www.nature.com/scientificreports

scientific reports

W) Check for updates

Artificial intelligence

for the detection of vertebral
fractures on plain spinal
radiography

Kazuma Murata'*, Kenji Endo?, Takato Aihara?’, Hidekazu Suzuki', Yasunobu Sawaji?,

Yuji Matsuoka?, Hirosuke Nishimura?, Taichiro Takamatsu?, Takamitsu Konishi?,

Asato Maekawa?, Hideya Yamauchil, Kei Kanazawa?, Hiroo Endo?, Hanako Tsuji?,

Shigeru Inoue?, Noritoshi Fukushima?, Hiroyuki Kikuchi?, Hiroki Sato? & Kengo Yamamoto!

Vertebral fractures (VFs) cause serious problems, such as substantial functional loss and a high
mortality rate, and a delayed diagnosis may further worsen the prognosis. Plain thoracolumbar
radiography (PTLR) is an essential method for the evaluation of VFs. Therefore, minimizing the
diagnostic errors of VFs on PTLR is crucial. Image identification based on a deep convolutional neural
network (DCNN) has been recognized to be potentially effective as a diagnostic strategy; however,
the accuracy for detecting VFs has not been fully investigated. A DCNN was trained with PTLR images
of 300 patients (150 patients with and 150 without VFs). The accuracy, sensitivity, and specificity of
diagnosis of the model were calculated and compared with those of orthopedic residents, orthopedic
surgeons, and spine surgeons. The DCNN achieved accuracy, sensitivity, and specificity rates of 86.0%
[95% confidence interval (Cl) 82.0-90.0%], 84.7% (95% Cl 78.8-90.5%), and 87.3% (95% CI 81.9—
92.7%), respectively. Both the accuracy and sensitivity of the model were suggested to be noninferior
to those of orthopedic surgeons. The DCNN can assist clinicians in the early identification of VFs and in
managing patients, to prevent further invasive interventions and a decreased quality of life.

Thoracolumbar vertebral fractures (VFs) occur very frequently in blunt traumas, and the accurate detection of
VFs is crucial for the evaluation of patients with low back pain in primary care medicine. The mortality rate of
patients with VFs is estimated to be 10-30% in the subsequent 1 year'>. Substantial functional loss may occur
after a VF*3, and a delayed diagnosis may worsen the prognosis or may require invasive salvage surgery®’. These
individual issues associated with VFs may result in substantial economic burden to society®. Therefore, early
diagnosis and treatment are essential for the prevention of not only functional loss but also the reduced quality
of life of patients. Plain thoracolumbar radiography (PTLR) is an essential and widely used tool for the image
evaluation of VFs. However, the sensitivity of PTLR for assessing VFs is not optimal. Errors and discrepancies
with the results of radiology are estimated to be 10-30%°"'". Therefore, in clinical practice, clinical examination
together with imaging analysis, such as computed tomography (CT) or magnetic resonance imaging (MRI) is
used'?. However, these evaluation methods are time-consuming or costly, and are not always available in the pri-
mary care setting, which is where most patients with low back pain are initially examined. Therefore, minimizing
the diagnostic errors of VFs on PTLR, to prevent potential catastrophic results is of great importance. In light of
these points, digital imaging systems may be useful not only for immediate and remote access'?, but also for the
possibility of automatic diagnostic procedures made by a deep convolutional neural network (DCNN)!“. Image
identification based on deep learning has been recognized to be a potentially effective diagnostic strategy, and
has already become feasible'”. The application of DCNN in medical image identification is expected to spread
widely and rapidly; however, the accuracy of using DCNN for detecting VFs has not been fully investigated. In
this study, we hence analyzed an automated VF diagnosis algorithm trained based on the DCNN, and investigated
its performance compared with that of orthopedic surgeons, to test the hypothesis that DCNN is an adequate
tool for the screening of VFs.
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VF Without VF | p value
Number of patients 150 150
Age (years) 69.1+1.4 65.4+1.4 0.73
Sex, female (%) 92 (61.3%) | 91 (60.7%) 0.96

Table 1. Demographic data of the patients. VF vertebral fracture.

Materials and methods

The collection and evaluation of patient image was made based on the latest Declaration of Helsinki, and also
followed the ethical guidelines for clinical trials and the ethical guidelines for human-related medical research
(Japanese Ministry of Health, Labor and Welfare). This study was approved by the Ethics Review Committee of
Tokyo Medical University Hospital. Informed consent was obtained in the form of opt-out on the web-site of
our department. Those who rejected were excluded.

