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OBJECTIVE A major shortcoming in optimizing care for patients with cervical spondylotic myelopathy (CSM) is the 
lack of robust quantitative imaging tools offered by conventional MRI. Advanced MRI modalities, such as diffusion MRI 
(dMRI), including diffusion tensor imaging (DTI) and diffusion basis spectrum imaging (DBSI), may help address this 
limitation by providing granular evaluations of spinal cord microstructure.
METHODS Forty-seven patients with CSM underwent comprehensive clinical assessments and dMRI, followed by DTI 
and DBSI modeling. Conventional MRI metrics included 10 total qualitative and quantitative assessments of spinal cord 
compression in both the sagittal and axial planes. The dMRI metrics included 12 unique measures including anisotropic 
tensors, reflecting axonal diffusion, and isotropic tensors, describing extraaxonal diffusion. The primary outcome was 
the modified Japanese Orthopaedic Association (mJOA) score measured at 2 years postoperatively. Extreme gradient 
boosting–supervised classification algorithms were used to classify patients into disease groups and to prognosticate 
surgical outcomes at 2-year follow-up.
RESULTS Forty-seven patients with CSM, including 24 (51%) with a mild mJOA score, 12 (26%) with a moderate mJOA 
score, and 11 (23%) with a severe mJOA score, as well as 21 control subjects were included. In the classification task, 
the traditional MRI metrics correctly assigned patients to healthy control versus mild CSM versus moderate/severe CSM 
cohorts, with an accuracy of 0.647 (95% CI 0.64–0.65). In comparison, the DTI model performed with an accuracy of 
0.52 (95% CI 0.51–0.52) and the DBSI model’s accuracy was 0.81 (95% CI 0.808–0.814). In the prognostication task, 
the traditional MRI metrics correctly predicted patients with CSM who improved at 2-year follow-up on the basis of 
change in mJOA, with an accuracy of 0.58 (95% CI 0.57–0.58). In comparison, the DTI model performed with an ac-
curacy of 0.62 (95% CI 0.61–0.62) and the DBSI model had an accuracy of 0.72 (95% CI 0.718–0.73).
CONCLUSIONS Conventional MRI is a powerful tool to assess structural abnormality in CSM but is inherently limited in 
its ability to characterize spinal cord tissue injury. The results of this study demonstrate that advanced imaging tech-
niques, namely DBSI-derived metrics from dMRI, provide granular assessments of spinal cord microstructure that can 
offer better diagnostic and prognostic utility.
https://thejns.org/doi/abs/10.3171/2024.4.SPINE24107
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CerviCal spondylotic myelopathy (CSM) is the lead-
ing cause of progressive disability in patients older 
than 65 years.1 A major shortcoming in optimiz-

ing care for patients with CSM is the lack of quantifiable 
imaging metrics to guide surgical decision-making. Con-
ventional imaging techniques such as MRI provide valu-
able data on structural abnormalities in CSM but cannot 
quantitatively assess white matter tracts. Biomarkers de-
rived from quantitative diffusion MRI (dMRI), such as 
diffusion tensor imaging (DTI), have shown promise in 
predicting disease severity and neurological outcomes,2 
but can be confounded by the complex pathophysiology 
of CNS disorders.2 To address these shortcomings, we 
previously developed diffusion basis spectrum imaging 
(DBSI), a data-driven multiple-tensor model capable of 
resolving dMRI signals to accurately reflect both complex 
intraaxonal and confounding extraaxonal structures and 
pathologies.3–8

Despite the increasing popularity of advanced MRI 
modalities, no study has assessed their application in 
CSM in relation to traditional MRI metrics. As such, we 
compared conventional MRI measures with those attained 
from DTI and DBSI in both characterizing CSM patho-
physiology and prognosticating long-term outcomes. We 
hypothesized that traditional MRI measures would be 
useful to characterize disease pathology but lack detailed 
evaluations of white matter tract integrity that can help 
inform long-term outcomes. The results of this study may 
help identify clinically meaningful imaging biomarkers to 
deliver more targeted therapeutics and provide more per-
sonalized surgical decision-making when treating patients 
with CSM.

