coordinates in our fully enclosed elliptical torso 

contours, smoothing was performed in polar (r, 9) coordinates about the cross-section 

centroid, using #to define knot locations and smoothing the distance r to each point. The 

cross-section centroid was recalculated after contour smoothing. 

2.3.9. Arm removal 

Each patient stood in the positioning frame with arms raised to shoulder height (Figure 

2.1b). Due to asymmetric arm positioning and non-horizontal camera orientation, 

contours in the upper thoracic region often captured more of one arm of the patient than 

the other, causing errors in calculation of left-right asymmetry indices. We compensated 

for this in two ways: manual removal of grossly asymmetric points at the data-cleansing 

stage (section 2.3.3), and automated removal of remaining arm points. This algorithm, 

limited to the T3-T7 vertebral levels, removed all points within a zone close to the lateral 

principal axis (5° in front, 15° behind) and removed points in a broader zone (up to 30° in 

front and behind) if they were further from the centroid than any points in the torso below 

T7. Each contour was closed by joining the exposed endpoints by a straight line (Figure 

2.8). 
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Figure 2.8: Arm-removal algorithm applied from T3-T7. 

Points within 9f (5°) and 0r (15°) of the lateral principal axis were removed, while points within 

zone 91 (30°) were removed if further from the centroid than contour points below T7. 

Figure 2.9: Typical cross section in outline-based and pixel-based formats. 

(a) original contour-outline-based format, (b) pixel-based binary image format generated from (a) 

with an error <2.0 mm in each outline point location. This cross-section was at the T12 level in a 

14-year-old girl with an 11° right-thoracic scoliosis. 
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2.4. Derivation of torso cross-sectional asymmetry indices 

2.4.1. Pixel-based and contour-outline-based cross sections 

Most indices of asymmetry were computed from cross-sections cut horizontally through 

the torso. If the 3D spinal shape was known a priori, the cross-sections could be cut 

along inclined planes parallel to the nearest vertebral endplate at each level, which might 

increase the usefulness of indices such as back surface rotation compared to use of 

horizontal cutting planes. However, since the torso scan was intended for use in 

situations such as screening and monitoring in which minimal X-ray information would 

be available, we limited the analysis to horizontal cross sections. Each cross section was 

originally recorded as a series of points tracing the line of intersection of the cutting plane 

through the B-spline patch surface. This format was appropriate for calculation of 

indices related to individual surface points, such as back surface rotation and spinous 

process line location (Figure 2.9a), but for other indices such as principal axis orientation 

and centroid location that were related to geometric properties of areas, we had to convert 

the contour-outline-based section to a pixel-based section. To do this, a black box (all 

pixels = 0) was created with a resolution of 1.0 mm/pixel, and each contour outline point 

was mapped to the appropriate pixel. To prevent gaps between the outlined points, a 2x2 

white square (4 pixels, all = 1) was filled at the location of each outline point, and straight 

lines (2 pixels wide) were drawn between any remaining gaps (e.g., between the front and 

back of trimmed arms). The completed outline was then filled in with l's, producing a 

standard binary image in the form of a matrix of 0's outside the cross-section (black) and 

l's (white) inside the section (Figure 2.9b). For the chosen resolution, the maximal error 

of pixel-mapping for each contour outline point was ±1.0 mm. 

2.4.2. Principles of index calculation 

We wished to obtain torso asymmetry indices that defined inter-relations among surface 

data points in a way that related usefully to spinal deformity and was clinically 

understandable. In principle, with unlimited computing power it might be possible to 

simply supply the entire raw data set (4,000-64,000+ points) as inputs to a pattern-
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recognition engine (e.g., linear regression or artificial neural network), but even so it 

would likely be impossible to converge to a solution due to the highly inter-related input 

data points (e.g., the position of one point would be related to that of adjacent points and 

to many others on the cross-section). For example, the required interconnection of nodes 

within a neural network input layer would prevent solution by a back-propagation 

algorithm. Hence, we pre-selected input indices that already emphasized the most useful 

aspects of the deformity. Ideally, each input index would be a single number derived 

from calculations involving a unique aspect of the inter-relation of the 3D locations of all 

points on the patient's torso. Such indices would integrate the raw data in a way that was 

likely to aid both the computer and the clinician in their efforts to understand the torso 

deformity. We derived asymmetry measures from either contour-outline-based or pixel-

based cross-sections, giving a numeric value of asymmetry at each of 40 vertical levels. 

The plot of the asymmetry measure vs. vertical location gave a curve called the "index

line" which for some indices appeared roughly similar to the shape of the underlying 

spine. From each "index-line" we extracted several single-number indices including the 

mean, maximal and minimal (signed and absolute) values and the locations at which they 

occurred, the range (max. - min.), and the "quasi-Cobb angle" of each curve of the index-

line. "Quasi-Cobb angles" were measured between points of inflection of the index-line 

smoothed by best fit to a third-order Fourier series, the same process as deriving the 

computer-Cobb angle from the smoothed vertebral body line (sections 1.3.2 and 2.2.2; 

Figure 2.10). We compared measurements of extrema and ranges of asymmetry when 

based on raw index values and on the Fourier-smoothed "index-line." An even wider 

variety of indices than those available for most measures could be derived from measures 

based on half-areas, since the half-areas could be cut along the global X * / Z  * reference 

axes (VERT), or along "local" cross-section rotational axes defined by the principal axes 

(PAX) or by lines parallel and perpendicular to back surface rotation (BSR). 

While it was possible to calculate indices for each measure (extrema, range, quasi-Cobb 

angle) in any torso zone (e.g., from T6 to L5), it was difficult to know beforehand where 
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to partition the torso to obtain the best torso-spine correlations. The optimal zone for 

each index was selected by computing correlations between the Cobb angle and the index 

calculated in every zone between endpoints from  T l to L5 (a total of 17*16/2 = 136 

zones) and selecting the zone for which correlation to the Cobb angle was highest (Figure 

2.11). These correlations varied depending on the zone of analysis because each torso 

asymmetry index would be differently affected by non-spinal factors such as asymmetric 

arm positions or protruding abdominal organs in certain regions of the torso. This search 

considered only linear correlations, but it was likely that the closest non-linear relation 

(with the least "noise") between the index and the Cobb angle occurred near the zone of 

greatest linear correlation. To complicate matters, the zone of interest could be defined 

as either (1) fixed points (e.g., T4-L5), or (2) endpoints of the biggest and longest torso 

curve whose apex lay between these points. This "torso curve" could be either the curve 

of the smoothed measure itself, or of another measure deemed relevant, such as the torso 

centroid line. We tested many such variations of each torso asymmetry index. 

2.4.3. Torso centroid line 

The centroid of each cross-section was its balance point. A piece of cardboard cut into 

the shape of the section would balance on the head of a pin placed at the centroid (Figure 

2.9b). Centroid location was calculated from pixel-based cross-sections by assigning 

each pixel in the section an equal area (1 mm2) and summing across all pixels: 

Equation 2.1: Centroid calculation. (x*,z*) = coordinates of pixel, dA = area of pixel (1 mm each). 

(Beer and Johnston, 1992) 

We recorded centroid lateral deviation at each level and in addition to calculating the 

usual parameters (e.g., range and maxima of centroid lateral deviation and associated 

quasi-Cobb angles; section 0), we also recorded the AP and lateral torso imbalance as the 

difference in x* and z* coordinates, respectively, between  T l and L5. 
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Figure 2.10: Calculation of torso asymmetry indices. 

Asymmetry measures were calculated at each vertical level (e.g., A-A' ) . The extrema and range of 

each measure were recorded. The "index-line" describing variation of the measure by vertical level 

was smoothed by third-order Fourier series and quasi-Cobb angles (9) computed. Shown here: 

centroid lateral deviation (range: 19.5 mm) in a 13-year-old girl with a 48° right-thoracic curve. 
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Figure 2.11: Selection of optimal zone for index calculation. 

Correlations to the Cobb angle were computed for each asymmetry index measured 

between every pair of endpoints from T1-L5. The range of centroid lateral deviation 

(shown) correlated best to the Cobb angle in the zone T7-L4. 
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2.4.4. Principal axis orientation 

The principal axes of inertia (PAX) of each cross-section were the axes about which it 

would rotate most easily (minor axis) and least easily (major axis) (Section 2.3.7, Figure 

2.9b). Mathematically, principal axes are oriented such that the product of inertia Ixz is 

zero (Equation 2.2). To compute cross-section P A  X orientation, we computed moments 

of inertia Ixx, Ixz and Izz about the centroid (summing across all pixels in the section), 

and used Mohr's circle to find the angle at which an axis would have Ixy = 0 (Equation 

2.3). 

x,y,z such that: I^ = J z"2dA = (max.), I , = J" x*2dA = (min.), I , = J" x*z*dA = 0 z x

Equation 2.2: Definition of principal axes, where moments of inertia about the x* (Izz) and z* (Ixx) 

axes are maximal or minimal and the product of inertia (Ixz) is zero. (x*,z*) = pixel coordinates, 

dA = area of pixel (1 mm2). Ixx = "moment of lateral inertia", Izz = "moment of antero-posterior 

inertia." (Beer and Johnston, 1992) 

1 , ^ Ixz ^ 
d, =-atan(-2 ) 

1 2 Ixx-Izz 

Equation 2.3: Principal axis orientation (8i) based on Mohr's circle. The other principal axis was 

perpendicular to 9]. (Beer and Johnston, 1992) 

We also recorded the eccentricity "e" of the ellipse having the same second moments 

(Ixx, Izz) as each cross-section, physically interpretable as the degree of circularity of 

each section. A perfect circle has e - 0, while e approaches 1 in an extremely flattened 

ellipse. Since a circular disc could be rotated about any axis equally easily, when the 

cross-section became sufficiently close to circular (e < 0.6, in the lumbar torso of a few 

young patients), the calculated P A  X orientation became unstable, varying overly widely 

with slight bulges (e.g., of the liver or lower ribs) in the cross-section outlines. This 

occurred because Ixx became nearly equal to Izz, causing the denominator of Equation 

2.3 to approach zero. To compensate, if a section in the appropriate zone (T10-L5) was 

too circular (e < 0.68), we trimmed a small portion of the middle of the section (e.g., for e 
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= 0.6, we trimmed (0.68-0.6)* 1.30 = 10% of the section, 5% anterior to and 5% posterior 

to the centroid), "welded" the remaining top and bottom halves together at the centroid, 

and recomputed the principal axes and eccentricity (Figure 2.12). The effects of this 

empiric adjustment were studied. 

FRONT 

BACK 

Figure 2.12: "Trimming" of nearly-square cross-section to stabilize principal-axis calculations. 

Raw section near T12 in a boy aged 11 yr with a 27° left lumbar curve, with eccentricity e = 0.61 

and P A X orientation = -6.3°. The calculated correction was to remove the middle 9% of the section. 

After trimming, the section had e = 0.68 and the recalculated P A X orientation was -5.1°. 

2.4.5. Back surface rotation 

Back surface rotation (BSR) in each torso contour was the orientation of the dual-tangent 

line joining the most posterior points left and right of the centroid (Figure 2.13, 02). We 

determined the left and right back-tangent points (Figure 2.13,  T L and TR) iteratively 

from the outline of each cross-section, by first finding points furthest behind the P A X 

line through the section centroid. These were connected by a line, which approximated 

the true dual-tangent but generally "cut of f a few points behind the line on either side. 

The points furthest posterior to the estimated dual-tangent line on either side were 

selected as the next estimates of  T L and TR. This process rapidly converged until no 

points were "cut off," and the orientation of this dual-tangent line was recorded as the 
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BSR at that section. This iterative process generated a reliable dual-tangent estimate of 

BSR that was insensitive to the initial axis used (PAX or PSIS). Typically, thoracic dual-

tangent points (TL,  TR) lay on each scapula while lumbar dual-tangent points were bulges 

of the left and right erector spinae muscles. In lumbar sections it was possible for one 

dual-tangent point to be the protruding spinous-process bulge and the other to be the 

bulge of an erector spinae muscle, giving erroneous BSR values. To compensate for this 

we limited the candidate points for  T L and TR to those lying at least 10 mm to either side 

of the mid-back point (along the line joining the C7 marker to the middle of the PSIS 

marker). We also recorded the difference between BSR and P A X rotation (Figure 2.13, 

63) and measured the "rib hump" from asymmetry of dual-tangent points (Figure 2.13, dL 

2.4.6. Half-area indices 

Differences in geometric properties of the left and right halves of each cross section (cut 

along P A X , BSR or PSIS axes, section 2.3.7) were assessed (Figure 2.14). Indices of left-

right asymmetry were dimensionless with an expected mean of zero in normal subjects 

(Equation 2.4). 

Equation 2.4: General asymmetry-index formula, producing a dimensionless index of asymmetry 

with an expected value of 0 in symmetric subjects; "left minus right, divided by the average". 

Half-area asymmetry was computed in terms of the "nt h moment of area", with "n" 

referring to the number of times an element of area "dA" was multiplied by its position 

"x" (ie, n in xndA, Equation 2.5); the larger "n", the more sensitive the index was to shape 

asymmetry (Beer and Johnston, 1992). For example, given a square and a rectangle of 

equal area (0t h moment), the centroid location (1s t moment) will differ slightly, and the 

moments of inertia (2n d moment) will differ greatly. Based on their higher-order 

calculation, 2nd-moment indices were expected to be more sensitive than lst-moment 

- d R ) . 

L = value on left side, R = value on right side, i = contour level 
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indices to changes in spinal deformity but also to small errors in torso scans or to non-

spine-related asymmetry. We recorded the difference between left and right half-areas, 

A P and lateral asymmetry of half-centroid locations (Figure 2.14, dXC and ZCL-ZCR) , the 

orientation of the line joining the half-centroids, and left-right asymmetry of moments of 

inertia (defined in Equation 2.2), measured antero-posteriorly (IZZL VS. IzzR), laterally 

(IXXL VS. IXXR), and as a 2nd-moment "aspect ratio", (IXX/IZZ)L VS. (IXX/IZZ)R. 

A = J dA xA= J xdA Ia = x2A = J" x2dA 

0'A moment Xs' moment 2nd moment 

(A = area, x = position, I = moment of inertia) 

Equation 2.5: Moments of area. Higher moments of area were expected to be more sensitive to 

shape asymmetry. 

line parallel to 
PSIS reference axis 

Rib hump = dL - dR 

Figure 2.13: Back surface rotation (BSR) and principal axis rotation (PAX). 

9i = P A X rotation with respect to the patient PSIS reference axis. 9? = BSR, measured using the 

line joining left and right dual-tangent points  T L and T R . 93 = difference between BSR and P A X 

rotation. "Rib hump" = d L - dR, the difference in distances from left and right dual-tangent points to 

the reference axis. 
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Half-area reference axis 
(parallel to PAX) 

Figure 2.14: Indices defining left-right asymmetry of half-areas. 

Half-areas were cut relative to an appropriate reference axis (BSR, P A X or PSIS; P A X shown). 

Asymmetry of half-centroid locations  C L and C R was measured in the antero-posterior (dXC) and 

lateral ( Z C L VS.  Z C R ) directions. 9 = angle of rotation of the line joining the half-centroids. dAP/dLat 

= aspect ratio for each half-area (left and right). Fz = hypothetical unit force applied inward at each 

half-centroid. In a symmetric torso, the forces would cancel; in a scoliotic patient, a twisting 

moment proportional to dXC would be generated. 

Figure 2.15: Quarter-areas for index calculation. 

Rear quarter-areas ( A Q L ,  A Q R ) and their centroids (QCL, QCR), defined by quadrants cut through the 

centroid (O) parallel and perpendicular to the reference axis (PSIS, P A X or BSR). 
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2.4.7. Quarter-area indices 

Concerned that asymmetry of developing breasts or anterior abdominal organs might 

reduce correlations to spinal deformity, we computed indices analogous to those 

computed for half-areas (0th-, 1st- and 2nd-moment) for the left and right rear quarter-areas 

of each cross-section, as defined by pixels posterior to the z* axis through the centroid 

and to the left or right of the x* axis (Figure 2.15). 

2.4.8. Envelope indices 

Not only did the torso centroid line deviate laterally from the expected straight line in our 

patients, but torso width was often unequal to the left and right of the centroid. For each 

cross section we recorded the left-right difference between the lateral distance from the 

centroid to the outer "envelope" (Figure 2.14, dlatL-dlatR) as well as the left-right 

difference in aspect ratio (Figure 2.14, [dAP/dlafjL-R). 

2.4.9. Spinous process line 

In the clinical protocol we did not palpate or mark the spinous process line, other than its 

upper and lower ends (the vertebra prominens and the midpoint of the inter-PSIS line). 

Instead, we visually estimated the spinous process line based on contour shape. The 

spinous process line location could be visible in one of several ways on any given cross-

section, as the deepest point in the mid-back "dip" (representing the indentation between 

spinous processes), as a bulge made by a spinous process near the centre of the "dip" 

between scapulae, or as a bulge without any "dip" (common in the lumbar spine). 

Sometimes the true spinous process line location was not obvious from one cross-section 

alone, e.g.,  if the back surface seemed nearly flat (common in heavier patients), or if one 

scapula was 'winged' due to asymmetric arm position or severe thoracic curvature giving 

a "dip" that was deepest in a location other than the spinous process line location. These 

complex patterns were too difficult for development of a convenient automated line-

location algorithm, so an interactive program was developed to enable the operator to 

select the best spinous process location manually from "candidate points" in each 
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contour. Candidate points included all "bumps" and "dips" (local maxima and minima) 

on the back surface contour between and including the left and right dual-tangent points 

that were used in BSR calculation (section 2.4.5). The computer operator, blinded to  X -

ray data, used a mouse to select tentative spinous process line coordinates from the 

candidate points at various vertebral levels, while a curve (smoothed by a third-order 

Fourier series as usual) was fit to the selected points. The operator could add or modify 

points at each vertebral level until the spinous process line had both a reasonable vertical 

shape and an appropriate location on each cross-section (Figure 2.16). The final 

coordinates were recorded and parameters (extrema and range of spinous process lateral 

deviation, quasi-Cobb angles) were computed from this line as usual. 
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Figure 2.16: Screen-shot of interactive program to estimate spinous process line location. 

(L) postero-anterior view showing chosen points (black dots) and best-fit spinous process line. (R) 

a view of cross-section with candidate points (bumps and dips on the back surface that may 

represent the spinous process line). The operator used a mouse to select the appropriate point at 

each level giving a spinous process line that was smooth vertically and logical in each cross-section. 
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2.5. Mathematical methods 

2.5.1. Finite element models 

Since torso deformation in scoliosis is presumably in response to asymmetric forces 

applied to the rest of the torso via spinal muscles, ligaments, and bony geometry, the 

surface and spinal deformities could in principle be related by a finite element model of 

stresses and strains in the torso. However, such a model would be extremely complex to 

generate and validate, since it would have to consider both the poorly understood stresses 

associated with scoliosis and the non-linear transference of these stresses to torso 

deformation. Our collaborators in Montreal have developed a finite element model of the 

spine and rib cage based on their 3D X-ray reconstruction techniques (section 2.2.1), 

intended primarily for optimization of brace design by study of the effects of loads 

applied by the brace on the spine and rib cage (Aubin et al., 1996; Beausejour et al., 

1999; Gignac et a l , 2000; Perie et al., 2001). It is easier to model the effects of 

externally applied loads in this way than to model the link between the spinal and surface 

deformities, since the internal forces generated by a scoliosis within the torso and the 

combined properties of the structures transmitting these forces are unknown and difficult 

to ethically test in humans. Another limitation of finite element models was highlighted 

by a recent study of the mechanical properties of the rib cage that modeled vertebrae as 

rigid bodies, ligaments and muscles as springs, and ribs as deformable beams (Closkey 

and Schultz, 1993). Parameters such as joint or rib stiffness were altered to study the 

engineering behaviour of the spine and rib cage. However, the model was limited to 

instantaneous elastic effects of applied load on a system with assumed linear behaviour, 

which was unlikely to be a realistic description of the true long-term effects of loading in 

scoliosis. For instance, the study found that ribs behaved essentially as rigid bodies, 

which may have been true at the instant of loading, but creep, remodelling and stress 

relaxation would all affect the ultimate rib deformation in ways the model could not 

predict, particularly since scoliosis develops over a period of months to years. The 

complexity of time-dependent effects, non-linear ligament behaviour, agonist-antagonist 

patterns of muscle activation, and permanent bony deformations (section 1.1.2) combine 
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with difficulty in accurately specifying mechanical properties of bones, ligaments and 

muscles under different loading conditions to militate against use of finite element 

models of the entire torso in predicting scoliosis progression. 

2.5.2. Linear regression 

Lacking a realistic finite element model of the torso, the complex relations between 

surface and spinal deformities in scoliosis must be filtered from the morass of noise and 

measurement errors by other methods. A standard statistical technique for such a 

correlation is multiple linear regression, in which an output variable (e.g., the Cobb 

angle) is related to the weighted linear combination of input predictor variables (e.g., 

torso asymmetry indices), with weights calculated to give the least squared error between 

the estimated and actual output. Such regression is often carried out in a stepwise logistic 

manner which tests all input indices one at a time, adding an index to the model if its 

contribution is significant and removing any indices whose contributions become non

significant (Jefferson et al., 1997). When the output is predicted not as a continuous 

variable but as a category (e.g., category 1 = mild curvature, category 2 = severe 

curvature), an equivalent technique called discriminant analysis can be employed (Liu et 

al., 2001). The main advantage of these techniques is that they describe the contribution 

of each input variable to the output, however, such modeling can only account for linear 

input-output relations and generally requires each variable to be independently normally 

distributed (Snedecor and Cochran, 1989). Especially given the non-linearity of many 

relations within the torso (e.g., ligament strains, thresholds of rotation established by 

bony geometry), use of linear combinations of surface indices may not be the most 

appropriate method available. Advances in expert systems have led to methods of pattern 

recognition that may relate spinal deformity and surface asymmetry more effectively. 

