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Comparison of Diagnostic Performance of a Deep Learning Algorithm, Emergency Physicians, Junior Radiologists and Senior Radiologists in the Detection of Post-Traumatic Appendicular Bone Fractures in Children

Artificial intelligence (AI) has made advances in the field of diagnostic imaging, particularly in the detection of fractures on conventional radiographs. There are no specific studies carried out in the detection of fractures in the pediatric population. The numerous anatomical variations and the evolution according to the age of children require a specific study on this population. Failure to diagnose early fractures in children can lead to diagnostic delays with serious consequences for bone growth.

Objective

To evaluate the performance of an AI algorithm based on deep neural networks in the detection of traumatic appendicular skeleton fractures in a pediatric population. To compare sensitivity, specificity, positive predictive value and negative predictive value of different readers and the AI algorithm.

Materials and methods

Retrospective study conducted on 878 patients less than 18 years of age evaluated with conventional radiographs obtained after a recent non-life-threatening trauma. All radiographs of shoulder, arm, elbow, forearm, wrist, hand, leg, knee, ankle and foot were evaluated. The diagnostic performance of a consensus of radiologists expert in pediatric imaging (gold-standard) was compared with those of pediatric radiologists, emergency physicians, senior residents and junior residents. The predictions made by the AI algorithm and the annotations made by the different physicians were compared.

Results

The algorithm predicted 174 fractures out of 184, corresponding to a sensitivity of 95.65%, a specificity of 91.64% and a negative predictive value of 98.76%. The AI predictions were close to that of pediatric radiologists (sensitivity 98.35%), and that of senior residents (95.05%) and were above that of emergency physicians (81.87%) and of junior residents (90.11%). The Algorithm identified 3 (1.6%)

fractures not initially seen by pediatric radiologists.

Conclusion

This study suggests that deep learning algorithms can be useful in improving the detection of traumatic bone fractures in children.

Keywords children fracture; detection of fracture, pediatric emergency; deep learning; convolutional neural networks; conventional radiographs;

Introduction

Artificial Intelligence (AI) has made remarkable progress in the field of diagnostic medical imaging [START_REF] He | Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification[END_REF]. Since 2012, in-depth learning through the use of convolutional neural networks (CNNs) has been the subject of experimental trials in some areas such as pulmonary nodules [START_REF] Hua | Computer-aided classification of lung nodules on computed tomography images via deep learning technique[END_REF][START_REF] Nishio | Computer-aided diagnosis of lung nodule classification between benign nodule, primary lung cancer, and metastatic lung cancer at different image size using deep convolutional neural network with transfer learning[END_REF] and lesion on mammograms [START_REF] Kleppe | Designing deep learning studies in cancer diagnostics[END_REF]. In the field of traumatic orthopedics, studies [START_REF] Kalmet | Deep learning in fracture detection: a narrative review[END_REF] have investigated the interest of AI in the detection of fractures on conventional radiographs; all CNNs showed very good performance, and some showed superiority over humans [START_REF] Duron | Assessment of an AI Aid in Detection of Adult Appendicular Skeletal Fractures by Emergency Physicians and Radiologists: A Multicenter Cross-sectional Diagnostic Study[END_REF][START_REF] Reichert | How Can a Deep Learning Algorithm Improve Fracture Detection on X-rays in the Emergency Room?[END_REF]. Some studies have focused on a particular type of fracture or a specific anatomical region [START_REF] Hua | Computer-aided classification of lung nodules on computed tomography images via deep learning technique[END_REF][START_REF] Cheng | A scalable physician-level deep learning algorithm detects universal trauma on pelvic radiographs[END_REF][START_REF] Kitamura | Deep learning evaluation of pelvic radiographs for position, hardware presence, and fracture detection[END_REF][START_REF] Gan | Artificial intelligence detection of distal radius fractures: a comparison between the convolutional neural network and professional assessments[END_REF][START_REF] Chung | Automated detection and classification of the proximal humerus fracture by using deep learning algorithm[END_REF][START_REF] Raisuddin | Critical evaluation of deep neural networks for wrist fracture detection[END_REF], while other have analyzed all types of peripheral fractures [START_REF] Duron | Assessment of an AI Aid in Detection of Adult Appendicular Skeletal Fractures by Emergency Physicians and Radiologists: A Multicenter Cross-sectional Diagnostic Study[END_REF][START_REF] Reichert | How Can a Deep Learning Algorithm Improve Fracture Detection on X-rays in the Emergency Room?[END_REF][START_REF] Jones | Assessment of a deeplearning system for fracture detection in musculoskeletal radiographs[END_REF][START_REF] Olczak | Artificial intelligence for analyzing orthopedic trauma radiographs: Deep learning algorithms-are they on par with humans for diagnosing fractures?[END_REF][START_REF] Kim | Artificial intelligence in fracture detection: transfer learning from deep convolutional neural networks[END_REF]. However, there is no study to date specifically analyzing the contribution of AI to detect fractures in a pediatric population.

