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ABSTRACT OF THE DISSERTATION
Structural and Tissue-level Adaptations of Lumbar Intervertebral Discs in Humans with
Inducible Low Back Pain Symptoms
by
Christian I. K. Weber
Doctor of Philosophy in Biomedical Engineering
Washington University in St. Louis, 2019
Professor Simon Y. Tang, Chair
Low back pain (LBP) is a devastating musculoskeletal ailment that impacts majority of
the global population. Up to 95% of cases are considered nonspecific where the origin is
unclear. Although there is a diagnosis with these cases, there lacks specificity that would help
individuals with treatment and pain management. Imaging techniques such as magnetic
resonance imaging (MRI) are primarily utilized in the diagnosis of LBP as it illuminates internal
structures of the spine. One important structure clearly identified with MRI is the intervertebral
disc (IVD) that is susceptible to injury and disease. Further, diagnostic imaging is performed
lying down where the spine and IVD are under reduced mechanical loads. It may be more
informative to image individuals standing up as the loads are up to five times greater than lying
down The importance of standing is expounded with many people experiencing pain while in
this posture. Additionally, there are relevant populations that exhibit inducible LBP symptoms
during prolonged standing. Accordingly in this population these participants are termed pain
developers (PDs) and non-pain developers (NPDs). Previous studies have offered insight into
global anatomical and physiological mechanisms of the PDs and NPDs, however, there are few
studies that examine internal joint mechanics of the spine especially within the IVD.

xi

Therefore this dissertation attempts to identify structural and tissue-level adaptations that
occur in standing that may inform on LBP diagnostic criteria. Additionally, pinpoint factors that
may demonstrate the magnitude of the pain development. These questions were investigated
through three separate aims. The first aim explores the importance of standing and sets out to
prove that a positional MRI is valid in detecting geometric IVD changes. This was completed by
imaging individuals in a positional MRI in supine and standing, and obtaining measurements
related to the spinal structure such as the Cobb angle, segmental Cobb angle, anterior-toposterior (A/P) height ratio, and IVD width. The second aim combines the technique developed
in aim one with a population with inducible LBP symptoms. Participants were imaged in a
positional MRI for 105 minutes while obtaining self-reported pain scores every 15 minutes.
Statistical analyses were utilized to investigate if separation of and NPDs was possible and then
if the measurements were associated to the PDs pain rating. The third and final aim combines
the imaging data with finite element models and artificial neural network techniques for further
exploration of the rich dataset. The finite element model was run on a single lumbar IVD for all
participants to evaluate differences in intradiscal strains between PDs and NPDs. The neural
network explored the data obtained from structural measurements, pain parameters, and
important strains to examine relationships that may have been missed with individual
approaches.
This work will aid in understanding factors associated with LBP development in standing
through the combination of imaging, mechanical and statistical models, and hopefully provide
new insights into clinical diagnosis, treatment and therapeutics.
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Chapter 1: Introduction
1.1 Structure of lumbar spine and intervertebral disc
The lumbar spine is a complex structure that promotes movement, balance, and
mechanical load management in humans1. It is comprised of five vertebrae stacked on top of one
another with intervertebral discs (IVDs) between each vertebrae with surrounded by soft tissues
such as muscles, nerves, and fat. These components create the shape and structure of the lumbar
spine1. The lumbar spine is connected to the sacrum where the hip joints meet the upper body1.
The IVDs are viscoelastic tissues that are comprised of three main parts (Figure 1-1);
cartilaginous end-plates (CEPs), the nucleus pulposus (NP) and the annulus fibrosus (AF). The
AF surrounds the NP and the CEP sits on top of the two between the vertebrae. The NP is
composed of unorganized collagen fibers, proteoglycans and water while the AF is primarily
organized collagen fibers with less proteoglycans and water, and the CEP is a thin layer of
hyaline cartilage2. The IVD helps transmit loads through the lumbar spine as it acts as an energy
dissipater. The lumbar spine and IVD are essential components to normal human movement and
function.
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Figure 1-1: The components of a spine segment; intervertebral disc (nucleus pulposus, annulus
fibrosus, cartilaginous end-plate), vertebral body, and nerve root running alongside. Adapted
from Raj, P.P Pain Practice, Volume: 8, Issue: 1, Pages: 18-44, Jan. 2008.

1.2 Overview of low back pain and degeneration
Low back pain (LBP) is a debilitating musculoskeletal ailment that affects up to 66% of
the population at least once in their lifetime3. The economic burden of LBP is enormous as
global medical costs exceed $200 billion a year4. With the increasing cost and impact that LBP
has on the population there is still difficulty in identifying the etiology. While there are plenty of
risk factors associated with LBP5,6, there is up to 95% of LBP cases with non-specific origin7,8.
Clinical cases can be classified into spine specific focusing on the overall structure of the lumbar
spine and vertebrae or IVD specific where herniations and direct injuries to the IVD are the main
contributor. Not understanding the origin of the LBP creates difficulties in assigning treatment
to patients. This exacerbates the costs associated with treatments as it is hard to determine their
effectiveness, the heterogeneity of the patient population driving a portion of the issue9. There is
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a continued challenge in determining effective treatments and identifying risk factors 10 as the
most consistent predictor for clinical LBP is a prior history of LBP11.
One strategy to better understand initiating factors of LBP has been to classify
individuals into homogenous LBP categories based on the origin of LBP 12–14. Individuals can be
classified into four major groups of stabilization, manipulation, exercise and traction12,15–17. The
classification approach helps to isolate areas that are direct causes of the pain through movement
based assessment. Establishing these movements that increase or decrease the amount of pain
that an individual experiences allows for improved treatment with targeted methods to the
specific area.
A major disc specific form of LBP is disc degeneration18. Disc degeneration or
degenerative disc disease is the process of the IVD degrading that happens through myriad
factors. Those factors include aging, injury, mechanical loading, and genetics19. In degeneration
the IVD stiffens as the NP loses water content and the collagen fibers inside the AF break apart
as proteoglycans decrease20.

1.3 Low back pain symptoms in prolonged standing
A homogenous population that stands out to investigate is one where humans develop
LBP symptoms in prolonged standing21–23. This group of individuals consists of young,
asymptomatic individuals between 18-30 years and have a body mass index (BMI) less than 30
with no history of LBP. An individual will stand up to 2 hours and is given a visual analogue
scale (VAS) to rate their pain every 15 minutes while performing tasks related to standing desk
or cashier work21–23. It has been shown that about 40-60% of the population emerge as ones that
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experience pain (pain developers – PDs) while the remainder do not (non-pain developers –
NPDs)24,25.
In this population, the pain symptoms are relieved once the individual exits the standing
position22,23. This fact highlights the transient nature of this pain that could elucidate the
initiating factors of LBP. Further, PDs have been categorized as a pre-clinical LBP
population26,27, and these individuals are three times more likely to develop a clinical episode of
LBP within two years of experiencing these symptoms compared to their NPD counterparts28.
PDs have been successfully separated from NPDs by asymmetric gluteus muscle activation 29,30.
Surface markers placed on the lumbar spine have shown that a larger lumbar lordosis is
correlated with the max pain that PDs experience24. Hip asymmetry has been shown to be an
increased risk factor for PDs25. Additionally, PDs and NPDs do not have differences in their
sensory processing of pain31. Radiographs of different standing protocols showed no pain
dependence in lumbar IV angles26 and that the distribution of lumbar IV angles in PDs are
different than NPDs32. This population continues to be explored for mechanisms behind the
induced pain symptoms with factors that have not been investigated.

1.4 Diagnostic imaging of low back pain
Radiography was the first imaging technique to be used for diagnosing LBP and injury
around the lumbar spine33,34. Radiographic techniques provided clear outlines of hard tissues
such as the vertebral bodies as the light is able to reflect back to the sensor 35. This allowed the
clean observation of injuries present around the bone areas including vertebral fracture and
spinal deformities (spondylolysis and scoliosis). As technology advanced the implementation of
better systems and methods to improve contrast of tissues of interest occurred. This resulted in
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the development of single photon emission computed tomography (SPECT)36. SPECT requires
the injection of radionuclides into a patient before scanning to improve visibility in the spine.
The introduction of SPECT improved the diagnosis of lesions in the vertebral bodies that were
from fractures or other trauma37. It was shown to be better at detection of these lesions
compared to traditional CT and radiography in chronic LBP cases38. This technique improved
the diagnosis of LBP in cases where non-radionuclides were initially performed and presented
normal lumbar spine pathology. However, the IVD with its soft tissue composition was not
observed with these radiographic based methods as the light did not reflect off of it.
Discography or diskography39 was introduced to provide analysis of discogenic pain and
diagnosis of IVD related pathologies. Discography involves injecting a solution inside the IVD
to identify the origination of pain and locate any leakages that may occur due to prolapse or disc
disease39. Eventually, a combination of CT and discography was used to improve the diagnosing
of LBP40. This technique became the gold standard in diagnosing LBP and related diseases but
ignored patient’s comfort as it induces pain. There was need for a better method that could
obtain images of the IVD without aggravating pain. The magnetic resonance imaging (MRI)
system was introduced as a non-invasive technique to obtain images of hydrated structures such
as the IVD41.
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Figure 1-2: Different imaging techniques showing vertebral fractures in the spine that are
indicative of pain. A) Lateral radiograph with arrows pointing out two spots of fracture. B) A
radionuclide scan with higher constrast in areas of fracture and white arrows pointing at those
areas. C) A MRI scan of a fracture vertebra (white arrow). Adapted from Panda, A et al. (2014).
Indian journal of endocrinology and metabolism, 18(3), 295.
The MRI was revolutionary in the understanding of the lumbar spine and IVD and how
that relates to LBP42. In the early days MRI was benchmarked against the gold standard of
discography of the capability of identifying disc degeneration. The study found that it had 99%
accuracy in diagnosing disc degeneration when compared to discography42. Additionally, the
contrasting pixel intensity created new ways to study the IVD and relate it to LBP. High
intensity zones from the images’ signal were used to identify annular disruption in patients with
back pain43. The signal intensity is the backbone for the main diagnostic for disc degeneration.
The Pfirrmann scale was created to quantify the amount of degeneration in an IVD through
observable phenomenon in the MRI44. Moreover, herniations of the IVD were found easier as
the interface between the internal structurers are clearer in MRI45.
The identification of other pathologies related to the cartilaginous end-plates of the IVD
were developed and utilized in diagnosing LBP46. In most cases, it was easier to identify nerve
root compression in MRI compared to CT47, and promoted the development of a grading system
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relied on in surgical practice48. The relationship between facet joint osteoarthritis and disc
degeneration were studied through MRI as it was easier to evaluate the diseases concurrently 49.
MRI has been innovated with higher resolutions that increase the capacity of identifying
surrounding structures that may be related to LBP50(p0). Training spinal muscle is a regularly
suggested treatment for LBP, therefore muscle has been studied in relation to LBP with MRI51,52.
The infiltration of fat into the muscles was observed using MRI and found to be strongly
associated with LBP53.
However, even with all of these advancements there still remains an overwhelming lack
of correct or specific diagnosis for most cases of LBP8. MRI has specifically shown that some
instances of pain does not equate to a clear clinical presentation54,55. This has made the
community create extensive guidelines that are continuously updated and evaluated to assure that
imaging is performed in an appropriate manner56 as excessive imaging causes unnecessary costs
to the healthcare system. The issue remains, that LBP is not always observable in the MRI. A
possibility for the discordance is that the imaging is performed lying down.

1.5 Positional magnetic resonance imaging in spine structure
Positional magnetic resonance imaging (pMRI) with an open magnet configuration
enables non-invasive imaging of human participants in different anatomical positions such as
sitting and standing57–59. The design of pMRI allows the capture of images in positions other
than supine to magnify the importance of mechanical loading on systems like the human spine.
Further, a MRI system is the best tool to observe hydrated structures such as the IVD due to the
excitation of hydrogen atoms at the basis of MRI physics41. Additionally, MRI is crucial in order
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to grade levels of IVD degeneration60,61. Therefore, the pMRI provides the opportunity to
observe spinal structures in loaded positions58,62–64.

Figure 1-3: An individual showing the capability of standing inside a pMRI scanner with the
apparent open configuration of the magnets on each side of the individual.
There has been previous work in pMRI systems targeting aspects of the lumbar spine and
the IVD. It has been shown that examining the lumbar spine in an upright position using a pMRI
improved the specificity in discriminating acute and chronic LBP populations 65 and increased the
reliability of observing stenosis and IVD degeneration66. There is also evidence that IVDs
present different degeneration characteristics in different positions like herniations67. Prior
studies have utilized pMRI to examine spinal adaptations between sitting to standing in chronic
LBP patients68. A study on athletes showed the importance of measuring supine to standing on
lumbar canal metrics69, this was also done in patients with lumbar spinal stenosis70. Changes of
the dural sac in the lumbar spine due to posture were observed using a pMRI71. Many of these
studies focus on the differences that postures have on the structures of the lumbar spine in an
assortment of populations. There is a lack of investigation on the impact of sustained loading in
humans. This has previously been avoided due to the difficulty in measuring internal loads.
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1.6 The role of finite element models in spine
Finite element models (FEMs) are useful tools in analyzing loading of in vivo systems.
FEM has been extensively used in research to understand internal mechanics of biological
systems. Simulations provide a mechanism to investigate experiments that are not realistic such
as injuries to humans. FEMs are constructed by identifying tissue geometry through
segmentation of clinical images from MRI or computed tomography based on anatomical
landmarks72–74. Three dimensional meshes are generated from these segmented images with
varying complexity depending on the application of the model75. Material properties, loading
and boundary conditions are applied to the meshes. Simulations have shifted from understanding
the internal mechanics of tissues to relevant clinical applications through patient-specific
modeling76–78. This has helped connect disease states and injuries to internal mechanisms that
originally were unavailable to researchers through traditional techniques.
There are many FEM studies that investigate the role of load sharing on the lumbar spine
and IVD in different postures to obtain internal mechanisms as it relates to LBP 79–83. FE
methods have shown the sensitivity of different loads on the spinal structures 84. Further, it has
been found that on average IVD pore pressure was larger in sitting than standing in a subject
specific model85. Previous FE studies have used disc degeneration86 and lumbar replacement
surgery as representations of injuries87. Moreover, FE studies have explored how certain
treatment methods impact the loads on the spine88. FEMs continue to assist researchers in
answering questions surrounding the internal structures and in vivo loads in the lumbar spine and
IVD.
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1.7 Machine learning approaches in spine
Machine learning (ML) and data mining (DM) are two tools that have recently been
utilized to process and understand larger data sets available to researchers. DM is mainly used to
inform unknown information about the data while ML gives input about information that is
already known. This field is ever expanding as new techniques are constantly developed,
however, the applicability to biological systems is sparse as it continues to evolve. These
techniques have started to arrive into the musculoskeletal and clinical realm as prediction models
for certain diseases and injuries89.
One specific ML technique is deep learning through artificial neural networks (ANNs).
Neural networks are algorithms that represent the neuronal structure of the human brain for
classification and regression modeling of data. ANNs are a multilayered perceptron (neuron)
network that optimizes a non-linear function to compute outputs from certain inputs. The inputs
represent the independent data that has been collected or measured and the outputs are typically
the dependent variables of the data. ANNs are described as a function that computes inputs from
weighted outputs. The weights are based on a cost function through backpropagation based on
stochastic gradient descent. The network represented in function form,