2.5.3. Neural networks 

An artificial neural network (ANN) is a form of multivariate non-linear regression model, 

enabling pattern recognition without any prior assumptions about the form of the relation 



65 

between input and output data (Braspenning et al., 1995; Cross et al., 1995; Dayhoff, 

1990a). When it is expected that a set of variables a, b, c can be used to estimate an 

output value z, regression analysis can only evaluate linear combinations of those 

variables (e.g., A*a + B*b + C*c, where A, B, C are regression coefficients). However, 

the relation among input variables may not take this form. Some nonlinear equations can 

still be examined by regression if they can be linearized (e.g., by taking the log of an 

exponential relation). In complex relations such as that between surface and spinal 

deformity, however, not even the form of the equation is known. A neural network can 

relate input and output data even in such cases. In principle a properly trained A N N can 

model any well-behaved continuous function (considering one variable at a time) to any 

desired accuracy (Hertz et al., 1991a; Jefferson et al., 1998b). It has been said that 

"neural networks are the second-best way to do just about anything" (Hertz et al., 1991a), 

because while it would be ideal to know the actual form of the input-output relation (in 

our case likely through a finite element model), neural networks can approximate this 

relation, given enough examples, by associating a certain pattern of inputs with a given 

output and generalizing to new data showing similar patterns. This highlights the main 

disadvantage of neural networks, i.e., that the exact link between each predictor and the 

predicted value is difficult to determine. Even with a well-trained A N N that successfully 

relates input and output data, it can be difficult to determine which inputs contribute 

most, and in which way, to the output. Thus the A N N may function at least partly as a 

mysterious "black box" (Baxt, 1995; Wyatt, 1995). 

A neural network performs its "associative memory" task, associating an input pattern 

with a desired output, through its parallel and distributed structure. A feed-forward 

neural network typically includes a large number of nodes arranged in several fully-

interconnected layers (Figure 2.18). As with arrays of biological neurons, each node 

performs only a simple summation task, but the combination of many linked nodes 

permits complex processing (Hertz et al., 1991a). Input is generally given as a vector of 
values normalized to lie between -1 and 1 (mean value = 0), one per node in the input 
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layer (Demuth and Beale, 2000). Each link carrying input data to the next layer has an 

associated weight, and nodes in that layer sum the input node values, multiplied by the 

appropriate link weight, across all attached links. The weights are analogous to the 

strength of biological synaptic connections (Cross et al., 1995). Each hidden layer node 

produces an output to all the nodes of the next layer via a threshold function, often 

sigmoid in form (Dayhoff, 1990a). This type of function is like a stretched "S"-curve 

(Figure 2.17), flat when the input is small (output « 0), followed by a region of steep rise 

and finally a flat region as the sum of inputs increases (output « 1). The sum of inputs 

required to reach the zone of steep rise in output is analogous to the minimal 

depolarization required to produce an action potential in a neuron; without that minimal 

sum, the neural-network node will not "fire" and only a tiny output will be produced. 

Output is "fed forward" as input to each subsequent layer in a process that repeats until 

the final network output is produced. While one hidden layer may be sufficient (Dayhoff, 

1990a), use of two hidden layers often provides the optimal balance of network size and 

capability to learn non-linear systems (Demuth and Beale, 2000). The network output 

layer can be a single node predicting the desired parameter directly, or several nodes 

forming a "1-of-k" classification system (Cross et al., 1995) where each node represents 

the probability of the output falling into a particular category (e.g., a range of Cobb angle 

severity), and whichever node has the highest output value is the category into which the 

network has classified the input pattern. In the work described here we used both direct 

outputs and "1-of-k" categorical output schemes. 
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Figure 2.17: Sigmoidal transfer function used for each node of neural network hidden layers to 

produce output given a sum of inputs. (Demuth and Beale, 2000). 

^ w Hidden Layer 

Figure 2.18: Structure of a 3-layer feed-forward artificial neural network (ANN). 

This A N N has m input nodes (ai(i)), n hidden-layer nodes (ah(j)), and p output nodes (ao(k)). Each 

hidden and output layer node performs a weighted sum of its inputs across links connected to it from 

the previous layer and sends output to the next layer based on a function of that summation (Figure 

2.17). Each link connecting nodes in different layers has a weight (wh(j,i) or wo(k,j)) whose initial 

random value is updated during network training to relate input and output patterns. 

The associative memory in an A N N is distributed throughout its structure in the form of 

the link weights. Appropriate link weights are derived iteratively by a training algorithm 



68 

such as back-propagation of errors (LeCun et al., 1998). At first, all network weights are 

assigned small random values, giving erroneous output for any input pattern. A training 

set of patterns for which the desired output is known is presented to the network, one at a 

time, for a series of iterations. Error is calculated between the desired and actual output. 

The choice of performance function to measure error is important since its value and its 

partial derivatives at each step are used to guide the next step in network learning. A 

convenient choice is mean squared error (MSE, Equation 2.6) (Dayhoff, 1990a). A 

correction reducing a portion of the error between actual and desired output is applied to 

the weights of the links attached to the output layer and back-propagated through other 

network layers until the input layer is reached. The amount that link weights are adjusted 

in each iteration is specified by the learning rate, which is often made to decrease as 

iterations continue and the network becomes more refined. A momentum term may be 

added to speed convergence by encouraging changes in weights that follow the trend of 

the changes over the previous few iterations (Bishop, 1995). Stubbornly poor network 

convergence would imply that there is little or no fundamental relation between the input 

and output data. However, if there is a logical pattern relating input and output data 

presented to the network in training, whether linear or not, the network should be able to 

converge in a number of iterations to a point where it can reliably categorize input data 

by the patterns it has been trained to seek. It will have "learned" the training set and can 

be generalized to test sets of new patterns. 

Parameters to be established in such a network include the size and number of hidden 

layers as well as the method of learning and associated parameters like the learning rate 

and momentum coefficient. Just as a marble dropped into a bowl descends along the 

gravitational gradient to the bottom, back-propagation often uses a method called 

gradient descent to minimize MSE by changing weights along the direction of the 

gradient of the error function (Dayhoff, 1990a). Numerous variants of basic gradient 

descent help speed downhill travel and make back-propagation neural networks more 

practical for solution of complex problems (Dayhoff, 1990a; Demuth and Beale, 2000; 
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LeCun et al., 1998). The Matlab Neural Network Toolbox (v. 4.0, 2000, The Mathworks 

Inc., Natick, MA) has as its default learning method the reduced memory Levenberg-

Marquardt algorithm, which uses Newton's method of approximation and takes advantage 

of a compact stepwise form of the Jacobian matrix of first partial derivatives of network 

errors to achieve extremely rapid convergence (Demuth and Beale, 2000). 

Since neural networks are initialized with random weights and may become trapped in 

local minima in the complex multi-dimensional error surfaces they navigate (Naes et al., 

1993), the results of each individual neural network trial vary. We compensated for this 

by using the best results from multiple repeated A N N runs, and in the final surface-spine 

correlation study by applying Bayesian regularization to improve generalizability of 

results. We selected the best of n successive A N N trials by adding the scores of network 

performance by several outcome measures (the correlation between actual and desired 

outputs, the fraction of outputs within 0.5 SD of desired outputs, and MSE) within the 

training set. In Bayesian regularization the performance function involved not just the 

sum of the errors between actual and desired network output but also the sum of the 

network link weights (Equation 2.6; Demuth and Beale, 2000). This constraint on link 

weight size forced the network to find an efficient solution of intrinsically low variability. 

Bayesian regularization set the performance ratio y by statistical methods based on the 

variances of the network weights (Demuth and Beale, 2000). 

s = r • MSE+(i - y) • MSW 

where MSE = - V ( t k -ak)2,  M W = - Y w ;

2 

Equation 2.6: A N N performance function with regularization. The value to minimize in A N N 

training (S) added mean-squared-error (MSE) and mean-squared-weights (MSW), weighted by the 

performance ratio y. MSE was the sum of the squared difference between true output (tk) and actual 

output (ak) at each of p nodes, normalized by the number of nodes (p), while MSW was the sum of 

the squared link weights connected to that layer divided by the number of weights. The closer y was 

to 0, the more effect MSW had on network performance. Adapted from (Demuth and Beale, 2000). 
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Several variants of neural-network architecture and training were used for the studies in 

this dissertation. To gain insight into the basic principles of neural-network function, for 

an initial study of A N N feasibility (section 3.1) a basic 3-layer back-propagation network 

was first developed in the C++ programming language, including gradient-descent 

training using a variable learning rate and a momentum term. Once it was established 

that ANN's would be useful in our work, we switched to the commercial Matlab Neural 

Network Toolbox (v. 4.0, 2000, The Mathworks Inc., Natick, MA) using the Levenberg-

Marquardt training algorithm and 1-2 hidden layers. Pilot studies comparing the C++ 

and Matlab neural networks showed that results on simple correlative tasks were nearly 

identical, but with dramatic differences in speed. A problem that took 800-1,200 

iterations to converge in the basic C++ routine took only 7-10 iterations in the optimized 

Matlab algorithm. The Matlab package also allowed use of complex techniques such as 

regularization that would have been very time-consuming to program. 

2.5.4. Separation of data into subsets 

Since the neural network would ultimately be used to estimate an output (e.g., the Cobb 

angle) based on clinical input data it had not been exposed to, we withheld a portion of 

our data as a "test set" that the network did not see during training. This "test set" was 

used to guard against over-fitting of the network to the training data. In most cases we 

randomly separated the data into training and test sets, repeating the random split until 

the differences between all input and output indices were not statistically significant (p > 

0.05) between the two sets. The power (1-P) of the test to detect statistically significant 

differences between index values in the training and test sets was >0.8 when the training 

set contained >30 data units. For the final study we applied a clinically realistic 

separation between data sets, using input-output pairs from the last available data 

collection (May, 2001) as the test set and those from prior data collections (May, 1998 -

November, 2000) as the training set. This chronological training-test set split resembled 

that of a recent study using the Quantec scanner to group patients by scoliosis severity 
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(Liu et a l , 2001) and was logical in the sense that we hoped future results would be 

consistent with historic data. 

Within the training set, we usually made a further random split between the "learning set" 

of input-output pairs on which back-propagation algorithms were actually carried out, 

and a small portion of the training set (15-25%) that was used as a "validation set." If 

network training was allowed to proceed unchecked, particularly with a small data set, it 

would learn to relate input and output data via coincidental correlations that only applied 

to the given data and would not generalize well to other data, a phenomenon known as 

"over-fitting" (Naes et al., 1993). To minimize this, network training was stopped once 

error in network output calculated in the "validation set" began to rise (Demuth and 

Beale, 2000). 

2.5.5. Index selection techniques: linear methods, PCA & genetic algorithms 

Like any human decision-maker, a neural network gave the best results when presented 

with the most useful input data available. Even after integrating thousands of raw torso 

surface data points into indices of asymmetry, we were still faced with the challenge of 

selecting the most appropriate A N N inputs from dozens of these indices. It was initially 

deemed sufficient to select network inputs by trial-and-error informed by statistical 

considerations. Those indices with significant linear correlation (p < 0.05) to the output 

index and/or significant contribution (p < 0.05) to a regression model using all available 

torso indices as inputs predicting the desired output (e.g., Cobb angle) were given priority 

in trials of various combinations of input indices. Since neural networks were capable of 

nonlinear analysis, we did not limit the selected inputs to those that correlated well 

linearly to the Cobb angle, also including indices such as bracing status (0 = never 

braced, 1 = braced as of scan) to help the A N N "sort" the data into similar groups. 

One means of sorting data into groups and of reducing the complexity of input data while 

retaining its essential characteristics was principal component analysis (PCA). Each 
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torso scan had a set of values for n indices of surface deformity that could be thought of 

as a vector pointing to a location in ^-dimensional space. PCA projected these n-

dimensional vectors into a space with fewer dimensions, for example a two-dimensional 

plane (D'Amico et a l , 1998). The orientation of that plane was defined by the first two 

principal components of the data, i.e. the first two vector directions along which variance 

in the data was maximal (Hertz et al., 1991b). The orientation of the plane provided 

information. If the principal component vector was nearly parallel to (i.e., had high 

weights for) indices 1, 2 and 7, then those indices seemed more useful than the others for 

distinguishing between the data sets presented. The principal components were 

orthogonal (independent of each other), a desirable feature when presenting a number of 

partially redundant inputs to a system (Demuth and Beale, 2000). A disadvantage was 

that some of the variability of the ^-dimensional data was lost during projection, which 

limited the usefulness of PCA in certain subtle discrimination tasks (Pearce, 1997). The 

projected data (e.g., a two-dimensional plot of the first and second principal components 

against each other) also provided information, since clusters of data with similar patterns 

could be identified from the plot for closer study. A non-linear neural-network extension 

of PCA known as Kohonen feature mapping could also perform this type of data 

clustering (Gallant, 1993). In this dissertation we were more interested in the "hard" task 

of estimating spinal deformity from surface asymmetry than in the "soft" task of 

classifying torso asymmetries into patterns similar to each other, however, PCA was one 

alternative to trial and error as a method of reducing redundancy of neural-network inputs 

(Demuth and Beale, 2000). 

Particularly with the larger number of input indices in our later studies, trial and error 

became tedious and subjective (dependent on the operator's opinion of which indices 

might be useful). For the final surface-spine correlation study, a combined genetic 

algorithm-neural network (GANN) was used to make selection of an optimal set of input 

torso indices more objective and automatic. GANNs have been used successfully in 

several clinical studies, for example predicting depression after mania (Jefferson et al., 
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1998a), probability of death of critically ill patients (Dybowski et al., 1996), survival 

after lung-cancer surgery (Jefferson et al., 1997), and quantity of internal blood loss 

(Jefferson et al., 1998b). A genetic algorithm (GA) is a very general computational 

procedure, first described in 1975 (Holland, 1975), that can be used in this context to 

"evolve" efficiently the optimal set of A N N inputs from the available indices by a process 

mimicking biological "survival of the fittest" (Forrest, 1993; Jefferson et al., 1998a). Just 

as a biological population is thought to consist of individuals who reproduce based on 

their fitness to survive so that over successive generations the overall population adapts 

to best fit the constraints of its environment, in a genetic algorithm various numeric 

"chromosomes" compete to be mathematically more "fit" than each other over a number 

of "generations" each including mathematical analogs to genetic events such as mutation 

and cross-over of chromosomes (Forrest, 1993; Levin, 1995). For example, a genetic 

algorithm to maximize a complicated function z =f(x,y) would first establish a population 

of chromosomes each having two 'genes' - x and y - with different initial values 

randomly selected so that together all the chromosomes represent coordinates throughout 

the (x,y) plane. The value of the function z for each chromosome would be calculated, 

and those whose genes (x, y) produce the highest z values would be deemed fittest to 

reproduce. They would be "selected" to fill more of the population in the next generation 

than the less-fit chromosomes. There would then be "reproduction," in which the new 

generation is formed, with mutations changing some of the genes in a random way to 

introduce new (x, y) values, and cross-over occurring between chromosomes to shuffle 

and mix the (x, y) values. The processes of selection and reproduction would continue 

through successive generations until the population contained chromosomes with the 

desired traits, in this case the highest possible values of z. The two main issues in genetic 

algorithm design are deciding how to represent the input data and how to define the 

fitness of each chromosome (Forrest, 1993). Data are usually encoded onto the 

chromosome as a string of bits in Gray code in which each increment of value requires a 

change of only one bit, allowing more effective mutations than standard binary coding 
(Forrest, 1993). For the z = f(x,y) problem, the x and y genes might initially be 
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represented by a string of 10 bits, each with a random initial value of 0 or 1, producing 

chromosomes each 20 bits long. Solving multivariate problems thus can involve 

extremely long chromosomes. The fitness function for the environment is the problem to 

be solved, in this case the function z = f(x,y). Because the method requires creativity in 

representation and fitness-function design, it is extremely flexible. 

Four genetic-algorithm parameters other than the general system structure described 

above must be defined by the user. The size of the population must be decided (the 

larger, the more diversity of possible solutions to the problem can be explored, but at the 

cost of greater computational complexity). The selection method must be defined in a 

way that ensures that 'fitter' chromosomes reproduce more often than less fit 

chromosomes. One approach is to use a "roulette wheel," where each chromosome is 

assigned a sector of a wheel whose size is based on the chromosome's fitness, and the 

probability of a chromosome being allowed to reproduce is based on a spin of the 

resulting wheel (Srivastava et al., 1998). A poor choice of selection method can lead to 

premature population convergence or accidental loss of the best members of the 

population (a particular risk of the roulette-wheel approach) (Hancock, 1994). One way 

to prevent accidental loss of a promising chromosome is to consider its fitness not just in 

the current generation but through past generations as well (Jefferson et a l  , 1997). The 

other parameters that must be set are the mutation rate and the cross-over rate (Forrest, 

1993). The mutation rate must generally be kept small or else the highly-evolved genes 

in fit chromosomes are too frequently destroyed, though the cross-over rate can be 

anywhere from 0 to 100% since cross-over exchanges but does not destroy 'fit' genes. 

There must also be a mechanism to prevent illegal mutations such as ones that cause 

division by zero in the algorithm (Levin, 1995). As an example of system parameters, 

Srivastava et al. used a population size of 100, roulette-wheel selection, mutation 

probability of 0.2%, and a 60% cross-over rate to differentiate odours from a set of 

chemical sensor inputs (Srivastava et al., 1998). 
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A GA could be used to optimize any part of a neural network, for example the A N N link 

weights themselves. In this case chromosomes would be very long strings of bits 

representing all the network weights, and the fitness function would be the error in output 

of a neural network trained on the desired data using the weights from that chromosome. 

Weights accurate in odour discrimination have been derived faster and more reliably 

using this method than back-propagation (Srivastava et al., 1998). Here, we already had 

a highly efficient back-propagation algorithm to train our relatively small neural network, 

and instead used the  GA to provide a rational means of selecting the set of input variables 

that would produce optimal A N N results. We established an initial random population in 

which each chromosome was made up of binary genes valued at zero ("do not use this as 

an A N N input") or one ("use this as an A N N input") (Figure 2.19a). The "fitness" of 

each chromosome was the accuracy of a neural network that used the chosen input 

indices (Figure 2.19b). Some of the chromosomes from the population were "selected" to 

survive, partly based on their performance and partly based on random chance to 

maintain variation in the "gene pool" (Figure 2.19c), and reproduced accordingly (Figure 

2.19d). Fitness-evaluation, selection, and reproduction were repeated for many 

"generations," with (ideally) the population as a whole converging on the optimal 

chromosome defining the best set of A N N input indices. A final A N N was trained and 

tested using this set of indices to relate surface asymmetry to spinal deformity. 
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Figure 2.19: Genetic algorithm to select neural-network input indices. 

(1) The population was initialized by creating a set of "chromosomes" containing a "gene" for each 

available input index, randomly set to 0 ("do not use") or 1 ("ok to use"). (2) Fitness of each 

chromosome was the accuracy of Cobb angle estimation by an A N N using only the indices with 

genes of non-zero values for that chromosome. (3) A new population of the same size was created 

by selecting chromosomes as  i f spinning a roulette wheel, so that the chance of selecting a 

chromosome for the new population was proportional to that chromosome's fitness. (4) The selected 

chromosomes "reproduced" via mutation and crossover. (5) The algorithm repeated, starting a new 

"generation" with the updated population. Over time, the population "evolved" towards optimal 

fitness. 
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2.6. Statistical Methods 

Statistics were generated using Matlab (The Mathworks, Inc., Natick, M A  , v. 6.0), 

Microsoft Excel (Microsoft Inc., Tacoma, WA, Office 2000), or SPSS (SPSS Inc., 

Chicago, 111., v. 9.0). Throughout the dissertation, descriptive statistics were recorded as 

mean ± standard deviation (SD), and results were deemed statistically significant if the 

probability of their occurrence by chance was less than 5% (i.e., p<0.05). Pearson 

correlation coefficients between indices ("r" values) were computed and tested for 

significance using Fisher's Z transformation, and any "r" value quoted was statistically 

significant (p<0.05) or was marked "N.S." For comparison with other studies in the 

literature, the "r" value was quoted for comparisons between single variables, and both 

the "r" value and the "r" value (representing the proportion of variability in the data 

explained by linear correlation) were quoted when assessing multivariate model 

performance. When warranted, linear regression models to estimate output indices from 

multiple inputs were constructed in a stepwise logistic fashion (entry of an index on 

probability of F < 0.05, removal on probability of F > 0.10). In several cases, accuracy of 

a diagnostic test (real or hypothetical) was assessed by the common clinical approach of 

measuring its sensitivity (SN), specificity (SP), and positive and negative predictive 

values (PPV, NPV) (Table 2.1) (Guggenmoos-Holzmann and van Houwelingen, 2000). 

As an example of these concepts, consider a diagnostic test where a positive result was 

defined as a Cobb angle > 30°. A highly sensitive test would detect all patients with 

large Cobb angles; any that the test missed would be termed false negatives (FN). To be 

useful, the test would also have to be highly specific, meaning it would minimize false-

positive results (FP; patients the test estimated to have high Cobb angles who in fact had 

small Cobb angles). As a consequence of being both sensitive and specific, such a test 

would also have a high positive predictive value (nearly all patients who the test claimed 

had high Cobb angles really did) and high negative predictive value (if the test "cleared" 

a patient as not having a high Cobb angle, that was likely to be true as well). While SN 

and SP are generally thought to be characteristics of the test, PPV and NPV depend 
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additionally on the prevalence of the disease in the studied population (Guggenmoos-

Holzmann and van Houwelingen, 2000). 

