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Prediction of lumbar vertebral strength of elderly men based
on quantitative computed tomography images using
machine learning
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Abstract
Summary The parameters extracted from quantitative computed tomography (QCT) images were used to predict vertebral
strength through machine learning models, and the highly accurate prediction indicated that it may be a promising approach
to assess fracture risk in clinics.
Introduction Vertebral fracture is common in elderly populations. The main factor contributing to vertebral fracture is the
reduced vertebral strength. This study aimed to predict vertebral strength based on clinical QCT images by using machine
learning.
Methods Eighty subjects with QCT data of lumbar spine were randomly selected from the MrOS cohorts. L1 vertebral strengths
were computed by QCT-based finite element analysis. A total of 58 features of each L1 vertebral body were extracted from QCT
images, including grayscale distribution, grayscale values of 39 partitioned regions, BMDQCT, structural rigidity, axial rigidity,
and BMDQCTAmin. Feature selection and dimensionality reduction were used to simplify the 58 features. General regression
neural network and support vector regression models were developed to predict vertebral strength. Performance of prediction
models was quantified by the mean squared error, the coefficient of determination, the mean bias, and the SD of bias.
Results The 58 parameters were simplified to five features (grayscale value of the 60% percentile, grayscale values of three
specific partitioned regions, and BMDQCTAmin) and nine principal components (PCs). High accuracy was achieved by using the
five features or the nine PCs to predict vertebral strength.
Conclusions This study provided an effective approach to predict vertebral strength and showed that it may have great potential in
clinical applications for noninvasive assessment of vertebral fracture risk.
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Introduction

Osteoporosis (OP) is an age-related skeletal disorder that re-
markably decreases bone mass and damages bone microstruc-
ture [1, 2]. Vertebral fracture is one of the major complications
of OP. Among all osteoporotic fractures, vertebral compressive

fracture (VCF) is very common in elderly populations.
Symptomatic VCF can cause significant pain, portend future
vertebral and hip fractures, and decrease patients’mobility with
substantial impact on life quality [3]. It is difficult to diagnose
and treat VCF in clinics. More than two thirds of VCF are not
associated with injuries [4], and the incidence of subsequent
fractures among treated patients is more than 20% [5]. The
major causation of vertebral fracture is the reduced vertebral
strength [1]; thus, accurate prediction of vertebral strength is
the key to assessing and preventing the fracture risk.

With the development of computer technology and biome-
chanics, quantitative computed tomography-based finite ele-
ment analysis (QCT/FEA) has been applied to assess bone
strength in many clinical studies, in which the accurate infor-
mation about geometry, architecture, and heterogeneous dis-
tribution of bone material properties are integrated in
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accordance with the grayscale values in images [2].
Experimental results showed that QCT/FEA could effectively
predict vertebral strength [6–9]. However, QCT/FEA model-
ing is difficult for widespread clinical use because of the com-
plex modeling process and long computational time [10]. In
order to avoid these problems, the parameter correlated with
strength can be used to represent or estimate vertebral strength
for assessing fracture risk.

There were numerous parameters related to bone strength
that can be obtained from QCT images. The distribution of
bone materials is a crucial material characteristic that may
provide more precise information about bone “quality” com-
pared with bone mineral density (BMD) [11]. Bone material
properties are region-dependent [12]. The regional differences
in BMDwould lead to the regional variations in bone material
properties, and bone material properties are related to its me-
chanical properties [13, 14]. Taken together, different regional
distribution in BMD would ultimately lead to different me-
chanical properties [7]. Moreover, vertebral strength is also
related to its geometry. Based on the engineering beam theory
[15], the failure load of a whole bone is related to the area of
the weakest cross-section and is proportional to the structural
rigidity. Consequently, the middle cross-sectional area (Amid)
and the minimum cross-sectional area (Amin) of a vertebral
body are considered the critical predictors of vertebral strength
[16, 17]. In addition, a study indicated that the product of
volumetric BMD (BMDQCT) and Amin (BMDQCTAmin) was
significantly correlated with vertebral strength [2]. It was
shown that the accuracy of bone strength prediction could be
improved by combining some reasonable parameters as the
predictors [18, 19]. Therefore, exploring the optimized param-
eter set based on QCT images to predict vertebral strength
may have clinically potential in noninvasive assessment of
fracture risk.

