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ARTICLE INFO ABSTRACT

Keywords: Purpose: We created an infrastructure for no code machine learning (NML) platform for non-programming
Fracfure physicians to create NML model. We tested the platform by creating an NML model for classifying radio-
;]avm(lje graphs for the presence and absence of clavicle fractures.

o-code

Methods: Our IRB-approved retrospective study included 4135 clavicle radiographs from 2039 patients (mean
age 52 + 20 years, F:M 1022:1017) from 13 hospitals. Each patient had two-view clavicle radiographs with axial
and anterior-posterior projections. The positive radiographs had either displaced or non-displaced clavicle
fractures. We configured the NML platform to automatically retrieve the eligible exams using the series' unique
identification from the hospital virtual network archive via web access to DICOM Objects. The platform trained a
model until the validation loss plateaus. Once the testing was complete, the platform provided the receiver
operating characteristics curve and confusion matrix for estimating sensitivity, specificity, and accuracy.
Results: The NML platform successfully retrieved 3917 radiographs (3917/4135, 94.7 %) and parsed them for
creating a ML classifier with 2151 radiographs in the training, 100 radiographs for validation, and 1666 ra-
diographs in testing datasets (772 radiographs with clavicle fracture, 894 without clavicle fracture). The network
identified clavicle fracture with 90 % sensitivity, 87 % specificity, and 88 % accuracy with AUC of 0.95 (con-
fidence interval 0.94-0.96).

Conclusion: A NML platform can help physicians create and test machine learning models from multicenter
imaging datasets such as the one in our study for classifying radiographs based on the presence of clavicle
fracture.

Machine learning

process of creating large, labeled training data sets, selecting suitable
algorithms, choosing appropriate hyperparameter values, as well as
testing and validating the trained model is a complex and labor-

1. Introduction

The healthcare industry now generates 30 % of the entire global data

by volume, which is expected to increase exponentially in the coming
years."? Digital data from radiology contributes to a huge proportion of
healthcare data. Technological and fundamental advancements in arti-
ficial intelligence (AI) applications have helped translate these enor-
mous health datasets into practical and actionable health systems.
Breakthroughs in graphics processing units (GPU), data architecture,
and deep neural networks enable the creation of numerous Al algo-
rithms in healthcare practices, radiology in particular.> However, the

intensive process that requires advanced knowledge of computational
sciences and neural networks as well as inputs from radiologists during
the training and testing steps.” The need for human intervention for
training and/or testing at several stages can limit or slow down Al
development and/or application. Automation at one or more process
steps can expedite development and reduce human efforts.

No code machine learning (NML) technology supports automation
and efficiency in developing AI models. Unlike traditional machine
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learning programs, NML is a highly calculative, self-reliant process that
executes actions in an accelerated, efficient, and effective manner for
generating expected outcomes with minimal human intervention at each
stage of Al development.” We created an infrastructure for No code
machine learning (NML) platform for non-programming physicians to
create NML models. A fully integrated NML system allows radiologists to
leverage in-house data to train ML models that can be used for diagnosis,
worklist prioritization, and automation of time-consuming tasks such as
the segmentation of anatomical structures. We assessed the performance
of an NML platform for classifying radiographs based on presence and
absence of clavicle fractures.

2. Methods

Our institution review board (IRB) waived the written consent
requirement for our retrospective, Health Insurance Portability and
Accountability Act (HIPAA) compliant study. The study details are
presented in conformance with the CLAIM checklist.’

2.1. Study design and data sources

The study data included clavicle radiographs of 2039 adult patients
(age >18 years) from 13 hospitals (1 urgent care center, 10 community/
cottage, and two quaternary care hospitals).