The early management of post-traumatic fractures in children is a daily challenge in emergency departments. The anatomical variations and the specificities of the bone skeleton development according to the age of the child add to the complexity of early diagnosis. In the majority of hospitals, it is difficult to get real-time reporting of conventional radiographs by an expert in pediatric radiology. However, the consequences of an undiagnosed fracture in children can be serious, particularly in bone development and growth [START_REF] Cheng | Limb fracture pattern in different pediatric age groups: a study of 3,350 children[END_REF].

The overall percentage of missed fractures in the extremities is around 3.7% [START_REF] Wei | Systematic Analysis of Missed Extremity Fractures in Emergency Radiology[END_REF]. About 64-66% of these, initially missed, fractures can be detected by radiologists specialized in emergency or musculoskeletal radiology [START_REF] Wei | Systematic Analysis of Missed Extremity Fractures in Emergency Radiology[END_REF][START_REF] Moonen | Diagnostic error in the Emergency Department: follow up of patients with minor trauma in the outpatient clinic[END_REF]. Therefore, there is an obvious need for diagnostic assistance tools providing a high level of accuracy for less experience doctors to prevent errors.

The objectives of this study were to evaluate the performance of an AI algorithm, Rayvolve, Azmed, Paris, France, for the diagnosis of peripheral fractures in a consecutive series of patients consulting at the pediatric emergency department and to define its potential uses in clinical practice.

Materials and methods

Study design

An AI algorithm (Rayvolve, Azmed, Paris, France) for detecting fractures on conventional radiographs was designed on a model of Convolutional Neural Networks (CNN). Integrated into radiology software and connected to a PACS system, the algorithm automatically detects bone fractures on digital plain radiographs of appendicular body parts highlighting each area of interest with a box.

This retrospective study included all patients less than 18 years of age evaluated with conventional radiographs obtained after a recent non-life-threatening trauma at our institution during a 3 month-period randomly selected from May 01, 2017 to July 31, 2017. All radiographs of shoulder, arm, elbow, forearm, wrist, hand, pelvis, femur, leg, knee, ankle and foot were evaluated.

The main objective was to determine the diagnostic performance of the AI algorithm compared to different readers.

The Gold standard consisted in a consensus reading of radiographs by a panel including a radiologist expert in pediatric imaging with 25 years of experience.

The diagnostic performance of pediatric radiologists (with experience ranging from 1 to 10 years), emergency physicians, senior residents (final year trained in pediatric radiology) and junior residents (in-training in pediatric radiology) were compared to the gold standard. The predictions made by the AI algorithm and the annotations made by the different physicians were compared to the gold standard.