Methods
Study Description

This is a prospective cohort study comprising 50 pa-
tients with CSM who were enrolled after presenting to the 
neurosurgery outpatient clinic between 2018 and 2020. 
Patients 18–75 years of age with a history of ongoing spi-
nal cord compression and symptomatic CSM with clinical 
signs of myelopathy were included. Patients were excluded 
if they were pregnant or unable to tolerate MRI sequenc-
ing or if they had concomitant thoracic and/or lumbar ste-
nosis, rheumatoid arthritis, demyelinating diseases, spine 
tumor, or human immunodeficiency virus–related my-
elopathy. Age-matched and sex-matched healthy control 
subjects were also enrolled in the same time period. This 
study adhered to STROBE (Strengthening the Reporting 
of Observational Studies in Epidemiology) guidelines,9 
and institutional review board approval and informed con-
sent were obtained.

Clinical Measures
At initial evaluation, comprehensive demographic and 

clinical characteristics were assessed. All patients with 
CSM underwent decompressive cervical surgery with or 
without fusion, with the approach (i.e., anterior vs poste-
rior) based on the surgeon’s discretion. All patients were 
monitored for 2 years after surgery. The primary out-
come was the modified Japanese Orthopaedic Association 

(mJOA) score, with patients categorized as having mild 
(mJOA 15–17), moderate (12–14), or severe (0–11) CSM.1 
A conservative minimum clinically important difference 
(MCID) of 2 points was used to determine improvement 
at 2 years after surgery. Patients with moderate and severe 
CSM were combined into one group for analyses because 
of small sample size.

Imaging Data
All patients underwent preoperative imaging evalua-

tion, which included both traditional MRI sequencing and 
specific dMRI sequences. The following images were ob-
tained. 1) Sagittal T2-weighted images—a 3D turbo spin 
echo sequence was used with the following parameters: 
acquisition time 4 minutes 33 seconds; TR 1500 msec; TE 
15 msec; in-plane resolution 0.8 × 0.8 mm2; 64 × 0.8–mm–
thick slices; field of view (FOV) 256 × 256 cm2; and data 
matrix 320 × 320. 2) Axial T2*-weighted images from C3 
to C6—a multiecho data image combination (MEDIC) 
sequence was used with the following parameters: acqui-
sition time 4 minutes 43 seconds; TR 766 msec; TE 13 
msec; in-plane resolution 0.5 × 0.5 mm2; four 7.5-mm-
thick slices; FOV 160 × 160 cm2; data matrix 320 × 320; 
3 combined echoes; and 2 excitations. 3) dMRI data—a 
vendor-supplied ZOOMIt sequence in axial view was used 
with the same slice planning as MEDIC: acquisition time 
approximately 2 minutes per scan; TR 620 msec; TE 70 
msec; in-plane resolution 0.75 × 0.75 mm2; four 7.5-mm-
thick slices covering C3 to C6; cardiac gated; FOV 76 × 38 
cm2; and data matrix 102 × 51. dMRI data were obtained 
using a 26-direction diffusion weighting with a maximum 
b-value of 1000 sec/mm2 (0–1000 at step of 40 distributed 
randomly assigned to each diffusion-weighting direction).

Traditional MRI
All imaging measurements were made using routine 

imaging programs built into electronic health record 
systems, and were performed under the guidance of a 
board-certified neuroradiologist (Table 1, Fig. 1). Metrics 
included qualitative and quantitative assessments in both 
the sagittal and axial planes. All metrics were measured 
in reference to the level of maximum cord compression 
(LMC). In the sagittal plane, qualitative measures in-
cluded the presence of T2 hyperintensity within the cord, 
the LMC of the cervical spinal cord, the grade of spinal 
canal stenosis,10 and the degree of spinal cord compres-
sion.11 Quantitative measures included the total number of 
compressed levels in the cervical spinal cord (defined as at 
least a grade of ≥ 1 for spinal stenosis), maximum spinal 
cord compression (given by lines C/[{B+D}/2] in Fig. 1),12 
and sagittal compression ratio (given by lines C/A in Fig. 
1).13 In the axial plane, qualitative assessments included 
the type of spinal cord compression (i.e., partial or cir-
cumferential),14 the axial compression ratio (given by lines 
C/E in Fig. 1),15 and the transverse area of the cord at the 
LMC.

