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ABSTRACT

Background Degenerative cervical myelopathy (DCM) is
the most common form of atraumatic spinal cord injury
globally. Clinical guidelines regarding surgery for patients
with mild DCM and minimal symptoms remain uncertain.
This study aims to identify imaging and clinical predictors
of neurological deterioration in mild DCM and explore
pathophysiological correlates to guide clinical decision-
making.

Methods Patients with mild DCM underwent advanced
MRI scans that included T2-weighted, diffusion tensor
imaging and magnetisation transfer (MT) sequences, along
with clinical outcome measures at baseline and 6-month
intervals after enrolment. Quantitative MRI (QMRI) metrics
were derived above and below maximally compressed
cervical levels (MCCLs). Various machine learning (ML)
models were trained to predict 6 month neurological
deterioration, followed by global and local model
interpretation to assess feature importance.

Results A total of 49 patients were followed for a
maximum of 2 years, contributing 110 6-month data
entries. Neurological deterioration occurred in 38% of
cases. The best-performing ML model, combining clinical
and gMRI metrics, achieved a balanced accuracy of 83%,
and an area under curve-receiver operating characteristic
of 0.87. Key predictors included MT ratio (demyelination)
above the MCCL in the dorsal and ventral funiculi and
moderate tingling in the arm, shoulder or hand. gMRI
metrics significantly improved predictive performance
compared to models using only clinical (bal. acc=68.1%)
or imaging data (bal. acc=57.4%).

Conclusions Reduced myelin content in the dorsal and
ventral funiculi above the site of compression, combined
with sensory deficits in the hands and gait/balance
disturbances, predicts 6-month neurological deterioration
in mild DCM and may warrant early surgical intervention.

INTRODUCTION
Degenerative cervical myelopathy (DCM) is
the most common form of atraumatic cervical

"8 Nicholas Dea,’® Jefferson R Wilson, '

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Mild degenerative cervical myelopathy (DCM) pres-
ents a challenge in clinical management due to its
unpredictable natural history. This is caused by a
lack of reliable prognostic indicators of neurological
deterioration, leading to a lack of consensus on when
to recommend surgical intervention for patients with
minimal symptoms but who may deteriorate.

WHAT THIS STUDY ADDS

= This study demonstrates that combining quantita-
tive MRI (qMRI) metrics, particularly magnetisation
transfer (MT) ratios, with clinical outcome measures
significantly enhances the ability to predict early
neurological deterioration in mild DCM.

= Our single-centre study comprises one of few lon-
gitudinal, multiyear cohorts of patients with non-
operative mild DCM.

= Demyelination in the dorsal and ventral spinal cord
regions above the level of compression was found
to be a key marker of deterioration within patients.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Incorporating gMRI methods, such as tract-specific
MT ratio, may allow for better-informed surgical
decision-making and early intervention in individual

patients with mild DCM.

spinal cord injury.'* DCM is an umbrella term
for several degenerative changes in the spinal
column that cause progressive compression
of the cervical spinal cord. These underlying
changes may include cervical spondylosis,
ossification of the posterior longitudinal
ligament, ossification of the ligamentum
flavam and degenerative disc disease.'
Typical symptoms include gait imbalance,
dexterity impairment in the hands, upper
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and lower extremity numbness and sphincter dysfunc-
tion.” Currently, the most widely accepted method of
classifying DCM severity is through the clinician-reported
modified Japanese Orthopaedic Association (mJOA)
scale. The mJOA scale assesses upper and lower extremity
motor dysfunction, upper extremity sensory dysfunction
and sphincter dysfunction.* Scores are stratified into
mild (mJOA 15-18), moderate (mJOA 12-14) and severe
(mJOA<12) DCM.” The minimum clinically important
difference, for patients with mild, moderate and severe
DCM with a change in mJOA of 1, 2 or 3 points across
time, respectively.’