Algorithm

The AI algorithm is an ensembling algorithm composed of multiple object detection models. Each object detection model is based on artificial convolutional neural network (ACNN) technology, and more specifically derived from the RetinaNet architecture [START_REF] Lin | Focal Loss for Dense Object Detection[END_REF] which is an open-source algorithm. It has three components: First, a custom backbone based on the VGG, neural network [START_REF] Simonyan | Very deep convolutional networks for large-scale image recognition[END_REF] that works as a feature extractor. This backbone is composed of convolutional layers, max-pooling layers and trainable Batch Normalization layers. Second, a FPN designed to extract a feature pyramid network (FPN). It is design to extract the features at different resolutions levels as there is an important variability of fracture size. Finally, two sub-networks are used, a classification subnet to predict the presence of a fracture or not and a regression subnet to refine the localization of the detections. The classification subnet predicts the probability of object presence for any class (two in our case) at each spatial position for each anchor. The classification subnet is applied to each pyramid level but the parameters of this subnet are shared across all pyramid levels. The classification subnet is a fully convolutional network. The regression subnet predicts the offset from each anchor box to a nearby ground-truth object (if it exists). We also applied this regression subnet to each pyramid level (also shared weights). It is also a fully convolutional network. This subnet is similar to the classification subnet except instead of predicting 2 (i.e., the number of classes) values it has 4 values per anchors (i.e coordinates offset) (Figure 1). To focus more on RetinaNet, it optimizes two losses during training:

1. Focal Loss: The focal loss is a cross-entropy with a modulating factor associated with a gamma parameter.

This parameter affects the loss in a way that easy-to-classify samples are down-weighted in the classification loss.

2. A smooth L1 loss (as the regression loss) used for bounding boxes regression. A smooth L1 loss is less sensitive to outliers than the L2 loss. Since outlying a fracture is subjective, this loss has been smoothed for the fracture detection purpose.

The total loss emphasizes more on the classification loss rather than on the regression loss, as the goal is to help the radiologist to detect fracture on conventional radiographs. The algorithm has been initially trained using

Adam optimizer [START_REF] Kingma | A Method for Stochastic Optimization[END_REF] with learning rate 10 e-4 . The model was evaluated on the AUC and mAP (mean Average Precision) value. Neural networks recognize fractures through supervised learning. Images are annotated for a pattern to be identified, in this case, the presence and location of a fracture on a digital plain radiograph. The dedicated software (Rayvolve, Azmed) was used to delineate the boundaries of the fracture. The dataset generated in this manner was then used to train the algorithm. The trained algorithm can then detect the presence of a fracture, which is identified by drawing a box around it. This algorithm has obtained the CE IIa under the Medical Device Regulation (EU 2017/745). It has been trained using a database of 2 million of X-rays. No data produced, stored or archived at our institution has been used to train the algorithm.

Each object detection model will output a list of bounding boxes (this list can be empty if no fracture is detected by the object detection model) with their respective confidence scores. To choose the final list of bounding boxes, we are using an ensembling algorithm composed of 5 object detection models with the same architecture, and we use a majority vote between the predicted bounding boxes of each model.

Database

The database consists of digital plain radiographs carried out between 01 May 2017 and 31 July 2017 in a posttraumatic context at the pediatric emergency room of our institution.

First, we considered all patients admitted in a post-traumatic setting during this period corresponding to 2,951 potentially eligible participants. The inclusion criteria were the following: under 18 years of age, recent non-lifethreatening, at least one digital radiograph of an appendicular body part available for review. A total of 953 patients corresponding to 1,446 radiographs were considered for analysis.

After exclusion of patients with radiographs not available for review, a total of 878 patients corresponding to 1,310 radiographs were finally included (Figure 1). For each fracture, the following characteristics were recorded:

anatomical region, type of fracture notably complex (number of fragments or displaced), articular involvement and presence of a plaster cast. The quality of the radiographs was rated on a scale of 4, from 4 to 4 corresponding to good quality, 3 corresponding to poor projection, 2 corresponding to under or over exposure and 1 corresponding to a very bad quality (patient movements or presence of material or object) precluding analysis.

The radiographs were available from the Picture Archiving and Communication System of our institution (Maincare, Irving, TX, USA). All digital radiographs were rendered anonymous and exported from PACS in a DICOM format. Readers were blind to both clinical findings and the final diagnosis. The AI algorithm was evaluated by comparing the gold standard diagnosis with the prediction (region of ROI interest).

The study was approved by institutional review board which waived specific patient informed consent for a study conducted on an anonymized database (reference number 2433).

Statistics

No sample size was computed a priori and we used all available data. The primary outcome was the patient-wise sensitivity of the Algorithm. Secondary outcomes included the patient-wise specificity and the negative predictive value (PPN) of the algorithm. The Kappa correlation coefficient were also calculated.

