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ABSTRACT 
Background. Low back pain (LBP) is the leading cause of disability 
worldwide, where three of four individuals experience back pain at some point 
in their lives. The pathophysiological background of LBP is probably 
multifactorial, where bone marrow damage, tissue changes in the vertebral 
endplates, and intervertebral disc (IVD) degeneration have been recognized as 
tissue changes linked to pain. Annular fissures within the IVD are of particular 
interest, as they may be associated with vascular and nerve ingrowth. However, 
these tissue changes are also common in asymptomatic individuals, making it 
difficult to correctly identify the cause of pain in the individual patient.  
Aim. This thesis aims to develop data-driven MRI-based analysis methods to 
improve the understanding of spinal tissue changes and their association with 
LBP with the ultimate purpose of improving diagnostics. 

Paper I. MR images of 49 IVDs in 10 LBP patients were analyzed with 
unsupervised clustering methods to objectively and continuously classify the 
IVD heterogeneity related to degenerative changes. IVD degeneration could 
successfully be quantified with the proposed method. 
Paper II. The lumbar IVDs of 25 LBP patients and 12 matched controls were 
examined with T2-mapping to quantify possible differences in IVD signal 
behaviors between patients and controls. The cohorts differed significantly in 
nucleus pulposus signal. A sub-analysis revealed that this signal difference was 
related to IVD fissures, visible as high-intensity zones at the outer part of the 
annulus fibrosus. 
Paper III. Radiomics features were extracted from 123 IVDs (n=43 LBP 
patients) and examined with conventional MRI followed by discography and 
computed tomography. The features were further analyzed using artificial 
neural networks and a radiomics-based attention mapping technique to identify 
the presence and position of possible annular fissures. The method showed 
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great potential and was found to classify the presence of fissures with 100% 
sensitivity and 97% specificity. The method also identified the position of 
fissures in 87% of the analyzed IVDs. 
Paper IV. Radiomic features from 61 LBP patients examined with 
conventional MR imaging were extracted and then analyzed using machine-
learning techniques to explore possible associations between annular fissures 
and vertebral lesions. The findings suggest that radiomics can objectively 
detect vertebral tissue changes associated with adjacent annular fissures. 

Conclusion. With data-driven methods, such as radiomics and attention 
mapping, tissue changes both within the IVD and the vertebra were well 
revealed in LBP patients. Further, the methods could be used to find 
associations between different types of tissue changes and were sensitive to 
subtle and imperceptible changes associated with disc degeneration and 
annular fissuring. These analysis methods could contribute to improved MRI 
diagnostics for LBP patients. 
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SAMMANFATTNING PÅ SVENSKA 
Ländryggssmärta är den vanligaste orsaken till funktionshinder. Cirka tre av 
fyra individer kommer någon gång i livet uppleva ryggsmärta. Utöver det stora 
personliga lidandet, medför en kronisk ländryggssmärta dessutom kostnader 
för samhället. Orsaken till ospecifik ländryggssmärta är inte helt känd då den 
sannolikt beror av flera saker. Bland annat har forskning visat att patologiska 
benmärgsförändringar i ryggens kotor är kopplade till smärta. Vidare anses 
vävnadsdegeneration av ryggens intervertebrala diskar, såsom fissurer 
(sprickor), vara väl kopplat till smärta. Denna avhandling syftar till att, med 
hjälp av magnetresonans (MR) -bilder och data-drivna analysmetoder, 
förbättra förståelsen av förändringar i ryggradsvävnad och deras samband med 
ländryggssmärta med mål att förbättra diagnostiken för denna patientgrupp. 

I studie I undersöktes vävnadsheterogeniteten inuti diskar med hjälp av en 
dataklustringsmetod. Med metoden kunde vi visa att diskar, avbildade med 
MR, uppvisar ett distinkt histogrammönster som ändrades på ett förutsägbart 
sätt då disken degenererar. Detta beteende kunde modelleras för att 
systematiskt klassificera diskdegeneration på ett objektivt sätt. 
I studie II undersöktes om heterogeniteten inuti ländryggsdiskar skiljer mellan 
patienter med ländryggssmärta och friska individer. Modellen, som 
utvecklades i studie I, tillsammans med statistiska analysmetoder, användes för 
att påvisa eventuella skillnader. Det påvisades en skillnad i de centrala delarna 
i diskarna som var främst kopplade till förekomst av fissurer i diskarna.  
I studie III utvecklades en metod för att detektera diskfissurer i de 
diagnostiska MR-bilder som används dagligen i klinik. MR-bilder 
analyserades med neurala nätverk i kombination med metoder som extraherar 
bildmarkörer, även kallat för radiomics. Denna metod uppnådde en god 
förmåga att urskilja även fissurer som normalt inte är synliga i MR-bilder. 
I studie IV undersöktes om det finnas en association mellan diskfissurer och 
vävnadsförändring i intilliggande kotor. Diskar och kotor, som avbildats med 
MR, analyserades med maskininlärningsmodeller kombinerat med 
bildmarkörer som kan spegla en vävnadens egenskaper. Analysen visade att 
kotor uppvisar vävnadsförändringar som är associerade med intilliggande 
fissurer och att bildmarkörerna i detalj kan påvisa dessa. 

Sammanfattningsvis erbjuder de nyutvecklade metoderna en hög känslighet 
för subtila och, för ögat osynliga, vävnadsförändringar inom både diskar och 
kotor hos patienter med ländryggssmärta. Vidare kan metoderna användas för 
att hitta samband mellan olika typer av vävnadsförändringar associerade till 
ländryggssmärta. Tillsammans bör de nya metoderna kunna bidra till en 
förbättrad diagnostik för patientgruppen med ospecifik ländryggssmärta. 
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1 INTRODUCTION 
Low back pain (LBP) is considered the most frequent source of chronic 
disability for both genders in the working years [6, 7], with about three of four 
individuals experiencing back pain at some point in their lives [8]. Although 
the etiology of the disease is unclear, it is estimated that approximately 10% of 
the patients will develop chronic LBP [9] and, according to a recent “call for 
action” viewpoint published by The Lancet, the burden of LBP is estimated to 
continue to grow with the aging population [10]. 

Several spinal tissue changes are associated with LBP, including changes in 
the intervertebral disc's (IVD) biochemical properties, structural properties, 
and metabolic function, as well as inflammation and infection in the 
endplates/vertebra e [11-15]. Disc degeneration is suggested to be one of the 
main causes of LBP. It involves changes in the IVD matrix, including 
fragmentation of the nucleus pulposus followed by dehydration and decreased 
viable cells. This may weaken the annulus fibrosus, making it susceptible to 
annular fissures and ingrowth of nerve endings that can reach deep into the 
IVD, which altogether may contribute to LBP, sometimes referred to as 
discogenic pain [16, 17]. In addition, the densification of pain-inducing 
vertebral nociceptors has been associated with IVD degeneration and fissuring 
[18]. Tissue changes to the vertebra or cartilaginous and bony vertebral 
endplates have been reported to be risk factors for LBP [19, 20]. However, all 
the tissue changes mentioned above have also been shown to be common in 
asymptomatic individuals [21], making it difficult to find the cause of LBP, 
which limits the possibilities for adequate help and treatment. 

Chronic LBP is usually defined as pain that persists or recurs for longer than 
three [22]. The evaluation of such patients includes the patient's pain 
description, clinical examination, and imaging before treatment advice is 
given. To date, the best imaging tool available to determine and visualize 
possible pathology within the spinal column for LBP patients is magnetic 
resonance imaging (MRI). Conventional T1-weighted (T1W) and T2-weighted 
(T2W) sequences are commonly used to image the spine. When studied 
subjectively, the images only enable a rough overview of the morphology. 
Such qualitative interpretation is not specific enough to derive the source of 
the pain. Perhaps this is because the degenerative changes visualized with 
conventional MRI are also common among asymptomatic individuals and 
naturally increase with age [23]. Further, with no indications of severe 
underlying conditions, conventional spine MRI has not been shown to assist in 
treatment decisions that improve clinical outcomes [24]. You et al. found that 
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90% of all MRI scans of back pain patients did include detectable tissue 
changes, but the clinical significance of such changes was unclear  [25]. This 
indistinct correlation between spinal tissue changes on MRI and clinical 
symptoms may result from the insensitive and unspecific categorization 
schemes used to evaluate the MR images. As such, changes in tissue structure 
may remain undetected even though they are present in the images. Therefore, 
conventional MRI and the currently available analysis tools are usually 
insufficient to link changes directly to LBP and pinpoint the source of the pain. 
The lack of precision in the diagnosis makes it difficult to select those patients 
who will benefit from targeted treatment. Hence, we need to increase the 
knowledge of LBP by developing reliable diagnostic tools for an improved 
understanding of the etiology and treatment of the disease.  

Also, by utilizing unconventional MRI techniques, a deeper understanding of 
the relation between spinal tissue changes and LBP might be reached. For 
example, mapping techniques, e.g., T2-mapping, can offer quantitative 
representations of tissue structure and function. Further, machine learning 
(ML) techniques can convert conventional MR images into quantitative 
features [2], automate cognitive tasks, and aid in medical decision-making to 
improve consistency. Within other diagnostic areas, authors have shown that 
phenotypic tissue patterns in diagnostic imaging can reflect tissue 
characteristics on a cellular and genetic level [26]. On this note, utilizing ML, 
we have successfully exploited inter-pixel relationships in MR images to detect 
tissue changes that cannot be identified by subjective visual interpretation 
alone and related those findings to symptoms and clinical outcomes for patients 
with LBP [1, 2, 4]. However, within spine research, ML’s potential is not fully 
utilized as it is today mainly used to automate cognitive tasks such as 
segmenting and classifying tissue and bone structures [27]. Also, texture 
analysis of MR images has proven promising. It has the potential to objectively 
describe the tissue shape and structure via quantitative features, i.e., 
“radiomics,” calculated from qualitative conventional MR images. Combined 
with classification algorithms, the features may have the ability to characterize 
tissue and relate it to possible pathology, as shown here in paper IV [4, 28]. 
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2 SPINE ANATOMY AND FUNCTION 
The human spine column consists of 24 individual vertebrae and two sections 
of naturally fused vertebrae, the sacrum (S1-S5) and the coccyx. The most 
cranial part of the column is composed of the seven cervical vertebrae (C1-
C7), followed by 12 thoracic (T1-T12), five lumbar (L1-L5) vertebrae, the 
sacrum, and finally, the coccyx. The posterior portion of the vertebra forms the 
vertebral arch, while the anterior part consists of the vertebral body, which is 
responsible for the support of the spine. The vertebral body is divided into 
mainly two parts, the outer rim, consisting of cortical bone, and the inner 
region, composed of trabecular bone, which serves as structural support and 
contains deposits of phosphate and calcium [29]. Besides porous trabecular 
bone, the inner part of a young and healthy vertebra is mainly composed of 
red, haematopoietically active bone marrow. However, the tissue composition 
is known to be dynamic and varies with sex, age, and activity levels. 
Specifically, increased age is associated with decreased bone density and 
trabeculae bone [30]. Further, red bone marrow is known to be replaced by 
fatty components, where an age-dependent linear increase in fat content has 
been observed [31].  