Surgery is currently the only effective treatment for
DCM, yet clinical guidelines remain unclear on its effec-
tiveness for patients with mild disease.” Likewise, an inter-
national survey of 699 surgeons, physicians and academics
found no consensus on the management of mild DCM.®
A cost-utility analysis study suggested that early surgery
for patients with mild DCM was cost-effective for the
Canadian healthcare system, being associated with life-
time gains in health-related quality of life (HRQOL).?
However, if an individual patient is minimally affected
by symptoms and their risk of neurological deterioration
could be reliably estimated as low, then surgical treatment
would be unlikely to be superior to the natural history.

The widespread adoption of MRI has allowed for the
confirmation of DCM diagnosis and the development of
sophisticated treatment plans.'” Conventional MRI acqui-
sitions typically include T, weighted series in the sagittal
and axial plane which provide sharp contrast between the
spinal cord, cerebrospinal fluid and surrounding struc-
tures.’ Support in the literature has grown with respect
to quantitative and advanced MRI techniques capable of
capturing metrics of axon integrity and spinal cord demy-
elination. A systematic review of clinical studies suggested
the importance of diffusion tensor imaging (DTI) and
magnetisation transfer (MT) sequences in improving
the diagnosis and treatment of DCM.'” DTI measures
the directional diffusivity of water per voxel; thus, axon
integrity metrics could be derived and could predict func-
tional impairment in mild-to-moderate DCM." MT scans
provide a measure of myelin content through the exci-
tation of protons in water molecules bound to macromol-
ecules and can ultimately be represented as a ratio (MT
ratio (MTR))."* However, the inclusion of quantitative
MRI (qMRI) protocols requires advanced analytical tech-
niques that are not implemented routinely."”

The use of semi-automated machine learning (ML)
based systems is one means of integrating qMRI metrics
into a clinical decision-making framework. Currently,
predictive modelling of neurological deterioration in
patients with mild DCM is inaccurate, unreliable and
rarely seen in the literature. One study was able to predict
changes in the Short Form-36 HRQOL measure with an
area under curve (AUC) of 0.77-0.78 in 193 patients with
mild DCM.'® The study did not include qMRI metrics
within its modelling pipeline. While showing promise, no
ML models have been published that predict neurological

deterioration in non-operative patients with mild DCM.
Furthermore, existing mild DCM ML models lack the
inclusion of comprehensive gMRI-derived metrics, such
as fractional anisotropy (FA) and MTR.

In this study, we developed supervised ML models aimed
at predicting neurological deterioration among patients
with non-operative mild DCM who were enrolled in our
observational study. We observed patients from the time
of diagnosis and at 6-month intervals after enrolment with
clinical outcome measures and gMRI metrics focussing on
axonal integrity (DTI-derived) and demyelination (MT-de-
rived). We also explored pathophysiological correlates that
may offer clinicians insight to help guide decision-making.

METHODS

Study subjects

As of January 2023, 508 patients with a diagnosis of DCM
were enrolled in the Canadian Spine Outcomes Research
Network Registry through the University of Calgary
Spine Program. A subset of these patients were enrolled
in concurrent longitudinal studies titled ‘Personalized
decision making after a diagnosis of cervical myelopathy:
quantitative MRI within an artificial intelligence frame-
work’ and ‘Natural History of Mild Degenerative Cervical
Myelopathy: an observational study’. These longitudinal
studies included the collection of an advanced MRI and
clinical metric protocol. Exclusion criteria for this study
included patients with other confounding neurological
conditions (ie, Parkinson’s disease), patients with other
compressive spinal cord pathologies (ie, spinal cord
tumours) and patients who did not fall within the mild
mJOA severity class.

For this study, we identified 49 consecutive patients
with non-operative mild DCM whose data was collected
for up to 2 years using 6-month intervals. All collected
data was de-identified and stored in a Brain Imaging Data
Structure format before analysis.17

Patient and public involvement
No patient and public involvement.

Clinical metrics data collection

The mJOA was collected at baseline and the changes in
m]JOA after 6months were used as the primary outcome in
this study.* Deterioration was considered as a loss of 1 or
more points on mJOA over the study period. Other clinical
metrics collected include gait and balance function (30-
metre walk test and the Berg Balance Scale),' hand func-
tion (grip strength test and quick disabilities of the arm,
shoulder and hand (quickDASH) test)'? and global func-
tion (Myelopathy Disability Index).*” We also collected
included age, sex, body mass index (BMI), smoking status
and the presence or absence of a Hoffman sign.

