J BONE ONCOL 47 (2024) 100627

Journal of

Contents lists available at ScienceDirect * Bone Oncology

Journal of Bone Oncology

ELSEVIER journal homepage: www.elsevier.com/locate/jbo

Research Paper

Automated measurement of lumbar pedicle screw parameters using deep
learning algorithm on preoperative CT scans

a,b,c,1

Qian Zhang , Fanfan Zhao“', Yu Zhang®', Man Huang®, Xiangyang Gong ™",

. d, =
Xuefei Deng

@ Department of Radiology, The 901st Hospital of the Joint Logistics Support Force of PLA, Hefei 230031, China

b Soochow University, Soochow 215000, China

¢ Department of Radiology, Zhejiang Provincial People’s Hospital (Affiliated People’s Hospital), Hangzhou Medical College, Hangzhou 310014, China
4 Department of Anatomy, Anhui Medical University, Hefei 230032, China

HIGHLIGHTS

e Developed an automated framework for lumbar pedicle screw measurement using VGG16 on CT scans.
e The model identifies screw placement landmarks with a PCK value of 93.5% to 99.0%.

e Showed high agreement with radiologists and a spinal surgeon, with ICCs from 0.82 to 0.98.

e Showcased the model’s potential for efficient, precise lumbar pedicle screw measurements.

ARTICLE INFO ABSTRACT
Keywords: Purpose: This study aims to devise and assess an automated measurement framework for lumbar pedicle screw
Deep learning-based algorithm parameters leveraging preoperative computed tomography (CT) scans and a deep learning algorithm.
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Methods: A deep learning model was constructed employing a dataset comprising 1410 axial preoperative CT
images of lumbar pedicles sourced from 282 patients. The model was trained to predict several screw parameters,
including the axial angle and width of pedicles, the length of pedicle screw paths, and the interpedicular dis-
tance. The mean values of these parameters, as determined by two radiologists and one spinal surgeon, served as
the reference standard.

Results: The deep learning model achieved high agreement with the reference standard for the axial angle of the
left pedicle (ICC = 0.92) and right pedicle (ICC = 0.93), as well as for the length of the left pedicle screw path
(ICC = 0.82) and right pedicle (ICC = 0.87). Similarly, high agreement was observed for pedicle width (left ICC
= 0.97, right ICC = 0.98) and interpedicular distance (ICC = 0.91). Overall, the model’s performance paralleled
that of manual determination of lumbar pedicle screw parameters.

Conclusion: The developed deep learning-based model demonstrates proficiency in accurately identifying land-
marks on preoperative CT scans and autonomously generating parameters relevant to lumbar pedicle screw
placement. These findings suggest its potential to offer efficient and precise measurements for clinical

applications.
1. Introduction degenerative pathologies and traumatic injuries [1]. Significant varia-
tions exist in the precision of pedicle screw insertion, with inadequate
In recent years, the utilization of posterior pedicle screw placement screw positioning reported in 2 % to 31 % of cases. Additionally, post-
has emerged as a predominant surgical approach for managing spinal operative monitoring has documented incidences of screw malposition
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or loosening, ranging from 0 % to 42 % [2,3]. Proper screw placement
was imperative in order to avoid serious complications such as nerve,
vascular, or intervertebral disc injury, while also providing a strong
stable construct [4-7]. Each of related parameters for measuring screw
placement in preoperative computed tomography (CT) image is directly
related to the accuracy of pedicle screw placement. Measurement is
needed for selecting screw size and proper screw placement, including
the axial angle, length of pedicle, the pedicle width and the distance
between the two pedicles, to provide accurate preoperative planning in
preoperative CT image for physicians. Traditional assessments of screw
placement parameters have predominantly relied upon manual anno-
tation and measurement techniques. Such methodologies are charac-
terized by their labor-intensive nature and subjectivity, posing
challenges for radiologists. Consequently, there exists considerable
variability in the consistency and precision of parameter measurements
among radiologists [8].