Study population. This was a retrospective study performed at a single medical center, which was a level
3 trauma center. After obtaining institutional review board approval, the data of demographic profiles, medical
data, and medical imaging findings stored in a computerized database of patients who presented to our depart-
ment with thoracolumbar VF from 2015 to 2018 were analyzed. Patients with low back pain or lumbar spinal
canal stenosis without a past history of VF were also included as negative controls.

Plain thoracolumbar radiography (PTLR) dataset. A total of 300 patients in the registry (150 patients
with VF and 150 without VF) were included in the study. The demographic data of patients in the dataset are
shown in Table 1. VF was diagnosed using the PTLR and MRI stored in a picture archiving and communication
system (PACS). PTLR were obtained using BENEO-Fx (system number: MP95A9482001, Fujifilm co., Tokyo,
Japan). The images used for diagnosis were obtained within 1 month after onset of symptoms. The size of the
stored images of computed radiographs (CR) obtained from PACS as JPEG sized 960 x 720 pixels, and the color
was 24-bit grayscale. Each patients was assigned a serial number and deidentified in both the images and regis-
try. Patients with a VF of grade 1 using the semiquantitative grading method!® were excluded, because grade 1
VF is considered to be difficult to distinguish from vertebral deformities'”'®. Patients with 2 or more VFs were
also excluded. After the PTLR datasets were established, images were initially labeled as a VF or negative by
spine surgeons, where the patients were diagnosed as having a VF if both vertebral collapse on PTLR and typical
signal changes on MRI of low T1, high T2, and high short-tau inversion recovery were observed. Each image was
reviewed by a registered spine surgeon for the preciseness of the labeling and quality of the images and put into
DCNN described below without any processing.

Development of the algorithm. DCNNs are widely used in medical image recognition'. DCNNs are
machine-learning algorithms used by artificial intelligence. The basic concept is to use pixel values from a digital
image as inputs, using techniques such as convolution and pooling on each layer, and to adjust the weights in
the neural network according to the difference between the output and true label. After a significant amount of
imaging input is used as training material, the weights in the neural network are adjusted to fit the problem. The
tools of Classify Images of Watson Studio based on free account of Visual Recognition V3 imported into Watson
Studio published on IBM cloud was used as the structure of the neural network in this study (https://www.ibm.
com/jp-ja/cloud) (Fig. 1). The input images were tested as the set of the antero-posterior and lateral PTLR on the
JPEG file for each patient, and resized to 512 x 512 pixels with an 8-bit grayscale color to reduce the complexity
and computation (Figs. 2, 3, 4, 5). K-fold cross validation (k=>5) was used for the evaluation of VFs. The hyper-
parameters such as batch size and optimized epochs were assigned automatically by Visual Recognition V3.

Algorithm evaluation. The trained model was tested to analyze its accuracy in identifying VFs. The prob-
ability generated by the VF model was analyzed using a receiver operating characteristic (ROC) curve and the
area under the curve (AUC). A confusion matrix was also calculated using a cutoff level of probability of 0.80
for VFEs?, in which 0.80 was also predicted using the ROC table. In addition, orthopedic doctors were divided
into 3 groups, i.e., orthopedic residents (n =20), board certified orthopedic surgeons (n=24), and board certified
spine surgeons (n=9). The diagnosis made by each orthopedic doctor was retrieved from the medical records.
Therefore, the diagnosis of the physician was made not only by image diagnosis of PTLR but also by physical
findings. Gold Standards of diagnosis of VF was determined by spine surgeons with the findings of typical signal
changes on MRI of low T1, high T2, and high short-tau inversion recovery.

Statistical analysis and software. All statistical analyses were performed using JMP 14.0 (SAS Institute,
Inc., Cary, NC, USA). Continuous variables were analyzed using the Student ¢-test after determining that the
data followed a parametric distribution using the Shapiro-Wilk normality test (in which p>0.05 suggested that
the data was from a normal distribution), and categorical variables were analyzed using the Fisher exact test.
We compared the trained models and orthopedic doctors using the accuracy, sensitivity, specificity, and 95%
confidence intervals (CIs) of each parameter. The McNemar test was used to evaluate the noninferiority of the
accuracy, sensitivity, and specificity of the DCNN compared with orthopedic residents, orthopedic surgeons,
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Figure 1. Representative of Visual Recognition V3 model.