Between the vertebral bodies and IVDs lie the endplates. The endplates are of 
biomechanical importance as they transfer the mechanical load and distribute 
the intradiscal pressure onto the adjacent vertebral body, preventing the 
nucleus pulposus (NP) in the adjacent IVD from bulging into the porous 
trabecular bone of the vertebrae [32]. These typically sub-millimeter thin 
layers of hyaline cartilage consist of a hydrated proteoglycan gel reinforced 
by collagen fibers [33]. The cartilaginous endplates persist throughout normal 
skeletal maturation and support the adjacent IVDs by transporting fluid and 
essential solutes into and out of the IVD [34]. Mainly the proteoglycan 
molecules within the collagen matrix of the endplate regulate the solute 
transport, and a loss of these molecules has been associated with the 
degeneration of the adjacent IVD by accelerating the loss of proteoglycans 
from NP of the IVD [34]. Thus, the endplates play a critical role in maintaining 
the health status of the adjacent IVD. The tissue structure of the cartilaginous 
endplates is similar to that of the articular cartilage of the synovial joints. 
However, unlike articular cartilage, the cartilaginous endplates lack a direct 
connection to the adjacent vertebral bone but are instead connected to the IVD 
through the lamellae of the medial (inner) annulus fibrosus (AF) [33]. During 
skeletal maturity, however, the cartilaginous endplate undergoes graduate 
mineralization, ultimately leading to calcification of the endplate cartilage and 
the replacement by bone tissue [35] that fuse with the vertebrae, forming a 
bony endplate. This transformation likely decreases the important diffusion 
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and nutrient exchange between the vertebrae and adjacent IVD [36]. 
 
The vertebrae are separated by the IVDs, which enable flexibility of the spine 
(i.e., flexion, extension, and rotation). The IVD is the largest avascular 
structure in the human body [33] and consists of mainly two tissues, the inner 
NP surrounded by the outer annulus AF [37]. The AF comprises 10 to 15 
concentric layers of firm yet flexible collagenous lamellae. The lamella, which 
contains fibroblastic cells and parallel collagen type I fibers interconnected 
with perpendicular collagen fibers, gives rise to the tensile strength capable of 
withstanding high compressive forces that can reach over 3.000 N during 
active lifting [38, 39]. The NP comprises a gelatinous core consisting of 
mainly randomly oriented collagen type II fibers and an organized network of 
radially oriented elastin fibers [39-41]. The fibers are all fixed in aggrecan, a 
hydrated proteoglycan gel responsible for the attraction of water through 
osmotic pressure [39, 42]. The main function of the NP is to evenly distribute 
mechanical pressure across the adjacent endplate and vertebral body, while 
the AF encloses the NP, preventing it from herniating or leaking out from the 
IVD.  
 

2.1 PATHOPHYSIOLOGY AND ITS 
ASSOCIATION WITH LOW BACK PAIN  

The natural history of the degenerative process of the spine is an ongoing 
research topic and involves a complex interaction between environmental and 
genetic factors. The pathophysiological background of LBP is probably 
multifactorial, where a few spinal tissue changes have been shown to be closely 
related to LBP. These include IVD degeneration [11, 12], tissue changes in the 
vertebra [15], and damaged cartilaginous and bony endplates [19, 20]. 

Besides the age-dependent transformation of the vertebral tissue, several 
typical tissue changes can be found linked to LBP and degeneration. Foremost, 
bone marrow lesions (Modic changes [43]) such as edema, occurring as a 
consequence of inflammation, non-age-induced fatty replacements, and 
sclerosis, are associated with LBP. Degeneration of the IVD can occur due to 
trauma but does also naturally occur with increasing age. This involves matrix 
changes in the NP, including tissue fragmentation followed by dehydration and 
a decrease in viable cells, ultimately weakening the AF and making it 
susceptible to annular fissures. If present, the fissures can further accelerate the 
degenerative process [44], induce tissue stress concentrations [45, 46] and 
serve as a point of entrance for vascularized tissue accompanied by nociceptive 
nerve endings [11, 12, 16, 17]. In addition, it has been suggested that regions 
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of damaged endplates that are associated with IVD degeneration are subjected 
to the densification of nociceptors capable of indirectly transmitting pain [32].  

Degenerated IVDs may also possibly negatively influence adjacent endplates 
and vertebrae. Although the etiology is unclear, bone marrow lesions have 
been suggested to result from inflammatory mediators diffusing from adjacent 
IVDs at sites with endplate damage [47]. Such pro-inflammatory factors are 
more abundant within the NP of degenerated IVDs [48], which may further 
drive the development of vertebral bone marrow lesions. On the other hand, 
bone marrow lesions and endplate damage have been shown to be associated 
with decreased or locally impaired nutrient supply of the IVD. This, in turn, is 
thought to contribute to IVD degeneration [34, 49], leading to altered 
extracellular matrix composition and compromised IVD tissue integrity [50]. 
Consequently, the tissue may be susceptible to structural damage and 
degeneration, further propagating the degenerative progress in the IVD and the 
adjacent vertebrae [51]. In addition, vertebral bodies and endplates are highly 
innervated by nociceptors [52, 53], which are densified in regions with 
damaged endplates associated with increased IVD degeneration and fissuring 
[18]. 
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3 SPINE IMAGING TECHNIQUES 
Radiological imaging aims to diagnose, monitor, and treat disease, preferably 
using minimal ionizing radiation and non-invasive techniques [54]. There are 
several possible imaging techniques available to evaluate the status of the 
spine. Computed tomography (CT) enables a rapid assessment of traumatized 
patients [55] and offers superior sensitivity and specificity in identifying 
skeletal injuries, e.g., fractures, compared to plain radiographs [56]. Although 
the bony structure of the vertebral bodies is well depicted with MRI, subtle 
fractures are better visualized in CT due to the dense, and thus highly 
attenuating, outer cortical bone [57]. However, CT does not provide high-
contrast images in soft tissue and is, therefore, unsuitable for screening 
ligamentous injury and spinal cord lesions. Even for IVD herniations, it 
provides limited visibility [58]. In this regard, MRI is undoubtedly the superior 
imaging technique for imaging soft tissue. With its inherently superior image 
contrast, MRI is the best-suited modality to evaluate degeneration of the spinal 
soft tissues [59], such as IVD degeneration and vertebral composition [43]. In 
addition to being sensitive to the presence and properties of hydrogen-dense 
tissue, MRI has the potential to highlight certain tissue properties, e.g., fat 
involvement, and to evaluate the function of tissues by advanced MR 
techniques, e.g., diffusion/perfusion-weighted MRI. Based on such 
measurements, quantitative parameter maps displaying the tissue of interest 
can be reconstructed, which enables advanced analysis and objective 
interpretation [60].  

Discography, first introduced by Lindblom and Hirsch in 1948 [61, 62], was 
originally used as a method for diagnosing herniated discs but soon became a 
method used to investigate LBP patients with assumed pain signaling from the 
IVD.  During discography, a contrast agent is injected into the NP during 
fluoroscopy, followed by a CT to visualize disc morphology, shape, and 
possible tissue changes of the IVD, e.g., fissuring. The purpose of discography 
is not only to obtain a detailed characterization of the IVD but also to 
investigate if an IVD is painful, i.e., provocative discography. Possible pain 
signaling from the IVD is evaluated by pressurizing the IVD to elucidate if a 
familiar pain response is induced. Today, however, the procedure is rarely 
performed in clinical practice due to its questionable reliability/reproducibility, 
invasive nature, and concomitant side effects [63, 64]. Using advanced analysis 
techniques, we have developed a novel technique for classifying and 
visualizing annular fissures in conventional MR images. The technique is 
based on a noninvasive approach and offers increased availability without the 
concomitant side effects of discography [4] (paper III). 
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3.1 MRI PHYSICS RELATED TO IMAGE 
INTENSITY AND CONTRAST 

In most medical applications, the images generated by MRI scanners are 
created by sampling the signal from hydrogen protons, which are abundant in 
the human body. Each proton has a quantum-mechanical property called spin, 
which can collectively be described with classical mechanics as the angular 
momentum of a sphere rotating around its axis. The proton is positively 
charged, and as such, its rotation induces a local magnetic field. A strong 
external magnetic field (MR scanner) causes the net sum of the normally 
randomly oriented spins to align toward the direction of the external field, 
creating a net magnetization that can be probed by the scanner.   

The magnetic components must be separated to distinguish the faint magnetic 
field generated by the protons (range of μT) from the external field (T). This is 
achieved by exciting the protons, i.e., transmitting a radiofrequency (RF) pulse 
whose energy is absorbed by the protons, causing the angular momentum of 
the protons to be “flipped” into the transversal plane, perpendicular to the 
external magnetic field. The electromagnetic signal from the protons is 
subsequently detected as they induce electric currents in external receiver coils 
placed near the tissue of interest.  

As soon as the RF pulse is delivered, the protons begin to relax, i.e., revert to 
their original state. This relaxation occurs in two distinct ways called T2- 
relaxation (spin-spin relaxation) and T1-relaxation (spin-lattice relaxation). As 
the protons move around in the tissue, they interact with each other by 
inflicting a change in the local magnetic field and proton precision speed. This 
causes the protons to lose unity in their phasing, decreasing the signal sum of 
all protons. This decaying signal process is referred to as T2-relaxation. As this 
motion is random, the signal decreases exponentially with time. The T2-
relaxation is tissue-specific, and the rate of signal decay depends on how free 
the protons are within the tissue. A relatively free molecule, e.g., water, that 
rapidly interacts with other atoms or molecules, causing it to rotate and vibrate 
(i.e., tumble), will see a local magnetic field that fluctuates rapidly, which 
effectively averages out over the course of a few milliseconds. Such a molecule 
is less affected by loss in phasing unity compared to a molecule where the 
protons are tightly bound, e.g., in large molecules. As a result, molecules with 
relatively free protons will have a long T2 time. Inhomogeneities in the main 
magnetic field cause a similar loss in phasing unity. Contrary to true T2-
relaxation, this process can be reverted. 
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T1-relaxations involve the process of protons dispersing the energy they 
gained from the RF-pulse to the surrounding tissue. This causes the net 
magnetization to gradually return and be parallel to the external magnetic field. 
The speed of this process differs between tissues and largely depends on how 
tightly the proton is bounded to its molecule. Specifically, to induce such 
energy dispersion, the protons need to tumble against neighboring protons, 
nuclei, or molecules at a rate that causes magnetic moment fluctuations at the 
Larmor frequency. Fluctuations of these frequencies result in a rapid T1-
relaxation and are most common among protons with intermediate binding, 
e.g., fat tissue [65]. The Larmor frequency is specific to the external magnetic 
field strength, and, as a result, the T1-value of tissue is specific to the field 
strength of the MRI scanner.  

3.2 CONVENTIONAL MRI IN THE SPINE 
Conventional MRI (i.e., T1W, T2W, and fat/fluid saturated images) is 
indispensable in the diagnostic routine and is the preferred method for spine 
imaging to evaluate spine morphology and possible tissue changes [43, 59]. 
The scan parameters can be tuned to capture the different relaxation 
characteristics of the tissues. By carefully selecting the time between repeated 
RF-pulse excitations and the time between the excitation and signal sampling, 
the MRI can be sensitized to the T1 or T2-relaxation characteristics of the 
tissue. As such, the choice of scan protocol directly determines the contrast 
appearance of the tissues in the image [66]. 