Disease + Disease - Total 

Test + TP FP TP + FP 

Test- FN TN FN + TN 

Total TP + FN FP + TN Ai! 

Table 2.1: Sensitivity, specificity and predictive values. 

TP = "true positive",  TN = "true negative",  FN = "false negative", FP = "false positive." Sensitivity 

(SN) = TP / (TP + FN), specificity (SP) =  T N / (TN + FP), positive predictive value (PPV) = TP / 

(TP + FP), negative predictive value (NPV) =  T N / (TN + FN). Prevalence of disease = (Disease 

+)/(All) (Guggenmoos-Holzmann and van Houwelingen, 2000) 



C H A P T E R 3: INVESTIGATIVE STUDIES 



80 

3.1. Neural network estimation of rib rotation from 3D spinal deformity 

3.1.1. Introduction 

Scoliotic spinal deformity translates to surface asymmetry partly via the rib cage, with its 

incompletely understood mechanical properties (Closkey and Schultz, 1993; Stokes et al., 

1989). Since the ribs are attached to the thoracic vertebrae, rib and vertebral rotations are 

related (White and Panjabi, 1990a). This relation was very high in a finite element model 

of the rib cage (r=0.97) (Closkey and Schultz, 1993), however, the model may not have 

fully accounted for constraining effects within the torso acting to rotate or deform the 

ribs, as shown by the incorrect model prediction that the rib radius would be larger on the 

convex ("hump") side of a curve, when in reality the rib radius was smaller. The 

correlation between vertebral rotation and rib rotation in clinical studies was only 

moderate (r=0.54-0.63) (Aaro and Dahlborn, 1981b; Stokes, 1989). While rib elevation 

on one side of the torso was reliably related to vertebral rotation and Cobb angle, the 

opposing depression was not (Thulbourne and Gillespie, 1976). There was a moderate 

correlation between the Cobb angle and rib rotation (r=0.34-0.63) (Aaro and Dahlborn, 

1981b; Closkey and Schultz, 1993; Stokes, 1989), likely because ribs were forced to 

rotate and/or deform to remain attached to both the curved scoliotic spine and the 

sternum. While factors including vertebral rotation and the Cobb angle were known to 

influence rib rotation, the precise relation between rib rotation and spinal deformity in 

scoliosis was difficult to describe analytically and was thus appropriate for a first test of 

the utility of artificial neural networks (ANN's) in the study of scoliosis. Here, we 

determined whether a neural network could estimate rib rotation from indices of spinal 

deformity more accurately than linear regression. 

3.1.2. Specific Methods 

The study included thoracic curves in patients with right-thoracic-left-lumbar (RT-LL) or 

left-thoracic-right-thoracic-left-lumbar (LT-RT-LL) patterns, with Cobb angles 10-60°, 

and curve apices below T4. Curves were selected from stereo-radiographic spine and rib 

cage reconstructions in 215 consecutive clinic patients seen at Sainte-Justine Hospital in 
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Montreal, Canada, between 1992 and 1997. Because the Montreal centre used low-

radiation digital X-rays, they were able in most cases to acquire three X-rays of each 

patient (PA-0, PA-20 and lateral), with improved accuracy of reconstruction compared to 

our later studies in Calgary that were limited to two X-rays from an older X-ray projector 

(see section 2.2.1). No distinction was made between primary scoliotic curves and 

compensatory curves. Indices recorded for each spinal curve included the apex location, 

the computer-Cobb angle, the maximal values of vertebral axial rotation and posterior rib 

rotation within the curve, and the orientation of the plane of maximal deformity (section 

2.2.2). We had 57 curves that matched the above criteria in 35 patients (33 female), aged 

13.8±2.3 yr (range 7.6 - 18.1 yr). Fourteen (25%) of the curves were randomly selected 

to be the "test set" while the remaining 43 (75%) were defined as the "training set", such 

that there were no statistically significant differences between indices in the two sets 

(section 2.5.4). 

A custom three-layer back-propagation neural network was programmed in C++ to 

estimate rib rotation. To model the clinical decision-making process defining a curve as 

having a mild, moderate or severe rotation component, we predicted into which of seven 

categories the curve rib rotation would fall instead of predicting the rib rotation 

numerically. Centred on zero, categories were 7° wide, equal to the 99% confidence 

interval of rib-rotation measurement error (Labelle et al., 1995a). Categories were 

bounded by thresholds from -17.5° to 17.5° in 7° increments, with two categories 

representing extreme rotation (<-17.5° or >17.5°). 

The optimal set of A N N input indices was determined by trial-and-error using 5 A N N 

models, each including up to 3 of the available inputs (Table 3.1). Since we had a small 

data set, we added "noise" to help prevent the network from becoming stuck in local 

minima as it converged (Hertz et al., 1991a). In preliminary trials the use of a "noisy" 

data set had improved network predictive accuracy by up to 18%. To add noise the 

training set was duplicated four times, each time with the same desired output but with 
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input indices altered slightly to simulate a realistic range of measurement error for that 

index (up to ±3° for vertebral rotation and up to ±1° for the computer-Cobb angle, which 

had measurement errors of SD = 3° and SD = 0.6°, respectively (Labelle et al., 1995a), 

and up to 2° for the orientation of the plane of maximal curvature, which varied from 

0-180°). The training set was also duplicated a sixth time with the original values and 

presented to the network in reversed order to improve convergence (Dayhoff, 1990a), so 

that the full training set comprised 258 (6 * 43) patterns. 

A l l ANN's were trained using gradient descent with a variable learning rate and a small 

momentum term (section 2.5.3). These parameters were optimized by trial and error, and 

hidden layers ranging in size from two to twelve nodes were tested. ANN's were 

repeatedly exposed to the "training set" and then predicted rib rotation in the "test set." 

Successful predictions in the test set indicated that the A N N had learned generalizable 

rules relating spine and rib deformity that could be extrapolated beyond the training set. 

Correlations between vertebral rotation, the Cobb angle and rib rotation were noted. For 

each combination of input variables used in the neural-network models, multiple linear 

regression was used to generate the best-fit line to the training set, and the line was used 

to estimate rib rotation in the training set and test set. Predictions were transformed to 

the same seven-category format used by the neural networks, and the numbers of correct 

classifications by linear regression and neural-network analysis of the training set and test 

set were compared. We also compared the sensitivity, specificity and positive and 

negative predictive values (section 2.6) of the best A N N and linear regression models in a 

hypothetical test to diagnose a large rib rotation (positive result = magnitude of rib 

rotation >10.5°). 

This was our first A N N study, using a simple C++ training algorithm with noisy input 

data and categorical output. We later also assessed the performance and ease of use on 

the same data set of a Matlab neural network implementation that selected the highest-

performing of 10 trials using the Levenberg-Marquardt training algorithm with Bayesian 
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regularization, added no "noise" to the input, and predicted the rib rotation directly rather 

than in categories. 

3.1.3. Results 

Rib rotation correlated moderately to the Cobb angle (r = 0.66) and to vertebral rotation 

(r=0.75, rib rotation « 0.58 * vertebral rotation, Figure 3.1). The Cobb angle correlated 

moderately to vertebral rotation (r=0.58), while the non-directional magnitudes of these 

two indices correlated more strongly (r=0.67). These correlations were consistent with 

other reports, except for the correlation between vertebral rotation and the Cobb angle (r 

= 0.58 vs. r = 0.75-0.77) (Aaro and Dahlborn, 1981b; Closkey and Schultz, 1993; 

Matsumoto et a l , 1997; Stokes, 1989). This reduced correlation may have been because 

our selection criteria did not distinguish between primary scoliotic and secondary 

compensatory curves, in which vertebral rotation was often in opposite directions (White 

and Panjabi, 1990b). Thus, the correlation between the Cobb angle and vertebral rotation 

improved when absolute values of the indices were used (r=0.67 vs. r=0.58), and neural 

networks were occasionally correct in magnitude but incorrect in sign of rotation. 

The orientation of the plane of maximal curvature correlated strongly to the Cobb angle 

(r=0.92), a higher correlation than has been reported previously (r=0.71-0.80 (Stokes, 

1989; Stokes et al., 1987)), perhaps due to a recent technical change in the way this index 

was calculated (Aubin et al., 1999). Orientation of the plane of maximal curvature was a 

3D measure based on lateral and sagittal curvature of the spine that did not correlate 

closely to the rotation of individual vertebrae (r = N.S.) or ribs (r = 0.26), though its close 

correlation to the Cobb angle encouraged its possible future use as an index of scoliosis 

severity. 

Multiple regression analysis (Table 3.1) showed that addition of more input variables to 

models affected performance in small and not necessarily beneficial ways. The 
combination of apex location and vertebral rotation produced a slightly poorer correlation 
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to rib rotation (r = 0.71, Model C) than using vertebral rotation alone (Model  A, r = 0.75), 

while apex location did not contribute significantly to model C. Compared to model B, 

which used the Cobb angle and vertebral rotation as inputs (r = 0.75), adding apex 

location (model D) or the plane of maximal curvature (model E) had little effect (r = 

0.76-0.79). Apex location (a number from 1 to 18) was not expected to correlate linearly 

to rib rotation, and the orientation of the plane of maximum curvature may have added 

redundancy that impaired neural-network accuracy since it was so closely correlated to 

the Cobb angle in this small data set (r = 0.92). 

o 
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Figure 3.1: Maximal vertebral rotation vs. maximal rib rotation in 57 thoracic curves. 

Model r value Input variable Coefficient p value 

A 0.75 Vertebral rotation 0.581 0.000 

13 0.75 Cobb angle -0.096 0.018 

Vertebral rotation 0.425 0.000 

c 0.71 Apex location 0.145 0.390 

Vertebral rotation 0.634 0.000 

D 0.79 Apex location 0.422 0.017 

Cobb angle -0.146 0.001 

Vertebral rotation 0.500 0.000 

E 0.76 Plane of maximum curvature 0.020 0.010 

Cobb angle -0.131 0.030 

Vertebral rotation 0.321 0.074 

Table 3.1: Regression analysis results for five models estimating rib rotation from spinal deformity. 
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Neural network learning was most rapid when the learning rate was initially set to 0.3-

0.4. Use of a momentum coefficient of 0.2 usually improved A N N convergence, except 

for the single-input network (model A) that was most effective with a zero momentum 

coefficient, likely because the smoothing effect of a non-zero momentum term removed 

some of the already minimal input information available to that network. A l l networks 

converged (i.e., could not further reduce mean squared error) in 800-1,200 iterations, 

with final learning rates of -0.0001. Networks with up to 4 hidden nodes sometimes 

failed to converge, but with 5 or more nodes accuracy was consistent, likely since this 

gave sufficient degrees of freedom to fit the given complex non-linear relation. A hidden 

layer of 7 nodes was used as a compromise between accuracy and training time. 

In all models studied, neural networks predicted maximal rib rotation to lie within the 

correct 7° range more often than linear regression (54-65% vs. 30-44%, Table 3.2, Figure 

3.2). A l l neural network models outperformed their linear regression counterparts in the 

training set (averaging 61% and 33% respectively) and in the test set (57% vs 36%). The 

choice of input variables (models A-E) had less impact on predictive accuracy than the 

choice of method (regression or ANN). While accuracy of each model was broadly 

similar, different curves were correctly categorized by each. For example, a comparison 

of the performance of neural network models B and D (Figure 3.3) showed that of the 57 

curves studied, rib rotation was correctly categorized by both models in 24 (42%), by 

either model B or D in 20 (35%), and by neither model in 13 (23%). The most accurate 
• * 2 

A N N predictions (65% correct) and the highest multiple regression correlation (r=0.79, r 

= 0.62) were from model D while the most accurate linear regression predictions (44% 

correct) were from model E (r=0.76, r2 = 0.58). Thus, the model correlation coefficient, 

regression predictive accuracy and neural network predictive accuracy were not 

necessarily determined by the same factors. The clearest trend from the data was the 

superiority of neural networks to linear regression in predictive accuracy. 



Number (percent) of curve rib rotations classified within the correct 7° category 

by linear regression (LinReg) and artificial neural networks (ANN). 
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Model 

Training Set 

LinReg A N N 

Test Set 

LinRes A N N 

Total 

LinReg A N N 

13 (30%) 25 (58%) 4 (29%) 8 (57%) 17 (30%) 33 (58%) 

13 (30%) 24 (56%) A (29%) 7(50%) 17(30%) 31(54%) 

14 (33%) 27 (63%) 5 (36%) 9 (64%) 19 (33%) 36 (63%) 

13 (30%) 30 (70%J 
6 r«%; 7 (50%,) 19 rii%; 37 <65%> 

19 25 ( J S ? ^ 6 9 r<tt%> 25 (44%) 34 {60%; 

Average 14.4 (33%) 26.2 (61%) 5.0 (3<S%J 8.0 (57%) 19.4 f.W%> 34.2 (60%) 

Total Curves 43 43 14 14 57 57 

Table 3.2: Accuracy of neural network and linear regression estimation of rib rotation within the 

correct 7° range in 57 thoracic curves, for five models (A-E, Table 3.1). 
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Figure 3.2: Comparison of the number of correct predictions of the 7° category of rib rotation from 

spinal indices in 57 thoracic curves by neural networks and linear regression. 
The five models (A-E) had different combinations of input spinal indices (Table 3.1). 
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Figure 3.3: Curves with rotation correctly categorized by neural network models B and/or D 

In a simulated clinical test representative of all 5 models, the A N  N in model A was more 

sensitive at diagnosing rib rotation >10.5° than linear regression, particularly in the test 

set (SN = 71% vs. 29%), while maintaining similar specificity (SP = 86% for A N  N and 

regression). This test for large rib rotations also had higher positive and negative 

predictive values by A N  N than by regression (PPV = 0.83 vs. 0.67, N P  V = 0.75 vs. 0.55). 

While the A N  N was more accurate than linear regression, there was still substantial error 

in A N  N estimation of rib rotation, likely because the studied variables were only 

moderately correlated. For example, vertebral rotation of -3° was associated with rib 

rotation from +8° to -11° (Figure 3.1). The lack of complete network convergence 

suggested that rib rotation was affected by factors other than those used as network 

inputs. 

The choice to estimate rib rotations in categories rather than directly as a numeric value 

proved to be effective but cumbersome. Prediction of a single output value (the 

estimated rib rotation) was at least as effective and enabled more detailed and intuitive 

comparisons of results. Direct A N  N prediction of rib rotation using Matlab neural-

network algorithms and the inputs from Model D (Cobb angle, apex location, vertebral 

rotation) gave output that differed from the actual rib rotation by 0.3+5.4° (mean+SD) in 

the training set and 0.1±6.5° in the test set. Superior accuracy was again demonstrated by 
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the neural network, which estimated 86% of rib rotations correct to within 7° compared 

to 64% for linear regression. The correlation between the actual rib rotation and the 

A N N estimate of rib rotation was r=0.83  ( r = 0.69). 

3.2. Accuracy and reliability of torso surface modeling 

3.2.1. Introduction 

Accuracy and reliability of the 3D spine and rib cage reconstructions used have been well 

studied (Labelle et al., 1995a), but our surface modeling technique had not yet been 

similarly assessed. Before we could correlate surface asymmetry to spinal deformity, we 

needed to validate that each stage of processing that transformed raw torso surface data 

into indices of torso asymmetry was reasonably accurate and reliable. 

3.2.2. Scan system accuracy on test objects 

We assessed accuracy of the 3D torso scan system and compared it to accuracy of 3D  X -

ray reconstructions via repeated scan and X-ray tests on objects including a wooden 

block, a plastic cylinder and a department-store mannequin. The first test assessed the 

repeatability of scan and X-ray acquisition using a 22 cm x 22 cm x 37.5 cm wooden 

block (Tardif et al., 2000b). The block was scanned and X-rayed by the usual apparatus 

(section 2.3.1) in four different positions. In each position, the central portion of the 

block was scanned in 10 horizontal cross-sections, each 10 mm apart. Distances between 

the points located on each corner and each mid-side were calculated (a total of 8 

distances), and the differences between these distances in the four available scans were 

recorded. The same distances were also recorded from stereo-radiographic 

reconstructions (section 2.2) of the block in each position. This gave 8 measured 

distances in each of 10 cross-sections for 4 positions of the block, by surface-topographic 

and X-ray methods. The difference in distances between scans (averaged across all 8 

measurements) was 1.8±0.9 mm (averaging 0.8% of the measured distances) for surface 

topography compared to 2.8±1.5 mm (1.3%) for stereo-radiography, while the greatest 

difference between measurements of a single distance in the four positions was 2.8±0.7 
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mm (1.3%) for surface topography and 4.2±2.6 mm (1.9%) for stereo-radiography. Thus, 

surface topographic scanning of a rectangular block was 1/3 more reliable than X-ray 

reconstruction, and the inter-scan variability by both methods in distances measured on 

the block in four different positions was <6 mm (95% C.I.). 

The second test evaluated the combined accuracy of surface reconstruction and marker 

location on a simple cylindrical object (Tardif et al., 2000a). Thirty-one circular black 

markers 10 mm in diameter were placed in a regular pattern on a white plastic cylinder 22 

cm in diameter with a height of 56 cm. Marker locations were measured precisely 

(±0.001 mm) in 3D by a coordinate measuring machine (CMM), and the test object was 

scanned 3 times in each of 3 different positions (a total of 9 scans). In each position, 

markers were located and labeled on surface scans by the "circle-fit" method (section 

2.3.4). The difference between each distance measured by C M M and calculated from 

surface scan was recorded for each of the nine scans. Error between torso-scan and 

C M M measurements of distances between markers averaged 4.2+1.7 mm across all nine 

scans, an error which was consistent in each scan (mean error between 3.9 and 4.4 mm) 

(Tardif et al., 2000a). This error was less than the 5.6±4.5 mm error in 3D reconstruction 

of marked coordinates by the PA-O/PA-20 X-ray technique we adopted (Labelle et al., 

1995a), confirming that for a simple geometric object our surface reconstruction 

technique generated marker locations that were accurate in each scan and consistent 

between scans. 

The third test assessed reliability of surface marker location on a more complex object, a 

life-size department-store mannequin (head and torso only, arms cut below the shoulders 

and legs truncated at mid-thigh). As with our clinic patients, black markers 30 mm in 

diameter were placed at appropriate locations (approximating C7, PSIS left and right, and 

sternum top and bottom). The mannequin was scanned 3 times in different positions and 

markers were located as usual by the "circle-fit" method, averaging coordinates in areas 

of camera overlap (section 2.3.4). As in the second test, distances between each pair of 
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markers were recorded for each scan. Inter-scan differences in 10 distances between 5 

markers (mean distances: 74 to 420 mm) ranged from 1.0 to 7.6 mm (0.2-2.7% with one 

outlier at 5.1%), with a median value of 2.7 mm (1.0%). There was no particular 

direction or pair of markers with consistently increased error compared to the rest. This 

inter-scan repeatability was similar to that of another four-camera torso scan system in 

Lyon, France, which was reliable within ±0.6% for measured distances on simple shapes 

and <1% on plaster torso casts (Sciandra et al., 1995). 

To summarize these tests, torso scan system inter-scan variability averaged 0.8-1.3% (<5 

mm) for the dimensions of a simple rectangular block (test 1) and 1.0% (<8 mm) for 

distances between markers on a mannequin (test 3), while the scanner was accurate 

within 8 mm (95% C.I.) on distances between markers located on a cylinder (test 2). 

Accuracy and reliability were comparable to or better than the stereo-radiographic 

technique employed as well as a competing torso scan system. Errors appeared to be 

related to scanner measuring inaccuracy (~1 mm, section 2.3.1), rectification and 

registration (section 2.3.2) and marker location (overlap-zone location averaging and 

wide vertical row spacing; section 2.3.4). 

3.2.3. Errors in marker location on human subjects 

Since human subjects had more complex shapes than inanimate objects and could move 

during scanning, we also tested scan system accuracy and reliability on humans. We 

assessed inter-scan reliability by measuring distances between markers on 2 scans of each 

of 3 randomly selected patients. Inter-scan differences in 10 distances between 5 markers 

(mean distances: 96-393 mm) were 2.8-9.6 mm (1.0-3.3% except for the distance 

between left and right PSIS markers, which varied by 6.3% or 6.5 mm), with a median 

value of 5.3 mm (2.1%). This error was twice the inter-scan error on the mannequin (2.7 

mm, 1.0%), likely due to subject motion. To assess motion during each scan, five normal 

subjects (aged 25-31 yr) stood in the positioning frame for 30 s each while tracked by a 

video motion analysis system (Poncet et al., 2000b). When instructed to hold their breath 
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as in the clinical protocol, patients moved an average of 1.4±0.7 mm, while if they were 

allowed to breathe normally, motion averaged 2.7±1.8 mm. These estimates were 

conservative as each scan actually took only 15 s. To assess motion in the time between 

scans (1-5 min), we measured the change in position of 7 markers on 2 successive scans 

acquired as part of the routine protocol for each of 3 randomly selected patients. Each 

patient changed position slightly, with most movement limited to the horizontal plane. 

The average 3D change in position of all markers was 5.9 mm for patient #1, 10.1 mm for 

patient #2, and 15.8 mm for patient #3. Average vertical (y*) excursion of markers was 

<1.5 mm in all patients. As the torso did not move as a rigid body, individual markers 

moved by different amounts. For example, the C7 marker moved an average of 8.3 mm 

between scans in the 3 patients while the lower-rib markers moved an average of 13.0 

mm, an increased movement likely caused by rib cage movements during breathing. 

Overall, patient motion was slight (<20 mm) in the 3-5 min interval between scans. 