MRI data collection

Advanced imaging protocol

All MRI data was acquired on the same 3T GE scanner.
A T,weighted acquisition was acquired as follows:
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FIESTA-C sequence (T,weighted); 512x512, NEX
1.0, FOV 200 mm, slice thickness 0.4 mm; resulting
in a voxel size of 0.4x0.4 x 0.4 mms, collected in the
coronal plane. MRI records also contained sequences
suggested in the spine-generic protocol, namely: DTI
and MT image acquisitions, each with 13 axial slices
across the C1-C7 vertebrae, using a variable gap to
alternate between bone and intervertebral discs. DTI
used spin-echo single-shot echo planar imaging with
three acquisitions averaged offline, b=800s/mm® in 25
directions, 5 images with b=0 s/mm2 and resolution of
1x1 x 5mm?® (7 min total). MT used two-dimensional
spoiled gradient echo with/without MT pre-pulse
(offset=1.2kHz), with 1x1 x 5mm?® voxels, for 8 min
total. Total imaging time for all acquisitions together
came to approximately 30 min after accounting for
patient positioning, slice prescription and high-order
shimming.

Atlas-based spinal cord analysis

DTI and MT-derived metrics were used to quantitatively
assess spinal cord axon integrity and demyelination
respectively. Quantitative metrics were derived using the
Spinal Cord Toolbox (SCT), an all-in-one open-source
spinal cord specific Python package designed to analyse
and derive metrics of the spinal cord.”' Initially, the spinal
cord was segmented on T ,-weighted images,” followed by
semi-automated vertebral level labelling.*” The vertebral

Figure 1
with mild DCM with focal cord compression at the C4/C5 disc level. Subplot B contains axial images of the DTl FA map and
MTR map above the level of MCCL. Subplot C contains segmentation and atlas examples of the regions collected for data
extraction with the study. DCM, degenerative cervical myelopathy; DTI, diffusion tensor imaging; FA, fractional anisotropy; GM,
grey matter; MCCL, maximally compressed cervical level; MTR, magnetisation transfer ratio; WM, white matter.

DTI FA map '
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levels were then resampled in the DTI/MT space. This
allowed for a more accurate estimation of the vertebral
levels using the anatomical contrast advantages of T,
weighted images. Next, the PAM50 template®* was regis-
tered to the DTI/MT space and the white matter atlas®
was warped to fit the image appropriately. Quality control
inspection of the final warped atlas and vertebral levels
was done by a graduate student with 5 years of MRI anal-
ysis experience.

DTI metrics, including FA, axial diffusivity, medial
diffusivity, radial diffusivity, along with MT metrics such
as MTR were derived from one vertebral level above
and below the maximally compressed cervical level
(MCCL). DTI/MT metrics were collected in this way
due to poor quality control of SCT metrics at the levels
of severe compression and consistent analysis failure.
The MCCL was determined individually by a graduate
student focused on DCM research with 5 years of expe-
rience in MRI analysis and a neurosurgery-trained
spine fellow on all collected MRI scans. MCCL was
established as a consensus between both raters. Using
the SCT atlas-based analysis, DTI and MT metrics were
derived as described for the entire spinal cord, white
matter tracts collectively, grey matter tracts collec-
tively, the ventral funiculi, dorsal funiculi and lateral
funiculi (figure 1). A complete list of derived metrics
can be found in online supplemental appendix A.

