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Background: Osteoporosis is a systemic skeletal disease that is characterized by low bone mass and
microarchitectural deterioration, predisposing affected individuals to fragility fractures. Yet, standard
measurement of areal bone mineral density (BMD) in dual-energy X-ray absorptiometry (DXA) as the
current reference standard has limitations for correctly detecting osteoporosis and fracture risk, with
opportunistic osteoporosis screening using computed tomography (CT) showing increasing importance. This
study’s objective is to compare finite element analysis (FEA)-based vertebral failure load with parameters of
texture analysis (TA) derived from multi-detector CT (MDCT).

Methods: MDCT data of seven subjects (mean age: 71.9+7.4 years) were included for FEA and TA. Manual
segmentation was performed for the vertebral bodies T11, T12, L1, and L2 and the intervertebral discs (IVDs)
T11/12, T12/L1, L1/2, and L2/3. Correlation analyses between FEA-derived failure loads and parameters of TA
for the single vertebrae and two functional spinal units (FSUs) were calculated, defining FSU-1 as T11-IVD-T12-
IVD-LI and FSU-2 as T12-IVD-LI1-IVD-L2. Furthermore, multivariate regressions were performed to identify
the texture parameters that predicted the failure load best.

Results: For single vertebrae, the strongest correlations were observed for skewnessglobal, kurtosisglobal,
and gray level variance (rho =-0.7668 to -0.7362; P<0.001), while for FSUs, SumAverage, long-run
emphasis, long-run low gray-level emphasis, homogeneity, and energy showed the strongest correlations (rho
=-0.8187 to 0.8407; P<0.05) to failure loads. SumAverage best predicted the failure load for single vertebrae
(Rzadi =0.523, P<0.001). For the two FSUs, kurtosisglobal (FSU-1: Rzadi =0.611, P=0.001) and skewnessglobal
(FSU-2: Rzadj =0.579, P=0.002) were the best predictors.

Conclusions: TA using MDCT data of the spine was significantly associated with FEA-derived failure loads
of both, single vertebrae and FSUs. Texture parameters predicted failure loads of FSUs as a more realistic in-vivo
scenario equally well as compared to single vertebrae analyses. TA may reflect a less complex and time-consuming

approach to accurately and non-invasively evaluate vertebral bone strength.
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Introduction

Osteoporosis is a systemic skeletal disease that shows
exceedingly high prevalence worldwide (1-3). It is
characterized by low bone mass in combination with the
microarchitectural deterioration of bone tissue, increasing the
risk for fragility fractures (3-5). Sustained fragility fractures
reduce the health-related quality of life of affected subjects
and can result in premature mortality (6-10). One of the most
common anatomical sites of osteoporotic fragility fractures
is the spine, with affected subjects presenting a 12.6-fold
increase in the risk of future additional vertebral fractures
(3-5,11,12). However, vertebral fractures often stay silent
without causing physical symptoms, delaying the initiation of
treatment (13,14). The valid prediction of individual fracture
risk in osteoporosis is key to start timely pharmacological
interventions and improve clinical outcome.

The measurement of areal bone mineral density (BMD)
in dual-energy X-ray absorptiometry (DXA) of the spine
and/or hip is the current reference standard for diagnosing
osteoporosis and for assessing fracture risk (4,15-17).
However, DXA-derived areal BMD values of subjects with
and without osteoporosis can overlap, thus hampering
reliable identification of osteoporotic subjects at risk of
suffering fractures (17-19). Attempts to overcome mere
DXA-based areal BMD values as the only metric to assess
fracture risk are manifold, including the Fracture Risk
Assessment Tool (FRAX) that allows calculating the 10-year
fracture probability by including several known risk factors
besides areal BMD, which is an optional entry (20,21).
Furthermore, the application of computed tomography
(CT)—mostly used opportunistically when acquired
for other clinically indicated purposes than a dedicated
assessment of BMD—shows high potential to overcome
limitations of DXA for osteoporosis screening by measuring
BMD and by analyzing other parameters related to bone
quality (17,22,23).