Since the clinical protocol alternated scan-X-ray-scan (section 2.1), the motion between 

scan and X-ray that might affect superposition of data was likely to be less than or equal 

to the motion between scans. 

Torso scan accuracy was affected by misalignment of data from adjacent scanners, 

visible when data from two scanners overlapped. In all data collected, when a marker 

was visible in two scanners we calculated the difference in the two estimates of its 3D 

position. These differences averaged 8.9+3.8 mm in the first five data collections (May, 

1998 - May, 2000), mostly in the lateral (z*) direction (mean 8.4 mm) as the antero

posterior (x*) and vertical (y*) coordinates were much more reliably located (mean 

variation 2.3 and 3.5 mm respectively (Table 3.3). By visual inspection most estimated 

marker locations lay near the true centre of the hole in the cloud of data from each 

scanner. Since scanner accuracy varied with distance from the scanner (section 2.3.1), 

and markers were often located near the edge of the cloud of points detected by each 

scanner, errors in these fringe zones were sometimes significant, particularly in the lateral 

direction. It is possible that the 9 mm mean lateral offset of the markers may have been 
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due to error in BIRIS scanner distance measurement while the 3 mm standard deviation 

of the difference between marker locations may have been related to errors in hole-fitting 

caused by the low scan system vertical resolution (6.7 mm). We also noted a disturbing 

trend. While intra-scan variation in marker location was essentially constant between 

May, 1998 and May, 2000 (mean variation = 8.9 mm), variation increased substantially 

in November, 2000 (14.0 mm) and May, 2001 (16.3 mm). This increase in variation, 

observed in all markers, was limited to the horizontal plane, for example being due to an 

increase in error in the lateral direction for the PSIS-left marker (Figure 3.4). While the 

BIRIS laser scanners have been repeatedly re-calibrated and appear to function properly, 

the increase in variability is likely due to age and wear on the 1980's-era equipment, 

encouraging the purchase of new equipment as funds become available. Fortunately, 

variability in marker location computed as an average of the two estimated locations was 

less than the individual estimates, and for our purposes the most critical coordinates (for 

vertebral level estimation) were the vertical locations of the C7 and PSIS markers, which 

were accurate to <4 mm in all scans including the November, 2000 and May, 2001 data 

collections. As well, the effect of errors in measurement tended to be absorbed by A N N 

training, as long as they remained consistent. Still, any increase in scan system error 

reduced confidence in the location of each individual point on the patient's torso. 

Difference between location estimated by two scanners (mm) 

Marker label n Mean (3D) SD (3D) Mean (X*) Mean (Y*) Mean(Z*) 

PSIS - Left 25 8.0 3.7 1.8 3.3 •5.1 
PSIS - Right 94 12.0 4.2 2.: 3.3 10.8 
C7 88 11.1 4.2 3.C 3.9 8.3 
Sternum-Top 105 7.2 3.3 n.c. n.c. n.c. 
Sternum-Bottom 105 6.4 3.3 n.c. n.c. n.c. 

Average 8.9 3.3 2.2 3.5 3.4 

Table 3.3: Variation in estimated marker location when visible in two scanners. 

Data was from the first five data collections (n = 127, May, 1998 - May, 2000). "n" = number of 

records in which marker was visible in two scanners. Mean & SD (3D) refer to the difference in 3D 

location between the two available estimates of marker location. Mean differences in location were 

also recorded by direction (X* = antero-posterior,  Y * = vertical,  Z* = lateral), n.c. = not calculated. 
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Data collection 

Figure 3.4: Increase in inter-camera marker location error with time. 

"Error" = difference in mm between estimated locations of the same marker from two scanners in 

overlap zones. " A l l markers 3D" = average 3D error in location for all available markers that were 

visible in two scans. PSIS-L = left posterior superior iliac spine marker. The increase in error in 

PSIS-L marker location was due to increased errors in the lateral coordinate ( Z * ) , while vertical and 

antero-posterior (AP) locations remained consistent. 

Overall, the torso scan system was at least as accurate (~5 mm) and reliable between 

scans (1-2% variation) as the 3D X-ray reconstruction technique available and other 

similar torso scanners, subject motion during our scan-X-ray protocol was minimal (<2 

mm during each scan, <20 mm between scans), and inter-scanner misalignment was -10 

mm (Table 3.4). 
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Parameter Value 

Accuracy 
3-D X-ray of landmarks on humans 
Surface scan of markers on cylinder 

5.6+4.5 mm 
4.2±1.7 mm 

Inter-scan variability in measured distances 
3-D X-ray of block 
Surface scan of block 
Surface scans of markers on mannequin 
Surface scans of humans 

2.8±1.5mm (1.3%) 
1.8+0.9 mm (0.8%) 
median 2.7 mm (1.0%) 
median 5.3 mm (2.1%) 

Subject motion 
Motion during 30 s scan 
Motion between scans (1-3 min) 

1.4+0.7 mm 
<20 mm (3D), <1.5 mm (vertical) 

Inter-scanner misalignment 
May, 1998 - May, 2000 
November, 2001 

8.9±3.8 mm (3D), 3.5±2.2 mm (vertical) 
16.6+3.7 mm (3D), 3.6+1.7 mm (vertical) 

Table 3.4: Overview of torso scan system accuracy and reliability, based on several studies using 

test objects, healthy subjects and scoliosis patients. 

3.2.4. Accuracy of vertebral level estimation 

We tested our method of estimation of spinal length and vertebral levels from the C7 and 

PSIS marker locations (section 2.3.6) using a set of 65 scans (mean Cobb angle 33±13°, 

range: 11-58°) from 40 patients in the first three data collections (May, 1998 - May, 

1999). Each scan/X-ray pair was included as an independent data unit, since due to 

patient position, marker placement, and patient growth, each scan represented a unique 

correlation between spinal and surface locations (see Table 3.7). Spinal length, i.e., the 

vertical distance between the centre of the vertebral bodies of  T l and L5, averaged 

352.4±36.7 mm. The estimate of T1-L5 spinal length from surface markers correlated 

closely to the actual length (r = 0.89), differing by 6.1+17.0 mm (1.7±4.7%), which was 

not a statistically significant difference (p>0.05, 1-p = 0.83). When the estimated spinal 

length was set to equal the actual spinal length, the estimated relative spacing of 

vertebrae was extremely accurate, with average error of just 0.5±4.3 mm. Given that the 

patients studied had substantial scoliotic curves (Cobb angles up to 58°) while the 

morphologic data available was from normal adults, it appeared that changes in vertebral 
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position and morphology (e.g., wedging) in scoliosis had little effect on relative vertebral 

vertical levels. The error in surface estimation of spinal location was more likely related 

to accuracy of the marker-location algorithm (~5 mm, section 3.2.3) and to inconsistent 

placement of the vertebra prominens marker at either C7 or T l , since both could be 

prominent (Turner-Smith et al., 1988). Based on the estimated spinal length and relative 

vertebral spacing, each individual vertebral level was accurately located to within +13 

mm (95% CI), and estimated locations were accurate to within ±1 vertebral level at least 

95% of the time. 

3.2.5. Variation in reference axis definition 

We defined the body coordinate system in a relatively posture-independent way by 

placing the lateral (z*) axis along the orientation of the sacrum as defined by the line 

joining left and right PSIS skin markers (section 2.3.7). The observed errors in PSIS 

marker location (section 3.2.3) were expected to give an error of 2.5° in the orientation of 

the PSIS-based axes (based on a "worst-case" scenario applying the average antero

posterior marker location error in opposite directions at the left and right PSIS markers). 

We investigated whether a set of reference axes based on the principal axes (PAX) of one 

or several torso cross-sections was an appropriate substitute for the PSIS-based axes, and 

the degree to which indices of torso asymmetry were susceptible to changes in the 

reference axis system. In the same set of 65 scans studied previously (section 3.2.4), 

average P A X orientation gave a minimal (i.e., optimal) difference between PSIS-based 

and PAX-based reference axis orientations of 4.1+2.5° when calculated between L2-L5. 

When calculated using PSIS-based and PAX-based reference axes, mean values of torso 

asymmetry indices such as centroid lateral deviation and the range of P A X rotation 

differed by <3% while coefficients of surface-spine correlation (e.g., between centroid 

lateral deviation and the Cobb angle) differed by <2%. Thus, PAX-based reference axes 

were a valid substitute for PSIS-based axes if the PSIS marker locations were 

unobtainable, and key surface asymmetry indices were relatively insensitive to changes in 

reference axis orientation of up to 9° (95% CI). 



9 6 

3.2.6. Reliability of surface-asymmetry indices 

Indices of torso asymmetry were affected by every stage of the surface reconstruction 

process including contour smoothing, and varied between scans taken even a few minutes 

apart. As expected, smoothing of the cross-section outline had only a small effect on 

asymmetry indices computed using averages of all pixel locations in each cross section. 

In raw and smoothed contours from T1-L5 in 5 randomly-selected patients, centroid 

locations varied by <0.2 mm and P A X orientations varied by <0.1°. Back surface 

rotation (BSR) was expected to be more sensitive to contour smoothing since it was 

computed from specific surface points (section 2.4.5), but when the smoothing tolerance 

was changed dramatically (from 8 mm2 to 20 mm2) in three randomly-selected patients, 

maximal and minimal values of BSR changed by an average of just 0.3°. Indices of torso 

asymmetry were thus resistant to changes in contour smoothing. 

Torso asymmetry indices varied between scans because of variation in surface 

reconstruction and changes in subject posture. Likely because most indices included 

averaging of many torso surface data points, inter-scan variability in index values 

measured on 3 scans of a mannequin in different positions was relatively small (e.g., 0.5 

mm (0.1%) for T1-L5 spinal length, 2° for the torso-Cobb angle, 3 mm for centroid 

lateral deviation, and 1° for the range of P A X rotation). This variability was higher for 

human subjects. Inter-scan variability for key indices of torso asymmetry between 2 

scans taken within 5 minutes of each other during the normal scan-X-ray protocol 

(section 2.1) for each of 3 patients was 8-12% of the average index range (e.g., the range 

of BSR varied by 1.8° compared to its mean value of 14.7°, for P A X rotation 1.8 / 16.0°, 

and for centroid lateral deviation 1.1 / 12.4 mm). Variability of BSR was less than the 8-

10° range of variation in BSR measured in 4 scans by the Quantec system (Goldberg et 

al., 2001a).  An exception to the -10% inter-scan variability of indices was lateral 

deviation of the visually-estimated spinous process line, which varied by 49% of the 

index range (9.4/19.2 mm). 
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The extrema and range of indices of torso asymmetry were computed from the line 

plotting change of raw index values against vertical location. We could have measured 

indices from a Fourier-smoothed approximation of this line (as in Figure 2.10), but the 

smoothing was not done since it had little effect on the resulting indices. For example, 

measurement of the range of P A X rotation using the raw curve or the Fourier-smoothed 

curve in 127 scan/X-ray pairs (the first 5 data collections, May, 1998 - May, 2000) gave 

values that correlated to each other with r = 0.99 and differed in correlation to the Cobb 

angle by just 1.2%. 

3.3. Correlation of torso asymmetry indices to the Cobb angle 

3.3.1. Introduction 

Once the techniques of torso surface reconstruction and index generation were validated, 

we studied correlations of torso asymmetry indices to each other and to scoliosis severity 

as measured by the Cobb angle. We then used linear regression to estimate the Cobb 

angle from a group of these indices, establishing a baseline level of accuracy that any 

neural network would have to meet at minimum. We assessed the entire heterogeneous 

group of patients as well as clinically different subgroups, hypothesizing that the indices 

best related to the Cobb angle and the accuracy of Cobb angle estimation from these 

indices would vary by subgroup. 

3.3.2. Specific Methods 

From the first five data collections (May, 1998 - May, 2000) we had 48 patients who had 

not undergone spinal fusion surgery (38 female, 6 with congenital scoliosis, aged 

13.1±2.8 yr (range 8.2-18.6 yr), mean Cobb angle 34.6 ± 14.0° (range: 10 - 71°)). Since 

patient age, curve severity and posture varied at each semi-annual visit, there was reason 

to consider each scan-X-ray pair unique, which would give 115 data units (an average of 

2.4 scans per patient), a sufficiently large data set for division into subgroups. While any 

available surface-spine data set would be useful for training the A N N whether 
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independent of other data sets or not, we empirically tested the assumption that each scan 

could be considered independent for linear regression modeling by comparing 

correlations using only the first scan-X-ray pair obtained from each patient (n = 48) to 

correlations using all 115 scans. We analyzed the group as a whole as well as subgroups 

separated based on whether they had undergone brace treatment by the time of scan (63 

records in 25 patients) or not (52 records in 23 patients), and based on age, curve 

severity, and direction of primary curve (rightward, 91 records in 38 patients; leftward, 

24 records in 10 patients). 

Indices were recorded as previously described from the clinical chart (section 2.1) and 

from torso cross-sectional asymmetry (section 2.4). From the several dozen asymmetry 

measures available, more than 250 single-number indices were obtained and the zone in 

which to compute each index for optimal correlation to the Cobb angle was computed 

(e.g., the range of centroid lateral deviation was best computed between T7-L4; section 

0). A giant correlation matrix relating the optimized input indices to each other was 

generated. For pairs or groups of indices that correlated highly to each other (r > 0.85), in 

most cases only the index best correlated to the Cobb angle was retained. The Cobb 

angle was estimated by linear regression with stepwise entry of each remaining input 

index (section 2.6). Model performance was evaluated by calculating the correlation and 

differences between the estimated and actual Cobb angles. 

3.3.3. Results - Index Evaluation 

The 47 indices remaining after removal of redundant indices represented many facets of 

the torso deformity as well as clinical descriptors (Table 3.5). Clinical indices including 

age, BMI, bracing status, diagnosis and patient height did not correlate well linearly to 

the Cobb angle, but were useful to divide patients into subgroups. While age related well 

to the Cobb angle in patients who remained unbraced (r = 0.71), it was not significantly 

related to the Cobb angle in braced patients. Though this cross-sectional Study could not 
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be used to evaluate cause and effect, this was consistent with the idea that brace treatment 

was interfering with the normal progression of scoliosis curvature. 
V t o 

Zone unit Cobb Description 

Clinical indices 
agt 0 30 Age at time of scan 
BMI body mass index (kg/m*) 
bracedyet 3 51 ever braced by time of scan? (0 = no. 1 = yes) 
diagnosis category idiopathic scoliosis (1 = adolescent. 2 = juvenile) or 3 = other scoliosis (e.g.. congenital) 
height C.T 0.31 patient height at time of scan 
sex 0 - female, 1 • male 

Centroid line indices 
vertical torso height T1-L5 mm estimated T1-L5 distance based on C7 and PSIS skin markers 
AP centroid-line imbalance T1-L5 rr.n AP torso centroid imbalance (positive when L5 is further forward than T1) 
lateral centroid-line imbalance T1-L5 mrr lateral torso centroid imbalance (positive when L5 is further rightward than T1) 
max. centroid lateral deviation T9-L3 rrrr 0.51 max. rightward lateral deviation of torso centroid line from line joining zone endpoints 
range of centroid lateral deviation T7-14 mrr 0 "5 range of lateral deviation of torso centroid line 

Principal axis (PAX) indices 
max. PAX rotalion T9-L4 (') 0.59 max. magnitude of PAX rotation m torso zone 
max. positive PAX rotalion T11-L4 0.40 most positive (counter-clockwise from above) PAX rotation 
range of PAX T12-L5 n 0.77 range (max-min) of PAX rotation 
max. Cobb angle of curve of PAX rotation T8-T12 n 070 magnitude of Cobb angle of largest curve of the line of PAX rotations that best fit the specified zone 
max. rightward Cobb angle of PAX rotation T3-L2 c) 0 67 Cobb angle of largest rightward curve of the line of PAX rotations in the specified zone; if none, zero 
minimum eccentricity T8-L5 minimum eccentricity (0 = circle, 1 = flat ellipse) of a torso cross-section 

Back surface rotation (BSR) indices 
rib hump range 
max. back surface rotation 
range of BSR 
max. PAX-8SR difference 
range of PAX-BSR difference 

Envelope & aspect ratio indices 
range of angle of widest shadow 
range of AP barrel-chest asymmetry 
range of aspect-ratio asymmetry 
range of envelope asymmetry 
envelope area imbalance 
range of lateral width difference. BSR 

T10-S1 mm 
T5-T12 (') 
T3-L3 (•) 

T11-L3 (") 
T11-LS n 

T8-L4 
L2-S1 
T7-L2 
L2-L5 

T12-L4 
T7-L1 

0.75 range of difference in distances between L and R dual-tangent points to PAX reference axis 
0.45 max. magnitude of BSR in torso zone 
0.55 range (max-min) of BSR 
0.62 magnitude of largest difference between P.AX and BSR rotations for a section in torso zone 
0.65 range of differences between PAX and BSR rotations for sections in torso zone 

range of angle of view (measured from Z* axis) from which the widest shadow was cast from each torso contour 
range of L-R difference in AP torso dimension, measured along PAX 
range of difference in aspect ratio (lateral/AP dimension) of L and R halves, cut along PAX 
range of difference in torso width L and R of centroid 
difference in areas left and right of the centroid line by AP projection 
range of L-R difference in lateral width of half-areas cut along BSR 

Half-area indices (0th-, 1st-, 2nd-moment) 
max. half-area difference T7-S1 ... 0.66 
volume-asymmetry, PAX up to T9 ... 0.58 
half-centroid X-moment range, BSR-BSR L1-L5 ... 0.63 
half-centroid X-moment range. PAX-BSR T4-L5 ... 0.72 
half-centroid X-moment range, PAX-PAX T10-S1 ... 0.74 
half-centroid X-moment range, VERT-VERT T11-S1 ... 0.78 
half-centroid X-moment range, VERT-VERT T12-L4 ... 0.77 
haif-centroid X-moment range. VERT-PAX T3-S1 ... 0.69 
max. lateral squish difference. VERT T7-S1 ... 0.66 
max. lateral squish difference. BSR T10-S1 ... 0.59 
max. 2nd-moment aspect ratio difference, PAX T9-L4 ... 0.71 
Cobb angle of curve of lateral squish, PAX T11-S1 (*) 0.65 
range of AP squish. PAX L2-S1 ... 0.72 

max. L-R difference in cross-section half-areas (cut along PAX) 
L-R volume asymmetry as a fraction of total torso volume, for half-areas cut by PAX 
range of "x-moment" (AP L-R difference in half-centroid location) for haif-areas cut along BSR, measured along BSR 
range of "x-moment" (AP L-R difference in half-centroid location) for half-areas cut along PAX, measured along BSR 
range of "x-moment" (AP L-R difference in half-centroid location) for naif-areas cut along PAX, measured along PAX 
range of "x-moment" (AP L-R difference in half-centroid location) for half-areas cut along global X*, measured along X7Z* 
range of "x-moment" (AP L-R difference in half-centroid location) for half-areas cut along global X*, measured along X72* 
range of "x-moment" (AP L-R difference in half-centroid location) for haif-areas cut along global X*. measured along PAX 
max. L-R difference in 2nd-moment "lateral squish" (Ixx) between half-areas cut by VERT 
max. L-R difference in 2nd-moment "lateral squish* (Ixx) between half-areas cut by BSR 
max. L-R difference in 2nd-moment aspect ratio (Ixx/lzzj between half-areas cut by PAX 
CoDb angle of largest curve of the line of laterai-squish (Ixx) asymmetry (computed from half-areas cut by PAX) 
range of L-R difference in 2nd-moment "AP squish" (Izz) between halves calculated by PAX 

Quarter-area indices 
range of quarter-area differences. VERT T12-L5 
range of quarter-area differences, PAX T9-S1 
range of rear-PAX rotation, PAX T8-L5 
quarter-volume asymmetry, VERT up to T4 

0.30 range of L-R differences in rear quarter-areas, cut along X7Z" axes 
0.64 range of L-R differences in rear quarter-areas, cut along PAX axes 
0.68 range of PAX rotation for the rear half of the torso (defined by a cut along cross-section PAX axes) 
0.57 L-R rear volume asymmetry as a fraction of total rear volume, for quarter-areas cut along X'/ZV up to T4 

Spinous process line indices 
spinous process line lateral deviation range T12-L4 mm 
Cobb angle of curve of spinous process line T10-L2 (") 

0.30 range of spinous process line lateral deviation 
0.54 magnitude of Cpbb angle of largest curve of the spinous process line that best fit the specified zone 

Notes: L = left. R = right. AP = antero-postenor, PAX = principal axes. BSR = back surface rotation. VERT = global axes, Cobb angle = angle of curvature of line computed by computer-Cobb method, 

... = not applicable or not significant (p > 0.05) or dimensionless (generally due to normalization by division by mean value) 

Table 3.5: Indices (47) defining torso asymmetry and clinical parameters related to spinal deformity. 

Correlations to the Cobb angle were assessed in the first scan of each of 48 patients. 
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Figure 3.5: Torso asymmetry and spinal deformity in a typical patient. 

This braced girl (age 13 yr) with a 58° right thoracic curve (apex T9) and 39° left lumbar curve 

(apex L2). (a) Vertebral rotation opposed vertebral lateral deviation, resulting in a relatively straight 

spinous process line, (b) Other torso indices plotted on the same scale showed relatively subtle 

asymmetry compared to spinal deformity. BSR = back surface rotation, P A X = principal axis. 

Figure 3.6: Relation between P A X rotation and BSR in the patient of Figure 3.5. 

Note the difference between P A X rotation and BSR, especially near L I . 
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Torso asymmetry was relatively mild even in patients with substantial spinal curvature. 