The integration of deep learning has witnessed a notable surge
within the realm of medical imaging [9-11]. Particularly in spinal
measurements, deep learning algorithms have found application in
assessing a spectrum of parameters including the Cobb angle of the
spine, vertebral body compression, and the evaluation of cervical
spondylotic myelopathy [12-14]. However, in previous literature,
measurements were mostly based on radiography rather than CT im-
ages, and there were few reports on using deep learning algorithms to
automatically measure parameters related to lumbar screw placement.
Drawing upon insights gleaned from clinical practice, the pivotal aspect
in the assessment of parameters pertinent to lumbar pedicle screw
placement lies in the precise identification and localization of anatom-
ical landmarks [15,16]. Thus, the primary objective of this investigation
entailed the development and assessment of a deep learning-driven
model tailored for the automated quantification of parameters associ-
ated with lumbar pedicle screw placement on preoperative CT scans,
with a specific focus on evaluating its efficacy and applicability across
diverse clinical scenarios.

2. Materials and methods

Approval for this study was obtained from the Ethics Committee of
Zhejiang Provincial People’s Hospital (ZJPP Hospital). Utilizing ano-
nymized patient data within a retrospective study framework obviated
the requirement for explicit informed consent.

2.1. Subjects

We reviewed preoperative CT images at ZJPP Hospital through the
PACS system from January 2017 to December 2022. This study collects
patients who are clinically planned for pedicle screw fixation. Inclusion
criteria comprised patients aged 18 years or older who had undergone
lumbar CT (Siemens SOMATOM Definition 3.0) scans and were clini-
cally slated for pedicle screw fixation. This retrospective analysis
involved a cohort of 2589 patients. To uphold the reliability of manual
labeling, cases presenting with indiscernible landmarks pertaining to
screw placement parameters were omitted from the analysis. The
exclusion criteria encompassed: (1) vertebral compression or burst
fracture (n = 989); (2) history of lumbar spine surgery or significant
calcification in vertebral bone (n = 1245); (3) bone defects in the lumbar
spine due to surgery or congenital variations (n = 52); (4) there was a
significant congenital variation or acquired deformity in the shape of the
vertebral body (n = 21). After exclusion criteria, a total of 282 patients
remained, and each patient could reconstruct five axial CT images par-
allel to the lumbar 1 to lumbar 5 pedicle, respectively. In the culmina-
tion of our efforts, we amassed a corpus of 1410 axial CT images
depicting various lumbar pedicles. From this dataset, a subset of 200
axial CT images of lumbar pedicles was randomly allocated for use as the
test set. The remaining 1210 images were further divided: 847 images
(70 %) were allocated for the training set, and 363 images (30 %) were
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used as the validation set to refine and adjust model hyperparameters
(Fig. 1).

2.2. Definitions and landmark annotation

For model evaluation, seven pertinent parameters associated with
screw placement were chosen based on preoperative lumbar CT images:
the axial angle of the left and right pedicles, the length of the screw path
for both sides, the width of the left and right pedicles, and the inter-
pedicular distance [17,18] (Fig. 2). A total of 14,520 landmarks were
meticulously annotated at the pixel-level from 1210 axial CT images
depicting the lumbar pedicle. This annotation process was conducted
collaboratively by two radiologists and one spinal surgeon utilizing a
dedicated artificial intelligence data annotation platform (https://wareh
ouse.healthviewcn.com/).

A total of 14,520 landmarks, meticulously labeled by an expert
manual annotator certified by the board, who held the qualification of a
radiologist (referred to as M1), served as the foundation for subsequent
development of algorithm. Following model training, the algorithm
demonstrated the capability to predict landmark locations without the
necessity of explicit labeling. To ascertain the model’s performance, a
test set comprising 200 images was annotated independently by M1,
alongside two additional manual annotators, denoted as M2 and M3,
with diverse backgrounds—one being a radiologist and the other a
surgeon. In the absence of an objective reference standard parameter,
the mean of measurement parameters, as determined collectively by two
radiologists and one spinal surgeon, was employed as the benchmark
[19]. Furthermore, to evaluate intra-observer reliability, M1 reassessed
the test set after a 4-week interval.