Finite element analysis (FEA) applied to CT data of
the spine seems a promising approach to assess vertebral
bone strength and to predict incident vertebral fractures
in osteoporosis (24-26). Specifically, lower vertebral
strength using FEA was associated with an increased risk
of new or worsening vertebral fractures, and vertebral
strength better predicted incident vertebral fractures
when compared to CT-based areal BMD [area under the
curve (AUC) =0.804 vs. 0.715] (24). Importantly, FEA
does not require increased radiation exposure during
CT acquisition, as a dose reduction of at least 75%
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compared to standard-dose imaging is still workable
for an adequate prediction of vertebral failure load
based on FEA in-vivo (25). Correspondingly, in an
ex-vivo setup using thoracic mid-vertebrae specimens for
CT scanning with different exposures, dose reduction in the
range of 80 to 500 mAs had no significant impact on FEA-
predicted vertebral fracture loads (26).

While most studies have considered single vertebral
bodies in an isolated fashion, recent FEA-based work
stressed the importance of the functional spinal unit [FSU;
i.e., two adjacent vertebrae with the intervertebral disc
(IVD) and adjoining ligaments between them], because
IVDs also considerably influence the total load on the spine
(27,28). In detail, one study found that only stiffness, but
not FEA-derived failure load was significantly correlated to
experimentally measured failure load (27). Another study
revealed that the FEA-predicted vertebral failure load
showed no significant correlations with experimentally
measured failure loads, whereas FEA-predicted failure loads
of FSUs best predicted experimentally measured failure
loads (28). Thus, while FEA of vertebral bodies alone may
probably only provide limited information on vertebral
bone strength, models considering the FSUs could come
closer to an adequate evaluation of strength and impending
osteoporotic fractures at the spine.

Although the FEA-based assessment of vertebral failure
load is considered the gold standard (29-31), FEA is a
sophisticated and methodologically demanding approach,
which requires the input of assumptions for force direction
and spread as well as for modeling of IVDs. Furthermore,
sufficient computational power is needed, entailing a rather
long duration for FEA computation that would hamper
seamless application in the direct clinical setting. Another
valuable approach besides FEA is texture analysis (TA),
which has shown feasibility for assessment of the spine
with high discriminatory power to identify patients with
vertebral fractures and to accurately predict fracture risk
(32,33). The approach of TA is an objective and quantitative
method to analyze the distribution and relationship of
pixel or voxel gray levels in an image or volume, which is
applicable to CT data (34). Specifically, TA combined with
machine learning algorithms for evaluation of standard
CT enabled identifying subjects who will suffer from
vertebral insufficiency fractures with high accuracy and an
AUC of 0.97 (32). In a study assessing the performance
of global volumetric BMD with a random forest classifier
based on regional values and TA to separate patients with
and without osteoporotic fractures, the random forest
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Figure 1 The four-step analysis methodology followed in the current computational study. Step 1: multi-detector computed tomography

(MDCT) image acquisition; step 2: model segmentation; step 3: finite element analysis (FEA); step 4: data analysis. (A) Analysis steps shown

for a single vertebral body; (B) analysis steps shown for the functional spinal unit (FSU).

classifier showed a better discriminatory power (AUC
=0.88) than that of volumetric global BMD alone (AUC
=0.64) (33). Notably, opportunistic osteoporosis screening
at the spine using specific texture parameters could
even be performed in contrast-enhanced CT scans, thus
probably further increasing seamless application of TA (35).
Normative values of TA features for CT scans of the
spine have been provided and showed age-, gender-, and
region-specific differences beyond information provided by
conventionally used DXA (36).

Yet, it is unclear whether FEA as the gold-standard method
for vertebral failure load evaluation correlates well with
parameters from TA when considering single vertebrae and,
more importantly, FSUs. Thus, the aim of this study is to
systematically compare the FEA-based vertebral failure load
with parameters of TA derived from CT data of the spine.

Methods
Setup and cobort

This retrospective study was approved by the local
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institutional review board and was conducted in accordance
with the Declaration of Helsinki. The requirement for
written informed consent was waived due to the study’s
retrospective character.

Eligible subjects underwent multi-detector CT (MDCT)
scans covering the thoraco-lumbar spine and were
retrospectively identified in our institution’s digital Picture
Archiving and Communication System (PACS). Patients
with pathological bone changes like bone metastases,
hematological or metabolic bone disorders aside from
osteoporosis, and vertebral fractures were excluded. A
cohort of seven subjects (two females and five males; mean
age: 71.9+7.4 years) was included for FEA and TA. The
same sample has been investigated in a previous study with
different purposes (35).

