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Abstract

Background: Estimating time-since-injury of healing fractures is imprecise, encompassing
excessively wide timeframes. Most injured children are evaluated at non-children’s hospitals,
yet pediatric radiologists can disagree with up to one in six skeletal imaging interpretations from
referring community hospitals. There is a need to improve image interpretation by considering
additional methods for fracture dating.

Objective: To train and validate deep learning models to correctly estimate the age of pediatric
accidental long bone fractures.

Materials and methods: This secondary data analysis used radiographic images of accidental
long bone fractures in children <6 years at the time of injury seen at a large Midwestern children’s
hospital between 2000-2016. We built deep learning models both to classify fracture images

into different age groups and to directly estimate fracture age (time-since-injury). We used cross-
validation to evaluate model performance across various metrics, including confusion matrices,
sensitivity/specificity, and activation maps for age classification, and mean absolute error (MAE)
and root mean squared error (RMSE) for age estimation.
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Results: Our study cohort contained 2,328 radiographs from 399 patients. Overall, our models
performed above baselines for fracture age classification and estimation, both when trained/
validated across all bones and on specific bone types. The best model was able to estimate fracture
age for any long bone with a MAE of 6.2 days and with 68% of estimates falling within 7 days of
the correct fracture age.

Conclusion: Our study successfully demonstrated that, for radiographic dating of accidental
fractures of long bones, deep learning models can estimate time-since-injury with above-baseline
accuracy.
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Introduction

Estimating time-since-injury of healing fractures is imprecise and can encompass
excessively wide timeframes [1]. The radiographic depiction of the features of healing
including subperiosteal new bone, callus, and remodeling appear over time and represent
multiple physiologic processes, including the mineralization and ingrowth of osteocytes in
a fracture hematoma and the induction of new osteocytes from the damaged periosteum.
These processes can project on top of one another and can be difficult to distinguish in
many instances. Additionally, although some features of healing can occur earlier than
others, these features constitute continuous processes that are expected to begin during
wide timeframes of days to weeks, making fracture age estimation for radiologists a
challenging task [2]. Several proposed timelines to guide fracture dating have been reported,
relying mostly upon accidental and birth injuries to determine radiographic features of
healing [1, 3-9]. Pediatric radiologists generally use knowledge and experience to estimate
healing fracture age. As most injured children are evaluated at non-children’s hospitals, and
pediatric radiologists can disagree with up to one in six skeletal imaging interpretations
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from referring community hospitals, there is an urgent need for efforts to improve image
interpretation [10, 11].

Machine learning is a branch of artificial intelligence (Al) with extraordinary potential

to analyze patterns in data [12, 13]. Deep learning, a type of machine learning based on
multi-layered artificial neural networks, can learn to recognize patterns in images and use
them to draw high-level conclusions [13]. Deep learning models have been applied to a
variety of radiologic tasks in the care of adults, though it has yet to be widely investigated
for the purpose of accurately estimating time-since-injury of fractures. Tsai et al. recently
evaluated the performance of a deep learning model for dating birth-related clavicle fractures
and found that 83.7% of age estimates were accurate within 7 days of the actual age of
the fracture (e.g., ground truth) [14]. However, there were several limitations to this study
including small numbers of fractures in one bone type. The authors additionally manually
aligned the images for both the training and validation cohorts which may not mimic a
real-world scenario. Moreover, timelines derived from healing of birth trauma may not be
accurate when extrapolated to fracture healing in older infants and children, as healing
trajectories likely differ [9].

At present, estimating fracture age is challenging and existing methods are imprecise,
inconsistent, and unstandardized [1]. The development of models to age healing fractures
within long bones has the potential to serve as a virtual consultant to radiologists particularly
in a community setting. The objective of our study was to assess the feasibility of developing
deep learning models that can classify accidental fractures of the clavicle and long bones of
the upper and lower extremities in children <6 years into different fracture age categories,
and to also estimate time-since-injury (fracture age) directly.

We utilized a retrospective dataset of long-bone fracture radiographs with known fracture
ages and systematically trained deep learning models to estimate the fracture age based on
only the fracture image. We followed the CLAIM checklist for Al in Medical Imaging [15].
This single-institution retrospective study was approved by our local institutional review
board.