To identify the eligible radiographs for our study, we used Nuance
mPower Clinical Analytics Search (Microsoft Inc.), a cloud-based,
commercial radiology reports search engine that integrates radiology
reports data from the sites included in our study. The search key terms
for identifying consecutive radiology reports and radiographs with and
without clavicle fractures were “acute fracture” OR “no fracture” OR
“displaced fracture” AND “clavicle X-ray”. The search was limited to
clavicle radiographs performed between January 2016 and December
2022. Both right and left clavicle radiographs were included in the
study. A post-doctoral radiology research fellow (2 years of experience)
reviewed all radiology reports and radiographs to exclude clavicle ra-
diographs with incomplete anatomic coverage of clavicles, metal-related
artifact, prosthesis, or evidence of open reduction with internal fixation
(n = 267). Non-clavicle radiographs (such as shoulder and chest radio-
graphs) with or without clavicle fractures were not included in the
study. Flowchart of the inclusion and exclusion with training and test
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data has been represented in Fig. 1.
2.2. Ground truth

We exported radiology reports of the eligible radiographs from the
radiology report search engine with the following data elements: radi-
ology findings text, radiology impression text, date of examination,
name of the radiographic procedure, site of radiographic acquisition, as
well as patients' age and gender. We reviewed the radiology reports and
recorded the details of the presence of fracture to establish the ground
truth. Since the models were trained on an autonomous learning plat-
form, there was no need to perform pixel-level annotations (e.g.,
bounding boxes) at the location of the fractures.

2.3. Data partitioning

To avoid selection bias, all consecutive clavicle radiographs were
included regardless of patients' age, race, and sex as well as radiographic
equipment and site of acquisition. Although the power analysis was not
performed to determine the sample size, our sample size was larger than
most prior publications in this domain.””'” The radiographs were
divided at the site level to create distinct training, testing, and validation
datasets. Clavicle radiographs from three sites were set aside as external
test datasets. The remaining radiographs were used for training and
validation of the model.

2.4. Model

The automated classifier training system runs on the PyTorch ML
framework. For inputs, the system takes in a configuration file in Java
Script Object Notation (JSON) format and a dataset list with labels and
optional splitting (into training, validation, and test datasets) in the
comma-separated value (CSV) format. The system pulls the training
examples listed in the dataset list from the hospital virtual network ar-
chives (VNA) using Web Access to DICOM Objects (WADO) and feeds
them to the training process after applying windowing and leveling,
normalizing, resizing, and applying data augmentations as specified in
the configuration JSON.

We used a pretrained DenseNet201 architecture (20.1 M parame-
ters), but the system supports many models which are available from

Identified number of patients
(n=2261, 4669 X-rays)

Excluded patients

7

(n=267, 534 X-rays)

Patients included in the study
(n=2039, 4135 X-rays)

Failed to retrieve

Training dataset

(n=108, 218 X-rays)

Test dataset

(n=1105, 2251 X-rays)

y

Validation data set
(100 X-rays)

(n=826, 1666 X-rays)

Fig. 1. Flowchart of the inclusion and exclusion criteria for the training and test dataset.



G. Dasegowda et al.

MONAI, such as EfficientNet models, which use less compute.lg’m The
user must specify the number of classes and whether they are doing
exclusive classification, non-exclusive classification, or regression. By
default both drop-connect (Wan et al., 2013)*° and dropout are used
with a conservative rate of 0.2 and the following types of data
augmentation are implemented - random rotations (—10 to +10 de-
grees), random zooms/crops (0.9-1.25x), random flipping, and random
elastic deformations. The amount of elastic deformation is kept small as
large deformations may not be suitable for all applications. Several
options for data normalization are provided (clipping, rescaling, etc.).
Models are trained using the Adamax optimizer algorithm, (Kingma and
Ba, 2015) with weighted random sampling to improve performance in
the case of unbalanced training labels. The default batch size is 6 and the
default learning rate is set low at 0.0005 to avoid training instabilities.
We use the well-known “reduce on plateau” learning rate schedule,
which reduces the learning rate by a factor of 0.5 when the validation
loss plateaus for 5 steps. A key challenge in no-code ML is determining
the criteria for stopping training. If the model is trained too long it will
overfit, whereas if training is stopped too early the model's accuracy may
not have reached the best possible value. Since the validation loss can be
very noisy we smooth the validation loss using a moving average of
width 5 iterations. We stop the training when the smoothed validation
loss no longer decreases for 1500 iterations. The maximum number of
epochs is set to 400. The trained model was saved in a designated output
directory alongside training logs and the configuration in JSON.