¢ Cord

L

-

Spinal
-z

Representation of collected metrics above and below MCCL. Subplot A shows the T2w sagittal image of a patient
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Manually derived MRI metrics

Each T2-weighted scan underwent manual analysis of
cord compression and spinal canal diameter measure-
ment in both the axial and sagittal plane. This consisted of
evaluating the C2-T1 disc levels as either having cerebro-
spinal fluid present, minimal cord compression or severe
cord compression. Furthermore, at each vertebral level
spinal canal diameter was measured between the middle
of the dorsal surface of the vertebral body to the middle
of the ventral surface of the lamina. This methodology
was followed based on previous work aimed at identifying
neurological deterioration in patients with non-operative
DCM.*

A subset of 50 randomly selected scans underwent
repeat evaluations by a neurosurgery fellow with a subspe-
cialty focus in spine surgery to validate assessment reli-
ability. This was done through the use of the Cohen kappa
statistic and via two-way random effect, single random
rater intraclass correlation testing between the two raters.

ML approach

Data preprocessing

All data preprocessing was done using the SciKit-Learn
python package. Data preprocessing included splitting
the data into 80% training data and 20% testing data.
This was followed by data imputation of missing data
using a linear regression iterative imputer for continuous
variables and a mode-based imputer for categorical vari-
ables. Data scaling included minimum-maximum scaling
for continuous variables and one hot encoding for cate-
gorical variables. Recursive feature elimination with
cross-validation (RFECV) was used to eliminate redun-
dant features, followed by Principal Component Analysis
(PCA) to reduce the dimensionality of the feature set. This
dimensionality reduction is intended to combat model
overfitting and improve model generalisability. Following
this reduction, Synthetic Minority Over-Sampling was
implemented to combat the data set imbalance.

Hyperparameter tuning and model evaluation

Logistic regression (LR), random forest classifier (RFC)
and support vector classifier (SVC) models were all tuned
and evaluated to determine the best-fit model. These were
chosen based on previous evidence suggesting their effi-
cacy within a DCM population.27 Hyperparameter tuning
was done through a fivefold, 10-repetition stratified cross-
validated grid search aimed at maximising the model’s
balanced accuracy score. A complete list of tested hyper-
parameters is included in online supplemental appendix
B. The tuned model was then evaluated on the testing set
and evaluated for balanced accuracy, F1 score (harmonic
mean of precision and recall), receiver operating char-
acteristiccAUC  (ROC-AUC), sensitivity and specificity.
Shapley Additive Explanations (SHAP), a game theo-
retic approach to explain ML model predictions, was
employed on the best-performing model to evaluate
global model feature importance.” Local Interpretable
Model-agnostic Explanations (LIME) were employed on

the most reliably predicted cases in each of the deterio-
rate and non-deteriorate cohorts to evaluate local model
feature importalnce.29

RESULTS

Patient characteristics

Initially, 74 patients with a diagnosis of mild DCM were
enrolled in our longitudinal studies. 25 patients were
excluded from this analysis as the patient and surgeon
elected for operative treatment rather than an observa-
tional treatment plan or the patient was missing their
6-month mJOA data. Ultimately, there were 110 included
scans from 49 unique patients. 42 scans correspond to
patients who experienced neurological deterioration
within 6 months and 68 scans correspond to patients for
whom the mJOA remained stable or improved across
6months (figure 2). The longitudinal nature of the study
meant that each unique patient underwent multiple
assessments and each assessment was used as an indepen-
dent data point within the model (figure 3).

The mean baseline mJOA of the patient group was
16.7+1.0. The mean change in mJOA over 6 months was
1.4+0.8and 0.4+0.7 for patients who deteriorated and
did not deteriorate, respectively. The mean overall age of
the participants was 58.7+12.9 and the average BMI was
26.5+4.8. A minority of patients (14.5%) smoked ciga-
rettes. The C5/C6 disc level was the most common MCCL
for both patients who deteriorate (43%) and those who
do not deteriorate (41%). A summary of patient demo-
graphics between the deterioration and non-deterioration
cohorts can be seen in table 1.

