
MUSCULOSKELETAL

Correlation of texture analysis of paraspinal musculature on MRI
with different clinical endpoints: Lumbar Stenosis Outcome Study (LSOS)

Manoj Mannil1 & Jakob M. Burgstaller2 & Ulrike Held2
& Mazda Farshad3

& Roman Guggenberger1

Received: 15 March 2018 /Revised: 9 May 2018 /Accepted: 21 May 2018 /Published online: 14 June 2018
# European Society of Radiology 2018

Abstract
Objectives The aim of this study was to apply texture analysis (TA) on paraspinal musculature in T2-weighted (T2w) magnetic
resonance images (MRI) of symptomatic lumbar spinal stenosis (LSS) patients and correlate the findingswith clinical outcomemeasures.
Methods Ninety patients were prospectively enrolled in the multi-centric Lumbar Stenosis Outcome Study (LSOS). All patients
received a T2wMRI, from which we selected axial images perpendicular to the intervertebral disc at level L3/4 for TA. Regions-
of-interest (ROI) were drawn of the paraspinal musculature and 304 TA features/ ROI were calculated. As clinical outcome
measurements, we analysed three commonly applied measures: Spinal Stenosis Measure (SSM), Roland-Morris Disability
Questionnaire (RMDQ), as well as the Numeric Rating Scale (NRS). We used two machine learning-based classifiers:
Decision table, and k-nearest neighbours (k-NN).
Results We observed no meaningful correlation between TA in paraspinal musculature and the two clinical outcome measures
SSM symptoms and SSM function, while a moderate correlation was observed regarding the outcomemeasures RMDQ (k-NN: r
= 0.56) and NRS (Decision Table: r = 0.72).
Conclusions In conclusion, MR TA is a viable tool to quantify medical images and illustrate correlations of microarchitectural
changes invisible to a human reader with potential clinical impact.
Key Points
• TA is feasible on paraspinal musculature using MRI.
• TA on paraspinal musculature correlates with SSM and RMDQ.
• TA may enable a statement regarding clinical impact of imaging findings.
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Abbreviations
AUC Area under the curve

BMI Body-mass-index
CSA Cross-sectional muscle area
DICOM Digital imaging and communications in medicine
GLCM Grey-level co-occurrence matrix
k-NN k-Nearest Neighbour
LBP Lumbar back pain
LSS Lumbar spinal stenosis
MRI Magnetic resonance imaging
NRS Numeric rating scale (pain)
PACS Picture archiving and communication system
RLM Run-length matrix
RMDQ Roland-Morris-disability questionnaire
ROC Receiver-operating characteristics
ROI Region of interest
SSM Spinal stenosis measure
TA Texture analysis
TSE Turbo spin echo
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Introduction

Lower back pain constitutes one of the main contributing fac-
tors to disability and absence from work in industrialised coun-
tries [1, 2]. A leading cause for lower back pain constitutes
lumbar spinal stenosis (LSS). LSS is a debilitating condition
caused by multifactorial narrowing of the spinal canal or ver-
tebral foramina of the lumbar spine. Symptoms of LSS include,
but are not limited to (radiating) lower back pain (LBP), muscle
weakness, paraesthesia, and pseudoclaudication [3, 4].

Magnetic Resonance Imaging (MRI) of asymptomatic indi-
viduals commonly depicts degenerative intervertebral disc
changes, nerve root compressions, spondylolysis,
spondylolisthesis, and/or foraminal stenoses [5, 6]. However,
these imaging findings neither correlate with clinical symp-
toms, nor do they consistently predict the risk of lower back
pain [7, 8]. Beattie et al [9] showed that even in symptomatic
patients, abnormal features on MRI studies demonstrate little
correlation with pain patterns. Similarly, Burgstaller et al [10]
showed negligible correlation between imaging findings and
pain severity. The missing causal link is hypothesised to be
due to the multifactorial nature of the reported pain.

Paraspinal muscle denervation and consecutive atrophy
with fatty degeneration is commonly seen in patients with
LSS [11]. This observation is likely to have clinical impact
as paraspinal musculature is known to play a key function in
the functional integrity and stability of the vertebral column. A
recent meta-analysis for instance, has shown evidence that a
decrease in multifidus muscular cross-sectional area is associ-
ated with lower back pain and possesses even predictive value
for up to 12 months [12]. Furthermore, paraspinal muscle
mass is known to decrease with age, while the proportion of
fat increases [4, 13]. These changes potentially influence mus-
cular microarchitecture invisible to subjective visual assess-
ment in MRI [14].

