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ronic traumatic
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Abstract
Despite the availability of a series of tests, detection of chronic traumatic osteomyelitis is still exhausting in clinical practice. We
hypothesized that machine learning based on computed-tomography (CT) images would provide better diagnostic performance for
extremity traumatic chronic osteomyelitis than the serological biomarker alone. A retrospective study was carried out to collect
medical data from patients with extremity traumatic osteomyelitis according to the criteria of musculoskeletal infection society. In
each patient, serum levels of C-reactive protein (CRP), erythrocyte sedimentation rate (ESR), and D-dimer were measured and CT
scan of the extremity was conducted 7 days after admission preoperatively. A deep residual network (ResNet) machine learning
model was established for recognition of bone lesion on the CT image. A total of 28,718 CT images from 163 adult patients were
included. Then, we randomly extracted 80% of all CT images from each patient for training, 10% for validation, and 10% for testing.
Our results showed that machine learning (83.4%) outperformed CRP (53.2%), ESR (68.8%), and D-dimer (68.1%) separately in
accuracy. Meanwhile, machine learning (88.0%) demonstrated highest sensitivity when compared with CRP (50.6%), ESR (73.0%),
and D-dimer (51.7%). Considering the specificity, machine learning (77.0%) is better than CRP (59.4%) and ESR (62.2%), but not D-
dimer (83.8%). Our findings indicated that machine learning based on CT images is an effective and promising avenue for detection of
chronic traumatic osteomyelitis in the extremity.

Abbreviations: CIs = confidence intervals, CRP = C-reactive protein, CT = computed-tomography, ESR = erythrocyte
sedimentation rate, IQR = interquartile range, NLR = negative likelihood ratio, NPV = negative predictive value, ORs = odds ratios,
PLR = positive likelihood ratio, PPV = positive predictive value, ResNet = deep residual network.
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1. Introduction

Chronic traumatic osteomyelitis is defined as a long-term or
persistent bone infection caused by local injury, with character-
istics of inflammation-associated bone destruction with new
bone formation simultaneously.[1] The incidence of this disease
has increased up to 24.4/100,000 in this decade as a
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complication of open fracture and internal fixation surgery.[2]

Nowadays, chronic traumatic osteomyelitis is still a tough
problem for clinicians due to its long disease course, high risks
of recurrence and disabilities, complex treatment, and increased
socioeconomic costs.[3,4] The early detection of chronic
traumatic osteomyelitis is the key for reducing the immense
influence on patients and the society.[5] New method to improve
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the detective ability for bone infection after trauma is highly
desirable in clinical practice.[1]

Conventional clinical practices of detection of chronic
traumatic osteomyelitis are mainly based on medical history,
clinical symptoms, laboratory test, imaging modalities, and
pathological examination.[6] Indeed, serum levels of inflamma-
tion-related biomarkers play a key role in assistance for infection
diagnosis.[7] The most widely used serological tests for the
infectious disease include C-reactive protein (CRP) level,
erythrocyte sedimentation rate (ESR), and D-dimer.[8,9] To
improve the diagnostic accuracy for chronic traumatic osteomy-
elitis, imaging of the affected bone is also considered as a useful
assistant tool. Computed-tomography (CT) scan is able to detect
early osseous erosion and document the presence of sequestrum,
foreign body, soft tissue swelling, periosteal reaction, and
decreased attenuation of the medullary space.[10] CT scan is
not expensive and widely available in most hospitals.[11]

However, the ability to examine large quantity of CT images
accurately is heavily dependent on personal experience, and
detection of the bone infection is often too subjective.[12]