Diffusion MRI
The apparent disconnect between MRI findings and 

clinical manifestations may stem from the inability of 
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conventional MRI to quantify microstructural spinal cord 
injuries present in CSM.2 To address this limitation, dMRI 
has been increasingly used. In dMRI the thermal motion 
of water molecules is used as the dominant contrast mech-
anism to study the microstructure of biological tissues.2 In 
this study, the above-mentioned dMRI parameters were 
used to generate dMRI data, which then underwent post-
processing with DTI and DBSI modeling.

DTI. In conventional DTI modeling, the dMRI signals 
within an image voxel are averaged to model as a single 

tensor. DTI-derived tensors included fractional anisotropy 
(FA), which reflects overall white matter tract integrity,16 
and apparent diffusion coefficient (ADC), which measures 
water motion without reference to any one direction (e.g., 
vasogenic edema). DTI modeling also generates axial and 
radial diffusivity, which quantifies axonal injury and de-
myelination, respectively (Table 2).

DBSI. As opposed to DTI modeling, DBSI models the 
diffusion properties of water as a linear combination of 
anisotropic tensors (reflecting axonal diffusion) and iso-

TABLE 1. Spinal cord measurements on traditional MRI

Metric Plane Type Comment

T2 hyperintensity Sagittal Qualitative Presence of T2 signal w/in spinal cord
LMC Sagittal Qualitative Most compressed cervical spinal cord level
Degree of spinal cord compression Sagittal Qualitative Qualitative assessment of obliteration of subarachnoid space
Grade of spinal cord compression Sagittal Qualitative Qualitative assessment of obliteration of subarachnoid space, taking into 

account T2 signal change
Levels of spinal cord compression Sagittal Quantitative Total no. of levels of spinal cord compression*
Compression ratio—sagittal Sagittal Quantitative Ratio of midsagittal diam of spinal cord at the LMC divided by avg diam of 

spinal cord at the closest noncompressed regions above & below the LMC
Max spinal cord compression Sagittal Quantitative Ratio of spinal cord diam at the LMC to diam at the C1 level
Type of spinal cord compression Axial Qualitative Partial vs circumferential compression at the LMC
Compression ratio—axial Axial Qualitative Ratio of sagittal diam divided by transverse diam of spinal cord at the LMC
Transverse area Axial Quantitative Cross-sectional transverse area at the LMC

Avg = average; diam = diameter; max = maximum. 
* Defined as at least a grade of ≥ 1 for spinal stenosis.

FIG. 1. Measurements from sagittal (left) and transverse (right) views of T2-weighted MRI of the cervical spinal cord. These 
measurements include lines marked A: diameter of cord at the level of C1 vertebra; B: diameter of cord at the first level superior 
to the LMC that is normal; C: diameter of cord at the LMC; D: diameter of cord at the first level inferior to the LMC that is normal; 
E: transverse diameter of cord at the LMC; and F: transverse area of cord at the LMC (circle).
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tropic tensors (describing extraaxonal diffusion).17 DBSI-
derived anisotropic tensors also include FA2 and axial and 
radial diffusivity.18 DBSI modeling also generates fiber 
fraction, a measure of axonal density.18 DBSI intraaxonal 
axial diffusivity minimizes water signals from extraax-
onal compartments, and therefore is expected to possess 
greater sensitivity for axonal injury (Table 2).

DBSI-derived isotropic tensors rely on ADC, a mea-
sure of the magnitude of free diffusion of water.17 Unlike 
DTI modeling, however, ADC cutoffs are used to generate 
more granular isotropic tensors. Small ADC values reflect 
water diffusion within cells, whereas large ADC values 
signal the presence of extracellular water.7 These isotro-
pic tensors include restricted fraction (ADC ≤ 0.3 μm2/
msec), which reflects levels of cellularity,19 and nonre-
stricted fraction (ADC > 0.3 μm2/msec), which measures 
edematous water.20 DBSI extraaxonal fraction measures 
water signals from extraaxonal compartments and pro-
vides a robust assessment of vasogenic edema. By mea-

suring both anisotropic and isotropic diffusion tensors, 
DBSI can describe coinciding pathologies, such as axonal 
injury (anisotropic tensors) and edema (isotropic tensors). 
Refer to Supplementary Methods for detailed information 
on DTI and DBSI modeling of dMRI signals.