Study design/population

We conducted a secondary data analysis using radiographic images (anterior-posterior and
lateral views) that were collected as part of a previous study of accidental fractures of
long bones (clavicle, humerus, radius, ulna, femur, tibia, fibula) in children <6 years at
the time of injury and seen at a large Midwestern children’s hospital between 2000-2016
[16]. This convenience sample of children was initially collected for a study examining the
radiographic characteristics of healing long bone fractures in accidental injury in young
children [16]. Radiographic images were identified via the hospital’s Trauma Registry,
electronic health record, the child protection team administrative dataset and the local
picture archiving and communication system (PACS). After assessment on the PACS,
images were saved as PNG files. The ground truth of the fracture age was determined

by chart review. Patients were excluded if there was presence of any bone health co-
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morbidity and presence of classic metaphyseal lesions, if internal fixation of the fracture
was performed, if no follow-up films were found within the PACS, or if physical abuse was
suspected by a child abuse pediatrician at the time of evaluation or on review of the medical
record. Specifically, any cases of possible physical abuse were excluded due to concerns for
omissions by caregivers in the history which could lead to ground truth uncertainty.

Image preparation

All images were reviewed by three of the authors with expertise in pediatric radiology,
child abuse pediatrics, and forensic anthropology. Any poor-quality images (e.g., fractures
completely obscured by casting material) were excluded. After these exclusions, we
included images we considered to be ideal and images that were not ideal because the
fracture was partially overlapped by the casting material or an adjacent bone (e.g., the
fibula partially obscuring the tibia). We made the decision to train the machine on all the
images and then also only on the ideal images to study the effect of including/excluding
such fractures during model training. Figure 1 describes the full image inclusion/exclusion
flowchart resulting in different analytic samples. Fracture locations were manually identified
and annotated with a tight rectangular region of interest (ROI) bounding box. After fracture
locations were annotated, a pediatric radiologist re-reviewed all images to ensure accuracy
of fracture identification. For neural network processing, this ROI box was padded by
increasing its width and height by 50% each to provide the neural network models with
some local context around the fracture. Only the padded ROI regions were provided to

the models during training and validation. Bounding boxes were clear of any extraneous
information such as writing or markers. Figure 2 shows examples of different radiographs
and fracture annotations. Note that some radiographs contained two fractures (either two
views of the same fracture or two fractures affecting two bones, e.g., tibia and fibula), in
which case two ROI regions were annotated (Fig. 2).

Deep learning models

For our deep learning models, we used the well-established convolutional neural network
(CNN) architecture ResNet-50, pretrained on ImageNet, and adjusted the network output to
suit our two predictive tasks [17, 18]. The first task was to classify fracture age as either
acute (0-9 days), early healing (10-20 days), middle healing (21-42 days), or late healing
(>42 days). These age groups were determined based on conservative ranges that correspond
to timing of healing features as described in the existing literature [1, 3-9, 19]. For this task,
we used four output neurons and a cross-entropy loss function, with per-class weights such
that each class has equal contribution to the loss, thus preventing the model from simply
learning the class prevalence. The second task was to directly estimate fracture age (in days),
for which we used a single output neuron and either mean squared error (MSE) or mean
absolute error (MAE) as the loss function.

Model implementation and experiments

All models and experiments were implemented in Python using the PyTorch (version
1.10) deep learning library [20]. Model training was done on a high-performance
computing cluster using either an NVIDIA A100 or V100 GPU, depending on availability.
Optimization was done using the Adam optimizer with a learning rate of 1e-4 and a batch
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size of 128 and ended automatically once the validation loss had not improved for three
epochs, restoring the model parameters with the smallest validation loss up until then

[21]. Data augmentation was applied on the fly and included randomly cropping images to
224x224 pixels before rescaling them to the 256x256 pixel input required for ResNet-50.

We conducted multiple experiments by fitting separate models either to the full analytic
sample (all bone types) or to an ideal sample without overlap or casting obscuring the
fracture (all bone types), as well as fitting individual models to different groups of bones
(clavicle, humerus, radius/ulna, femur, tibia/fibula) (Figs. 1 and 2).