Recently, artificial intelligence, which developed rapidly
in recent years, provides a new technical support for bone
strength prediction. Machine learning belongs to a branch
of artificial intelligence, which can automatically detect,
learn, and master the relationships within data, then predict
future data by applying the uncovered regulations [20].
Artificial neural network (ANN) and support vector regres-
sion (SVR) are the most frequently used machine learning
algorithms for predicting bone strength [18, 19]. Using the
second-order statistical features from the multi-detector CT
images as input parameters, vertebral strength was accurate-
ly estimated by ANN model [21]. General regression neural
network (GRNN), a type of ANN, needs only a fraction of
the training samples and provides advantages to solve non-
linear regression problems [22]. In a recent study, SVR
models were developed on the basis of the areal BMD
(aBMD) and the geometric features of femoral head, and
these trained models could predict proximal femoral
strength effectively [19].

Accordingly, the aim of this study was to provide a direct
approach to predict lumbar vertebral strength of elderly men
by developing machine learning models based on the param-
eters from QCT images, including grayscale distribution,
grayscale values of partitioned regions, BMDQCT, structural
rigidity, axial rigidity, and BMDQCTAmin.

Materials and methods

Participants and QCT scanning procedures

Participants in this study were from the Osteoporotic Fractures
in Men (MrOS) cohorts in Hong Kong part, in which 2000
elderly Chinese men were enrolled from the local communi-
ties between August 2001 and February 2003 [23]. All partic-
ipants gave written informed consent [24]. To be eligible for
the study, men needed to be aged at least 65 years, be able to
walk without assistance from another person, and had not had
bilateral hip replacement.

In this study, 80 subjects (aged 71.9 ± 4.2 years) with QCT
data of lumbar spine were randomly selected from the partic-
ipants to form the subcohort of the MrOS cohort. Differences
in baseline characteristics of the subcohort and the entire
MrOS cohort were compared using Student’s t tests [24].
Age, weight, height, body mass index (BMI), and total hip
aBMD for our study sample were similar to those for the full
MrOS cohort (Table 1), confirming the validity of the random
selection.

The QCT scans of lumbar spine (L1–L4) were taken using
a standardized protocol. The settings of QCT scanning were
120 kVp, 205.95 mA, 1.25 mm slice thickness, 48 cm field of
view, and 512 × 512 matrix in spiral reconstruction mode with
0.9375 mm/pixel size under a standard kernel (GE Medical
Systems/LightSpeed 16, Wakesha, WI, USA). The QCT con-
secutive images were archived to Digital Imaging and com-
municated in DICOM format for further analysis [25]. The
calibration phantom with three standard hydroxyapatite con-
centrations (0, 75, and 150 mg/cm3), scanned with the partic-
ipant, was included in the scan field (Image Analysis,
Columbia, KY, USA) to convert CT grayscale value from
Hounsfield units (HU) to equivalent BMDQCT (g/cm

3) [8, 11].

Estimation of compressive strength of the L1
vertebral body

The QCT consecutive images of lumbar spine (L1–L4) for
each subject were successively imported, rotated into a stan-
dard coordinate, thresholded, grown the region, and recon-
structed to the three-dimensional model of L1 vertebral body
(including cortical bone, cancellous bone, and vertebral
endplates) in Mimics 17.0 software (Materialise, Leuven,
Belgium) [7, 8]. Afterward, each QCT voxel was converted
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directly into a 1 × 1 × 1 cm3 voxel-type mesh of eight-node
linear brick element (C3D8) [8]. To ensure that the upper and
lower surfaces of vertebral body keep plano-parallel and to
simulate loading conditions commonly used in the compres-
sion strength testing of cadaver vertebrae [15], two 1–3 mm
layers of polymethylmethacrylate (PMMA) were virtually
placed at the ends of each vertebral body model (Fig. 1a)
[8]. After these procedures, the QCT/FEA models of L1 ver-
tebral body were constructed. Then 150 kinds of material
properties were assigned, and the QCT/FEA models were
set to be heterogeneous transversely anisotropic. Besides, the
values of yield/ultimate stress and corresponding plastic
strains were computed to be used for the linearly elastic-
linearly plastic nonlinear FEA. The proposed empirical rela-
tionships between elastic modulus (Ex, Ey, Ez), Poisson’s
ratio νxy; νxz; νyz

� �
, shear modulus Gxy; Gxz; Gyzð Þ,

yield stress (σys), and BMDQCT for cancellous bone were as
follows [13]:

Ez MPað Þ ¼ −34:7þ 3230� BMDQCT g=cm3
� � ð1Þ

Ex ¼ Ey ¼ 0:333Ez ð2Þ
Gxy ¼ 0:121Ez; Gxz ¼ Gyz ¼ 0:157Ez ð3Þ
νxy ¼ 0:381; νxz ¼ νyz ¼ 0:104 ð4Þ

σys MPað Þ ¼ −0:75þ 24:9� BMDQCT g=cm3
� � ð5Þ

The ultimate stress of each vertebral material in QCT/FEA
models was considered 1.2 times its σys [15], and the ultimate
strain of all vertebral materials was set as 0.0145 [13]. The Ez and
σyswere further multiplied by a constant factor of 1.28 to account
for the side-artifact errors [7]. The material properties of PMMA
were set to be isotropic E ¼ 2500MPa; ν ¼ 0:3ð Þ [15].

