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a b s t r a c t 

Lumbar spinal stenosis (LSS) is a condition associated with the degeneration of spinal disks in the lower 

back. A significant majority of the elderly population experiences LSS, and the number is expected to 

grow. The primary objective of medical treatment for LSS patients has focused on improving functional 

outcomes (e.g., walking ability) and thus, an accurate, objective, and inexpensive method to evaluate pa- 

tients’ functional levels is in great need. This paper aims to quantify the functional level of LSS patients 

by analyzing their clinical information and their walking ability from a 10 m self-paced walking test using 

a pair of sensorized shoes. Machine learning algorithms were used to estimate the Oswestry Disability 

Index, a clinically well-established functional outcome, from a total of 29 LSS patients. The estimated ODI 

scores showed a significant correlation to the reported ODI scores with a Pearson correlation coefficient 

( r ) of 0.81 and p < 3 . 5 × 10 −11 . It was further shown that the data extracted from the sensorized shoes 

contribute most to the reported estimation results, and that the contribution of the clinical information 

was minimal. This study enables new research and clinical opportunities for monitoring the functional 

level of LSS patients in hospital and ambulatory settings. 

© 2016 IPEM. Published by Elsevier Ltd. All rights reserved. 
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1. Introduction 

Lumbar spinal stenosis (LSS) is a condition closely related with

age-associated degeneration of the lumbar (i.e., lower back) spinal

disks [1] . It is known as the most common diagnosis leading to

spinal surgery in elderly patients of age greater than 65 years [2] ,

and approximately 40% of general adult populations are known
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o carry moderate conditions of LSS [3] . As a consequence of the

orldwide trend of aging societies in developed and developing

ountries, a significant majority of the elderly population is ex-

ected to experience LSS [4] . 

LSS is characterized by a narrowing of the spinal canal and

ompression of nerve roots in the lower back [1] , which lead to

arious clinical symptoms including leg pain, numbness, and weak-

ess [5] . Thus, patients with LSS have considerable walking limita-

ion [1,3,6,7] , which is the leading cause of spinal surgery in Medi-

are recipients [3,8] . The primary objective of medical treatment

as been focused on improving functional outcomes, e.g., the walk-

ng ability [3] . Consequently, researchers and clinicians have fo-

used their attention on the development of objective, inexpensive,

nd accurate assessment tools to quantify the level of functional

apacity, which can be used to track the longitudinal progress of

atient conditions. 

http://dx.doi.org/10.1016/j.medengphy.2016.02.004
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Fig. 1. A picture of the sensorized shoes containing an array of five pressure sen- 

sors and a wireless data transceiver. Pressure sensors on the insole were positioned 

to detect heel-strike (P1), mid-lateral plantar pressure (P3), toe pressure (P5) and 

other spatio-temporal information (P2 and P4). 
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Instrumented examination of walking ability has the poten-

ial to support such a need compared to traditional clinical tools

uch as radiographic testing (e.g., X-ray, Magnetic Resonance Imag-

ng (MRI), and Computed Tomography (CT) images [1] ) and self-

eported functional outcomes (e.g., Oswestry Disability Index (ODI)

9] , Swiss Spinal Stenosis Questionnaire, and Oxford Claudication

core [10] ). Several observational studies recently validated the

linical efficacy of gait parameters recorded from self-paced walk-

ng tests (SPWT) or motorized treadmill tests (MTT) [3,6,7,11] . In

hese works, patients were asked to walk on a flat surface (SPWT)

nd/or a treadmill (MTT) at preferred speeds until they voluntar-

ly stopped due to symptoms of LSS or until they reached the

redefined maximum time duration (e.g., 30 min). Two parame-

ers related to walking capacity (i.e. time and distance traveled)

ere tested for their correlations to the perceived functional level

btained by using patient-reported outcomes. The work by Con-

ay et al. [6] concluded that the traveled distance of SPWT had

 statistically significant correlation with ODI scores. The work by

ainville et al. [3] performed both SPWT and MTT, and concluded

hat gait parameters extracted from MTT has better correlation to

he functional outcomes than SPWT. The work by Tomkins-Lane

t al. [11] examined the changes in the value of ODI and the

hanges in the traveled distance of SPWT, and found a significant

orrelation between the two. The work by Conway et al. [6] also

onitored levels of physical activity (i.e. activity count and max-

mum time of continuous activity) of LSS patients using a waist-

orn accelerometer over several days, but their correlations to the

atient-reported outcomes were not as significant as the gait pa-

ameters from walking tests. 