This may have been partly because vertebral rotation tended to oppose spinal lateral 

deviation, as others have noted (Herzenberg et al., 1990), reducing the "net" surface 

asymmetry (Figure 3.5). Despite this, several indices predicted the Cobb angle with r 

w 0.75-0.8 (Table 3.5), including the ranges of centroid lateral deviation, principal axis 

rotation ("paxrotrange") and rib hump, the left-right difference in half-centroid AP 

locations ("halfcenAPrange"), and the range of left-right differences in rear quarter-areas 

("quarterareadiffrange"). These indices correlated moderately to one another (r = 0.32-

0.63), with one set of exceptions: "quarterareadiffrange" and "halfcenAPrange" correlated 

highly to "paxrotrange" (r = 0.88 and 0.91). These three indices were measures of left-

right area asymmetry by 0t h, 1st and  2 n d moments respectively, and were likely similar 

because the torso cross-sections in the mostly slender, young patients tested were fairly 

circular. Differences in sensitivity to asymmetry between 1st and  2 n d moments of area 

would have been more obvious as cross-sections deviated further from circularity. 

Contraction of the few extremely-circular lumbar cross-sections (section 2.4.4) improved 

correlation between P A X rotation and the Cobb angle by 5%. 

Among indices derived from the torso centroid line, the best correlation to the Cobb 

angle was for the range of lateral deviation below T7 (r = 0.75). This was likely because 

above T7 the centroid location was affected by slight differences in position of the 

patient's outstretched arms despite our best efforts to remove the arms symmetrically 

(section 2.3.9). The best index related to principal axis (PAX) rotation was the range of 

lumbar P A X rotation (T12-L5; r = 0.77). Thoracic torso rotation correlated less well to 

the Cobb angle, likely because due to the anatomy of intervertebral joints, physiologic 

postural changes in trunk rotation occurred mostly in the thoracic region, while rotation 

in the lumbar region was more likely to be abnormal and related to the scoliotic 

deformity (section 1.1.2). The range of P A X rotation was better related to spinal 

deformity than the maximal value of P A X rotation (r = 0.77 vs. r = 0.40), probably 
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because the range of rotation was less affected by changes in patient posture than the 

extreme values. 

Back surface asymmetry was more usefully measured by the rib hump size (r = 0.75 to 

Cobb angle) than by the angle of back surface rotation (BSR; r = 0.55 to Cobb angle). 

The relation between BSR and P A X rotation was complex (Figure 3.6). The two 

rotations were only moderately correlated to each other (r = 0.51), and a large maximal 

difference between BSR and P A X rotation predicted a more severe underlying scoliosis 

(r = 0.65 to Cobb angle), though BSR and P A X rotation were often identical in certain 

torso zones (e.g., near T9 in Figure 3.6). 

BSR and P A X rotation were important both as indices of deformity in themselves and as 

reference lines for cutting sections into half-areas. Of the reference axes available for 

this cut (VERT, P A X , BSR; section 2.3.7), half-areas cut along the P A X axes generally 

gave the most visually appropriate half-areas and optimal index correlations to the Cobb 

angle. This may be because a cut along the P A X axes was the best means of 

distinguishing between en bloc rotation of the entire trunk and the intrinsic deformity of 

the individual cross-section at a given level. For example, at T9 in Figure 3.6, a cut into 

half-areas along a vertical line or plane through the centroid would produce asymmetric 

half-areas due mostly to en bloc rotation, while a cut along an axis perpendicular to the 

P A X rotation would more appropriately produce near-symmetric half-areas. 

While indices describing the differences between dimensions of the left and right halves 

of cross-sections ("envelope indices") did not generally correlate well to the Cobb angle, 

an effective "envelope index" was variation in the lower-lumbar antero-posterior 

dimension (L2-S1; r = 0.75 to the Cobb angle), perhaps because while abdominal organs 

such as the liver produced asymmetric protuberances in many patients, below L2 the 

abdomen contained more symmetric organs such as the intestines, bladder, and pelvis. 

Calculation of asymmetry from the rear quarter-sections gave only a slight advantage 
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compared to use of half-areas (r = 0.80 for correlation of range of quarter-area differences 

to the Cobb angle vs. r = 0.78 for range of antero-posterior difference in half-centroid 

location), suggesting that non-spine-related anterior asymmetry had little effect on the 

calculated indices. For example, unequal breast development, while common, affected 

mainly mid-thoracic cross-sections while most indices of asymmetry were computed 

primarily in the lumbar region. 

When attempting to locate the spinous process line visually, we found that the spinous 

processes often did not make a visible indentation or bump at each vertical level while 

other misleading "dips" and "bumps" (e.g., due to asymmetric scapular "winging") were 

often present. With these problems, our visual method gave high inter-scan variability 

(section 3.2.6) and poorer correlations to the Cobb angle (r = 0.30-0.54, Table 3.5) than 

others have found using palpation and marker placement to locate spinous processes (r = 

0.66-0.94, section 1.4.3). It is suggested to update the scan protocol to include marking 

of palpated spinous processes in future. 

Surface-spine correlations differed in braced and unbraced patients (Table 3.6). The 

Cobb angle in unbraced patients was most related to patient age (r = 0.71), rib hump (r = 

0.83) and the range of left-right difference in antero-posterior torso width (dAP in Figure 

2.14; r = 0.86), while the range of torso centroid lateral deviation was a better predictor of 

the Cobb angle in braced patients (r = 0.78) than unbraced patients (r = 0.53). 

The assumption that each scan-X-ray pair was an independent data unit for purposes of 

linear regression modeling appeared empirically reasonable since this changed surface-

spine correlations by at most 5% compared to the use of only the first record from each 

patient (Table 3.7). We thus had a sufficiently large data set (n = 115) to detect 

differences between subgroups of patients based on age and curve severity. For example, 

the range of half-centroid AP asymmetry (T l l -S l ) related to the Cobb angle in young 

patients with severe curves (age < 13 yr, Cobb angle > 30°, n = 21 scans) with r = 0.89, 
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but in patients older than 13 with mild curves less than 30° (n = 18 scans), the correlation 

did not even reach significance (p>0.05). In the latter group, the highest correlation to 

the Cobb angle was for centroid lateral deviation (r = 0.67). 

Group All Braced Unbraced 

n patients 48 25 23 
Cobb angle (mean ± SD; °) 30.6±15.1 37.8±14.8 22.7±11.2 

"r" to Cobb angle: age 0.30 0.71 
range of left-right differences in quarter-areas, T12-L5 0.80 0.77 0.78 
range of rib hump (mm), T10-S1 0.75 0.67 0.83 
range of torso centroid lateral deviation, T7-L4 0.75 0.78 0.53 

"r" estimated vs. actual Cobb angle: 
global regression model:* 0.91 0.91 0.84 
local regression model:* 0.91 0.95 0.94 

S.E. of Cobb angle estimation ("): 
global regression model:* 6.1 6.1 6 2 
local regression model:* 6.1 4.5 3 7 

* Global regression model generated using data from all 48 patients and tested 
on each group; local regression models generated and tested within each group. 
... = not significant (p > 0.05), S.E. = standard error 

Table 3.6: Correlations to the Cobb angle in 48 patients and in braced and unbraced subgroups. 

Parameter 48 unique patients 115 unique scans Difference 

Correlations to Cobb angle 
Range of centroid line lateral deviation, T7-L4 0.75 0.77 2% 
Range of principal axis orientation, T12-L5 0.77 0.80 3% 
Difference between L and R half-centroid AP locations, T11-S1 0.78 0.83 5% 
Range of left-right difference in rear quarter-areas, T12-L5 0.80 0.80 0% 

Multiple linear regression model predicting Cobb angle 
Correlation to Cobb angle (Pearson "r") 0.91 0.94 3% 
Standard error of estimation of Cobb angle (°) 6.1 5.8 -5% 

Table 3.7: Effect of assumption that each scan was linearly independent. 

The assumption that each of an average 2.4 scans per individual was an independent data unit had 

only a small effect (<5% change) in correlations between individual inputs and the Cobb angle and 

in multiple regression predictions of the Cobb angle. 
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Pearson coefficients of correlation between the range of half-centroid AP asymmetry 
(T11-S1) and the primary Cobb angle, by patient subgroup. 

"r" values mild" severe" all curves 

young* 

old* 

0.38 0.89 

0.75 

0.87 

0.77 

all ages 0.47 0.79 0.83 

* young: age < 13 (n = 60), old: age >= 13 (n = 55) 
** mild: Cobb angle < 30° (n = 57), severe: Cobb angle >= 30° (n = 58) 
... = not significant (p > 0.05) 

Table 3.8: Example of variation in surface-spine correlation by age and curve severity. 

In this part of the study each of 115 scans (in 48 patients) was considered an independent data unit. 

3.3.4. Results - Cobb angle estimation 

The best "global" stepwise linear regression model estimated the Cobb angle from 5 torso 

indices with r = 0.91  ( r = 0.83) and standard error of 6.1° (Table 3.9, Figure 3.7). The 

model made intuitive sense, estimating the Cobb angle from the rib hump, torso lateral 

deviation and rotation, and left-right area asymmetry, with the addition of a fixed 5.5° 

sum if the patient was undergoing brace treatment. This last input implied that wearing a 

brace reduced the torso surface asymmetry disproportionately more than it reduced the 

underlying spinal curvature. While the "global" regression model performed similarly on 

braced and unbraced patients (standard error 6.1-6.2°), when separate "local" stepwise 

regression models were generated for braced and unbraced patients the estimation 

standard error dropped to 4.5° and 3.7°, respectively (Table 3.6). Not only did "local" 

models improve accuracy of Cobb angle estimation by -30%, they each used different 

inputs. The Cobb angle was estimated in braced patients from torso imbalance, the range 

of centroid lateral deviation (T7-L4), and left-right differences in lateral inertia (Ixx, T10-

Sl) and rear quarter-areas (T9-S1), while in unbraced patients the model used patient 

height, the range of left-right asymmetry of antero-posterior torso width (L2-S1), and the 

quasi-Cobb angle of the spinous process line. This suggested that as the number of 

patients scanned increases, subdivision into braced and unbraced groups with different 

geometric characteristics would enhance predictive accuracy of the torso scan system. 
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Input coefficient p value "r" to Cobb 

(Constant) 0.25 0.9 
range of left-right differences in quarter-areas, T12-L5 0.84 <0.001 0.80 
range of rib hump (mm), T10-S1 0.77 <0.001 0.75 
range of torso centroid lateral deviation, T7-L4 1.11 0.004 0.75 
maximal principal axis rotation (+ right), T11-L4 -0.44 0.03 0.40 
braced-yet (1 if patient has been braced by time of scan) 5.55 0.01 0.51 

Table 3.9: Details of regression model estimating Cobb angle with r = 0.91 and a standard error of 

estimation of 6.1° in 48 data units. 

The model was developed stepwise from a choice of 47 inputs. Pearson correlation coefficients of 

each individual input to the Cobb angle are also shown. 

80 

Estimated Cobb angle (°) 

Figure 3.7: Accuracy of Cobb angle estimation from a 5-input regression model. 

Inputs included 4 indices of torso cross-sectional asymmetry plus bracing status (0 = never-braced, 1 

= braced)) in 48 patient-records. 

Other clinical characteristics also separated our patient population into distinct subgroups 

in which patterns of correlation and regression model performance differed, including 

curve direction, age and curve severity (Table 3.8). The "global" regression model 

estimated the Cobb angle within 5° in 63% of the 24 patient-records with leftward spinal 

curves (SD of difference between estimated and actual Cobb angles = 6.6°), while a 

"local" regression model trained only on the leftward curves estimated them within 5° in 
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88% (SD = 3.8°). The "local" regression model generated for older patients with severe 

curves (age > 13 yr, Cobb angles > 30°, n = 37) estimated the Cobb angle from half-

centroid AP asymmetry, the quasi-Cobb angle of the spinous process line, and the 

difference between P A X rotation and BSR with a standard error of 6.5°, while the 

analogous model for younger patients with mild curves (age < 13 yr, Cobb angles < 30° 

(n = 39) used entirely different predictor variables (age, sex, bracing status, second-

moment lateral asymmetry, centroid lateral deviation and the quasi-Cobb angle of P A X -

rotation) to estimate the Cobb angle with a standard error of just 2.8°. 

3.4. Neural network estimation of scoliosis severity from torso asymmetry 

3.4.1. Introduction 

At this point we had demonstrated that neural networks were effective in scoliosis 

research (section 3.1), that the surface model and indices derived from it were adequately 

reliable (section 3.2), and that some of these torso asymmetry indices correlated well to 

the Cobb angle while remaining relatively independent of each other (section 3.3). While 

these regression models were useful, further refinement of predictive accuracy was 

required to satisfy the clinical task of estimating the Cobb angle within 5-10° in new data 

not seen by the trained model (whether A N N or regression). We now refined estimation 

of scoliosis severity by neural-network analysis of the available clinical and torso-

asymmetry indices, first in a pilot study using indices based on the torso centroid and 

principal axes to determine whether it was feasible to estimate curve apex location and 

the Cobb angle, and then in a more comprehensive study involving several methods of 

selecting the best input indices from the large number available. 

3.4.2. Pilot study 

In this study we made a limited first attempt to estimate the Cobb angle and curve apex 

location by neural network. As in several reliability studies (sections 3.2.4-3.2.5) we 

included patients in the first 3 data collections with Cobb angles <60°, giving 65 scan-X-
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ray records in 40 patients (30 female, mean Cobb angle 33° (range: 11-58°), average age 

12.7 yr). The study of apex location was limited to right thoracic (RT) or right thoraco

lumbar (RTL) curves, which gave 62 curves in 61 records (one patient had a RTL-LT-RT 

curve pattern), with an average thoracic Cobb angle of 28° (range: 2-58°). We obtained 

torso surface scans and X-rays and calculated indices of surface asymmetry and spinal 

deformity for each patient as usual (sections 2.1-2.4), though we limited this pilot study 

to torso asymmetry indices related to centroid lateral location and principal axis (PAX) 

rotation (Table 3.10). Certain methods differed slightly in this early study compared to 

those ultimately adopted, e.g., contour points were generated at wider spacing than 

ultimately adopted (2° lateral separation vs. 1°, one contour per vertebral level 

(approximately 25 mm) vs. ultimate 10 mm vertical separation) and spinal deformity was 

quantified by the computer-Cobb angle rather than the clinical Cobb angle as not all 

charts were available at the time of the study. These minor variations likely had little 

influence on results. 

Each artificial neural network (ANN) used in the study had a single hidden layer of size 

intermediate between the input and output layers and was trained by back-propagation in 

Matlab (section 2.5.3). The size of the input data set was tripled by adding two duplicate 

sets with the addition of small random amounts of noise up to 0.3 SD for each input. The 

input-output data were randomly separated into learning and validation sets (the "training 

set") and the test set, comprising 50%, 25% and 25% of the data, respectively (section 

2.5.4). The Cobb angle was predicted by linear regression and neural network in each of 

three models: Model I used input indices based only on the centroid line, Model II used 

inputs based only on P A X rotation, and Model III combined the first two models. We 

computed correlations and differences between computer-Cobb angles and A N N and 

regression estimates of these angles in the training and test sets. Prediction of apex 

location used indices chosen by trial and error from those available. 
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While the Cobb angle was poorly estimated by neural network from asymmetry of the 

torso centroid line alone (31% of estimates correct in the test set to within 0.5 SD or 

6.3°; Model I, Table 3.10) and somewhat better estimated from P A X rotation indices 

alone (Model II; 44% correct), the best results were obtained by combining all these 

indices of torso deformity (Model III; 63% correct). Accuracy increased as the band of 

predictions deemed correct was widened: maximal Cobb angles were estimated by A N N 

within 1 S.D. (12.7°) in 94% of patient-records. Neural-network and linear regression 

performed similarly in the training sets of Models I, II and III (49-69% correct vs. 45-

63%) but neural networks better generalized to new data in the test sets (31-63% correct 

vs. 19-44%; Table 3.10). A l l A N N and regression models were more accurate in training 

sets than in test sets, an example of "over-fitting" in which each model found some input-

output patterns that were coincidental to the training set rather than fundamental to the 

true input-output relation (Naes et al., 1993). The least over-fit was found in model III 

(ANN performance in the training set 69%, in the test set 63%). In contrast to our 

previous experience, in this study the tripling of input data by adding random noise 

served only to increase the tendency to over-fit the training set. No trial using tripled 

input data was able to outperform model III in the test set. 

Model Input indices "r" (1) Accuracy (2) 

ANN linreg ANN linreg 

/ = Centroid-line indices centroid lateral deviation (T1-L5) 
centroid lateral deviation (T4-L5) 
location of max. centroid lateral deviation (T4-L5) 
centroid lateral deviation (from vertical) 
T1-L5 torso height (estimated from skin markers) 
T1-L5 centroid lateral imbalance 
max. quasi-Cobb angle of centroid line 

Training set 
Test set 

n.s. 
n.s. 

0.42 
n s 

49% 
J1% 

4 5 % 
19°', 

II - Rotation indices torso max. rotation (single-contour) 
location of torso max. rot (rolling average) 
range of torso rotation (rolling average) 

Training set 
Test set 

0.72 
0.71 

0 70 
0.63 

'39°'= 
4 4 % 

59% 
31% 

III = Centroid line + rotation indices (l) + (H) Training set 
Test set 

0.72 
0.78 

0 73 
0.72 

•59°, 
63% 

63% 
44% 

(1) Pearson correlation coefficient between model estimate of Cobb angle and actual computer-Cobb angle. 
(2) Percent of estimated Cobb angles that were within 0.5 SD (6.3°) of the actual computer-Cobb angle. 
n.s. = not significant at p < 0.05. ANN - artificial neural network model, linreg = multiple linear regression model, 
"rolling average" = average of value at a given contour and the contour above and below. 

Table 3.10: Pilot-study regression and neural-network predictions of computer-Cobb angle. 

Models were developed using the training set (n = 49) and evaluated using the test set (n = 16). 
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Apex location in RT or RTL curves was best estimated by a combination of torso indices 

defining spinal length (the torso estimate of T1-L5 height), curve severity (maximal P A X 

rotation) and locations of asymmetry (apex location in the largest thoracic curve of the 

torso centroid line, location of the torso contour most rotated from the L5 principal axes). 

An A N N used these indices to estimate apex location ±1 vertebral level in 76% of curves 

in the training set and 81% of curves in the test set (regression: 57% and 50%, 

respectively). This result was less impressive than it may seem since the range of actual 

apex locations of the thoracic curve was so narrow that simply assuming that all apex 

locations were at the mean location (T9) would have given 58% correct predictions +1 

vertebral level in the training set. Still, the A N N was able to estimate thoracic apex 

locations correctly in ~25% more curves than regression methods. 

3.4.3. Specific Methods 

After the pilot study confirmed that A N N analysis of torso surface asymmetry could 

accurately estimate spinal deformity, we optimized Cobb angle estimation, seeking to 

determine which methods of index selection (principal component analysis (PCA), 

genetic algorithms (GA), or linear regression) and surface-spine correlation (artificial 

neural network (ANN) or linear regression) combined to make the best "engine" to 

estimate the Cobb angle. We evaluated four types of trained models ("linreg-linreg," 

"linreg-ANN," "PCA-ANN," "GA-ANN") by comparing the estimated "J-Cobb angle" 

(the estimator of scoliosis severity obtained from analysis of the torso surface without  X -

ray data) with the clinical Cobb angle for each patient in a test set not used during model 

training. 

Data Set 

We used the same data (115 scans in 48 patients) as in the study of linear correlations 

between surface asymmetry and spinal deformity (section 3.3.2). Unlike previous studies 

where we subdivided data randomly, to simulate a realistic application of the surface-

spine correlation "engine" we used data from the first four collection periods (May, 1998 
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to November, 1999, n = 89) for training and tested each trained "engine" using data from 

the fifth collection period (May, 2000, n = 26). Clinical indices (section 2.1) and torso 

asymmetry indices (section 2.4) were recorded as usual, giving 47 input indices after 

removal of redundant variants (section 3.3.3, Table 3.5). Model performance was 

evaluated in the entire data set and in the previously defined subgroups (section 3.3.2). 

Index Selection Techniques 

As a first means of selecting appropriate input indices we used stepwise linear regression 

(section 2.6) to estimate the Cobb angle, at each step adding the most significant 

contributor to the model (probability of F < 0.05) and removing any contributors that 

were no longer significant (probability of F > 0.10). We estimated the Cobb angle by this 

model ("linreg-linreg") and by a neural network using the same inputs (model "linreg-

ANN"), and considered the clinical significance of each selected input. 

An alternative method of index selection was by principal component analysis (PCA, 

section 2.5.5). The first several principal components of variation in the 47 input indices 

were calculated, each reflecting decreasing proportions of input-data variation until a 

minimal threshold was reached (e.g., 5%). Cobb angles were estimated by a neural 

network using these principal components as inputs (model "PCA-ANN"), representing a 

reduction of neural network inputs from 47 to <10. The effectiveness of PCA was 

evaluated by considering accuracy of Cobb angle estimation and ease of interpretation of 

results (i.e., did each principal component identify a distinctly understandable aspect of 

surface deformity?). 