Figure 1 shows the four-step analysis methodology
followed in the current study. In the first step, the
contrast-enhanced MDCT images were acquired for the
thoracolumbar spine. In the second step, vertebral bodies
were segmented, the three-dimensional (3D) models were
generated, the models were meshed, and material mapping
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was applied to the elements. In the third step, the meshed
models were simulated under loading and boundary

conditions. Finally, in the fourth step, evaluation of the data
from FEA and TA were performed.

Image acquisition

Imaging was performed during clinical routine using a
64-row MDCT scanner (Somatom Sensation Cardiac
64; Siemens Medical Solutions, Erlangen, Germany).
Routine contrast-enhanced MDCT images were obtained
after administration of an intravenous contrast medium
(Imeron 400; Bracco, Konstanz, Germany), which was
delivered using a high-pressure injector (Fresenius Pilot C;
Fresenius Kabi, Bad Homburg, Germany). The injection
was performed with a delay of 70 s, a flow rate of 3 mL/s,
and a body weight-dependent dose (80 mL for body weight
up to 80 kg, 90 mL for body weight up to 100 kg, and
100 mL for body weight over 100 kg). Scanning parameters
were 120 kVp tube voltage with an adapted tube load of
averaged 200 mAs. Sagittal reformations of the spine were
reconstructed using a bone kernel (B70f) with a standard
slice thickness of 3 mm.

Iimage segmentation

Manual segmentations of the vertebral bodies T11, T12,
L1, and L2 and the IVDs T11/12, T12/1.1, LL1/2, and
L2/3 were performed by a board-certified radiologist with
10 years of experience, considering the sagittal reformations
of the spine and using the open-source software Medical
Imaging Interaction Toolkit (MITK; developed by the
Division of Medical and Biological Informatics, German
Cancer Research Center, Heidelberg, Germany; www.
mitk.org). The segmentations were achieved without
assistance by (semi)automatic tools, and the contours of
the four vertebral bodies and IVDs were carefully followed
during segmentations using all available slices covering the
vertebrae in bone windowing. Adjacent soft tissue or other
surrounding structures were spared. Two distinct FSUs
were defined based on the segmented structures: FSU-
1 (T11-IVD-T12-IVD-L1) and FSU-2 (T12-IVD-L1-
IVD-L2).

Simulation and modeling

Finite element modeling and analysis
The contrast-enhanced MDCT images and segmentation
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masks were imported to image processing software
MIMICS (Materialise NV; Leuven, Belgium), and the 3D
models were developed. These 3D models were imported
to a 3-Matic software program (Materialise N'V; Leuven,
Belgium) for generating the finite element mesh. For
capturing the vertebral geometry, tetrahedral elements
(C3D4 in the Abaqus element library) were used for
meshing.

After meshing, patient-specific material properties
were applied to the vertebrae based on image intensity [in
Hounsfield units (HU)] and its relationship to material
density (p) and elasticity (E; Table 1). For maintaining the
accuracy of the computational models, a mesh sensitivity
study was performed by varying the maximum element edge
length from 1.0 to 3.0 mm with an interval of 0.5 mm. The
sensitivity study showed that 2-mm size produced mesh-
independent results and, thus, the same size was used for
all models. The meshed and material-mapped models were
imported to commercial FEA software (Abaqus, version
6.10; Hibbitt, Karlsson, and Sorensen, Inc., Pawtucket, RI,
USA) for downstream analysis, including the application of
loading and boundary conditions application and analysis.

For FSU models, tie constraint contact condition was
applied between the vertebrae and IVDs and in-between
nucleus and annulus to prevent any relative motion
between the structures (37). For avoiding penetration in
the posterior elements, no penetration contact conditions
were applied. The individual vertebrae and FSU models
were simulated under compression loading conditions. The
nodes on the inferior surface of the vertebrae were fixed
and the displacement loading was applied on the superior
surface of the vertebrae (Figure 2). The FEA methodology
followed in the current work has been experimentally
validated in previous studies (26,28,30,36). Figure 2 shows
the axial modulus distribution for the vertebrae and FSU
models.

