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Abstract: The purpose of this study was to develop a predictive model for estimating the rotation
angle of the vertebral body on X-ray anteroposterior projection (AP) image by applying machine
learning. This study is intended to replace internal/external rotation of the thoracic spine (T-spine),
which can only be observed through computed tomography (CT), with an X-ray AP image. 3-
dimension (3D) T-spine CT images were used to acquired reference spine axial angle and various
internal rotation T-spine reconstructed X-ray AP image. Distance from the pedicle to the outside
of the spine and change in distance between the periphery of the pedicle according to the rotation
of the spine were designated as main variables using reconstructed X-ray AP image. The number
of measured spines was 453 and the number of variables for each spine was 13, creating a total of
5889 data. We applied a total of 24 regression machine learning methods using MATLAB software,
performed learning with the acquired data, and finally, the Gaussian regression method showed
the lowest RMSE value. X-rays obtained with the phantom of the human body tilted by 16 degrees
showed results with reproducibility within the RMSE range.
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1. Introduction

Adolescent idiopathic scoliosis (AIS) is a disease in which the spine twists and curves
laterally with the column of the spine curved into a ‘C-shape’ or ‘S- shape’ [1,2]. Its
occurrence is caused by several factors, such as genetics, structural elements of the spine,
paravertebral musculature, metabolic & chemical factors, endocrine and central nervous
system. However, studies on the effects of sedentary life, such as office workers and
students living in a chair, are also being conducted [3,4]. In general, the diagnosis of
scoliosis is made when the angle of the spine is evaluated to be more than 10◦ on the
posterior-anterior radiograph related to the rotation of the spine [5,6]. Although scoliosis is
known as a disease in which the column of the spine is bent outward on the coronal plane,
in reality, when a three-dimensional spinal deformity occurs, the forehead, sagittal plane,
and transverse plane are changed in spinal alignment [7].

To quantify the severity of AIS in scoliosis patients, the Cobb’s angle is measured [8].
However, this method is limited in assessing sagittal and coronal spine curvature. For
example, right scoliosis with respect to the coronal plane can cause a clockwise rotation of
the vertebral body, whereas left scoliosis on the coronal plane causes a counterclockwise
rotation [9]. Thus, recent studies have used various approaches to better understand AIS
as a three-dimensional state [10–12]. An X-ray anteroposterior (AP) projection image is a
two-dimension (2D) image viewed from the front. It is suitable for measuring the angle
between the forehead and the sagittal plane of the spine. However, it cannot be used to
accurately measure the rotation angle in the horizontal plane. Due to these limitations,
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studies conducted so far have mainly evaluated Cobb’s Angle, the angle of inclination of
the spine on the coronal plane, to determine a treatment effect [13–15]. When evaluating
spinal rotation, the rotational deformation of the vertebral body in the plane due to scoliosis
has a clinically significant meaning in an orthodontic procedure [16–18]. If internal spine
rotation is not corrected, scoliosis recurrence occurs. Conversely, even a slight reduction
in rotation can significantly improve scoliosis expressed in radiographs [19]. Therefore,
measurement of internal rotation of the spine has an important meaning in the prognosis
and treatment of scoliosis. For example, inaccurate evaluation of spine rotation during
pedicle screw surgery can lead to misplacements that risk spinal cord injury. Recent studies
have shown that the coupled relationship between rotation and lateral motion of the spine
may provide insight into hallmarks of scoliosis [20,21]. The most accurate way to evaluate
an internal rotation of the spine is to use computed tomography (CT) since CT can provide
accurate phase information [22]. Attempts have been made to accurately measure the
internal rotation of the spine using CT with various methods, such as the experiment
of Stoke and Ho et al. [16,18]. Spinal rotation evaluation using CT has the advantage of
evaluating the rotation of the spine accurately. However, most patients acquire the image
while lying on a patient table during the CT image acquisition process. Since the patient’s
spine is not affected by gravity, information on spinal rotation that does not accurately
reflect the patient’s pathological environment due to muscle relaxation is provided [23].
In addition, CT images have limitations in that the burden of periodic examination of the
spine before and after surgery is high due to its higher radiation dose than general X-rays.
In addition, its examination cost is high [24]. Measuring the rotation angle of the vertebral
body on an X-ray image has advantages. It can be examined more easily than a CT scan. It
also reflects the degree of rotation of the spine under the influence of gravity. In addition,
evaluating the rotation of the spine based on an X-ray image of the patient in a standing
position is essential for accurate evaluation of the internal spine rotation of the patient.