2.3. Dataset preparation

The dataset preparation phase involved comprehensive data pre-
processing procedures conducted utilizing Python (version 3.11.1) and
the ITK library (https://www.simpleitk.org). Notably, all CT images
incorporated in the study underwent anonymization processes to ensure
patient confidentiality. Augmentation of the training set was facilitated
by incorporating random rotation within the range of —40° to +40°,
along with random scaling spanning from 0.7 to 1.3. Subsequently,
standardization of the lumbar pedicle CT images was achieved through
resizing to a uniform resolution of 512 x 512 pixels. The CT images
parameters were as follows: window width:1500; window level:450;
tube voltage:120 Kv; tube current: 20 mA ~ 100 mA; raw pixel size:
0.143 x 0.143 mm.

2.4. Measurement model development

Within the framework of the automated measurement model aimed
at assessing parameters associated with lumbar pedicle screw place-
ment, two pivotal components stand out: a landmark detection con-
volutional neural network (CNN) and an algorithm dedicated to
mathematical calculation of screw parameters. The training phase re-
volves around the meticulous optimization of CNN parameters, a process
necessitating the iterative exposure of training images to the network
architecture. Through continuous evaluation of errors, adjustments to
network connection weights are made, honing the model’s predictive
capabilities. Integral to the training regimen is the utilization of a vali-
dation set, tasked with scrutinizing the model’s performance throughout
the training iterations. Notably, this dataset assumes a dual role: not
only does it serve as a litmus test for the model’s efficacy, but it also
plays a pivotal role in facilitating judicious model selection. By sub-
jecting the model to rigorous evaluation against the validation set, re-
searchers can discern the optimal configuration that strikes a balance
between predictive accuracy and generalization prowess.

The landmark detection network employed in this study is a tailored
variant of the U-net architecture, distinguished by the integration of
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Fig. 2. Landmark annotations and parameter for assessing pedicle screw placement. (a) The landmarks C, D and G, denote the medial margin, outer margin, and
midpoint of the narrowest width of right (1) and left (2) pedicles. Pints A and B signify the intersection points between a straight line parallel to the pedicle and the
anterior and posterior vertebral cortices passing through G. Point E marks the intersection between the midline and the anterior vertebral cortex, while point F
designates the intersection between the midline and the posterior vertebral cortex. (b) Axial angle of the right and left pedicle (e1) (e2). (c) The length of bilateral
pedicle screw path (A1B1, A2B2). (d) The bilateral pedicle width (C1D1, C2D2). (e) The distance between the two pedicles (C1C2).

ResNet34 as the encoder component. Meanwhile, the decoder segment
retains the conventional U-net architecture, ensuring continuity and
coherence within the network structure. At the core of this modified U-
net architecture lies a pivotal 3 x 3 convolution layer, strategically
positioned to yield a multi-channel heat map output [20]. Significantly,
the pixel intensities within each channel of the heat map encode the
probability distribution of key points essential for landmark localization.
In addition to its architectural framework, the decoder network is
distinguished by its incorporation of four consecutive bilinear upsam-
pling layers, each subsequently paired with two convolutional layers
[21]. These convolutional layers feature rectified linear activation
(ReLU) [22] for enhanced gradient propagation and a batch normali-
zation layer (BN) to stabilize and expedite training convergence.

Training of the CNN was executed utilizing TensorFlow (version 1.4),
employing a mini-batch size of 8 to balance computational efficiency
and model convergence. Furthermore, to augment the performance of
the landmark detection network, pre-trained VGG16 weights derived
from the ImageNet dataset (www.Imagenet.org/challenges/LSVRC/)
were leveraged, enhancing the network’s capacity for effective feature
extraction and representation learning, particularly in scenarios char-
acterized by limited data availability [23-26].