Texture analysis

The gray level quantization was performed on each
segmented vertebra using the normalized gray levels (scale
0 to 1) of the region of interest. Cubic interpolation was
used to generate the isotropic volume of the image dataset
for TA. The extracted textural features included the first-
order statistical moments of skewness, variance, and
kurtosis of gray level histograms, second-order gray level
co-occurrence matrix (GLCM), and higher-order gray level
run-length matrix (GLRLM). These features mentioned
above quantify textural patterns (fine, coarse, smooth, or
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Table 1 Vertebrae and intervertebral disc (IVD) material mapping (density-intensity-modulus) relations used in the current finite element analysis (FEA)

Property

Mapping relations

Apparent density (p,,in kg/m?®)

Ash density (p.e, in kg/m®)

Elastic modulus (E in MPa)

Shear modulus (G in MPa)

Poisson ratio (V)

Maximum principal stress limit (c in MPa)

Plastic strain (e,g)

Minimum principal stress limit (6, in MPa)

Intervertebral disc — annulus fibrosus, elastic modulus (MPa), Poisson’s ratio

Intervertebral disc — nucleus pulposus, elastic modulus (MPa), Poisson’s ratio

Papp =47 +1.122 * HU
Pash =0.6 ™ Pagp
E, =-349 + 5.82 " p,,,
E.=E,=0.333 E,
Z: axial direction of the vertebra
G,, =0.121E,
G, =G, =0.157 E,
Vxy =0.381
Vxz = Vyz =0.104
6 =137 * paen ™, Pasn <0.317
6 =114 * pg,"™, paen >0.317
€45 =—0.00315 + 0.0728p,,
Opin=65.1* po™®
500, 0.3
8, 0.499

This table shows material mapping relations and transversely isotropic material properties used for the vertebrae. The plastic strain and
strength data of the vertebrae is also given. Finally, the IVD elastic constants are given. HU, Hounsfield unit.

irregular) in an image.

A total of 8 features from GLCM (energy, contrast,
correlation, homogeneity, dissimilarity, entropy, variance,
and sum average) and 13 features from GLRLM [short-run
emphasis (SRE), long-run emphasis (LRE), gray level non-
uniformity (GLN), run-length non-uniformity (RLN), run
percentage (RP), low gray level run emphasis (LGLRE),
high gray level run emphasis (HGLRE), short-run low
gray level emphasis (SRLGLE), short-run high gray level
emphasis (SRHGLE), long-run low gray level emphasis
(LRLGLE), long-run high gray level emphasis (LRHGLE),
gray level variance (GLV), and run-length variance (RLV)]
were derived.

Each entry in GLCM was based on the probability of
gray level co-occurrence between pixel pairs at a given
vector direction and fixed length 1 between the voxel
pair. Each entry in GLRLM was the probability of voxel
occurrences of a specific gray level for a possible run-
length along a given vector. There are 13 direction vectors
with a displacement of (dx, dy, dz). The matrices of all 13
directions were added together, averaged, and normalized
before the calculation of the second-order GLCM and
higher-order GLRLM indices. GLCM is an (n x n)
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matrix where n is the number of gray levels in each image.
GLRLM is an (n x m) matrix, where n is the number of
gray levels in the scan, and m is the run length. Depending
on the dimensions of the scan, the number of columns
equals the largest value from either the height, length, or
breadth. The bone material has high compressive strength,
but low tensile strength, and most fibers are located along
the vertical direction. Therefore, the orientations of the y-
and z-axis were fixed, where positive dy is in the anterior
direction, and positive dz is in the superior direction.

Statistical analysis

GraphPad Prism (version 6.0; GraphPad Software Inc.,
San Diego, CA, USA) and SPSS (version 26.0; IBM SPSS
Statistics for Windows, IBM Corp., Armonk, NY, USA)
were used for statistical data analyses. The level of statistical
significance was set at P<0.05.

FEA-derived failure loads and parameters derived
from TA were averaged for all subjects regarding the four
segmented vertebrae. Furthermore, these measures were
averaged to obtain an average value for the FSU-1 and
FSU-2, respectively. Descriptive statistics including mean
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Figure 2 Loading and boundary conditions and axial modulus distribution. (A) For the individual vertebra, the model is fixed at the bottom,

and displacement load is applied on the superior surface. (B) For FSU models, the model is fixed at the bottom, and displacement load is

applied on the superior surface of the top vertebra.