Figure 2. Representative of antero-posterior view of PTLR of a patient with VE The image shows VF on L3
(arrow).

and spine surgeons?'. The kappa coefficient was calculated between the diagnosis made by the DCNN and the
physicians.

Results
The accuracy, sensitivity, and specificity of the models are shown in Table 2. The ROC curve of prediction prob-
ability is shown in Fig. 6. The model achieved an AUC of 0.91 (95% CI 0.96-1.00).

The overall accuracy, sensitivity, and specificity of orthopedic residents, orthopedic surgeons, and spine sur-
geons are shown in Table 2. The McNemar test demonstrated that the DCNN had higher sensitivity compared
with orthopedic residents (p=0.02), but that accuracy, sensitivity of DCNN was not statistically significant
compared with orthopedic surgeons (p=0.72, p=0.31, respectively). The performance of spine surgeons was
significantly higher in accuracy, sensitivity, and specificity than the DCNN. The kappa coeflicient of DCNN was
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Figure 3. Representative of lateral view of PTLR of a patient with VE. The image shows VF on L3 (arrow).

Figure 4. Representative of antero-posterior view of PTLR of a patient without VE
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Figure 5. Representative of lateral view of PTLR of a patient without VE

DCNN

Accuracy 86.0 82.0-90.0 | 1.00
Sensitivity 84.7 78.8-90.5 | 1.00
Specificity 87.3 81.9-92.7 | 1.00
Orthopedic residents

Accuracy 77.5 64.7-90.3 | 0.08
Sensitivity 72.4 56.7-88.1 | 0.02
Specificity 90.9 70.7-100 | 0.56
Orthopedic surgeons

Accuracy 88.0 82.3-93.6 | 0.72
Sensitivity 77.5 67.8-87.1 |0.31
Specificity | 100 100 -
Spine surgeons

Accuracy 98.4 95.5-100 | <0.01
Sensitivity 96.0 89.1-100 | 0.01
Specificity | 100 100 -

Table 2. Predictive values for the diagnosis of VE. DCNN deep convolutional neural network, VF vertebral
fracture, 95% CI 95% confidence interval.

calculated as 0.36 (p=0.01) for orthopedic residents, 0.48 (p <0.01) for orthopedic surgeons, and 0.66 (p <0.01)
for spine surgeons.

Twenty-seven out of the 300 patients (26 patients with VF, 1 patient without VF) were misdiagnosed by the
physicians. In these cases, DCNN successfully diagnosed VF or not except in 1 patient with VFE. There was only
1 case with VF that was misdiagnosed by both the DCNN and the physicians.

Discussion

Our results demonstrated that a DCNN can be trained to identify VFs within image datasets with high sensitivity
(84.7%) and specificity (87.3%). At present, although VFs are common, their diagnosis and treatment may be
difficult, particularly in some clinical situations, such as in primary care, emergency medicine, or remote rural
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Figure 6. ROC curve of the model. The ROC curve of the prediction probability is shown as a black line. A
yellow line shows the tangent line of the curve. The model achieved an AUC of 0.91 (95% CI 0.96-1.00).

areas?>%. With the assistance of the DCNN, VFs can be detected immediately with a high accuracy rate (86.0%),
which may be as high as the detection accuracy of expert’s clinical diagnosis. This DCNN may help primary
physicians to avoid misdiagnoses, as well as subsequent unfavorable events: Missed fractures required surgery
in 50% patients®. Early detection and treatment are crucial for patient survival and the preservation of spinal
function. The delayed diagnosis of VF may result in a poor prognosis and even an increased risk of death after
a few years?®-28, Therefore, the accurate and immediate detection of VF is crucial for preventing mortalities and
for favorable medical outcomes.

DCNN for image diagnosis in orthopedics is becoming widely used with its advancements. The ability to
immediately classify a radiograph will most likely have a major effect on clinical orthopedic image diagnoses.
Some previous studies have reported the possibility of DCNN in detecting bone fractures**. These findings shed
light on the possibility of the clinical use of DCNN in orthopedics. However, the actual outcome of detecting
a fracture still remains unknown, because most of the available fracture classifications lack prognostic value®.