After assignment of material properties, QCT/FEA models
were imported into ABAQUS 6.14 software (Simulia,
Providence, RI) to conduct standard/static analysis. As shown
in Fig. 1 a, the uniform compressive displacement was applied
to the nodes of upper surface of superior PMMA layer, and all
the nodes on the lower surface of inferior PMMA layer were
completely restrained [7, 9]. The compressive strength of each
L1 vertebral body was computed as the total reaction force
generated at an imposed overall deformation equivalent to 2%
compressive strain [7, 9].

The parameters extracted from clinical QCT images

A total of 58 parameters of each vertebral body were extracted
from the QCT images, including grayscale distribution, gray-
scale values of 39 partitioned regions, BMDQCT, structural

Table 1 Mean (SD) baseline
characteristics in theMrOS cohort
compared with the randomly se-
lected subcohort

Full MrOS cohort Subcohort Significance
level p

Age (years) 71.384 (4.342) 71.888 (4.213) 0.344

Weight (kg) 62.121 (8.932) 61.205 (8.225) 0.399

Height (cm) 162.866 (5.582) 163.027 (5.051) 0.812

BMI (kg/m2) 23.409 (3.105) 23.023 (2.853) 0.306

Total hip aBMD (g/cm2) 0.859 (0.123) 0.834 (0.109) 0.102

Fig. 1 The grayscale distribution within a typical L1 vertebral body
model and the partition of cancellous bone. a The percentile plot of
grayscale distribution with corresponding grayscale distribution of
QCT/FEA model, in which the PMMA layers (gray color) are modeled

and used for applying the boundary conditions. Compressive displace-
ment is shown in orange color, and fixed displacement boundary condi-
tion is shown in blue and pink colors. b The schematic diagram of parti-
tion for cancellous bone of L1 vertebral body
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rigidity, axial rigidity, and BMDQCTAmin, as the predictors of
vertebral strength and were numbered 1 to 58, respectively.

The grayscale distribution of L1 vertebral body

The material properties of QCT/FEA model were assigned in
accordance with the grayscale values of bone voxels in QCT
images. Therefore, in order to reflect the material distribution
of vertebral body more clearly and directly, the grayscale dis-
tribution was used to represent the material distribution. The
proportion of elements assigning to each grayscale value was
calculated to obtain the frequency of each grayscale value for
each vertebral body, and the percentile plot of the grayscale
distribution for each vertebral body was drawn by transferring
the frequency plot of the grayscale distribution (Fig. 1a). In
this study, the grayscale distribution was described by the
grayscale values with the percentiles of 1, 2, 5, 8, 10, 15, 20,
25, 30, 40, 45, 50, 60, 70, and 75%, which corresponded to the
parameters with numbers 1 to 15, respectively.

Partition of L1 vertebral body and the grayscale values
of the partitioned regions

To quantify the regional variations of grayscale values in ver-
tebral body, 39 partitioned regions were set as follows: the
region of whole vertebral body, the cortical bone region, the
cancellous bone region, and the 36 subregions of cancellous
bone. The grayscale value of each region was obtained by
calculating the average grayscale value of the corresponding
region. These grayscale values corresponded to the parameters
with numbers 16 to 54, respectively.

The cancellous bone region was drawn alone in MIMICS
17.0, and the cortical bone region was obtained by Boolean
operation between the regions of whole vertebral body and
cancellous bone. A minimal cuboid covering cancellous bone
was designed on the basis of the position coordinates of can-
cellous bone region, whose center was coincident with that of
cancellous bone. The side lengths of the cuboid were equiva-
lent to the maximum size of the vertebral body in each direc-
tion. The cuboid was divided into four parts in the left-right
direction and three parts in both the anterior-posterior and
superior-inferior directions, for a total of 36 parts. The seg-
mented cuboid was used to partition cancellous bone of ver-
tebral body into 36 corresponding regions, and the schematic
diagram of partition and the numbers of regions are shown in
Fig. 1 b. The partitioned region with the number of 111 was
named as No. 111 region, the partitioned region with the num-
ber of 112 was named as No. 112 region, and so on.

BMDQCT, structural rigidity, axial rigidity, and BMDQCTAmin

In this study, four parameters that could indicate the vertebral
strength were also considered as the features of vertebral body

to improve the prediction accuracy: BMDQCT, structural rigid-
ity, axial rigidity, and BMDQCTAmin, which corresponded to
the parameters with numbers 55 to 58, respectively.