The landmark detection network based on VGG16 enables efficient
transfer learning through the initialization of weights specifically tuned
for the ImageNet dataset. This approach ensures the creation of a robust
and generalizable model, particularly when dealing with limited
training data. To guide the optimization process during training, a Mean
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Squared Error loss function is employed in conjunction with the Adam
optimizer. Notably, the learning rate undergoes a gradual linear
decrease from 5e—4 to le—6, facilitating stable and consistent conver-
gence of the model parameters. Moreover, the utilization of the Online
Hard Key-points Mining technique serves to explicitly select crucial key
points, enhancing the network’s capacity for landmark detection by
focusing on salient anatomical features.

Following rigorous training and model selection based on perfor-
mance evaluation against the validation set, the CNN model is poised to
demonstrate its efficacy on the test set. Subsequently, post-sufficient
training, the CNN autonomously predicts landmarks within the test
set, obviating the need for manual annotation by annotators. The pre-
dicted landmark coordinates are subsequently leveraged to compute the
seven parameters pertinent to lumbar pedicle screw placement through
automated algorithms implemented in Python and Pytorch (version
2.4.0). This streamlined process not only ensures efficiency but also
minimizes potential errors associated with manual calculations. A
schematic depiction of the study’s experimental design and workflow is
succinctly summarized in Fig. 3, elucidating the systematic progression
from data acquisition to parameter calculation.

2.5. Statistical analysis

All statistical analyses were conducted using MedCalc version 20.2.
Statistical significance was established at a two-sided p-value threshold
of less than 0.05, indicative of significance. Categorical variables were
compared utilizing chi-square tests, while the comparison among
quantitative variables was facilitated through either t-tests or Mann-
Whitney U-tests, depending on the nature of the data distribution and
the equality of variances.

2.6. Reliability of landmark annotation

To comprehensively assess the intra- and inter-observer reliability of
manual annotation, computations were undertaken to determine the
percentage of landmark-to-landmark distances falling within specified
thresholds of 1 mm, 2 mm, and 3 mm. This approach enabled a nuanced
evaluation of the consistency and agreement levels between observers,
shedding light on the precision of manual annotation across varying
degrees of spatial proximity.

CT images of the
lumbar pedicle

Manual labeling

1
- El=»

The data annotation
platform

Landmark Annotation

mentation and

| pre-processing |

1 a: rotated+40

Dataset Preparation

Journal of Bone Oncology 47 (2024) 100627
2.7. Landmark performance

To assess the efficacy of our measurement model in predicting
landmarks, we utilized the Percentage of Correct Key Points (PCK)
metric. PCK measures the proportion of predicted landmarks that fall
within a normalized distance from a reference standard landmark,
providing a quantitative evaluation of predictive accuracy. In the
absence of definitive objective reference standards, the averages derived
from assessments conducted by two radiologists and one spinal surgeon
were utilized as the reference standard. This collective approach ensured
a comprehensive and robust benchmark for evaluating the predictive
performance of the model across diverse clinical contexts.

2.8. Model measurement performance

The measurements derived from assessments by two radiologists and
one spinal surgeon were juxtaposed with the model’s predictions across
the seven parameters. In cases of differing opinions, consensus was
reached through discussion. To comprehensively assess the overall
performance of our measurement model, several statistical metrics were
employed for comparison. These included the intraclass correlation
coefficient (ICC), which serves as a metric of consistency, with ICC
values equal to or exceeding 0.75 deemed indicative of satisfactory
reliability [27]. Additionally, the Pearson or Spearman correlation co-
efficient (r) was utilized to gauge the strength and direction of the
relationship between the reference standard and the model estimate. A
correlation coefficient |r|>0.7 signifies a robust correlation between the
observed and predicted values.

Furthermore, the mean absolute error (MAE) and root mean square
error (RMSE) were calculated to quantify the magnitude of the dis-
crepancies between observed and predicted values. They provide a
measure of the model’s predictive precision. In addition to these metrics,
violin and box plots were generated to visually depict the mean differ-
ence and distribution of parameter values. The statistical significance of
the observed differences was determined through paired t-tests and
Wilcoxon rank-sum tests, further elucidating the comparative perfor-
mance of the model across the seven parameters of interest.