As indicated in the previous section, T2W imaging is sensitive to fluids that 
will appear bright in the images. As such, due to the richly hydrated 
proteoglycans, a healthy NP in the IVDs will appear bright. During 
degeneration, however, the loss of proteoglycans and hydration is reflected by 
a decreased signal. As such, T2W imaging is commonly used to evaluate the 
degeneration of IVDs [67]. Similarly, the cerebrospinal fluid (CSF) and edema 
caused by local inflammations in the vertebrae and IVDs also appear bright on 
T2W images. Contrary to T2W imaging, where tissues with long T2-relaxation 
time appear bright on the images, tissues with short T1-relaxation time, such 
as fat, appear bright on a T1W image. The bright appearance of fat in T1W 
images makes T1W imaging useful for identifying fatty replacements in the 
vertebra. Commonly, T1W imaging is used to visualize detailed tissue 
morphology and is selected due to the generally high SNR, short scan time, 
and high contrast, especially for paramagnetic contrast agents, e.g., 
gadolinium.  
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Even though conventional MRI techniques are the core of clinical scan 
protocols, the techniques come with limitations. Conventional T1W and T2W 
imaging are designed to emphasize the difference in the nuclear magnetic 
relaxation between the tissues by selecting appropriate scan parameters to gain 
optimal tissue-to-tissue contrast. The acquired signal intensity is only 
qualitative and is dependent on the scan parameters and the signal 
amplification by the scanner hardware. As such, the absolute signal intensity 
in T1W and T2W images might not be comparable between different scans 
even if the same MRI scanner and protocol are used and is most probably not 
comparable between different MR scanners at different sites. However, post-
processing can, in some instances, be conducted to compute semi-quantitative 
measures [68]. Many methods are proposed to deal with the signal variability 
between conventional MRI scans, and several approaches have proven useful, 
including intensity normalization using histogram matching [69] and 
normalization of the signal intensity using a reference tissue [70]. In papers I 
and II, special care was taken to use the same hardware with fixed signal 
amplification and scan parameters across all examinations. As such, the pixel 
values across all MRI scans could be compared within the same study. 

3.3 T2 MAPPING 
The MRI-based T2-mapping technique is not commonly utilized in clinical 
practice, as the scanning procedure is time-consuming. Also, the technique is 
challenging as the measurements can be influenced by several factors, 
including magnetic field inhomogeneities and stimulated echo formation from 
multi-echo trains, etc. [71-73]. Unlike conventional MRI techniques (e.g., 
T1W and T2W imaging), however, T2-mapping is an objective and 
quantitative measure that enables direct quantification of the tissue spin-spin 
relaxation properties, which can be used to compare results from different sites 
and studies and to follow-up patients longitudinally.  

The spin-spin relaxation time (T2 value) has been shown to be a sensitive 
metric for studying the structural integrity of the collagen matrix, tissue 
anisotropy, and changes in cartilage water content [74]. Also, the T2 value in 
the IVD has been reported to be influenced by the pathology of the IVD, such 
as herniations and annular fissures [75]. The T2-mapping technique is also a 
proven marker for reflecting pathophysiological changes in the spine. For 
example, we have demonstrated regional differences in the T2 value over the 
IVD and between IVDs with different degrees of degeneration [2] (paper II), 
and further that axial loading of the spine during MRI (alMRI) momentarily 
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induces significant T2 changes in the disc and aggravates symptoms in LBP 
patients [76]. 

The T2 value is determined by measuring the signal intensity, S(t), at multiple 
time points, t, after the excitation (i.e., different echo times). A mono-
exponential function, S(t) = S0 exp(-t/T2), is then fitted to sampled signal 
where S0 is the signal value at the excitation, i.e., t=0, and T2 is the tissue-
specific relaxation time. This model fitting is completed for each pixel in the 
image to form a T2-map with calculated T2 values pixel-by-pixel [66] (Figure 
1). 

Figure 1. Example of a T2-map in a sagittal view of the lower spine displaying differences in 
the disc structure. 
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4 ANALYSIS TECHNIQUES 
The continuously increasing availability of medical imaging technology and 
increased expectations by both patients and physicians drive the rising use of 
diagnostic imaging. The vast amount of data generated each day offers an 
opportunity for a more precise evaluation of characteristics of patient 
pathology, with the potential to personalize medicine and tailor patient 
treatment. Fundamentally, medical image analysis is divided into two separate 
steps; inspection of the image followed by interpretation [77]. In this chapter, 
both radiological and data-driven analysis methods will be discussed. 

4.1 RADIOLOGICAL ANALYSIS 
With over 4.2 billion radiological imaging exams performed worldwide each 
year [78], medical images are one of the most commonly used tools to aid in 
diagnostic and clinical decisions, risk stratification, and decision support 
related to surgery. For most organs and anatomical structures, classification 
schemes exist that are clinically used to guide the interpretation. These 
schemes allow systematic evaluation of the medical images and enable 
comparison of results between studies and sites. Related to the evaluation of 
the spine, a few characterization schemes used in this thesis are described 
below. 

4.1.1 PFIRRMANN CLASSIFICATION 
A common classification scheme to determine the grade of degeneration of the 
IVD in MR images is the Pfirrmann grading scheme [67]. Based on midsagittal 
conventional T2W images, IVD degeneration is classified according to a five-
grade scale. This scale includes an evaluation of the IVD shape, the IVD 
height, IVD signal homogeneity, the relative signal intensity of the NP, and the 
distinction between the NP and AF (Figure 2). As described in the original 
article authored by Pfirrmann et al. [67], the IVDs are graded as follows:  

Grade I  – The IVD structure is homogeneous, with a bright hyperintense 
signal intensity and a normal disc height. 

Grade II –  The IVD structure is inhomogeneous, with a hyperintense signal. 
The distinction between the NP and AF is clear, and the disc 
height is normal, with or without horizontal gray bands. 

Grade III –  The IVD structure is inhomogeneous, with an intermediate gray 
signal intensity. The distinction between NP and AF is unclear, 
and the disc height is normal or slightly decreased. 
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Grade IV –  The IVD structure is inhomogeneous, with a hypointense dark 
gray signal intensity. The distinction between NP and AF is lost, 
and the disc height is normal or moderately decreased. 

Grade V –  The IVD structure is inhomogeneous, with a hypointense black 
signal intensity. The distinction between NP and AF is lost, and 
the disc space is collapsed. 

 
Even though this classification scheme is widely used and has been proven 
useful in the clinic, for example, to relate IVD degeneration to biomechanical 
IVD properties [79], to IVD diffusion properties [80], and to endplate 
perfusion [81], the classification scheme is rough with limited discriminatory 
ability [82]. To enable a quantitative and continuous marker of degeneration 
for evaluation of small differences in degeneration between IVDs and over 
time, we have proposed a method based on Gaussian mixture models and 
histogram statistics [2] (paper I). Using both conventional MR images and T2 
maps, the method has demonstrated excellent linear correlation with IVD 
degeneration, both in our work and others [83]. 

 

 

 

 

 

Figure 2. Sagittal view of L5-S1 intervertebral discs of different degeneration grades 
examined with T2-weighted MRI. According to the Pfirrmann classification, the intervertebral 
discs are graded as follows: (a) Grade I, (b) Grade II, (c) Grade III, (d) Grade IV, (e) Grade 
V.  

The image is reproduced without changes from the original article authored by Song, J. et al. 
[3], which is licensed under CC BY 4.0. https://creativecommons.org/licenses/by/4.0/ 
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4.1.2 MODIC CHANGES 
Modic changes (MCs) are signs of pathological bone marrow lesions localized 
in the vertebral body and adjacent to the endplates. The signs are visible in 
conventional T1W and T2W images and have been shown to involve changes 
in the bone marrow and endplate which may include inflammatory and fibrotic 
changes and increased fat content (Figure 3). The classification of these bone 
marrow lesions was credited to Modic et al. [43], who recommended a 
categorical three-type scale based on typical signs in the MR images. The MC 
types are categorized as follows: 

Type 1 –  Lesions that appear dark on T1W images and bright on T2W 
images to classify the presence of bone marrow edema 

Type 2 –   Lesions that appear semi-bright on both T1W and T2W images to 
classify fatty replacements of the red bone marrow 

Type 3 –   Lesions that appear dark on both T1W and T2W images to classify 
bone sclerosis. 

 
The exact underlying causes of MC are unclear, but as previously discussed, 
mechanical and biochemical stress to both the IVD and the vertebra seems to 
trigger inflammatory cascades leading to an induction of the pathology [84]. 
The correlation between MCs and LBP varies greatly between studies [13]. 
This may be attributed to the relatively rough classification scheme with 
limited possibility to detect small and diffuse lesions or lesion types with 
mixed tissue content.  Though, it has been shown that the MC prevalence is 
frequently associated with the presence of back pain [85]. Also, the prevalence 
is higher among men and increases with age [84, 86]. 

 

 

Figure 3. Example of type 1 and type 2 Modic Change (MC) lesions visible on T1-weighted 
(left) and T2-weighted (right) sagittal MR images of vertebrae. 
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4.1.3 HIGH-INTENSITY ZONES 
High-intensity zone (HIZ), an MRI-based classification first introduced by 
April et al. [87], is defined as a hyperintense region in the outer AF of the 
lumbar IVD corresponding to an annular fissure. It is accepted that an HIZ 
lesion reflects a fissure in the AF lamellar structure (Figure 4). Such fissures 
can be inflamed, causing local edema that can appear as a bright region on a 
T2W image. According to the original article [87], the lesion should be as 
intense as the CSF and separated from the NP. Although it is well known that 
some high signaling fissures could still be invisible or only semi-bright on 
T2W images due to the limited spatial resolution in relation to the fissure size. 
Such so-called partial volume effects reduce the sensitivity of identifying such 
fissures [4, 88]. This is in line with paper III, where we showed that HIZ as a 
predictor for an outer annular fissure resulted in a low sensitivity of less than 
63%. Even though the prevalence of HIZ is higher among symptomatic 
patients compared to asymptomatic [1, 89] and the occurrence of an HIZ has 
been reported to be associated with LBP [12, 17, 87], HIZ does not reliably 
indicate symptomatic disc disruption, making the diagnostic role of HIZ 
limited [89]. 

Figure 4. A T2-weighted image in the sagittal view of the lower spine displaying a 
bright high-intensity zone lesion at the dorsal intervertebral disc (arrow). 
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4.1.4 DALLAS DISCOGRAM DESCRIPTION 
Dallas Discogram Description (DDD) is a radiological classification scheme 
first defined by Sachs et al. [90] that can be used to categorize the extent and 
severity of annular fissures with CT in an IVD after an invasive discography 
procedure. The classification system is graded 0-3 as follows (Figures 5 and 
6): 

Grade 0 – Intact NP with no contrast leaking into the AF 
Grade 1 – Contrast leaks out of the NP into the inner AF 
Grade 2 – Contrast leaks out of the NP into the outer AF 
Grade 3 – Contrast leaks out of the NP into and beyond the outer AF. 

Figure 5. Axial view of IVDs seen on CT discogram. The contrast agent is visible in white 
within the intervertebral disc (A-D) and also outside the peripheral intervertebral disc (D), 
displaying the distribution of injected contrast agent and, thus, the extent of fissuring. The 
annular disruption is categorized according to Dallas discogram description as follows; (A) 
Grade 0, (B) Grade 1, (C) Grade 2, (D) Grade 3.  