+ standard deviation (SD) and ranges are reported for
vertebrae and the two FSUs. Furthermore, Spearman’s rho
was calculated to explore associations between FEA-derived
failure loads and each texture parameter, again considering
the vertebrae only as well as the two FSUs. Adjustment
for multiple testing was performed using the Benjamini-
Hochberg procedure with a false discovery rate of 10%.
Furthermore, statistical significance between correlation
coefficients was evaluated using the Fisher z-transformation.

Multivariate regression models were computed to
identify the texture parameter that predicts the FEA-
derived failure load best. Again, this was done separately for
the vertebrae as well as the two FSUs. Texture parameters
were considered as independent variables and included in a

stepwise approach in the models (if the level of significance
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was P<0.05). Adjusted regression coefficients (R?,;) were
calculated and extracted for each model.

Results

Calculation of the failure load by means of FEA, as well
as computation of texture parameters, was possible in all
enrolled subjects and for all investigated vertebral bodies
and the FSUs. Table 2 provides an overview of values
obtained by FEA and TA.

Furthermore, there were statistically significant
correlations between most of the extracted texture
parameters as well as the FEA-derived failure load
(Table 3). When investigating single vertebrae, the strongest

correlations were observed for skewnessglobal (rho =-0.767,
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Variable Mean + SD Range
Varianceglobal 1.8+1.0 0.3-0.4
Skewnessglobal 6.4+2.5 3.2-13.2
Kurtosisglobal 59.1+55.8 11.5-246.2
Energy 0.7+0.1 0.6-1.0
Contrast 5,355.0+3,584.9 357.5-14,872.2
Entropy 2.7+1.1 0.4-4.7
Homogeneity 0.9+0.1 0.8-1.0
Correlation 0.7+0.1 0.4-0.8
SumAverage 1.9E-05+7.9E-06 5.7E-06 to 3.6E-05
Variance 0.006+0.004 0.001-0.016
Dissimilarity 16.7+£8.2 2.0-343
SRE 0.7+0.1 0.3-0.8

LRE 157.4+77.8 67.5-405.3
GLN 0.2+0.1 0.1-0.6

RLN 0.4+0.1 0.1-0.6

RP 0.2+0.1 0.1-0.3
LGLRE 0.4+0.1 0.2-0.7
HGLRE 53,300.0+34,295.3 4,899.2-139,425.3
SRLGLE 0.4+0.1 0.02-0.05
SRHGLE 53,194.0+34,248.4 4,884.8-139,240.2
LRLGLE 156.7+77.9 66.8-405.1
LRHGLE 53,882.3+34,451.7 5,109.3-140,343.9
GLV 0.0005+0.0002 0.0002-0.0011
RLV 4.3E-05+8.1E-05 5.5E-06 to 4.5E-04

Failure load (N)

Vertebrae 6,141.5+2,632.7 2,540.0-12,093.1
FSU-1 2,546.9+1,353.3 402.0-4,190.2
FSU-2 2,781.7+1,159.9 556.6-4,039.1

This table shows the values for the different texture parameters investigated in this study, providing means + standard deviation (SD) as
well as ranges. The failure load (in N) was determined by FEA for the vertebral bodies T11, T12, L1, and L2 as well as for two functional
spinal units (FSUs) as a combination of vertebral bodies and respective intervertebral discs (IVDs), defined as FSU-1 (T11-IVD-T12-IVD-L1)
and FSU-2 (T12-IVD-L1-IVD-L2). SRE, short-run emphasis; LRE, long-run emphasis; GLN, gray level non-uniformity; RLN, run-length non-
uniformity; RP, run percentage; LGLRE, low gray level run emphasis; HGLRE, high gray level run emphasis; SRLGLE, short-run low gray
level emphasis; SRHGLE, short-run high gray level emphasis; LRLGLE, long-run low gray level emphasis; LRHGLE, long-run high gray
level emphasis; GLV, gray level variance; RLV, run-length variance.