Model performance

The best-performing model, as measured by average
balanced accuracy, contained the data set with a combi-
nation of gqMRI-derived metrics and clinical metrics
(table 2). The ML models containing only imaging-based
metrics had the greatest range of accuracy with a~30%
difference between the tuned LR model and the SVC
model. The best imaging-only model (0.643) and clinical-
only model (0.732) performed worse than the worst-
performing combination model (0.795). Generally, the
imaging-only models had lower sensitivity than specificity,
averaging 0.458 and 0.691, respectively. The combined
models showed an opposite trend with a mean sensitivity
of 0.917 and a mean specificity of 0.714. On the other
hand, the clinical-only model had an average sensitivity
and specificity of 0.667 and 0.691. When compared across
data sets, the SVC was the best-performing model type
with an average balanced accuracy of 0.735 followed by
RFCs (0.702) and LRs (0.631). The area under the ROC
curve follows a similar trend with the combined support
vector classifier model (0.87), outperforming the clinical-
only (0.71) and imaging-only (0.72) models (figure 4).
The Fl-scores in model performance followed the same
trend with SVC outperforming both LR and RFC models.
The SVC F1 score for the combined model (0.778)
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74 patients (153 scans) enrolled
with mild DCM

18 patients (18 scans) eliminated
due to:

56 patients (135 scans) that are
non-operative

A

 Operative treatment plan

7 patients (23 scans) eliminated due

Y

49 patients (112 scans) with
baseline and 6 month mJOA
present

to:
* missing 6 month mJOA

Y

2 scans eliminated due to:

A/

49 patients (110 scans) with
baseline and 6 month mJOA

present
32 patients 40 patients
(42 scans) (68 scans)
deteriorate do not
deteriorate

»| ¢ poor imaging derived metric
quality

Figure 2 Patient enrolment overview. The final included data set contained 49 unique patients totalling in 110 6-month scan
entries. With data collected every 6 months, many patients were categorised as both patients who deteriorate (n=42) and those
who do not (n=40). Patients who have been enrolled in the study for a longer duration and contain more data points are more
likely to have experienced deterioration at some point in their enrolment. Each patient scan was entered within the model as an
independent data point. Overall, there are more patients who do not deteriorate than those who do, aligning with the expected
natural history of mild DCM. 18 patients were eliminated due to enrolment within an operative treatment plan. A small number
of scans (n=2) were eliminated due to poor imaging-derived metrics as a result of poor template registration that could not be
manually corrected. DCM, degenerative cervical myelopathy; mJOA, modified Japanese Orthopaedic Association.

outperformed the clinical-only (0.667) and imaging-only
(0.533) models.

Model explainability

Following RFECV, the data set was reduced from 171
unique features to 102, which was further refined to 32
principal components, which captured 90% of the vari-
ance in the data. From the original feature set, SHAP

analysis was conducted on the best-performing model
and highlighted the 20 most important features for model
performance (figure 5) which includes 13 imaging-
derived metrics and 7 clinical metrics. Of the 13 imaging-
derived, 10 came from DTI/MT images and 3 were
T,weighted based metrics. Five of the most important
gqMRI-derived metrics were collected above the MCCL

Al-Shawwa A, et al. BMJ Neurol Open 2025;7:6000940. doi:10.1136/bmjno-2024-000940
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12mo 18mo 24mo

Time of Assessment
Figure 3 Representation of the change in the neurological condition of the uniquely enrolled patients. Each box represents
an independent 6-month time period, with consecutive boxes representing the consecutive periods of enrolment and data
collection for a single patient. A blue box means that the patient did not experience a decrease in mJOA, particularly in that
6-month duration. A red box means that the patient did experience a decrease in mJOA by 1 or more points within the past
6 months. Consecutive red boxes indicate a repeated decrease in mJOA at multiple data collection sessions. Grey boxes
indicate missing or incomplete data collection for that 6-month time period. Patients who have been enrolled for longer in the
study are likely to experience deterioration at some point in their enrolment, with only patients who have been enrolled for 1
year not experiencing deterioration. While deterioration is described as a decrease in mJOA by 1 or more points, the functional
and quality of life decline is not captured in this figure. BL, baseline; mJOA, modified Japanese Orthopaedic Association; 6mo,
6 months; 12mo, 12 months; 18mo, 18 months; 24mo, 24 months.
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Table 1 Characteristics of patients included in the ML
model data set. There is a balance between patients who
are male (47 %) and female (53%) and the mean age of

all subjects is 58.7 years. A majority of patients contain a
negative Hoffman sign. 14% of enrolled patients smoke.
The most common cervical level of maximal compression is
the C5/C6 region (41%) followed by the C4/C5 level (31%).
A majority of patients contain a combination of pathologies
leading to their DCM, with degenerative disc disease and
spondylosis being the most common independently and
most likely to be seen within the same patient