𝑓(𝑥) = 𝐾 (∑ 𝑔𝑖 (𝑥)𝑤𝑖 + 𝑤0 )
𝑖

where 𝑓(𝑥) is the input of a specific neuron , 𝐾 is an activation function that is predefined, 𝑔𝑖 (𝑥)
is the output, 𝑤𝑖 is the weight of each connection, and 𝑤0 is a bias term90.
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Figure 1-4: A representation of a neural network with three inputs, four hidden layers, and two
outputs. Black arrows represent the connections between the layers of the ANN. Adapted from
Wikipedia page of “Artificial Neural Netowrk”91.
Many of the early studies of the lumbar spine and LBP focused on identifying aspects of
the IVD and other structures within the spine92,93. Recently a study used a ML approach based
on a convolutional neural network to evaluate disc degeneration grading accuracy against current
radiological standards94. The authors were able to obtain reliability coefficients of 0.6-0.9
between radiologist and the system, highlighting the variability in accuracy of the model
compared to the standard. Another recent study used ML to investigate qualitative and
quantitative grading of lumbar spinal stenosis95. The authors found that the ML approach of
decision trees was better at predicting the quantitative aspects of grading for stenosis. The
premise of ML approaches is to help classify disease states and evaluate their accuracy compared
to humans or other statistical models.
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1.8 Questions unanswered in the literature
The central cause to non-specific LBP is still unclear. The prolonged standing paradigm
is an exceptional tool to recreate LBP symptoms in otherwise healthy individuals. Many of the
previous studies have offered insight into global anatomical and physiological mechanisms, there
are few studies that examine internal joint mechanics of the spine especially within the IVD.
Further, some studies suggest that IVD structure does not separate PDs and NPDs after
categorization, however, they are limited in analyzing the progression of the pain as imaging was
not performed during the prolonged standing.
Therefore, this dissertation seeks to answer how the internal spinal structure and tissuelevel mechanics inform on initiating factors in low back pain. Additionally, pinpoint factors that
may demonstrate the magnitude of the pain development. These questions were investigated
through three separate aims. The first aim explores the importance of standing and sets out to
prove that a pMRI is valid in detecting geometric IVD changes. This was completed by imaging
individuals in a pMRI in supine and standing, and obtaining measurements related to the spinal
structure such as the Cobb angle, segmental Cobb angle, anterior-to-posterior (A/P) height ratio,
and IVD width. The second aim combines the technique developed in aim one with the
population with inducible LBP symptoms. Participants were imaged in a pMRI for 105 minutes
while obtaining self-reported pain scores every 15 minutes. Statistical analyses were utilized to
investigate if separation of PDs and NPDs was possible and then if the measurements were
associated to the PDs pain rating. The third and final aim combines the imaging data with FEM
and ML techniques for further exploration of the rich dataset. The FEM was run first in Abaqus
software on a single L4/L5 IVD for all participants to evaluate differences in strains between
PDs and NPDs. The ML technique took all of the data obtained from structural measurements,
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pain parameters, and FEM results to examine relationships that may have been missed with
individual approaches.

1.9 Organization of the dissertation
This document is a compilation of the research conducted for the dissertation project, and
is split into six chapters. Chapter 1 surveys important background in low back pain, diagnostic
imaging, and appropriate strategies to answer the research questions. Chapter 2 shows the
importance of standing on the human spine and intervertebral disc, and validates a technique to
measure regional spine alignment and segmental measurements in a positional magnetic
resonance imaging. Chapter 3 explores factors that can discriminate pain and non-pain in a
relevant population, and if the magnitude of pain is related to any of the factors. Chapter 4
describes a technique that rapidly obtains internal strains of soft tissues in a finite element model
from MRI based images with a human IVD application. Chapter 5 examines machine learning
techniques to predict low back pain quantified with different pain parameters. Chapter 6
summarizes the results of the dissertation and postulates future directions and future research
related to the work. The appendix describes short projects that supplemented the entire work as
a whole.
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Chapter 2: Effects of Standing on Lumbar
Spine Alignment and Intervertebral Disc
Geometry in Young, Healthy Individuals
Determined by Positional Magnetic
Resonance Imaging
2.1 Abstract
Background: Most diagnostic imaging of the spine is performed in supine, a relatively unloaded
position. Although the spine is subjected to functional loading that changes the spinal alignment
and intervertebral disc geometry, little data exists on how healthy spines adapt to standing. This
study seeks to quantify the changes of the lumbar spine from supine to standing in young, backhealthy individuals using a positional magnetic resonance imaging system.
Methods: This is an observational study that examined the changes in the lumbar spine alignment
and intervertebral disc geometry between supine and standing of forty participants (19 males / 21
females) without a history of low back pain. The regional lumbar spinal alignment was measured
by the sagittal Cobb angle. Segmental intervertebral disc measurements included the segmental
Cobb angle, anterior-to-posterior height ratio, and intervertebral disc width measured at L1/L2 L5/S1 levels. Intra-class correlation was performed for intra- and inter- observer measurements.
Findings: The intra-observer intra-class correlation consistency model ranged from 0.76-0.98 with
inter-observer ranging from 0.68-0.99. The Cobb angle decreased in standing. The L5/S1
segmental Cobb angle decreased in standing. The L2/L3 and L3/L4 anterior-to-posterior height
ratios increased and the L5/S1 anterior-to-posterior height ratio decreased in standing. No
difference in intervertebral disc widths were observed from supine to standing.
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Interpretations: We established normative data for a back-healthy population, using a positional
magnetic resonance imaging system, that could inform future investigations that examine the
standing-induced adaptations of the lumbar spine in individuals with spinal or intervertebral disc
pathologies.

2.2 Introduction
The degeneration of the intervertebral disc (IVD) is a significant contributor to low back pain
(LBP)96. Despite the association between IVD degeneration and LBP, the correspondence
between the clinical presentation of LBP and IVD imaging findings is quite poor 97. One possibility
for this lack of specificity may be that most diagnostic imaging of the spine is performed in supine,
a minimally loaded position98,99. An individual in standing generates lumbar intradiscal pressures
approximately five times greater than in supine100 and complex multiaxial forces79 that result in
different tensile and shear deformations across the IVD 101,102. Compressive loading similar to that
experienced during standing is critical for maintaining spinal curvature103. Finite element methods
have been used to explore the impact of the loads in standing on the lumbar spine 72,80,104, but the
generalizability of these findings remain unclear given the number of assumptions that are required
to accurately model a complex in vivo system such as the spine. Direct observation of the spine in
standing in vivo is thus the most functionally and clinically relevant approach to determine
adaptations at the whole joint level.
Magnetic Resonance Imaging (MRI) is a commonly used radiographic technique for the
imaging of the spine and for the visualization of hydrated tissue structures such as the IVDs.
Positional MRI (pMRI) with an open magnet configuration enables the imaging of human
participants in different positions57–59; thus, the pMRI provides the opportunity to observe the

15

spinal structures in loaded positions58,62–64. Examining the lumbar spine in an upright position
using a pMRI improved the specificity in discriminating acute and chronic LBP populations65 and
increased the reliability of observing stenosis and IVD degeneration66. Prior studies have utilized
pMRI to examine spinal adaptations between sitting to standing in chronic LBP patients68, supine
to standing in athletes69, patients with lumbar spinal stenosis70, and changes of the dural sac in the
lumbar spine due to posture71. Yet examining how a non-diseased population adapts to an increase
of spinal loads is critical for understanding the initiating features of LBP.

Thus, data from a

young, healthy population without a history of LBP (‘back-healthy’) will help define the norms of
loading-induced spinal adaptations and distinguish the deviations from the norm. Moreover,
exploring the lumbar spine at the regional and segmental scales could reveal local anomalies that
contribute to the initiation of LBP. Back-healthy individuals are also susceptible to developing
LBP symptoms in prolonged standing with a high rate of developing chronic LBP later in their
life21,22,24,28–30. Therefore, examining the standing-induced adaptations in the back-healthy
population may provide predictive information prior to development of spinal pathologies.
The pMRI can be leveraged to observe adaptations across positions of the lumbar spine
using regional alignment measurements (sagittal Cobb angle) and measurements at each level of
the lumbar spine such as segmental Cobb angle, anterior-to-posterior height (A/P) ratio, and IVD
width. Therefore, the objectives of this study are to 1) investigate the effects of standing on the
spinal alignment and individual lumbar IVDs of young, back-healthy human participants ranging
from 18 to 30 years of age using pMRI, and 2) determine whether there are sex-specific
differences in these measurements due to the variations in spinal alignment between males and
females 105,106. We hypothesized that 1) the sagittal Cobb angle would be significantly different
between supine and standing, 2) individual IVDs across the lumbar spine would adapt
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differentially to standing, and 3) the change in segmental Cobb angle, A/P ratio, and IVD width
at each lumbar level from supine to standing would be different between males and females.

2.3 Methods
2.3.1 Participants
The study included forty participants (19 male / 21 female) between 18-30 years of age and
body-mass index (BMI) < 30kg/m2 (Table 1). Participants were recruited through posted flyers
and distributed emails to the community and local universities in the St. Louis metropolitan area.
Participants were excluded during screening if they reported any history of LBP. LBP was defined
as pain in the lumbar region greater than 2 on a 0-10 verbal numeric rating scale that lasted at least
24 hours that resulted in one or more of the following: (1) some type of medical intervention (e.g.,
physician, physical therapist, chiropractor); (2) three or more consecutive days of missed work or
school; (3) three or more consecutive days of altered activities of daily living. Exclusion criteria
also included a prior diagnosis of diabetes, anxiety, depression, employment in a job that involved
standing for greater than 4 hours per day or standing in one place for more than 1 hour per day
during the last 12 months, consumption of caffeinated drinks > 25 per week, consumption of
alcoholic drinks > 10 per week, or smoking cigarettes > 15 per day. None of the female participants
identified with being currently or recently pregnant. All participants read and signed an informed
consent form in accordance with the Human Research Protection Office at Washington University
School of Medicine. The participants were instructed to avoid non-habitual strenuous physical
activity (e.g., running, weight lifting) for 24 hours prior to imaging with no rescheduling required.
All imaging was performed in the afternoon after 12PM to minimize diurnal variations 107.
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Table 2-1: Characteristics of the participants presented as the mean (SD). Age (P = 0.81) and
BMI (P = 0.35) are not statistically significant between sexes.
Male (19)

Female (21)

Age (y)

24.7 (3.5)

24.9 (2.1)

Height (cm)

179.2 (7.4)

164.6 (7.8)

Weight (kg)

73.3 (9.0)

60.4 (5.2)

BMI (kg/m2)

23.0 (2.4)

22.3 (1.9)

2.3.2 Data Collection
Images of the lumbar spine (L1-S1) were obtained using the 0.6T Open UPRIGHT®
MRI (Fonar, New York, NY) system. A 3-plane localizer was used to acquire sagittal T2
weighted images (repetition time = 610 ms, echo time = 17 ms, field of view = 24 cm,
acquisition matrix = 210 x 210, slice thickness = 3 mm, no gap, scan duration = 2 min)62. This
sequence was optimized for reducing scan time and motion artifacts. A wood plank was placed
adjacent to the quad-planar coil on the MRI table to provide a continuous flat surface for the
lumbar spine (Fig. 1). The participant entered the scanner facing forward with his/her back
against the table. A pillow was placed behind the head to provide support to the neck. The table
was adjusted to a horizontal position of 180 degrees. The participant was positioned in supine for
10 minutes prior to the first scan. The MRI table then was moved to a vertical position with a 84
degree table tilt where participants were then standing. The table tilt of 84 degrees helped to
stabilize the participant and prevent motion artifacts during the imaging in standing (Fig. 1). The
pillow was removed, and a VersaRestTM device, an arm support, was placed in the scanner
underneath the wrists 5 cm below the lateral epicondyle of the elbow (Fig. 1). Participants were
told to stand normally without leaning on the sides of the magnet, back of the scanner or on the
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VersaRestTM during the scan in standing. A board-certified MRI technician conducted all
imaging. After imaging, all images were exported as DICOM files to be analyzed on Miele
(OsiriX)-LXIV (open source)108.

VersaRestTM
Wood
Plank

Figure 2-1: The pMRI with the table in supine (left) and standing (right) configurations. A wood
plank placed behind the participant to provide a continuous flat surface for the lumbar spine and
is indicated by the white arrow in the left panel. A VersaRestTM device to support the arms is
indicated by the white arrow in the right panel of the figure.

2.3.3 Regional Lumbar Spine Alignment
The four-line Cobb method, denoted here as the Cobb angle, was used to quantify
regional lumbar spine alignment109. The Cobb angle was measured between the inferior T12 and
superior S1 endplates (Fig. 2A). This measurement was obtained in supine and standing for each
participant using the mid-sagittal slice of the MR image.
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B

C

D

Figure 2-2: A representative image of the measurements in this study: A) The four-line Cobb
angle, with the white arc indicating the angle of measurement, quantifies the regional spinal
alignment. Larger Cobb angles reflect more lumbar lordosis. B) The segmental Cobb angle
describes the “wedging” of the IVD. C) The IVD width quantifies the radial bulging that occurs
in the IVD. All images are aligned in the same orientation with the left being the anterior side.
D) The anterior to posterior height (A/P) ratio quantifies the relative change of shape of the IVD.

2.3.4 Segmental IVD Measurements
The measures for each of the five lumbar IVDs, L1/L2 through L5/S1, were obtained in
supine and standing for each participant using the mid-sagittal slice of the MR image. The
measures included the segmental Cobb angle, the anterior-to-posterior height (A/P) ratio, and the
IVD width (Fig. 2B, 2C and 2D). The segmental Cobb angle was calculated as the angle created
by the line segment containing the anterior and posterior edges of the superior endplate with the
line segment containing anterior and posterior side of the inferior endplate (Fig. 2B). The heights
were calculated as the distances on the superior endplate to inferior endplate distance at the
anterior and posterior sides for each IVD level. The IVD width was defined as the maximum
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distance between the anterior and posterior bulge points of an IVD in a sagittal view (Fig. 2C).
The A/P ratio was calculated by dividing the anterior height by the posterior height (Fig. 2D).

2.3.5 Reproducibility, error and uncertainty
The intra-observer (C.W./researcher) and inter-observer (researchers) reproducibility
were indexed with the Intraclass Correlation Coefficient (ICC) using data from participants that
exhibited the greatest range of values for regional and all lumbar segments 110. A written rubric
based on anatomical landmarks (segmental Cobb angles, IVD widths, the anterior-, and
posterior- heights) was used for all segmental measurements. The intra-observer analysis was
performed using measured variables obtained on three distinct non-consecutive days. Additional
observers performed the inter-observer analysis based on the written rubric for regional and
segmental measurements with three sets of measurements on non-consecutive days.
We quantified the error associated with image resolution and its impact on the
uncertainty of IVD measurements. The resolution-based error of the MRI images was
determined by moving the coordinates of each anatomical landmark in every possible direction
and calculating the effect on the subsequent IVD measurements. The maximum uncertainty
from resolution on the measurements using this combinatorial approach were 5.2%, 5.4%, and
1.3% for segmental Cobb angle, A/P ratio, and IVD width, respectively.