T M

1 ! Landmark detecion nework

Deep learning Algorithm Development

Fig. 3. Flowchart of the study design.
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3. Results
3.1. General data distributions

Incorporated into the study were a total of 1410 preoperative axial
CT images focusing on the lumbar pedicle as the subjects of analysis.
Notably, thorough examination revealed no discernible disparities
among the datasets concerning gender composition and age distribution,
as illustrated comprehensively in Table 1. This congruence in de-
mographic characteristics underscores the appropriateness of the data-
set segmentation, ensuring robustness and consistency in subsequent
analyses.

3.2. Reliability of landmark

The proportion of intra-observer landmark distances falling within
the 3 mm threshold exhibited complete agreement at 100 %. Conversely,
the inter-observer comparison revealed percentages of 98.54 % (M1 vs
M2), 95.75 % (M2 vs M3), and 96.36 % (M1 vs M3), respectively, within
the same threshold. Detailed breakdowns of intra- and inter-observer
landmark distances within the 1 mm and 2 mm thresholds are delin-
eated in Table 2 for comprehensive evaluation.

3.3. Landmark performance

At the 3 mm distance threshold, the PCK for landmark prediction
consistently exceeded 93 %. Notably, the highest PCK value at this
threshold was observed for the intersection point between the midline
and the anterior vertebral cortex (E), while the lowest values were
recorded for the intersection points between the parallel line to the
pedicle and the anterior vertebral cortex (Al, A2) (Fig. 4, Table 3).
Furthermore, Fig. 5 illustrates a representative example showcasing the
predictive capabilities of our model in landmark measurement, offering
a visual demonstration of its efficacy in action.

3.4. Model measurement performance

Regarding the axial angle of the pedicle, the reference standards
were 15.59(12.14, 20.11)° (left) and 16.47(12.16, 20.03)° (right), while
the models werel16.13(12.64,19.83)° (left) and 16.13(12.56,20.88)
°(right). For the length of pedicle screw path, the reference standards
were 53.91 + 5.77 mm (left) and 53.67 + 5.91 mm (right), while the
models were 53.71 + 5.76 mm (left) and 53.39 + 6.23 mm (right). For

Table 1
Data distributions of various data sets.

Characteristics Training Validation Text data  p-value (statistical
data data value)
Number of 847 363 200
images
Sex (%) * 0.090(4.806)
Female 395(46.64) 193(53.17) 92
(46.00)
Male 452(53.37) 170(46.83) 108
(54.00)
Age (years)” 58(50,66) 59(51,66) 59 0.437(1.655%)
(50,67)
Female 58(51,69) 59(53,68) 57 0.333(2.197%)
(50,67)
Male 58(49,65) 60(49,66) 61 0.145(3.866)
(52,67)

# Data are presented in terms of object counts, accompanied by corresponding
percentages within parentheses.

b Data are articulated in terms of medians, alongside the interquartile range
denoted by the 25th and 75th percentiles in parentheses.

€2

4 H value.
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Table 2
The intra-observer and inter-observer reliability of landmark annotation (%).

Distance threshold

1 mm 2 mm 3 mm
Intra-observer reliability 72.58 98.98 100.00
Inter-observer reliability
M1 vs M2 66.24 95.58 98.54
M1 vs M3 62.75 91.31 95.75
M2 vs M3 63.38 93.68 96.36

the pedicle width, the reference standards were 6.39(4.65, 7.87) mm
(left) and 6.23(4.52, 7.82) mm (right) and the models were 6.23(4.74,
7.99) mm (left) and 6.30(4.51, 7.78) mm (right). For the distance be-
tween the two pedicles, the reference standards were 25.96(24.55,
29.86) mm and 26.02(24.36, 28.96) mm (Table 4).