Model evaluation

Results

Given the limited amount of data, we evaluated each experiment using 5-fold cross-
validation, which we then repeated five times, reporting mean performance and 95%
confidence intervals (Cls) across repetitions. The motivation for the latter was to capture
variability caused by the inherent randomness of training deep neural network models.
Because one patient could have multiple radiographs of the same fracture at different stages
of healing, we performed the cross-validation at the patient-level, ensuring that models

are never trained and validated on radiographs from the same patient. For the fracture

age classification task, interpreting and comparing overall classification accuracies would
be challenging because baseline accuracies depend on the class prevalence, which differs
across experiments. We instead report class-based sensitivities and specificities, as well as
confusion matrices. We also present selected image heatmaps using gradient-based Class
Activation Mapping (grad-CAM), which is a common technique to localize regions in

an image that had the most influence on the classification output of a CNN model [22].

For the fracture age estimation task, we report the mean absolute error (MAE) and the
root-mean-square error (RMSE), as well as the percentage of age estimates that were within
7 days of ground truth.

Bone fracture cohort

Table 1 and Fig. 1 summarize our bone fracture cohort for both the full analytic sample,
including the number of ROI images obscured by casting or obscured by other bone, and the
ideal sample. A total of 399 patients with a total of 2,328 radiographs were included; the
mean age of patients on the first day of imaging was 2.6 years with a standard deviation of
1.6 years. Eighteen percent of patients (7=70) were less than 1 year old, 23% (/7=93) were
1-2 years old, 16% (7=63) were 2—3 years old, 18% (/7=70) were 3-4 years old, 14% (/7=54)
were 4-5 years old, and 12% (=49) were 5-6 years old. The greatest number of fracture
ROI images was for the humerus (568 images from 90 patients) and the least number for

the fibula (159 images from 31 patients). On average, patients had radiographs taken at 3.0
different stages of healing. Additionally, some radiographs contained two views of the same
fracture or fractures affecting two bones (e.g., radius and ulna), both resulting in multiple
fracture ROI images, adding to a total of 6.2 ROI images per patient on average. Figure 3
contains the distribution of fracture age, showing a peak of images taken on the day of injury
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(0 days), with a somewhat uniform distribution thereafter through a fracture age of 45-50
days. This distribution shape was consistent among all types of bones.

Fracture age classification

Figure 4 shows the confusion matrices when classifying fractures from all bone types as
either acute (0-9 days), early healing (10-20 days), middle healing (21-42 days), or late
healing (>42 days). For the analytic sample, the plurality of images within each class was
assigned correctly and confusion was more often between adjacent classes (e.g., middle
versus late healing) as opposed to non-adjacent classes such as acute versus late healing.
When training and evaluating on the ideal sample only, the matrix looks similar except for
increased confusion within the early healing class of fractures.

Figure 5 shows representative grad-CAM heatmaps of fractures that were correctly classified
based on the model trained on the ideal sample (all bones). The heatmaps suggest that the
deep learning model did primarily focus on the area of the fracture to make its classification.
In addition, Supplementary Fig. 1 shows heatmaps of incorrectly classified fractures and
Supplementary Fig. 2 shows heatmaps for images from the analytic sample that contain
casting over the fracture.

Table 2 breaks down the per-class sensitivity and specificity when training/evaluating
models on the full analytic sample (i.e., all bone types), the ideal sample, and different
groups of bones. Figure 6 plots these values and confidence regions employing receiver
operating characteristic (ROC) curve axes to visually summarize results (confidence regions
above the dashed line imply above-chance model performance). When training on all bones
(analytic sample and ideal sample), model performance was above chance for all four
fracture age classes. Most of the models trained on specific bone groups also performed
above chance, although with larger confidence intervals due to the smaller numbers of
images, especially when reducing the dataset to the ideal sample. For the early healing stage
of the radius/ulna, tibia/fibula, and femur, the numbers of ideal images were so small that no
meaningful analysis was possible.