The diagnostic performance of the different readers, pediatric radiologist, senior resident, junior resident and emergency physician for the same children were also compared to the gold standard.

Other evaluated outcomes included the sensitivity of the algorithm by subgroups of patients depending on the quality of radiographs, the location of the fracture, the presentation of the fracture (displacement, complex, articular fracture) and the presence of a plaster cast.

Evaluation Metrics

We used traditional performance test to assess the value of the algorithm, with the use of sensitivity and specificity as described below. The patient-wise sensitivity (Se) is the probability that at least one fracture is discovered and indicated in subjects with one fracture even if some incorrect spots (false-positive findings) have been added by the readers, while the specificity (Sp) is the proportion of patients with no fracture identified by the readers among patients without fractures according to the gold-standard (formulas 1.1 and 1.2). 

Se

Sensitivity, specificity, negative predictive value, positive predictive value, and Cohen kappa coefficient were calculated together with 95% confidence intervals. SAS software 9.4 (SAS Institute, Cary, NC, USA) was used.

Results

Patient characteristics

A total of 878 patients meeting the inclusion criteria were included (Table 1). According to the gold standard, there were 182 patients with a diagnosed fracture and 695 patients without fracture. There were more boys than girls and the mean age was higher in the group of patients without a fracture; The majority of patients had a good quality radiograph in both groups. The location of the fractures was the following: hand (16%), wrist (24%), forearm (27%), elbow (5%), arm (3%), shoulder (7%), hip (0%), knee (1%), leg (4%), ankle (1%) and foot (9%).

Algorithm Performance

Compared to the gold-standard, the algorithm predicted 174 fractures out of 182 fractures and missed 8 fractures.

The sensitivity was 95.65% (CI 95% 0.93-0.90), the specificity was 91.64% (CI 95% 0.90-0.94), the positive predictive value was 74.70 % (CI 95% 0.69-0.80) and the negative predictive value was 98.76% (CI 95% 0.98-1.00) (Table 2). Figures 3,[START_REF] Kleppe | Designing deep learning studies in cancer diagnostics[END_REF][START_REF] Kalmet | Deep learning in fracture detection: a narrative review[END_REF][START_REF] Duron | Assessment of an AI Aid in Detection of Adult Appendicular Skeletal Fractures by Emergency Physicians and Radiologists: A Multicenter Cross-sectional Diagnostic Study[END_REF] show examples of prediction made by the algorithm. False-negative cases associated with the AI algorithm involved the following anatomical regions: cuboid; navicular, 5th metatarsal, wrist (ulna), elbow (humerus), thumb, long finger and ring finger.

The algorithm predicted 59 fractures in patients without fractures. Among these false positive cases, 26 cases were due to the presence of cartilage growth plate, including 9 located at the basis of the 5th metatarsal (Figure 7). The remaining cases were 3 sequelae of old fracture, 3 artifacts associated with a plaster cast, 2 cases of accessory bones, 1 enthesophyte, 1 cutaneal superposition; 1 benign bone tumor (exostosis) and 1 malformation.

The remaining 21 cases were unexplained.

Performance of readers

The patient-wise sensitivity for the different groups of readers was 98.4% (CI 95% 0.76-0.88) for pediatric radiologists, 81.9% (CI 95% 0.76-0.88) for emergency physicians, 95.1 % (CI 95% 0.92-0.98) for senior residents and 90.1% (CI95% 0.86-0.94) for junior residents (Table 3). Kappa coefficient was the lowest for the AI algorithm (CI 95% 0.74-0.83) compared to other readers (Table 4). The pediatric radiologists missed 3 (1.6%) fractures, which were detected by the AI algorithm (Figures 8, 9, 10).