Upon comprehensive evaluation of the model’s overall performance
against the reference standard, meticulous measurements were obtained
for the seven parameters. The calculated metrics revealed robust con-
sistency, with intraclass correlation coefficients (ICC) ranging from 0.81
to 0.98, correlation coefficients (r) ranging from 0.82 to 0.98, root mean
square error (RMSE) values spanning from 0.48 to 3.46, and mean ab-
solute error (MAE) values ranging from 0.33 to 2.23, as illustrated in
Table 5. Additionally, to provide a visual depiction of the parameter
distributions, violin and box plots analyses were conducted, showcasing
the variability and central tendencies of the seven parameters, as
depicted in Fig. 6.

4. Discussion

Accurate and dependable assessment of parameters associated with
lumbar pedicle screw placement holds significant relevance in proced-
ures such as posterior pedicle screw placement, which encompass
widely utilized the minimally invasive spinal surgery [28]. As is well
known, manual measurement is tedious, inefficient, and relying on the
personal experience of spinal surgeons and radiologist can easily lead to
significant variability [29]. This study employed preoperative lumbar
CT scans alongside a deep learning algorithm to construct an automated
measurement model for parameters concerning screw placement. Key
findings from our analysis on the test set revealed the following: 1) the
model successfully identified landmarks automatically, achieving a PCK
exceeding 93 % at the 3 mm distance threshold; 2) precise measure-
ments of various parameters, including the axial angle of pedicle, length
of pedicle screw path, width of pedicle, and the distance between the
two pedicles, were attained with ICC values ranging from 0.82 to 0.98;
and 3) the performance of the developed automatic measurement model
was comparable to the reference standards obtained from clinicians’
measurements (p > 0.05).

Assuring the precision of manual annotations stands as a significant
hurdle in assessing the efficacy of this model, as it directly impacts the
fidelity of the model’s landmark predictions. The main professionals
engaged in the measurement of parameters related to screw placement
are radiologists and spinal surgeons. Based on this, the model annotator
selected radiologists and spinal surgeon to ensure the generalization of
labeling. As per the findings presented, the discrepancy observed be-
tween observers averaged approximately 2.98 mm, a measurement
deemed suitable for both biomechanical and clinical analyses [30].
Within the scope of our investigation, a substantial proportion of inter-
observer distances, ranging from 93.5 % to 98.5 %, were contained
within the 3 mm threshold, underscoring the consistency of performance
exhibited by our manual annotator.

The performance of our model exhibited excellence, achieving PCK
values ranging from 93.5 % to 98.5 % within a 3 mm distance threshold
range for predicting landmarks. Notably, the predictive accuracy for
landmarks A1, A2, B1, and B2 was comparatively lower when juxta-
posed with other landmarks. In some cases, this may be due to the fact



Q. Zhang et al.

Mean of the percentage of correct key points(PCK) curves

100.0

40.0

200 4

Recall(%)

100.0

Journal of Bone Oncology 47 (2024) 100627

Mean of the percentage of correct key points(PCK) curves

gy

,/// > v 3 ]

80.0

Y
S
°

'S
S
=

20.0

0.0

2 3

Distance(mm)

4 5 b

0 1 2 3 4 5
Distance(mm)

Fig. 4. Performance evaluation of the model in landmark detection. (a) PCK diagram of key points A1 ~ D1, E, and G1; (b) PCK diagram of key points A2 ~ D2, F,

and G2.

Table 3

The PCK values of landmarks (%).
Distance threshold (mm) Al Bl C1 D1 E Gl A2 B2 C2 D2 F G2
1 56.00 61.00 75.00 69.50 83.50 80.50 55.00 59.50 74.00 68.50 82.50 81.00
2 81.50 83.50 94.50 92.00 97.50 95.50 81.00 84.50 91.50 90.00 96.00 94.00
3 93.50 94.50 98.50 97.50 99.00 97.50 94.00 95.50 97.00 97.50 98.50 98.50
4 99.00 99.00 100.00 100.00 99.00 99.00 98.50 99.50 100.00 99.50 100.00 100.00

Reference standard

Reference standard vs Prediction

Prediction heat map

Fig. 5. Representative illustrations of landmark detection by the proposed model. On the left side, the mean values derived from R1, R2, and R3 (reference standard)
are depicted. In the middle, the heat map representing the model’s predictions is showcased. Additionally, the right side provides a visual comparison illustrating the
disparities between the reference standard and the model’s predictions, thereby offering insights into the model’s performance and accuracy in landmark detection.