2.3.6 Statistical Analyses
A three-way, repeated measures analysis of variance (ANOVA) was used to test for the
factors of position, sex, and lumbar level for each of the three segmental measurements
(segmental Cobb angles, A/P ratios, and IVD widths). Cobb angle was analyzed using a two-
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way repeated measures ANOVA to test for the factors of position and sex. Interaction terms are
denoted by an asterisk (*) in Table 2 and in the results. Post-hoc comparisons were done using
the Fisher’s least significant difference (LSD) test. Differences are significant when the
associated P-value is ≤ 0.05. Post-hoc power analysis was performed on significant results using
G*Power111.
Table 2-2: P-values for the three-way repeated measures ANOVA examining the effects of sex,
level, and position and their interactions on the segmental Cobb angle, A/P ratio, and IVD width
measurements.
P -value
Factors

Segmental Cobb angle

A/P ratio

IVD width

Sex

0.027

< 0.001

< 0.001

Level

0.004

< 0.001

< 0.001

Position

---

< 0.001

< 0.001

Sex*Level

---

---

---

Sex*Position

---

---

---

Level*Position

< 0.001

< 0.001

< 0.001

Sex*Level*Position

---

---

---

2.4 Results
All enrolled participants (n = 40) completed the supine and standing imaging sessions and
were included in all analyses.

2.4.1 Reliability of Measurements
The ICC values (with the 95% confidence interval in parentheses) for the segmental Cobb
angle, IVD width, and the anterior and posterior height measurements were 0.90 (0.79-0.96), 0.98
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(0.95-0.99), 0.89 (0.78-0.95), and 0.76 (0.58-0.89) respectively (Fig. 3). The inter-observer ICC
agreement for segmental Cobb angle, IVD width, and the anterior and posterior height
measurements were 0.89 (0.79 – 0.95), 0.99 (0.98 – 1), 0.84 (0.7 – 0.93), and 0.68 (0.46 – 0.85),
respectively. The intra-observer ICC for Cobb angle was 0.97 (0.90 – 0.99), and the inter-observer
ICC was 0.87 (0.61-0.97).
A

C

B

ICC=0.90, segmental Cobb angle

D

ICC=0.89, anterior height

ICC=0.98, width

ICC=0.76, posterior height

Figure 2-3: The intra-observer ICC values are shown for each measurement for individual IVD
levels for A) segmental Cobb angle, B) IVD width, C) anterior height, and D) posterior height.
Each axis represents an independent observer trial for the measurement. A written rubric for
measurement based on anatomical landmarks (segmental Cobb angle, IVD width, the anterior-,
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and posterior- heights) was used. The intra-observer analysis was performed using measured
variables obtained on three different non-consecutive days.

2.4.2 Regional Lumbar Spine Alignment
Position was a significant factor. The Cobb angle decreased in standing compared to supine
for all participants (Fig. 4, Table 3; P < 0.05).

70

*

60

Degrees (°)

50
40
Supine
30

Standing

20
10
0

Figure 2-4: The Cobb angle for all participants in each position show that lordosis decreases in
standing (* : Fisher’s LSD test, P < 0.05). Error bars indicate standard deviations.
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Table 2-3: The measurements of the regional lumbar spinal alignment and segmental intervertebral
disc geometry with significant P-values denoted. Values are mean with standard deviations in
parentheses.
Supine

Standing

P-value

Cobb angle

50.6 (12.6)

53.4 (11.6)

< 0.05

L1/L2 Segmental Cobb

4.86 (1.3)

4.98 (1.5)

---

L2/L3 Segmental Cobb

5.42 (1.3)

5.52 (1.3)

---

L3/L4 Segmental Cobb

5.99 (1.7)

6.65 (2.6)

---

L4/L5 Segmental Cobb

7.66 (2.3)

7.81 (2.1)

---

L5/S1 Segmental Cobb

12.0 (3.2)

9.52 (2.8)

< 0.05

L1/L2 A/P ratio

1.25 (0.27)

1.25 (0.23)

---

L2/L3 A/P ratio

1.33 (0.25)

1.47 (0.32)

< 0.05

L3/L4 A/P ratio

1.51 (0.30)

1.62 (0.44)

< 0.05

L4/L5 A/P ratio

1.71 (0.28)

1.70 (0.32)

---

L5/S1 A/P ratio

2.31 (0.63)

1.91 (0.58)

< 0.05

L1/L2 IVD width (cm)

3.33 (0.36)

3.36 (0.37)

---

L2/L3 IVD width (cm)

3.51 (0.42)

3.51 (0.39)

---

L3/L4 IVD width (cm)

3.54 (0.39)

3.52 (0.37)

---

L4/L5 IVD width (cm)

3.60 (0.42)

3.56 (0.39)

---

L5/S1 IVD width (cm)

3.51 (0.43)

3.60 (0.43)

---

2.4.3 Segmental IVD Measurements
Segmental Cobb Angle
Sex, level, and level*position all were significant factors (Table 2). Post hoc analyses
revealed that compared to supine the L5/S1 segmental Cobb angle decreased in standing (Fig. 5,
Table 3; P < 0.05).
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Supine
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Standing
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2
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L1L2

L2L3

L3L4

L4L5

L5S1

Figure 2-5: The mean segmental Cobb angles at each lumbar level for all participants in supine
and in standing. The segmental Cobb angle decreased at L5/S1 in standing (* :Fisher’s LSD test,
P < 0.05). Error bars indicate SDs.
A/P ratio
Sex, level, position, and level*position were significant factors (Table 2). Compared to supine the
L2/L3 and L3/L4 A/P ratio increased in standing (P < 0.05), and the L5/S1 A/P ratio decreased in
standing (Fig. 6, Table 3; P < 0.05).
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Figure 2-6: The A/P ratios show that L2/L3 and L3/L4 increases in standing, and decreased in
the L5/S1. (*: Fisher’s LSD test, P < 0.05). Error bars indicate SDs.
IVD Width
Sex, level, position, and level*position were significant factors (Table 2). There were no
significant differences in IVD width due to positions at lumbar levels L1/L2 to L4/L5 for all
participants (Table 3). Although the L5/S1 IVD width in standing was statistically greater than
in supine (P < 0.05), the margin of the difference (0.48%) was below the detection threshold per
our error analyses (1.3%), and thus we did not consider this difference to be meaningful.

2.5 Discussion
To our knowledge this is the first study to examine the segmental Cobb angle, A/P ratio
and IVD width from supine to standing in back-healthy males and females. Consequently, the
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objectives of this study was to investigate the effects of standing on the segmental measurements
and examine the sex differences in these adaptations. Our results indicate that the sagittal Cobb
angle was significantly decreased in standing compared to supine. Individual IVDs across the
lumbar spine exhibited adaptations that were level-dependent. Surprisingly, we did not observe
sex-dependent changes.
While other studies examined angular changes that included the vertebrae and the adjacent
IVD112,113, in this study we measured the changes between the inferior and superior vertebral
endplates of individual discs enabling observation of IVD-specific adaptations at every lumbar
level114,115. pMRI studies on Marine populations have shown that individual IVDs adapt to
external loads placed on the spine in standing62,64. The changes in segmental IVD measurements
from supine to standing in our back-healthy group show that adaptations due to increased loading
occur at multiple levels of the lumbar spine, similar to the externally loaded spine in the supine
position116. The ability of these lumbar levels to adapt may be important for the spine to distribute
loads, especially when the diminished ability of individual lumbar levels to adapt to loading are
concomitant with disease and degeneration64,117. Given that the pMRI in standing improves the
detection of IVD bulging67, the lack of bulging in these participants in standing confirms that these
IVDs are indeed relatively healthy118,119.
The reduced lordosis of our participants in standing is consistent with the observations of
another pMRI study70. Other studies using a pMRI have shown that lordosis is not different
between supine and standing with a cushion underneath their knees 71. These results are in contrast
with studies done using plain film radiography which observed more lordosis in standing 112,113,120.
The discrepancy is likely due to a pelvic tilt that has been shown to influence lumbar lordosis in
standing121, since the pelvis is strongly correlated to lumbar lordosis in supine120. In this study,
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we did not directly control for pelvic tilt by placing a pillow underneath the legs in supine. Despite
this, the measured Cobb angles in standing are consistent with a prior report that also included
young, asymptomatic individuals122. Further, it has been shown that externally applied loads
during standing can alter the lumbar spine to be in less lordosis in pMRI62–64.
The data shows that the lordosis is not different between sexes as previously reported 105,106.
Additionally, we observed that males and females comparably change from supine to standing.
Wood et al. included males and females in their study but did not specifically report on sex
differences in position112. Although we observed sex as a significant factor in the segmental
measurements, there were no interactions between sex and position, suggesting though both sexes
adapt to standing, they do not adapt differently. In this study, the decline of the Cobb angle of the
spine in standing in a young, back-healthy group with no observed translational lumbosacral
anatomies or spondylolysis/spondylolisthesis is coupled with measurable changes in the IVD
across the different lumbar levels (Fig. 5, 6).
Characterizing the IVD using measurements that are based on independent landmarks is
important for capturing the nuanced changes in the structure of the IVD 65,66,71. Using the pMRI
system, we demonstrate that it is possible to determine and reliably characterize the regional
lumbar alignment and individual lumbar IVDs using the segmental measurements of segmental
Cobb angle, A/P ratio, and IVD width. Moreover, the images obtained in standing can yield more
physiologically relevant information than a slightly higher resolution scan taken in supine due to
the differences in loading between supine and standing. Although some of the measurements made
here could also be obtained from plain film radiographs113,123, the pMRI enables the possibility of
assessing any potential involvement of IVD-specific pathologies (such as herniations) in the spinal
structural measurements. The nature of MRI also leverages the increased signal of hydrated
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microstructures in the IVD, and the 3D reconstruction capabilities of the volumetric image stack
could be utilized further for additional spatially-unbiased analyses.
There are several limitations to our study. First, although the field strength of this pMRI
system (0.6 T) is lower than typical clinical systems (1.5 T), the higher efficiency of the field
algorithm reconstructs and generates images at comparable resolutions to 1.5 T systems124. The
ICC and uncertainty analyses confirm the reliability of the measurements using the pMRI system.
The inter-observer reliability ranged from 0.68 to 0.99 and is consistent with a MRI study that
reported an inter-observer ICC range of 0.73-0.95125. Analyses of error and uncertainty in the
images reveal that the resolution can affect the measurements by 1.3%-5.4%, and thus only
differences that were greater than the uncertainty range were considered to be meaningful. Second,
the pelvic tilt, which was not directly controlled for and this may have contributed to the
participants’ variations in the supine spinal alignment. Third, although we only enrolled 40
participants in this study, the power for our discriminating measurements ranged from 0.57-0.99,
indicating that the sample size is adequate for most measures. Only the L3/L4 A/P ratio was
powered below 0.80 at 0.57.

2.6 Conclusions
This study is the first to examine the differences in regional and segmental measurements
between supine and standing positions in young, back-healthy participants using a pMRI system.
Further, we have developed and validated a method using the pMRI system to evaluate changes
in spinal measurements. Our key finding here is that the individual IVD levels within a healthy
spine adapt to loaded positions non-uniformly. These findings highlight the importance of
acquiring images in standing as they are different than the traditional MRI images in supine.
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Observing IVDs in standing and comparing symptomatic and asymptomatic individuals can be
more informative of IVD function and help elucidate the discordance between imaging findings
and LBP.
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Chapter 3: Factors Predicting Low Back
Pain Symptoms in Prolonged Standing
3.1 Introduction
Low back pain (LBP) is a debilitating musculoskeletal condition that affects up to 66% of the
population at least once in their lifetime3. The etiology of LBP is often unclear as up to 95% of
cases are categorized as nonspecific7,8. LBP populations are highly heterogeneous126,127, and
identifying risk factors and determining effective treatments 10 remain significant challenges.
Currently, the most consistent predictor for clinical LBP is a prior history of LBP 11. Therefore,
there is a critical need to better understand the initiating factors and mechanisms for development
of LBP.
Recent groups have identified a homogenous population of individuals that develop LBP
symptoms in standing21–23. This group of individuals consists of young, asymptomatic individuals
that develop LBP while standing for up to 2 hours. In individuals that experience pain (pain
developers - PDs), the symptoms are relieved once the individual exits the standing position22,23.
PDs have been recognized as a pre-clinical LBP population26,27 and these individuals are three
times more likely to develop a clinical episode of LBP within two years of experiencing LBP than
non-pain developer (NPDs)28.

Although a number of factors including gluteus muscle

activation29,30, lumbar lordosis24, hip asymmetry25, and sensory processing31 have been
investigated in individuals susceptible to LBP in prolonged standing, very few studies have
examined the morphological changes of the intervertebral disc (IVD). Studies utilizing standing
radiographs have shown that the distribution of intervertebral angles differs between PDs and
NPDs26,32.

Yet it remains unclear if spinal alignment or segmental IVD morphology can
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differentiate PDs and NPDs, and whether these measurements are associated with the magnitude
of the pain symptoms.
Magnetic resonance imaging (MRI) technology mitigates the radiation exposure that is
associated with the use of X-rays128. Further, the sensitivity of MRI in detecting the IVD
structure and composition enables the classification of IVD degeneration60,61. Positional MRI
(pMRI) provides the opportunity to observe the spinal structures in standing and other loaded
positions and may be more sensitive to specific spinal pathologies58,62–64. Using pMRI, we have
shown that segmental measurements of IVDs at different lumbar levels do not change uniformly
from supine to upright standing in back-healthy individuals129. These findings suggest that
observing PDs and NPDs in prolonged standing may help to identify the factors specific to
standing that are associated with LBP symptom development. Thus, the primary objectives of
this study are to: 1) investigate whether pMRI-based measurements of regional lumbar alignment
and of the segmental IVD distinguishes PDs from NPDs; and 2) identify variables that predict
self-reported pain symptoms in the PDs.

3.2 Materials and methods
3.2.1 Participants
The study included forty participants (19 male,21 female) between 18-30 years of age with
a body-mass index (BMI) < 30 kg/m2. We anticipated that 40-50% of participants would develop
LBP symptoms with prolonged standing based on prior work22. Participants were included if they
reported having no prior history of LBP. A history of LBP was defined as pain in the lumbar
region greater than 2 on a 0-10 verbal numeric rating scale that lasted at least 24 hours and resulted
in one or more of the following: (1) medical intervention (e.g., physician, physical therapist,
chiropractor), (2) three or more consecutive days of missed work or school, (3) three or more
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consecutive days of altered activities of daily living. Further, a participant could not have a prior
history of employment in a job that involved standing for greater than 4 hours per day or standing
in one place for more than 1 hour per day during the prior 12 months. A participant was excluded
if they had a prior diagnosis of diabetes, anxiety, depression, a history of spine trauma, or spine,
pelvic, or hip surgery, lumbar scoliosis, rheumatoid arthritis, spondylolisthesis, ankylosing
spondylitis, disc herniation, pain, numbness, or tingling below the knee, kidney or bladder
infection, a history of cancer, any pain lasting ≥ 3 months, or consumption of caffeinated drinks
> 25 per week, consumption of alcoholic drinks > 10 per week, or smoking cigarettes > 15 per
day23,31,129.
The participants first assumed the supine position for approximately 15 minutes (10
minutes of a relaxed state, 3 minutes of scan time, 2 minutes of pMRI table adjustment). They then
were instructed to stand in the scanner for up to 105 minutes while MRIs were acquired every 15
minutes. One supine MRI and up to 8 standing MRIs were acquired (t0 – t7). Additionally, every
15 minutes the participant completed a visual analogue scale (VAS). The VAS consisted of a
horizontal line, 0 – 100 mm in length, in which he marked the severity of his current LBP
symptoms, if any130,131. The participant also reported on the location of his symptoms using a Body
Pain Diagram132. If a participant reported pain greater than 0 on the VAS at any time point and
subsequent time points he was classified as a PD; otherwise he was a NPD. Participants were
allowed to exit the MRI system at any point. Their imaging was included as long as they completed
the supine MRI and at least one standing MRI. All participants read and signed an informed
consent form in accordance with the Human Research Protection Office at Washington University
School of Medicine. All imaging was performed in the afternoon after 12PM 107. Images of the
lumbar spine (L1-S1) were obtained using a 0.6T Open UPRIGHT® MRI (Fonar, New York, NY)
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system. A 3-plane localizer was used to acquire sagittal T2 weighted images (repetition time = 610
ms, echo time = 17 ms, field of view = 24 cm, acquisition matrix = 210 x 210, slice thickness = 3
mm, no gap, scan duration = 2 min)62. Participants had an arm support (VersaRestTM device)
placed in the scanner underneath the wrists 5 cm below the lateral epicondyle of the elbow. They
were told to stand as they normally would and not to lean on the VersaRest TM or on any part of
the scanner129.
Table 3-1: Characteristics of the participants. BMI - body mass index, mean ± standard
deviation. There is no difference in age (p = 0.51) and BMI (p = 0.08) between PDs and NPDs.
Age and BMI are not significantly different between male PDs and NPDs (p = 0.78, p = 0.1) or
between female PDs and NPDs (p = 0.42, p = 0.65).