Using the calibration phantom with known hydroxyapatite
mineral densities, the BMDQCTof each L1 vertebral body was
calculated as the mineral content contained in vertebral body
divided by the corresponding volume. In addition to
BMDQCT, the QCT data were used to obtain other indices of
bone strength using engineering beam theory [15]. Structural
rigidity was calculated as the product of the average elastic
modulus of vertebral body and its Amid. Axial rigidity reflects
the resistance of bone to tensile or compressive loading, and
was calculated by the sum of the products between Ez of each
bone voxel and its cross-sectional area. Moreover,
BMDQCTAmin was equal to BMDQCT times Amin.

Development of machine learning models
for predicting vertebral strength

A total of 80 samples were randomly divided into the training set
(n = 58) and the test set (n = 22). To avoid the curse of dimen-
sionality and increase the prediction accuracy of machine learn-
ing models, the parameters extracted from QCT images were
simplified by using feature selection and dimensionality reduc-
tion, respectively. Before the process of simplifying features, the
correlations between QCT/FEA-computed vertebral strength
and all parameters, namely, grayscale distribution, grayscale
values of 39 partitioned regions, BMDQCT, structural rigidity,
axial rigidity, and BMDQCTAmin, were investigated. The process
of feature selection was as follows: from the 58 features, those
highly correlated with QCT/FEA-computed strength were ex-
tracted and combined into different sets as input parameters of
machine learning model. The parameter set with the best predic-
tive results was selected as the optimized parameter set A, which
could be used to predict vertebral strength. The process of di-
mensionality reduction was as follows: principal components
analysis (PCA) was performed on the parameters that were sig-
nificantly correlated with QCT/FEA-computed strength to iden-
tify the principal components (PCs) having the largest contribu-
tion to strength. Only PCs having eigenvalues greater than 1.0
were selected as input parameters for machine learning model
[11]. These PCs were named as the optimized parameter set B,
which could be used to predict vertebral strength.

In our study, two machine learning algorithms, GRNN and
SVR, were designed to predict vertebral strength. To obtain the
optimized prediction model and avoid over-fitting, the grid
search method was adopted in which a range of parameter
values were tested using the 10-fold cross validation strategy
[26]. GRNN analysis and SVR analysis were programmedwith
MATLAB (MathWorks, Natick, USA) by using the Neural
Network toolbox and the LIBSVM toolbox, respectively.

The procedure of predicting vertebral strength based on
clinical QCT images is shown in Fig. 2. Prediction
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performance of machine learning models was quantified by
the mean squared error (MSE), the coefficient of determina-
tion (R2), the mean bias, and SD of bias, the last two perfor-
mance indexes obtained from Bland-Altman analysis were
used to evaluate the equivalence between QCT/FEA and ma-
chine learning models for vertebral strength.

Statistical analysis

In this study, the relationships betweenQCT/FEA-computed ver-
tebral strength, grayscale distribution, grayscale values of 39
partitioned regions, BMDQCT, structural rigidity, axial rigidity,
and BMDQCTAmin were investigated using Pearson correlation.
In addition, PCA was used for dimensionality reduction of 58
parameters to identify the PCswith large contribution to vertebral
strength. Correlation analysis and PCAwere performed by using
SPSS 19.0 (BM Inc., Chicago, USA). The Bland-Altman anal-
yses of QCT/FEA and machine learning derived vertebral
strengths under the specific parameter sets were performed by
using Prism software (GraphPad Software, San Diego, CA,
USA). The significance level of p was set to be 0.05.

Results

Correlation analysis between QCT/FEA-computed
strength and the extracted parameters

The QCT/FEA-computed vertebral strengths were 6385.03 ±
1485.17 N, ranging from 2974.96 to 9456.59 N. The correlation
analysis indicated that the 58 parameters (i.e., grayscale

distribution, grayscale values of 39 partitioned regions,
BMDQCT, structural rigidity, axial rigidity, and BMDQCTAmin)
were significantly correlatedwithQCT/FEA-computed vertebral
strength (p < 0.001).

The performance of machine learning model
for predicting vertebral strength

Simplifying the extracted parameters by feature selection

Due to the fact that the parameters were all significantly cor-
related with vertebral strength, 58 features can be selected to
combine into different sets as input parameters of GRNN and
SVR models. The prediction performances of machine learn-
ing models under different parameter sets were compared.
Given the large number of parameter sets involved, only the
prediction performances of specific machine learning models
are listed (Table 2). As shown in Table 2, the MSE values of
SVR models were less than those of GRNN models under the
same parameter set, and the R2 values of SVR models were
higher than those of GRNN models. Among all the parameter
sets, machine learning models achieved the best prediction
performance by incorporating grayscale value of the 60% per-
centile, grayscale value of cortical bone, grayscale value of
cancellous bone, and grayscale value of No. 221 region with
BMDQCTAmin. It was named optimized parameter set A.
When the optimized parameter set Awas used as input param-
eters of GRNN and SVR models, the MSE values were less
than 0.011, the R2 values were greater than 0.96, and the SD
values of bias were less than 274.03 N (marked with italics in
Table 2).