Subgroups analyses

The performances according to the sub-groups are summarized in table 5. Sensitivity decreased in the following anatomical regions: arm (80% CI 95%, 0.45-1.15) and ankle (57%, CI 95% 0.21-0.94). The sensitivity of the AI algorithm in the subgroups of poor-quality x-ray (100%, CI 95% 1.00-1.00), displaced fractures (98.0%, CI 95% 0.85-1.00), fractures with multiple fragments (100%, CI 95%, 1.00-1.00), presence of a plaster cast (100%, CI 95% 1.00-1.00) and articular fracture (94%, CI 95% 0.86-1.02) were not significantly reduced compared to the overall performances.

Discussion

Trauma remains a major indication for emergency room visits in adults and in children. Fractures remain a leading cause of diagnostic errors potentially associated with sequelae in children when the growth cartilage is affected.

Assisting clinicians and non-specialized radiologists in detecting and localizing fractures on digital radiographs could prevent medical errors particularly during the night. The objective of this study was first to evaluate the diagnostic performance of an AI algorithm in the detection of peripheral fractures in a pediatric population. This study also provides a comparison between the diagnostic performance of readers with different levels of experience from pediatric radiologists to senior and junior residents in radiology and emergency physicians.

For the detection of fractures on a patient-basis, the AI algorithm was associated with a sensitivity of 95.65%, a specificity of 91.64%, a positive predictive value of 74.7% and a negative predictive value of 98.76%. The high sensitivity was similar to values ranging from 83% to 99% reported in already published studies [START_REF] Kalmet | Deep learning in fracture detection: a narrative review[END_REF]. However, in most of these studies a single anatomical region, or on a specific type of fracture was addressed [START_REF] Cheng | A scalable physician-level deep learning algorithm detects universal trauma on pelvic radiographs[END_REF][START_REF] Kitamura | Deep learning evaluation of pelvic radiographs for position, hardware presence, and fracture detection[END_REF][START_REF] Gan | Artificial intelligence detection of distal radius fractures: a comparison between the convolutional neural network and professional assessments[END_REF][START_REF] Chung | Automated detection and classification of the proximal humerus fracture by using deep learning algorithm[END_REF][START_REF] Cheng | Limb fracture pattern in different pediatric age groups: a study of 3,350 children[END_REF][START_REF] Urakawa | Detecting intertrochanteric hip fractures with orthopedist-level accuracy using a deep convolutional neural network[END_REF]. Some recent studies have shown similar performance in the detection of all peripheral fractures in adults [START_REF] Duron | Assessment of an AI Aid in Detection of Adult Appendicular Skeletal Fractures by Emergency Physicians and Radiologists: A Multicenter Cross-sectional Diagnostic Study[END_REF][START_REF] Reichert | How Can a Deep Learning Algorithm Improve Fracture Detection on X-rays in the Emergency Room?[END_REF][START_REF] Jones | Assessment of a deeplearning system for fracture detection in musculoskeletal radiographs[END_REF][START_REF] Olczak | Artificial intelligence for analyzing orthopedic trauma radiographs: Deep learning algorithms-are they on par with humans for diagnosing fractures?[END_REF][START_REF] Kim | Artificial intelligence in fracture detection: transfer learning from deep convolutional neural networks[END_REF]. Reichert et al reported a sensitivity of 96%, a specificity of 86%, and a negative predictive value of 98.95% of the same AI algorithm in adult patients admitted at the emergency rooms [START_REF] Reichert | How Can a Deep Learning Algorithm Improve Fracture Detection on X-rays in the Emergency Room?[END_REF] In a multicenter study reporting the use of a different AI algorithm, Duron demonstrated the added value of AI-aided detection of fractures with an 8.7% increase in sensitivity and 4.1% specificity in comparison with the unaided analysis [START_REF] Duron | Assessment of an AI Aid in Detection of Adult Appendicular Skeletal Fractures by Emergency Physicians and Radiologists: A Multicenter Cross-sectional Diagnostic Study[END_REF].

To the best of our knowledge, no study, has specifically evaluated the contribution of AI algorithms in the detection of fractures in a pediatric population. The interest is that there are types of fractures specific to children that were all detected by the algorithm (30 buckle (torus) fractures, 1 plastic deformation, and 1 greenstick fracture).