Recently, machine learning has emerged as a potential tool for
lesion finding which is difficult for human experts by rapidly
reviewing immense amounts of images.[13,14] Traditional ma-
chine learning focused on feature engineering mainly, which
involved computing explicit features specified by experts,
resulting in algorithms designed to detect disease pathology or
specific lesions.[15] Deep learning is a kind of machine learning
technique that avoids such engineering by learning the most
predictive features directly from the images given a large dataset
of labeled examples.[16] Meanwhile, it has potential benefits such
as increasing efficiency, reproducibility, and coverage of screen
programs, reducing barriers to access, and improving patient
outcomes by providing early detection and treatment for
disease.[13] This technique uses an optimization algorithm called
back-propagation to indicate how a machine should change its
internal parameters to best predict the desired output of an
image.[13] The development of convolutional neural network
layers has allowed for significant gains in the ability to classify
images and detect objects in a picture.[17] Recent studies on deep
learning demonstrated a marked elevation in the diagnostic
ability of retinopathy and pneumonia.[18] To the best of our
knowledge, there is still no research in the literature to explore
machine learning algorithm for the detection of chronic traumatic
osteomyelitis in the extremity.
In this study, a deep learning algorithm of deep residual

network (ResNet) for image classification was established for
effective detection of extremity chronic traumatic osteomyelitis.
Meanwhile, the preoperative diagnostic performance of machine
learning based on CT images was also compared with serological
biomarkers including CRP, ESR, and D-dimer.

2. Materials and methods

2.1. Data collection

A retrospective study on the detection of extremity chronic
traumatic osteomyelitis was conducted in the Second Affiliated
Hospital of Zhejiang University School of Medicine with
approval of the Ethical Medical Committee. Written consents
from the participants were waived due to the retrospective design
of the present study. The patients’ personal information was
anonymized and de-identified before analysis. Index terms of
chronic osteomyelitis were set for search between January 1,
2

2014, and January 1, 2018. The records retrieved initially were
reviewed for eligibility assessment. Patients’ data were collected
by searching electronic medical records of the hospital. The
design of our study is shown in Figure 1.
Chronic traumatic osteomyelitis, defined as a persistent

infection of bone marrow for more than 10 weeks due to injury,
was diagnosed on the basis of intra-operative histopathological
tests, or cultures from at least 2 infection sites with the same
organism or a definite sinus tract connecting directly the tibial
bone.[19,20] Records of the enrolled patients contained the
following data: gender, age, infected anatomical site, intra-
operative microorganism culture outcome, treatment strategies,
preoperative serum biomarkers, and CT images after admission.
Eligible patients were those with a definite diagnosis of extremity
chronic traumatic osteomyelitis, with serum levels of CRP, ESR,
D-dimer, and CT scan images in 7 days after admission
preoperatively. Excluded were the records of patients diagnosed
with acute osteomyelitis, septic arthritis, chronic osteomyelitis in
the non-extremity bones (e.g., skull and maxilla), and non-
traumatic chronic osteomyelitis. In addition, patients with other
comorbidities (e.g., tumor, autoimmune diseases, multiple
myeloma, and other system inflammations) that might affect
serum biomarker levels were also excluded. If a patient had
multiple medical records for multiple hospitalizations, only the
most relevant records (chronic traumatic osteomyelitis-associat-
ed data) were kept for analysis.
Thepositive rate of eachbiomarkerwasdefinedas the numberof

patients over the upper limit of normal value of the biomarker
divided by the total number of patients with medical records of
such a biomarker. Serum levels of ESR were detected using
automatic ESR analyzer (Electa Lab, XC-40B, Forli, Italy). CRP
level was detected using automatic biochemical analyzer (Beck-
man, AU5421/AU5431, CA, USA). D-dimer level was detected
using automated blood coagulation analyzer (Siemens, Sys-
mexCS5100, Germany). ESR for males: 15mm/h and for females:
20mm/h; CRP: 5mg/l; D-dimer: 500ng/ml.[7] CT scans of the
affected limb for all patients were conducted for lesion detection
and evaluation in the Second Affiliated Hospital of Zhejiang
University School of medicine. For CT scanning, axial slices in
high-resolution mode (0.33 mm thick) were obtained from the
proximal to distal tibia using a SOMATOMDefinition AS System
(Siemens,Germany).Thefieldof viewwas set to24cmwith120kV
(peak) and 200mA. Images window levels were set to bone levels
(window=2,000, level=300). The CT scan images were exported
from the picture archiving and communication systems in the
hospital and observed in the Image J software. The images around
the bone lesion including some normal part were used for further
evaluation and labeling. The CT images were labeled as infection
or non-infection by three experienced doctors with consistency.
2.2. Image pre-processing