In this study, DCNN detected VFs with a satisfactory accuracy. One of the strengths of our model may be the
nature of using PTLR. There have been various techniques of the diagnosis of VF, but a gold standard has yet to
be established®—*. The correct diagnosis rate for incident vertebral fractures by PTLR was estimated significantly
low*>%, and inferior compared to that of CT*”. However, PTLR is economic examination, which cost one fourth
of MRI in our country. Furthermore, estimated figures for radiation dose for CT are 19.4 mSV for thoracolumbar
spine CT, on the other hand, that of PTLR are 1.0-6.6 mSV?***’. These issue may shed light on the efficiency of
DCNN. However, DCNN was unable to identify VFs in 21 patients in this study, and several misdiagnoses are
considered owing to this simple preparation without clinical information. A large number of cases will simply
improve the sensitivity of DCNN; however, there is expected to be both cases that are suitable for learning and
those that are not, and future studies should be performed to solve this issue. In addition, we excluded old VFs
in this study. In the clinical situation, some radiological VFs can be diagnosed as old VFs, from findings such as
fused vertebrae, a bridging callus, or a vertebral cleft; however, we also encountered cases of radiological VFs, in
which it was difficult to determine whether they were fresh or old. This exclusion is considered to be a limitation
of our model, and hence the specificity might be increased in the clinical diagnosis made by physicians. In the
progressive algorithms, these old VF should be included in anticipation of the clinical use. However, the deep
learning algorithm is considered to be sufficient to achieve an accuracy level that is compatible with the accuracy
of clinical diagnosis made by physicians to date.

This study has several limitations. One fundamental limitation is that we did not evaluate the functional
prognosis of the VFs. Owing to the nature of DCNNs providing binary classification, the neural network pro-
vided only an image diagnosis with or without VF where level of fracture or instability of fracture were not
evaluated. This issue might be similar to the limitation of diagnostic value of PTLR where CT or MRI might
provide more valuable information to determine the need for surgical intervention*’. Therefore, the diagnosis
made by DCNN should be re-evaluated by surgeons, to confirm the diagnosis or to determine the treatment
suitable for the patient. On the other hand, the diagnosis made by physicians were retrieved from the medical
records, which included important information regarding the decision-making process, such as pathological
onset, degree of pain, present history, medical background, and physical examination, and such information
contributed to the high specificity rate of the physicians. The lack of such information in the DCNN may be
unfavorable for decision-making. This disadvantage appears to emphasize the importance of the diagnosis by
DCNN. The second limitation is the process of diagnosis. The process used by DCNN to learn the features of VF
remains unknown. It hence remains unclear as to what properties and dataset volume are suitable for analysis.
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Features that were most useful for DCNN might be those previously unknown to or ignored by humans. This
fact is confusing in regard to the authenticity of the diagnosis. However, DCNN may also be more efficient in its
combined recognition of bone morphology, comminution, and bone quality, apart from traditional orthopedic
measures. In addition, the detection of other lesions on the image such as coincidental tumor, which is essential
for routine diagnosis, was not included in this study. And the insufficient fractures related to osteoporosis and
pathological fractures secondary to metastasis were not present in the training set. These detection of traumatic
VFs is not sufficient for clinical use, because there are red flags of low back pain other than VFs. Despite these
limitations, we consider our diagnosis method to be useful for future practical applications. Our present results
may be useful in the primary care setting as a method for the fast screening of VFs, even in situations in which
experts are not available.

Conclusion

To identify VFs on PTLR, an algorithm trained by a DCNN achieved excellent performance, with high accu-
racy and sensitivity. DCNN may have a potential for expansion as a screening tool to assist clinical physicians
in identifying VFs. Further investigations with heterogenous cohort such as healthy controls or osteoporotic
subjects are needed for the advancement of the model.

Received: 22 April 2020; Accepted: 29 October 2020
Published online: 18 November 2020

References

1. Choi, H.G., Lee, J.K., Sim, S., & Kim, M. Mortality and cause of death in patients with vertebral fractures: a longitudinal follow-up
study a national sample cohort. Spine (Phila Pa 1976) (2019) [Epub ahead of print].

2. Hasserius, R., Karlsson, M. K., Nilsson, B. E., Redlund-Johnell, I. & Johnell, O. Prevalent vertebral deformities predict increased
mortality and increased fracture rate in both men and women: a 10-year population-based study of 598 individuals from the
Swedish cohort in the European Vertebral Osteoporosis Study. Osteoporos Int. 14(1), 61-68 (2003).