Normalization, learning rate, and early stopping criteria were
adjustable by modifying the JSON config file. While nearly all options of
the training system were configurable, we used the abovementioned
default values across multiple tasks.

2.5. Preprocessing and training

A total of 2151 clavicle radiographs were used in the training data-
set, and 100 radiographs from the same institutions were automatically
separated by the model as the validation dataset. All radiographs were
resampled to a size of 512 x 512 and normalized to have a mean of zero
and standard deviation of one.

A key challenge in NML is determining criteria for stopping training.
If the model is trained too long, it will overfit, whereas if the training is
stopped too early the accuracy may not have reached the maximum
value. We smooth the validation loss using a moving average of width 5
and stop the training when the smoothed validation loss no longer de-
creases for 10 steps. We use the well-known “reduce on plateau”
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learning rate schedule, which reduces the learning rate by a factor of 0.5
when the validation loss plateaus for 5 steps.

The model was trained using the Adamax optimizer algorithm, with
weighted random sampling used on the dataset to improve performance
on unbalanced training datasets. The Adam algorithm uses a first-order
gradient-based stochastic optimization approach based on adaptive es-
timations from first- and second-order moments of the gradient.”! We
used dropout and the following types of data augmentation - random
rotation, random zoom, random horizontal flipping, and a small amount
of elastic deformation.

2.6. Statistical analysis

After the model training, testing, and validation, the platform
generated the statistics for the performance of the Al model. For anal-
ysis, we classified the Al output as true positive (both the ground truth
and Al model agreed on the presence of fracture), true negative (both the
ground truth and Al agreed on the absence of fracture), false positive (Al
falsely called a fracture which was not present in the ground truth), and
false negative (AI did not find the fracture reported in the ground truth).
The platform also generated the confusion matrix represented in Fig. 2.

The performance of Al models for the presence and absence of
fracture was estimated by calculating sensitivity, specificity, accuracy,
and area under the receiver operating characteristic curve (AUC) with
95 % confidence intervals (CI). All statistical analyses were performed
with SPSS (IBM Inc., Version 13).

3. Results
3.1. Data

The mean age (+ standard deviation) of 2039 adult patients included
in our study was 52 + 20 years. There were 1022 female patients and
1017 males. Site-wise distribution of patients was Site 1 (n = 621 pa-
tients), Site 2 (n = 651), Site 3 (n = 166), Site 4 (n = 40), Site 5 (n = 223),
Site 6 (n = 167), Site 7 (n = 43), Site 8 (n = 11), Site 9 (n = 6), Site 10 (n
= 36), Site 11 (n = 37), Site 12 (n = 7), and Site 13 (n = 31).

Of the 2039 X-rays, there were 1225 radiographs of the right clavicle
and 814 left clavicle radiographs. Most patients were either outpatients
(n = 1066) or in the emergency department (n = 828), with only 145
inpatients.
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Fig. 2. ROC AUC for per X-ray (A) and per patient (B) analysis by the no code machine learning models for identifying clavicle fracture.



G. Dasegowda et al.
3.2. Model performance for validation dataset

A total of 100 radiographs from were automatically split to comprise
the validation dataset. The performance in this dataset was 80 %
sensitivity, 98 % specificity, 89 % accuracy, 97.6 % precision and F1 of
0.87 %.

3.3. Model performance per X-ray

To protect data privacy, the model was built on a secure platform
within the hospital firewall. Radiographs of 108 patients who could not
be automatically deidentified were excluded. The 1666 radiographs
used for model testing (772 radiographs with clavicle fracture and 894
radiographs without clavicle fracture) belonged to two sites that did not
contribute to the training datasets.

The model was a simple classifier of clavicle radiographs into those
with and without fractures. The model had 90 % sensitivity, 87 %
specificity, 88 % accuracy, and an AUC of 0.95 for detecting clavicle
fractures. The distribution and example of true positive, true negative,
false positive, and false negative outputs is summarized in Figs. 2 and 3,
respectively. There was no significant difference in model performance
in male or female patients and among patients in different locations at
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the time of their radiography (p > 0.05). On analyzing the performance
of the Al model in our study, false positive findings were noted in X-rays
when clavicle had degenerative changes, skin folds, artifacts, and
foreign bodies such as post catheter overlying the clavicle. False nega-
tive findings were present in both displaced and non-displaced clavicle
fractures.