The aforementioned works demonstrated the clinical effective-

ess of gait parameters for their use as objective measures. How-

ver, SPWT and MTT are not fully automated and require presence

f a clinical professional who needs to manually record the gait pa-

ameters. Moreover, these tests may require patients to walk for up

o 30 min. These may serve as barriers to use the SPWT and MTT

n clinical and ambulatory settings, considering the patients’ adher-

nce (or preference) to the testings for frequent and longitudinal

racking of functional level. Furthermore, all the aforementioned

nalyses investigate correlation between a single-dimensional gait

arameter and the clinical score, rather than incorporating multi-

imensional gait parameters. This may restrict the quantification

f motor function to be relatively simple and prohibit integrating

ultiple walking characteristics in the measure. 

This paper introduces a fully automated system and its method

hat quantify the functional level of LSS patients by analyzing their

alking ability using a pair of sensorized shoes equipped with

ressure sensors. The method employed a self-paced walking test

n a 10 m flat trail, which took approximately 6 min to complete.

 total of 76 spatio-temporal features that were extracted from the

mart shoes and 12 clinical variables that were previously found

o be relevant to the functional level were used to estimate the

linical scores obtained by using the ODI [12] , a clinically well-

stablished outcome measure in lower back pain patients [13] . This

aper discusses two machine learning algorithms designed to esti-

ate clinical scores collected during the preoperative and postop-

rative visits, respectively. The clinical efficacy of the system was

nvestigated through a pilot cohort involving 29 LSS patients. 

. Materials 

.1. Participants 

A total of 29 patients (11 males and 18 female) with LSS were

ecruited from the UCLA Spine Center. The ages of the participants

anged from 28 to 78, with an average and standard deviation of

7.4 ± 15.9 at the time of surgery. All patients were diagnosed
ith LSS as a result of lumbar disk herniation, lumbar spondylolis-

hesis, or adjacent segment disease. All patients had radiculopa-

hy or axial pain in the lower limbs, which affected their walk-

ng ability. Patients who had comorbidities that may affect their

ower motor function and gait performance were excluded from

he study. All patients received lumbar decompression and/or lum-

ar fusion surgery performed by a single neurosurgeon (DCL). The

xperimental procedure was approved by the UCLA institutional

eview board, and all patients provided consent to participate in

he study. 

.2. Sensory platform 

A pair of shoes equipped with an array of five pressure sensors

as developed as shown in Fig. 1 . The pressure sensors on the in-

ole were positioned to detect heel-strike (P1), mid-lateral plantar

ressure (P3), toe pressure (P5) and other spatio-temporal infor-

ation (P2 and P4). An embedded system on each shoe collects

ensory data at a sampling rate of 80 Hz and transmits the data

n real-time to the base station (i.e. a laptop) via the IEEE 802.15.4

tandard (i.e. ZigBee protocol) [14] . Each shoe establishes a wire-

ess connection to the base station independently. A total of five

hoes with different sizes were made for both males and females.

he pressure sensors on the insole were positioned linearly pro-

ortional to the size of the shoe. 

.3. Experimental protocol 

Fig. 2 illustrates the experimental protocol. A straight 10 m long

rail was marked on a level floor as was suggested by Perry [15] for

 stride analysis. Patients were asked to wear the sensorized shoes

nd walk on the trail at a self-paced speed, turn around, and walk

ack to the original position. Patients were asked to pause for five

econds before walking, before the turn, before walking back, and

fter reaching the final destination ( Fig. 2 ); these five second de-

aults were used as annotations to segment the collected data. No

urther instruction was given to the patients regarding their gait

erformance and behavior. Patients repeated this procedure twice,

hich resulted in a maximum of four 10 m walks per clinical visit

or per test). 

All 29 patients performed the walking test approximately one

our before their surgical operation. In this work, the sensor and
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Fig. 2. A graphical summary of the experimental procedure. Patients were asked to walk on a 10 m trail at a self-paced speed, turn around, and walk back to the original 

position with five seconds of defaults between each transition in action. 
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Fig. 3. Sample time series of pressure sensors that belong to one of the participated 

patients. This 10 m walk was considered as a single data instance. 
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clinical data collected preoperatively are denoted as preoperative

data . 15 of these patients had follow-up visits at least three months

after the surgery, and performed the test again. A three-month pe-

riod is known to be a clinically meaningful time for recovery in

patients with lumbar spinal cord disorder [16] . The data collected

during their follow-up visits are denoted as postoperative data . 