On the other hand, CT images have the advantage of reformatting images identical
to those of general X-rays by reconstructing the rotation angle of the spine in multiple
directions based on previously acquired images using 3D medical software [25]. In other
words, artificial spinal rotation can be performed with a CT image in 3D medical software
and an X-ray image reflecting the internal rotation spine can be acquired. Therefore, the
same image can be acquired without actually examining the X-ray AP image of the thoracic
spine (T-Spine) that we want to know in this study, and a lot of data can be produced
through this information. After reconstruction of image data obtained by rotating the
vertebral body at various angles in 3D based on CT-imaged images into 2D X-ray simple
images, the rotation angle of the spine could be predicted by machine learning. In addition,
if various variables, such as the size of the spine and the lateral inclination angle of the
spine, are applied by configuring the optimal parameters, it is possible to create a model
that can predict the rotation angle of the vertebral body more accurately.

Therefore, the purpose of this study was to develop a spinal rotation angle measure-
ment system using X-ray anteroposterior images. Variables to be used in the predictive
model were extracted by measuring specific anatomical structures expressed in the spine
as 2D X-ray images reconstructed from 3D CT spine images on a horizontal plane with
left and right rotation angles of each vertebral body. In addition, we tried to develop a
predictive model for estimating the rotation angle of the vertebral body on X-ray AP image
by applying machine learning.

2. Materials and Methods
2.1. Experiment Subjects and 3D Computed Tomography Data Acquisition

CT 3D images obtained from 29 volunteers in their 20s were used as primary data
in the experiment. Volunteers of this study were fully informed about this study. They
provided informed consent to participate in the study. This study was approved by our
Bioethics Committee (approval number: GU-2017-HRa-06-02).
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3D CT images data of all volunteers of were acquired using a CT image device (Optima
660 General Electrics, New York City, State of New York, USA) from C-spine to L-spine. CT
imaging scan parameters were set as follows: tube voltage, 120 kVp; tube current, 500 mA;
pitch, 1.0; and reconstruction resolution, 512 × 512. 3D CT images were backed up as a
Dicom file. The workflow from 3D CT data acquisition to the developed final prediction
model in this study is presentative in Figure 1.
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Figure 1. Machine Learning Workflow.

Spine 3D data were transmitted to a 3D medical image processing software (Infinity
Korea, South Korea) to measure the internal rotation angle used for the machine running
reference value. Afterward, the 3D spine was rotated at a certain angle in the direction of
the long axis of the spine to induce artificial internal rotation of the spine and to reform the
2D X-ray AP projection image. We measured the length and angle of the reference anatom-
ical structure we set using the obtained artificial inner rotation 2D X-ray AP projection
image (Figure 2).

The artificial reconstructed 2D X-ray images’ spine rotation angle, which was artificial
internal rotation, was calculated by adding rotation angles in left and right directions from
the reference angle measured with the CT axial image. A predictive model of spine rotation
was developed using machine learning techniques with the obtained spine rotation angle
and variables that we set.

2.2. Raw Data Acquisition and Measurement Variables of Spine Rotation Using 3D CT Data

In order to measure a measurement variable, the change in the projected 2D X-ray
image structure according to the rotation of the spine, an accurate reference angle measure-
ment must first be made from a transaxial image of the spine obtained by a CT image. The
reference spine axis angle (RSAA) is the reference measured from T3 to T12 of 29 images of
volunteers. Its measurement method is shown in Figure 2.

In this study, we measured RSAA by referring to Stokes’ measurement method (Stokes
et al., 1986). First, by setting center points of the pedicles on left and right sides of the
spine, a line (a) connecting the pedicles on both sides was set. A vertical virtual line
(b) was then set. The final RSAA was measured by measuring the angle formed with
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the line (c) that was perpendicular to the horizontal line of the image. The 2D X-ray AP
projection image reflected RSAA as it was reconstructed. The distance between structures
at the measurement reference line determined in Figure 2 was then measured (Figure 3).
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Figure 2. Measurements of reference spine axis angle (the basis for the spine) and spine variables.
The most crucial line (a) is established by setting the center of the pedicle by checking the upper and
lower tomography images of the spine trans-axial image and tracking it from the starting point of
the pedicle. The image measures the degree of rotation of the spine concerning the pedicle on the
horizontal plane of the CT. It shows a 6.07◦ clockwise rotation.