The image is reproduced without changes from the original article authored by Kim SM et al. 
[5], which is licensed under CC BY-NC 3.0. https://creativecommons.org/licenses/by-nc/3.0/ 
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4.2 MACHINE LEARNING 
Within diagnostic principles, the application of ML to patient data has shown 
encouraging results [91-93] and is playing an increasingly important role in 
medical research and clinical practice [94]. For instance, ML has been applied 
to aid in screening, diagnosis, prognosis, prediction of response to therapy, and 
even to classify molecular disease subtypes [95]. The number of published 
articles applying ML related to LBP has rapidly increased in the past years, 
with a notable upsurge starting in 2020 (Figure 7). Since then, ML related to 
LBP has been utilized to, for example, recognize degenerated IVDs [96, 97], 
identify annular fissures [4, 98] and vertebral fractures [99], analyze scoliotic 
curves [100], and more [101, 102]. 

Traditionally, engineers have created software-based models that depend on 
predefined logical rules to generate an outcome, such as classifying pathology 
or suggesting treatment. However, as described already in 1987 by Schwartz 
et al., the medical field is “so broad and complex that it is difficult, if not 
impossible, to capture the relevant information in rules” [103]; why the need 
for another approach to process and utilize the data was recognized.  

Seen as a part of artificial intelligence, ML differs from the traditional models 
as it leverages data algorithms to “learn,” i.e., gradually improve the 
performance for the given task by studying a set of observations rather than 
being programmed with rules. This approach to processing data has the 
fundamental key advantage of being able to process vast amounts of data, 
potentially millions of input features and examples, to learn patterns related to 
a particular output, such as a disease or classification decision.  

Figure 6. Schematic illustration of the Dallas Discogram Description classification system 
visualizing the extent of fissuring in the annulus fibrosus for each of the four classification 
grades 0-3.  
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Although the ML technique mimics human behavior by learning from 
examples, one caveat of the technique is its general requirement of access to 
large amounts of data to learn a new concept, as opposed to human learning, 
where only one or a few examples might suffice [104]. For this reason, care 
must be taken when choosing the model for the given task. A complex model 
with many degrees of freedom trained on too few data samples might fit well 
to the training data but run the risk of being biased and not generalizing well 
to new, unseen data. That is, the model might have a low ability to capture the 
characteristics of the population. Although no exact sample size requirements 
exist for ML models, models with a higher degree of freedom will generally 
require more samples during training. Despite rarely being performed [105], 
there are methodologies available to estimate the sample size requirements of 
a given ML model. Most often, a “post hoc” curve-fitting approach is applied 
as a part of an exploratory analysis. The method relies on empirical testing 
where the model performance is extrapolated as a function of sample size. This 
method has been shown to be accurate in determining ample sample size to 
achieve the expected model accuracy [105, 106]. However, this approach will 
not describe how well the model generalizes to other datasets, as this is partly 
determined by the diversity in the dataset used during the training and 
validation of the model. It must be noted that the sample size required is not 

Figure 7. The number of machine learning papers related to low back pain 
indexed yearly in PubMed since its first appearance in 1988. * Note that the 
number of papers indexed in 2023 includes papers listed up to and including 
April 5. 

The data was retrieved by the following query search on PubMed: ("artificial 
intelligence"[Title/Abstract] OR "feature extraction"[Title/Abstract] OR  
"computer vision"[Title/Abstract] OR "machine learning"[Title/Abstract] OR  
"deep learning"[Title/Abstract] OR "radiomics"[Title/Abstract] OR  
"texture analysis"[Title/Abstract] OR "neural network"[Title/Abstract]) AND  
"low back pain"[Title/Abstract].  
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only limited to the model but also to the specific problem at hand. An ML 
model applied to a specific targeted application or population may require a 
relatively small sample size, perhaps in the range of hundreds, while a model 
applied to heterogeneous populations, or when differences between imaging 
phenotypes are subtle, requires much larger datasets [107]. Equally important 
is to consider the demographic and geographic biases, including age 
distribution in the study cohort, proportions of race and sex, differences in 
imaging machines (vendors types, acquisition protocols), differences in the 
geographic area, etc. [108]. Although small datasets often are adequate for 
proof-of-concept studies during research, generally larger datasets with 
unbiased images and labels, confirmation of its clinical utility followed by 
clinical trials and observational outcome studies are required to develop and 
verify models to be widely implemented into clinical practices [109]. 
Fortunately, research groups are gaining increased access to large open-source 
medical imaging datasets [108], which might aid researchers in gathering 
diverse data to develop such generalizable models. 

The ML domain is divided into two subfields, conventional ML and deep 
learning (DL). Both subfields share the general concepts of supervised and 
unsupervised learning and can be used to both predict and infer outcomes. 
Conventional ML leverage handcrafted features tailored to reflect the problem 
at hand, while DL models, which typically consist of several layers of artificial 
neural networks (ANNs), offer end-to-end learning from images with no need 
to craft features manually. Instead, DL algorithms can learn features in 
hierarchical data representations directly from images, thus minimizing the 
need for prior knowledge in the field. Given a large enough dataset, DL models 
commonly outperform conventional ML models; this is especially true for 
object recognition problems [110]. Further, DL models offer new advanced 
analysis, such as generating synthetic CT images [111] and quantitative MRI 
maps from conventional MRI [112], so-called image-to-image translation 
[113]. However, DL models are generally more complex and require larger 
datasets. Perhaps more importantly, conventional ML is often much more 
interpretable and thus trusted, which is particularly important in the medical 
field [114-116].  

In classification problems, supervised learning is the method of choice [94], 
which is defined by its use of labeled datasets, i.e., data used to train the model 
is coupled to their corresponding class or label of interest. This labeled data is 
used to train (or “supervise”) the model to map the input data to the desired 
output. In medicine, the input data can consist of homogeneous or diverse data 
such as medical images and electronic health records, while the output can be, 
for example, a classification decision. Linear classifiers, support vector 
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machines, decision trees, and random forests are all common classification 
algorithms within conventional ML. Supervised learning is also common in 
regression problems which are useful for understanding the relationship 
between input and output data by estimating the relationships between 
dependent variables’ “labels” and independent variables’ “features.” Linear 
regression and logistic regression are popular regression models used to 
calculate the linear combination of input data that best fits the labels. In papers 
III and IV, we have implemented classification algorithms and logistic 
regression models trained with supervised learning and combined those with 
complementing analysis techniques in order to extract subtle information in 
MR images related to spinal tissue changes.  

As opposed to supervised learning, in unsupervised learning, the ML models 
are not trained on data related to predefined output labels; instead, the model 
aims to detect patterns, similarities, or differences in data samples under given 
characteristics without human labeling, also referred to as data mining [117]. 
K-means clustering and hierarchical clustering are two common algorithms 
used for groping (clustering) data by its characteristics rather than labels. 
Unsupervised learning models are also used for dimensionality reduction. This 
involves reducing the number of features or data points in a given dataset to a 
manageable size without losing data integrity (more on this under headline 
5.3.1). This is often used during feature preprocessing, as in paper IV. 

There are several excellent review articles, original articles, and conference 
papers that, in detail, explain the most common ML models and how to 
optimize them. Please refer to the following references for in-depth 
information [118, 119]. 

4.2.1 TEXTURE ANALYSIS  
Texture analysis is an intensively discussed topic in the field of pattern 
recognition. The technique aims to extract quantitative and ideally 
reproducible representations from images. These include both visually 
apparent structures and complex patterns that are not easily recognized with 
human interpretation [4, 120]. Within medicine, these features are often called 
“radiomics” and are particularly well-established within the field of oncology 
[26]. Several studies have shown that radiomic features correlate with tissue 
changes at the cellular level [26, 121] and have, as such, been shown to be 
associated with tumor aggressiveness and to predict response to treatment. The 
radiomics technique offers high-throughput quantitative image analysis that 
can be used to discover new markers or patterns that are associated with tissue 
change and disease [122].   
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There are hundreds of features available, all of which can be categorized into 
three main groups. A brief description of the feature categories is given here: 

• Shape-based features; describe the size and shape of the structure 
of interest and do not analyze the grey level distribution inside the 
region of interest. 

• Histogram-based features (first-order statistical features); 
describe the distribution of voxel intensities within the image 

• Texture-based features; describe the relationships between image 
voxels and can further be sub-divided into mainly five sub-groups: 

o gray-level co-occurrence matrix (GLCM); captures spatial 
relationships of pairs of voxels  

o gray-level run length matrix (GLRLM); relies on the 
spatial distribution of runs of consecutive voxels with the 
same gray level 

o gray-level size zone matrix (GLSZM); quantifies areas 
(also called zones) of interconnected neighboring voxels 
with the same gray-level 

o neighborhood gray-tone difference matrix (NGTDM); 
relies on differences between the gray level of a voxel 
relative to the mean gray level of its neighboring voxels 

o neighborhood gray-level dependence matrix (NGLDM); 
similar to NGTDM, NGLDM also relies on differences 
between the gray level of a voxel relative to neighboring 
voxels. However, here, a neighboring voxel within a 
predefined distance is considered. If these voxels are 
within a predefined range of grey level differences relative 
to the central voxel, the pixels or voxels are considered 
connected. 

The number of features can be further extended by filtering the image before 
being subjected to further analysis and feature extraction. However, doing so 
might obstruct the interpretability of individual feature as the features will no 
longer be calculated directly from the medical image that visualizes the tissue 
of interest. Instead, the features will be calculated based on an image often 
heavily altered by filtration. However, if the interpretability is not of top 
priority, radiomic features calculated on filtered images can, in some cases, 
offer an improvement in an association. Particularly features calculated on 
wavelet-filtered images seem to be useful [123]. Also, wavelet-filtered MR 
images have shown excellent repeatability and reproducibility [124]. The most 
common filters to be applied before feature calculation are [125]: 
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• Wavelet filtering 
• Laplacian of Gaussian filter (edge enhancement filter) 
• Filter by taking the square, square root, logarithm, or 

exponential of the image grey level intensities  
• Filter by calculating the magnitude of the local gradient in the 

image 
• Filter by calculating the Local Binary Pattern 

Although individual radiomic features might correlate with specific tissue 
changes (as in paper IV) or clinical outcomes, the large number of features 
extracted during analysis, typically in the range of hundreds, benefit from 
being processed with ML techniques to establish feature combinations that can 
create additive or synergetic effect to the specific association. This is clearly 
visible in paper IV, where the best predictive ability was achieved using 5-7 
carefully selected features of high importance combined with ML techniques.  

As is also evident in paper IV, the commonly vast number of features often 
needs to be reduced to select the most important features that reflect the 
problem at hand. Reducing the number of features has the benefit of: 

1) reducing the risk of the model overfitting, resulting in low model 
generalizability to other datasets. Minimizing redundant data can 
reduce noise, and thus the risk of finding false patterns leading to 
model overfitting. Also, some features might be completely 
irrelevant to the target and have no correlation with the problem at 
hand. Such features add noise to the model and increase the risk of 
model overfitting. 

2) increase model performance. The common event of only a few 
training examples paired with many more features can lead to the 
phenomenon known as the “Curse of dimensionality”: In a high-
dimensional space, the training data can become so sparse that no 
meaningful patterns can be learned by the model, resulting in poor 
performance. Similarly, the Hughes phenomenon [126] and 
peaking phenomenon [127] states that, for a fixed sample size, the 
predictive power of a classifier first increases and then decreases 
as the number of dimensions or features used in the model is 
increased. As such, reducing the number of features might be 
beneficial. This phenomenon is very visible in paper IV, Figure 1. 