Fig. 2 The procedure of
predicting vertebral strength
based on clinical QCT images.
The part with dotted line is the
process of QCT/FEA, and the
QCT/FEA-computed vertebral
strengths were used to develop
machine learning models
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Simplifying the extracted parameters by dimensionality
reduction

The PCA revealed nine components that were above the 1.0-
eigenvalue threshold, and these nine PCs (i.e., it was named
optimized parameter set B) jointly explained 93.426% of data
variation. Nine PCs were taken as input parameters of GRNN
and SVRmodels, and the prediction performances of machine
learning models are listed (Table 2). As shown in Table 2, the
prediction performances of GRNN and SVR models were
similar. The MSE values were less than 0.009, the R2 values
were greater than 0.96, and the SD values of bias were less
than 280.49 N.

Bland-Altman plots of vertebral strengths derived
from QCT/FEA and machine learning

Bland-Altman plots of QCT/FEA and machine learning de-
rived strengths for the test set under the optimized parameter

sets are shown in Fig. 3. Almost all data points were inside
95% confidence limits for the difference. It suggested that
no trend between the differences in vertebral strengths de-
rived from QCT/FEA and our trained machine learning
models.

The validation of machine learning model

The well-trained machine learning models should be vali-
dated in terms of their ability to predict vertebral strength
of new samples. Twenty elderly men with QCT data of
lumbar spine were randomly selected from the local com-
munity hospitals in China, and the corresponding L1 ver-
tebral bodies were used as validation samples. The ages of
the subjects were 71.2 ± 4.2 years within the range of 65–
79 years. The strengths of validation samples were predict-
ed by machine learning models (GRNN and SVR models)
under the specific input parameters (optimized parameter
sets A and B), and then compared with the corresponding

Table 2 The prediction performances of machine learning models under different input parameters

Prediction model Training set Test set

MSE R2 Mean bias (N) SD of bias (N) MSE R2 Mean bias (N) SD of bias (N)

Feature selection

Numbers of parameter

1–58 GRNN 0.012 0.94 35.20 348.47 0.047 0.87 − 155.40 400.57

SVR 0.012 0.94 20.79 352.77 0.036 0.91 202.20 590.99

1–55 GRNN 0.041 0.80 80.93 629.07 0.117 0.72 469.78 855.20

SVR 0.036 0.82 68.52 615.35 0.090 0.75 598.99 953.54

1–15 GRNN 0.045 0.73 − 53.40 654.33 0.096 0.66 422.24 1115.27

SVR 0.040 0.75 − 33.53 689.75 0.012 0.69 443.23 1036.08

16–54 GRNN 0.039 0.82 − 10.50 535.40 0.088 0.68 − 349.47 969.14

SVR 0.037 0.79 − 11.49 627.60 0.016 0.71 521.53 991.77

55–58 GRNN 0.011 0.94 6.87 336.45 0.015 0.94 − 39.10 451.10

SVR 0.011 0.94 − 3.31 338.99 0.013 0.96 − 32.27 383.06

10–13, 16, 39, 56–58 GRNN 0.025 0.91 10.66 333.03 0.026 0.93 61.58 557.23

SVR 0.011 0.94 − 14.55 346.59 0.016 0.96 126.67 395.76

13, 17, 18, 35, 56, 58 GRNN 0.017 0.94 1.79 283.99 0.016 0.95 90.14 482.24

SVR 0.011 0.94 − 19.12 332.55 0.022 0.95 44.77 440.56

13, 16, 28, 39, 56 GRNN 0.010 0.94 14.63 290.54 0.016 0.95 60.42 461.66

SVR 0.009 0.95 31.81 293.34 0.013 0.95 136.51 544.58

13, 17, 18, 35, 58 GRNN 0.008 0.96 − 7.64 250.97 0.011 0.97 114.39 271.30

SVR 0.007 0.96 − 2.10 274.03 0.010 0.97 − 85.53 270.69

13, 18, 35, 58 GRNN 0.019 0.93 35.23 355.07 0.022 0.94 − 83.75 466.04

SVR 0.012 0.94 − 2.10 343.05 0.015 0.96 97.20 400.14

Dimensionality reduction

– GRNN 0.009 0.97 47.99 241.51 0.009 0.96 7.17 268.40

SVR 0.006 0.97 14.20 245.84 0.009 0.97 − 1.76 280.49

The best prediction performance of GRNN and SVR models in feature selection are marked in italics
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QCT/FEA-computed strength. The absolute relative error
(e) between them was computed as:

e ¼ jScom−Sprej
Scom

� 100% ð6Þ

where Scom is the strength computed from QCT/FEA model,
and Spre is the strength predicted from machine learning model.