The cartilage growth plate often mimicking fractures have been taken for fractures by the algorithm, in particular at the basis of the 5th metatarsal, which increased the number of false positives and reduced the positive predictive value, and the kappa coefficient. Because of the retrospective collection of data, history taking and physical examination were not available in order to conclude on doubtful radiographs. But in daily practice, radiologists often do not have access to the clinical examination of patients when reporting digital radiographs. Some errors encountered with algorithms using deep neural networks, known as a "black box", are not always understood. We have not identified obvious parameters to explain the 8 missed fractures corresponding to false negatives of the algorithm.

Conversely, 1.6% of all fractures (3 fractures) were detected by the algorithm but were not seen by the pediatric radiologist initially, which suggests a significant contribution for daily practice. A gain in sensitivity for the diagnosis of bone fractures can be expected particularly for general radiologists. The algorithm also showed superiority, in term of sensitivity, over the emergency physician (sensitivity 81.87%), which suggests a real benefit in the daily use of the algorithm by pediatric emergency physicians.

It should be noted that the performance of the emergency physician is difficult to estimate precisely because the data collection was retrospective. One study determined the error rate of emergency physicians to be 1.4% [START_REF] Moonen | Diagnostic error in the Emergency Department: follow up of patients with minor trauma in the outpatient clinic[END_REF].

In their multi-center study, Duron et al estimated the sensitivity of emergency physicians to be 61.3% [START_REF] Duron | Assessment of an AI Aid in Detection of Adult Appendicular Skeletal Fractures by Emergency Physicians and Radiologists: A Multicenter Cross-sectional Diagnostic Study[END_REF]. The algorithm also demonstrated a better sensitivity than junior radiology residents and could be a valuable tool for the initial training of residents.

The performance of the algorithm seems to be the same in the different subgroups of fractures with the presence of a plaster cast; with an articular fracture and even in poor quality radiographs. It should be mentioned that diagnostic performance slightly decreased for the radiographs obtained for the arm and ankle, but these results were not significant due to the small number of cases.

Our study has some limitations. The study was monocentric and designed as retrospective, one-sample cohort with no control group. However, it is the first study evaluating the performance of an AI algorithm in detecting appendicular bone fractures on digital radiographs in a pediatric population. Nevertheless, despite this limitation, we succeeded in enrolling 878 patients which is a large cohort of children. Additional prospective study should be conducted to evaluate the impact of an AI algorithm in clinical practice. The diagnostic performance, reduction of medical errors and time efficiency should be investigated [START_REF] Gaube | Do as AI say: susceptibility in deployment of clinical decision-aids[END_REF].

Conclusion

In conclusion, this study evaluating the diagnostic performance of an AI algorithm in the detection of peripheral bone fractures in children, has demonstrated a high sensitivity and negative predictive value compared to the gold-standard. The positive predictive value and kappa coefficient were lower but algorithms are constantly improving. It may be hypothesized that AI algorithm may play a role in assisting radiologists and emergency physicians. AI algorithms could save time and provide diagnostic aid in the detection of bone fractures in children. Less experienced readers may benefit the most but event senior pediatric radiologist may find AI algorithm useful to save time when facing increasing workload. Artificial intelligence (AI) has made advances in the field of diagnostic imaging. There are no specific studies carried out in the detection of fractures in the pediatric population. Failure to diagnose early fractures in children can lead to diagnostic delays with serious consequences for bone growth. The objective was to evaluate the performance of an ai algorithm based on deep neural networks in the detection of traumatic appendicular skeleton fractures in a pediatric population. Retrospective study conducted on 878 patients less than 18 years of age evaluated with conventional radiographs obtained after a recent non-life-threatening. The diagnostic performance of a consensus of radiologists expert in pediatric imaging (gold-standard) was compared with those of pediatric radiologists, emergency physicians, senior residents and junior residents. The predictions made by the ai algorithm and the annotations made by the different physicians were compared. The algorithm predicted 174 fractures out of 184, corresponding to a sensitivity of 95.65%, a specificity of 91.64% and a negative predictive value of 98.76%. The ai predictions were close to that of pediatric radiologists (sensitivity 98.35%), and that of senior residents (95.05%) and were above that of emergency physicians (81.87%) and of junior residents (90.11%). The algorithm identified 3 (1.6%) fractures not initially seen by pediatric radiologists. This study suggests that deep learning algorithms can be useful in improving the detection of traumatic bone fractures in children.