2.4. Clinical variables 

Twelve clinical variables that were previously found to have

close correlation to the functional level of LSS patients were col-

lected. These variables included age, gender, presence of scolio-

sis [17] , presence of acute injury, number of spinal vertebrae that

were affected, number of previous spinal surgeries [18] , duration

of symptoms [19] , height, weight, Body Mass Index (BMI) [17] , and

smoking status (smoker or nonsmoker) [20] . 

2.5. Patient reported outcome measure 

The ODI was collected from the participants after the walking

test at each clinical visit (i.e. one ODI per clinical visit) in order to

represent their functional level. The ODI is one of the very com-

monly used self-reported clinical outcome measures in patients

with lower back pain [13] . The ODI, which was originally devel-

oped by Fairbank et al. [12] , contains ten questions (or items) as-

sessing the level of pain in the affected areas and the degree of

interference in performing various daily activities such as personal

care, lifting, walking, sitting, standing, sleeping, sex life, social life,

and traveling. Each item has five or six answer choices describing

different functional level. The overall score is computed by sum-

ming the scores of the answered items and linearly scaling the

summed score from 0 (completely disabled condition) to 1 (com-

pletely healthy condition). 

3. Methods 

Two algorithms were independently designed to estimate the

preoperative and postoperative clinical scores (i.e. ODI scores), re-

spectively, due to different clinical information available at the two

time points. Both algorithms employed the same data segmenta-

tion and feature extraction mechanisms to extract spatio-temporal

features from the pressure sensors, which were used to train their

machine learning models. 

3.1. Data segmentation 

The data collected from a 10 m walk was considered as a sin-

gle data point (data instance ). For each instance, the first and the
ast gait cycles were discarded from further analyses due to pos-

ible abnormal gait patterns from the initiation and termination

f walking. Fig. 3 illustrates a sample time series of pressure sen-

or data obtained from one of the participants. Since patients per-

ormed four 10 m walks per clinical visit, the four data instances

ere labeled (assigned) with the same ODI score. Note that not all

atients produced four data instances due to either mistakes dur-

ng the data collection process or malfunction of the system. All

atients, however, produced at least one instance per clinical visit.

onsequently, a total of 137 data instances were obtained from 29

atients. 

.2. Spatio-temporal gait features 

A total of 76 spatio-temporal features were extracted from the

ressure sensors. The gait cycle time, which represents the time it

akes to complete one gait cycle, was computed by calculating the

ime between the peaks of the time series from pressure sensor

1 ( Fig. 3 ). The mean and the standard deviation of the gait cy-

le time were computed to characterize the average duration and

onsistency of the gait cycles, respectively. The mean and the stan-

ard deviation of the gait cycle times, which were normalized to

he height of the patients, were also computed in order to remove

eight-dependent variability. Stance time was calculated by mea-

uring the time difference between the heel strike (local minima

receding the peaks of P1’s time series) and the toe-off (local min-

ma followed by the peak of P5’s time series). The mean and the

tandard deviation of the stance time were included. The stance-

o-stride ratio was computed by taking the ratio of the stance time

o the gait cycle time. The mean and the standard deviation of
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Fig. 4. A schematic representation of the algorithm used to estimate preoperative clinical scores. 
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he stance-to-stride ratio were included. The mean and the stan-

ard deviation of the time differences between the peaks of P1

 P2, P2 & P3, P3 & P4, and P4 & P5 were computed to investi-

ate how fast and consistently patients distribute their weight on

heir foot. Similarly, the mean and the standard deviation of the

eak amplitude of all pressure sensors were computed. Accumu-

ated pressure amplitudes of all pressure sensors throughout the

0 m walk were computed to investigate any abnormal distribu-

ion of the body weight while walking. The maximum cross cor-

elation coefficient between the first half and the second half of

ach pressure time series was computed to investigate the consis-

ency of weight distribution patterns. Furthermore, the cross cor-

elations between all possible pairs of the pressure sensors were

omputed. The aforementioned features were extracted from both

f the shoes. In order to investigate the bilateral symmetry be-

ween the two lower limbs, the symmetry index of gait, as intro-

uced by Robinson et al. [21] , was computed. The symmetry index

as computed by taking the ratio between the difference and the

verage of the mean gait cycle time of the left and the right feet.

urthermore, the maximum cross correlations between the pres-

ure sensors located at the same position between the left and the

ight shoes were computed, e.g., correlation between left P1 and

ight P1. 