The validation of machine learning model with the optimized
parameter set A

The strengths of the 20 validation samples predicted by ma-
chine learning models with the optimized parameter set A
were compared with the corresponding QCT/FEA-computed
strengths, and the descriptive statistics of relative errors are
shown in Table 3. For the 20 validation samples, the maxi-
mum relative errors between vertebral strengths obtained from
QCT/FEA and machine learning models were 7.733 and
6.958%. All of the relative errors were less than 7.740%.

The validation of machine learning model with the optimized
parameter set B

The strengths of the 20 validation samples predicted by ma-
chine learning models with the optimized parameter set B
were compared with the corresponding QCT/FEA-computed
strengths, and the descriptive statistics of relative errors are

Fig. 3 Bland-Altman plots of QCT/FEA and machine learning derived
strengths for the test set. aBland-Altman plot of QCT/FEA andGRNN-A
(GRNN model under optimized parameter set A) derived strengths. b
Bland-Altman plot of QCT/FEA and SVR-A (SVR model under

optimized parameter set A) derived strengths. c Bland-Altman plot of
QCT/FEA and GRNN-B (GRNN model under optimized parameter set
B) derived strengths. d Bland-Altman plot of QCT/FEA and SVR-B
(SVR model under optimized parameter set B) derived strengths

Table 3 Descriptive statistics of relative errors between vertebral
strengths obtained from QCT/FEA and machine learning models under
the specific input parameters for the 20 validation samples

e (%) Optimized parameter set A Optimized parameter set B

GRNN SVR GRNN SVR

Minimum 0.540 0.453 0.122 0.237

Maximum 7.733 6.958 7.443 6.908

Mean 4.192 4.117 4.006 3.828

SD 2.103 2.018 2.797 2.194
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shown in Table 3. For the 20 validation samples, the maxi-
mum relative errors between vertebral strengths obtained from
QCT/FEA and machine learning models were 7.443 and
6.908%. All of the relative errors were less than 7.450%.

Discussion

This study presents a direct approach to predicting compres-
sive strength of lumbar vertebral body based on clinical QCT
images by using machine learning, in which the material prop-
erties and geometric features of vertebral body were extracted
fromQCT images; GRNN and SVRwere used as the machine
learning algorithms to established prediction models. In this
study, QCT/FEA-computed vertebral strengths were used as
strength values to develop machine learning models, and the
aim was to propose a more convenient and practical method
for clinical strength prediction of vertebral body. Our results
suggested that the approach achieved great prediction ability
(Tables 2 and 3), and the vertebral strengths derived from
QCT/FEA and our trained machine learning models have
good consistency (Fig. 3). This promising approach has the
advantages of simple modeling process and short computa-
tional time, and can be used by clinicians with a minimum
training and no knowledge of FEA is required.

There are two reasons why we chose the L1 vertebral body
in elderly men as subject. The first reason is that osteoporotic
fractures in men are more prevalent than our general realiza-
tion. Among persons older than 50 years of age, approximate-
ly 40% of all osteoporotic fractures worldwide occur in men
[27], in which lumbar vertebral fracture is very common.
Another reason is that lumbar vertebral fractures typically de-
velop between L1 and L3 with the most frequently fractured
site at L1 [28, 29], Thus, it is of great clinical significance to
study L1 vertebral strength in elderly men.

Material properties and geometric features of vertebral
body can be extracted from the QCT images. The material
properties include integral material distribution and regional
material distribution. In this study, integral material distribu-
tion was described by the grayscale values with the percentiles
of 1, 2, 5, 8, 10, 15, 20, 25, 30, 40, 45, 50, 60, 70, and 75%.
The reason why we used the grayscale values with specific 15
percentiles was to cover the range of cancellous bone distri-
bution. These specific grayscale values mainly reflect cancel-
lous bone “quality,” and they were significantly correlated
with vertebral strength. This result was in agreement with our
previous study [11], in which the Young’s moduli of cancellous
bone materials with the percentiles of 0.5, 1, 2, 5, 8, 10, 15, and
20% were significantly correlated with femoral strength. In
another study, the effects of PTH, Alendronate, and their com-
bination on femoral strength were investigated, and it was
found that these treatments positively affected femoral strength
through their effects on density of cancellous bone [30]. These

similar results suggested that cancellous bone “quality” makes
great contribution to the maintenance of whole bone strength.