3.4. Model performance per patient

The model performance was evaluated per patient by using the ab-
solute value of Al model prediction. The test set included 826 patients
with 384 in positive group (with fracture) and 442 in the negative group
(without fracture). The model had sensitivity of 91 %, specificity of 94
%, accuracy of 93 % with AUC of 0.97 (95 % CI 0.96-0.98) for classi-
fying the patients with fracture.

4. Discussion

Our study demonstrates that the NML platform can help develop
simple image features-classifying AI models in a fast and efficient
manner to achieve the expected outcome. Although the AI development
process required human involvement in several steps such as in defining

Fig. 3. Model performance examples on frontal projection radiographs of clavicles with Al-detected (true positive: A, B), Al-missed (false negative: C, D), and Al-false

positive (E, F) clavicle fractures.
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the problem of interest and the creation of training datasets, the plat-
form required no programming or fine-tuning steps for creating the Al
model.

Performance of our NML platform-developed Al model was similar to
the conventional Al models. For example, Guermazi et al. reported the
stand-alone performance of their AI model for identifying shoulder and
clavicle fractures with an 84 % sensitivity, 83 % specificity, and AUC of
0.90 (95 % CI 0.79-0.96).% Jones et al. reported on a deep learning
system, an ensemble of 10 convolutional networks, for identifying
clavicle fractures with a 90 % sensitivity, 91 % specificity and an AUC of
0.96.% Ma et al. reported the model performance with an average pre-
cision of 0.90.%* Studies by Lindsey et al. and Reichert et al. have re-
ported also reported similar performance for fracture detection with the
aid of AI models.>>?® Versus some other models, our model does not
produce heat maps or mark-up the regions of radiographs with clavicle
fractures. Prior studies have reported on identifying fractures with Al
models developed with conventional training methods (Table 1) instead
of the NML platform used in our study.” "

The main clinical implication of our study pertains to the use of NML
platform to simplify the creation of an Al tool for classifying radiographs
based on the presence of clavicle fractures. A radiology report search
engine, preferably with a multi-site report database such as the one used
in our study, can help identify a large volume of eligible cases. Auto-
retrieval and de-identification of image datasets from the site VNA to
the NML platform require upfront efforts and infrastructure but can
expedite the development efforts. For simple classification models, such
NML-trained models can help improve the diagnostic accuracy of frac-
ture detection, especially in clavicle fractures without displacement that
can challenge the interpreting physician. Third, our study documents
the feasibility of utilizing NML platform for building AI models,
particularly those targeting classification of radiographic findings
without the need for an image level annotation, which is a time-
consuming and expensive process. Fourth, the NML platform offers
various data augmentation options for training Al models with limited
training datasets such as random rotation, random zoom, and random
elastic deformation. Finally, it is important to understand that the
classification task on two-dimensional projectional radiography is likely
a less complex task for NML platforms than lesion detection or charac-
terization on radiography or a classification task on cross-sectional im-
aging modalities such as CT or MR.

Our study has limitations. First, there was an asymmetric distribu-
tion of radiographs across different institutions and between the radio-
graphs with and without clavicle fractures. Second, despite variable
practice types and radiographic equipment, all clavicle radiographs
belonged to a common healthcare system in the same geographic loca-
tion in the Northeast part of the United States. Third, we did not assess
variations in the model performance across patients' size, racial, or
ethnic groups. Fourth, as stated above, the successful creation of a
classification model for clavicle fractures does not imply that the same
NML platform will be successful at building sophisticated models or
those for cross-sectional imaging modalities. Furthermore, model
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performance on different radiography techniques (computerized versus
digital radiography) was not assessed; however, considering variations
in equipment across the 14 hospitals, the model was trained and tested
on radiographs from several different vendors.