Derivation of MRI Metrics
dMRI of the spinal cord was processed using a Py-

thon-implemented pipeline developed in our laboratory to 
process all data. Image data were converted from native 
(Digital Imaging and Communications in Medicine) to 
the Neuroimaging Informatics Technology Initiative for-
mat for all scans. Using a 2D registration procedure with 
slicewise translations in the axial plane, the image data 
were preprocessed to correct for motion artifacts due to 
subject motion or physiological noise. Each dMRI slice 
was then nonlinearly registered using Advanced Neuro-
imaging Tools to the corresponding image slice within 
the PAM50 template (available for T1-, T2-, and T2*-
weighting contrasts). Hand-drawn regions of interest were 
applied to the warped maps to extract diffusion metrics in 
white matter tracts.

Statistical Analyses
Our analysis flow sheet is summarized in Fig. 2.

Univariate Analysis
Imaging metrics were compared across patient groups 

(i.e., healthy control, mild CSM, and moderate/severe 
CSM) by using independent samples t-tests, ANOVA, 
Fisher exact tests, and chi-square tests. Pearson correla-
tions or ANOVA were used to explore the relationship 
between imaging metrics and mJOA scores (i.e., preop-
erative, postoperative, and change). A correlation matrix 
was built comparing all imaging metrics with each other 
by using Pearson correlations. Given the exploratory na-
ture of our analyses, multiple comparisons testing was not 
performed. Probability values < 0.05 were considered sta-
tistically significant. The intraclass correlation coefficient 
(ICC) was calculated for a subset of 25% of the MR im-
ages to assess the interrater reliability.

TABLE 2. Spinal cord measurements on dMRI

dMRI Modality Clinical Correlate

DTI, single tensor
 ADC Edema
 FA White matter tract integrity
 Axial diffusivity Axonal integrity
 Radial diffusivity Myelin integrity
DBSI, multiple tensors
 FA White matter tract integrity
 Fiber fraction Axonal density
 Axial diffusivity Axonal integrity
 Radial diffusivity Myelin integrity
 Restricted fraction Cellularity
 Nonrestricted fraction Vasogenic edema
 Intraaxonal axial diffusivity Axonal integrity 
 Extraaxonal fiber fraction Vasogenic edema

FIG. 2. A schematic representation illustrating the analysis strategy used in the study. CON = control; Mod/Sev = moderate/severe.
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Model Building
A supervised classification machine learning model 

that uses the extreme gradient boosting (XGBoost) algo-
rithm21 was chosen because it is well known for its high 
predictive accuracy and computational efficiency. Gradi-
ent boosting is an ensemble algorithm that accumulates 
weak models such as decision trees to the ensemble to 
minimize previous model errors.22,23

Three sets of imaging predictors based on MRI were 
examined: traditional, DTI, and DBSI features (Fig. 2). 
First, in the preoperative setting, the XGBoost model was 
used to assess how accurately MRI measures could cor-
rectly classify patients into healthy control, mild CSM, 
and moderate/severe CSM groups. Next, at 2-year follow-
up, including only patients with CSM, the model was used 
to predict which patients experienced a clinically mean-
ingful improvement after surgery, defined by the MCID of 
the mJOA. For each objective (i.e., classification and prog-
nostication), 3 models were built using traditional MRI 
metrics only, DTI metrics only, or DBSI metrics only, for a 
total of 6 models (Fig. 2). Performance measures included 
accuracy, area under the curve (AUC), precision, and F1 
score. Nonoverlapping 95% confidence intervals between 
models for a given performance metric (e.g., accuracy) 
were considered statistically significantly different.24

Numerical variables were centered and scaled, and 
categorical variables were preprocessed using one-hot en-
coding.25 Hyperparameter tuning of the XGBoost models 
was performed to identify the combination of parameters 
of the XGBoost model that yielded the highest accuracy.26 
This was performed using grid search, which involves de-
fining a grid of hyperparameters to be tested and using 
5-fold cross-validation for model evaluation. Recursive 
feature elimination (RFE), a feature selection algorithm, 
was used to identify variables with the greatest predictive 
power. Based on the RFE, select variables were elimi-
nated and the remaining predictors were used to train the 
final model.27,28

Model Validation
Model validation was carried out using leave-one-out 

cross-validation (LOOCV) to internally validate feature 
sets. LOOCV is more suitable and provides less biased 
performance estimates for small sample size.29 Different 
models were evaluated using accuracy, AUC, precision, 
and F1 score. The 95% confidence intervals were calcu-
lated by generating 1000 bootstrapped samples, and sta-
tistically significant differences between feature sets were 
determined by nonoverlapping confidence intervals. All 
analyses were conducted using Python version 3.12.1 and 
R version 4.3.2.