The integral material distribution parameters provide the
information about cancellous bone “quality,” and regional ma-
terial distribution features can reflect the regional variations in
bone material properties, both of them are essential for
predicting vertebral strength. In this study, we used grayscale
values of cortical bone, cancellous bone, and 36 subregions of
cancellous bone to represent regional material distribution.
The BMDs of cortical bone and cancellous bone are related
to vertebral fracture risk. For young people, the majority of
vertebral strength is maintained by cancellous bone [31].
However, cancellous bone has more active metabolic activi-
ties compared with cortical bone [32]. As a result, there is
greater rate of bone loss in cancellous bone with age, and
the relative contribution of cortical bone to vertebral strength
tends to be greater in vertebrae with lower cancellous bone
volume [31, 32]. On the other hand, each vertebral body has
its specific proportion of cortical and cancellous bones, and
the proportion may affect vertebral strength. Thus, it is crucial
to obtain the grayscale values of cortical bone and cancellous
bone for vertebral strength prediction.

Generally, vertebral fractures often occur in the region
with low BMD [33], and BMD of cancellous bone is rela-
tively lower in the vertebral body; thus, thoroughly under-
standing the regional variation in BMD of cancellous bone
may help us to identify vertebral fracture site and fracture
type. Grayscale value could be converted to equivalent
BMD by the grayscale value–BMD relationship from QCT
images and hence grayscale value could reflect BMD.
Averaged over all 80 vertebral bodies, distributions of gray-
scale value within and among each of the three transverse
layers of cancellous bone are shown in Fig. 4, and the white
bolded number is the correlation coefficient between verte-
bral strength (p = 0.000) and grayscale value of each region.
In the superior-inferior direction, there were significant dif-
ferences in regional grayscale values between the three
layers, and the regional grayscale values in the middle layer
were significantly lower than those in the superior and infe-
rior layers (p < 0.005). In the anterior-posterior direction, the
average grayscale values of the 12 regions in the middle
third of the centrum were 140.22 ± 31.42 HU, which was
significantly lower than those of the 12 regions in both the
anterior and posterior thirds of the centrum (p = 0.001).
Coincidentally, there were relatively strong correlations be-
tween vertebral strength and grayscale values of Nos. 221 to
224 regions with correlation coefficients around 0.75. These
results may explain why fracture sites tend to be located in
the middle part of vertebral body under the uniaxial com-
pression [1], and show the importance of considering BMD
regional variations in the middle part (Nos. 221 to 224 re-
gions) of vertebral body when predicting strength and
assessing fracture risk.
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Cross-sectional area, such as Amin and Amid, is the main
geometric feature of vertebral body and is also a good predic-
tor of vertebral compressive strength. In order to improve the
prediction performance, we combined the relevant cross-
sectional area with material properties or BMDQCT as predic-
tors since these combination parameters could predict verte-
bral strength with higher accuracy [15, 34–36]. As shown in
Table 2, the machine learning models were relatively sensitive
to the absence of structural rigidity, axial rigidity, and
BMDQCTAmin. For those machine learning models that did
not use at least one of these three predictors as input parame-
ters, their training performances (MSE ≥ 0.036, R2 ≤ 0.82, SD
of bias ≥ 535.40) were much poorer compared with other pre-
diction models (MSE ≤ 0.025, R2 ≥ 0.91, SD of bias ≤
355.07). Moreover, structural rigidity, axial rigidity, and
BMDQCTAmin were represented by the third principal compo-
nent (PC3) in the PCA, which explained approximately
13.22% data variation. If nine PCs were used as input param-
eters except for PC3, the performances of machine learning
models would degrade significantly (MSE ≥ 0.12, R2 ≤ 0.48,
SD of bias ≥ 846.77). These results revealed that these three
predictors make a great contribution to the prediction power of
machine learning models.

Bone strength of patient cannot be directly predicted based
on the features extracted from the QCT images, and it is usu-
ally assessed by means of specific algorithms. At present,
there are many algorithms for solving prediction problems,
which can be roughly divided into two categories: one is the
traditional statistical method, such as linear regression; anoth-
er is the machine learning algorithm, such as ANN and SVR
[19, 37]. However, linear regression methods cannot accurate-
ly describe the relationship between independent and depen-
dent variables in complex nonlinear problems. It was shown
that the machine learning algorithms are clearly better
equipped to appropriately process the input parameters and
hence outperforms linear regression [19]. As shown in our
study, the application of machine learning improved

prediction performance and easily extends to computer-aided
diagnosis applications in a clinical setting. The modular de-
sign of our approach, as detailed in Fig. 2, allows easy inte-
gration of different features or machine learning algorithms,
which could facilitate further improvements in prediction per-
formance and apply to clinical assessment efficiently. GRNN
and SVR algorithms were used to predict vertebral strength in
this study. To validate the well-trained GRNN and SVR
models, the predicted strengths from 20 new subjects were
compared with the corresponding QCT/FEA-computed
strengths, and the relative errors between them were less than
7.750%. This validation suggested that these prediction
models have good generalization ability and may capture the
underlying susceptibility attributes of bone strength.
However, our predictionmodels also require further validation
for the prospective clinical prediction of vertebral strength.