The most time-consuming but potentially most rewarding technique for index selection 

was by genetic algorithm (GA, section 2.5.5, Figure 2.19). We used a customized  G A 

based on a freeware package written for Matlab (Houck et al., 1996).  GA parameters 

were optimized in preliminary testing. For each chromosome in the initial population, a 

zero ("do not use") or one ("O.K. to use") was randomly assigned to each of the 47 
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candidate input indices. Over a series of generations, the population converged to reflect 

the set of indices that best predicted the Cobb angle. Convergence was best with an 

initial population of 20 or more, "seeded" with non-random chromosomes representing 

the sets of indices that contributed significantly (p < 0.05) to a linear regression model 

predicting the Cobb angle or that correlated at least moderately (r > 0.5) to the Cobb 

angle. If we "seeded" more than 10% of the population, however, the  GA converged 

prematurely, presumably because it then lacked variability in its members. The rate of 

binary mutation (conversion of ones to zeros and vice versa) for optimal performance 

was 5%, different cross-over rates had little effect on performance, and chromosomes 

were best chosen to survive based on a normalized-geometric-ranking scheme (Houck et 

al., 1996) where, for example, the chance that the fittest chromosome out of 20 would 

survive each generation was 15%, falling to just 0.4% for the least-fit chromosome. The 

optimal set of torso indices for Cobb angle prediction was deemed to be those that were 

selected in more than 50% of the most-fit chromosomes from the final population. The 

fitness of each chromosome was assessed by neural network. We evaluated the accuracy 

of Cobb angle estimation for a neural network using the inputs selected by  GA (model 

"GA-ANN") and considered the clinical meaning of the indices thus selected. 

The "fittest"  G A chromosome would be the one defining the set of indices that gave 

optimal A N N predictions of the Cobb angle. Since for prediction of progression we 

sought an A N N that could estimate the Cobb angle within 5°, and failing that, at least 

within 10° (section 1.1.5), we used a weighted average "fitness" reflecting performance 

in the 5-10° range of accuracy. Because the fitness function was needed only for 

purposes of chromosome ranking, results were not sensitive to the exact weights used, so 

we simply chose weights empirically to be 40% for predictions accurate within 5°, 40% 

for 7.5°, and 20% for 10°. For example, if an A N N used the set of indices from a given 

chromosome to estimate 60%, 75% and 90% of Cobb angles within 5°, 7.5° and 10° 

respectively, fitness was calculated as 0.4 x 60% + 0.4 x 75% + 0.2 x 90% - 0.72. We 

used this weighted-average measure of "fitness" instead of the standard error of 
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estimation (SEE) of the Cobb angle because in case there were a few poorly-predicted 

outliers (e.g., the sometimes-observed "non-standard rotation" subgroup (Stokes and 

Moreland, 1989)), the weighted-average "fitness" would be more sensitive to small 

changes in accuracy of prediction within the bulk of the group than the SEE, which 

would be dominated by the few outliers. 

Neural-Network Architecture and Training 

A neural network (section 2.5.3) was used to estimate the Cobb angle from the selected 

input indices in 3 of the 4 models tested ("linreg-ANN," "PCA-ANN," "GA-ANN"). 

When linked with the genetic algorithm, the neural network served both as the "fitness 

function" used to evaluate each chromosome of input indices and as the means of final 

Cobb angle estimation from the optimized set of inputs. Each neural network used the 

Levenberg-Marquardt training algorithm with Bayesian regularization from the Matlab 

Neural Network Toolbox (section 2.5.3). To ensure that results were generalizable to 

new data, the training set was randomly separated into a learning set (n = 71, 80% of the 

training set) and validation set (n = 18, 20%; section 2.5.4). To minimize the possible 

effect of coincidental relations, this learning-validation split was repeated every 5 

generations of the GA. Since A N N performance varied due to random link weight 

initialization, we chose the best-performing A N N from multiple repeats of each training 

session. We investigated the optimal number of A N N repeats to use in training, as well 

as the effects on network performance of using either one or two hidden layers each with 

a varying number of nodes, and of repeating the learning/validation split. 

To gain insight into the neural-network "black box" by understanding the relative 

contribution of each input index to Cobb angle estimation, we perturbed the network, first 

calculating the ANN-estimated Cobb angle when all inputs were assigned their median 

values (normalized to 0 on a range of [-1, 1]), then noting the change in Cobb angle when 

each input in turn was maximized (normalized value = 1) while holding the others 
constant. The larger the change in the estimated Cobb angle when a given input was 
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maximized, the more important that input seemed to be to the network. Consistency of 

A N N results was assessed by repeating the perturbation study in 6 trained networks, as 

well as by examining the variation of each individual link weight in these networks. 

Performance Measurement 

For each of the four models attempting to estimate the Cobb angle ("linreg-linreg," 

"linreg-ANN," "PCA-ANN," "GA-ANN") , we measured performance by considering the 

fitness and SEE as defined above, the percentage of predictions within 5° and 10° of the 

actual Cobb angle, and correlations between actual and estimated Cobb angles. 

Sensitivity (SN), specificity (SP), and positive and negative predictive values (PPV, 

NPV) were computed for an hypothetical clinical test that was positive when a Cobb 

angle was greater than a specified threshold (e.g., 30°). We also computed the clinically 

relevant accuracy with which the best of the models categorized patients into three 

groups of differing curve severity (0-30°, 30-50°, >50°), and assessed performance of the 

best model in subgroups of patients (pooling the training and test sets due to small sample 

sizes) with differing age, curve severity, curve type and bracing status. 

3.4.4. Results 

While linear regression and PCA techniques took only seconds of computer time, genetic 

algorithm analysis was computationally intensive. On a 650 MHz IBM PC, each neural-

network run took -15 s and each generation of a genetic algorithm using 40 

chromosomes and 10 neural-network repeats per chromosome took -90 min. 

Fortunately, the  G A generally converged within 20 generations (Figure 3.8). Use of 10 

A N N repeats per chromosome was a compromise between training time and reliability of 

results. Accuracy of Cobb angle predictions from 35 training sessions varied by 5.2% 

(SD) using the best of 3 A N N repeats; for 5 A N N repeats, 1.0%; and for 10 repeats, 

0.7%. 
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Figure 3.8: Genetic algorithm (GA) training showing typically rapid convergence. 

This example  G A tested 20 chromosomes of 24 input indices each. Fitness was already high in the 

initial population due to "seeding" of the population with chromosomes whose indices correlated 

well to the Cobb angle. 

Index selection by stepwise linear regression estimated the Cobb angle from four input 

indices (related to principal axis rotation, rib hump, centroid lateral deviation, and half-

centroid antero-posterior asymmetry; Table 3.11). These indices were much the same as 

those used in the previous study considering all 115 patient-records available (Table 3.9). 

The best genetic algorithm run used a population of 40 chromosomes (each containing all 

47 indices) over 40 generations, achieving 95% of the final fitness value within 9 

generations (12 h of computing time). The  G A chose 17/47 indices for optimal A N N 

prediction of the Cobb angle (Table 3.11), representing a broad range of clinical and 

geometric descriptors including the four indices used in the comparable stepwise 

regression model as well as spinous process lateral deviation, clinical indices (body mass 

index, diagnostic category, torso height), and indices that may have helped the A N N to 

identify non-spinal causes of asymmetry (cross-sectional eccentricity, T1-L5 AP 

imbalance, difference between P A X rotation and BSR). 

The three methods of assessing the relative importance of inputs (correlations to the Cobb 

angle, regression coefficients, and A N N output perturbations) were in broad agreement. 
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The indices used in the regression model were generally indices of high correlation to the 

Cobb angle and were also among the A N N inputs that caused the greatest perturbations 

of ANN-estimated Cobb angles (Table 3.11). Both A N N and regression attached a 

negative weight to the clockwise P A X rotation, likely because in the mainly lumbar zone 

of interest (T11-L4), rotation was generally counterclockwise (negative), so that this 

actually represented a positive weight for the magnitude of rotation in this zone. The 

A N N also attached negative weights to BMI and T1-L5 height, implying that a heavier 

and taller patient with a given torso asymmetry was predicted to have less underlying 

spinal curvature than a slender, short patient with the same asymmetry. This seems to 

contrast with a common clinical observation that obese patients can hide large spinal 

curves beneath body fat, but most patients in this study were slender (mean BMI = 

17.9±4.7), so that the tendency for increased BMI to be associated with less spinal 

curvature than otherwise expected may hold true only in this limited range of BMI. The 

range of difference between P A X rotation and back surface rotation also had a negative 

weight, which seemed counter-intuitive given that large differences between P A X and 

BSR were only observed in severe scoliosis curves. It is possible that in these patients 

there was a large range of both P A X and BSR so that without the negative (PAX-BSR) 

weight the neural network would over-estimate the Cobb angle based on the large 

combined sum of the other asymmetry inputs. 
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Index Category & Description Unit Zone 

Relative importance 
Used by: "r" to Regression Perturbation** 

linreg?' G.A.?" Cobb ' " coefficient in ANN (*) 

Principal Axis (PAX) Rotation 
Maximal magnitude of PAX rotation 
Maximal clockwise PAX rotation 
Range of PAX rotation 

Back Surface Indices 
Maximal magnitude of back surface rotation (BSR) 
Range of net rib hump 
"Quasi-Cobb angle" of spinous process line 
Range of spinous process lateral deviation 

Torso centroid 
Range of centroid lateral deviation 

Asymmetry of left & right half-areas 
Range of left-right difference in aspect ratios 
Range of half-centroid AP asymmetry 
Range of half-centroid AP asymmetry 
"Quasi-Cobb angle" of left-right difference in 

lateral inertia, measured with respect to PAX axis. 

Clinical indices 
Body mass index 
Diagnosis (1 = AIS, 2 = JIS, 3 = OS) 
T1-L5 torso height 

Indices that may identify outliers 
Minimal cross-section eccentricity 
AP imbalance of torso centroid line 
Range of difference between PAX and BSR 

mm 
mm 

kg/nri 

mm 

T9-L4 
T11-L4 
T12-L5 

T5-T12 
T10-S1 
T10-L2 
T12-L4 

T7-L4 

T7-L2 
T3-S1 

T11-S1 

T11-S1 

T8-L5 
T1-L5 
T11-L5 

0.72 
0.33 
0.80 

0.56 
0.79 
0.53 
0.50 

0.77 

0.59 
0.78 
0.83 

0.62 

n.s. 
n.s. 
n.s. 

0.20 
n.s. 
0 71 

-0.46 

0.64 

1.42 

1.45 

-2 0 
-8 1 
10.1 

5.2 
15.3 
1.2 
7.5 

12.6 

5.8 
16.1 

1 0 

-4.6 
0.9 
-9 0 

96 
6.5 
-7.3 

* linreg = stepwise regression model estimating Cobb angle (entry on probability of F < 0.05, removal on prob. of F >0.10) 
" GA = genetic algorithm estimating Cobb angle by neural-network output ("J-Cobb angle"). 
*** = Pearson coefficient of correlation of index to Cobb angle in the full data set (n = 115). 
"n.s." = not significant (p > 0.05). 
AP = antero-posterior. AIS, JIS = adolescent/juvenile idiopathic scoliosis. OS = other scoliosis. 
A A Change in ANN-estimated Cobb angle when the given input (only) was maximized while all others were held at 
median values, compared to when all inputs were given as median values. 

Table 3.11: Indices used by stepwise linear regression and genetic algorithm to estimate Cobb angle 

in a training set of 89 patient-records. 

Index selection by principal component analysis was difficult to interpret since the 

principal components did not orient close to any index or indices in particular: weights in 

the first principal component (which represented 44% of the variance in input data) 

ranged from -0.06 to 0.20, with 27 of the 47 input indices having weights of 0.15-0.20. 

This implied redundancy in our inputs but gave little guidance as to which aspects of the 

torso deformity were most important. The second and subsequent principal components 

were similarly evenly spread amongst the 47 inputs. 
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The neural network using the 17 indices selected by genetic algorithm ("GA-ANN") 

estimated the Cobb angle within 5° in 65% of the test set (May, 2000 data) and 84% of 

the training set (May, 1998—November, 1999), and within 10° in 85% and 99% 

respectively. This was an improvement of -30% over the accuracy of the other three 

models ("linreg-linreg," "linreg-ANN," "PCA-ANN"; Table 3.12). While correlation 

between actual and estimated Cobb angles was similar whether using regression or neural 

network analysis, use of a neural network reduced variation between actual and desired 

Cobb angles by nearly 50% (1.9-2.0°) by any method of index selection. Index selection 

by PCA offered no benefit over use of indices selected from linear regression. We again 

observed "over-fit" as regression and A N N models performed better on the training set 

than on the test set (Figure 3.9). A bias was observed such that the GA-ANN-estimated 

"J-Cobb" angle of 0° corresponded to an actual Cobb angle of 2.2-2.7°. With this bias 

the "J-Cobb" angle very slightly underestimated the clinical Cobb angle, but the bias was 

small compared to the error in measurement of that angle (section 1.3.1). The "J-Cobb" 

angle correlated strongly to the Cobb angle (r = 0.93-0.97, r2 = 0.87-0.94, p < 0.0001, 

Figure 3.9) and was a highly sensitive and specific indicator of Cobb angles above 20°, 

for example detecting Cobb angles > 30° in the test set (prevalence = 39%) with SN = 

100%, SP = 94%, PPV - 91%, and NPV = 100% (Figure 3.10). The G A - A N N also 

categorized 83/89 training-set records (93%) and 24/26 test-set records (92%) into the 

correct functional group (Cobb angle 0-30°, 30-50°, >50°). 
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Linreg-linreg Linreg-ANN PCA-ANN GA-ANN 
Training set Test set Training set Test set Training set Test set Training set Test se 

Performance measure (n = 89) (n = 26) (n = 89) (n = 26) (n = 89) (n = 26) (n = 89) (n = 26; 

"r" actual vs. desired 0.93 0.89 0.93 0.90 0.93 0.90 0.97 0.93 
SD actual vs. desired  f ) 5.3 9.3 5.9 7.8 5.8 7.7 3.9 6.7 
Percent correct within 5° 0.69 0.46 0.67 0.54 0.65 0.38 0.84 0.65 
Percent correct within 10° 0.88 0.73 0.89 0.73 0.90 0.77 0.99 0.85 
Fitness 0.760 0.577 0.757 0.592 0.760 0.600 0.899 0.723 

Models: (XX-YY) = indices selected by (XX), Cobb angle estimation by (YY). Linreg = stepwise linear regression, 
ANN = artificial neural network, PCA = principal component analysis, GA = genetic algorithm. 
Fitness = weighted sum of percent correct within 5° (40%), 7.5° (40%) and 10° (20%). SD = standard deviation. 

Table 3.12: Performance of four models estimating Cobb angle from surface asymmetry indices. 

0 20 40 60 80 0 20 40 60 80 

Estimated Cobb angle (degrees) Est imated Cobb angle (degrees) 

Figure 3.9: Cobb angle vs. GA-AN~N-estimated "J-Cobb angle", in (a) training and (b) test sets. 

Min. Cobb angle for true positive result 

Figure 3.10: Sensitivity (SN) and specificity (SP) of the prediction that a patient's Cobb angle would 

be greater than the specified minimal value. 

Between 20-50° (including 70% of our patients), SN and SP were greater than 0.7, peaking near 

0.95 at thresholds of 25°-35°. Estimation of curves >50° was also highly sensitive and specific. 
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The separation of data into subsets led to variability in both linear regression and neural 

network results (Table 3.13). To quantify this variability we momentarily set aside our 

chronological split (training set = first 4 data collections, n = 89, and test set = final data 

collection, n = 26) and made repeated random splits of the data set. We first tested 

internal variability by repeating 10 trials using exactly the same data sets, which naturally 

produced identical regression results each time but caused the "fitness" of Cobb angle 

predictions to vary by a standard deviation of 2.2-3.9% of its mean value in neural 

network models (SDO in Table 3.13). Use of 10 trials each splitting the training set into a 

different random learning set and validation set caused A N N fitness on the test set to vary 

by 3.4-4.6% of its mean value (SD1 in Table 3.13). A more fundamental change that 

randomly altered the split between training and test sets in each of 5 trials changed fitness 

in the test set by 6.9% and 8.0% (SD) for regression and A N N models respectively (SD2 

in Table 3.13). Thus, while internal A N N variability due to different initial weight 

assignments gave a 3% variation in predictive accuracy, A N N and regression model 

accuracy varied by up to 8% when data were randomly redistributed between subsets. 

Variation in performance due to differing splits would be lessened in a larger data set 

where the importance of each individual data unit to training or correlation was reduced. 

Just as the human brain is highly redundant to allow the safe loss of damaged neurons, 

the size of the trained neural network was not critical to its performance. In 30 A N N 

trials (10 repeats each) using either 1 or 2 hidden layers each containing from 3 to 11 

nodes, variation of test-set "fitness" was just 3.3% (SD). Since networks of different 

architecture gave similar accuracy, actual values of link weights were also expected to 

vary. The link weights of the entire best-performing " G A - A N N " network were recorded 

(Table 3.14), but we observed that these weights varied widely even between repeated 

sessions training the same A N N architecture on the same data set. For example, in 6 

training sessions for the optimal " G A - A N N " network, the weight of the link joining input 

#1 (body mass index) to the first node of hidden layer 1 averaged -0.03+0.16 (range: -
0.34 to 0.07), while the weight of the link joining node #1 of the second hidden layer to 
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the final output node averaged -0.05±0.52 (range: -0.81 to 0.73). These variations, likely 

related to the small size of the training set, had little effect on A N N performance. The 

amount of change in the estimated Cobb angle when each input was perturbed was more 

consistent, varying by just 0.8-2.8° (SD) in 6 repeated training sessions (Table 3.15). Just 

as humans learn to read or tie shoelaces in individualized ways, each trained A N N found 

a different local minimum on a complex multidimensional error surface, one of many 

slightly different but nearly equally effective solutions to the same problem. 

Fitness SD0 SD1 SD2 
Model (training set) (test set) Change % Change % Change % 

linreg-linreg 0.760 0.577 0.000 0.0% 0.000 0.0% 0.040 6.9% 
linreg-ANN 0.757 0.592 0.023 3.9% 0.020 3.4% 0.022 3.7% 
GA-ANN 0.899 0.723 0.016 2.2% 0.033 4.6% 0.058 8.0% 

"Fitness" = fraction of estimated Cobb angles close to the actual Cobb angle (0.4"%-within-5° + 0.4 ' %-within-7.5° + 0.2 * %-within-10°) 
SD0 = SD of variation in accuracy in 10 repeated trials of exactly the same split of data, i.e., pure internal variability. 
SD1 = S.D. of variation in accuracy in 10 trials using different learning-validation set splits within the training set 
SD2 = S.D. of variation in accuracy in 5 trials using different training-test set splits (and different learning-validation set splits) 
linreg = linear regression, ANN = artificial neural network, GA = genetic algorithm, SD - standard deviation 

Table 3.13: Change in accuracy of Cobb angle estimation with different random splits of data set. 

Accuracy was assessed by "fitness" for a chronological split of data into training set (first 4 data 

collections, n = 89) and test set (final collection, n = 26), while variation in accuracy was assessed 

for random splits (20% test set / 80% training set, within training set split 80% learning-set and 20% 

validation-set). 
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To h idden layer 1 node # 

F rom input 1 2 3 4 5 6 7 8 9 10 11 

bias (constant term) -0.0595 0.0282 0.0208 -0.0244 -0.0238 0.0138 0.0941 0.0266 0.0081 0.1906 0.0283 
bmi 0.0566 0.0438 0.0227 -0.0306 -0.0290 0.0402 0.0021 0.0367 0.0076 0.2895 0.0414 
dx 0.2608 0.1257 0.0650 -0.0893 -0.0843 0.1277 -0.7792 0.1071 0.0212 -0.3426 0.1190 
DLRpaxrangeT10S1 0.1367 0.0545 0.0203 -0.0324 -0.0297 0.0603 0.2506 0.0426 0.0054 -0.1630 0.0499 
aspectLRpaxrangeT7L2 -0.1774 -0.0806 -0.0421 0.0570 0.0540 -0.0783 0.2526 -0.0682 -0.0140 -0.1990 -0.0763 
cobbfi tabssprocT10L2 0.0670 0.0272 0.0081 -0.0145 -0.0130 0.0325 0.1612 0.0202 0.0018 0.2011 0.0242 
colheight -0.1015 -0.0101 -0.0039 0.0054 0.0051 -0.0122 0.0317 -0.0072 -0.0014 0.2996 -0.0089 
eccminT8L5 -0.0076 0.0412 0.0231 -0.0313 -0.0297 0.0333 0.0522 0.0367 0.0075 -0.2263 0.0400 
halfcenxmomentvertpaxrangeT3S1 0.0979 0.0456 0.0154 -0.0258 -0.0235 0.0517 0.4597 0.0349 0.0038 -0.0664 0.0413 
imbalAP -0.0017 -0.0321 -0.0188 0.0252 0.0240 -0.0279 0.0359 -0.0293 -0.0062 -0.2486 -0.0313 
ixxplusz2acobbfitpaxT11S1 -0.0732 -0.0635 -0.0360 0.0483 0.0459 -0.0589 0.1321 -0.0564 -0.0119 -0.0594 -0.0613 
latdevrangeT7L4 -0.0039 0.0116 0.0005 -0.0044 -0.0035 0.0138 0.3777 0.0080 -0.0009 -0.1044 0.0101 
paxminusbsrrangeTI 1L5 -0.0818 -0.0632 -0.0394 0.0512 0.0490 -0.0573 0.0734 -0.0581 -0.0134 0.1811 -0.0620 
rotabsmaxabsbsrT5T12 -0.0892 -0.0726 -0.0419 0.0545 0.0520 -0.0651 0.0034 -0.0634 -0.0147 -0.3474 -0.0697 
rotabsmaxabspaxT9L4 -0.0956 -0.0796 -0.0454 0.0600 0.0572 -0.0731 -0.1924 -0.0700 -0.0154 -0.2960 -0.0766 
rotpluspaxT11L4 -0.0849 -0.0471 -0.0258 0.0348 0.0330 -0.0472 -0.4221 -0.0409 -0.0085 -0.2368 -0.0449 
rotrangepaxT12L5 0.0977 -0.0076 -0.0109 0.0120 0.0120 0.0002 0.0669 -0.0111 -0.0042 -0.2580 -0.0094 
sprocl inerangeTI 2L4 0.0016 0.0063 -0.0038 0.0006 0.0014 0.0090 0.0790 0.0026 -0.0027 -0.1824 0.0046 

To h idden layer 2 node U 
From h idden layer 1 node # 1 : 3 4 F rom h idden layer 2 node To ou tpu t 

Bias (constant term) -0.1344 -0.1489 -0.1043 -0.0140 B.as (constant term) 0.0854 
1 -0.2444 -0.2461 -0.2132 -0.0551 1 -0.8065 
2 -0.1474 -0.1515 -0.1237 -0.0276 2 -0.8421 
3 -0.0783 -0.0818 -0.0638 -0.0127 3 -0.7066 
4 0.1066 0.1108 0.0877 0.0182 4 -0.1 3C6 
5 0.1009 0.1051 0.0829 0.0170 
6 -0.1529 -0.1580 -0.1278 -0.0287 
7 -0.4152 -0.4296 -0.3715 -0.1019 
3 -0.1259 -0.1303 -0.1045 -0.0224 
9 -0.0254 -0.0267 -0.0206 -0.0040 
10 0.4382 0.4300 0.4170 0.1247 
11 -0.1392 -0.1433 -0.1165 -0.0257 

Table 3.14: Complete list of link weights for optimal genetic algorithm-neural network trained on 89 

scan-X-ray pairs to estimate the Cobb angle. 