In the context of ‘Radiomics’, medical images can now
be converted into minable data by means of mathematical
algorithms that exploit inter-pixel relationships [15, 16].
They consider radiologic images as vast three-dimensional
data sets in which each voxel of the underlying volume
represents distinct physical measurements of tissue-
dependent characteristics [17]. By help of pixel distribution
patterns and clinical correlations thereof, new pathways to
diagnosis may be established that not only increase the re-
producibility in medical image reading, but possibly change
our concept of classifying pathologies [18]. This approach
can be incorporated with so-called ‘texture analysis’ (TA),
which may be used for detecting abnormalities in radiolog-
ical images which cannot be identified in a subjective visual
assessment alone [19], while having a histopathologic cor-
relation [20]. TA has shown promising results in the field of
neuroimaging [21, 22], oncology [23, 24], and in skeletal
applications [25, 26].

The purpose of this study was to apply TA on paraspinal
musculature in symptomatic LSS patients without prior surgi-
cal or epidural interventions and correlate these findings with
established clinical outcome measures.

Materials and methods

Study participants

Ninety patients of the multi-centric Lumbar Stenosis Outcome
Study (LSOS) were consecutively enrolled. Study approval
was granted by the local institutional review board and ethical
committee (KEK-ZH-NR: 2010-0395/0). All study participants
provided written informed consent. Adult patients with the di-
agnosis of LSS based on clinical examination andMR imaging,
who suffered from symptomatic claudication and had available
magnetic resonance imaging of diagnostic imaging quality
were included. Individuals with (inter-)vertebral infections, spi-
nal column fractures, severe scoliosis (>15°), and/or clinically
relevant peripheral artery occlusive disease were excluded.

As surgical interventions are known to risk ischemia and
denervation of the paraspinal musculature [27], patients
who had undergone prior surgical treatment were also ex-
cluded from this trial. Similarly, patients who had under-
gone spinal infiltration up to three months prior to the
MRI examination were excluded from further analysis.
Additional background information about LSOS has been
published previously [10, 28, 29].

Clinical outcome measures

All included patients were clinically assessed by use of
established clinical endpoints for LSS imaging: First, every
patient completed the Spinal Stenosis Measure (SSM) ques-
tionnaire within three months after the time of the MRI exam-
ination. The SSM questionnaire is a LSS-specific clinical
score and was used in both its subscales: SSM symptoms,
and SSM function. Each item is rated on a Likert scale (range
1-5, and range 1-4, respectively, best-worst) [30, 31].

A secondary clinical outcome measure was the Roland
Morris Disability Questionnaire (RMDQ) in its original ver-
sion and dichotomised to the recommended cut-off of 14
points [32]. The RMDQ is a disability measure in the form
of a questionnaire, which is graded on a 24-point scale. The
obtained score positively correlates with the degree of disabil-
ity. The RMDQ has been shown to be reproducible and sen-
sitive to change over time in individuals with LSS [33].

A third clinical outcome measure was the Numeric Rating
Scale (NRS) regarding pain perception. It ranges from ab-
sence of pain (0 points) to worst possible pain (10 points) [34].
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MR imaging

All patients included in the LSOS received MR imaging in a
supine position. Imaging was performed on several MRI scan-
ners with field strengths at 1.5 Tand 3 Twith varying scanning
parameters due to multiple participating institutions.
However, all participating centres incorporated a standardised
scan protocol, which included sagittal T1 weighted (w), sag-
ittal T2w, and axial T2w turbo spin echo (TSE) sequences, and
a dedicated quality control by a board-certified radiologist.

All imaging data from the participating clinical centres
were collected at a centralised picture archiving and commu-
nication system (PACS, IMPAX 6; AGFA Healthcare).

Axial 2-D T2w TSE images with 3.5 mm slice thickness
perpendicular to the intervertebral disc at level L3/4were directly
acquired with a standard matrix of 256 x 256. Single slice
DICOM images in the axial plane at this level were exported
for postprocessing and consecutive qualitative readout and TA.
Postprocessing included rescaling images according to the pixel
spacing values obtained from the DICOM header to an in-plane
resolution of 0.3 mm using a customised MATLAB routine.