Age (y)
Height (cm)
Weight (kg)
BMI (kg/m^2)

Male NPD (11)
24.9±2.7
180.5±6.6
77.1±9.3
23.6±2.3

Male PD (8)
24.4±4.3
177.7±6.5
69.1±7.6
21.9±2.2

Female NPD (9)
25.3±1.7
169.1±7.5
63.1±5.7
22.1±1.4

Female PD (12)
24.6±2.4
160.9±9.3
57.2±4.0
22.3±2.8

3.3.2 Classification of IVD Degenerative Status
A board-certified radiologist scored each lumbar IVD from the participants’ pMRI. The
radiologist assessed six different aspects of the IVDs adapted from the Pfirrmann scale 44 that
included 1) signal intensity of the nucleus, relative to the intensity of other discs in the patient, 2)
thickness of the annulus, 3) disc height and volume relative to other normal discs in the patient, 4)
disc bulging/herniation, 5) any associated endplate degenerative change, and 6) relating the
degeneration of a specific disc to the other discs in the patient. The radiologist then assigned a
degenerative value to each IVD using scoring that ranged from 0 to 100, with 0 indicating a fully
healthy, non-degenerated disc, and 100 indicating a highly degenerated disc corresponding to a
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grade 5 on the Pfirrmann scale (Fig. 1A). PDs had all lumbar levels scored for three time points
(supine, t0, and maximum VAS pain) and NPDs were scored for two time points (supine and t0).

3.2.3 Measurements of pain
Two different parameters of pain were quantified for each participant for use in statistical
analysis; (1) the maximum (Max) VAS pain rating, and (2) area-under-the-pain vs time-curve
(AUC) computed as the integral of the VAS pain-time course that incorporates the magnitude and
duration of the reported pain.

3.2.3 Measurements of regional spinal alignment and segmental IVD
morphology
The four-line Cobb method, denoted here as the Cobb angle, was used to quantify regional
lumbar spine alignment109. The measurement was obtained as previously described129 for each
time point, i.e., supine, t0 – t7. A change in Cobb angle (delta_Cobbi) was obtained for the
difference of t0 to every subsequent time point up to t7. The delta_Cobb was used to identify
changes in lumbar spine alignment associated with the pain parameters, for example, the
delta_CobbMax and delta_Cobbfinal, were used for the linear mix models for Max VAS pain rating
and AUC of the pain versus time curve, respectively.
The segmental measures for each of the five levels of lumbar IVDs, L1/L2 through L5/S1,
were obtained at all time points, supine, t0 – t7, using the mid-sagittal slice of the MR image. The
measures included the anterior-to-posterior height (A/P) ratio and the width of each IVD 129. A
change in the segmental measurements (delta_A/P i and delta_Widthi) were obtained for the
difference of t0 to every subsequent time point up to t7 to identify changes in segmental IVD
morphology associated with Max VAS pain and AUC.

36

3.2.5 Statistical Analyses
Differences in demographics (age, BMI, sex) of PDs versus NPDs was explored using a ttest. Alpha for significance was set to 0.05. The intra-class correlation coefficient for consistency
(ICCC,1) was computed to examine intra-observer reliability. A second grading session by the
radiologist was conducted three months following the first grading session.

Identifying

information of each participant was masked from the radiologist for both grading sessions.
A four-way analysis of variance (ANOVA) model was used to test the effects of pain status,
sex, intervertebral level, and position as factors for IVD degenerative status. Post-hoc comparisons
were performed using Tukey-HSD tests. Differences were defined as significant when the
associated p-value was ≤ 0.05. An asterisk (*) denotes an interaction among factors. A four-way
ANOVA was used to test the effects of pain status, sex, intervertebral level and standing duration
(time) for each segmental measurement of A/P ratio and IVD width. A three-way ANOVA was
used to test the effects of pain status, sex, and standing duration for Cobb angle. Interaction terms
were incorporated in all ANOVA models and tested for significance.
A linear mixed model was used to determine the relationship between Max VAS pain
experienced and AUC with the demographic and MRI-measured variables. The predictor variables
used in these models were age, sex, BMI, intervertebral level, delta_Cobb angle, delta_A/P and
delta_width.
The ANOVA analyses were performed in R programming language (R studio)133. The
linear mixed models were performed using SAS Base v. 9.4.
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3.3 Results
20 participants (8 M/ 12F) were classified as PDs (Table 1). 36 participants completed all
8 imaging time-points; 3 PD participants (1M, 2F) elected to exit the pMRI system prior to the
final standing time-point. One participant (1F) elected to exit the pMRI system prior to the final
standing time-point. The participant did not develop LBP symptoms and thus was classified as a
NPD. Age (p = 0.51) and BMI (p = 0.08) are not different between PDs and NPDs. Age and BMI
are not statistically significant between male PDs and NPDs (p = 0.78, p = 0.1) or between female
PDs and NPDs (p = 0.42, p = 0.65).

3.3.1 Classification of IVDs
The intra-observer ICCC,1 for the radiologist was 0.96 with a confidence interval 0.72 to
0.99. The degenerative status of IVDs was not different between PDs and NPDs at any of the levels
(p = 0.16) (Fig. 1B). Moreover, the extent of degeneration was not influenced by sex (p = 0.77)
or position (p = 0.49). The lumbar level was a significant factor in the degree of IVD degeneration
(p < 0.01), with the L5/S1 IVD having the highest degenerative score than all of the other lumbar
levels (p < 0.01) (Fig. 1C).
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Figure 3-1: A) The modified Pfirrmann scale that was used for grading the degeneration of the
IVDs split into mild, moderate, and severe. B) A box-plot of the degeneration scores do not
differ between NPDs and PDs (p = 0.80). C) A box-plot of the degeneration scores split by
intervertebral level showing that L5/S1 has greater degeneration than the other lumbar levels (p <
0.01). Point outlying the 95% confidence interval are included in the analyses and also shown
individually.

3.3.2 Regional spinal alignment and segmental IVD measurements between
PDs and NPDs
The Cobb angle did not differ by pain status (p = 0.32), by sex (p = 0.27) or over time (p
= 0.98). However, the ANOVA revealed that A/P ratio was influenced by sex (p = 0.024) and
the intervertebral level (p < 0.01). There were significant interactions of pain status*sex (p <
0.01) and pain status*level (p < 0.01). A post-hoc test on the pain status*sex interaction term
showed a divergence in A/P ratio between males and females shown in Figure 2. The female PDs
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had smaller A/P ratios than female NPDs (p < 0.01), and the male PDs had larger A/P ratios than
male NPDs (p < 0.01). The smaller A/P ratio indicated less wedging in female PDs than female
NPDs. The larger A/P ratio in male PDs indicates more wedging than male NPDs. The
significant interaction between pain status and level revealed that the changes in A/P ratio by
level is independent of pain since PDs and NPDs do not differ at any level (p > 0.1). IVD width
was significantly influenced by pain status (p < 0.01), sex (p < 0.01) and intervertebral level (p <
0.01) . Post-hoc comparisons showed that that PDs have smaller IVD widths than NPDs (p <
0.01), albeit the effect is relatively small (3.39 cm vs 3.58 cm). Males have larger IVD widths
than females (p < 0.01), and the L1/L2 is smaller than all other lumbar levels (p < 0.01).

1.3
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1.4
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1.5

A/P Ratio mean +/- 95% CI
A/P Ratio mean +/- 95% CI
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1.6

1.71.7
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Figure 3-2: A dot plot of the 95% confidence interval (CI) of the A/P ratio values for males and
females separated by pain status. The bars that do not overlap are statistically significant from
one another (p < 0.05). The female PDs A/P ratio is smaller than female NPDs (p < 0.01) while
male PDs have larger A/P ratios than their male NPD counterparts (p < 0.01).

3.4.3 Factors associated with parameters of pain in pain developers
A linear mixed model analysis was performed using the Max VAS pain as the response
variable. The overall R2 value for the model was 0.21 (p < 0.01). The partial R2 value for each
predictor variable is provided in Table 2. The significant predictors were BMI and delta Cobb .
BMI explained the largest amount of the variance (11%). The delta Cobb angle explained 3.4%
of the variance. There were no other significant predictor variables.
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A second linear mixed model analysis was performed using AUC as the response
variable. The overall R2 value for the model was 0.33 (p < 0.01). The partial R2 value for each
variable is provided in Table 3. The significant predictors were BMI and delta Cobb . BMI
explained the largest amount of the variance (25%). The delta Cobb angle explained 2.9% of the
variance. There were no other significant predictor variables in the model.
Using max VAS pain as the response variable, delta Cobb and BMI emerged as the
significant predictors. The model has an overall R2 of 0.21 with the partial R2 of each variable in
Table 3. BMI has the largest explanation of the variance at 11% with delta Cobb angle
explaining 3.4% of the variance.
Table 3-2: The linear mixed model of the response variable of maximum (Max) visual analogue
scale (VAS) pain with predictor variables in the source column. The R2 and coefficient of variation
(CV) of the model are provided in the header of the table. The p-values are shown for significant
predictor variables and their respective partial R2.

Linear mixed model of Max VAS pain; R2 = 0.21, CV = 59.8
Source
Age
BMI
Sex
delta_Cobb
delta_A/P
delta_Width
Level

DF
1
1
1
1
1
1
4

F Value
3.65
12
0.27
3.84
0.36
3.27
0.09

Model

10

2.37
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Partial R2
3.20%
10.60%
0.20%
3.40%
0.30%
2.90%
0.30%

Pr > F
-0.0008
--0.05
-----0.015

With AUC as the response variable, delta Cobb and BMI were significant predictor
variables. The model has an overall R2 of 0.33 with the partial R2 of each variable in Table 4.
BMI has the largest percentage of the R2 at 25% and delta Cobb has 2.9%.
Table 3-3: The linear mixed model of the response variable of the area-under-curve (AUC) of
pain over time with predictor variables in the source column. The R2 and coefficient of variation
(CV) of the model are provided in the header of the table. The p-values are shown for significant
predictor variables and their respective partial R2.

Linear mixed model of AUC of pain over time; R2 = 0.33, CV = 73.1
Source
Age
BMI
Sex
delta_Cobb
delta_A/P
delta_Width
Level