3) increase the interpretability of the model by reducing model 
complexity.  

4) reducing the computational cost of training the model.  



28 
 

There are hundreds of features available, all of which can be categorized into 
three main groups. A brief description of the feature categories is given here: 

• Shape-based features; describe the size and shape of the structure 
of interest and do not analyze the grey level distribution inside the 
region of interest. 

• Histogram-based features (first-order statistical features); 
describe the distribution of voxel intensities within the image 

• Texture-based features; describe the relationships between image 
voxels and can further be sub-divided into mainly five sub-groups: 

o gray-level co-occurrence matrix (GLCM); captures spatial 
relationships of pairs of voxels  

o gray-level run length matrix (GLRLM); relies on the 
spatial distribution of runs of consecutive voxels with the 
same gray level 

o gray-level size zone matrix (GLSZM); quantifies areas 
(also called zones) of interconnected neighboring voxels 
with the same gray-level 

o neighborhood gray-tone difference matrix (NGTDM); 
relies on differences between the gray level of a voxel 
relative to the mean gray level of its neighboring voxels 

o neighborhood gray-level dependence matrix (NGLDM); 
similar to NGTDM, NGLDM also relies on differences 
between the gray level of a voxel relative to neighboring 
voxels. However, here, a neighboring voxel within a 
predefined distance is considered. If these voxels are 
within a predefined range of grey level differences relative 
to the central voxel, the pixels or voxels are considered 
connected. 

The number of features can be further extended by filtering the image before 
being subjected to further analysis and feature extraction. However, doing so 
might obstruct the interpretability of individual feature as the features will no 
longer be calculated directly from the medical image that visualizes the tissue 
of interest. Instead, the features will be calculated based on an image often 
heavily altered by filtration. However, if the interpretability is not of top 
priority, radiomic features calculated on filtered images can, in some cases, 
offer an improvement in an association. Particularly features calculated on 
wavelet-filtered images seem to be useful [123]. Also, wavelet-filtered MR 
images have shown excellent repeatability and reproducibility [124]. The most 
common filters to be applied before feature calculation are [125]: 

 

29 
 

• Wavelet filtering 
• Laplacian of Gaussian filter (edge enhancement filter) 
• Filter by taking the square, square root, logarithm, or 

exponential of the image grey level intensities  
• Filter by calculating the magnitude of the local gradient in the 

image 
• Filter by calculating the Local Binary Pattern 

Although individual radiomic features might correlate with specific tissue 
changes (as in paper IV) or clinical outcomes, the large number of features 
extracted during analysis, typically in the range of hundreds, benefit from 
being processed with ML techniques to establish feature combinations that can 
create additive or synergetic effect to the specific association. This is clearly 
visible in paper IV, where the best predictive ability was achieved using 5-7 
carefully selected features of high importance combined with ML techniques.  

As is also evident in paper IV, the commonly vast number of features often 
needs to be reduced to select the most important features that reflect the 
problem at hand. Reducing the number of features has the benefit of: 

1) reducing the risk of the model overfitting, resulting in low model 
generalizability to other datasets. Minimizing redundant data can 
reduce noise, and thus the risk of finding false patterns leading to 
model overfitting. Also, some features might be completely 
irrelevant to the target and have no correlation with the problem at 
hand. Such features add noise to the model and increase the risk of 
model overfitting. 

2) increase model performance. The common event of only a few 
training examples paired with many more features can lead to the 
phenomenon known as the “Curse of dimensionality”: In a high-
dimensional space, the training data can become so sparse that no 
meaningful patterns can be learned by the model, resulting in poor 
performance. Similarly, the Hughes phenomenon [126] and 
peaking phenomenon [127] states that, for a fixed sample size, the 
predictive power of a classifier first increases and then decreases 
as the number of dimensions or features used in the model is 
increased. As such, reducing the number of features might be 
beneficial. This phenomenon is very visible in paper IV, Figure 1. 

3) increase the interpretability of the model by reducing model 
complexity.  

4) reducing the computational cost of training the model.  



30 
 

There are different approaches to reducing the number of features used as input 
to the model, and they can be grouped into mainly three families of methods, 
one unsupervised and two supervised. Typically, unsupervised methods are 
applied first to reduce the bulk of features.  

Unsupervised feature reduction. As previously described, unsupervised 
methods do not rely on labels but instead, search for patterns in the calculated 
features themselves. Unsupervised feature selection can be applied to fill in 
missing data, remove features with high multicollinearity (redundant data), and 
remove features with low variance (low ability to explain target label).  
 
Supervised feature reduction. Supervised methods are mainly divided into 
filters and wrapper methods. Wrapper methods incrementally add or remove 
features that are used to train an ML model. The performance is recorded for 
each subset of features, and the top-performing subset is then selected. This is 
a very common feature selection method, as the method tends to select a high-
performing combination of features for the chosen model. Filter methods, on 
the other hand, have the advantage of not being model specific and being less 
computationally expensive. They analyze each feature’s statistical relation 
with its corresponding target using correlation and mutual information 
measures. However, these methods only evaluate each feature in isolation, but 
as described before, a combination of features often has a greater predictive 
value. The supervised filter methods use Euclidean distance, Pearson 
correlation, and information measures to analyze relevance and redundancy 
between features and between features and targets [128]. 
 
Although not discussed here, also semi-supervised feature reduction methods 
exist and mainly belong to the family of filter methods. For an in-depth 
explanation of the concepts and a more elaborate description of the topic of 
feature selection, please refer to the following paper [128] and book chapter 
[129]. 

4.2.2 NEURAL NETWORKS AND DEEP LEARNING 
The first influential work in the study of the mechanism of vision was 
published in 1959 by Hubel and Wiesel [130], which concluded that the simple 
brain cells of the visual cortex respond to oriented edges and that visual 
processing starts with the recognition of simple structures. As the information 
advances through the visual processing pathway, increasingly complex 
information is composed until the brain can finally recognize the outside visual 
world. Today, 60 years later, this model still inspires researchers and is the 
core theory behind neural networks.  
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A feedforward artificial neural network, sometimes referred to as a multilayer 
perceptron, is a class of neural networks that consists of fully interconnected 
neurons, or nodes, that are capable of nonlinear mapping between input and 
output data [131]. 

In contrast to conventional fully-connected feedforward networks and 
conventional machine learning techniques, convolutional neural networks 
(CNNs) retain the spatial information in the input images. This is achieved by 
processing input data in a hierarchical order where one neuron responds to a 
restricted region of the input data, known as the receptive field. Different 
neurons map to different receptive fields, which together cover the whole 
visual field and compose a feature map for a convolutional layer. By stacking 
these convolutional layers, increasingly complex structures can be recognized, 
exploiting the spatial information of the original image.  

CNNs are commonly used for image segmentation and classification tasks and 
are currently outperforming other ML techniques in the realm of object 
detection and classification [110, 132]. Further, CNNs are the model of choice 
for segmentation purposes. For example, U-Net is a widely used CNN for 
segmentation tasks [133]. For example, a variant of the U-net has been used to 
segment IVDs accurately [134]. Another use of CNNs is the ability to create 
attention maps. An attention mapping technique, Grad-Cam [135], construct 
attention maps by computing the gradient of the given classification score with 
respect to the feature maps of late convolutional layers. The attention maps 
highlight pixels in the input image that are important to achieve the given 
classification score [135]. This powerful tool is commonly used to verify that 
the CNN is focusing on the correct regions of the input image. However, the 
technique can also be used to visualize correlations and pinpoint important 
structures in diagnostic images, as was done using a method based on radiomic 
features in paper III.  

  



30 
 

There are different approaches to reducing the number of features used as input 
to the model, and they can be grouped into mainly three families of methods, 
one unsupervised and two supervised. Typically, unsupervised methods are 
applied first to reduce the bulk of features.  

Unsupervised feature reduction. As previously described, unsupervised 
methods do not rely on labels but instead, search for patterns in the calculated 
features themselves. Unsupervised feature selection can be applied to fill in 
missing data, remove features with high multicollinearity (redundant data), and 
remove features with low variance (low ability to explain target label).  
 
Supervised feature reduction. Supervised methods are mainly divided into 
filters and wrapper methods. Wrapper methods incrementally add or remove 
features that are used to train an ML model. The performance is recorded for 
each subset of features, and the top-performing subset is then selected. This is 
a very common feature selection method, as the method tends to select a high-
performing combination of features for the chosen model. Filter methods, on 
the other hand, have the advantage of not being model specific and being less 
computationally expensive. They analyze each feature’s statistical relation 
with its corresponding target using correlation and mutual information 
measures. However, these methods only evaluate each feature in isolation, but 
as described before, a combination of features often has a greater predictive 
value. The supervised filter methods use Euclidean distance, Pearson 
correlation, and information measures to analyze relevance and redundancy 
between features and between features and targets [128]. 
 
Although not discussed here, also semi-supervised feature reduction methods 
exist and mainly belong to the family of filter methods. For an in-depth 
explanation of the concepts and a more elaborate description of the topic of 
feature selection, please refer to the following paper [128] and book chapter 
[129]. 

4.2.2 NEURAL NETWORKS AND DEEP LEARNING 
The first influential work in the study of the mechanism of vision was 
published in 1959 by Hubel and Wiesel [130], which concluded that the simple 
brain cells of the visual cortex respond to oriented edges and that visual 
processing starts with the recognition of simple structures. As the information 
advances through the visual processing pathway, increasingly complex 
information is composed until the brain can finally recognize the outside visual 
world. Today, 60 years later, this model still inspires researchers and is the 
core theory behind neural networks.  

 

31 
 

A feedforward artificial neural network, sometimes referred to as a multilayer 
perceptron, is a class of neural networks that consists of fully interconnected 
neurons, or nodes, that are capable of nonlinear mapping between input and 
output data [131]. 

In contrast to conventional fully-connected feedforward networks and 
conventional machine learning techniques, convolutional neural networks 
(CNNs) retain the spatial information in the input images. This is achieved by 
processing input data in a hierarchical order where one neuron responds to a 
restricted region of the input data, known as the receptive field. Different 
neurons map to different receptive fields, which together cover the whole 
visual field and compose a feature map for a convolutional layer. By stacking 
these convolutional layers, increasingly complex structures can be recognized, 
exploiting the spatial information of the original image.  

CNNs are commonly used for image segmentation and classification tasks and 
are currently outperforming other ML techniques in the realm of object 
detection and classification [110, 132]. Further, CNNs are the model of choice 
for segmentation purposes. For example, U-Net is a widely used CNN for 
segmentation tasks [133]. For example, a variant of the U-net has been used to 
segment IVDs accurately [134]. Another use of CNNs is the ability to create 
attention maps. An attention mapping technique, Grad-Cam [135], construct 
attention maps by computing the gradient of the given classification score with 
respect to the feature maps of late convolutional layers. The attention maps 
highlight pixels in the input image that are important to achieve the given 
classification score [135]. This powerful tool is commonly used to verify that 
the CNN is focusing on the correct regions of the input image. However, the 
technique can also be used to visualize correlations and pinpoint important 
structures in diagnostic images, as was done using a method based on radiomic 
features in paper III.  