Another limitation of our study pertains to the use of clavicle ra-
diographs only. In clinical practice, clavicle fractures are also identified
on chest radiographs; our model was not trained or tested on chest ra-
diographs. With greater anatomic coverage, variable radiographic
quality, and distracting or overlapping abnormalities on chest radiog-
raphy, a separate Al model will likely be necessary to expand clavicle
fracture detection on chest radiographs. Likewise, due to the exclusion
of radiographs with incomplete anatomic coverage, artifacts, and prior
open reduction and internal fixation, we cannot comment on the model
performance on such radiographs. Another limitation of our study per-
tains to the ease of detecting clavicle fractures with the NLM platform. It
is possible that the platform might not work on other more complex or
subtle fractures or lesions. Likewise, the results might also not transfer
with similar NLM performance from 2D radiographs to 3D imaging
datasets such as from CT and MRI. Finally, we also did not assess the
model's performance in non-displaced versus displaced fractures and for
patients with chronic or non-healed clavicle fractures.

In conclusion, the No code ML platform can help develop Al models
with sparse data and data labeling, thus simplifying and expediting the
development of a certain class of Al models such as for fracture classi-
fication models. Such No code ML platforms can help data scientists and
physicians to create and test successful machine learning models from
multicenter imaging datasets such as the one in our study for classifying
radiographs based on the presence of clavicle fracture.

Funding information
Not applicable.
Data sharing statement

All data generated or analyzed during the study are included in the
published paper.

CRediT authorship contribution statement

Giridhar Dasegowda: Conceptualization, Data curation, Formal
analysis, Investigation, Methodology, Validation, Visualization, Writing
— original draft, Writing — review & editing, Supervision. James Yuichi
Sato: Data curation, Formal analysis, Funding acquisition, Investiga-
tion, Methodology, Project administration, Software, Supervision,
Validation, Visualization, Writing — original draft, Writing — review &
editing. Daniel C. Elton: Conceptualization, Data curation, Formal
analysis, Investigation, Methodology, Project administration, Resources,
Software, Supervision, Validation, Visualization, Writing — original
draft, Writing — review & editing. Emiliano Garza-Frias: Conceptuali-
zation, Data curation, Formal analysis, Investigation, Methodology,

Table 1

Tabular summary on model performance for detection of radiographic detection of fractures from previous studies’ '’ (NS - Not specified).
Authors Year Fracture Sensitivity Specificity AUC 95 % CI
Current study 2022 Clavicle 91 % 94 % 0.97 0.96-0.98
Dupuis’ 2022 All fractures 96 % 91 % NS NS
Hayashi® 2022 All fractures 91 % 90 % 0.93 0.88-0.97
Ashkani-Esfahani’ 2022 Ankle 99 % 99 % 0.99 NS
Raisuddin'’ 2021 Wrist NS NS 0.98-0.99 0.97-0.99
Yoon'’ 2021 Scaphoid 87 % 92 % 0.96 NS
Murata' 2020 Spine 85 % 87 % 0.91 0.96-1.00
Mawatari'® 2020 hip 88 % 72 % 0.90 NS
Bluthgen'* 2020 Distal radius 64 % 60 % 0.80 NS
Cheng'® 2020 Hip fracture 98 % 84 % NS NS
Starosolski'® 2019 Tibial 96 % 100 % 0.995 NS
Chung'” 2018 Proximal humerus 99 % 97 % 0.97 0.96-0.97




G. Dasegowda et al.

Project administration, Software, Supervision, Validation, Visualization,
Writing — original draft, Writing — review & editing. Thomas Schultz:
Formal analysis, Funding acquisition, Investigation, Methodology,
Project administration, Resources, Software, Supervision, Validation,
Visualization, Writing — original draft, Writing — review & editing.
Christopher P. Bridge: Conceptualization, Data curation, Formal
analysis, Investigation, Methodology, Project administration, Resources,
Software, Supervision, Validation, Visualization, Writing — original
draft, Writing — review & editing. Bernardo C. Bizzo: Conceptualiza-
tion, Data curation, Formal analysis, Investigation, Methodology, Proj-
ect administration, Resources, Software, Supervision, Validation,
Visualization, Writing — original draft, Writing — review & editing.
Mannudeep K. Kalra: Conceptualization, Data curation, Formal anal-
ysis, Investigation, Methodology, Project administration, Resources,
Supervision, Validation, Visualization, Writing — original draft, Writing
- review & editing. Keith J. Dreyer: Conceptualization, Data curation,
Formal analysis, Investigation, Methodology, Project administration,
Resources, Software, Supervision, Validation, Visualization, Writing —
original draft, Writing — review & editing.