Results
Among the 50 patients with CSM who were initially 

included, 3 were excluded for clinical reasons. One patient 
underwent preoperative evaluation but ultimately did not 
undergo surgery, another was found to have severe lumbar 
stenosis at a later visit, and a third was found to have mul-
tiple comorbidities (which violated our inclusion criteria). 
Twenty-one age- and sex-matched healthy control subjects 

from the same period were included. Complete demo-
graphic, clinical, and surgical characteristics are described 
in Table 3. Of the 47 included patients with CSM, 24 (51%) 
had mild mJOA scores and 23 (49%) had a moderate or 
severe mJOA classification. The mean age of patients with 
CSM and control subjects was 57 ± 9 and 57 ± 8 years (p 
> 0.05), respectively, and the mean mJOA scores were 14 
± 3 and 17 ± 1 (p < 0.001), respectively.

The ICC revealed excellent agreement in measuring 
imaging parameters (average ICC 0.77). All MRI met-
rics (traditional, DTI, DBSI) were significantly different 
when comparing control subjects and patients with CSM 
(p < 0.05), except for the LMC, DBSI FA, and DBSI radial 
diffusivity (p > 0.05) (Supplementary Table 1). However, 
when comparing imaging measures between the patients 
with mild and moderate/severe CSM, for all traditional 
MRI metrics, except for the transverse area, there were no 
statistically significant differences (Supplementary Table 
2, p = 0.045). Most dMRI metrics also were not statisti-
cally significantly different between mJOA cohorts, except 
for DBSI intraaxonal axial diffusivity and DBSI extraax-
onal fiber fraction (p < 0.001). When correlating MRI met-
rics with preoperative, postoperative, and change in mJOA, 
there were few statistically significant associations (Sup-

TABLE 3. Demographic, clinical, and surgical characteristics of 
study participants

Characteristic Control Pts, n = 21 Pts w/ CSM, n = 47

Age in yrs 57 ± 8 57 ± 9
BMI, kg/m2 28 ± 7 29 ± 6
Sex, M:F 11:10 28:19
Tobacco use 8 (38%) 26 (55%)
ECI   
 <0 NA 0
 0 NA 12 (26%)
 1–4 NA 32 (68%)
 5–13 NA 3 (6%)
mJOA score 17 ± 1 14 ± 3
 Mild NA 24 (51%)
 Moderate NA 12 (26%)
 Severe NA 11 (23%)
Median Sx duration, mos NA 13.5, range 7–28
Surgery type   
 Anterior NA 29 (62%)
 Posterior NA 17 (36%)
 Combined NA 2 (4%)
Multilevel surgery NA 38 (81%)
Postop mJOA score NA 15 ± 3
 Change in mJOA NA 0.9 ± 2.4
 % improved* NA 14 (30%)

BMI = body mass index; ECI = Elixhauser Comorbidity Index; NA = not ap-
plicable; Pts = patients; Sx = symptom. 
Unless otherwise indicated, values are expressed as the number of patients 
(%) or the mean ± SD.
* Based on an MCID of 2 points.
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plementary Table 3). Importantly, DBSI intraaxonal axial 
diffusivity and DBSI extraaxonal fiber fraction were sig-
nificantly associated with preoperative, postoperative, and 
change in mJOA. When correlating traditional MRI mea-
sures with dMRI (i.e., DTI and DBSI) metrics, 30/56 (54%) 
relationships were significant (Supplementary Table 4).

MRI metrics were then incorporated into XGBoost 
classification algorithms. Specifically, for each objective 
(i.e., classification and prognostication), 3 models were 
built using 1) traditional MRI metrics only, 2) DTI metrics 
only, or 3) DBSI metrics only (Fig. 2). In both the clas-
sification and prognostication tasks, the XGBoost models 
built using DBSI metrics performed the best (Table 4).