DF
1
1
1
1
1
1
4

F Value
3.46
32.61
0.7
3.83
0.95
1.08
0.02

Model

10

4.36

Partial R2
2.60%
24.60%
0.50%
2.90%
0.70%
0.80%
0.10%

Pr > F
-<.0001
--0.05
------<.0001

3.4 Discussion
This study examined the segmental measurements and disc degeneration measurements
in the lumbar spine within a back-healthy population that develops standing-induced LBP
symptoms. The main purpose of this study was to identify variables that distinguish PDs from
NPDs, with a secondary goal to predict pain development in PDs. We identified that the A/P
ratio was significantly different between PDs and NPDs between males and females. The Max
VAS pain rating and the AUC for the pain by time curve was predicted by BMI and the delta
Cobb angle , with BMI explaining the largest variance in both models.
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To our knowledge this is the first study to show that the degree of disc degeneration
based on the modified Pfirmann grading scale does not differ between PDs and NPDs. As this
relatively young population is not expected to have substantial disc degeneration, it is worth
noting that observed degeneration even at the lower lumbar levels was relatively mild.
Consistent with cadaveric studies that show lower lumbar IVDs being the most susceptible to
degeneration19, the highest degree of degeneration in this study was observed at the L5/S1 IVD.
The severity of the degeneration, however, was only slightly greater than a completely healthy
IVD (Fig. 1C). This suggests that early disc degeneration is unlikely related to the acute,
transient pain that developed in this population. Previously we have observed geometric
differences from supine compared to standing in back-healthy individuals in IVDs129, and we
wanted to test if those differences were related to disc degeneration scores based on the modified
Pfirmann scale. Prior studies have shown that some spinal pathologies, such as a herniation, will
only present in some postures67. In our study, however, the geometric differences observed
between supine and standing did not appear to influence the disc degeneration grading,
confirming that these individuals do not have an underlying condition related to injured IVDs.
However, the individual IVD morphology in standing does differ between PDs and
NPDs. The A/P ratio is the most selective measure of IVD morphology that discriminates PDs
in both sexes (Fig. 2). Male PDs have increasingly A/P ratios than their male NPD counterparts
while female PDs have decreasing A/P ratios than their NPD counterparts. This suggests that
male PDs have greater wedging in their IVDs than male NPDs Such a finding indicates greater
extension or a more lordotic lumbar spine. The opposite is true for female PDs. Female PDs
display less wedging than female NPDs indicating that their lumbar spines are in greater flexion
or flatter. These observations suggest that PDs develop pain symptoms when they stand away
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from the norm for their sex as males are expected to be more flexed or flat and females more
lordotic or curved105,106. Since being a PD is a risk factor for a future LBP episode28, it may be
possible to predict which individuals will develop LBP based on their individual A/P ratios
specific to their sex.
The regression analyses revealed several significant relationships between the continuous
nature of the pain and the predictor variables. The two linear mixed models explored Max VAS
pain and the AUC with demographic and structural predictor variables. The delta or change in
the morphological measurements were used to investigate shifts in regional spinal alignment and
segmental measurements related to the pain. Additionally, the delta normalizes the contribution
of each participant’s change providing an opportunity to expose the shifts in measurements in
PDs that are linked to the pain symptom. The resultant models are significantly explanatory for
these pain outcomes (R2 of 0.21 and 0.33 for Max VAS pain and AUC, respectively). No
interactions between fixed effects were explored to not dilute the importance of the predictor
variables in the model as this allows for a better understanding of the contribution of the sole
measured variables. BMI and the delta Cobb angle were significant contributing variables in
pain development. Within PDs there is a positive relationship between BMI and the two pain
parameters. Even with the recruiting criteria of BMI < 30, the larger the BMI the greater the
severity of the pain symptoms. Not surprisingly, overweight individuals with a BMI between
25-30 have elevated risk for LBP134. The emergence of BMI as a significant factor in the two
models highlights its independent influence on pain development and symptoms. The Cobb
angle did not discriminate between PDs and NPDs however it helps to explain the pain
symptoms that PDs experience. A larger Cobb angle within PDs is associated with a higher
VAS pain suggesting that PDs in extension are more likely to experience greater VAS pain,
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independent of sex. This relationship has been observed between lumbar curvature angle and
Max VAS24.
The association between Cobb angle and the magnitude of pain parameters may be
related to the difference in A/P ratio between PDs and NPDs. The Cobb angle combines
vertebrae and intervertebral disc morphology and the segmental alignment. Increased IVD
wedging across multiple levels as indicated by the A/P ratio will contribute to a larger Cobb
angle135. While a set of abnormal A/P ratios may predispose an individual to developing pain, it
is likely the culmination of adaptations across multiple spinal segments (measured by the Cobb
angle) that drives the development of the pain symptoms. Work by Viggiani et al has shown that
PDs are more susceptible to exhibiting disproportional segmental wedging at the lumbar levels32.
The sustained altered loading may also predispose the tissues to mechanical failure.
Despite low field strength utilized by the pMRI, the resulting resolution of the images are
comparable to 1.5T clinical systems124, and the measurements made from these images are
highly reproducible129. The relatively short sequencing time also helped to minimize the degree
of motion artifacts. It is worth noting however that the artifacts were more prevalent in later
images as the participants’ fatigue started to accumulate. Although the imaging protocol
described here requires a prolonged and recurrent MRI session and may not be clinically
feasible, the results show the contributions of the changes in the spinal structures that occur
simultaneously with LBP symptoms. The study here is cross sectional and correlative, therefore
it is more informative on putative mechanisms, and not the causal bases of LBP. Future work
will include an expansion of the sample size and to monitor individuals over time to determine
how these relationships change with the progression of chronic LBP symptoms.
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3.5 Conclusions
This is the first study to investigate the relationship of segmental structural measurements
and disc degeneration within a subset of population with inducible LBP symptoms using a
pMRI. While the degenerative status of the IVDs did not differ, we identified A/P ratio as an
important sex-dependent factor in discerning PDs and NPDs, demonstrating that PD stand
differently than NPDs. In PDs, the Cobb angle and BMI are strong indicators of their symptoms.
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Chapter 4: Rapid determination of internal
strains in soft tissues using an experimentally
calibrated finite element model derived from
magnetic resonance imaging
4.1 Abstract
Background: Finite element models of medical images can provide information about the
underlying tissue that cannot be obtained from the original images. Preforming an accurate
simulation requires the careful experimental calibration of boundary conditions. Here we
describe a method for deriving a geometric mesh for soft biological materials using a magnetic
resonance imaging (MRI) system, and an experimental workflow for calibrating the boundary
conditions and optimizing the mesh density in these simulations.
Methods: A three-dimensional image stack of a ballistic sphere gel, a bovine caudal
intervertebral disc (IVD), and a human lumbar IVD were generated using a positional MRI
system. These images were then segmented using a semi-automated process, converted to a
tetrahedral mesh, and then modeled as a linear elastic solid. The mesh density was optimized
based on simulation time and convergence with the experimental results. The modulus of the
ballistic gel was determined experimentally, while the material properties for the nucleus
pulposus and the annulus fibrosus within the bovine and human intervertebral discs were
assigned from literature. The simulation for the spherical gel and the bovine intervertebral disc
matched the reaction forces determined experimentally in compression. We then simulated a 0.3
MPa compressive load on the human lumbar IVD at the optimal mesh density and material
properties determined from the bovine model and then examined the resultant internal strains.
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Results: The scaled mesh density demonstrated excellent correspondence with the experimental
results, confirming that accuracy was not compromised. Both the ballistic gel and the
intervertebral disc samples exhibited a wide range of internal strains. The nucleus pulposus of
the intervertebral disc underwent greater deformation than the annulus fibrosus under loading.
Conclusions: This study validated a strategy for mesh optimization and finite element modeling
of soft biological materials from data generated from MRI scans. This calibrated approach
allows for the rapid examination of internal strain distributions medical images that can be
performed on the order of minutes.

4.2 Introduction
Magnetic resonance imaging (MRI) is commonly utilized in medical imaging to visualize
hydrated structures such as tendon, cartilage, and intervertebral discs (IVDs) 50,136,137. MR imaging
allows for differentiation between underlying tissue structures, and is informative for the diagnosis
of injury and disease 46,138,139. A three-dimensional image stack from an MRI system provides the
opportunity to examine tissue structures in a noninvasive manner, and build finite element models
(FEMs) based off of those three-dimensional tissue structures. FEMs make it possible to simulate
local tissue behavior to investigate loading conditions that are not feasible to examine
experimentally 72–74,140. Applied to medical images, FEM allows the evaluation of internal strains
resulting from injurious and physiological loading scenarios. The accuracy of this type of
simulation relies on experimentally calibrated boundary conditions that are dependent on the MRI
system.
To determine the feasibility of converting MR images of biological soft materials into a
finite element model, geometric meshes were generated by scanning a ballistic gel (commonly
used to mimic human tissues) and a bovine IVD motion segment using a 0.6 Tesla MRI

48

system. The experimental design determined the boundary conditions of these materials under
loaded conditions for the validation of the model and optimization of the mesh density. In this
study, the ballistic gel simulations converged and generated a distribution of internal strains
consistent with the strain distributions of a homogeneous soft material under compression. The
bovine IVD simulations showed that the nucleus pulposus (NP) experiences greater strains than
the annulus fibrosus (AF). When applied to a human lumbar IVD image stack using the
approximate axial weight of an adult male torso, the AF and NP internal strain distributions
similar to the loaded bovine IVD. Taken together, this approach can be broadly applied to soft
biological materials to examine the internal strains.

4.3 Methods
4.3.1 Determination of boundary conditions
Spherical ballistic gel
Ballistic gel (Gelatin#0, Hummic Medical, Greenville, SC) was formed into a spherical
gel with a diameter of 68 mm using a 3D printed mold. The spherical gel was inserted in a
custom-built compression device made by two parallel acrylic plates, attached by four 6-cm long
screws that allowed for height adjustment of the upper plate. A fluid based pressure sensor
(iScan, Tekscan, Boston, MA) was placed underneath the spherical gel to record the total force
transmitted through the ball from the compression test. The spherical gel was compressed in
steps of 5% total deformation until a 25% total deformation (17 mm) was achieved. The total
compression force (N) was divided by the cross sectional area (mm2) at the mid-height (34 mm)
of the ball to calculate an average stress (MPa).
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Bovine functional spine unit
A bovine functional spine unit (FSU) consisting of vertebrae-intervertebral disc-vertebrae
was obtained from an ox tail approximately 6 months of age from a local abattoir. The FSU was
tested intact to maintain the soft tissue constraints around the intervertebral disc (IVD). The
intervertebral disc (IVD) had a height of 10 mm measured from an MR image. The specimen
was compressed until it reached 20% deformation of the IVD (2 mm) using a 5866 model Instron
(Instron, Norwood, MA) in displacement control mode. A maximum force reading was obtained
from the Instron during compression. The total compressive force (N) was divided by the cross
sectional area (mm2) at the mid-height (5 mm) of the IVD to calculate an average stress (MPa).

4.3.2 Image Acquisition and Mesh Creation
A positional MRI (Fonar, New York, NY) (pMRI) was used to image the spherical gel,
bovine IVD, and a human participant imaged in standing. The human participant that gave
informed consent based on previous criteria137. Images were obtained from a 0.6T pMRI (Fonar,
New York, NY) using a 3-plane localizer to acquire sagittal T2 weighted images (repetition time
= 610 ms, echo time = 17 ms, field of view = 24 cm, acquisition matrix = 210 x 210, slice
thickness = 3 mm, no gap, scan duration = 2 min) 62,137, resulting in voxels of 3mm x 1.5mm x
1.5mm from the pMRI scan. Segmentation of this volumetric pMRI data was performed using an
image analysis software, Amira (Visage Imaging, Inc., San Diego, CA). The segmentation
technique combines auto-thresholding and manual segmentation utilizing image histograms to
statistically separate voxels from the foreground and background of the image. The autothreshold uses an upper and lower limit that is chosen based on the resolution and pixel intensity
of the original image. A 3D tetrahedral model, which allows 6 degrees of freedom: 3
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translational and 3 rotational, was generated and imported into Abaqus CAE (Dassault Systemes
Americas Corp., Waltham, MA) for FE analysis.
Before segmentation a L4/L5 IVD was contoured from a human lumbar spine MRI. For
both the bovine and human IVDs the value for auto-thresholding was obtained by averaging six
IVDs, for the spherical ball only one auto-threshold value was used to separate the foreground
(ball) from the background (air). These values determined the separation between the AF and
NP where intensity values above the range were considered NP. After application of the autothresholding, manual segmentation was performed to clean up the image by smoothing out areas
of intersection and pixel islands. The resulting image stacks were first segmented on the YZplane by thresholding and removing islands of pixels. Manual segmentation was then done on
the XY- and XZ-planes to clean up the disconnected voxels. A surface model was then
generated with a marching cubes algorithm 141. The AF and NP were given unique labels and
faces to provide two meshes. The number of faces were adjusted, and the models were checked
for any anomalies on the surface such as Intersections test, Closedness test, Orientation test,
Aspect ratio (<20), Dihedral angle (>10) and Tetra quality (<20). Tetrahedral models were
subsequently generated and exported to Abaqus.

4.3.3 Simulations
4.3.3.1 Spherical ballistic gel
The segmented mask of the spherical ballistic gel was exported into Abaqus. To replicate
the experimental conditions in Abaqus, block parts were created to simulate the compression
test. The block parts were placed over and under the sphere model. The sphere model used a
10-node quadratic tetrahedron element (C3D10) and the blocks generated in Abaqus used a 20node quadratic brick, reduced integration element (C3D20R). The blocks were made of acrylic
plastic and therefore had a material properties of E = 3.10GPa, and ν = 0.3 (Matweb). The
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sphere ballistic gel material properties were determined experimentally to be E = 0.03MPa and ν
= 0.3. The interaction between the sphere and the blocks were given a friction penalty of 0.5 and
the displacement of the upper block was 17 mm in the negative Z-direction to simulate
approximately 25% deformation. The lower block was fixed (ENCASTRE
U1=U2=U3=UR1=UR2=UR3=0). Furthermore, the Z-axis of the sphere was fixed in the X- and
Y-direction to stabilize the sphere during compression.

4.3.3.2 Bovine functional spine unit
The generated files for the AF and NP from the bovine functional spinal unit were
imported into Abaqus for simulation. Material properties of a human IVD were used instead of
bovine IVD. The material properties are E = 4.2 MPa and ν = 0.45 for the AF and E = 0.2MPa
and ν = 0.49 for the NP 142. The mesh for the AF was a 10-node quadratic tetrahedron elements
(C3D10). The mesh for the NP was a 10-node quadratic tetrahedron with a hybrid element
(C3D10H) due to its high Poisson’s ratio. The interaction between the AF and NP had a friction
penalty of 0.2 and a tie constraint between the AF and NP was created. Boundary conditions
were applied to the inferior and superior side of the AF where the inferior side was fixed
(ENCASTRE U1=U2=U3=UR1=UR2=UR3=0) and the superior side was assigned a vertical
displacement in the negative Z-direction of 2mm.

4.3.3.3 Human IVD
The generated 3D tetrahedral model of the human AF and NP were imported as an input
file into Abaqus CAE for FE analysis. Healthy human IVD material properties were used E =
4.2MPa and ν = 0.45 for the AF; E = 0.2MPa and ν = 0.49 for and NP 142. The mesh for AF was
a 10-node quadratic tetrahedron element (C3D10). The mesh for NP was a 10-node quadratic
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tetrahedron with a hybrid element (C3D10H) due to its high Poisson’s ratio. The interaction
between the AF and NP had a friction penalty of 0.2 and a tie constraint between the AF and NP
was created. Boundary conditions were applied to the inferior and superior side of the AF where
the inferior side was fixed (ENCASTRE U1=U2=U3=UR1=UR2=UR3=0) and the superior side
was assigned a traction force of 0.3MPa, which correspond to the approximate static forces
imposed on the lumbar spine in standing. This was applied uniformly across the superior surface
at the angle of the L4/L5 IVD.

4.3.4 Mesh convergence
To compare experiment and simulation, mesh sizes were down scaled using a successive
marching cubes algorithm that resulted in fractions of the original number of faces from the
initial surface model. Fractions from 5-75% of the original number of faces were selected to
optimize computing time and the mesh density. The simulations were allowed to converge, and
the resulting boundary stresses were then compared with those obtained from the experiments.

4.4 Results
4.4.1 Soft biological material finite element generation
A sphere gel and bovine IVD were imaged using a pMRI (Fig. 1A, 1D) and then converted to
meshes of varying densities ranging from 0.1 to 0.75 of the initial number. Two representative
meshes which have a mesh density of 0.3 of the initial number of faces show that the native
geometry is preserved (Figure 1B, 1E). All simulations successfully converged and the typical
runtime for simulations varied from 6 minutes to 2 hour and 30 minutes depending on mesh
density. Stress distributions from the FEMs were obtained and displayed in a cut view for the
sphere gel and bovine IVD models (Fig. 1C, 1F).
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A. MRI View

B. 3D View

C. 3D Cut View

D. MRI View

E. 3D View

F. 3D Cut View

Figure 4-1: A) An image stack of the spherical gel obtained from the pMRI system. B) A 3D
view of one of the sphere gel meshes in Abaqus. C) A cut view of one simulation of the sphere
gel stress distributions during compression. D) MR image of the bovine IVD. E) The 3D view of
one of the bovine IVD meshes in Abaqus. F) The cut view of one simulation of the bovine IVD
under compression showing the stress distribution of the model.

4.4.2 Mesh convergence of models
A convergence test was performed on each model using the experimental results. The
mesh size was normalized to the initial number of faces by dividing by the initial number of
faces. The sphere gel needed five different mesh sizes to achieve an asymptotic curve that
approached the experimental results (Fig. 2A). The bovine IVD required seven different mesh
sizes to obtain a convergence curve (Fig. 2B). The optimal mesh size was found to be around a
third of the original maximum mesh where the simulated value intersected the experimental
results. The experimental stress value for the sphere gel is 1.42 MPa and for the bovine IVD is
3.03 MPa.
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Figure 4-2: The mesh convergence studies for the two soft biological materials. A) The sphere
gel’s simulation and experiment converges at a mesh size of a third of the maximum mesh
density based on the MR images. B) The bovine IVD simulation and experiment approach each
other at a similar proportion of the maximum mesh density of a third of the total.

4.4.3 Internal strain distributions
The ballistic gel showed a diverse range of principal and shear strains (Fig. 3). The NP
and AF compartments in the bovine IVD exhibited distinct distributions of principal and shear
strains (Fig. 4).
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Figure 4-3: The internal normal strains and shear strains for the ballistic sphere gel. The strain
directions are represented by the following key, 1 – x direction, 2 – y direction, 3 – z direction,
12 – xy plane, 13 – xz plane, 23 – yz plane. The LE33 is shown as negative strain because the
loading condition is applied in the negative z direction. LE11 and LE22 are slightly skewed
positively and are centered at 0.05.
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Figure 4-4: The internal normal strains and shear strains for the bovine disc. The annulus
fibrosus and nucleus pulposus data are combined. The strain directions are represented by the
following key, 1 – x direction, 2 – y direction, 3 – z direction, 12 – xy plane, 13 – xz plane, 23 –
yz plane. The nucleus has a slightly larger strain than the annulus. LE33 is shown as negative
strain because the load was applied in the negative z direction.