Table 4

The measured values of manual annotators are compared to the model estimates

of the seven parameters.

Table 5

Comparison of model estimates and reference standards for parameters related

to screw placement.

Screw parameters Reference Model statistical p- Screw parameters ICC (95 %CI) r MAE RMSE
standard value value Axial angle of left pedicle(®) 0.92 0.901""  1.614 2.393
Axial angle of left 15.59(12.14, 16.70 —1.432° 0.151 (0.89,0.94)
pedicle(®) 20.11) (12.64, Axial angle of right pedicle(®) 0.93 0.913""  1.592  2.332
19.83) (0.90,0.94)
Axial angle of right 16.47(12.16, 16.13 —0.694" 0.493 Length of left pedicle screw path 0.82 0.824%" 2242  3.471
pedicle(®) 20.03) (12.56, (mm) (0.77,0.86)
20.88) Length of right pedicle screw path ~ 0.87 0.868"" 1774  3.092
Length of left pedicle 53.91 + 5.77 53.71 + 0.827¢ 0.412 (mm) (0.83,0.90)
screw path” (mm) 5.76 Left pedicle width(mm) 0.97 0.973"" 0.368 0.573
Length of right pedicle 53.67 +5.91 53.39 £ 1.292°% 0.204 (0.95,0.97)
screw path” (mm) 6.23 Right pedicle width(mm) 0.98 0.972"" 0332  0.483
Left pedicle width 6.39(4.67, 6.23(4.75, ~1.953° 0.507 (0.97,0.98)
(mm) 7.84) 7.99) Distance between the two pedicles  0.91 0.879>°  1.254  1.431
Right pedicle width 6.23(4.74, 6.30(4.51, —~1.154° 0.247 (mm) (0.89,094)
(mm) 7.99) 7.78) a . . . b . . . B
Distance between the 25.96(24.55, 26.02 _1.919" 0.061 Pearson correlation coefficient; ° Spearman correlation coefficient; * p < 0.01.
two pedicles(mm) 29.86) (24.36,
28.96)

that making a straight line parallel to the pedicle of the pedicle is more
subjective compared to other landmarks with obvious anatomical
structures. Moreover, our deep learning-driven automatic measurement
model demonstrates favorable concordance and precision when

2 tvalue.
b z value.
# Data conforms to the Shapiro-Wilk normal distribution test.



Q. Zhang et al. Journal of Bone Oncology 47 (2024) 100627
A " 8
ves 2 v n = =
] > -
3 o i ] :
= &3 1 | . b . et
£ \ i g { A
£ / i, 0 £ /1)
g2 dh z 3 / \ ® 4
= %4 s ] / \ 2 y o \
2 17 i ( %% 3 { 2 {
£ | @\ g 1] . i ) | (
R ) 3 € < i ‘
2 3k L J { i) z L )
A U™ W
% b o] N v d ; !
& . 3 0 n - - 0
Reference standard Medel Reference standard Model Reference staadurd Mudel
’ o
T 1 2 - v
H T g "] £ "
= i sl B - 2 | ™
- j —~( § 7] Jies | B K | =
14 Lo | b B /
7 1) o] A i 4 AR
§ < m \ ﬁ 1 3 i | - ‘.‘
z - ) § © - / S0\
£ &) 2] - feo )
T / 3 %1 # \ n/
: s .1 S 174
L s Y Lt L L \v N
54 84
(¥ f. 8.1
Reference standard Medel Reference standard Madel Reference standard Madel

Fig. 6. Visualization of discrepancies in pedicle screw placement parameters. (a) Axial angle of left pedicle. (b) Axial angle of right pedicle. (c) Left pedicle width. (d)
Right pedicle width. (e) Distance between the two pedicles. (f) Length of left pedicle screw path. (g) Right of left pedicle screw path.

compared to the reference standard for parameters associated with
screw placement derived from preoperative lumbar CT images. The
calculated ICC and r values, spanning from 0.82 to 0.98, along with MAE
values ranging from 0.33 to 2.24, attest to the model’s ability to accu-
rately anticipate the seven frequently employed parameters linked to
screw placement, thus aligning closely with the proficiency level of
clinicians.