3. Pongchaiyakul, C. et al. Asymptomatic vertebral deformity as a major risk factor for subsequent fractures and mortality: a long-
term prospective study. J. Bone Miner. Res. 20(8), 1349-1355 (2005).

4. Mikkil, S., Calogiuri, G., Emaus, N. & Morseth, B. A cross-sectional and 6-year follow-up study of associations between leisure
time physical activity and vertebral fracture in adults. BMC Musculoskelet. Disord. 20(1), 435 (2019).

5. Murata, K., et al. The factors related to the poor ADL in the patients with osteoporotic vertebral fracture after instrumentation
surgery. Eur. Spine J. (2019). [Epub ahead of print].

6. Clifton, W. & Rahmathulla, G. A case of delayed paraplegia following missed diagnosis on computed tomography. Cureus. 11(2),
4151 (2019).

7. Ataka, H., Tanno, T. & Yamazaki, M. Posterior instrumented fusion without neural decompression for incomplete neurological
deficits following vertebral collapse in the osteoporotic thoracolumbar spine. Eur. Spine J. 18(1), 69-76 (2009).

8. Hernlund, E. et al. Osteoporosis in the European Union: medical management, epidemiology and economic burden. A report
prepared in collaboration with the International Osteoporosis Foundation (IOF) and the European Federation of Pharmaceutical
Industry Associations (EFPIA). Arch. Osteoporos. 8, 136 (2013).

9. Simon, J. B. et al. Are “normal” multidetector computed tomographic scans sufficient to allow collar removal in the trauma patient?.
J. Trauma. 68(1), 103-108 (2010).

10. Berry, G. E. et al. Are plain radiographs of the spine necessary during evaluation after blunt trauma? Accuracy of screening torso
computed tomography in thoracic/lumbar spine fracture diagnosis. J. Trauma. 59(6), 1410-1413 (2005).

11. Kachalia, A. et al. Missed and delayed diagnoses in the emergency department: a study of closed malpractice claims from 4 liability
insurers. Ann. Emerg. Med. 49(2), 196-205 (2007).

12. Marongiu, G. et al. The impact of magnetic resonance imaging in the diagnostic and classification process of osteoporotic vertebral
fractures. Injury 49(Suppl 3), S26-S31 (2018).

13. Romero, L. G. et al. Digital pathology consultations—a new era in digital imaging, challenges and practical applications. J. Digit.
Imaging. 26(4), 668-677 (2013).

14. Petrick, N. et al. Evaluation of computer-aided detection and diagnosis systems. Med. Phys. 40(8), 087001 (2013).

15. Kermany, D. S. et al. Identifying medical diagnoses and treatable diseases by image-based deep learning. Cell 172(5), 1122-1131
(2018).

16. Genant, H. K., Wu, C. Y., van Kuijk, C. & Nevitt, M. C. Vertebral fracture assessment using a semiquantitative technique. J. Bone
Miner. Res. 8(9), 1137-1148 (1993).

17. Ferrar, L. et al. Identification of vertebral fracture and non-osteoporotic short vertebral height in men: the MrOS study. J. Bone
Miner. Res. 22(9), 1434-1441 (2007).

18. Ferrar, L., Jiang, G., Barrington, N. A. & Eastell, R. Identification of vertebral deformities in women: comparison of radiological
assessment and quantitative morphometry using morphometric radiography and morphometric X-ray absorptiometry. J. Bone
Miner. Res. 15(3), 575-585 (2000).

19. LeCun, Y, Bengio, Y. & Hinton, G. Deep learning. Nature 521(7553), 436-444 (2015).

20. Poh, M. Z. et al. Diagnostic assessment of a deep learning system for detecting atrial fibrillation in pulse waveforms. Heart 104(23),
1921-1928 (2018).

21. Kosinski, A. J. A weighted generalized score statistic for comparison of predictive values of diagnostic tests. Stat. Med. 32(6),
964-977 (2013).

22. Alshaali, A. J. et al. Vertebral fractures among patients referred for bone densitometry screening in Dubai primary health care
facilities. Int. J. Rheumatol. 6, 7974534 (2019).

23. Docherty, E. M. & Ferguson, J. Telemedical management of an odontoid peg fracture in the Shetland Isles. J. Telemed. Telecare.
6(6), 350-351 (2000).

24. Wintermark, M. et al. Thoracolumbar spine fractures in patients who have sustained severe trauma: depiction with multi-detector
row CT. Radiology 227(3), 681-689 (2003).