Study subjects

Characteristics (n=49)
Age in years 58.7 (12.9)
Sex (male/female) 23/26 (47/53)
BMI (kg/m2) 26.5 (4.8)
Smoking status (yes/no) 7/42 (14/86)
Hoffman sign present (positive/ 19/29/1
negative/NA) (38/60/2)
Six-month change in mJOA score -0.3(1.2)
Maximally compressed cervical level

C3/C4 6 (12)

C4/C5 15 (31)

C5/C6 20 (41)

Ce6/C7 8 (16)

Data is given as absolute numbers (percentage) or mean (SD).
BMI, body mass index; DCM, degenerative cervical myelopathy;
mJOA, modified Japanese Orthopaedic Association Scale; ML,
machine learning; NA, missing data.

and five were collected below the MCCL. The five most
influential metrics to model performance include MTR
of the dorsal/ventral funiculi above the MCCL, moderate
tingling in the arm, shoulder and hand (quickDASH item

10), the total quickDASH score and MTR of the lateral
funiculus below the MCCL, respectively. MTR above the
MCCL of the dorsal funiculus had the most significant
model impact with a mean model output magnitude of
0.12 (SHAP value), with the next most important feature
(MTR above the MCCL of the ventral funiculus) having
a magnitude of 0.07. These feature importance trends
are reflected at both the overall and individual patient
prediction levels (figure 6).

DISCUSSION

For patients with mild DCM, there is uncertainty about
whether to pursue surgical intervention because symp-
toms are relatively mild and it has been difficult to reli-
ably predict if neurological deterioration will occur. This
study demonstrated that a combination of clinical and
gMRI metrics that capture information relevant to the
pathophysiology of spinal cord injury offer improved
predictive ability with respect to clinical deterioration
after a diagnosis of mild DCM. In doing so, this study has
demonstrated the utility of semi-automated qMRI-derived
metrics and supports the need for advanced imaging in
the monitoring and clinical decision-making process for
patients with mild DCM.

Retrograde degeneration as a marker of early neurological
deterioration

Our models indicate that MTR may be more sensitive
for detecting early neurological deterioration than
DTI-based metrics in mild DCM. MTR metrics account
for three of the five most important metrics in this ML
model’s prediction. Furthermore, MTR metrics above and
below the MCCL were identified as important, suggesting
the potential usefulness in identifying retrograde and
anterograde (Wallerian) axonal degeneration. In a novel
cervical spondylotic myelopathy rat model, evidence of

Table 2 Tuned ML model testing set performance on differing data set variations. The overall best-performing model based
on balanced accuracy was the SVC when clinical and imaging metrics were combined (0.830). That model’s sensitivity and
specificity were 0.875 and 0.786, respectively. The worst-performing model based on balanced accuracy was the logistic
regression model of imaging-only metrics. A majority of models performed within the 0.6-0.7 balanced accuracy range. The
RFC of the combined clinical and imaging metrics contained a sensitivity score of 1.000, indicating that it was capable of
correctly predicting which patients would deteriorate in every case

Data set variation Model type Balanced accuracy F1 score Sensitivity Specificity
Imaging metrics only LR 0.464 0.400 0.500 0.429

RFC 0.616 0.462 0.375 0.857

SVC 0.643 0.533 0.500 0.786
Clinical metrics only LR 0.634 0.556 0.625 0.643

RFC 0.670 0.588 0.625 0.714

SVC 0.732 0.667 0.750 0.714
Combined imaging and clinical metrics LR 0.795 0.737 0.875 0.714