P<0.001), kurtosisglobal (rho =-0.766, P<0.001), and GLV =0.841, P=0.0006), LRE (FSU-1: rho =-0.637, P=0.0221),
(rho =-0.736, P<0.001; Table 3, Figure 3). For the FSUs, LRLGLE (FSU-1: rho =-0.637, P=0.0221), homogeneity
SumAverage (FSU-1: rho =0.654, P=0.0182; FSU-2: rho (FSU-2: rho =-0.819, P=0.0011), and energy (FSU-2: rho
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Table 3 Correlations between texture parameters and failure load
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Failure load (N)

Variable

Vertebrae FSU-1 FSU-2
Varianceglobal 0.690 0.571 0.797
Skewnessglobal -0.767 -0.599 -0.769
Kurtosisglobal -0.766 -0.604 -0.813
Energy -0.606 -0.615 -0.819
Contrast 0.592 n.s. 0.577
Entropy 0.624 0.582 0.786
Homogeneity -0.613 -0.615 -0.819
Correlation 0.462 n.s. 0.703
SumAverage 0.736 0.654 0.841
Variance 0.701 n.s. 0.780
Dissimilarity 0.651 0.571 0.780
SRE 0.529 n.s. 0.764
LRE -0.499 -0.637 -0.753
GLN —-0.465 n.s. -0.747
RLN 0.566 n.s. 0.764
RP 0.606 0.604 0.808
LGLRE -0.537 n.s. -0.747
HGLRE 0.497 n.s. 0.615
SRLGLE n.s. n.s. n.s.
SRHGLE 0.496 n.s. 0.599
LRLGLE -0.499 -0.637 -0.753
LRHGLE 0.498 n.s. 0.615
GLV -0.736 n.s. 0.626
RLV -0.265 n.s. -0.720

This table provides the correlation coefficients (Spearman’s rho) for the correlation analyses of texture parameters and failure loads as
derived from finite element analysis (FEA). Calculations were performed for the vertebral bodies T11, T12, L1, and L2 as well as for two
functional spinal units (FSUs) as a combination of vertebral bodies and respective intervertebral discs (IVDs), defined as FSU-1 (T11-IVD-
T12-IVD-L1) and FSU-2 (T12-IVD-L1-IVD-L2). Adjustment for multiple testing was performed using the Benjamini-Hochberg procedure
with a false discovery rate of 10% (results that were not statistically significant or have not survived adjustments for multiple comparisons
are shown as “n.s.” for a level of statistical significance set at P<0.05). SRE, short-run emphasis; LRE, long-run emphasis; GLN, gray level
non-uniformity; RLN, run-length non-uniformity; RP, run percentage; LGLRE, low gray level run emphasis; HGLRE, high gray level run
emphasis; SRLGLE, short-run low gray level emphasis; SRHGLE, short-run high gray level emphasis; LRLGLE, long-run low gray level
emphasis; LRHGLE, long-run high gray level emphasis; GLV, gray level variance; RLV, run-length variance.

=-0.819, P=0.0011) were among the texture parameters
showing the strongest correlations (Tuble 3, Figure 3). When
comparing the obtained correlation results, the correlation
coefficients were indicative of stronger associations for

a majority of parameters compared to single vertebrae
(particularly FSU-2; Table 3). Yet, there were no statistically
significant differences detected between the correlation
coefficients of the vertebrae and FSUs according to the
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Fisher z-transformation.

Multivariate regression models did not include more
than one statistically significant texture parameter. For
single vertebrae, SumAverage best predicted the FEA-
based failure load with R?,; =0.523 (P<0.001). For the two
FSUs, kurtosisglobal (FSU-1: R, =0.611, P=0.001) and
skewnessglobal (FSU-2: R2,;; =0.579, P=0.002) predicted
the FEA-based failure loads best. In this context, skewness
measures the (lack of) symmetry in the image intensity
distribution, with positive skewness indicating most of the
distribution at the left side of the curve (around the mean),
suggesting that most pixels are skewed toward lower CT
attenuation values. Kurtosis represents the peakedness of
the distribution, and a distribution with high kurtosis has a
sharp peak near the mean and rapidly declining long tails,
which indicates a lower variation of pixel intensities in the
image. Curves leaning toward lower CT attenuation values
are suggestive of bone loss and depletion, predisposing to
vertebral fractures.