4.4.4 Human lumbar intervertebral disc
The optimal mesh density of 0.3 determined by our convergence study was used on an
MRI stack of a human L4/L5 disc (Fig. 5A, 5B, 5C). The simulation generated internal strain
values (Fig. 5D) for the AF and NP. Similarly to the bovine IVD, the NP has a different strain
distribution from the AF.
A. MRI View

B. 3D View

C. 3D Cut View
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D. Histograms of AF and NP strains

Figure 4-5: A) Image of a human IVD obtained from the pMRI system; scale bar 5mm. B) The
3D view of a human IVD mesh in Abaqus. C) The cut view of a simulation of the human IVD
under compression load of 0.3MPa showing the stress distribution of the model. D) The internal
normal strains and shear strains for a human L4/L5 intervertebral disc. The annulus fibrosus and
nucleus pulposus data are combined. The strain directions are represented by the following key,
1 – x direction, 2 – y direction, 3 – z direction, 12 – xy plane, 13 – xz plane, 23 – yz plane. The
nucleus has a slightly larger strain than the annulus. LE33 is shown as negative strain because
the load was applied in the negative z direction.

4.5 Discussion
This study developed and validated an MRI-based FEM in multiple soft biological
materials. Although FEM can be conducted with far more sophisticated assumptions, material
models, and meshing strategies, the sophistication comes at the expense of computation time 143–
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152.

Here we demonstrated that it is possible to conduct these simulations in around 6 mins using

a standard desktop computer, enabling the possibility of rapid examination of patient models in a
clinical setting. We also employed the technique on one model of a human L4/L5 IVD with a
runtime under 10 minutes.
The ballistic sphere gel and bovine IVD were meshed from volumetric MR images and
then calibrated against displacement controlled experiments as the boundary conditions. The
derived optimal mesh size from the voxel based images is about a third of the initial number of
faces. Using these calibrated models, we observed a range of internal strains in the NP and AF
within the bovine IVD. This technique could be applied to any soft biological material examined
using a three dimensional clinical imaging modality such as ultrasound. The thresholding and
mesh generation from MR images is most efficient for contrasting hydrated tissues, such as the
bovine IVD where two the components, NP and AF, contain distinct levels of
hydration. Leveraging this principle, we believe this technique will be applicable to in vivo
measurements due to the increased hydration in various tissues of interest.
The mesh generated from the DICOM image stacks can be reduced by as much as one
third and still converge with the experimental results, suggesting that tissues of this geometry at
this scale are not overly sensitive to the meshing density. In the bovine IVD, we achieved
excellent correspondence with experimental results at a mesh density ratio 0.30 or higher. At
this ratio, the computation time was reduced by 3.5 fold compared to the 0.8 mesh ratio. The
simulations for mesh density ratios above 0.3 were all within 5% of the experimental
measurement, while the sphere gel simulations with mesh ratios above 0.2 are within 6% of the
experimental condition. These results suggest that the simulation has minimal improvement with
increased mesh density, thus only increasing the run time of the model.
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In the ballistic gel, which is a homogeneous material, the material properties can be
experimentally determined. In the bovine IVD, we relied on published values of modulus and
Poisson’s ratio for a healthy human AF and NP 142. This allowed us to examine the internal
strain behavior within these two compartments, enabling effective modeling of the healthy IVD
under non-damaging conditions. Accordingly, simulations showed that the bovine NP
experiences greater internal strains than the AF similar to what has been observed in previous
axial compression tests 147. It is worth noting that more sophisticated constitutive models can be
implemented in order to capture damage and nonlinear processes, though the complexity would
increase computation time. Though there are other efforts to model soft tissues from MR images
using high field strength MRI 146–149,152, however, these were acquired in the supine position.
Imaging combined with in situ loading is valuable for determining the load-response of articular
cartilage and the intervertebral disc 143–145, but this approach has not yet been implemented in
living humans. We have previously shown that the lumbar spine undergoes non-uniform
segmental adaptations in standing 137, and the simulation conducted here is based on a standing
image, which may be more relevant in loading-induced low back pain 23,28,31.
In conclusion, we have generated meshes from volumetric MR images, and used them in
an FEM calibrated from an experimental workflow. This technique can be applied to any
musculoskeletal soft biological material that can be imaged with an MRI. We showed this
techniques’ ability to be used in humans by applying it to an L4/L5 IVD where we successfully
separated the strains of the NP and AF. The run time for the model was under 10 minutes
making it possible to obtain an MRI and run the FEM within an hour at the clinic. This could
help identify discs that are more susceptible to high loads which could lead to injury, as well as
allowing clinicians to design localized strategies for low back pain prevention.

60

Chapter 5: Non-linear machine learning
methods to predict pain parameters of low
back pain development
5.1 Introduction
Non-specific low back pain (LBP) is a musculoskeletal condition that effects up to 95%
of cases with unclear etiology 7,8. This leads to difficult treatment regimens and therapy options
for physicians and patients 9. The development of LBP is multi-facet and multi-factorial with
many episodes leading to a chronic condition 6,52,153. One important component is the
mechanical load-bearing intervertebral disc (IVD) as it is associated with LBP through
degeneration and injury 96. However with these identifiable markers in the spine, the main
challenge remains that LBP is best predicted by a previous episode of LBP 11.
Relevant populations to study the development and initiation of pain in prolonged
standing have been investigated 21–23. This paradigm seeks to identify initiating mechanisms
before a chronic or severe case of LBP. The group of individuals are young, asymptomatic that
develop LBP while standing for 2 hours. Previous work has shown that these individuals (pain
developers – PDs) are three times more likely to develop a clinical episode of LBP within twenty
four months of their non-pain developer (NPD) counterparts 28. Previous research groups have
examined many factors spanning mechanical, physiological, and psychosocial that may
contribute to the prolonged standing LBP 23–27,29–32. Although these studies have identified many
possible factors involved with the pain symptoms, none have directly tried to develop a
prediction algorithm from the obtained participant data.
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Machine learning approaches help classify or predict disease and pain states with
available clinical data through feature extraction. There have been a few studies that
successfully classified chronic and severe cases of LBP based on clinically available data 154,
structural MRI data 155, and most recently neuroimaging data 156. Albeit successful, these
methods were all based on chronic LBP data and with individuals where it is a challenge to
intervene therapeutically. Although classification of LBP is important as there is a wide
spectrum of the condition, it may be more informative to identify predictive measures that relate
to the pain through regression techniques.
This study aims to utilize demographics and morphology of the IVD from a population
with inducible LBP symptoms in prolonged standing to evaluate the predictability of different
pain parameters with linear and non-linear regression modeling. Therefore, the objectives of this
study were to compare three different regression models on the prediction of five different pain
parameters. The pain parameters were all based on different aspects of the visual analogue scale
(VAS) measurements from the PDs. The three models used were 1) an artificial neural network
(ANN), 2) a second order polynomial kernel support vector regression (SVR) and 3) a linear
model (LM). The SVR and ANN models underwent optimization of their hyperparameters. All
models were evaluated by normalized root mean square errors (RMSE) from the measured value
to predicted value of the pain parameter. The non-linear machine learning methods were
expected to produce less error in their prediction than the linear model.
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5.2 Methods
5.2.1 Participants
The study included twenty previously identified PDs (8 male, 12 female) between 18-30
years of age with a body-mass index (BMI) < 30 kg/m2 [citation of CJP paper]. Participants
were recruited based on the following exclusion and inclusion criteria. He or she was excluded
if a history of LBP was reported; defined as pain in the lumbar region greater than 2 on a 0-10
verbal numeric rating scale that lasted at least 24 hours and resulted in one or more of the
following: (1) three or more consecutive days of altered activities of daily living, (2) three or
more consecutive days of missed work or school, (3) medical intervention (e.g., physician,
physical therapist, chiropractor). Additionally, a participant could not have a prior history of
employment in a job that involved standing for greater than 4 hours per day or standing in one
place for more than 1 hour per day during the past 12 months. A participant was excluded if they
had a prior diagnosis of diabetes, anxiety, depression, a history of spine trauma, or spine, pelvic,
or hip surgery, lumbar scoliosis, rheumatoid arthritis, spondylolisthesis, ankylosing spondylitis,
disc herniation, pain, numbness, or tingling below the knee, kidney or bladder infection, a history
of cancer, any pain lasting ≥ 3 months, or consumption of caffeinated drinks > 25 per week,
consumption of alcoholic drinks > 10 per week, or smoking cigarettes > 15 per day 23,31,129. All
participants read and signed an informed consent form in accordance with the Human Research
Protection Office at Washington University School of Medicine.
The participants first assumed the supine position for approximately 15 minutes (10
minutes of a relaxed state, 3 minutes of scan time, 2 minutes of pMRI table adjustment). Then
were instructed to stand in the scanner for up to 105 minutes while MRIs were acquired every 15
minutes. Participants had an arm support (VersaRest TM device) placed in the scanner underneath
the wrists 5 cm below the lateral epicondyle of the elbow during standing. They were told to
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stand as they normally would and not to lean on the VersaRest TM or on any part of the scanner
129.

One supine MRI and up to 8 standing MRIs were acquired (t0 – t7). Additionally, every 15

minutes the participant completed a visual analogue scale (VAS). The VAS consisted of a
horizontal line, 0 – 100 mm in length, in which he marked the severity of his current LBP
symptoms, if any 130,131. Also, the participant was asked to report the location of his symptoms
using a Body Pain Diagram 132. If a participant reported pain greater than 0 on the VAS at any
time point and subsequent time points he was classified as a PD; otherwise he was a NPD.
Participants were allowed to exit the MRI system at any point. Imaging was included with the
completion of the supine MRI and at least one standing MRI. All imaging was performed in the
afternoon after 12PM 107. Images of the lumbar spine (L1-S1) were obtained using a 0.6T Open
UPRIGHT® MRI (Fonar, New York, NY) system. A 3-plane localizer was used to acquire
sagittal T2 weighted images (repetition time = 610 ms, echo time = 17 ms, field of view = 24 cm,
acquisition matrix = 210 x 210, slice thickness = 3 mm, no gap, scan duration = 2 min) 62.
In addition to the self-reported VAS, four parameters of pain were quantified for each
participant for use in the analysis; (1) the maximum (Max) VAS pain rating, (2) area-under-thepain vs. time-curve (AUC), (3) rate of VAS pain, and (4) the running average of VAS pain. The
AUC was computed as the integral of the VAS pain-time course that incorporates the magnitude
and duration of the reported pain. The rate of VAS pain was computed as the slope of the line
that was created from the initial time point to the final time point of the pain vs. time-curve. The
running average of VAS pain was computed as the average of the self-reported pain from the
initial to final time point of a participant.
The segmental measures for each of the five levels of lumbar IVDs, L1/L2 through
L5/S1, were obtained at all time points, supine, t0 – t7, using the mid-sagittal slice of the MR
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image. The measures included the anterior-to-posterior height (A/P) ratio and the width of each
IVD 129. A change in the segmental measurements (delta_A/Pi and delta_Widthi) were obtained
for the difference of t0 to every subsequent time point up to t7 to identify changes in segmental
IVD morphology associated with Max VAS pain, AUC, rate of VAS pain, and running average
of VAS pain. For example, the delta_A/PMax and delta_A/Pfinal, were used for Max VAS pain
rating and AUC of the pain versus time curve, respectively.

5.2.2 Regression model development
All 20 PDs were used in the design of the models. The collected data was split into
inputs (demographics and measured variables) and outputs (pain parameters) for implementation
in multiple predictive models.
Three regression models were investigated; ANN, SVR and LM and described in brief
detail in Figure 1. The ANN was designed in R programming using the ‘caret’ and ‘nnet’
packages 157–159. The ‘nnet’ package uses a feed forward algorithm with a single hidden layer
with a weight decay to fit the data. The weight decay term assists in restricting the model from
over-fitting the dataset and improves the generalization of the model 160. Hyperparameter
optimization of weight decay and number of neurons in the hidden layer (hidden units) was
performed by 10-fold repeated cross-validation for all five pain parameters (Figure 2). The
Rsquared of the model fit was the metric chosen for model performance. All data was used in
the hyperparamter optimization preprocess. The SVR was designed in R programming using the
‘caret’ and ‘kernlab’ packages 158,159,161. The SVR uses a second degree polynomial kernel with
parameter tuning variables of scale and Cost. The scaling factor is a term impacted on the
polynomial kernel in the form of (𝑠𝑐𝑎𝑙𝑒 < 𝑥, 𝑥 ′ >)2 that helps to normalize the data being
transformed. The Cost term is a value that determines how much estimation errors on the fitting
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process are penalized during the model generation. Hyperparameter optimization of scale and
Cost was performed by 10-fold repeated cross-validation for all five pain parameters (Figure 3).
The LM was built in R programming using the ‘caret’ package. The LM does not have any
parameter tuning variables.
Each model was fitted to the five pain parameters of VAS pain, Max VAS pain, AUC,
rate of VAS, and running average of VAS as different outcomes. The models with VAS pain as
the outcome had the input variables of sex, BMI, age, A/P ratio, IVD width, and intervertebral
level. An interaction between intervertebral level and the IVD morphology was implemented to
include differences in the lumbar levels. All other pain parameter models had the input variables
of sex, BMI, age, delta_A/Pi, delta_IVD widthi, and intervertebral level. An interaction between
intervertebral level and the change in IVD morphology was implemented to include differences
in the lumbar levels.
The dataset of 20 PDs was split into 80% and 20% for training and testing, respectively.
This split was randomly performed 100 times to obtain a wide variation of different training and
testing data for the models. The mean and standard deviation of the RMSEs for the 100
repetitions were calculated for the different models. A normalized root mean squared error
(RMSE) was calculated, the coefficient of variation (CV) of RMSE = RMSE/mean of the pain
outcome was used to interrupt the goodness of fit of all the models. In the CV(RMSE), a value
greater than 1 would describe a RMSE larger than the mean of the data while a value less than 1
would describe a RMSE less than the mean of the data. The normalization allowed comparison
between pain parameters.
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5.3 Results
All 20 PDs were included in the analyses. 3 PD participants (1M, 2F) elected to exit the
pMRI system prior to the final standing time-point.