RFC 0.821 0.762 1.000 0.643

SVC 0.830 0.778 0.875 0.786

LR, logistic regression; ML, machine learning; RFC, random forest classifier; SVC, support vector classifier.
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Figure 4 ROC curves for the imaging-only, clinical-only and combined data sets across varying model types. Subplot A
contains the imaging-only metric models, subplot B contains the clinical metric-only models and subplot C contains the models
using a combination of clinical and imaging metrics. The AUC of each model is reported in the figure caption. When imaging
and clinical metrics were combined, the most performed better with AUC scores above 0.8 than when imaging and clinical
metrics were used independently. The logistic regression model for imaging-only metrics performed worse with an AUC lower
than random guessing (0.43). AUC, area under curve; LR, logistic regression; RFC, random forest classifier; ROC, receiver

operating characteristic; SVC, support vector classifier.

retrograde and Wallerian degeneration, particularly in
spinal cords facing prolonged compression has been
shown.” Furthermore, our ML model highlighted retro-
grade degeneration in the dorsal funiculi as an important
indicator of neurological deterioration, aligning with

electrophysiological findings from Kanchiku et al rabbit
model study.”

Ellingson et al have indicated that a reduction in FA
values at the site of compression is a strong biomarker
for differentiating between patients with moderate DCM
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Figure 5 The 20 most important features for model performance are represented through SHAPely values. The represented
plot comes from the combined clinical and imaging SVC model following tuning, validation and testing. The plot contains the
20 most important metrics for model performance with 10/20 coming from gMRI metrics. 3/5 most influential metrics for the
model’s performance were metrics of demyelination as represented through the MTR. The most important clinical metrics were
Item 10 of the quickDASH scale (tingling and numbness in the arm, shoulder or hand) and the overall quickDASH score of the
patient. AD, axial diffusivity; CSA, cross-sectional area; CSF: cerebrospinal fluid; DF, dorsal funiculus; FA, fractional anisotropy;
GM, grey matter; LF, lateral funiculus; MCCL, maximally compressed cervical level; mJOA, modified Japanese Orthopaedic
Association; MTR, magnetisation transfer ratio; quickDASH, quick disabilities of the arm, shoulder and hand questionnaire;
gMRI, quantitative MRI; RD, radial diffusivity; SHAP, Shapley Additive Explanations; SVC, support vector classifier; T/F, True/

False; VF, ventral funiciulus; WM, white matter.
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Figure 6 Model prediction feature importance for the most reliably predicted case in each cohort. The prediction probability of
the non-deteriorate patient was 0.98 and the prediction probability of the deteriorate patient was 0.92. The original value of the
metric for the patient is represented through (value). CC, cord compression; DF, dorsal funiculus; LF, lateral funiculus; MCCL,
maximally compressed cervical level; mJOA, modified Japanese Orthopaedic Association; MTR, magnetisation transfer ratio;
quickDASH, quick disabilities of the arm, shoulder and hand questionnaire; SHAP, Shapley Additive Explanations; VF, ventral

funiciulus; WM, white matter.

and patients with mild/asymptomatic DCM."” However,
the study indicated that FA values could not significantly
differentiate between patients with no neurological
impairment and those with mild neurological impair-
ment."” This is demonstrated in this study in which FA
was the most important of the DTI metrics with an overall
feature importance of seventh place.

Clinical and qMRI metrics play complementary roles
in determining the risk of neurological deterioration.
When trained on clinical or qMRI metrics independently,
the ML model’s performance accuracy decreased on
average by 9%. This indicates that while gMRI metrics are

important to model performance, the inclusion of clinical
metrics that symptomatically express spinal cord deterio-
ration can act to improve the model’s predictive capacity.
Interestingly, the most important clinical metric of the
model’s performance was the quickDASH score, specifi-
cally a ‘moderate’ score in quickDASH item 10 (moderate
tingling in the arm, shoulder and hand). This aligns with
gMRI MTR metrics in the dorsal funiculus which contain
sensory tracts and were highlighted as the most important
feature in the model. Ultimately, it appears that early
myelin breakdown in the spinal cord at regions affecting
fine sensory function (such as upper extremity sensory
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function) may be indicative of early neurological deteri-
oration in patients with mild DCM and may warrant early
surgical intervention. Although, it must be highlighted
that our target outcome, the mJOA scale, is heavily influ-
enced by hand sensory function and therefore may cause
sensory clinical metrics to be weighed more significantly
within the model. Further validation and investigation
are needed.