By applying the method of projecting CT scan data, a 3D image, onto one reference
plane, it can be reconstructed into an image of a two-dimensional structure, such as an
X-ray image. It is possible to measure or evaluate geometric structures. We obtained
basic data extracted from the 2D image by setting lengths and angles F of A, B, C, and D
as variable parameters for measuring the angle of rotation of the vertebral body. Their
baseline measurements were performed as follows. First, the baseline on the transverse
plane was set by setting the baseline parallel to the vertebral edge at the most convex center
of the pedicle. Afterward, the distance (A) from the line connecting the outer upper and
lower edges of the spine body to be measured to the external centerline of the pedicle was
designated as the primary variable. In addition, the width distance (B) between pedicles
was set as the distance from the outer margin of the pedicle on the baseline to the inner
margin of the pedicle. The distance (C) between the lateral margin on the opposite side of
the vertebrae from the endpoint of B was set. The longitudinal length (D) of the vertebral
body is the length of the upper and lower margins of the spine. In addition, the angle
(F) formed by the inclination of the spine and the baseline on the transverse plane was
designated as a parameter for machine learning. Eight data per spine were acquired by
artificially rotating each vertebra in the spine CT image data internally and externally
five degrees using variables specified. Machine learning was performed to develop a
predictive model by acquiring two-dimensional X-ray AP images for each rotation angle
and using spine’s prediction parameters and internal rotation as result values. To develop
the predictive model, a machine learning toolbox of MATLAB (2020a, Mathworks, Natick,
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MA, state of Massachusetts, USA) was used. The performance of the final predictive model
was evaluated with the Gaussian regression method.
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Figure 3. Measurements of reference spine axis angle (the basis of the spine) and spine variables.
(a) is the measurement method of the spine variables by reconstructing a 2D X-ray projection image
reflecting RSAA as it is, (b) The image is a 2D X-ray projection image projected by artificially rotating
the 3D CT data. The RAO means right anterior oblique rotation view of the spine and LAO means
left rotation.

2.3. Predictive Model Reproducibility Experiment

For the reproducibility experiment of the developed spine rotation prediction model,
we artificially rotated a human phantom and compared the rotation angle of the spine with
the value expressed by the prediction model. As shown in Figure 3, the human phantom
with a shape similar to that of human vertebrae was taken in a left posterior oblique posture
of 16 degrees. X-ray was then performed. The X-ray exposure field was set to include
all T-spines of the phantom. The distance from the X-ray source to the image receptor
was set to be 110 cm. Images were acquired with a digital radiography detector. Images
obtained in this way were measured on the T-spine 7 by the same method as the values set
as parameters of the prediction model and entered into the developed machine learning
algorithm. The actual rotation angle and the predicted value were then compared (Figure 4).
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rotating the phantom of the manikin by 16 degrees.

2.4. Gaussian Process Algorithm Showing Minimum RMSE Value

An appropriate inference process is required for the mean and covariance function
k(x, x′). As in the formula below, use a hierarchical prior with mean and covariance
functions parameterized by the hyperparameters of the Gaussian Process (GP).

f ∼ GP(m, k) (1)

m(x) = ax2 + bx + c (2)

k
(
x, x′

)
= σ2 exp

(
− (x− x′)2

2l2

)
+ σ2

nδii′ (3)

At this time, set the hyperparameter set as θ =
[
a, b, c, σy, σn, l

]
. Given the measured

data, a function f representing is learned. This function has a confidence interval or error
bar as a probability model.

Data : D = [x, y] (4)

The Gaussian Process distribution is organized by the mean function and the covari-
ance function, and if the two spaces exactly match, it becomes an infinite dimensional
quantity.

p( f ) = f (x) ∼ GP(m, k) (5)

The above probability is subjected to Bayesian regression.

p( f |D) =
p( f )p(D| f )

p(D)
(6)

The following formula is calculated for all existing data points to prepare for the
Gaussian Process Regression.

K =

K(x1,x1) K(x1,x2) · · · K(x1,xn)
...

. . .
...

K(xn,x1) K(xn,x2) · · · K(xn,xn)

,

K∗ = [K(x∗, x1) K(x∗, x2) . . . (x∗, xn) ] K∗∗ = K(x∗, x∗)

(7)

The diagonal element of K is σ2
f + σ2

n , and the elements at the end of the off-diagonal
elements have a value close to 0 as x spans a sufficiently large domain.