  



32 
 

 

 

33 
 

5 AIMS 
This thesis aims to develop data-driven MRI-based analysis methods to 
improve the understanding of spinal tissue changes and their association with 
LBP with the ultimate purpose of improving diagnostics. 

The specific aims of studies I to IV were: 

I. To investigate the feasibility of histogram analysis to quantify IVD 
heterogeneity to obtain a tool for objective and continuous grading of 
IVD degeneration. 

II. To explore possible regional differences in IVD tissue composition 
between patients with chronic LBP and controls by analyzing 
quantitative T2 maps and correlating possible differences with the 
radiological marker HIZ. 

III. To develop a method to detect the presence and position of annular 
fissures in conventional MR images using a combination of analysis 
techniques, including texture analysis, ANNs, and attention mapping. 

IV. To determine possible associations between annular fissures and 
adjacent vertebra in a clinical setting using radiomics. 
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6 SUMMERY OF STUDIES 

6.1 OVERVIEW OF STUDY COHORTS 
Paper I. The explorative study included 10 patients with chronic LBP (n=49 
IVDs, age 25-69 years, mean age 41 years, 6 male); see Figure 8. The inclusion 
criteria was LBP > 6 months.  
Paper II. The case-control study included 25 patients with chronic LBP (n = 
124 IVDs, age 25-69 years, mean age 38 years, 11 male) and 12 matched 
controls (n = 59 IVDs, age 25-59 years, mean 38 years, 7 male). The inclusion 
criteria was LBP > 6 months.  
Paper III. This study cohort included 43 patients with chronic LBP (n = 123 
IVDs, mean age 45 years, 18 male), which was initially designed to study the 
impact of spinal loading and disc degeneration on provocative discography and 
were prospectively included between April 2007 and March 2010. The 
inclusion criteria were LBP > 6 months with failed conservative therapy. 
Individuals with low image quality (low signal-to-noise ratio, motion artifact) 
or failed examination(s) were excluded from the study. 
Paper IV. The study included the same patients as in Paper III and additionally 
16 patients. In total, 61 patients with chronic LBP were included (n = 177 
IVDs, age 24–63 years, mean age 45 years, 29 male), prospectively included 
between April 2007 and March 2010. Inclusion criteria were LBP > 6 months 
with failed conservative therapy. Low-quality images (low signal-to-noise 
ratio, motion artifact) were excluded from the study.  

Besides the overlap in the cohort between the studies in papers III and IV, there 
was no overlap between the papers (Figure 8).   

Figure 8. Flowchart displaying subject inclusion and exclusion for paper I to IV.  
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6.2 PAPER I 
Motivation. Radiological IVD degeneration classification is based on visual 
and qualitative interpretation of conventional MR images. As such, the 
qualitative grading of IVD degeneration is hampered by subjective 
interpretation and limited to discrete classification grades. 
 
Methods. The IVDs in the lumber spine of the patients were examined with 
conventional MRI and quantitative T2-mapping. Each IVD was semi-
automatically segmented on three mid-sagittal slices, of which histogram 
features of the IVD heterogeneity were extracted using an unsupervised 
Gaussian mixture clustering model (Figure 9). The calculated histogram 
feature values were correlated to IVD degeneration in terms of Pfirrmann 
grades to assess its usability. 
 
Results. Features calculated on both T2 maps and conventional MR images 
displayed similar results where two well-separated and distinct peaks were 
visible in histograms of well-hydrated IVDs. The topology of the histograms 
was altered with increased IVD degeneration. Specifically, the distance 
between peaks decreased, representing a reduced distinction between the AF 
and NP (Figure 10). The histogram features were shown to correlate with 
Pfirrmann grade (p<0.02). 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

Figure 10. Examples of histograms displaying 
the distribution of voxel-values within IVDs of 
different degeneration measured with 
Pfirrmann grading. The distributions were 
derived from T2-weighted images. 

The images above are reproduced (cropped from original) from the original article authored 
by Waldenberg et al. [2], which are licensed under CC BY 4.0. 
https://creativecommons.org/licenses/by/4.0/  

Figure 9. Example of Gaussian mixture models 
clustering, where the separation between high 
and low grey scale values, Δµ, was calculated. 
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Figure 11. The distribution of T2-map values for intervertebral discs (IVDs) of different 
Pfirrmann grades presented as two overlapping patches ranging from anterior IVD (sub-
region 1) to posterior IVD (sub-region 5). The height of each patch represents the mean T2 
value ± one standard deviation.  

The image is reproduced (adapted from original) from the original article authored by 
Waldenberg et al.[1], which is licensed under CC BY 4.0. 
https://creativecommons.org/licenses/by/4.0/ 

 

6.3 PAPER II 
Motivation. Quantitative MRI can provide objective measures of IVD tissue 
relaxation characteristics. However, there are limited studies comparing 
regional quantitative IVD measures of symptomatic and asymptomatic 
individuals. 
 
Methods. The IVDs in the lumber spine of patients and age-matched controls 
were examined with T2-mapping. Each IVD was semi-automatically 
segmented into three mid-sagittal slices, of which the IVD heterogeneity was 
investigated by dividing the IVDs into five sub-regions in the posterior-
anterior orientation. From each sub-region, the mean T2 value and standard 
deviation were calculated. Further, the distribution of T2 values in the IVDs 
was investigated using histogram analysis by Gaussian mixture models 
clustering. In addition, the analysis was conducted for IVDs of different 
degeneration grades, as described by Pfirrmann. To investigate possible IVD 
heterogeneity caused by IVD fissuring, an additional analysis, using the same 
analysis procedure was conducted after excluding IVDs affected by fissuring 
visible as HIZ. 
 
Results. Significantly different T2 values between patients and controls were 
found in sub-regions representing the NP and the border zone between the NP 
and the posterior AF (p = 0.047–0.050) (Figure 11). After excluding all IVDs 
with HIZ, no significant differences between the two cohorts were found. 
Neither for the IVDs globally (p = 0.054–0.995) nor for individual sub-regions 
(p = 0.053–0.869). 
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6.4 PAPER III 
Motivation. Annular fissures in IVDs are associated with LBP. Although 
clearly visible at CT discograms, no sensitive non-invasive method exists to 
detect annular fissures. 
 
Methods. IVDs in the lumbar spine of LBP patients were examined with 
conventional MRI and discography followed by a CT. Based on the CT 
images, the occurrence and extension of the annular fissures were graded 
according to DDD by a senior radiologist. Each IVD was semi-automatically 
segmented on five mid-sagittal slices, after which radiomic features describing 
the IVD heterogeneity and intrinsic tissue properties were calculated using the 
T2W images. To determine the location of annular fissures, 22 features that 
were mainly sensitive to changes in the AF were selected and used to train a 
classification model based on shallow ANNs. During training, 10-fold 
stratified cross-validation was performed to reduce the risk of model 
overfitting. An attention mapping technique based on the radiomic features 
was used to predict the location of the fissures (Figure 12). 

Figure 12. Flowchart displaying the method used to calculate the attention maps. The region 
of interest (ROI) and the corresponding image of the intervertebral disc overlaid with an 
occluding slab are fed into feature extraction software (1). The feature values are calculated 
(2) and fed into the artificial neural network to calculate a classification score (3). This 
classification score is mapped back to the position of the occluding slab (4). Next, the position 
of the slab is moved one pixel in the anterior direction (dashed line in (1)) and the process is 
repeated (5). When the occluding slab has populated all positions of the intervertebral disc, 
the attention map is constructed (6). 
 
The image and the figure caption are reproduced without changes from the original article 
authored by Waldenberg et al. [4], which is licensed under CC BY 4.0. 
https://creativecommons.org/licenses/by/4.0/ 
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Results. Twenty (out of 123) IVDs were found to be unsuitable for the 
attention mapping technique as they exhibited severely disrupted AF (<50% 
continuously intact outer third AF) and lacked delimitable fissuring pathology. 
As such, they were excluded from further analysis. The attention maps 
accurately displayed the true position of the fissures in 90 (87%) of the 
analyzed discs (Figure 13). 
 
 

 
 

6.5 PAPER IV 
Motivation. It has been shown that vertebral tissue changes are closely related 
to increased IVD degeneration and fissuring. However, the etiology is unclear, 
and radiological markers are not specific enough to enable precision 
diagnostics, which is why more competent methods to study associations 
between tissue changes are required. 
 

Figure 13. Representative examples of computed tomography discograms (top and middle) 
and the corresponding attention maps overlaid on a sagittal T2-weighted MR image (bottom). 
The contrast media, injected into the nucleus pulposus (visible in white), spreads into annular 
fissures, revealing their position and extent. The images (a-e) display instances where the 
proposed method correctly identifies the outer annular fissures in the sagittal T2-weighted 
images visible in red.  

The image is reproduced (adapted from original) from the original article authored by 
Waldenberg et al.[4], which is licensed under CC BY 4.0. 
https://creativecommons.org/licenses/by/4.0/ 
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Methods. 177 IVDs and adjacent vertebrae in the lumbar spine of the patients 
were examined with conventional MRI and discography followed by a CT. 
Based on the CT images, the occurrence and extension of the annular fissures 
were graded according to DDD by a senior radiologist. Since mainly IVD 
fissures reaching the outer AF are believed to induce LBP, IVDs with fissures 
reaching the outer AF were separated from the rest. Five to seven mid-sagittal 
slices of each vertebra were manually segmented, after which radiomic 
features describing the vertebral heterogeneity and intrinsic tissue properties 
were calculated on the T1W and T2W images. Before calculating the 
radiomics, the following preprocessing of the MR images was conducted to 
ensure reproducible features: 

• MR images were interpolated to isotropic voxels of size 
1x1x1 mm3. 

• MR image volumes were normalized to the mean volume 
signal intensity ± 3 standard deviations. 

• MR image intensity discretization was performed using a 
fixed bin width of three. 
 

To generate generalizable results, the number of features was reduced by 
considering (1) the variability of ROI segmentation, (2) the robustness of 
image acquisition and reconstruction, and (3) the redundancy of features 
related to their collinearity (4). To further select the most meaningful features 
best associated with IVD fissures, the remaining features were reduced further 
using ML algorithms combined with backward feature selection and logistic 
regression, finally selecting three features (Figure 14). 
 

Figure 14. Model performance in identifying an annular fissure as a function of the number of 
included features calculated from the adjacent vertebra. The figure displays the mean accuracy 
± one standard deviation (transparent patch) calculated from 5-fold cross-validation. 
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Results. By using three features that were associated with crosstalk between 
IVD with fissures and adjacent vertebrae, the logistic regression accurately 
classified 82% of the IVDs, reaching a sensitivity of 96.5% and a specificity 
of 28.7%. All three selected features were derived from only the T1W images 
suggesting that features extracted from the T2W image contributed with no 
additional information when features from the T1W image were included in 
the analysis. It was found that an inhomogeneous vertebra with few or small 
bright areas on a T1W image was likely to be adjacent to an IVD with a fissure 
(Figure 15).  