In the classification task (Fig. 3A), the traditional MRI 
metrics correctly assigned patients to healthy control ver-
sus mild CSM versus moderate/severe CSM cohorts with 
an accuracy of 0.647 (95% CI 0.64–0.65) and an AUC of 
0.8 (95% CI 0.797–0.802). In comparison, the DTI model 
performed with an accuracy of 0.515 (95% CI 0.51–0.52) 
and an AUC of 0.687 (95% CI 0.68–0.69), and the DBSI 
model with an accuracy of 0.81 (95% CI 0.808–0.814) and 
an AUC of 0.904 (95% CI 0.902–0.906). In the prognosti-
cation task (Fig. 3B), the traditional MRI metrics correct-

ly predicted patients with CSM who improved at 2-year 
follow-up with an accuracy of 0.575 (95% CI 0.57–0.58) 
and an AUC of 0.418 (95% CI 0.41–0.42). In comparison, 
the DTI model performed with an accuracy of 0.618 (95% 
CI 0.61–0.62) and an AUC of 0.52 (95% CI 0.514–0.524), 
and the DBSI model with an accuracy of 0.72 (95% CI 
0.718–0.73) and an AUC of 0.645 (95% CI 0.639–0.651) 
(Table 4).

Discussion
In recent decades, there has been a growing interest 

in applying advanced imaging modalities in CSM. In the 
present study, we first investigated the performance of in-
dividual metrics derived from 3 MRI modalities—tradi-
tional, DTI, and DBSI—to differentiate control subjects 
from those with CSM, as well as patients with mild CSM 
from those with moderate/severe CSM (Fig. 2). We then 
investigated the performance of combined imaging mea-
sures in classifying patient group preoperatively (i.e., con-
trol vs mild CSM vs moderate/severe CSM) and prognosti-
cating long-term outcomes postoperatively (i.e., predicting 
change in mJOA at 2 years). Overall, our results suggest 
that in our cohort, metrics of spinal cord health derived 
from advanced dMRI are generally superior to tradition-
ally derived measures in their application in CSM on both 
univariate analyses and machine learning approaches.

Generally speaking, metrics derived from all imaging 
modalities were capable of separating control subjects and 
patients with CSM. However, it is important to note that a 
nonnegligible percentage of healthy patients exhibited im-
aging evidence of spinal cord compression, supporting the 
well-known notion that there is a significant percentage of 
the population with asymptomatic spinal cord compres-
sion.30 It is also important to note that there was not a sig-
nificant difference in DBSI FA between control subjects 
and those with CSM. However, this was an expected find-
ing, because DBSI FA is a fiber-specific metric, meaning 
that it reflects the integrity of residual axons.4 This is in 
opposition to the previously described DTI-derived FA,16 
which averages fibers with surrounding structure proper-
ties in a voxel. Comparable DBSI FA between control sub-
jects and patients with CSM suggests that residual, intact 
fibers in patients with CSM were not different from those 
of control subjects.

TABLE 4. Model performance measures of XGBoost classification algorithms on 2-year mJOA outcomes

Model MRI Modality Accuracy [95% CI] Precision [95% CI] F1 Score [95% CI] AUC × 100 [95% CI]

Classification Traditional 0.647 [0.64–0.65] 0.655 [0.65–0.66] 0.646 [0.64–0.65] 0.8 [0.797–0.802]
DTI 0.515 [0.51–0.52] 0.523 [0.52–0.53] 0.514 [0.51–0.52] 0.687 [0.68–0.69]

DBSI 0.81 [0.808–0.814] 0.82 [0.817–0.823] 0.81 [0.808–0.814] 0.904 [0.902–0.906]
Prognostication Traditional 0.575 [0.57–0.58] 0.543 [0.54–0.55] 0.552 [0.55–0.56] 0.418 [0.41–0.42]

DTI 0.618 [0.61–0.62] 0.592 [0.59–0.6] 0.596 [0.59–0.6] 0.52 [0.514–0.524]
DBSI 0.72 [0.718–0.73] 0.71 [0.7–0.714] 0.7 [0.696–0.706] 0.645 [0.639–0.651]

Accuracy is calculated as the number of correct predictions (TP+TN)/total number of predictions (TP+TN+FP+FN), where TP is true positive, 
TN is true negative, FP is false positive, and FN is false negative. Precision is calculated as the correct positive predictions (TP)/all positive 
predictions (TP+FP). Recall is calculated as the TP divided by all actual positive predictions (TP+FN). F1 score is a combination of precision 
and recall used to compare the performance between models.