There were fixed positions of texts in the original CT images
(Fig. 2A), which could negatively affect subsequent recognition.
Photoshop software version CC (Creative Cloud) was used in our
work to clip the fixed areas where text existed and fill these areas
with black pixels (Fig. 2B).

2.3. Deep learning algorithm development

The CT images were loaded onto a computer with the Keras deep
learning framework, with CUDA 9.0/cuDNN 7.0 dependencies



Figure 2. Processing of CT image. (A) Pre-processing of the image. (B) Post-processing of the image.

Figure 1. Flowchart of the study.
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Figure 3. The building block of residual network.
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for graphics processing unit acceleration. Residual network was
used in our work to recognize CT images.[21] When training a
deep neural network with the increasing of layers, it would
probably face the problem of degradation. It could be understood
that for different inputs, only a small number of hidden units in
each layer change their activation values, while the rest remained
unchanged. This problem would lead to an initial rising first
followed by a rapid falling in the accuracy rate. Residual learning
framework could solve the problem of degradation. The building
block of residual network is shown in Figure 3.
H(x) was applied to denote the underlying mapping. Another

mapping of F(x)=H(x) – x was used for the stacked nonlinear
layers. The original map was represented as F(x) + x. The
formulation of F(x) + x was realized by the feedforward neural
networks with “shortcut connections.” The shortcut connection
was utilized for identity mapping, and their outputs were added
to the outputs of the stacked layers. Then stochastic gradient
descent was carried out to train the network after adding shortcut
connections. It had been confirmed that better classification
accuracy could be acquired by optimization of residual networks
with the depth of networks increasing.
Table 1

Culture results of patients for chronic extremity osteomyelitis.

Culture results No. of patients

Methicillin-sensitive Staphylococcus aureus 14
Staphylococcus epidermidis 12
Methicillin-resistant S. aureus 18
Pseudomonas aeruginosa 9
Aerobacter cloacae 4
Serratia marcescen 3
Streptococcus equisimilis 3
Hemolytic streptococcus 2
Bacillus mirabilis 3
2.4. Evaluating the algorithm

The original dataset had 28,718 CT images from 163 different
patients, including 7668 infection images and 21,050 non-
infection images. The CT images of each patient were relatively
independent.We randomly extracted 80%of the CT images from
each patient for training, 10% for validation, and 10% for
testing. We artificially enlarged the training set by generating
image translations and horizontal reflections. The training set
was then applied to train the algorithm, and the validation set
was used for adjusting hyper-parameters. The model could
determine whether a CT image belonged to infection or non-
infection. There was no overlap in three sets. On the testing set,
sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), positive likelihood ratio (PLR), and
negative likelihood ratio (NLR) were used to evaluate the
algorithm.
Bauman acinetobacter 2
Enterococcus faecalis 2
Escherichia coli 2
Negative cultures 89
2.5. Statistical analysis

Descriptive statistical analysis of ESR, dimer, and CRP was
conducted for all variables. Statistical analysis was conducted
4

using the SPSS 19.0 software (SPSS Inc, Chicago, IL). Continuous
variables were revealed as the mean± standard deviation with
interquartile range (IQR) depending on data distribution.
Dichotomous variables were expressed as percentages. Chi-
Squared test was used to compare rates among different groups
with corresponding odds ratios (ORs) and 95% confidence
intervals (CIs). A P value of <.05 was defined as statistical
significance.
3. Results