KEY WORDS: children fracture; detection of fracture, pediatric emergency; deep learning; convolutional neural networks; conventional radiographs.
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 28 The positive predictive value (PPV) and negative (NPV) corresponding respectively to the probability that the subject is actually positive with a positive test, and actually negative with a negative test (2.1 and 2.2). kappa coefficient (κ) measures a fit adjusted on this concordance which would be obtained by chance. It was developed to assess the concordance between two judges. In our case, a judge is represented by different readers including the AI algorithm with a specialized pediatric senior radiologist as the gold standard. This indicator is one of the concordance measure implementations adjusted for chance[START_REF] Nishio | Computer-aided diagnosis of lung nodule classification between benign nodule, primary lung cancer, and metastatic lung cancer at different image size using deep convolutional neural network with transfer learning[END_REF]. A Cohen kappa value>0.× VN -FP × FN ) (VP + FN )(FN + VN )+ (FP + VN )(VP + FP)

Figure 1 .

 1 Figure 1. Diagram of the algorithm (adapted from Azmed).

Figure 2 .

 2 Figure 2. Flowchart of study.

Figure 3 .

 3 Figure 3. Example of prediction made by the algorithm (red square) -True positive.

Figure 4 .

 4 Figure 4. Example of prediction made by the algorithm -False negative. Blue arrows show the fracture.

Figure 5 .

 5 Figure 5. Example of prediction made by the algorithm (red square) -True negative.

Figure 7 .

 7 Figure 7. Example of false positive by detecting growing cartilage (5th metatarsal).

Figure 8 .

 8 Figure 8. Fractures predicted by algorithm but not detected by radiologists.

Figure 9 .

 9 Figure 9. Fractures predicted by the algorithm but not detected by radiologists.

Figure 10 .

 10 Figure 10. Fractures predicted by the algorithm but not detected by radiologists.

  

Table 2 .

 2 Summary table describing the performance of the AI algorithm compared to the gold-standard. † Numbers in parentheses are 95% CIs.

		Algorithm performance for detecting
		patients with a fracture
	Sensitivity	95.7% (0.93 -0.99)
	Specificity	91.6% (0.89 -0.94)
	Positive predictive value	74.7 % (0.69 -0.80)
	Negative predictive value	98.8% (0.98 -0.99)

Table 3 .

 3 Performances of readers compared to Gold Standard. † Numbers in parentheses are 95% CI.

		Pediatric	Emergency Physicians Senior Residents	Junior Residents
		Radiologists			
	Sensitivity	98.35 % (0.97-1.00)	81.87 % (0.76-0.88)	95.05% (0.92-0.98) 90.11% (0.86-0.94)
	Specificity	99.71% (0.99-1.00)	94.97% (0.93-0.97)	97.99% (0.96-0.99) 96.55% (0.95-0.98)
	Positive	98.9% (0.97-1.00)	81.00% (0.75-0.87)	92.5% (0.89-0.96)	87.2% (0.93-0.92)
	Predictive Value				
	Negative	99.00% (0.99-1.00)	95.00% (0.94-0.97)	98.7% (0.98-1.00)	97.4% (0.96-0.99)
	Predictive Value				

Table 4 .

 4 Kappa coefficient compared to Gold Standard. † Numbers in parentheses are 95% CI.

		Algorithm	Pediatric	Emergency	Senior
			Radiologists	Physicians	Residents
	Kappa				
	Coefficient	0.79 (0.74-0.83)	0.98 (0.97-0.99)	0.88 (0.94-0.92)	0.90 (0.87-0.94)

Table 5 .