FIG. 3. XGBoost model accuracies for each outcome measure stratified 
by radiological feature sets (traditional, DTI, and DBSI).
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When comparing imaging metrics between the mild and 
moderate/severe CSM cohorts, there were few significant 
differences between groups (Supplementary Table 2). Cor-
responding with this finding, few imaging measures were 
significantly associated with mJOA in the preoperative or 
postoperative period (Supplementary Table 3). These re-
sults are not entirely unexpected, however, because indi-
vidual MRI metrics likely lack the power to adequately 
parse out nuances in CSM pathology. Each measure as-
sesses a specific facet of radiographic pathology, and our 
group discovered in further analyses that it is necessary 
to use the collective, symbiotic relationship among imag-
ing measures to provide the most predictive power. Indeed, 
previous groups have tried to identify certain imaging bio-
markers that could be used in the evaluation of CSM, but 
existing evidence remains limited.31,32

Despite the limited significant findings of imaging 
metrics on univariate analyses, transverse area and DBSI 
markers of vasogenic edema (intraaxonal axial diffusivity 
and extraaxonal fraction) were significantly different in all 
univariate analyses. The cross-sectional transverse area of 
the spinal cord at the LMC has been frequently reported 
in the literature as a useful measure to assess CSM disease 
burden. The spinal cord is reported to lose function when 
the transverse area is < 55%–75%, and previous groups 
have defined a critical threshold of transverse area in pa-
tients with CSM.33 Although measuring the transverse area 
of the spinal cord is informative in characterizing baseline 
disease severity, available evidence from two high-quality 
studies from the prospective, multicenter AOSpine North 
America group demonstrated that it was not significantly 
associated with recovery.31,32

DBSI intraaxonal diffusivity and DBSI extraaxonal 
fraction are both markers of vasogenic edema.7 Although 
these metrics are scarcely mentioned in the literature be-
cause of their novelty in recent years, their significance 
is intuitive when taking the pathophysiology of CSM into 
account. In CSM, chronic spinal cord compression causes 
local ischemia, leading to endothelial cell dysfunction and 
compromise of the blood–spinal cord barrier.34 This in turn 
promotes increased cellularity (e.g., microglial infiltration) 
as well as release of inflammatory cytokines, promoting 
vasogenic edema. These results suggest that vasogenic 
edema may play a significant role in CSM pathophysiol-
ogy and may be a target for future therapeutics.

Surprisingly, we did not find significant differences be-
tween groups with other traditional MRI measures such as 
T1-weighted hypointensity and T2-weighted hyperintensi-
ties. These imaging findings are thought to be evidence for 
demyelinization, gliosis, edema, or myelomalacia,34 and 
have been associated with greater clinical impairment.35–37 
In fact, certain older studies have suggested that T2-
weighted signal hyperintensity is necessary to diagnose 
CSM.38 However, more recent large studies have found that 
these imaging findings are present in approximately 60% 
of all patients with CSM and in less than half of patients 
with mild CSM.39

Although a correlation exists between the sagittal di-
ameter of the spinal canal and CSM severity, spinal cord 
compression is not uncommon in the asymptomatic popu-
lation. Indeed, it is well known that spinal cord function 

can be preserved even under severe compression. As such, 
it was not entirely surprising that measures assessing com-
pression in the sagittal plane (Table 1) were not significant-
ly associated with worse disease. The degree and the grade 
of spinal canal stenosis are the most common mechanisms 
that radiologists use to characterize spinal cord compres-
sion in the clinical setting. Although they are very useful 
to provide a general sense of compression severity, these 
measures are not only subjective but also lack the power 
behind quantitative measurements.