A total of 163 cases were enrolled in our study, including 114
males and 49 females, with a median age of 50 years. The culture
results of these patients with chronic traumatic osteomyelitis are
listed in Table 1. The rate of positive cultures in the cohort was
45.40% (74/163) and the rate of negative cultures was 54.60%
(89/163) for extremity chronic traumatic osteomyelitis. Themean
serum CRP was 12.82mg/L (quartile, 2.15, 11.60mg/L). The
mean serum ESRwas 23.75mm/hr (quartile, 6.00, 30.50mm/hr).
The mean serum D-dimer level in osteomyelitis was 787.05ng/
mL (quartile, 305, 785ng/mL).
The CRP showed a sensitivity and specificity of 50.6% (95%

CI 39.8% to 61.2%) and 59.4% (95% CI 47.4% to 70.5%).
As for ESR, the sensitivity and specificity are 73.0% (95% CI
62.4% to 81.6%) and 62.2% (95% CI 50.1% to 73.0%). The
D-dimer demonstrated a sensitivity and specificity of 51.7%
(95% CI 46.6% to 62.3%) and 83.8% (95% CI 73.0% to
91.0%). For CT image recognition based on machine learning,
2884 CT images from 163 patients were used for testing. We
took 10% images from each patient for recognition. The
sensitivity of image recognition was 70%. At the image level,
the recognition accuracy was 93%, the specificity was 94%,
and the sensitivity was 90%. At the patient level, if the patient
had 1 or more CT images identified as osteomyelitis, the
patient was identified as an osteomyelitis patient, which is
consistent with clinical practice. With this CT image recogni-
tion standard, the sensitivity and specificity were 88.0% (95%
CI 79.9% to 94.2%) and 77.0% (95% CI 65.5% to 85.7%).
In conclusion, the machine learning showed the highest
accuracy (83.4%) when compared with CRP (53.2%), ESR
(68.8%), and D-dimer (68.1%). The detailed results for the
performance of serological biomarkers and deep learning for
diagnosis of extremity chronic traumatic osteomyelitis are
shown in Table 2.



Table 2

Performance of serum tests and machine learning for diagnosing chronic extremity osteomyelitis with 95% confidence interval
∗
.

Indicators ESR D-dimer CRP Machine learning

True negative (N) 46 62 44 57
False negative (N) 24 43 44 10
False positive (N) 28 12 30 17
True positive (N) 65 46 45 79
Sensitivity 73.0% 51.7% 50.6% 88.8%

(62.4%,81.6%) (46.6%,62.3%) (39.8%,61.2%) (79.9%,94.2%)
Specificity 62.2% 83.8% 59.4% 77.0%

(50.1%,73.0%) (73.0%,91.0%) (47.4%,70.5%) (65.5%,85.7%)
PPV 69.9% 79.3% 60.0% 82.3%

(59.4%,78.7%) (66.3%,88.4%) (48.0%,71.0%) (72.9%,89.1%)
NPV 65.7% 59.0% 50.0% 85.1%

(53.3%,76.4%) (49.0%,68.4%) (39.2%,60.8%) (73.8%,92.2%)
PLR 1.93 3.19 1.25 3.86

(1.40,2.65) (1.83,5.55) (0.88,1.76) (2.53,5.90)
NLR 0.43 0.58 0.83 0.14

(0.30,0.62) (0.46,0.72) (0.66,1.04) (0.08,0.26)
∗
N=No. of patients, CRP=C-reactive protein, ESR= erythrocyte sedimentation rate, NLR=negative likelihood ratio, NPV=negative predictive value, PLR=positive likelihood ratio, PPV=positive predictive

value.
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4. Discussion

The detection of extremity chronic traumatic osteomyelitis is still
time consuming and troublesome for clinicians.[1] The ever-
increasing use of digital imaging provides opportunities to
establish rich and deep datasets for disease lesion analysis
objectively and precisely.[13] In the present study, a deep learning
model of ResNet algorithm based on CT images was established
for recognizing extremity chronic traumatic osteomyelitis. Our
findings demonstrated that machine learning based on CT images
could provide more accurate and efficient detection for extremity
chronic traumatic osteomyelitis than serum biomarkers such as
CRP, ESR, and D-dimer separately.
In clinical practice, CT scan is widely performed for chronic

osteomyelitis due to its less cost and more convenience when
compared with other imaging methods.[12] However, a previous
research showed that the CT evaluation only has a sensitivity of
67% and a specificity of 50% in chronic osteomyelitis.[22] In fact,
the performance of CT examination for disease diagnosis is
limited due to its large variations in pathology, its decreased soft
tissue contrast, and potential fatigue of human experts.[10,13]

