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Cervical spine MRI plays a crucial role in evaluating degenerative 
cervical spondylosis (DCS). However, it is time-consuming to 
interpret and prone to interobserver variability. Deep learning 
models (DLMs) could mitigate these issues by allowing more 
consistent and efficient assessment. Recently, a DLM was 
developed to grade spinal canal and neural foraminal stenosis at 
each disc level, similar to radiologist evaluations.

The performance of DLMs in real-world clinical settings varies, 
with some studies indicating significant enhancements in 
radiologist efficiency and accuracy, while others report mixed 
outcomes. Therefore, evaluating these models in practical 
scenarios is essential.

This study aims to assess whether implementing a previously 
developed DLM enhances radiologists’ efficiency and accuracy in 
reporting DCS MRIs.

Background

The test dataset included 50 MRIs from 2015-2018 from Ng Teng 
Fong General Hospital, Singapore. Two musculoskeletal 
radiologists (MSKs) (JH, YT; both 12 years-post-board-
certification) provided reference standard labels in 
consensus, using established grading systems. Ten readers were 
split into two groups and prospectively interpreted anonymized 
MRIs at using a crossover study design (Figure 1).

The DLM was trained on 454 adult cervical spine MRIs from 
National University Hospital, Singapore. It comprises a 
convolutional neural network (CNN) and transformer (Figure 2) 
allowing detection and grading of spinal canal and neural 
foramina stenosis at each disc level, and achieved high 
agreement on intitial validation. No further model training was 
performed. 

The primary outcomes were interpretation time (seconds per 
MRI, Linear Mixed Model analysis) and interobserver agreement 
(Gwet’s kappa) with the reference standard. Assuming a medium 
effect size (Cohen’s d=0.5), 80% power and 0.05 significance, 50 
MRIs were included. 

Materials and Methods

Figure 1: Using a crossover design, ten readers with varying 
experience labeled cases with and without deep learning model use. 
The experience of each reader post-board certification is in parentheses 
(for residents, the year of training is displayed). 
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Note- MSK = musculoskeletal radiologist, Gen = general radiologist, Res = 
resident, DLM = deep learning model

Figure 2: The two-component deep learning model uses a 
convolutional neural network (ResNet50, pre-trained with COCO) 
backbone for feature extraction. The 2D feature map is combined with 
positional encoding before being fed into a transformer. This then uses 
a multi-attention head mechanism and feed forward networks to 
generate predicted class labels, overlaid for review by readers. Readers 
could modify gradings as required. 
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The test dataset comprised 50 MRIs (2555 images) from 50 
patients (mean age=60, SD14; 13(26%) women). The 
distribution of reference standard gradings showed a slightly 
higher proportion of grade 0/1 labels.

DLM use significantly improved interpretation time by 69-308 
seconds (p<0.001) (Table 1). There was no difference between 
groups (Bonferroni corrected p=1.000)

DLM use improved interobserver agreement across all stenosis 
gradings compared to baseline (Table 2), although not all 
metrics reached statistical significance. Notably, DLM 
performance alone was equivalent or superior to all readers. 

Results

Table 1: Timings taken for readers to label the test dataset at 
baseline and with deep learning model use. 

Readers Baseline With DLM Use Difference in time (95% CI)* p value

Within group#      

     MSK
   Gen
   Res

209 (101)
159 (27)

490 (649)

119 (57)
90 (42)

182 (218)

-90 (-102- -79)
-69 (-80- -58)

-308 (-380- -235)

<0.001
<0.001
<0.001

Note- data are times in seconds with standard deviation or 95% confidence 
intervals (*) in parentheses, or p values. # paired T tests

Table 2: Interobserver variability with the reference standard for 
all-class and dichotomous (grade 1/2 vs 2/3) grading

Readers Baseline With DLM Use p value for 
Difference

All-Class Grading
Spinal canal
  MSK 
  Gen
  Res
  DLM

0.47 (0.43-0.51)
0.48 (0.42-0.53)
0.46 (0.42-0.50)

N/A

0.59 (0.56-0.63)
0.69 (0.64-0.74)
0.68 (0.65-0.72)
0.72 (0.66-0.79)

<0.001
<0.001
<0.001

N/A
Neural foramina
  MSK 
  Gen
  Res
  DLM

0.44 (0.41-0.47)
0.43 (0.39-0.47)
0.41 (0.38-0.44)

N/A

0.52 (0.49-0.55)
0.55 (0.51-0.59)
0.48 (0.45-0.51)
0.56 (0.50-0.62)

<0.001
<0.001
0.003

N/A
Dichotomous Grading

Spinal canal
  MSK 
  Gen
  Res
  DLM

0.60 (0.56-0.65)
0.65 (0.59-0.72)
0.63 (0.58-0.68)

N/A

0.67 (0.62-0.71)
0.77 (0.71-0.82)
0.77 (0.73-0.81)
0.81 (0.74-0.88)

0.052
0.008

<0.001
N/A

Neural foramina
  MSK 
  Gen
  Res
  DLM

0.60 (0.56-0.63)
0.66 (0.62-0.71)
0.67 (0.64-0.70)

N/A

0.72 (0.69-0.75)
0.73 (0.69-0.77)
0.70 (0.67-0.73)
0.73 (0.67-0.79)

<0.001
0.003
0.230

N/A

Note- data are Gwet’s kappas with 95% confidence interval in parentheses, 
or p values. MSK = musculoskeletal radiologist, Gen = general radiologist, 
Res = resident, DLM = deep learning model

DLM use enhanced efficiency and accuracy in DCS MRI 
assessment across experience levels, potentially 
addressing conventional limitations like interpretation 
tedium and interobserver variability. 

Time-savings and accuracy gains for spinal canal 
assessement correlated inversely with experience level, 
echoing similar studies on lumbar spine MRI. Conversely, 
improvement in accuracy levels for neural foraminal 
assessment did not follow this trend. Other factors like 
radiologist’s adaptability and personality likely also play a 
part.

The DLM had equivalent or better performance than all 
readers. However, comprehensive radiologist assessment 
remains necessary for evaluating findings beyond the 
model’s training, such as marrow signal abnormalities.  Our 
DLM implementation focuses on supporting radiologists, 
integrating with our PACS to overlay bounding boxes on 
DICOMs, prioritising patient safety and data security.

Study limitations include a relatively small sample size, 
variability in institutional imaging protocols and grading 
scales. Future studies could include other findings 
important to treatment like alignment or cord signal. 

Discussion

Conclusion 

Using a DLM improved radiologists’ interpretation time and 
interobserver agreement, regardless of experience level.
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