Discussion

This study correlated FEA-based vertebral failure load
with parameters of TA, which were derived from clinical
routine MDCT. Overall, significant associations were
observed for almost all texture parameters and the FEA-
based failure load, with stronger correlations being obtained
particularly for FSU-2 compared to the analyses using
single vertebrae. Kurtosisglobal and skewnessglobal best
predicted failure loads for FSUs. In this context, kurtosis
and skewness represent the frequency of distribution of
the image intensities in the form of distortion and the
disparity deviation of a histogram with respect to a normal
distribution. Skewness is a measure of (lack of) symmetry
in the image intensity distribution, kurtosis represents the
peakedness of the distribution. Positive skewness indicates
that most pixels are skewed toward lower CT attenuation,
while a distribution with high kurtosis indicates a lower
variation of pixel intensities in the image. Lower and
concentrated CT attenuation affects the material property
mappings in the modeling protocol and, in turn, results in a
lower failure load.

The approach of FEA can be applied to investigate how
morphological variation and properties relate to functional
characteristics (38-40). It enables to reduce a complex
geometry into a finite number of elements with simple
geometries, and allows the strain to be modeled across the
entire surface and throughout the internal architecture of
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a structure like the vertebral body (38-40). To date, several
studies have demonstrated that FEA-based measurements of
vertebral strength are strongly correlated with actual failure
loads as derived from in-vitro mechanical testing using
cadaveric vertebrae (41-44); thus, validation of the approach
has been achieved, and FEA-based assessment of vertebral
failure loads is considered gold standard. Recently, also the
FSU has been incorporated in FEA approaches, revealing
that the FEA-predicted failure load of FSUs best predicted
the experimentally measured failure loads (28). Thus, FEA
of FSUs may be considered a more realistic approach to
predict actual failure load. We observed partly stronger
correlations for the texture parameters versus failure load
of FSUs (particularly FSU-2) as compared to the analyses
based on single vertebrae. Thus, our findings indicate a
good performance of texture parameters in predicting
failure load not only for single vertebrae but also for FSUs
as the more realistic /z-vivo scenario.

However, the FEA-based assessment of vertebral failure
load is time-consuming, particularly for FSUs. Using TA,
though, may be a more feasible and faster approach, which
has previously shown potential to identify patients with
vertebral fractures and to predict fracture risk (32,33).
TA has furthermore shown to be robust also for low-
dose or contrast-enhanced CT as well as specifically for
opportunistic osteoporosis screening (35,45). Results of
this study indicate that there is a good correlation between
FEA-based failure loads and texture parameters, particularly
considering kurtosisglobal and skewnessglobal, which
predicted failure loads best for FSUs. While it has been
largely unknown whether FEA correlates with parameters
derived from TA, the results of the present study suggest
that TA may be sufficient to predict vertebral failure loads
specifically when considering FSUs. Thus, TA could serve
as a viable option to be applied to existing MDCT data
acquired for clinical purposes.

When interpreting the results of this study we have
to acknowledge some limitations. First, the cohort size
was relatively small. This is related to the rather long
computational time that is needed per patient. However,
per patient, four vertebral bodies and adjacent IVDs
were segmented and incorporated in the analyses, thus
investigating 28 vertebrae and their IVDs. A future study
including patients with and without osteoporotic vertebral
fractures has to confirm the results of the present study.
Second, although correlation coefficients for FSUs were
indicative of stronger associations with FEA-based failure
loads, there were no statistically significant differences
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compared to the correlation coefficients of single vertebrae.
This may be due to the small cohort size, with future
studies in larger samples being mandatory to achieve higher
statistical power. Third, we used MDCT data that was
acquired after administration of an intravenous contrast
agent. In this regard, previous work has shown that for TA,
significant correlations between texture parameters derived
from the same MDCT system with and without contrast
agents exist (35). Yet, a study using non-contrast-enhanced
MDCT for FEA and TA should follow the results of the
present study. Fourth, in the current study the FEA-based
failure loads for FSUs are lower compared to individual
vertebrae; thus, further studies are needed to analyze and
quantify the effect of IVDs on the FEA-predicted failure
load value of the FSU models.

Conclusions

This study provides evidence for the utility of TA in
MDCT data of the spine for the assessment of FEA-derived
failure loads of FSUs. Texture parameters predicted failure
loads of FSUs as a more realistic in-vivo scenario equally
well as compared to single vertebrae analyses.
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