 

 

 
 
 
 
 
  

Figure 15. Examples of feature maps overlaid onto T1W images of the vertebra. In the examples, 
the logistic regression correctly classified the adjacent IVD. T1-weighted (T1W) and T2-
weighted (T2W) images with no overlay are added for reference. 
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7 CONCLUSION 
With data-driven methods, such as radiomics and attention mapping, tissue 
changes both within the IVD and the vertebra were well revealed in LBP 
patients. Further, the methods can be used to find associations between 
different types of tissue changes and were sensitive to subtle and imperceptible 
changes associated with disc degeneration and annular fissuring. These 
analysis methods could contribute to improved MRI diagnostics for LBP 
patients. 

The specific conclusions for the paper I to IV were: 

I. Histogram features correlated well with IVD degeneration, 
suggesting that histogram analysis is a suitable tool for objective 
classification, here applied to IVD degeneration. 

II. Significant differences in T2 values, primarily in the NP region, were 
found between the patient and control cohorts, mainly related to IVD 
fissuring visible as HIZ, which may reflect altered IVD structure and 
function associated with HIZ. 

III. The proposed method, utilizing radiomic features and ML models, 
was able to identify annular fissures in conventional MRI, allowing 
for new non-invasive research related to the presence and position of 
individual fissures. 

IV. Radiomic features can objectively describe tissue heterogeneity and 
detect vertebral tissue changes associated with adjacent annular 
fissures.  
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8 DISCUSSION  
This thesis aims to move the current research front forward within LBP 
diagnostics by developing and exploring non-conventional post-processing 
techniques based on artificial intelligence (AI), such as ML, attention mapping, 
and texture analysis. With these methods, not only quantitative relaxation 
mapping but also conventional relaxation-weighted MR images can be 
exploited to create objective features that provide the ability to predict 
pathology and potentially follow-up treatment longitudinally. This is of great 
advantage as it reduces the need for lengthy parametric scanning protocols, 
resulting in increased patient comfort and lower acquisition costs. Most 
importantly, it offers the possibility to extract new information which has been 
“hidden” in the big data that has been collected over decades. This may open 
a window of possibilities to further improved diagnostics and an increased 
understanding of causal relationships.  Thus, this thesis represents an important 
stepping-stone toward better understanding the multifactorial pathology 
related to LBP and may potentially, in its extension, differentiate between 
different types of painful spine conditions from what is otherwise categorized 
under the same heading; non-specific LBP. 

8.1 CAN MR POST-PROCESSING 
TECHNIQUES IMPROVE SPINE 
DIAGNOSTICS? 

MRI is considered to be the most suitable imaging method to evaluate IVD 
degeneration [136], and the images are usually classified using the radiological 
marker Pfirrmann grading. However, radiological classification markers are 
subjective and limited to only a few discrete and nonlinear stages. The 
development of an objective and continuous classification method could 
generate unbiased classification results and aid physicians in following patients 
longitudinally. In Paper I, we exploited the heterogeneity in the IVD tissue 
using an unsupervised clustering algorithm to develop an objective and 
continuous classification method. We chose this specific method based on 
prior knowledge that the distinction between the IVD AF and NP diminishes 
during degeneration which is clearly reflected in the histograms of the IVDs. 
Further, the model evaluates the whole disc simultaneously, not individual 
voxels, which makes it insensitive to noise and local variance. The work was 
hypothesis-driven and based on the idea that both quantitative and weighted 
T2 contrast would reflect the same disc heterogeneity pattern. That is, we 
investigated if both quantitative MRI and conventional MRI could be 



44 
 

 

 

45 
 

8 DISCUSSION  
This thesis aims to move the current research front forward within LBP 
diagnostics by developing and exploring non-conventional post-processing 
techniques based on artificial intelligence (AI), such as ML, attention mapping, 
and texture analysis. With these methods, not only quantitative relaxation 
mapping but also conventional relaxation-weighted MR images can be 
exploited to create objective features that provide the ability to predict 
pathology and potentially follow-up treatment longitudinally. This is of great 
advantage as it reduces the need for lengthy parametric scanning protocols, 
resulting in increased patient comfort and lower acquisition costs. Most 
importantly, it offers the possibility to extract new information which has been 
“hidden” in the big data that has been collected over decades. This may open 
a window of possibilities to further improved diagnostics and an increased 
understanding of causal relationships.  Thus, this thesis represents an important 
stepping-stone toward better understanding the multifactorial pathology 
related to LBP and may potentially, in its extension, differentiate between 
different types of painful spine conditions from what is otherwise categorized 
under the same heading; non-specific LBP. 

8.1 CAN MR POST-PROCESSING 
TECHNIQUES IMPROVE SPINE 
DIAGNOSTICS? 

MRI is considered to be the most suitable imaging method to evaluate IVD 
degeneration [136], and the images are usually classified using the radiological 
marker Pfirrmann grading. However, radiological classification markers are 
subjective and limited to only a few discrete and nonlinear stages. The 
development of an objective and continuous classification method could 
generate unbiased classification results and aid physicians in following patients 
longitudinally. In Paper I, we exploited the heterogeneity in the IVD tissue 
using an unsupervised clustering algorithm to develop an objective and 
continuous classification method. We chose this specific method based on 
prior knowledge that the distinction between the IVD AF and NP diminishes 
during degeneration which is clearly reflected in the histograms of the IVDs. 
Further, the model evaluates the whole disc simultaneously, not individual 
voxels, which makes it insensitive to noise and local variance. The work was 
hypothesis-driven and based on the idea that both quantitative and weighted 
T2 contrast would reflect the same disc heterogeneity pattern. That is, we 
investigated if both quantitative MRI and conventional MRI could be 



46 
 

converted into quantitative handcrafted features that correlated with IVD 
degeneration. The features that were calculated from both the quantitative and 
conventional MR images had a similar discriminative ability, indicating that 
conventional MRI, in a proper setting, can have a similar diagnostic value to 
that of quantitative T2 maps. Recently, a paper similar to paper I used texture 
analysis to classify IVD degeneration [137]. The authors utilized fractal 
dimension, a method used to measure complexity in a pattern [138], to measure 
tissue heterogeneity. They concluded that fractal analysis was a suitable tool 
for objective and continuous classification of IVD degeneration. In paper III, 
we also investigated the value of texture analysis for IVD characterization. 
However, we did not use texture analysis to classify general IVD degeneration 
but to phenotype potentially painful fissures in the IVDs. Since paper I was a 
feasibility study that included only patients with chronic LBP, we hypothesized 
that the different histogram topologies in IVDs of the same Pfirrmann grade 
resulted from fissures in the IVDs. This hypothesis was based on the 
knowledge that fissures may contain clusters of nuclear cells originating from 
the NP, granulation tissue, and ingrowth of nerve endings and, as such, likely 
increase IVD heterogeneity and thus the topology of the IVDs histograms [17]. 

In paper II, this hypothesis was tested. We investigated the heterogeneity and 
the regional behavior of IVDs among patients with chronic LBP and matched 
controls using, among other things, the clustering method developed in paper 
I. Changes in the regional behavior were correlated to the occurrence of 
annular fissures visible as HIZ. The study concluded that annular fissures are 
not only correlated to a signal increase at the outer part of the annulus but also 
with a decrease in hydration of the NP which could result from altered IVD 
micro-structure due to IVD fissuring. From a pathophysiological view, the 
altered IVD micro-structure most likely reflects reduced proteoglycan 
concentration and elevated fibrosis and matrix cell density, as indicated by 
decreased T2 values inside the NP of IVDs with fissures [17]. The finding that 
the signal changes not only at the position of the fissure but also at the center 
of the disc when a fissure is present in the IVD is an important aspect to 
consider in the study design of paper III, where the IVD tissue characteristics 
were probed to identify annular fissures. In this paper (paper II), quantitative 
T2 maps were utilized. One main advantage of using quantitative T2 maps as 
opposed to conventional qualitative MRI is the ability to directly compare T2 
values between different studies and sites, enabling good grounds for a 
longitudinal assessment. However, as discussed in paper II and under 4.3, 
parametric T2-mapping suffers from potentially low accuracy and 
reproducibility, even when evaluating parametric maps from different vendors 
and scanners at the same magnetic field strengths [54]. One often implemented 
method to ensure rigor evaluation is the use of phantoms [139], as was done to 
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evaluate the acquired T2 maps in Paper II. It was found that the T2 values 
representative for IVDs of Pfirrmann grade 3 had an error of less than 7%. 
This, being a systematic error, should not influence the conclusions of the 
current study. However, the error should be considered in direct relation to 
other studies. 

In paper III, where we had access to a unique dataset from both high-resolution 
CT-discography and T2W MRI, we utilized texture analysis combined with 
ML models and complementing analysis techniques to visualize the location 
of individual fissures in IVDs through attention maps, also known as saliency 
maps. Such maps highlight parts of the input image that is important for the 
classifier to make its decision for the target class. However, other popular 
techniques are available that also produce similar saliency maps based on DL 
techniques, such as the Grad-CAM technique [135], which, according to 
Google Scholar, has 13635 citations as of April 10th, 2023. The Grad-CAM 
technique considers the whole input image to create the attention map. 
However, as Paper II indicated, annular fissures correlated with changes also 
at the center of the IVD (the NP). Therefore, another method was utilized that 
visualized fissures in the AF but, at the same time, did not visualize tissue 
changes in the NP that were a consequence of the fissures. For that purpose, 
we designed an approach based on texture analysis, where only a small subset 
of 22 features that were mainly sensitive to changes in the outer IVD tissue 
(the AF) was selected.  

The discriminative ability of texture analysis to detect annular fissures was 
proven in Paper III, and the idea was further explored in Paper IV.  Previous 
studies have reported cross-talk between the IVDs and vertebra where, for 
instance, pro-inflammatory gene expression in the IVDs correlated with 
fibrogenic changes in adjacent vertebrae [140]. However, radiological 
markers, such as HIZ and MC, have not yet reached conclusive associations. 
To overcome this, we explored the association directly in the MR images by 
applying texture analysis and ML models, as opposed to radiological markers, 
with the aim of analyzing vertebral heterogeneity patterns in greater detail. 
Radiomic features were calculated from conventional T1W and T2W images, 
where only three remained after extensive feature reduction. Unexpectedly, the 
remaining features were all calculated from the T1W images, suggesting that 
the T2W images had little or only similar explaining ability to what T1W could 
offer.  One can speculate that this is because the distribution av important tissue 
patterns within the vertebra are the most important for the association and not 
only the ability to separate water and fat. The findings could also be explained 
by the fact that T1W images have a higher signal-to-contrast ratio compared to 
T2W images. It should be mentioned that when all radiomic features based on 
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evaluate the acquired T2 maps in Paper II. It was found that the T2 values 
representative for IVDs of Pfirrmann grade 3 had an error of less than 7%. 
This, being a systematic error, should not influence the conclusions of the 
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Google Scholar, has 13635 citations as of April 10th, 2023. The Grad-CAM 
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(the AF) was selected.  
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studies have reported cross-talk between the IVDs and vertebra where, for 
instance, pro-inflammatory gene expression in the IVDs correlated with 
fibrogenic changes in adjacent vertebrae [140]. However, radiological 
markers, such as HIZ and MC, have not yet reached conclusive associations. 
To overcome this, we explored the association directly in the MR images by 
applying texture analysis and ML models, as opposed to radiological markers, 
with the aim of analyzing vertebral heterogeneity patterns in greater detail. 
Radiomic features were calculated from conventional T1W and T2W images, 
where only three remained after extensive feature reduction. Unexpectedly, the 
remaining features were all calculated from the T1W images, suggesting that 
the T2W images had little or only similar explaining ability to what T1W could 
offer.  One can speculate that this is because the distribution av important tissue 
patterns within the vertebra are the most important for the association and not 
only the ability to separate water and fat. The findings could also be explained 
by the fact that T1W images have a higher signal-to-contrast ratio compared to 
T2W images. It should be mentioned that when all radiomic features based on 
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T1W images were removed from the analysis, only a slightly reduced 
association was archived (data not shown). This implies that higher image 
quality is most important for diagnostic precision. It would be interesting to 
investigate the association between fissures and vertebrae using features 
calculated from also functional imaging, such as diffusion and perfusion. It is 
known that vertebral perfusion normally diminishes after skeletal maturity but 
that the perfusion can be re-generated in the event of IVD damage. Perfusion 
and diffusion analysis combined with the current features might enable a 
deeper insight into the association between pathology and tissue changes. 
Comparisons between LBP patients and matched controls might elucidate 
possible associations of vertebral and IVD tissue changes and tissue function 
to LBP, further adding to the collective knowledge of painful associations.  