Hidden layers 1 and 2 had sigmoidal transfer functions, while the output layer had a linear transfer 

function. A l l inputs were normalized to [-1,1]. For explanation of input variable names see Table 

3.15. 
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Unit Zone Short name 
Cobb angle 
Mean 

change 
SD 

Principal Axis (PAX) Rotation 
Maximum magnitude of PAX rotation 0 T9-L4 rotabsmaxabspaxT9L4 0 7 2 3 
Maximal clockwise PAX rotation T11-L4 rotpluspaxTI 1L4 -7.1 2 2 
Range of PAX rotation T12-L5 rotrangepaxT12L5 10 0 2.4 

Back Surface Indices 
Maximum magnitude of back surface rotation (BSR) ° T5-T12 rotabsmaxabsbsrT5T12 5.7 2.1 
Range of net rib hump mm T10-S1 DLRpaxrangeT10S1 13.5 1.7 
"Quasi-Cobb angle" of spinous process line 0 T-0-L2 cobbfitabssprocT 10L2 0 5 0 9 
Range of spinous process lateral deviation [11171 T12-L4 sproclinerangeT 12L4 5 0 1.4 

Torso centroid 
Range of centroid lateral deviation mm T7-L4 latdevrangeT7L4 10.7 1 4 

Asymmetry of left & right half-areas 
Range of left-right difference in aspect ratios T7-L2 aspectLRpaxrangeT7L2 6.1 1.3 
Range of half-centroid  AP asymmetry mm T3-S1 halfcenxmomentvertpaxrangeT3S1 14.4 1.3 
"Quasi-Cobb angle" of left-right difference in 

lateral inertia, measured with respect to PAX axis. T11-S1 ixxplusz2acobbfitpaxT11S1 -0.1 1 6 

Clinical indices 
Body mass index k g / m ' bmi •3 3 2.0 
Diagnosis (1 = AIS, 2 = JIS, 3 = OS) ax 2.4 0.3 
T1-L5 torso height m m colheight -7.3 2.4 

Indices that may identify outliers 
Minimum cross-section eccentricity T8-L5 eccminT8L5 9 3 0.8 
AP imbalance of torso centroid line m m T1-L5 imbalAP 3 3 2 5 
Range of difference between PAX and BSR • T11-L5 paxminusbsrrangeTI 1L5 -7 6 1.1 

Table 3.15: Variation in relative importance of neural-network inputs. 

"Cobb angle change" represents the change in genetic-algorithm-neural-network-estimated Cobb 

angle when the input shown (only) was maximized (normalized value = 1) while all others were 

held at their median values (normalized value = 0), in 6 trials. 

The G A - A N N outperformed other techniques including stepwise regression overall 

(predictions correct within 5° = 80% vs. 62%) and particularly in certain subgroups such 

as older patients with large curves (age >12 yr, Cobb angles > 30°, n = 37), in which 

A N N and regression estimates of the Cobb angle were within 5° in 89% and 54% of the 

test set, respectively. G A - A N N estimates of the Cobb angle varied between subgroups, 

being within 5° of the clinical Cobb angle in 87% of unbraced patients (n = 52, all 

subgroups pooled between training and test sets), 75% of braced patients (n = 63), 73% 

of young patients (age < 13 yr, n = 60), 87% of older patients (age >12 yr, n = 55), 79% 

of patients with mild curves (Cobb angle < 30°, n = 57), 81% of patients with large 

curves (Cobb angle > 30°, n = 58), 77% of patients with a rightward primary curve (n = 

91) and 92% of patients with a leftward curve (n = 24). These variations supported the 
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idea that each patient group had distinct characteristics and ideally should be analyzed 

separately, however, we did not have enough data to train a "local" A N N effectively for 

each subgroup for comparison with the "local" regression models generated in the 

previous study (section 3.3.4). 

3.5. Correlation of three Cobb angles (clinical, computer, ANN-estimated) 

A possible upper limit to the accuracy of Cobb angle estimation was its wide 

measurement variability of up to 9° between different observers and up to 5° with the 

same observer (section 1.3.1). Here, we compared three variants of the Cobb angle: the 

manually measured clinical Cobb angle, the computer-Cobb angle (section 1.3.2), and the 

"J-Cobb angle" estimated by artificial neural network (ANN) from torso asymmetry 

indices selected by genetic algorithm (section 3.4). We determined the correlations and 

differences between these three angles for a wide variety of patients and also compared 

the variability of "J-Cobb angle" estimates between successive neural-network trials with 

the known intra-observer variabilities of the clinical-Cobb and computer-Cobb angles. 

We had data from a sixth data collection (November, 2000), giving 153 data sets (torso 

scan, PA-0 and PA-20 X-rays, and clinical charts) in 52 patients with adolescent or 

juvenile (n = 46) or congenital (n = 6) scoliosis, aged 13.2+2.6 yr (range: 8.2-18.6 yr), 

with Cobb angles averaging 31.1+16.0° (range: 0 - 77°). In contrast to previous studies, 

we included data from several patients who had undergone spinal fusion surgery (10 data 

sets in 6 patients). We continued to consider each patient-record as an independent data 

unit (section 3.3.3, Table 3.7). The primary curve of interest in each patient was 

determined clinically. In cases of double major curves the thoracic curve was selected. 

The clinical Cobb angle and computer-Cobb angle were determined for the primary curve 

by the usual methods (sections 1.3.2 and 2.1). Curve endpoints were not constrained; for 

example, the endpoints of a typical curve might be determined by the attending 

radiologist to be T6 and LI while computer analysis of the projected smoothed vertebral 

body line might define the curve between T5-L1, or T7-T12. The "J-Cobb angle" for 
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each patient was estimated by neural network using the set of 17 indices of torso 

asymmetry and clinical characteristics determined by genetic algorithm in the previous 

study (Table 3.11). Since A N N predictive accuracy was similar in the training and test 

sets in the previous study (section 3.4) and the increased data set size was expected to 

further reduce differences between sets, we simplified the analysis in this study by using 

no A N N test set, instead simply assigning 80% of patients to the learning set and 20% to 

the validation set. Other A N N techniques and parameters were identical to those in the 

previous study (section 3.4.3). To examine neural-network variability we recorded the 

"J-Cobb angle" for each patient in each of five trials (10 runs each, with a different 

random learning/validation set split in each trial). We studied A N N accuracy by use of 

the mean predicted Cobb angle from the 5 trials. For the entire data set (n = 153) and 

records of patients that were not yet braced (n = 72), braced (n = 71) or post-operative (n 

= 10) we compared the differences between the computer-Cobb and clinical Cobb angles 

and between the ANN-estimated and clinical Cobb angles. 

Overall, the ANN-estimated "J-Cobb angle" and the computer-Cobb angle were equally 

close to the clinical Cobb angle (Figure 3.11), both correlating at r = 0.93 and differing 

from the clinical Cobb angle by -6° (J-Cobb angle vs. Cobb angle: -0.1 ±6.0°, computer-

Cobb angle vs. Cobb angle: 0.8±5.9°, Table 3.16). The neural network was least 

effective on post-operative records (n = 10), under-estimating the Cobb angle with a wide 

standard deviation (ANN-estimated Cobb angle - clinical Cobb angle = -4.6+8.0°). The 

Cobb angle and computer-Cobb angle differed most when the Cobb angle was less than 

15° (n = 21, difference = 3.0+5.8°). The ANN-estimated "J-Cobb angle" and the 

computer-Cobb angle correlated with r = 0.87. 

Neural-network estimates of the Cobb angle in each patient varied little, with a-standard 

deviation of 1.8° between 5 A N N training sessions (10 A N N runs each). That was higher 

than the 0.6° (SD) intra-observer error observed for the computer-Cobb angle (Labelle et 
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al., 1995a), but similar to the intra-observer variability of the clinical Cobb angle (SD 

1.9° (Goldberg et a l , 1988) - 95% confidence interval 4.9° (Morrissy et a l , 1990)). 

Patient group unbraced braced post-op overall 

n data sets 
Variability in ANN-estimate of Cobb angle (SD of 5 trials) 
Difference between ANN-estimated and clinical Cobb angles 
Difference between computer-Cobb and clinical Cobb angles 

72 
1. 

71 10 153 
2.1 2.0 1.8 

(mean±SD, °) 1.9 ±5.0 -1.5 ±6.0 -4.6 ± 8.0 -0.1 ± 6.0 
(mean±SD, ") 1.8 ±7.3 -0.4 ± 4.0 1.6 ±3.9 0.8 ± 5.9 

(ANN = artificial neural network, post-op = post-operative,  S D = standard deviation) 

Table 3.16: Accuracy of computer-Cobb and neural-network "J-Cobb" estimates of the clinical 

Cobb angle in 153 scans of 52 patients. 
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Figure 3.11: Accuracy of two methods of Cobb angle estimation in 153 scans of 52 patients, 

(left) Correlation of clinical Cobb angle and "J-Cobb angle" estimated by neural network from torso 

asymmetry, (right) correlation of clinical Cobb angle and computer-Cobb angle calculated from 3D 

X-ray spinal reconstruction. 



C H A P T E R 4: DISCUSSION & CONCLUSIONS 



4.1. Significance of results from investigative studies 
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4.1.1. Neural network estimation of rib rotation from 3D spinal deformity 

This study (section 3.1) was the first comparison of the predictive accuracy of artificial 

neural networks (ANN's) and linear regression in a scoliosis-related problem, namely the 

prediction of rib rotation from indices of spinal deformity including vertebral rotation, the 

Cobb angle, curve apex location and orientation of the plane of maximal deformity. The 

A N N outperformed regression substantially both in estimation of rib rotation within 7.5° 

of the true value (86% correct for A N N vs. 64% for regression ) and in sensitivity to large 

rib rotations >10.5° (SN = 71% vs. 29%). This demonstrated that neural networks were 

useful in scoliosis research, improving upon the accuracy of linear regression to relate 

scoliotic spinal deformity to the associated rib rotation. 

This study highlighted the need to select and combine input indices carefully to provide 

appropriate information to the neural network. Effective A N N inputs did not need to 

have strong linear correlations to output, but could also be indices that assisted the A N N 

in classifying the input data. For example, apex location was not expected to vary 

linearly with rib rotation, but was added for neural network use in sorting curves by 

vertebral level, allowing networks C and D using apex location as an input to outperform 

the other models. While neural networks could be expected to function best with a 

wealth of input data, model A performed relatively well with only a single input 

(vertebral rotation), correctly classifying 57% and 58% of the test and training sets, 

respectively (compared to 29% and 30% for the comparable regression model). Addition 

of other input indices had varying effects on A N N and regression accuracy. Compared to 

model  A, addition of the Cobb angle reduced network performance (model B), while 

addition of the orientation of the plane of maximal curvature as a third input restored 

accuracy (model E). While all network models were similarly accurate (-60% classified 

within the correct 7° category), the fact that different curves were correctly categorized 

by each model suggested that it could be possible to combine the indices in a way that 

would further improve accuracy. 
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This study also provided practical experience in neural-network operation. We learned 

that certain steps (e.g., adding noise to input data or predicting output in categories) 

added more to processing time than they improved results, while other steps (e.g., index 

selection) required careful attention. We also learned that while the basic gradient-

descent algorithm was simple enough to be programmed by a non-expert, the more 

complex neural-network algorithms in a commercial package such as Matlab provided 

somewhat improved accuracy and much improved convergence speed. With neural-

network techniques validated and familiar, we turned our attention to torso surface 

modeling, because if rib rotation was related to spinal deformity in a way that neural 

networks could decipher, then the same was likely to be true of the relation between 

surface and spinal deformities in scoliosis. 

4.1.2. Accuracy and reliability of torso surface modelling 

Accuracy of the surface scan system was acceptable on test objects including a block and 

cylinder, and was greater but still reasonable on human subjects. Mean inter-scan 

variability in measured distances averaged 0.8-1.0% on test objects and 2.1% (~5 mm) on 

human subjects. Subject motion was reassuringly small during scans (1.4+0.7 mm) and 

also relatively small in the 1-5 min interval between scans (<20 mm). Accuracy was 

poorest at the edges of each scanned cloud of points due to increased distance from the 

scanner, leading to inter-scanner error of 8.9±3.8 mm on markers seen in two scanners, 

mostly in the horizontal plane. Despite these errors and inconsistent C7 marker 

placement, radiation-free estimation of vertical location based on C7 and PSIS skin 

marker locations and relative vertebral heights in normal adults was accurate within ±1 

vertebral level in >95% of cases, with an average error of ±13 mm (SD). With this level 

of accuracy, time-consuming palpation and marking of each spinous process was deemed 

unnecessary. A concern regarding scan system accuracy was that inter-scanner error 

(particularly in the horizontal plane) increased rapidly in the last year of the study as the 

scan system aged. 
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A reference axis system based on the mean principal axes (PAX) of lower-lumbar torso 

cross-sections (L2-L5) differed by 4.1±2.5° from the reference axis system based on the 

line joining PSIS skin markers, compared to the estimated 2.5° range of error in 

orientation of the PSIS-based axis due to variability of marker locations. This 

demonstrated that the principal axes calculated from lower-lumbar cross sections 

accurately reflected real pelvic orientation based on skin markers, which was an 

important confirmation that principal axes had real physical meaning. The PAX-based 

axis system was an acceptable substitute for the PSIS-based system in the rare cases 

when PSIS markers could not be accurately located from the scan data. 

Indices of torso asymmetry were generally based on integration of many points in each 

cross section, reducing sensitivity to changes in the location of individual points on the 

cross section outline. Thus, differences in most index values due to approximating-spline 

smoothing of contour outlines or to Fourier-smoothing of index-vs.-vertical level curves 

were virtually nil. Inter-scan variability in key indices was very small in test scans of a 

mannequin and -10% from first to last scan in the routine 5-minute clinical protocol used 

in patients, except for spinous process line location which varied by up to 49% between 

scans. This high variability was likely because we did not physically mark the spinous 

process line but estimated it by a complicated and operator-dependent computer 

algorithm (section 2.4.9). 

These studies indicated that the surface model produced by our four-scanner system was 

as accurate as the available 3D X-ray system and comparable in accuracy to other 

scanners, though with error in individual point location of up to 5 mm, and that the key 

indices of asymmetry derived from the model were accurate and reliable within 

reasonable limits. We therefore proceeded to use the surface model and associated 

asymmetry indices in an attempt to relate surface and spinal deformity. 
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4.1.3. Correlation of torso asymmetry indices to the Cobb angle 

After optimizing the zone of calculation of each of >250 variations of torso asymmetry 

indices and removing redundant indices, 47 indices of torso asymmetry and clinical 

descriptors (e.g., age and bracing status) remained (section 3.3). Asymmetry at the torso 

surface was relatively mild compared to the underlying spinal curvature, likely due to 

compensatory effects such as vertebral rotation into the convexity of a spinal curve that 

tended to minimize the "net" deformity. We found 5 indices of torso asymmetry that 

correlated to the Cobb angle with r = 0.75-0.80 in 48 patients, related to the rib hump and 

to cross-sectional asymmetry of area (left-right difference in rear quarter-areas), first 

moments of area (centroid location, antero-posterior asymmetry of half-centroids) and 

second moments of area (principal axis orientation). These indices were in most cases 

not highly redundant (r < 0.65 to each other). Indices of asymmetry correlated equally 

well to the Cobb angle when computed in terms of first and second moments of area, 

perhaps because while second-moment indices were more sensitive to asymmetry due to 

spinal deformity, they were also more sensitive to non-spine-related asymmetries due to 

factors such as variation in posture. The best correlations to spinal deformity were 

obtained in the lumbar torso, since normal postural rotation and arm asymmetry produced 

non-spine-related asymmetries in the thoracic region, and in the rear quarter-sections of 

the torso, likely by avoiding anterior asymmetries such as unequal breasts or bulging 

abdominal organs. Cutting of cross sections into half- or quarter-areas for asymmetry 

calculations was best done along sectional principal axes to reduce the confounding effect 

of en bloc trunk rotation. 

We used indices of torso asymmetry that in some cases related differently to spinal 

deformity than others have found. Back surface asymmetry measured by an angle (BSR) 

correlated poorly to the Cobb angle (r = 0.55), though when measured linearly as rib 

hump the correlation (r = 0.75) was closer to that observed by Stokes (0.7-0.88) (Stokes, 

1989; Stokes and Moreland, 1989). The difference between linear and angular measures 

may have been because the angle of BSR (mean value: 7+3°) was more sensitive to the 
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4.2 mm average scanner error in location of surface points (Tardif et a l , 2000a) than the 

linearly measured rib hump (mean value: 13±8 mm). The lower correlation of BSR to 

the Cobb angle in our study may also have been due to differing methodology. Stokes 

reported BSR between known endpoints of each patient's primary spinal curve, whereas 

we used no a priori information about the spinal curve location, computing the range of 

rotation within a fixed zone. Indices of spinous process line asymmetry also did not 

correlate as well to the Cobb angle as others have found (r = 0.54 vs. 0.66-0.94, section 

1.4.3), likely because of the unacceptably high (up to 49%) inter-scan variability of the 

spinous process line located by our visual method (sections 2.4.9 and 4.1.2). 

Rotations of the back surface and of the cross-sectional principal axes (BSR and PAX) 

correlated only moderately to each other and P A X rotation was more closely related to 

the Cobb angle than BSR (r = 0.77 vs. 0.55), supporting our belief that the surface 

deformity of scoliosis was not completely defined by rotation of the back surface alone as 

other groups have implicitly hypothesized by limiting their studies to scans of the back 

surface (Liu et al., 2001; Theologis et a l , 1997; Thometz et al., 2000; Tredwell and 

Bannon, 1988). 

It was reasonable to assume that each scan was an independent data unit, given that key 

surface-spine correlations and the measured accuracy of Cobb angle estimation changed 

by at most 5% when using an average of 2.4 scans per patient (n = 115) compared to just 

one scan per patient (n = 48). This simplified the task of subgroup analysis since a larger 

"n" was available and will be useful in planning the sample size of future studies, though 

caution and re-testing will be required since this was only a convenient empiric result, not 

a proof of independence of data. Fortunately, for neural network analysis any data set 

relating surface and spine would be useful for network training even if highly related to 

other data (e.g., repeated data sets from the same patient on subsequent days). The issue 

of data independence is only relevant for linear regression modeling and calculation of 
linear correlations between indices. 
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Stepwise linear regression modeling combined torso asymmetry indices including rib 

hump, lateral deviation, cross-sectional principal axis rotation and left-right shape 

asymmetry with the patient bracing status to estimate the Cobb angle in 48 patients with a 

standard error of 6.1° and a correlation to the actual Cobb angle of r = 0.91. Especially 

considering the heterogeneous patient group studied here, this accuracy was high 

compared to previous studies (section 1.4) (Dawson et al., 1993; Huang, 1997; Stokes 

and Moreland, 1989). Accuracy of Cobb angle estimation improved by up to 50% when 

"local" regression models were trained on subgroups of patients divided based on clinical 

characteristics such as bracing status, age, curve severity and curve direction. The set of 

indices most related to the Cobb angle was different for each subgroup, for example in 

braced patients (torso lateral deviation and imbalance) and unbraced patients (age, rib 

hump and left-right variation in antero-posterior torso width). Torso asymmetry 

generally correlated better to the Cobb angle as curve severity increased, perhaps partly 

because patients with more severe curves received braces that forced their torsos to 

conform to a certain posture. Conceptually, the improved correlations in more severe 

curves might be due to a higher ratio of "signal" (asymmetry due to spinal deformity) to 

"noise" (asymmetry due to other causes such as variations in posture and measurement 

errors). The scan system tested here would be more sensitive and specific at detecting 

progression of a moderate curve (e.g., to the point where bracing would be required) than 

at initial diagnosis of a mild scoliosis. 

This study demonstrated that certain torso asymmetry indices related well to the Cobb 

angle individually and very well when combined in regression models, particularly in 

subgroups of patients with similar clinical characteristics. Despite accurate Cobb angle 

estimation, the regression model used in this study was limited in that it only detected 

linear correlations and also because it did not estimate scoliosis severity in patients to 

whom it had not been exposed. In our final study we used a variety of correlative 
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methods, each trained from the bulk of the study data, to estimate the Cobb angle in the 

remaining "new" patients. 

