Supplementary Material 1.0 for ISSLS PRIZE in Clinical Science 2023: comparison of degenerative MRI features of the intervertebral disc between those with and without chronic low back pain. An exploratory study of two large female populations using automated annotation.

Validation of SpineNet and other grading systems
Grading systems are normally published in journals, with example images presented on paper or digital format, so it is rare for more than a few example images to be shown. This makes it difficult for annotators to convert these images into gradings of images from diverse MRI machines, acquisition protocols and sequence choices. The human observers are then asked to be consistent when annotating hundreds or thousands of images. It is unsurprising that reliability is only ‘moderate at best”, even with multiple observers [1].

Another confounder is variability in human annotation. A common strategy to mitigate this is to use more than one observer. Unfortunately, the systematic view found correspondence between observers to be ‘moderate at best’ [1]. 

It is our view that automated image annotation overcomes most of these biases. SpineNet standardises the grading systems. It reflects the annotations of a single expert Professor of Radiology whose validation was an effectively masked internal control of 121 repeat presentations of randomly selected studies to annotate months after the original annotation without knowledge that he had seen them already. SpineNet takes ~5 seconds to analyse each spine image fully, compared to 30-40 minutes for manual analysis in the Genodisc training set, making re-annotation of large groups feasible.  It took Prof. McCall 2 years to annotate the full dataset and random repeats. SpineNet provides a report giving Pfirrmann gradings [2] and scores other degenerative features (https://zeus.robots.ox.ac.uk/spinenet2/).

SpineNet has not been found wanting in a number of different validation studies using various methodologies, achieving 91% agreement with the original training dataset [2]. We and others have validated SpineNet in other settings: We compared SpineNet with a Japanese annotator (who was part of the Wakayama group). Agreement was 70%. We then retrained SpineNet on Wakayama material and agreement between this modified SpineNet and the original annotation was 91% [3]. Investigators in Wake Forest compared SpineNet annotation of spinal stenosis with the level chosen for spinal decompressive surgery [4]. In another study a dataset annotated in Zurich was used to validate SpineNet annotation, concluding SpineNet is a valuable alternative for analysing MRIs from large cohorts for diagnostic and research purposes [5]. A study from Finland applied SpineNet to an existing human annotated population cohort, concluding: ‘SpineNet demonstrates acceptable performance in external validation for lumbar disc degeneration MRI grading in spite of multiple challenges facing the generalisability of a Deep Learning model in this context’ [6]. 

Spinal MRIs are widely used in clinical practice but do not intrinsically deliver diagnoses. The scan must be interpreted by annotation, and this process is flawed in terms of consistency and low-quality evidence. Grading systems abound but are generally published in journals. Human annotation demands interpreting images either on paper or by digital transfer to other media and then subject to human interpretation and comparison with digital images on screen. Unsurprisingly, errors accumulate during this process. One method to try to overcome this is to use multiple observers. Unfortunately, this tends to exacerbate the problem. The Brinjikji systematic review found in lumbar spine MRI that multiple annotations showed ‘moderate at best’ correlations between observers (~70% agreement). This problem is exacerbated in large datasets when human observers are subject to fatigue and inconsistency, and it is probably impossible to use this method in very large datasets with any hope of obtaining a valid result in a reasonable space of time. (In Genodisc spinal images took 2 years to annotate manually. Iain McCall, Private Communication). This may well be the reason why all the series in Brinjikji’s systematic review were small (no large cohorts in literature were available in 2014.)

Niemeyer et al (2021) [7] have reported a Deep Learning Model based on an intensely annotated training set with high kappa scores (>0.9) with 1599 patients. It may be that this creates a ‘better’ ground truth, but requires more validation studies to prove this, including accounting for age and spinal level. One of their objectives was to detect small to medium effects in longitudinal studies but has not been tested yet on this, or another training cohort.

Conclusion
At this stage we conclude that SpineNet annotation should be considered as equivalent to a single expert human annotator, or as a common language, like Esperanto, with the advantage that annotation can be completed in 5 seconds in comparison with an expert human who takes 30-40 minutes to complete a detailed annotation. This paper provides another example of a validation study. This process is not yet complete, but we conclude that it is reasonable to apply SpineNet, as we have here, in a research setting. 
MRI annotation can be used for stratification, which may eventually have clinical implications.
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Table S1
Prevalence of Disc Degeneration versus Age - Comparison of 4 studies of asymptomatic females. 
	Study
	Study type
	Number of female participants
	MRI Definition of Disc degeneration
	Lumbar Levels

	Greifswald [2]
	Population cohort
	~628
	Pfirrmann 4+5 pooled with other degenerative features
	All levels pooled

	Wakayama [7]
	Population Cohort
	~274
	Pfirrmann 4+5
	All levels pooled

	TwinsUK [This report]
	Population cohort
	763
	Pfirrmann 4+5
	L4/5 + L5/S1

	Brinjikji [1]
	Systematic Review (33 studies)
	Males and females pooled by age
	Not defined
	All levels pooled
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Figure S1
This graph compares prevalence of disc degeneration in females by age in the 4 unrelated studies in Table S1. Large variations are seen. 3 of the 4 studies follow epidemiological practice and pool data from all lumbar levels. The current study is selective by level of involvement. Other unaccounted factors include variation in annotation practice, pooling of degenerative features and ethnicity




Prevalence of  asymptomatic Disc Degeneration  versus Age (decades) in 4 studies
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