Fracture age estimation

Table 3 summarizes the results of fracture age estimation for the analytic sample, ideal
sample, and different bone groups, both for models trained on MAE and for models trained
on MSE. Notably, for this task, we excluded outlier images with a fracture age of 50 days
or more (Fig. 1). The estimated age errors were better than educated baselines (i.e., guessing
the median/mean age of each dataset) in all experiments except for the group of ideal femur
fractures, which was also the smallest dataset (/=154 images). Overall, the lowest error
was achieved when training/validating on the ideal sample (all bones), with a MAE of 6.17
days and a RMSE error of 9.42 days, corresponding to 68% of bone fracture estimates to
be within 7 days of the true age. Note that while this error was somewhat affected by the
high proportion of acute 0-day-old fractures, the same model still performed better than

the baseline after all 0-day images were removed (MAE=8.23, baseline=12.62). Figure 7
summarizes fracture age estimation results for the ideal sample. The estimated distribution
of fracture age is similar in shape to the actual age distribution. The scatterplot of actual
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versus estimated fracture age demonstrates a strong correlation (Pearson /=0.80); however,
there are instances where the estimates deviate considerably from the actual values (e.g., a
44-day-old fracture being estimated as acute) (Fig. 7). Boxplots of estimated fracture age
grouped by actual age show that, while the mean estimated age increases with actual age, the
range of estimates is still broad (e.g. 5-45 days for fractures that are between 26-30 days
old) (Fig. 7).

Bone-specific models versus general models

Supplementary Tables 1 and 2 include age classification sensitivity/specificity
(Supplementary Table 1) and age estimation errors (Supplementary Table 2) of different
models trained on all bone types, categorized by bone group. This allows a direct
comparison to the models that were trained on separate bone groups. For age estimation,
models trained on all bones had lower error rates than those trained on a specific bone group
in almost all cases, with the biggest improvements for bones with smaller amounts of data.
For fracture age classification, the advantage of the model trained on all bones was present
but less consistent.

Discussion

In this study, we used deep learning models based on pretrained CNNs to explore two
separate approaches to present an estimated fracture age of long bones: grouping into
different age classes and estimating fracture age directly. With over 2,500 fracture images
from 399 patients, we trained and tested our CNN models on a cohort substantially larger
than in prior studies exploring fracture age estimation [3-9, 14]. Our dataset is also the
first to include accidental fractures of multiple bones in children <6 years instead of only
focusing on birth trauma in one bone. As the timeframes for healing of various fractures
in older children are likely different than in newborns, this key step in training a model

is necessary when considering the implications of inappropriately extrapolating healing
patterns from one patient age/bone type group to another [9].

We systematically investigated and successfully demonstrated that CNN-based deep learning
models can estimate the time-since-injury of accidental fractures of long bones based on
radiographs with above-baseline accuracy. Overall, our results indicate that these models
produced above-baseline estimates of both fracture age groups (e.g., sensitivity of 65% and
specificity of 87% for identifying acute fractures) and numerical fracture age (MAE of 6.2
days compared to a 13.9-day baseline). While deep learning models are often considered
black boxes, using grad-CAM maps, we provided some evidence that our models did

rely on fracture characteristics to produce their estimates. We also showed that training
bone-specific models (with potentially less training data per bone) may not be needed as
models trained with all long bones performed as well or better compared to bone-specific
models when tested on specific bone types. This may have implications when considering
the type and number of images needed for training models in future work.

While we demonstrated that deep learning models can infer time-since-injury of fracture
images better than chance and robustly across different bone types, it is important to point
out that some model estimates can still be very inaccurate. For example, the classification
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model trained on all bone types of our analytic sample still classified 9.8% of acute fractures
(<10 days) as late healing (>42 days), and 12.5% of late healing fractures as acute (Fig.

4). When estimating fracture age directly using our ideal sample, 15% (/7=64) of 0-day-old
fractures are estimated to be between 5 days and 28 days old (Fig. 7). Given the complex
nature of deep learning models, it is not a simple task to determine why some fracture

ages were estimated incorrectly. By training separate models with and without images that
contained a cast, we found that models that were trained without casts (ideal sample) were
less accurate at identifying early healing fractures. This could be because early healing
fracture images were most likely to contain a cast (54% of early healing images had casting
versus 21%, 15%, and 6% for acute, middle, and late respectively), and therefore, the early
healing class had the most drastic reduction of available training images in the ideal sample.
Another explanation could be that the model trained on the analytic sample could have
learned that the presence of casting correlates with early healing. Supplementary Figure 2
supports this explanation by showing grad-CAM heatmaps of images containing casting,
suggesting the model was less focused on the fracture location and could have been focused
on the pattern of the cast instead. Because our models were only exposed to the fracture
region of interest and we ensured that those regions were free of any markers or annotations,
we did not identify any other obvious visual bias that could have explained incorrect model
estimates.