4.1.4. Neural network estimation of Cobb anglefrom torso asymmetry 

In the pilot study using neural network analysis of torso surface asymmetry indices in 65 

scans of 40 patients, the computer-Cobb angle was estimated within 0.5 standard 

deviations (6.3°) in 63% (and within 12.7° in 94%) of a test set of scoliosis patients and 

the apex location was determined ±1 vertebral level in 81% of a test set of thoracic 

curves. Consistent with the results of our earlier rib-spine correlation study (section 3.1), 

the neural network was more generalizable than linear regression (63% vs. 44% of Cobb 

angle estimates were correct in the test set of "new" data). This encouraged us to 

optimize Cobb angle estimation using our entire data set and the 47 available indices of 

surface deformity. 

Successful prediction of the Cobb angle from torso asymmetry should be accurate within 

5-10° to match the sensitivity of X-rays in detection of curve progression (section 1.1.5) 

while allowing for measurement error in the clinical Cobb angle (section 1.3.1). In our 

study of 115 scans of 48 patients, the best of four combinations of index-selection and 

surface-spine-correlation techniques for analysis of surface asymmetry indices was a 

genetic algorithm-neural network (GANN), which predicted the Cobb angle within 5° in 

65% of the test set (and within 10° in 84%). This was much higher than the 25% of Cobb 

angles correctly estimated within 5° in a comparable study predicting the Cobb angle by 

linear regression from indices of back surface asymmetry in 104 patients (Stokes and 

Moreland, 1989). The G A N N was also 30% more accurate than the neural network in 

our pilot study using a limited set of torso indices, and 20-40% more accurate than other 

techniques of index selection and surface-spine correlation including principal 

component analysis and stepwise linear regression. The final G A - A N N estimated the 

Cobb angle within 6.7° (SD) in the test set, which at first glance was not as accurate as 

the 6.1° (SD) found by a simpler linear regression model in our earlier study (section 
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3.3.4). However, the later study required the G A - A N N to performing a different and 

more difficult task than the earlier study: in the final study, models including the GA-

A N N were estimating the Cobb angle in new data not seen during training, while the 

regression model in the earlier study was simply correlating all data it had been exposed 

to, in effect studying only a "training set." G A - A N N accuracy in the training set (3.9° 

SD, Table 3.12) was substantially better than the earlier regression model (6.1° SD). 

Highlighting the clinical relevance of these results, G A N N estimation of the Cobb angle 

was most sensitive and specific (SN and SP both > 0.8) in the important 25-40° range 

where decisions to apply bracing or surgical treatment are made, and the G A N N correctly 

classified 92% of the test set (and 93% of the training set) into one of three groups 

representing those likely to be treated by observation (0-30°), bracing (30-50°) or surgery 

(50°+). These groups were based on current treatment guidelines (section 1.1.7), so that 

if an untreated patient had a curve <25° that was being monitored by the torso scan 

system, if it progressed by >5° to 31° or more, the G A N N would classify the patient as 

entering the "bracing" group, which could trigger a clinical review to decide on 

appropriate treatment. 

The indices contributing to G A N N results were interpretable clinically. We found that 

the Cobb angle was best estimated by combining indices measured from asymmetry of 

the 360° torso shape (principal axis rotation, left-right differences in half-centroid 

locations, eccentricity), from the back surface (rib hump), and from clinical descriptors 

(height, body mass index, diagnostic category). Interestingly, bracing status was not used 

explicitly as a G A N N input despite its use by linear regression estimation of the Cobb 

angle (section 3.3.4). It is possible that bracing introduced non-linear effects on the torso 

that the G A N N was able to infer from relations among the variety of other indices 

presented to the network but which the regression model, limited to linear analysis, could 

not account for without direct knowledge of bracing status. Network perturbation 

allowed us to determine the relative importance of each input to the G A N N in a way 
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similar to the study of regression coefficients and significance of contribution of each 

input to regression models. 

The "global" G A N N model, trained on all patients except the test set, varied in 

performance among subgroups of patients with different clinical characteristics. Cobb 

angle estimation was most accurate in older patients (perhaps due to more consistent 

posture), in leftward curves (a small group that may have had a more consistent pattern 

than the diverse group of rightward curves), and in unbraced patients (likely because 

bracing mechanically altered the relation between the torso surface and the spine). These 

patterns were consistent with our earlier linear-regression study (section 3.4.4). While 

we did not have sufficient data to generate "local" A N N models trained only on specific 

subgroups, the improved Cobb angle predictions that we observed from "local" 

regression models compared to the "global" regression model trained on the entire data 

set (section 3.4.4) implied that use of "local" A N N models could also result in improved 

accuracy in those groups. As the data set grows, we envision a clinical procedure where 

the patient is given a baseline torso scan and X-rays at diagnosis, is assigned to the 

appropriate subgroup based on age, sex and curve parameters, and is then monitored by 

torso scans analyzed by an A N N specifically trained on other patients in that subgroup, 

being re-X-rayed only if the ANN-estimated "J-Cobb angle" progresses. 

A N N predictions were relatively robust in the face of the many random errors that were 

present in each trial. "Fitness" (a measure of predictive accuracy) varied by -3% (SD) 

with repeated A N N trials, by 3% with different internal network architectures, and by 

~4% with different splits of the data into learning and validation sets. These variations 

were large enough to influence results, but the primary source of variation was the 

random splitting of data into training and test sets, which when repeated caused "fitness" 

of linear regression and neural network models to vary by up to 8% (SD). These 

variations in performance would likely decrease with a larger sample size, since the 
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importance of each individual data unit and of coincidental relations among data in the 

training set would then be reduced. 

This study compared several techniques for index selection and Cobb angle estimation. 

Index selection by principal component analysis (PCA) did not improve performance 

compared to use of stepwise linear regression. This could have been anticipated since the 

principal components were nothing more than linear combinations of the original indices. 

We had hoped that the weightings of principal components would direct attention to the 

most important input indices, however, the principal components were equally weighted 

in nearly all input indices. Thus, the results of PCA were neither more accurate nor more 

easily interpretable than those of stepwise regression analysis. In contrast, index 

selection by genetic algorithm (GA) led to better Cobb angle predictions than either PCA 

or regression, though the  GA was much more computationally intensive (i.e., slower). 

Cobb angle estimation by neural network using any of the three index-selection methods 

was more accurate than by linear regression. Neural-network results were also as easily 

interpretable clinically as linear regression, since an estimate of the Cobb angle was 

produced by both methods and the relative importance of each neural-network input was 

measurable by network perturbation. 

4.1.5. Correlation of three Cobb angles (clinical, computer-Cobb and J-Cobb) 

The "true" Cobb angle defining the severity of spinal lateral curvature cannot be 

measured precisely, only estimated by one of several techniques. The most common 

estimator of the Cobb angle is the "clinical Cobb angle" measured by protractor from an 

X-ray, but this estimator has a high intra- and inter-observer variability in measurement 

(section 1.3.1). The success of attempts to estimate the Cobb angle by other methods 

must be assessed in the context of this variability. In this study we estimated the Cobb 

angle by the usual clinical means and by two additional approaches: genetic-algorithm-

neural-network analysis of torso asymmetry indices (the "J-Cobb angle"), and the 

"computer-Cobb angle" derived from 3D X-ray spinal reconstructions. The clinical Cobb 



138 

angle, the computer-Cobb angle (section 1.3.2) and the J-Cobb angle (computed using the 

17 indices selected by genetic algorithm in the previous study) were obtained for each of 

153 scans of 52 patients, including 10 scans of 6 patients who had had spinal fusion 

surgery. Comparing the three estimators of scoliosis severity, the computer-Cobb angle 

was no closer to the clinical Cobb angle than the J-Cobb angle (both varying from the 

clinical Cobb angle by a standard deviation of 6°), even though the computer-Cobb angle 

was calculated using the same PA-0 X-ray used to measure the clinical Cobb angle in 

each patient. 

Each method of Cobb angle estimation had specific limitations. The computer-Cobb 

angle was least accurate in patients with mild curves (<15°) where the Fourier-series 

approximation of spinal curves located curve endpoints less reliably than in larger curves, 

and the J-Cobb angle was least accurate in post-operative patients, where presumably the 

spinal fusion surgery altered the normal relation between surface and spinal geometry. 

Differences between the computer-Cobb angle and clinical Cobb angle could likely be 

reduced by constraining curve endpoints in both to be the same, though the improvement 

would likely be small. One group found the inter-observer variability of the clinical 

Cobb angle to decrease by just 12% when endpoints were constrained to be the same for 

each observer (Morrissy et al., 1990). The neural network was less accurate in this group 

(SD 5.9°) than in the previous study (SD 3.9° in the training set), likely because this 

group included post-operative patients and included the November, 2000 data collection 

that had substantially higher surface-scan error than the previous five data collections 

(likely due to aging of the scan system; section 3.2.3). 

The observed accuracy of Cobb angle estimation (differing by 0.8±5.9° in 153 scans of 

52 patients) was superior to that of other studies.  An early study using manual profiling 

of the back surface could find no reasonable correlation between surface indices and the 

Cobb angle (Thulbourne and Gillespie, 1976). Estimation of the Cobb angle by 

scoliometer in 442 patients referred from scoliosis screening differed from the actual 
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Cobb angle by 5.6±3.2°, which was a wide range given that these patients had mostly 

mild curves with Cobb angles averaging 21° (Korovessis and Stamatakis, 1996), while 

regression analysis of raster back-surface scans was only able to estimate the Cobb angle 

within 5° in 25% of 104 patients (Stokes and Moreland, 1989), and the Quantec angle 

measured on the spinous process line in a recent study of 149 patients differed from the 

Cobb angle by 5.7±9.1° for thoracic curves (Thometz et al., 2000). 

This study showed that neural-network analysis of torso asymmetry (without use of X-ray 

data) estimated the Cobb angle equally well as computer estimation of the Cobb angle 

from 3D analysis of the same X-rays used for Cobb angle measurement (SD for both = 

6°). It is possible that accuracy of Cobb angle estimation may have neared an upper limit 

related to the high intra- and inter-observer variability in measurement of the clinical 

Cobb angle (95% C.I. up to 9°), which has always been a drawback to the use of the 

Cobb angle to measure scoliosis severity and progression (section 1.3.1). 

4.2. Limitations 

Some fundamental assumptions and limitations of this dissertation should be considered 

when interpreting its results. The dissertation documents a feasibility study of surface-

spine relations in scoliosis, with limitations related to the cross-sectional study design, the 

size and nature of the data set, and the available technology and clinical protocol. The 

use of the Cobb angle as the gold standard of scoliosis severity that it was our objective 

to estimate was problematic given its incomplete 2-D description of 3D scoliotic 

deformity and its wide measurement error (section 1.3.1). Nonetheless, this was 

unavoidable given the state of understanding of scoliosis because no index other than the 

Cobb angle and its variants (e.g., Ferguson angle) was generally accepted as a basis for 

clinical decision-making in scoliosis. Because the studies relating surface and spinal 

deformity were cross-sectional in nature, we were unable to examine cause-and-effect 

relations such as the effect of bracing on the torso surface and spine deformities in 

individual patients. Since this study used data collected in the first years of a long-term 
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longitudinal study designed to detect scoliosis progression, data were collected in the 

same group of patients at several semi-annual time points. To increase the available 

sample size for several data analyses, each data unit was assumed to be unique and 

independent, an assumption that we showed to be reasonable empirically (Table 3.7) but 

which had weaker statistical validity than the usual assumption that only different 

patients can be independent data units. In any event, our ultimate goal is an 

understanding of scoliosis progression in terms of variation of indices over time, which 

will require different statistical methods than those used in this preliminary cross-

sectional study. There were other limitations related to the small sample size (at most 

153 scans in 52 patients). We had almost as many input indices (47) as patients (52), 

leading to concerns about overdetermined statistical models and potential bias of 

regression coefficients. The main thrust of the dissertation, however, was not to define 

exactly which torso asymmetry indices best related to spinal deformity but to demonstrate 

that taken together, a group of these indices could estimate spinal deformity accurately. 

The contribution of individual indices to this estimation would logically be tested more 

thoroughly and formally with growth of the data set over time. 

Both regression and neural-network models tended to "over-fit" the training set, 

estimating the Cobb angle more accurately in this set than in the test set of new data. 

That is a common problem with small data sets (Demuth and Beale, 2000; Naes et al., 

1993), and the tendency to over-fit was less in the final neural-network study (n =115) 

than in the pilot study (n = 65) (section 3.4), suggesting that exposing the network to a 

still-larger data set would continue to improve predictive accuracy in the test set until it 

was close to that of the training set. That improvement would be comparable to the 

improvement in clinical practice one would expect of a physician as he or she 

experienced a wider variety of cases. Neural-network and regression model accuracy 

varied by up to 8% (SD) when trained on repeated random subdivisions of the available 

data, a variation that would also likely be reduced with enlargement of the data set. 
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To use the small available data set most effectively, the study inclusion criteria mixed 

untreated and treated patients (even including post-operative patients in certain analyses). 

That was intended to expose the neural network to as wide a variety of patients as 

possible, though since bracing mechanically altered the normal relation between surface 

and spinal deformities (Labelle et a l , 1996), we risked degrading our correlations by 

blending the two groups. In the end, the neural network and linear regression models 

were able to estimate the Cobb angle with reasonable accuracy even in the combined 

group, though accuracy was improved when the braced or unbraced subgroups were 

considered individually. A larger data set would enable training of "local" neural 

network models on these subgroups, and in groups further subdivided by parameters such 

as age and curve direction. 

The results obtained in this dissertation were also limited by the available technology. 

The ideal tool to link surface and spinal deformity through simultaneous measurement 

would probably be MRI (section 1.2.2), but in a world of limited funding we tested 

surface-spine relations using two technologies separate in time (by 1-5 minutes through 

our clinical protocol alternating torso scans and X-rays) and space (by the inevitably 

imperfect superposition of scan and X-ray data). The scan system was subject to errors 

of ~5 mm in location of each torso surface point. Though we used a positioning frame to 

limit movements (section 2.3.1), even if the scan system could capture torso surface 

shape with perfect accuracy it was impossible to define the "true" torso shape since 

patients changed posture between scans and moved slightly during each scan. The best 

we could hope for was to capture with as much accuracy as possible a reasonably 

reproducible and natural patient posture to relate to spinal deformity. 

We found several flaws in our data collection protocol that could be improved in the 

future. We designed the positioning frame to stabilize patients with their arms 

outstretched so that the entire torso shape could be captured, but patients often held up 

their arms asymmetrically, reducing the usefulness of indices of upper-thoracic 
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asymmetry.  An alternative would be to scan patients with their arms resting by their 

sides and use image segmentation algorithms to remove the arms mathematically if 

necessary. We used the PA-0 / PA-20 X-ray sequence in an attempt to reconstruct the rib 

cage (section 1.3.5), but because indices of rib cage deformity were not necessary to the 

final surface-spine correlation, an updated clinical protocol could revert to the PA-0 / 

lateral X-ray sequence, which would substantially improve accuracy of X-ray 

reconstruction in the antero-posterior direction (section 2.2.1). Surface markers would 

have been located more accurately if scanners were positioned at 45° to their current 

locations to minimize the scanner-to-marker distance, if markers were bright rather than 

dark and if a denser vertical spacing of data points was used. These should be 

considerations when developing or purchasing new surface scan equipment. The C7 skin 

marker was placed on the most prominent upper-back vertebra, which was sometimes  T l 

(Turner-Smith et a l , 1988); accuracy of marker location may have been improved if C7 

was located by palpating and counting up from L5. Surface-spine correlations would 

likely have been improved substantially by obtaining spinous process locations directly 

(e.g., by palpation and marking of spinous processes or by digitization of 3D spinous 

process coordinates by a handheld device (Letts et al., 1988)), since visual estimation of 

the spinous process line proved unreliable. Overall, the suggested improvements to the 

clinical protocol were minor and many of the study limitations would be expected to 

disappear with collection of a larger data set over time. 

4.3. Summary 

People with scoliosis develop a three-dimensional spinal deformity, visible as one or 

more lateral curves to the left or right in frontal-plane X-rays and associated with trunk 

and rib cage asymmetry. The spinal deformity, initiated during childhood, may progress 

rapidly during the adolescent growth spurt, leading to aesthetic deformity, pain, 

osteoarthritic changes in the spine, and in rare cases disability or death via reduced lung 

capacity. Curve progression is currently monitored with full spinal X-rays. The cancer 

risk associated with these X-rays would be reduced if progression could be accurately 
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assessed from changes in torso deformity alone. Torso deformity is often the first clue to 

diagnosis of scoliosis and remains the most obvious aspect of scoliosis for the patient. 

However, the relation between torso and spinal deformity is complex and difficult to 

describe analytically. Indices such as back surface rotation and curvature of the line of 

spinous processes have been shown to correlate moderately to the Cobb angle of scoliosis 

severity, but not sufficiently closely to enable accurate estimation of the Cobb angle 

without use of X-rays (Bunnell, 1984; Dawson et al., 1993; Huang, 1997; Moreland et al., 

1981; Stokes and Moreland, 1989; Thulbourne and Gillespie, 1976; Turner-Smith et al., 

1988). This dissertation documented a method of acquiring comprehensive data defining 

the 360° torso surface shape and reducing these data to a compact collection of indices of 

torso asymmetry that together were used to accurately estimate scoliosis severity by 

linear regression and neural network analysis. 

As part of routine clinical follow-up, scoliosis patients received two X-rays that were 

used to generate 3D spinal reconstructions, and remained in the same position for laser 

scans of their torso surface shape. Up to 65,000 surface coordinates from four laser 

scanners mounted on a ring surrounding the patient were integrated using a 

computationally efficient contouring algorithm. Parameters of asymmetry were 

measured at multiple vertical levels based on the location of specific points on the torso 

surface as well as on geometric properties of the entire cross-section and of the left and 

right halves of the section, defined by areas and first and second moments of area. 

Indices such as the extrema and range of variation of each parameter were recorded for 

the range of vertical levels that gave the highest correlation to the Cobb angle. 

Redundant indices were removed to reduce the resulting set of >250 indices to just 47, 

including clinical descriptors such as age and bracing status. Linear regression and 

artificial neural network models estimated the Cobb angle from indices selected from the 

47 available via assessment of contribution to regression modeling, principal component 

analysis, or a genetic algorithm. The reliability of surface modeling and index 

acquisition was established by tests on objects and humans, while variability in neural 
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network and linear regression accuracy was assessed by repeated trials in different 

random subdivisions of the data set. Pilot studies showed that neural networks related 

both rib asymmetry and torso surface asymmetry to spinal deformity more accurately 

than linear regression. 

The most successful Cobb angle estimation, by neural network analysis of 17 indices 

selected by genetic algorithm, was within a standard deviation of 4° in 89 scans on which 

the model was trained and 6° in 26 scans on which the trained model was tested. This 

model also correctly categorized Cobb angles as mild (0-30°), moderate (30-50°) or 

severe (>50°) in 93% of the training set and 92% of the test set. The computer-Cobb 

angle and the actual Cobb angle measured from the same X-rays differed by a standard 

deviation of 6°, equal to the difference between the neural-network-estimated Cobb angle 

and the actual Cobb angle. Accuracy of Cobb angle estimation improved when patients 

were divided into subgroups divided based on age, bracing status, curve severity and 

curve direction. 

4.4. Conclusions 

Taken together, the studies in this dissertation showed that complex torso surface data 

could be integrated into a compact set of clinically understandable indices of asymmetry 

and that a neural network presented with these input indices could estimate the currently 

accepted index of scoliosis severity (the Cobb angle) to an accuracy on the order of its 

own measurement variability. A l l methods of data analysis tested (principal component 

analysis, genetic algorithm, linear regression and neural network) gave results much more 

accurate than previous studies (e.g., Stokes and Moreland, 1989), and as a further 

improvement, the Cobb angle was estimated 30% more accurately by neural network 

than by linear regression. The improved surface-spine relation documented in this work 

was likely attributable mainly to the use of a more complete data set than in previous 

studies (i.e., full 360° torso shape) and to index derivation, the process of representing the 

available data to describe torso asymmetry in ways that related optimally to the Cobb 
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angle. The initial processing to reduce >60,000 3D data points to 47 indices of torso 

asymmetry was likely more critical to the ultimate results than the final processing that 

reduced those 47 indices to the 4-17 best predictors of the Cobb angle. From a clinical 

perspective, these results showed quantitatively that scoliosis caused the torso to rotate 

around a vertical axis, deviate laterally and deform asymmetrically between left and right 

sides. Results similar to those obtained here could likely be obtained using any 

reasonably accurate scanning device and appropriately trained neural network modeling, 

perhaps eventually allowing worldwide quantification of scoliosis severity from torso 

asymmetry using relatively simple and inexpensive equipment (e.g., one or two digital 

cameras and a laptop computer). 

Since the processes of index optimization, index selection and neural-network training 

described in this dissertation were flexible and could be used to estimate any desired 

parameter, the next challenge will be to apply these techniques to the related questions 

that arose once it was shown that surface asymmetry could be consistently related to 

spinal deformity. For example, could changes in surface asymmetry estimate changes in 

spinal deformity in a given patient over time, and could spinal deformity be better related 

to clinical outcome and surface asymmetry when defined by an index other than the Cobb 

angle (e.g., orientation of the plane of maximal curvature (section 1.3.3) or geometric 

torsion (Asher and Burton, 1999))? The techniques of this dissertation including genetic 

algorithm-neural network analysis of indices of torso cross-sectional asymmetry and 3D 

spinal deformity can be applied to data now being collected longitudinally to answer 

these questions, with the ultimate goal of diagnosing and monitoring scoliosis with 

nothing more than harmless scans of the torso surface. 

Jacob Jaremko 

December, 2001 
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