Surprisingly, DTI-derived measures were globally not 
significant. One reason behind this finding may be the 
underlying postprocessing details behind DTI modeling. 
In contrast to DBSI modeling, DTI assumes a single dif-
fusion tensor averaging the diffusion profile of multiple 
microstructural compartments within an image voxel.40 
Intuitively, this may cause issues, because an image voxel 
may contain multiple spinal microstructural elements, in-
cluding axons, inflammatory cells, and the extracellular 
matrix. This effect is worsened in the context of significant 
vasogenic edema, as is expected in CSM. This, in turn, 
can confound DTI measurements intended to assess white 
matter tracts. In addition, DTI metrics can have a wide 
range of normal values, modest test–retest reliability, and 
limited sensitivity to pathology.41

Our initial results on univariate analyses demonstrated 
that there is no singular imaging metric derived from MRI 
that is particularly powerful, and that multiple measures 
assessing different aspects of spinal cord pathology are 
needed. As such, we leveraged XGBoost, a dynamic ma-
chine learning algorithm able to capture complex nonlin-
ear relationships and variable interactions. In addition, we 
used RFE to identify top predictors and limit overfitting, 
combined with LOOCV to provide the most accurate per-
formance. We specifically tested the ability of each imag-
ing modality (e.g., traditional, DTI, DBSI) to 1) classify 
patients into control, mild CSM, or moderate/severe CSM 
groups and 2) prognosticate 2-year long-term outcomes in 
patients with CSM.

Overall, models built on DBSI metrics had good dis-
crimination in correctly assigning patients into their cor-
responding groups, with an accuracy of 0.81 (95% CI 
0.808–0.814) and AUC of 0.904 (95% CI 0.902–0.906) 
(Fig. 3A). Understandably, accuracies were worse when 
predicting 2-year outcomes, with an accuracy of 0.72 (95% 
CI 0.718–0.73) and AUC of 0.645 (95% CI 0.639–0.651) 
(Fig. 3B). These accuracies were statistically significantly 
better than those from the DTI and traditional models, as 
reflected by the nonoverlapping 95% confidence intervals. 
Worse accuracies on prognostication are expected, be-
cause we intentionally did not include any clinical covari-
ates in the model, which are indispensable when predict-
ing long-term outcome. The purpose of our analysis was 
to assess the individual performance of imaging data and 
directly compare with the performance of these different 
imaging modalities.

Our contention behind the improved accuracy of DBSI 
is that the intricate processing of its modeling allows for 
the generation of granular imaging modalities that can 
capture subtle facets of disease pathophysiology that can-
not be appreciated on standard MRI. For example, T1 hy-
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pointensities and T2 hyperintensities are nonspecific and 
do not measure specific pathophysiological processes that 
occur at the microstructural level. Imaging techniques 
that can characterize microstructural changes (i.e., dMRI) 
may have greater potential for prognostication because 
they can provide insight between reversible and irrevers-
ible changes in neurons. As reflected by Supplementary 
Table 4, indeed we found that only approximately 50% of 
DBSI metrics were significantly correlated with traditional 
measures, and most of these were weak correlations. This 
suggests that, although DBSI metrics are generally related 
to traditional MRI metrics, they are capturing a different 
facet of CSM pathophysiology.

Limitations
Our study has several limitations, as follows. Our study 

was constrained by a relatively small sample size at a sin-
gle center with an institutional-specific imaging protocol 
that is still undergoing refinements.42 Along similar lines, 
another limitation of our study is that we binned patients 
with moderate and severe CSM into one group to increase 
our statistical power. These limitations may compromise 
the generalizability of our findings. Future studies across 
multiple centers with larger cohorts and standardized im-
aging protocols are essential to validate our results and 
enhance statistical power. Furthermore, the internal vali-
dation of our models using LOOCV may have limitations, 
such as potential overfitting, particularly in small sample 
sizes. Finally, because of the exploratory nature of our 
analysis, we did not perform corrections for multiple com-
parisons, increasing the risk of type I errors.

Conclusions
In CSM, a disproportion exists between the degree of 

spinal cord compression and the clinical presentation. 
Conventional MRI is a powerful tool to assess structural 
abnormality but is inherently limited in its ability to char-
acterize spinal cord tissue injury. Our results demonstrate 
that advanced imaging techniques, namely DBSI-derived 
metrics from dMRI, provide granular assessments of spi-
nal cord microstructure than can offer better diagnostic 
and prognostic utility.
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