3. Results

To develop a predictive model for this experiment, T-spine was measured for spine
data of 19 adults. The number of measured spines was 453 and the number of variables for
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each spine was 13, creating a total of 5889 data. The overall overview of the raw data used
in machine learning is summarized in Table 1.

Table 1. Results of parameter setting/measurement method and data acquisition range.

Parameters Measurement Methods Data Acquisition Range

RSAA 1

X angle (perpendicular to the inter pedicle
line—perpendicular to the detector line)

X angle (perpendicular to the inter pedicle
line—horizontal to the detector line)

−22.3–24.19◦

A

X outer line of the center of the pedicle—line
connecting the lateral upper and lower
ends of the vertebral body

0.15–11.30 mm

B X pedicle outer edge—pedicle inner edge 1.03–11.11 mm

C

X pedicle inner edge—line connecting the
lateral upper and lower ends of the
vertebral body

14.38–35.44 mm

D
X the midpoint of the upper spine

line—center of the lower line of the spine 12.54–30.13 mm

F

X an imaginary line connecting A to C (the
upper line of the vertebral
body)—transverse plane

−7.44–4.9◦

1 reference spine axis angle.

For the data generated in this way, RSAA was set as the result value and the regression
analysis prediction model method was performed using the machine learning method.
Finally, Gaussian regression analysis was performed. The model that showed the lowest
RMSE (root mean square error for validation) value was selected as the final prediction
model.

For the development of the prediction model, the following steps were used. In step 1,
spine number, A distance, B distance, C distance, and F angle were used as input to perform
the step of processing data suitable for training the model. After that, data were processed
in a form suitable for training the model and stored as predictors (measured values). The
RSAA value, the measured rotation angle of each data, is stored as the response (actual
value). Related coding is shown below:

inputTable = trainingData
predictorNames = ‘spine number’, ‘A Distance’, ‘B Distance’, ‘C Distance’, ‘Pedicle

line angle(F Angle)’;
predictors = inputTable(:, predictorNames);
response = inputTable.Rotation_angle;
isCategoricalPredictor = [false, false, false, false, false];
In step 2, cross validation was performed for each data. For training the model, an

object ‘cvp’ of cv partition that defines a non-stratified random partition was created to be
used for 27-fold cross validation on the actual value of the response size and calculate the
predicted value. Related coding is shown below:

KFolds = 27;
cvp = cvpartition(size(response, 1), ‘KFold’, KFolds);
validationPredictions = response;
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After repeatedly performing cross-validation on 1 to 27 data, a multiple precedence al-
gorithm was specified as an option and the model was trained. Related coding is as follows:

for fold = 1:KFolds
trainingPredictors = predictors(cvp.training(fold),:);
trainingResponse = response(cvp.training(fold),:);
foldIsCategoricalPredictor = isCategoricalPredictor;
The regression model was trained according to the multiple antecedent algorithm

based on the training data including the spine-related input information as follows:
concatenatedPredictorsAndResponse = trainingPredictors;
concatenatedPredictorsAndResponse.Rotation_angle = trainingResponse;
linearModel = stepwiselm( . . .
concatenatedPredictorsAndResponse, . . .
‘linear’, . . .
‘Upper’, ‘interactions’, . . .
‘NSteps’, 1000, . . .
‘Verbose’, 0);
After that, the resulting structure is generated using the prediction function as in the

following coding.
linearModelPredictFcn = @(x) predict(linearModel, x);
validationPredictFcn = @(x) linearModelPredictFcn(x);
validationPredictors = predictors(cvp.test(fold),:);
foldPredictions = validationPredictFcn(validationPredictors);
validationPredictions(cvp.test(fold),:) = foldPredictions;
In step 3, TrainedModel (trained regression model) was returned. The validation

predicted value of trainedModel (trained regression model) was also returned. After that,
Validation RMSE was evaluated.

validationRMSE = sqrt(nansum((validationPredictions − response).ˆ2)/ numel (re-
sponse(isNotMissing)));

The value of RMSE was calculated with the following equation:

RMSE =

√
1
n ∑n

i=1 (Reference spine axis angle value− Expect spins axis angle value)2 (8)