In the previous study, the intra-operative 3D CT or image guidance
utilizing O-arm or Stealth navigation was employed to furnish screw-
related parameters [1,31]. Notably, there existed a diversity in sur-
geon expertise across these studies, a fundamental aspect contributing to
potential variations in outcomes. These require the purchase of addi-
tional medical equipment or software, which increases the difficulty of
promoting in grassroots hospitals. our deep learning-based automatic
measurement model has better generalizability. Certain studies
employed bibliometric and visual methodologies to retrieve articles
related to spinal conditions using deep learning approaches. They found
that most articles focused on algorithms for diagnosing spinal diseases,
while there were not many articles based on automatic measurement
[32]. In previous literature, the development of automatic measurement
algorithms was mostly based on radiography [33,34]. Naik et al [35]
formulated a hybrid registration framework that integrates 3D-2D Iter-
ative Control Point (ICP) based on anatomical landmarks. This method
enhances the alignment of pedicle screw trajectories between intra-
operative X-ray images and preoperative CT scans. Nevertheless, this
trajectory registration technique primarily relied on anatomical land-
mark alignment and generated projection images, limiting its applica-
bility to scenarios primarily within surgical interventions where
surgeons manipulate surgical tools. In contrast, our model achieves
automatic landmark localization directly through landmark detection,
thereby reducing annotation time and computational overhead while
furnishing clinicians with essential measurement parameters for diverse
lumbar interbody fusion procedures. To enhance the clinical applica-
bility of the algorithm, all preoperative CT scans were acquired prior to
actual surgical interventions.

Additionally, except for the left and right length of pedicle screw
path, all other five parameters do not follow a normal distribution and
instead exhibit two peaks. The main reason for the non-normal distri-
bution observed is that the anatomical morphology of the 5th lumbar
vertebral body differs significantly from other lumbar vertebral bodies,
resulting in significant differences in most parameter measurements
compared to other vertebral bodies. From this, it can be seen that even if

the dataset contains vertebral bodies with significant morphological
differences, the model still achieves satisfactory performance. Perhaps
this model is also worth further research and testing optimization in the
measurement of screw parameters in the thoracic and cervical vertebrae.

The current investigation encountered several constraints. Initially,
to ensure the accuracy and completeness of landmark annotation, a
substantial number of patients with fractures, bone defects, and other
conditions were excluded from the study cohort. Second, the lack of a
definitive reference standard and the inherent variability in manual
annotations posed significant challenges in directly comparing the per-
formance of the measurement model with that of human annotators.
Thirdly, the implementation of diverse neural networks [9,20,36] that
leverage sophisticated feature extraction techniques [37] and optimi-
zation algorithms [38,39], which we can coupled with computational
analysis techniques [40], can significantly enhance the performance of
automated frameworks for measuring lumbar pedicle screw parameters.
Lastly, our study dataset was derived from cases necessitating screw
insertion surgery, potentially influencing the overall robustness of the
final system. Thus, in forthcoming studies, we intend to integrate
multi-center, multi-disease patient datasets into model training pro-
tocols progressively.

5. Conclusions

A novel deep learning model was successfully constructed to auto-
mate the measurement of parameters associated with lumbar pedicle
screw placement using preoperative CT scans, demonstrating perfor-
mance on par with that of radiologists and spinal surgeons. This
advancement holds promise in delivering efficient, precise, and
comprehensive screw-related parameters necessary for diverse lumbar
interbody fusion procedures performed by spinal surgeons. Moreover,
the versatility of our model extends beyond lumbar regions, as it is
anticipated to streamline the automatic measurement of screw place-
ment in cervical and thoracic regions following transfer learning
techniques.
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