 

8.2 HOW MUCH DATA IS ENOUGH? 
The encouraging results in object recognition and classification problems, 
where ML algorithms outperform the human observer, spread hope that similar 
progress will occur in the medical field. The rapid advancement in computer 
vision tasks may result from the very large and labeled datasets available, 
sometimes containing millions of images. In the medical field, however, much 
smaller datasets are often collected. Publicly available datasets considered 
“large” typically include subjects in the order of hundreds to thousands [108]. 
Although a one-to-one comparison of dataset sizes would not be fair, as there 
are generally fewer classes with less variation in medical datasets compared to 
datasets in computer vision problems [141]. The datasets used in the ML 
studies in this thesis included relatively few subjects, ranging from 10 to 61. 
This, of course, might impact the generalizability of the applied models and 
methods. By generalizability, I here refer to the model’s ability to be 
successfully applied to a dataset reflecting the true general public. Although 
relatively few subjects were used in the current studies, an effort was made to 
choose models and techniques suitable for the amount of data available to 
generate meaningful results. For example, in paper I, a clustering method based 
on a mixture of Gaussians was applied. In this case, the model was not used to 
suggest probabilistic predictions. Rather, each analyzed IVD and subject stood 
separated from the rest. As such, the study sample size did not affect clustering 
interpretability.  

In paper IV, where radiomic features extracted from conventional MR images 
were used to investigate the association between annular fissures and vertebral 
tissue changes, the radiomics features were greatly reduced before being 
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analyzed with ML techniques. By applying an ensemble of ML models, which 
also has been shown to increase generalizability [142], a few most important 
radiomic features were selected to describe possible associations through 
logistic regression. The end product was a rather simple logistic regression 
model with few parameters. As was previously described, models with few 
degrees of freedom are easier to interpret and are less prone to overfit and thus 
do a better job at generalizing to other datasets.  

In paper III, where radiomics were extracted from 43 patients and 123 IVDs to 
predict the presence of annular fissure, cross-validation, a standard solution to 
validate a model [143], was implemented to reduce the risk of model overfit 
and to imply model generalizability. As the hyperparameters, i.e., parameters 
that control the model learning process, were not tuned during training, cross-
validation is a recognized method to estimate model performance [144]. Of 
course, also other techniques could have been implemented to possibly 
increase model generalizability, such as data augmentation, i.e., a technique 
where several slightly modified copies of input data are used to train ML to 
reduce over-fitting. Although the true generalizability of the model to the 
general population remains unknown, more subjects by itself would not 
necessarily increase model generalizability. Instead, if additional subjects were 
to be included in the study, the subjects should be referred from other sites to 
form a more heterogeneous cohort. As described before, most importantly, 
model generalizability in the medical field comes from including subjects with 
diverse backgrounds. Factors such as sex and age distribution, geographic 
location, etc., can play an equally important role in obtaining a model that 
generalizes well to other datasets and the general population. For example, it 
has been shown that an individual’s exercise activity can influence the 
hydration levels in IVDs [145]. Although easily overlooked, this can probably 
influence the model used in paper III as the model probes the IVD to make its 
prediction, and increased IVD hydration can change the IVD appearance on 
T2W images and quantitative values in T2 maps.  

In a recent meta-analysis covering more than 500 publications leveraging ML 
techniques to classify Alzheimer’s disease, the authors underline the need for 
a diverse dataset. The study found that larger datasets did not improve the 
accuracy of predicting Alzheimer’s disease. But rather, the accuracy mostly 
decreased with an increased number of subjects [141]. The author hypothesizes 
that this might come from the fact that larger sample sizes might closer reflect 
real-life populations. Although relatively small datasets might suffice for 
proof-of-concept studies, the results from the meta-analysis, again, stress the 
importance of including a diverse cohort when planning studies and creating 
models that aim to be widely implemented into clinical practice [109].  
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One plausible method to investigate model generalizability is to evaluate the 
model or method using a public benchmark [146]. This public benchmark 
should also decide suitable performance metrics which could lead to unbiased 
conclusions. However, the scarce data available in the medical field often do 
not allow this approach. This is very true for the data used in papers III and IV, 
where we analyzed discography images, a procedure that is rarely performed 
today. It must be noted, though, that the subject data size should satisfy the 
intended use. Larger datasets or increased generalizability would probably not 
have changed the conclusions of papers III or IV. That being said, to quote 
Michael W. Browne [143], “Every model we are likely to consider will be 
wrong to some extent.” This is likely true as a model is only a plausible 
approximation to reality.  

8.3 WHAT MODEL IS THE MOST 
APPROPRIATE?  

AI has experienced considerable advancement in the last decade and has been 
largely driven by the increase in data availability and computational power 
[147]. Within medicine, AI algorithms are now often performing on par [148] 
or even better than physicians [149, 150] in identifying tissue changes and 
pathology. In most cases, DL-based models outperform others. However, 
despite the promising results, few DL models have reached clinical 
implementation [151]. Perhaps because the high predictive accuracy is often 
achieved through increased model complexity, turning such systems into a 
“black box,” leading to a lack of model interpretability and trust [114-116]. 

In contrast to conventional ML using handcrafted radiomic features, DL 
approaches using CNNs automatically extract features and hierarchical data 
representations from input images without human intervention [152].  
However, handcrafted features are derived through mathematical equations 
[153]. As such, handcrafted features offer increased interpretability where the 
observer can evaluate model results to explain important characteristics in the 
image data. Another important aspect that, in some cases, might be in favor of 
conventional ML models is its need for fewer data. Although higher predictive 
performance can usually be reached using DL models, conventional ML 
models often require fewer data samples than DL equivalents to achieve 
comparable performance [123]. 

Inspired by Zhou, B. et al. [154], who first introduced the concept of 
discriminative localization maps, i.e., an attention map that highlights regions 
of an image used by a CNN to identify the category of the image, we developed 
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a method for attention mapping using radiomic features instead of CNNs 
(paper III). In this study, specific features were chosen that were able to 
identify the location of an annular fissure. Using this approach allowed the use 
of a simple model with relatively few parameters, making the method and 
model derivable. In study IV, we investigated the possible association between 
an annular fissure and adjacent vertebrae using radiomic features. Although 
unexplored, classification performance could probably have increased using a 
DL approach, but the association results, which were the aim of the study, 
would not have been easily achievable.  

The need for trustworthy models, especially in critical domains such as 
healthcare and self-driving cars, has formed the field of explainable Artificial 
Intelligence (XAI) [155], which focuses on the understanding and 
interpretation of the behavior of AI systems. Although increasingly many 
contributions are made to this field, most methods for increasing the 
interpretability of DL models target classification tasks and are often explained 
by the use of varieties of attention maps-techniques to highlight the most 
important areas of an image related to the target class [114], e.g., CAM, Grad-
CAM [135], LIME [156] and SHARP[157], to name a few. The field of XAI 
is evolving at a high pace, and although not yet mature [114, 158], the 
continued commitment might benefit complex ML models to be better 
understood in the future.  
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9 FUTURE PERSPECTIVES 
The field of ML is rapidly evolving, with over 50.000 published papers in 
2022. The surge of new ML models and techniques requires researchers to 
continually monitor the ML field to benefit from recent advances. The rapid 
evolution might, of course, make the current models used in this thesis soon 
obsolete. However, hopefully, more capable models will emerge and benefit 
the medical field to further advance the understanding of pathology related to 
LBP. 

All included papers in this thesis are performed systematically to tackle some 
of the shortcomings in the field of spine research by offering new tools that 
display not only visible global changes of general degeneration. However, the 
thesis still does not aim to offer a diagnostic tool that overcomes the clinical 
challenges for this group of patients. Of course, it cannot be overlooked that 
patients with LBP have a higher prevalence of spinal tissue changes compared 
to individuals without pain and that MRI can depict specific behaviors that may 
reflect the cause of the pain. However, there is still a long way to go to establish 
evidence, and maybe we will never find the true cause of pain. A recent study 
showed that educating patients on their LBP significantly decreased their 
anxiety, stress, depression, and pain intensity [159], indicating that pain 
sensation might not only be related to tissue changes. Perhaps patients initially 
do experience pain related to pathology, but this pathology might heal or 
change character, leaving only the sensation of pain and, as such, will not be 
displayed by MRI. It has been shown that prior LBP is a predictor for future 
LBP [160], where more than 40% of the patients will suffer a recurrence of 
pain within one year [161]. As such, potential tissue changes related to LBP 
might be better recognized during longitudinal studies where changes are 
closely followed over time.  

Numerous studies have evaluated spinal tissue changes and their associations 
related to LBP using conventional MRI-based radiological markers with the 
aim of better understanding the pathology and, ultimately, improving LBP 
diagnostics; however, without yet reached a conclusion. New image analysis 
methods, such as those described in this thesis, may have the feasibility to push 
the research forward. Although progress in the field is undeniably occurring, I 
believe that conventional MR images, with or without advanced analysis 
methods, have a limited explaining ability and that we need to introduce 
unexplored functional methods into the research field. Functional MRI, for 
example, diffusion and perfusion, can directly assess tissue function, which 
relaxation weighting and mapping methods do not offer. Combined with 
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present analysis methods, functional MRI may depict new signal behaviors 
important for LBP. We have exemplified that our explanatory analysis 
methods can display subtle, even to the eye, invisible tissue changes. Perhaps 
these methods can also explain similar subtle changes in data derived from 
functional MRI. I believe combining morphological images, functional 
methods, and new advanced image analysis is a plausible way forward. 
Additionally, combining functional MRI with longitudinal studies can 
hopefully capture subtle tissue changes that evolve over time. Such an 
approach may further increase our understanding of causality and ultimately 
bring us closer to understanding the source of LBP and thereby improving the 
treatment of this large patient cohort. 

Going forward, a longitudinal study that includes a large cohort of LBP 
patients and matched controls might possibly advance the understanding of the 
occurrence of tissue changes associated with LBP. Specifically, clinical and 
functional MRI evaluated by explanatory analysis techniques developed in this 
thesis, such as handcrafted clustering features used to investigate the IVD 
heterogeneity, pixel-wise classification algorithms of vertebral pathology, and 
models using radiomics features evaluated in papers III and IV might have the 
potential to uncover yet unknown associations to continue to grow our 
understanding of what causes LBP. 
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