Declaration of competing interest

The authors declare the following financial interests/personal re-
lationships which may be considered as potential competing interests:
Mannudeep K. Kalra reports a relationship with Siemens Healthineers
that includes: funding grants.

References

1. Healthcare Data Storage Global Market Report. Available via, https://www.report
linker.com/p06284262/?utm_source=GNW. [Accessed March 2023].

Raghupathi W, Raghupathi V. Big data analytics in healthcare: promise and
potential. Health Inf Sci Syst 2014 Feb 7;2(3).

Kedziora, Musial K, Gabrys B. AutonoML: Towards an Integrated Framework for
Autonomous Machine Learning.arXiv:2012.12600. 2020.

Karmaker, Hassan MM, Smith MJ, Xu L, Zhai C, Veeramachaneni K. AutoML to date
and beyond: challenges and opportunities. ACM Comput Surv 2021;54(8):1-36.
Autonomous Artificial Intelligence Guide: The future of Al Available via, https://
www.algotive.ai/blog/autonomous-artificial-intelligence-guide-the-future-of-ai;
Accessed March 2023.

Mongan J, Moy L, Kahn Jr CE. Checklist for artificial intelligence in medical imaging
(CLAIM): a guide for authors and reviewers. Radiology Artificial Intelligence 2020;2
(2):€200029.

Dupuis M, Delbos L, Veil R, Adamsbaum C. External validation of a commercially
available deep learning algorithm for fracture detection in children. Diagn Interv
Imaging 2022 Mar;103(3):151-9.

Hayashi D, Kompel AJ, Ventre J, et al. Automated detection of acute appendicular
skeletal fractures in pediatric patients using deep learning. Skeletal Radiol 2022 Nov;
51(11):2129-39.

S

il

EN

o

fe)}

N

@

O

10

11

12

13

14

15

16

17

18.

19.

20.

21

22

23

24

25

26

Clinical Imaging 112 (2024) 110207

Ashkani-Esfahani S, Mojahed Yazdi R, Bhimani R, et al. Detection of ankle fractures
using deep learning algorithms. Foot Ankle Surg 2022 Dec;28(8):1259-65.
Raisuddin AM, Vaattovaara E, Nevalainen M, et al. Critical evaluation of deep neural
networks for wrist fracture detection. Sci Rep 2021 Mar 16;11(1):6006.

Yoon AP, Lee YL, Kane RL, Kuo CF, Lin C, Chung KC. Development and validation of
a deep learning model using convolutional neural networks to identify scaphoid
fractures in radiographs. JAMA Netw Open 2021 May 3;4(5):e216096.

Murata K, Endo K, Aihara T, et al. Artificial intelligence for the detection of vertebral
fractures on plain spinal radiography. Sci Rep 2020 Nov 18;10(1):20031.
Mawatari T, Hayashida Y, Katsuragawa S, et al. The effect of deep convolutional
neural networks on radiologists’ performance in the detection of hip fractures on
digital pelvic radiographs. Eur J Radiol 2020 Sep;130:109188.

Bliithgen C, Becker AS, Vittoria de Martini I, Meier A, Martini K, Frauenfelder T.
Detection and localization of distal radius fractures: deep learning system versus
radiologists. Eur J Radiol 2020 May;126:108925.

Cheng CT, Chen CC, Cheng FJ, et al. A human-algorithm integration system for hip
fracture detection on plain radiography: system development and validation study.
JMIR Med Inform 2020 Nov 27;8(11):e19416.

Starosolski ZA, Kan H, Annapragada AV. CNN-based Radiographic Acute Tibial
Fracture Detection in the Setting of Open Growth Plates. bioRxiv preprint bioRxiv:
506154. https://www.biorxiv.org/content/10.1101/506154. Posted January 3.
2019.

Chung SW, Han SS, Lee JW, et al. Automated detection and classification of the
proximal humerus fracture by using deep learning algorithm. Acta Orthop 2018 Aug;
89(4):468-73.