Texture analysis

TA was performed in all 90 MR DICOM images of individ-
uals with LSS using open source software (MaZda, version
4.6, Institute of Electronics, Technical University of Lodz)
[35]. Normalisation was performed between the mean and
three standard deviations (B±3σ^ method) in order to correct
for small technical intra- and interscanner fluctuations and
other bias as shown in [36, 37].

TAwas performed using features originating from five dif-
ferent groups:

(1) First-level TA features incorporated histogram
analyses, which visualise surface texture by depicting intensi-
ty concentrations across the ROIs. (2) Grey-Level Co-
Occurrence Matrix (GLCM) features are second level TA fea-
tures, that are computed from intensities of pairs of pixels,
where the spatial relationship of the two pixels in a pair is
defined. (3) Run-Length-Matrix (RLM) depicts coarseness of
a texture in a specific direction. It counts pixel-runs with spec-
ified grey-scale level and length. (4) Autoregressive Model
Features (ARM): This model assumes pixel intensities as a
weighted sum of neighbouring pixel values. The transform
method for TA is based on discrete (5) HAAR Wavelet
Features: Wavelet images are scaled in vertical and horizontal
directions, resulting in multiple frequency channels. Data
on TA frequency components can be obtained by energies
within the channels [38, 39]. Table 1 provides an overview
of all TA categories and corresponding features calculated by
the software.

To account for differences in spinal inclination, free-hand
regions of interest (ROI) were drawn on the most horizontal

portions of the lumbar spine at level L3/4. ROIs were drawn
by one reader with 5 years of experience in musculoskeletal
radiology (M.M) on axial T2 w TSE DICOM spine MR im-
ages. ROI delineation was restricted to the erector spinae, and
spinotransverse paraspinal muscle groups as part of the recent-
ly proposed classification by Crawford et al [40] (Fig. 1).

Table 1 Overview of all computed texture categories with
corresponding features

Texture category Texture feature

Histogram Mean, variance, skewness, kurtosis

Grey-level Co-occurrence matrix
(GLCM)

(computed for four directions
[(a,0), (0,a), (a,a), (0,-a)] at five
interpixel distances (a=1-5); (6
bits/pixel)

Angular second moment, contrast,
correlation, entropy, sum
entropy, sum of squares, sum
average, sum variance, inverse
different moment, difference
entropy, difference variance

Run-length matrix (RLM)
(computed for four angles [vertical,

horizontal, 0°, and 135°]); (6
bits/pixel)

Run-length non-uniformity,
grey-level non-uniformity, long
run emphasis, short run
emphasis, fraction of image in
runs

Absolute gradient
(4 bits/pixel)

Gradient mean, variance, skewness,
kurtosis, and non-zeros

Autoregressive model teta1 to 4, sigma

Wavelet transform
(calculated for seven subsampling

factors
(n = 1 to 7)

Energy of wavelet coefficients in
low-frequency sub-bands,
horizontal high-frequency
sub-bands, vertical
high-frequency sub-bands, and
diagonal high-frequency
sub-bands

Fig. 1 Segmentation of paraspinal musculature in T2w axial MR images
at level L3/4 for Texture Analysis. After prior rescaling to a standard
resolution, freehand-region of interest (ROI) delineation, restricted to
erector spinae group (longissimus and iliocostalis together) (blue), and
spinotransverse muscles (predominantly multifidus) (green) was
performed using dedicated software (MaZda, version 4.6, Institute of
Electronics, Technical University of Lodz, Lodz, Poland)
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Texture feature selection and feature
reduction

The TA software calculated 304 TA features for each ROI
(Table 1) as previously described by Baessler et al [41].
Feature selection and dimension reduction were performed
by use of an ‘AttributeSelectedClassifier’, which evaluates a
subset of attributes by considering the individual predictive
ability of each feature along with the degree of redundancy
among each other in a separate training data set.

Statistical analysis

Continuous variables were expressed as means ± standard
deviation, and categorical variables as frequencies and/or
percentages.

In order to overcome observed heteroscedasticity in clinical
outcome measures (SSM, RMDQ, NRS) we performed a
square root transformation before classification/ regression
analysis.

To prevent overfitting, we split the dataset at random, in the
recommended ratio of 2/3 (66.7%) training set (model deriva-
tion cohort) and 1/3 (33.3%) testing set (validation cohort)
[42]. In detail, we used 10 fold cross validation for model
derivation and applied the supervised classifiers to the remain-
ing third of data in a separate data file containing previously
unseen data.