With future implementation in mind, we considered different ways a model’s age estimates
might be presented to a radiologist in a real-time setting. Rather than providing a single
number as the age estimate, providing a probability distribution across four age categories
that are similar to current reporting conventions may increase trust in the model and make
the radiologist feel more confident in reporting their impression of the estimated fracture
age. Moreover, to our knowledge, using deep learning to classify healing phases of bone
fractures has not yet been previously published. We believe that future work should further
explore accessible ways to present model estimates to providers that maximize clinical
utility and facilitate incorporation of the model algorithms into clinical workflows.

For the models that estimated age directly, we used standard loss functions (MAE and
MSE), although other loss functions have been suggested specifically for age estimation
tasks (e.g., estimating the age of a person given a photo of the face) [23]. We experimented
with CORAL loss, similar to Tsai et al., but found that its age estimates were more biased
toward extremes, resulting in overall higher errors [14, 24]. We do find it motivating that
even standard regression losses resulted in model performance far above chance, leaving the
door open for future improvements not only based on more training data, but also based on
custom loss functions.

Today, radiologists use their clinical experience and understanding of the few published
papers on the radiographic depiction of fracture healing in young children for age
estimation. Although adequate for guiding fracture treatment, these methods are insufficient
when evaluating for physical abuse where a more accurate determination of fracture age

has the potential to provide objective evidence for or against the diagnosis of abuse.
Accurate dating of healing fractures can be crucial to investigative agencies as they consider
child protection. However, the pattern of healing in abusive fractures may be different
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from accidental trauma where the treatment is likely rendered immediately. Given national
shortages in pediatric radiologists, additional methods for aiding fracture dating should

be considered, particularly in non-pediatric centers, to enhance the ability to identify and
protect physically abused victims from further violence.

By using images of accidental fractures for which the time of injury is known, we have
established the premise for the development of a computerized tool that could ultimately be
used as an aid to radiologists in dating abusive fractures accurately. Our work additionally
sets the stage for dating other fractures besides long bones and with higher specificity

for physical abuse (e.g., rib fractures and classic metaphyseal lesions). To the best of our
knowledge, our study is the first to use artificial intelligence and deep learning to date
accidental fractures of long bones in children <6 years. Our results suggest that deep
learning models have the potential to be successfully trained and validated in a large
population of children and deployed at scale in the form of a computer-aided tool designed
to assist providers evaluating potentially abused children with healing bone fractures.

There are limitations to our study. We chose to only train and test models using the region of
interest around the fracture rather than full radiographs in an effort to limit potential biases
or distractions present in the full image. However, this choice limits practical applications
as a similar preprocessing of the radiograph would be necessary. While we were careful

to train and validate images at the patient-level, we did not explicitly account for the fact
that multiple fracture images from the same patient are not independent, which at worst
could lead to overconfident results. While our combined dataset is, to the best of our
knowledge, the largest pediatric fracture dataset analyzed with deep learning, the amount
of data for specific bones in specific healing stages is still very small and sometimes does
not allow us to reach meaningful conclusions (e.g., there were only nine ideal images

of a femur fracture during early healing). While we implemented random cropping as a
form of data augmentation, there are more data augmentation/synthetization techniques
that can be explored in future work. Limited training data is a known challenge for deep
learning research in pediatric imaging. Our heterogeneous cohort is no exception to this
phenomenon, especially considering the large age range of subjects within our dataset and
the physiological differences in bones between an infant and a 5-year-old. The models in
this study were built under the assumption that healing would be the same across all ages;
yet we acknowledge healing physiology of an infant would differ from that of a 5-year-old.
However, due to the small number of image counts in our study once classified by age, this
analysis was not feasible and this difference in healing physiology should be considered

in future work. Additionally, we were limited by the previously collected dataset only
containing PNG files. Future work should focus on the development of large and diverse
pediatric imaging datasets with raw high-resolution digital images (e.g., DICOM standard)
that provide higher resolution and pixel bit depth.