5.3.1 Machine learning model development
Hyperparameter optimization was performed on the ANN models for the five pain
parameter outcomes. The tuning was performed on five different values of weight decay (0,
0.0001, 0.001, 0.01, and 0.1). After an initial broad search of hidden neurons (1-15), three
number of neurons (5, 7, 9) in the hidden layer of the network were tested for best performance.
The optimal model for the VAS pain outcome model was 5 hidden neurons and a weight decay
of 0.1 (Fig. 2A). The optimal AUC outcome model was 7 hidden neurons and a weight decay of
0.01 (Fig. 2B). The optimal Max VAS pain intensity outcome model had 7 hidden neurons and a
weight decay of 0.1 (Fig. 2C). The optimal running average VAS outcome model had 9 hidden
neurons and a weight decay of 0.1 (Fig. 2D). The optimal rate of VAS pain outcome model had
5 hidden neurons and a weight decay of 0.001 (Fig. 2E).
Optimization of hyperparameters was performed on the 2nd order polynomial SVR
models for the five pain parameter outcomes. The tuning was performed on four different values
of scaling (0.001, 0.01, 0.1, 0.5), and five different values for the Cost (0.05, 0.25, 0.5, 1, 1.5) of
the model The optimal model for the VAS pain outcome model had a scale of 0.1 and a Cost =
1.5 (Fig. 3A). The optimal AUC outcome model had a scale of 0.5 and Cost = 0.25 (Fig. 3B).
The optimal Max VAS pain intensity outcome model had a scale of 0.5 and Cost = 0.25 (Fig.
3C). The optimal running average VAS outcome model had a scale of 0.1 and a Cost = 0.5 (Fig.
3D). The optimal rate of VAS pain outcome model had a scale of 0.001 and a Cost = 0.05 (Fig.
3E).
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The parameters obtained in the optimization process were selected to be used in the
subsequent training analysis to compare between all regression models. The repeated cross
validation produces a Rsquared metric for each iteration during the parameter tuning process that
can be compared across models. A 95% confidence interval dot-plot of the five models’
Rsquared values over the course of the tuning is provided for SVR in Fig. 5-4A and for ANN in
Fig. 5-4B, respectively. This illustrates the different fitting process of the SVR and ANN
depending on the pain parameter outcome as the best and worst pain parameters are not the same
across techniques.

Figure 5-1: A schematic of the inputs (left), different models (middle), and outputs (right).
Multivariate linear regression is described with the linear equation shown where Y is the output,
X is the inputs, beta is the coefficients of the model, and e is random error. Support vector
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regression (SVR) is briefly described by the equations shown with a minimizing of weights, w,
subject to the constraints shown where y is the output, x, is the input, b is an intercept term,
epsilon is an error criterion, <,> is the dot product, Lagrange multipliers, alpha and alpha*,
Phi(x), a function transformation of the inputs, f(x), the outputs, and the kernel, k, a function for
mapping the data to a new dimensional space. For a full length discussion on SVR see Smola AJ,
Schölkopf B. Statistics and computing. 2004. Artificial neural network is described in the panel
with yi the outputs, fi an activation function, wij the weights, xi the inputs, Bi an additional bias.
The network weights are updated until a stop criterion is reached (lowest possible error). For a
more extensive discussion see Jain et al. Computer. 1996
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Figure 5-2: Hyperparameter tuning for artificial neural networks comparing the performance of
the Rsquared of the model after repeated cross-validation on 4 weight decays and 3 number of
hidden units. A) The optimal model for the VAS pain outcome model was 5 hidden neurons and
a weight decay of 0.1. B) The optimal AUC outcome model was 7 hidden neurons and a weight
decay of 0.01. C) The optimal Max VAS pain intensity outcome model had 7 hidden neurons
and a weight decay of 0.1. D) The optimal running average VAS outcome model had 9 hidden
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neurons and a weight decay of 0.1. E) The optimal rate of VAS pain outcome model had 5
hidden neurons and a weight decay of 0.001.
A

B

C

D

E

Figure 5-3: Hyperparameter tuning for support vector regression comparing the performance of
the Rsquared of the model after repeated cross-validation on 4 scaling factors and 5 Cost terms.
A) The optimal model for the VAS pain outcome model had a scale of 0.1 and a Cost = 1.5. B)
The optimal AUC outcome model had a scale of 0.5 and Cost = 0.25. C) The optimal Max VAS
pain intensity outcome model had a scale of 0.5 and Cost = 0.25. D) The optimal running
average VAS outcome model had a scale of 0.1 and a Cost = 0.5. E) The optimal rate of VAS
pain outcome model had a scale of 0.001 and a Cost = 0.05.
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A

B

Figure 5-4: Dot-plot comparison of the five different pain parameters during
hyperparameterization of A) support vector regression (SVR) and B) artificial neural network
(ANN). The 95% confidence interval of Rsquared values of each cross validated model is shown
for the visual analogue scale (VAS) pain, the max VAS pain (Max), the area-under-the-pain-timecurve (AUC, the running average (RunningAve), and the rate of VAS pain (Rate). The ANNs on
average had larger Rsquared values than the SVR models. The best and worst performance of a
model was different between the two non-linear fits.

5.3.2 Regression model comparison
The performance of the three regression models of ANN, SVR, and LM for the five pain
parameter outcomes was computed by normalizing the RMSE in two different ways. The first
was the CV(RMSE) that takes into account the mean of the actual pain parameter with values
shown in Table 5-1. Lower values are desirable as it suggests the error is less than overall
contribution of the pain parameter. Looking at the prediction features one by one we see a few
trends. The VAS pain outcome model is over 1 for all the regression models indicating poor
prediction for all regression models, however, a slight separation emerges between SVR and the
other two models in performance. The AUC outcome model has the lowest error from the SVR
model that is 6% better than the LM and the highest error generated from the ANN model. The
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Max VAS pain, VAS rate, and VAS running average outcome models all show both ANN and
SVR performing better than the linear model with varying degrees of improvement. The ANN
for the three aforementioned pain parameters has 75-130% less error than the linear model while
the SVR has 3-13% less error than the linear model. When comparing across individual
regression models we see that in ANN the Max VAS pain, VAS rate of pain, and VAS running
average are within 0.10 or less error between one another. The multivariate linear regression had
the AUC, Max VAS pain and VAS running average producing similar error values. The SVR
had the smallest spread between prediction features (0.20) when excluding the VAS pain metric.
Table 5-1: Regression performance of the three models on the five different pain parameter
prediction features by the coefficient of variation (CV) of the root mean squared error (RMSE);
CV(RMSE) = RMSE/mean (mean +/- standard deviation is shown).

Prediction feature

ANN

Multivariate linear

SVR

VAS

1.27 +/- 0.12

1.26 +/- 0.11

1.20 +/- 0.11

AUC

0.91 +/- 0.27

0.74 +/- 0.12

0.70 +/- 0.14

Max VAS pain

0.35 +/- 0.13

0.69 +/- 0.12

0.61 +/- 0.16

VAS Rate

0.39 +/- 0.10

0.92 +/- 0.28

0.81 +/- 0.33

VAS Running Average

0.45 +/- 0.14

0.79 +/- 0.12

0.77 +/- 0.18
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5.4 Discussion
This is the first study to apply machine learning techniques to predict pain in a population
that develops LBP symptoms in prolonged standing. Two non-linear machine learning
regressions and one traditional regression approach were investigated with five pain parameter
outcomes. ANN and SVR models were optimized with hyperparameterization through 10-fold
cross validation. Consequently, the LM did not require the preprocess step to select parameters
for model testing. The ANN performed drastically better for three of the five pain parameters
than LM while the SVR performed slightly better for four of the five pain parameters. The
findings indicate the potential for non-linear machine learning applications for LBP prediction in
back-healthy individuals.
Machine learning model performance benefits from the tuning of parameters during
model generation. The ANN and SVR were optimized for the five different pain parameter
outcomes based on 10-fold repeated cross validation. This allows for binning of the data for
generating model fits based on predicted and actual values of the pain parameters. In this initial
analysis we identified the optimal parameters to use in the model performance part of the study.
Additionally, we identified some cursory takeaways from the comparison of the pain parameters
(Figure 4). The ANNs on average had larger Rsquared values than the SVR models indicating
better overall fits with the model with each different set of pain parameter data. There was no
clear pain parameter that performed the best in both cases although the VAS running average
was near or the top for both. The differences in pain parameter performance based on the
machine learning model used may indicate the need to identify the ideal non-linear model to use
on a certain pain parameter.
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Training and testing data are essential for evaluating a machine learning algorithm. We
had access to 20 PD participants with collected data needed to run the models. Each PD has five
lumbar levels making a total of 100 data points to analyze for the Max VAS and AUC outcome
models, and with the VAS self-reported pain there was 849 available data points for that
outcome model. This expanded the data that we were observing to help ensure good predictive
capability in our regressions. As the goal of the study was to provide ground work for machine
learning approaches in the space of predicting LBP symptoms, the association between an
individual marker such as the L1/L2 A/P ratio was not as important as the overall combined
effect of the measured variables. Therefore, we allowed for the contribution of each input
variable to have similar weight when trying to assess if it helped improve a model fit. Moreover,
emphasis was placed on the evaluation of the performance of the individual regression models
and the respective pain parameters as it related to future applications. Another noteworthy point
is that not all clinical datasets are going to be adequately sized for these machine learning
approaches, but still need to provide a quick, robust method to analyze data with multiple input
parameters.
The VAS outcome models had CV(RMSE)s above one indicating the prediction value of
the entire VAS pain rating is not efficient. This finding may be indicative of the expected
linearity in the VAS measure; as time increases the VAS pain does as well 29. The SVR
performed 5% better than LM even in the overall poorly predicted nature of the VAS pain.
Another key difference between the VAS outcome model and the other pain parameters is that it
uses the measured values of the A/P ratio and IVD width whereas the Max VAS, AUC, rate of
pain, and VAS running average use the change in the IVD morphology.
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The other four pain parameters were predicted better with the machine learning
approaches than the LM. The SVR model performed slightly better than the LM on all of these
pain parameters. Although the error improvement was marginal (3-13%), LBP is widespread
and prediction of it is inadequate that any increase would benefit patients. The ANN regression
model for the Max VAS pain, the rate of VAS pain, and the running average of VAS pain
showed substantial error improvement than the LM (70-130%). This finding is greatly
supportive of utilizing advanced machine learning approaches to predict LBP.
In the current study, the difference in error improvement between SVR and ANN for
certain pain parameters highlight that a specific model may perform better on a specific pain
metric. Moreover, these differences could be due to the distinctions between SVR and ANN
algorithms. A couple main reasons to choose SVR over ANN are 1) ANNs often converge on
local minima rather than global minima and 2) ANNs often overfit if training goes on too long.
In this dataset, it is unlikely that overfitting occurred as the training was not extensively
performed and the weight decay regularizes the training to not overestimate fit. However, ANNs
are parametric models, while SVRs are non-parametric, in other words, ANNs have a set number
of layers and hidden units in those layers while SVR can have support vectors and weights for
every single data point thus increasing the complexity of the model. Further, ANNs can
represent behavior or functions more efficiently than SVR due to the model construction 162.
There are a few limitations in this study. As the data set used in the training and testing
was small the conclusions presented should be interpreted as an initial model definition in the
pain prediction space to be used in future larger based studies. However, other studies have
utilized similar sample sizes to inform on patient outcomes with machine learning 163, and it has
been identified that smaller datasets are comparable to larger datasets 164. The regression models
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designed in this study are fit to predict the cohort of healthy individuals that develop LBP
symptoms in standing, which does not impact the clinical case of LBP. Although it is known
that PDs are more likely to develop an episode of LBP 28, the participants in the present study
have not been followed to see if this remains true. Future studies will have a longitudinal aspect
to ensure that the prediction variables are indeed related to clinical cases of LBP.