The aforementioned 304 TA features were complemented
with three additional clinical features for model derivation: (1)
gender, (2) age, and (3) Body-Mass-Index (BMI). After di-
mension reduction, we used two common machine learning-
based classifiers: Decision Table, and k-nearest neighbour (k-
NN) [43, 44]. In detail, we used a Decision Table with major-
ity classifier, and a k-NN classifier with (k= 1-10) and
Euclidean distance function selected for implementation of a
brute force search algorithm.

Best classification results were compared regarding their
predictive ability of the aforementioned, square root trans-
formed, clinical outcome measures.

Machine learning-based analyses were performed using
non-commercial software (Weka, University of Waikato).
Remaining analyses were conducted by using commercial
software (SPSS v.21, IBM).

Results

Ninety patients of the multi-centric LSOS were prospec-
tively enrolled for this retrospective, multicentre study.
Pat ients ’ demographics organised by group are
summarised in Table 2. The best classification/ regression
results after exclusion of extreme outliers/ missing data
are described below.

SSM symptoms

Machine learning-based regression of the SSM symptom
score by use of Decision Table classifier resulted in coefficient
of determination r2 = 0.02 (r = 0.13) based on the validation
cohort.

SSM function

Best regression results in SSM function were observed by use
of k-NN with k = 1 and the Euclidean distance function se-
lected for implementation of the brute force search algorithm.
The obtained coefficient of determination was r2 = 0.15 (r =
0.39).

Roland-Morris disability questionnaire

Dimension reduction returned 24 out of 307 features (7.8%).
Best regression results of the continuous RMDQ were

Table 2 Descriptive statistics
Model derivation cohort Validation cohort

N 60 30

Gender (male: female) [%] 50: 50 63.3: 36.7

Age [years] 73.5 ± 9.7 (range: 47-88) 72.9 ± 7.2 (range: 58-87)

BMI [Kg/m2] 26 ± 4.6 (range: 19-49) 28.6 ± 5.8 (range: 18-39)

NRS 6.6 ± 2 (range: 1-10) 4.7 ± 2.4 (range: 0-9)

RMDQ 12.2 ± 5.3 (range: 1-22) 8.9 ± 5.8 (range: 0-19)

SSM function 2.5 ± 0.7 (range: 1-3.8) 1.8 ± 0.7 (range: 1-3.4)

SSM symptoms 3.2 ± 0.6 (range: 1.6-4.7) 2.7 ± 4.1 (range: 1.4-2.8)

BMI = Body-Mass-Index; NRS = Numeric Rating Scale (Pain); RMDQ = Roland-Morris Disability
Questionnaire
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obtained by use of the k-NN classifier with k = 1 and the
Euclidean distance function selected for implementation of
the brute force search algorithm (Supplemental Table 1). The
obtained coefficient of determination was r2 = 0.31 (r = 0.56).
A residual plot and a visualisation of the prediction results in
the validation cohort are depicted in Fig. 2.

After dichotomisation of the continuous RMDQ at the rec-
ommended cut-off of 14 points, best classification results were
observed by use of Decision Table. The detailed Decision
table is depicted in Supplemental Table 2. Overall 70% of
instances in the validation cohort could be correctly classified.
The spec i f ic i ty was 61.1%. Receiver-Opera t ing

Characteristics (ROC) returned an area-under-the-curve of
0.7 (Fig. 3).

Numeric rating scale for pain perception

Best regression results in NRS were observed by use of the
Decision Table. For use of this classifier, we transformed the
continuous variable to a multicategorical one. The detailed
Decision table is depicted in Supplemental Table 3. The ob-
tained coefficient of determination was r2 = 0.51 (r = 0.72). A
residual plot and a visualisation of the prediction results in the
validation cohort are depicted in Fig. 4.

Fig. 2 a Residual plot: scatterplot
depicting predicted values of
variable Roland-Morris Disability
Questionnaire (RMDQ) after
square root transformation against
its standardised Residuals. b
Scatterplot of validation cohort
illustrating the correlation of
predicted square root transformed
RMDQ values against their
predicted values according to the
results of the machine learning-
based k-NN classifier
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Non-texture features

We used three non-texture features for model derivation:
‘BMI’, ‘gender’, and ‘age’. While ‘gender’ and ‘age’
were not used in any outcome related classification, ‘BMI’
turned out to be a major contributing feature in both NRS
and RMDQ prediction.

Summarised results of all classification/ regression analy-
ses are depicted in Supplemental Table 4.