With the development of machine learning, computer-assisted
diagnosis based on images is more efficient and objective than
human assessment for certain disease.[18] The deep learning
neural network can recognize key areas of interest on the CT
images which correspond to the pathological lesion.[23] Through
discovering morphological and textural patterns in images from
data, researchers were able to achieve 90.3% sensitivity and
98.1% specificity for detecting referable diabetic retinopathy on
validation set.[24] The main challenge in applying deep learning
for recognizing chronic osteomyelitis arises from the limited
number of available training samples to build deep models
without overfitting.[14] In this study, we generated artificial
samples via affine transformation and then trained the network
from scratch with the expanded dataset. Meanwhile, considering
the structure among neighboring pixels or voxels as the
important source of information, we designed a convolutional
neural network to utilize the spatial configuration effectively by
taking images per se as input.[25] Based on above procedures, we
had a significant improvement in diagnostic accuracy of CT
5

evaluation to 83.4% for chronic osteomyelitis based on deep
learning algorithm.
In the present study, we compared the role of machine learning

based on CT images with the serum biomarkers. Nowadays,
serological biomarker is still tested for the detection of chronic
osteomyelitis due to its assistant value. However, its diagnostic
accuracy is limited due to complex factors including disease
nature, severity of infection, pathogens, and courses of the bone
infection. According to a previous study, CRP and ESR had a
positive rate of 54.65% and 65.57% respectively, which was
consistent with our findings.[7] Indeed, machine learning showed
better performance than single serum biomarker on accuracy and
sensitivity in extremity chronic traumatic osteomyelitis. Interest-
ingly, our results indicated that D-dimer showed a higher
specificity (83.8%) than machine learning (77.0%). Recently, a
prospective study showed that D-dimer might be a potential
indicator for diagnosis of periprosthetic joint infection with a
sensitivity of 89% and specificity of 93%.[9] For the higher
sensitivity in periprosthetic joint infection, we speculated that
periprosthetic joint infection was located in the joint and the
inflamed synovium secretes a large amount of fibrin, which was
degraded subsequently and leads to the increased concentration
of D-dimer in serum.[26] As for chronic extremity osteomyelitis,
the lesion is mainly located on the tibial bone without synovium
and its characteristics are quite different from those of
periprosthetic joint infection.[8,27,28] However, the high specifici-
ty of D-dimer indicated its potential value for follow-up
evaluation in chronic traumatic osteomyelitis after treatment.
Indeed, our study still has several limitations. First, we only

included images from patients who met our study criteria and the
neural network was trained on these images. With more available
dataset from other institutions, deep learning model might find
more generalized features in medical images, thus allowing a
further improvement in performance. Second, we had not applied
this technology for the detection with the samples or images from
the unknown patients, as would be more useful andmore realistic
for the application of this technology in the hospitals.
Furthermore, when investigating the underlying patterns in CT
images by applying deep learning, because of its black-box-like
characteristics of deep model, it still remains challenging to
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understand and interpret the learned model intuitively.[14]

Second, we used only 3 serological biomarkers for assessment
of chronic osteomyelitis due to its retrospective and observational
design.
5. Conclusion

In this study, a residual (ResNet) algorithm based on CT images
showed better diagnostic performance compared to serological
biomarkers such as CRP, ESR, andD-dimer for extremity chronic
traumatic osteomyelitis. In future, a multi-category classification
system combining biological indicators and CT image-based
machine learning might provide more practical significance and
generality for chronic osteomyelitis.
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