5.5 Conclusions
This study presented a framework for utilizing non-linear machine learning approaches to
predict LBP symptoms in humans, and showed that the methods improve on traditional linear
methodologies. The SVR outperformed the LMs on all the pain parameter outcomes while the
ANN substantially outperformed the LM on three out of the five pain parameters. Any
improvement in the prediction quality of LBP would greatly help with preventing and treating
the debilitating condition. The population in the present study is predisposed to future LBP,
thus, these prediction models could be applied to healthy individuals to estimate an expected
case of LBP.
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Chapter 6: Conclusions
6.1 Conclusions
The main goal of this dissertation was to investigate the role of structural and tissue-level
adaptations in standing in a population with inducible LBP symptoms. The curvature of the
spine and how it interacts with other structures connected to it such as the hip are known to be
important in this population. However, there is still a lack of understanding in the initiating
mechanisms of the pain, and no knowledge on internal structures of the spine in relation to pain
magnitude. In this dissertation, a few key insights are made about potential causes for LBP
symptoms in prolonged standing and the prediction of pain status, although there still remains
room for future discovery in this population.
The importance of standing on the internal lumbar spinal structures was demonstrated
using a positional MRI. Participant data in the supine and standing positions were analyzed to
confirm and discover differences between the two positions. The Cobb angle decreased in
standing compared to supine. Individual lumbar IVD geometry changed non-uniformly across
different levels increasing or decreasing depending on the location in the lumbar spine. Overall,
supine was determined to have different regional spinal alignment and segmental IVD
measurements compared to standing.
The strength of this finding was utilized in a relevant population that could inform on the
transient behavior of LBP symptoms. We obtained pMRI images and self-reported pain data
every 15 minutes as the participants stood up to 105 minutes in the scanner. The images were
first used to investigate regional spinal alignment and internal segmental structural
measurements. The PDs and NPDs were both explored in two different ways with these factors.
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First, the PDs and NPDs were treated as a binary marker to evaluate any inherent
differences between the groups. The results showed sex differences in PDs and NPDs in the A/P
ratio when pooled with all lumbar levels and time. The A/P ratio was larger in male PDs than
male NPDs while smaller in female PDs than female NPDs. As the A/P ratio is a surrogate
measure of total lumbar curvature as it measures anterior to posterior distribution of the IVD
heights at the individual lumbar level, we can infer that the lumbar curvature plays a role in the
differences between PDs and NPDs by sex. This result suggests that PDs stand differently than
the norm in their respective sex as pain develops. Further, the disc degeneration based on a
modified degeneration score of the participants were examined for differences between the two
groups. No differences in degeneration score were found between PDs and NPDs however in all
participants the L5/S1 IVD had a higher degeneration score than all over lumbar levels. While
the degenerative status of the IVDs did not differ, we identified A/P ratio as an important sexdependent factor in discerning PDs and NPDs, demonstrating that PD stand differently than
NPDs.
Second, the data was analyzed with the PDs’ self-reported pain as two distinct pain
parameters, Max VAS and AUC. Two linear mixed models were used to explore Max VAS pain
and the AUC. The predictor variables used in these models were age, sex, BMI, intervertebral
level, delta_Cobb angle, delta_A/P and delta_width. BMI and the delta Cobb angle were
significant contributors strengthening the importance of these variables in pain development.
These two variables showed direct relationships with the pain parameters. The emergence of
BMI as a significant factor here suggests an independent influence on the pain symptoms from
spine curvature. The Cobb angle showed that large changes in spinal curvature result in higher
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pain parameters across the PDs. In PDs, the Cobb angle and BMI are strong indicators of their
symptoms.
In addition, we devised a machine learning approach to leverage the richness of the data
set which has clear prediction variables and a specific pain status outcome. We presented a
framework for utilizing non-linear machine learning approaches to predict LBP symptoms in
humans, and showed that the methods improve on traditional linear methodologies. The SVR
outperformed the LMs on all the pain parameter outcomes while the ANN substantially
outperformed the LM on three out of the five pain parameters. The improvement in the
prediction quality of LBP even if small will help with preventing and treating LBP. Further, PDs
are predisposed to future LBP, thus, these prediction models could be applied to healthy
individuals to estimate an expected case of LBP. Moreover, this finding suggests that it is
possible to identify a PD prior to developing the LBP symptoms based on demographic and
structural information.
In conclusion, the work presented here demonstrated the importance of imaging the spine
and IVD during standing. This work has aided in understanding unobserved factors involved in
the inducible LBP population in standing. Sex seems to have an important role on pain symptom
development during standing. We have shown that the magnitude of pain symptoms was
positively associated with BMI and Cobb angle indicating the influence that weight and lumbar
curvature has on the severity of reported pain. Finally, we developed a machine learning
prediction model capitalizing on the unique dataset collected throughout the project. This work
provided a basis for understanding initiating mechanisms behind LBP through structure and
tissue level behavior of the IVD, and will hopefully help in clinical outcomes and diagnosis of
future LBP episodes.
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6.2 Future directions
This investigation has shown the structural and tissue level behavior of the IVD in
humans with inducible LBP symptoms. There are a number of promising future research
directions that would provide valuable insight in the understanding of the initiating mechanisms
and the prediction of LBP.
First, leveraging the characteristics of the MRI to examine different imaging based
parameters with the prolonged standing paradigm could be accomplished in about 1 year. The
MRI produces many internal parameters based on the intensity of the images, scan duration, and
sequence acquisition specifications that could be obtained and implemented in the statistical
modeling. For example, there may be signal intensity differences in the NP or AF between the
PDs and NPDs. Further, the images themselves can be modified through mathematical signal
processing techniques that could improve identification of features by a human or segmentation
algorithm such as Gaussian blurs, convolutions, etc. There could be differences in the differential
gradients of the signal between the NP and AF between the groups. The bone in these
individuals has largely been ignored as the primary target has been the IVD, however, the
adjacent vertebrae may have differences in porosity or signal intensity. Segmentation algorithms
could be explored to assist in the separation of regions of interest in the images such as the NP,
AF, spinal cord, or lumbar vertebrae. These parameters could be studied individually as seen in
Chapters 2 and 3 or be implemented into the machine learning based analysis found in Chapter 5.
The parameters would add more input layers into the SVR and ANN models that could improve
the prediction accuracy of the pain parameters. In addition to capitalizing on the already
obtained images from the T2 sequence, there are multiple different MRI sequences that can be
utilized such as T1 and T2 relaxation that have already been shown to be related to IVD
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changes165,166. These different sequences would require recruitment of new participants or
bringing the current group back which would be more of a 3-5 year next step.
Second, use the data collected by other groups to better understand this unique LBP
population. Previous studies from the van Dillen group could be compiled altogether to generate
a large dataset to be put into a machine learning type model. This new model could utilize both
types of training, unsupervised and supervised. The unsupervised method could be a quick
surface level analysis to see if there are certain measured variables from all the studies that
clearly separate or create clusters through principal component analysis, k-means clustering, etc.
The supervised learning approach would be similar to Chapter 5 where the input(s) would try to
classify or predict the output(s) of pain status or pain parameters. The caveat is that the dataset is
likely to be unbalanced where some preprocessing might need to be performed via imputation of
missing data or weighting of different inputs depending on the amount of data in a specific
variable. The easiest solution would be to discard missing data to not have to deal with the
unbalanced data. This removal of data can be performed a few different ways; 1) remove all
instances of missing data or complete-case analysis, 2) using subsets of the entire data as
completed sets to analyze certain aspects of the data or available-case analysis, and 3) weighting
of the data through probabilistic approaches that predict the chance of a data point missing or
nonresponse weighting. However, the loss of that data may be too valuable or too much to
justify. Imputation can be performed a variety of ways depending on the imputation problem
(i.e. how many variables or how much data). In this case it would be likely to have several
missing variables which can be addressed through 1) multivariate imputation by fitting a model
to the missing data to predict the values at a certain outcome, 2) iterative regression imputation
by fitting each response to a specific predictor (i.e. A/P ratio to pain, IVD width to pain, etc.) and
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fill in missing data based on the regression models, and 3) nearest neighbors estimation by using
the collected data to infer a reasonable value for the missing data point (i.e. use the average of
10-, 25- male A/P ratios to fill in missing males). There is a more extensive discussion in
Chapter 25 of this reference167. Both of these analyses could be performed in the short term as it
only requires the compilation and management of the already collected data.
Third, the machine learning study could be strengthened by a few different specific tasks.
In the short term, the addition of more subjects or data would be the greatest benefit to the
analysis. Another 40-60 subjects recruited with the same criteria would add enough data to
provide a well sized training and testing dataset for validation purposes. Additional machine
learning models could be added to the analyses to inform on the effectiveness of the best method
to classify the groups and predict LBP symptoms. In the long term, recruiting an entire new set
up participants and evaluating the trained models on blinded collected data to see if the model
can accurately predict pain on participants that have not performed prolonged standing.
Moreover, with this new population a follow up should be added to evaluate the measurements
that are linked directly back to an individual before a LBP episode in either a PD or NPD.
Between the short and long term approaches, the data could be evaluated in an unsupervised
manner. Currently, the data has been supervised in that the inputs and outputs for prediction are
predefined, but it may be more interesting or useful to gather knowledge about the data without
informing the model on what to look for in the training. The unsupervised model could help set
new research questions and narrow down important factors involved with LBP.
Fourth, a larger cohort based study on a specific LBP population (n=~100 based on the
effect size from the multivariate regression models in Chapter 3 with the addition of 5 new
predictors). Within this new recruitment there is room to change the data collection process.
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One approach would be to include an activity monitor that the participant would wear during the
course of the study or a predefined timeframe. The timeframe could vary depending on the study
population. If the study population is the same as the one in prolonged standing a timeframe of
2-hours to a few weeks could be used to study the activity during the examine and how NPDs
and PDs adjust after. If a recurrent LBP population is used then the timeframe may be even
longer such as a few months or a year. The benefit of using the activity monitor would be to
collect lots of usable time course data. In this study the participants would report on their pain
with a VAS periodically. The aim would be to identify points in which activity is related to high
or low points of pain with the overall goal to use the activity monitor as a way to predict
patients’ pain and treat or prevent it. This would be a medium to longer term goal to accomplish
as needed depending on the population chosen or even if it was performed in parallel.
Fifth, identifying other young, at-risk populations to pain such as runners, other athletes,
individuals with high BMI, patients with diabetes etc. that may benefit from the same type of
analyses performed in the thesis work. The other relevant populations may show similar trends
as the PDs and NPDs which would help support that the identified factors are related to pain. If
the factors are completely different than the PDs and NPDs, then that would provide more
evidence to the idea that LBP is a spectrum. Moreover, the collection of more data could
improve the machine learning models since adding in more diverse characterizations of patients
allows the model to differentiate between the multiple input categories. The main goal of this
type of work would be to collect as much data on the current state of relevant LBP populations to
broaden the understanding of the spectrum that LBP is on. For example, the collected images
from MRI may show that the signal intensities or gradients between tissues separate the different
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populations on its own. This would be a longer term goal of say 10 years as recruiting and
obtaining approval for all these different populations would take time.
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Appendix
A: Sensitivity of Resolution and Propagation of Error Analysis.
Resolution sensitivity was investigated using a statistical based approach on pixel
selection. The average values of the IVD structural measures in pixels were taken as the initial

Figure A-1: Pixel-based approach for analyzing resolution
sensitivity of the MR images.
value for analysis. Each measure was then adjusted based on a 3-by-3 matrix (Figure A-1) to
estimate picking a landmark for the measure a pixel off up, down, left, right or the combinations.
This was done on both ends of the measure to include being incorrect picking both landmarks.
The uncertainty from resolution on the measurements using a statistical based approach gives
values of 10.6%, 2.63%, 10.1%, 18.1% and 10.8% for IV angle, width, anterior height, posterior
height and A/P ratio, respectively.

We performed a propagation of error analysis on the A/P ratio due to its multi variable
dependency to evaluate the uncertainty in the measurement. The standard equation associated
with this error analysis was used,

𝑠𝑓 = √(

𝜕𝑓 2 2
𝜕𝑓 2 2
) 𝑠𝑥 + ( ) 𝑠𝑦
𝜕𝑥
𝜕𝑦

This standard equation calculates the uncertainty when a measurement takes into account two
separate measures168. It will showcase the effects that both variables have when combined
together. The calculated A/P ratio propagation of error was only 4.1% supporting its usage.
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B: Finite element modeling on human pMRI data in NPDs and PDs
Introduction
Finite element models (FEMs) have been extensively used to non-invasively explore
human IVD tissue behavior and internal strains from magnetic resonance imaging
(MRI)147,148,152,169,170. These studies have provided valuable insights into how the human IVD
responds to compression and other loading scenarios. However, local IVD geometry is different
in standing and supine using a positional MRI129,171,172 and subsequently normal MRI loses the
relevant orientation of the IVD. Further, the geometry of the IVD in a FEM is strongly
associated with the accuracy and interpretation of the results 173. Thus, it may be crucial to obtain
functional MRIs to generate IVD meshes for analysis. FEMs have been incorporated in patientspecific models for improving diagnosis and optimizing treatments76–78. With the rise of
machine learning algorithms, these models are not the only approach for LBP evaluation through
computation.
Methods
Segmentations of volumetric pMRI data of the participant L4/L5 IVDs were performed
using Amira (Visage Imaging, Inc., San Diego, CA). The L4/L5 IVD was chosen due to the
anatomic location as it is the lowest IVD before L5/S1 thus experiences large loads and has fairly
uniform geometry. The L4/L5 image was taken from the initial standing time point (t0) scan.
The segmentation combines auto-thresholding and manual contouring. Images were obtained
from the 0.6T pMRI with a spatial resolution determined by the voxel size (3mm X 1.5mm X
1.5mm) from the scan. The value for auto-thresholding was obtained by averaging six human
IVDs and was found to be 330. This value determined the separation between the AF and NP
where intensity values above the range were considered NP. After application of the autothresholding, manual contouring was performed to clean up the image. The segmentation was
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mainly done on the YZ-plane which was the primary scan region. The XY- and XZ-planes were
used for corrections in the contour. The AF and NP were given unique labels and faces to
provide two distinct meshes. Once the segmentation is complete, using the ‘surface generate’
option, a surface model was created with a ‘smoothing’ option of 2 by a marching cubes
algorithm141. The number of faces were adjusted, and the model was checked for previously
stated anomalies. Using the ‘generate tetra grid’ option, the tetrahedral model was generated.
The generated 3D tetrahedral model was imported as an input file into Abaqus CAE
(Dassault Systemes Americas Corp., Waltham, MA) for FE analysis. Healthy human IVD
material properties were used E=4.2MPa ν =0.45 and E=0.2MPa and ν =0.49 for the AF and NP,
respectively142. The mesh for AF was a 10-node quadratic tetrahedron elements (C3D10). The
mesh for NP was a 10-node quadratic tetrahedron with a hybrid element (C3D10H) due to its
high Poisson’s ratio. The interaction between the AF and NP had a friction penalty of 0.2 and a
tie constraint between the AF and NP was created. Boundary conditions were applied to the
inferior and superior side of the AF where the inferior side was fixed (ENCASTRE
U1=U2=U3=UR1=UR2=UR3=0) and the superior side was assigned a traction force (0.1MPa –
0.3MPa) at the direction of the loading angle of each participant’s L4/L5 IVD. The loading
angle was obtained from the pMRI images of the initial standing time point.
The max principal strain, x, y, z, xy, xz, yz, and strain energy density were obtained as
outputs from the FEM for NP and AF. The X- direction is medial to lateral, the Y- direction is
anterior to posterior , and the Z- direction is superior to inferior through the body. The median
values for each strain measurement were obtained for PDs and NPDs based on histogram
analysis for both NP and AF.
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An analysis of variance (ANOVA) was used to test the effects of pain and sex on all of
the strain measurements individually. Post-hoc comparisons were done using Tukey-HSD tests.
Differences were defined as significant when the associated p-value was ≤ 0.05. An asterisk (*)
denotes interaction between factors.
Results
All forty participants had their L4/L5 IVD segmented into a mesh model inputted into a
simulation for analysis.
The max principal strain, x, y, z, xy, xz, and strain energy density did not differ
between PDs and NPDs for the NP and AF or observe any interactive factors. The ANOVA
revealed that yz in the AF was influenced by sex (p = 0.023) with pain status and sex as
interactive factors (p < 0.01). Further, the yz in the NP showed pain status and sex as
interactive factors (p = 0.025) in Table 5-1. Post-hoc tests showed that the shear strain was
larger in male NPDs compared to female NPDs in NP (p = .037) and AF (p < 0.01). Moreover,
the AF shear was larger in female PDs than female NPDs (p = 0.047) and the male PDs were
trending lower compared to male NPDs (p = 0.073).
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Figure 6-1: A representative histogram of strain for an IVD split by the nucleus and annulus.

Table 6-1: The ANOVA table of significant FEM strains between PDs and NPDs. The median
yz direction for the AF and NP had a significant interaction of pain and sex.
P-values

AF yz

NP yz

Pain

0.90

0.992

Sex

0.023

0.11

Pain*Sex

0.0007

0.025
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Discussion and Conclusions
The FEM shear YZ strain results indicate specific values that differentiate PDs and NPDs
by sex. The shear in this direction is representative of the behavior of the IVD anterior to
posterior and superior to inferior suggesting asymmetry in these directions. The female PDs had
larger shears than female NPDs in the AF while this was not observed in the NP region. The
male PDs were trending towards lower strains than their male NPD counterparts in the AF, but
did not have this trend in the NP. The disparity between the two regions could illustrate an
uncharacteristic distribution of loading between the interfaces. Interestingly, the shear in the NP
and AF were larger in male NPDs than female NPDs, but this was not observed for PDs. This
suggests that male and female PDs have similarly strained IVDs even with different IVD
geometry129 while the NPDs have expected deviations in their strains.
A FEM was computed to discover relationships between internal tissue behavior and the
prolonged standing paradigm. The results from the FEM illustrate that the shear strain in the
YZ-direction is important in differentiating PDs and NPDs. The female PDs had larger shear
strains than female NPDs in the AF but not in the NP region. The male PDs were trending
towards lower strains than their male NPD counterparts in the AF, but did not have this trend in
the NP. The disparity between the two regions could illustrate an uncharacteristic distribution of
loading at the interface. Interestingly, the shear in the NP and AF were larger in male NPDs than
female NPDs, but this was not observed for PDs. This suggests that male and female PDs have
similarly strained IVDs even with different IVD geometry while the NPDs have deviations in
their strains as expected by the difference in wedging. The finding also connects to our previous
observation that male and female PDs act differently in their A/P ratio.
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C: Three dimensional finite element modeling on organ culture
This section describes a brief side project creating a finite element model of a mouse
intervertebral disc from a micro-computed tomography scan. This was prepared for the
publication of “An In Vitro Organ Culture Model of the Murine Intervertebral Disc” in the
Journal of Visual Experiments in April 2017 where I was the third author.
The description of how to construct the model was briefly described in three bullet
points:
1. Segment the DICOM files of the IVDs using software with manual thresholding (e.g.,
OsiriX).
2. Convert the NP and AF volumes of the IVD into voxel-based finite element meshes using
Meshlab.
3. Combine the microstructures of the NP and AF to form a complete IVD and apply
experimentally determined boundary conditions in the finite element software.
The accompanying figure was generated based on these three steps.

Figure C-1: Finite element modeling (FEM) of the IVD structure. FEM analysis is a
powerful mathematical tool that allows the computation of local material response to larger
boundary conditions. For example, (A) the NP can be rendered separately from (B) the AF, and
each compartment could be assigned unique constitutive properties. (C) A combined IVD
structure with both the AF and NP is shown in 3D. When axial loads are applied to the disc on
the superior endplate with the inferior endplate is a fixed edge, we can determine the local
concentrations of stresses and strains. Yellow dots and black arrows represent a nodal load being
applied.
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