In this study, the vertebral strengths for developing ma-
chine learning models were computed by QCT/FEA. The
QCT data we used were from elderly men in the MrOS cohort
and not from cadaver vertebrae, so we could not directly per-
form mechanical tests to obtain their vertebral strengths. FEA
of QCT scans is the most technologically advanced method
currently available for noninvasive clinical assessment of
bone strength [38], and this technique has been well validated
in cadaver studies [8, 15, 39, 40]. The finite element modeling
method of vertebral body we used was consistent with that of
previous studies [7, 9]. Results from cadaver biomechanical
testing of vertebral bodies in men and women confirmed that
this modeling method provided highly correlated estimates of
vertebral compressive strength compared to the experimental-
ly measured values (R2 > 0.85) with statistical Y =X accuracy
[8, 41]. For all the 80 subjects, the QCT/FEA-computed L1
vertebral strengths were 6385.03 ± 1485.17 N, ranging from
2974.96 to 9456.59 N, the values that are consistent with those
measured in human lumbar vertebrae [6, 42, 43]. Moreover,
the fracture sites of 80 vertebral bodies were defined as the
point that reached the maximum plastic strain at the QCT/

Fig. 4 Distributions of grayscale value within and among each region of
cancellous bone in the three transverse layers. The color of each of the 36
regions corresponded to the average value over all 80 vertebral bodies,
and the number labeled on each region was the correlation coefficient

between vertebral strength (p = 0.000) and grayscale value of each
region. * Significant difference between transverse layers (p < 0.05); #
Significant difference between coronal layers (p < 0.05)
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FEA-computed vertebral strength [1], and 75% of them were
located at the regions in the middle layer. These fracture sites
have been shown to agree with the subsequent fracture loca-
tions [13, 44]. The above analyses showed that it is reasonable
to use QCT/FEA to predict vertebral strength, and the com-
parisons with previous experiments in terms of strength and
fracture site indirectly validated the accuracy of our QCT/FEA
models. However, despite the above validation, it should be
acknowledged that the QCT/FEAmodels still need to be fully
validated by conducting cadaver biomechanical tests in future
studies.

There are several limitations to our study. First, our QCT/
FEA models did not include multiple loading conditions. The
QCT/FEA-computed vertebral strengths were only based on
single loading condition of axial compression. It was shown
that the vertebral fracture risk may depend on applied load
experienced during various activities [16], especially the load
in forward bending [1]. However, previous studies indicated
that the mechanical behaviors of the lumbar vertebra in axial
compression and forward bending were strongly correlated
[45]. Thus, we believed that the QCT/FEA-computed com-
pressive strength of vertebral body could represent the
strengths during other activities. Second, our GRNN and
SVR models were based on the “black-box” approach that
could not provide the mathematical expression between the
inputs and outputs [20]. Nevertheless, machine learning algo-
rithms could still predict vertebral strength for an individual
patient and solve the regression problem that cannot be repre-
sented by specific expressions. Lastly, the well-trained ma-
chine learning models were derived from our own specific
data sets (Chinese men aged over 65) and need to be validated
by other cohort data. It is possible that the major contributing
parameters of vertebral strength and their weight distributions
may change in other populations (different sexes, ages, and
ethnicities, etc.). Accordingly, we need to retrain machine
learning models aiming at the new populat ions.
Nevertheless, the current study provides a potential approach
to estimate vertebral strength based on QCT images and sug-
gestions for the selection of predictor variables that might
improve bone strength assessment. Ultimately, this approach
is hopeful to be used to increase the predictive ability of bone
fracture risk in clinics.

In summary, the novelties of this study were that it obtained
quantitative information that dominated the vertebral strength
in elderly Chinese men, and provided a direct approach to
estimate vertebral strength based on QCT images. Our results
suggest that machine learning models can enhance computa-
tional efficiency with guaranteed precision and has great po-
tential to be applicable for strength prediction of bones at other
sites (such as femur and radius). The promising approach
shows the great potential in clinical applications, and can non-
invasively predict individual bone strength based on parame-
ters of each patient. Therefore, this approach developed in this

study may aid in improved assessment of subject-specific
fracture risk and the development of individualized therapeu-
tic intervention strategies.
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