Discussion

Our study investigates the correlation of paraspinal mus-
cle characteristics on clinical outcome measures using MR
TA and machine learning-based algorithms. While we did
not observe a meaningful correlation between TA and the
two clinical outcome measures SSM symptoms and SSM
function, a moderate correlation was observed regarding
the two clinical outcome measures RMDQ and NRS.

The RMDQ, a LBP-specific self-report questionnaire
regarding patients’ functional activities, showed a positive
correlation. Our generated model was based on the con-
tinuous score utilising histogram feature ‘skewness’, var-
ious GLCM features, one autoregressive model feature
(‘Teta4’), and the non-TA feature ‘BMI’. Our previous
investigations showed a correlation of histogram changes
with fatty atrophy in paraspinal musculature [45].
Changes in GLCM represent structural changes of
paraspinal musculature and were previously associated
with a possible prognostic value of impaired walking dis-
tance in the context of LSS [45]. These structural muscle
changes in patients suffering from LBP were previously
reported by Goubert et al [46]. Similarly, Abbas et al
found differences in cross-sectional muscle area (CSA)
and in their density at the same vertebral level we used

[47]. Additionally, Leinonen et al described severe dener-
vation with accompanying abnormal activation of
paraspinal musculature in affected populations [48]. The
autoregressive model feature Teta4 represents a higher-
order feature, which provides information about local in-
teractions between neighbouring pixels with respect to
their grey-level values and has in its subform ‘Teta1’ been
previously reported to allow for the discrimination of
scarred myocardial tissue [41].

After dichotomisation of the RMDQ results into mild
and severe cases, dimension reduction returned similar
features: one histogram feature (‘MinNorm’), two
GLCM features (‘S10DifEntrp’, ‘S5,-5DifVarnc’), and
‘BMI’. Similar to Bskewness^, the higher ‘MinNorm’ his-
togram values observed in severe cases correspond to
higher histogram signal intensity values observed in fat.
This corroborates also findings of prior studies on the
association of fatty muscle infiltration with degenerative
changes and lower back pain [13, 45, 49]. Obesity itself is
known to be associated with a higher incidence of LSS
[50] with lower functional status scores [51], but in
isolation of little prognostic value [52, 53]. The impor-
tance of fatty infiltration is also presented in our
Decision Table model by the non-TA feature ‘BMI’,
which shows a positive correlation with NRS. This ob-
served correlation of pain perception and fatty atrophy is
in accordance with recent findings in a systematic review
of Goubert et al [54].

The missing correlation with the commonly used rating
scales SSM in its two sub-forms, shows that (1) these rating
scales are not sufficient to characterise a specific relationship
between paraspinal muscle TA and clinical symptoms, and
highlight (2) the manifold pathophysiology of lower back
pain.

Our observed clinical associations with TA findings
are based on machine learning classifiers. These allow
us to train a classifier and test the resulting algorithm
and its test performance on previously unseen data. In
comparison to conventional multivariate analysis, current
machine learning algorithms are suitable to test multiple
features despite limited sample size. To minimise
so called ‘overfitting’, we split the dataset at random
and implemented 10 fold cross validation for model der-
ivation and applied the supervised classifiers to the sep-
arate validation data set, which contained previously un-
seen data.

The following limitations need to be acknowledged.
First, this was a retrospective study with inherent limita-
tions. Secondly, we excluded study participants with re-
cent epidural infiltrations and prior surgeries in order to
best pick up correlations between muscle architecture and
clinical status at a certain time point without confounders.
Therefore, our sample size is relatively low. Moreover, in

Fig. 3 Receiver-operating characteristics curve of dichotomised RMDQ
showing an area-under-the-curve (AUC) of 0.7 at a cut-off of 14 points
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order to account for spinal curvature, TA was restricted to
one spinal level (L3/4) and is likely limited in the pres-
ence of other T2 w hyperintense findings, e.g., muscular
edema.

Moreover, we extracted commonly used TA features by use
of an established software framework (MaZda); however, it
does not allow the investigation of certain features, e.g., local
binary patterns.

Finally, image acquisition was heterogeneous due to
vendor-specific differences, despite a common scan protocol
in this multicentre study. However, in order to account for
imaging heterogeneity, data homogenisation prior to TA anal-
yses was performed as described earlier.

In conclusion, MR TA is a viable tool to quantify medical
images and illustrate changes invisible to a human reader. Its
findings show correlation with clinical symptoms regarding
pain and functional impairment.
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