DCM pathobiology

There are many pathobiological consequences of
prolonged and chronic compression of the cervical
spinal cord." The chronic pathobiological consequences
for patients with mild DCM remain unclear, particularly
for patients who may face mild compression over many
years and who are more likely to induce compensatory
mechanisms within the cord.” Recent studies have indi-
cated that chronic intraparenchymal ischaemia may
be the cause of neural degeneration within the spinal
cord,” ** inducing a unique immune response.” Based
on the feature importance of our ML model, which is
most strongly affected by demyelination surrogates such
as MTR and less strongly by axonal markers, we suggest
that this immune response may impact cord myelination
more than axon integrity within patients with mild DCM,
although further investigation is required.

Another study has suggested that neuronal loss and
demyelination can be explained through spinal cord
tethering which increases intramedullary pressure.*
Interestingly, the same study found demyelination to
begin in the ventral funiculus and progress to the lateral
and dorsal funiculus.* This contrasts with our finding
suggesting a greater emphasis on the dorsal funiculus
in patients with mild DCM followed by the ventral and
lateral funiculus. It has been suggested that compensa-
tory mechanisms, particularly supraspinal and ‘cortico-
spinal reserve capacity’ may help to preserve neurological
function while degeneration takes place.” ** Similarly,
our ML model shows low importance to many gross
motor skills, such as tasks in the Berg Balance Scale, as
they are likely to remain unchanged in patients with
mild DCM. Our model did highlight the lower extremity
motor component of the mJOA score as an important
metric, even if only mild compromise to stability is seen.
We speculate that if compromise to gross motor function
such as walking stability is seen in the early stages of DCM
progression and is not masked by compensatory mecha-
nisms, spinal tract compromise by way of demyelination
may already be occurring.

Limitations

The primary limitation of this study is its single-centre
design which restricts the model’s generalisability. The
use of 6-month intervals led to multiple scans from the
same patients, who are monitored more closely than
typical clinical practice, possibly enhancing the detection
of minor deterioration compared with broader cohorts.
Furthermore, the use of only non-operative patients

may limit the model’s generalisability in the context of
a broader patient population. Another limitation of this
study is the lack of inter-rater testing of the collected clin-
ical metrics. The reliance on SHAP and LIME, through
surrogate-model-based explanations, is a limitation
as some models lack inherent interpretability making
complete verification of the identified important features
challenging. Despite this, the overall trends in feature
importance are likely robust. The inclusion of numerous
gMRI and clinical metrics on a limited number of patient
scans increases model complexity which may lead to over-
fitting and reduced statistical power. We mitigated this
through PCA, RFECV and cross-validation, but a larger
data set of unique patients would enhance reliability. This
study is also limited in SCT’s segmentation algorithm
capability which currently does not segment at regions
of severe compression. Future studies with updated SCT
segmentation algorithms will help to overcome this limita-
tion, allowing for metric collection at the site of maximal
compression.

CONCLUSION

This study presents a new ML model using qMRI-derived
and clinical metrics to predict 6-month neurological
deterioration in patients with non-operative mild DCM,
achieving 83% peak balanced accuracy. Key imaging
and clinical metrics identified as potential deterioration
markers include retrograde MTR in the dorsal and ventral
funiculus, mild gait imbalance and moderate tingling in
the arm, shoulder and hand. While these factors reliably
contribute to the model’s predictions, further investi-
gation and validation are necessary. Future studies plan
to expand the data set to multicentre patient groups,
including a wider range of disease severity and work
toward validating these models for clinical application.
Furthermore, future studies should work to include a
more comprehensive set of imaging and clinical metrics,
including morphological spinal cord features, and test
advanced ML approaches such as deep learning methods.
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