Conclusion

Our deep learning study successfully demonstrated that models for radiographic dating
of accidental fractures of long bones can estimate time-since-injury with above-baseline
accuracy. Future multisite collaborations to develop large imaging datasets would allow
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for further training and external validation of a fracture age estimation model. This could
establish the framework for a computer-aided diagnosis system deployed at scale and
designed to assist with dating of healing bone fractures in potentially abused children.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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1,246 fracture ROl images | | 1,429 fracture ROl images
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Fig. 1.

Flowchart illustrating the two samples of images analyzed. We use both the analytic sample
and the ideal sample (excludes images where the fracture is obscured by a cast or other
bones) in our analysis. A small number of radiographs contained either two views of the
same fracture or two fractures that affected two bones, resulting in more fracture ROI
images than radiographs. Specifically, in our analytic sample, 86 radiographs contained
two views of the same fracture, 77 radiographs contained fractures affecting the radius and
ulna, and 22 radiographs contained fractures affecting both the tibia and fibula. In some
experiments (i.e., direct fracture age estimation), we limited the data to fractures that were

less than 50 days old
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Fig. 2.

E)?ample radiographs of different fractures. (Z) Femur, excluded due to image quality. (2
Clavicle with bone overlap. (3) Humerus with cast. (4-7) Ideal examples of radius, tibia,
ulna, and fibula, respectively. Solid boxes are the annotated fracture regions of interest.
Dashed boxes are the padded regions provided to the neural network models. Note that if a
radiograph contained fractures of two bones (e.g., radius and ulna in example 6), two boxes
were created and treated as separate images thereafter. Only one box is shown here for ease
of visualization
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Fig. 3.

Distribution of fracture age in our analytic sample (2,513 images, 449 patients) (a) and ideal
sample (1,429 images 430 patients) (b). Note that outliers >80 days old (4.9% and 0.3% of
images for analytic and ideal samples, respectively, with a maximum of 451 and 127 days)
are not shown here for better readability
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Page 15

Confusion matrices when classifying images into one of four fracture age classes for the
analytic sample (a) and the ideal sample (b). Numbers are row-normalized and show the
mean classification results across 5 repetitions of 5-fold cross-validation. Colors indicate
correct (b/ue) and incorrect (red) classifications, with color-shades proportional to each

number
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late healing

late healing early healing

middle healing

Fig. 5.

Example fractures and corresponding grad-CAM maps of a model trained on the ideal
sample (all bones). Red areas suggest high impact on the model’s classification decision
while blue areas suggest low impact
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Receiver operating characteristic (ROC) plots, showing sensitivity and specificity for each

predicted fracture age class, with the full analytic sample on the top row and the ideal

sample on the bottom row. E/lijpsoids indicate 95% confidence areas based on the covariance

matrix of different sensitivities and specificities across 5 repetitions of model training

Pediatr Radiol. Author manuscript; available in PMC 2026 May 01.

06

0.6



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnuely Joyiny

Brink et al.

w
o

-

% of images }»
n
o

w
(=]

n
o

-

% of images
o

o

Actual Age

20 30 40
age [days]

Estimated Age

20 30 40
age [days]
actual age [days]

Fig. 7.

estimated age [days]

o ¥ smmocmeamo ao

Page 18

oo

o

+ e~ ano@am 0 ao
r @
o

"6‘
l?o\ oo @

® N
NS q,q,'z?’(bf‘o o
actual age [days]

a Fracture age distribution of the ideal sample, limited to 0-49 days (1,246 images), with
the actual distribution at the bottom and the estimated distribution at the top. b Scatterplot
of actual age versus predicted age, with dotted lines demarcating absolute estimation errors
within 7 days. Circles are opaque to better illustrate clusters of overlaying data points. The
Pearson correlation coefficient is 0.80. ¢ Box plots illustrating the distributions of predicted
fracture age for different fracture age groups. The mean prediction for each age group is
marked with an *y”. Results represent an example of one cross-validated model trained with

MAE loss
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