25. Rhee, M. P. et al. Lumbar fractures in adult blunt trauma: axial and single-slice helical abdominal and pelvic computed tomographic
scans versus portable plain films. ] Trauma. 53, 663-667 (2002).

26. Borges, J. L., Maia, J. L., Silva, R. E & Lewiecki, E. M. Diagnosing vertebral fractures: missed opportunities. Rev. Bras. Reumatol.
55(5), 464-467 (2015).

27. Sadat-Ali, M. et al. Are we missing osteoporosis-related vertebral fractures in men?. Asian Spine J. 5(2), 107-110 (2011).

Scientific Reports |

(2020) 10:20031 | https://doi.org/10.1038/s41598-020-76866-w nature research



www.nature.com/scientificreports/

28. Bellabarba, C,, Fisher, C., Chapman, J. R., Dettori, J. R. & Norvell, D. C. Does early fracture fixation of thoracolumbar spine fractures
decrease morbidity or mortality?. Spine 35(9 Suppl), S138-S145 (2010).

29. Cheng, C. T. et al. Application of a deep learning algorithm for detection and visualization of hip fractures on plain pelvic radio-
graphs. Eur. Radiol. 29(10), 5469-5477 (2019).

30. Ferizi, U, Honig, S. & Chang, G. Artificial intelligence, osteoporosis and fragility fractures. Curr. Opin. Rheumatol. 31(4), 368-375
(2019).

31. Shehovych, A., Salar, O., Meyer, C. & Ford, D. J. Adult distal radius fractures classification systems: essential clinical knowledge
or abstract memory testing?. Ann R Coll Surg Engl. 98(8), 525-531 (2016).

32. Karul, M. et al. Fractures of the thoracic spine in patients with minor trauma: comparison of diagnostic accuracy and dose of
biplane radiography and MDCT. Eur. J. Radiol. 82, 1273-1277 (2013).

33. Geijer, M. et al. Tomosynthesis of the thoracic spine: added value in diagnosing vertebral fractures in the elderly. Eur. Radiol. 27,
491-497 (2017).

34. Cicala, D. et al. Atraumatic vertebral compression fractures: differential diagnosis between benign osteoporotic and malignant
fractures by MRI. Musculoskelet. Surg. 97, S169-S179 (2013).

35. Ito, Z. et al. Can you diagnose for vertebral fracture correctly by plain X-ray?. Osteoporos. Int 17, 1584-1591 (2006).

36. Fechtenbaum, J. et al. Reporting of vertebral fractures on spine X-rays. Osteoporos Int. 16, 1823-1826 (2005).

37. Rock, C. et al. Diagnosis of thoracic and lumbar spine fractures in trauma patients: are plain film radiographs still necessary? Can
thoracic and abdominal spinal CT replace them?. Radiology 221, 434 (2001).

38. Mettler, E. A. et al. Effective doses in radiology and diagnosic nuclear medicine: a catalog. Radiology 248, 254-263 (2008).

39. Wintermark, M. et al. Thoracolumbar spine fractures in patients who have sustained severe trauma: depiction with multi-detector
row CT. Radiology 227, 681-689 (2003).

40. Shah, L. et al. ACR appropriateness criteria management of vertebral compression fractures. J. Am. College Radiol. 15, $347-S364
(2018).

Acknowledgements

The authors are indebted to the medical editors from the Department of International Medical Communica-
tions of Tokyo Medical University for editing and reviewing the English manuscript. We are also indebted to
Dr. Satoshi Maki from the Department of Orthopedic Surgery, Graduate School of Medicine, Chiba University,
for reviewing the manuscript.

Author contributions
K.M. wrote the main manuscript text. All authors participated in data collection and reviewed the manuscript.

Competing interests
The authors declare no conflicts of interest in any form received from a commercial party associated directly or
indirectly with this study.

Additional information
Correspondence and requests for materials should be addressed to K.M.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

Scientific Reports |

(2020) 10:20031 | https://doi.org/10.1038/s41598-020-76866-w nature research


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Artificial intelligence for the detection of vertebral fractures on plain spinal radiography
	Materials and methods
	Study population. 
	Plain thoracolumbar radiography (PTLR) dataset. 
	Development of the algorithm. 
	Algorithm evaluation. 
	Statistical analysis and software. 

	Results
	Discussion
	Conclusion
	References
	Acknowledgements