Gao Huang, Liu Zhuang, Van Der Maaten Laurens, Weinberger Kilian Q. Densely
connected 616 convolutional networks. In 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). IEEE. July 2017. https://doi.org/10.1109/
CVPR.2017.243. doi: 10.1109/cvpr.2017. URL.

Tan Mingxing, Le Quoc. EfficientNet: Rethinking model scaling for convolutional
neural networks. In: Kamalika Chaudhuri and Ruslan Salakhutdinov, editors,
Proceedings of the 36th International Conference on Machine Learning, volume 97
of Proceedings of Machine Learning Research, pages 6105-6114. PMLR, 09-15 Jun;
2019. URL, https://proceedings.mlr.press/v97/tan19a.html.

Wan Li, Zeiler Matthew, Zhang Sixin, Le Cun Yann, Fergus Rob. Regularization of
neural networks using dropconnect. In: Sanjoy Dasgupta and David McAllester,
editors, Proceedings of the 30th International Conference on Machine Learning,
volume 28 of Proceedings of Machine Learning Research, pages 1058-1066, Atlanta,
Georgia, USA, 17-19; Jun 2013. PMLR. URL, https://proceedings.mlr.press/v28/w
anl3.html.

Kingma DP, Ba J. Adam: A Method for Stochastic Optimization. arXiv preprint arXiv:
1412.6980. 2014 Dec 22.

Guermazi A, Tannoury C, Kompel AJ, et al. Improving radiographic fracture
recognition performance and efficiency using artificial intelligence. Radiology 2022
Mar;302(3):627-36.

Jones RM, Sharma A, Hotchkiss R, et al. Assessment of a deep-learning system for
fracture detection in musculoskeletal radiographs. NPJ Digit Med 2020 Oct;30(3):
144.

Ma Yangling, Luo Yixin. Bone fracture detection through the two-stage system of
crack-sensitive convolutional neural network. Informatics in Medicine Unlocked
2020. https://doi.org/10.1016/4.imu.2020.100452. 22. 100452.

Lindsey R, Daluiski A, Chopra S, et al. Deep neural network improves fracture
detection by clinicians. Proc Natl Acad Sci U S A 2018 Nov 6;115(45):11591-6.
Reichert G, Bellamine A, Fontaine M, et al. How can a deep learning algorithm
improve fracture detection on X-rays in the emergency room? J Imaging 2021 Jun
25;7(7):105.


https://www.reportlinker.com/p06284262/?utm_source=GNW
https://www.reportlinker.com/p06284262/?utm_source=GNW
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0010
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0010
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0015
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0015
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0020
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0020
https://www.algotive.ai/blog/autonomous-artificial-intelligence-guide-the-future-of-ai
https://www.algotive.ai/blog/autonomous-artificial-intelligence-guide-the-future-of-ai
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0030
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0030
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0030
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0035
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0035
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0035
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0040
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0040
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0040
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0045
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0045
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0050
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0050
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0055
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0055
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0055
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0060
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0060
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0065
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0065
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0065
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0070
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0070
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0070
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0075
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0075
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0075
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0080
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0080
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0080
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0080
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0085
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0085
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0085
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/CVPR.2017.243
https://proceedings.mlr.press/v97/tan19a.html
https://proceedings.mlr.press/v28/wan13.html
https://proceedings.mlr.press/v28/wan13.html
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0105
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0105
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0110
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0110
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0110
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0115
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0115
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0115
https://doi.org/10.1016/j.imu.2020.100452
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0125
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0125
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0130
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0130
http://refhub.elsevier.com/S0899-7071(24)00137-2/rf0130

	No code machine learning: validating the approach on use-case for classifying clavicle fractures
	1 Introduction
	2 Methods
	2.1 Study design and data sources
	2.2 Ground truth
	2.3 Data partitioning
	2.4 Model
	2.5 Preprocessing and training
	2.6 Statistical analysis

	3 Results
	3.1 Data
	3.2 Model performance for validation dataset
	3.3 Model performance per X-ray
	3.4 Model performance per patient

	4 Discussion
	Funding information
	Data sharing statement
	CRediT authorship contribution statement
	Declaration of competing interest
	References