 5 Subgroups analyses, Algorithm performances compared to the gold standard. † Numbers in parentheses are 95% CI.

	Types of fractures	Sensibility	Specificity	Positive predictive	Negative
					value	predictive value
	Location	hand	90% (0.79-1.00)	93% (0.88-0.98)	77% (0.63-0.91)	97% (0.94-1.00)
		wrist	98% (0.93-1.02)	93% (0.96-1.00)	92% (0.84-1.00)	98% (0.95-1.02)
	forearm	100% (1.00-1.00)	86% (0.75-0.97)	90% (0.83-0.99)	100% (1.00-1.00)
		elbow	100% (1.00-1.00)	89% (0.74-1.03)	89% (0.59 -1.05)	100% (1.00-1.00)
		arm	80% (0.45-1.15)	44% (0.12-0.77)	44% (0.12-0.77)	80% (0.45-0.15)
	shoulder	100% (1.00-1.00)	94% (0.84-1.05)	92% (0.78-1.06)	100% (1.00-1.00)
		hip	-	98% (0.95-1.02)	-	100% (1.00-1.00)
		knee	100% (1.00-1.00)	97% (0.92-1.01)	50% (0.01-0.99)	100% (1.00-1.00)
		leg	100% (1.00-1.00)	96% (0.88-1.04)	88% (0.65-1.10)	100% (1.00-1.00)
		Ankle	57% (0.21-0.94)	96% (0.82-0.91)	13% (0.01 -0.25)	98% (0.96-1.00)
		foot	100% (1.00-1.00)	92% (0.86-0.98)	74% (0.56-0.92)	100% (1.00-1.00)
	Poor quality	100% (1.00-1.00)	72% (0.51-0.93)	86% (0.75-0.98)	100% (1.00-1.00)
	radiograph (≤3)				
	Displaced fracture	98% (0.85-1.00)	-	-	-
	Multiple fragments	100% (1.00-1.00)	-	-	-
	(≥3)					
	Presence of a plaster	100% (1.00-1.00)	-	-	-
	cast					
	Articular fracture	94% (0.86-1.02)	-	-	-

  « Par délibération de son Conseil en date du 10 Novembre 1972, l'Université n'entend donner aucune approbation ni improbation aux opinions émises dans les thèses ou mémoires. Ces opinions doivent être considérées comme propres à leurs auteurs ». IA) a fait des progrès dans le domaine de l'imagerie diagnostique. Il n'existe pas d'études spécifiques réalisées dans la détection des fractures chez l'enfant. L'absence de diagnostic précoce des fractures chez l'enfant peut entrainer un retard diagnostique et des conséquences sur la croissance osseuse. Nous avons évalué la performance d'un algorithme d'IA base sur des réseaux neuronaux profonds dans la détection de fractures traumatiques dans une population pédiatrique. C'est une étude rétrospective menée sur 878 patients de moins de 18 ans évalués avec des radiographies conventionnelles obtenues après un traumatisme récent. Les performances diagnostiques d'un consensus de radiologues experts en imagerie pédiatrique (gold-standard) ont été comparées à celles des radiologues pédiatriques, des médecins urgentistes, d'internes seniors et d'internes juniors. Les prédictions faites par l'algorithme d'IA et les annotations faites par les différents médecins ont été comparées. L'algorithme a prédit 174 fractures sur 184, soit une sensibilité de 95,65 %, une spécificité de 91,64 % et une valeur prédictive négative de 98,76 %. Les prédictions de l'IA étaient proches de celles des radiologues pédiatriques (sensibilité 98,35%) et de celles des internes seniors (95,05%) et étaient supérieures à celles des médecins urgentistes (81,87%) et des internes juniors (90,11%). L'algorithme a identifié 3 (1,6 %) fractures qui n'avaient pas été vues initialement par les radiologues pédiatriques. Cette étude suggère que les algorithmes d'apprentissage profond peuvent être utiles pour améliorer la détection des fractures osseuses post-traumatiques chez l'enfant MOTS CLES : Fractures chez l'enfant ; détection de fractures ; urgences pédiatriques ; apprentissage profond ; réseaux de neurones convolutifs ; radiographies conventionnelles TITRE DE LA THESE EN ANGLAIS : Comparison of Diagnostic Performance of a Deep Learning Algorithm, Emergency Physicians, Junior Radiologists and Senior Radiologists in the Detection of Post-Traumatic Appendicular Bone Fractures in Children RESUME DE LA THESE EN ANGLAIS :
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