4. Discussion

Scoliosis is a disease in which the vertebral column is deformed into an S shape.
Still, the disease caused by the morphological deformity of the ribs as the spine is in the
internal rotation is also considered clinically meaningful. Spinal rotation measurement
provides critical information in determining a patient’s surgery and performing pedicle
screw operation [26]. In addition, since the degree of rotation of the spine acts as an essential
index for diagnosing the treatment progress after surgery, the evaluation of rotation of
the spine provides very informative clinical information [27,28]. The evaluation of spinal
rotation through CT is the most accurate method among existing methods [29]. The CT
image from which 3D volume data are acquired has the advantage of accurately measuring
the angle and length of the spine in three reference planes: A coronal plane, a sagittal plane,
and a transverse plane. However, CT increases the patient’s radiation exposure. It also has a
limitation in that the examination cost is more expensive than general X-ray. Therefore, we
produced self-produced data using machine learning and developed a method to estimate
and measure the spine’s degree of left and right rotations using only X-ray images as CT
information. As a result, it was possible to overcome limitations of CT examination with
only X-ray images and measure left and right rotation angles. In other words, by using
CT volume data to accurately measure the information on the rotation of the spine and
by rotating the vertebral body cross-section image, self-produced data were produced as
an X-ray image. We then obtained an algorithm optimized by machine learning using the
generated data to predict the rotation angle of the vertebral body with an X-ray AP image.
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In this study, the reference body structure used to evaluate the rotation of the spine
in the 2D X-ray image was the pedicle. This is because the pedicle is a structure with less
morphological distortion in the structure of the spine. In addition, its positional change
can be observed more clearly than other structures in the human body when the spine is
rotated, similar to a Scotty dog sign, in general X-ray examination [30,31]. For this reason,
in a previous study [32], the pedicle was used as a reference structure in evaluating the
internal rotation of the spine. We also obtained data based on the pedicle from the image
reconstructed with X-rays by artificially rotating the spine to the patient’s long axis (Z-axis)
using Xelis software. The degree of rotation of eight different angles of the spine in one
vertebra could be obtained by first measuring the RSAA from the axial image in the CT
image and calculating the angle at which the vertebrae were artificially rotated to the
left and right (Figure 3). However, this method has a limitation in that it shows a lower
spatial resolution than general X-ray imaging. As shown in Figure 3, although general
X-ray images can produce sharp images through various techniques, images projected
through CT cannot produce sharp images. Therefore, we excluded the raw data when it
was impossible to obtain a clear anatomical image from the reconstructed X-ray image
during the data acquisition process.

We applied a total of 24 regression learning methods using MATLAB software and
performed learning with the acquired data, and finally, the Gauss process regression
method showed the lowest RMSE value. The RMSE value of the predictive model was 2.74,
meaning that it showed a measurement error value of 2.74 degrees in the variable range.
These contents were also confirmed in the reproducibility experiment. When X-rays were
obtained with the phantom of the human body tilted by 16 degrees, the prediction model
result was 13.72 degrees, showing an error of approximately 2.3 degrees. In other words, the
internal rotation angle of the spine can be predicted within the RMSE range of the prediction
model we developed. Although it does not show a more accurate prediction value, it can be
sufficiently applied to patients to observe the course of symptoms after surgery without CT
examination. In addition, its utility value is high considering the advantage of providing
quantified values in follow-up checks on post-operation. In addition, the left and the right
length of the spine, the left and right length of the pedicle, and the spine’s height represent
the overall size of the spine. Thus, the subject’s body size does not limit the use of the
developed predictive model. However, this study has limitations. Firstly, In this study,
data were acquired by applying T-spine three onwards. This is because there is a high
possibility of error in the measurement method proposed by our research group when
the size of the spine is small. Secondly, in actual clinical practice, the spine is rotated and
expressed in the image when X-ray AP projection is performed in the patient’s internally
rotated posture. In other words, if the accurate AP projection is not performed, an error in
the rotation of the spine may occur when applying the rotation model developed in this
study. Additional studies on correction through other X-ray planes are needed to overcome
these limitations. Lastly, as mentioned earlier, the RMSE value of the prediction model was
2.74, which showed an error of up to 6.52% in the reference angle we used as raw data.
Therefore, it is unreasonable to use it as an accurate indicator for surgical operation because
it has not been evaluated whether this tolerance falls within the allowable range in pedicle
screw surgery.

5. Conclusions

We developed a predictive model that could evaluate the interramal rotation of the
spine based on the image data projected by the rotation of the pedicle by rotating the spine
using the virtual multi-projection method through CT image. Its RMSE was 2.74 degrees
within 40 degrees, which was 20 degrees on the left and right sides of the rotation range
of the spine. The predictive model developed in this study could be used sufficiently for
follow-up of patients with scoliosis.
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