.3. Estimating preoperative clinical scores 

Fig. 4 shows the schematic representation of the algorithm used

o estimate preoperative clinical scores. The independent variables

f this estimation problem included the spatio-temporal features

nd the clinical variables that were introduced in Section 2.4 . The

ependent variable was the ODI score. All analyses presented in

his paper were performed using a leave-one-subject-out cross val-

dation (LOSOCV) technique. A LOSOCV technique leaves out data

elonging to a subject when training the classification/regression

odel, and evaluates the trained model using the the left-out data.

his process was iterated through all subjects. 

The algorithm employed a hierarchical (two-level) model com-

osed of a classifier followed by a regression algorithm. The hy-

othesis behind this design was that the (regression) relationship

etween the input features and the ODI score was highly complex

nd varied non-linearly depending on the value range of ODI. Thus,

he higher level classifier used a Support Vector Machine (SVM)

ith a highly flexible kernel function (Pearson VII function (PUK)

22,23] ) in order to provide a coarse estimate of the clinical score,

.e. determining if ODI was less than (or greater than or equal to)

he median ODI score of the training set. This higher level classi-

er was discussed in detail in Section 3.3.1 . Then, a Support Vector

egression (SVR) with a simpler kernel function ( 3 rd order poly-

omial kernel [24] ) followed to provide more detailed estimation

hile minimizing the chances of over-fitting on the smaller train-

ng instances ( Section 3.3.2 ). 
.3.1. Higher level classification 

The raw training and testing sensor data were processed to ex-

ract the spatio-temporal features. Then, the discretized labels (i.e.

wo clusters) of the training data were generated based on their

DI scores. These clusters were defined based on the empirical dis-

ribution of the training ODI scores to ensure the equal number of

ata points; the first cluster contained data points with ODI scores

ess than the median value and the second cluster contains those

ith ODI scores greater than or equal to the median. A feature

election algorithm was employed to reduce the feature dimen-

ionality using the ReliefF algorithm [25] and the Davies–Bouldin

DB) index [26] . The ReliefF algorithm ranked the features based

n their classification ability. This algorithm iteratively assigned

eights of the features by sampling an instance and examining its

 neighbors of the same and different classes. Then, the ranked

eatures were progressively added and computed for the DB index,

hich evaluated the intra- and inter-cluster separability. The car-

inality of the feature subset that produced the minimum DB in-

ex was selected. This feature subset, which was selected based on

he analysis of the training dataset, was also applied to the test-

ng dataset in order to reduce the dimensionality. The SVM with

UK followed to categorize the testing dataset into one of the two

lusters. This work used the WEKA implementations of ReliefF and

VM [27] , and the MATLAB implementation of the DB index [28] . 

.3.2. Lower level regression 

A subset of the training data belonging to the classified cluster

as then used to construct a regression model for more refined

stimation. A feature selection algorithm, which selected a feature

ubset that had a high correlation to the dependent variable (i.e.

DI scores) with low redundancy among the selected features [29] ,

as employed to reduce the dimensionality. The SVR with polyno-

ial kernel was trained based on the dimension-reduced training

ataset, and was used to estimate the clinical scores of the testing

ataset. Since more than one data instance was created per clinical

isit per subject, the estimated scores of the instances belonging to

he same clinical visit were averaged to provide a single estimated

linical score. This work employed the WEKA implementation of

he feature selection algorithm [27] and the LibSVM implementa-

ion of the SVR [30] . 

.4. Estimating postoperative clinical scores 

The postoperative dataset had access to additional information,

ther than the postoperative sensor data, that may significantly

ontribute in estimating the clinical score: its preoperative ODI

cores. The algorithm was designed based on a hypothesis that the

ostoperative ODI score changes with respect to its preoperative

alue and thus, the postoperative score can be more accurately es-

imated by estimating the change in the ODI score rather than di-

ectly estimating the score using the sensor data. The schematic
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summary of the algorithm is provided in Fig. 5 , which was again

performed in a LOSOCV manner. 

The preoperative and postoperative sensor data of patients,

who had a follow-up visit, were processed to extract the spatio-

temporal features. Then the feature values of the instances belong-

ing to the same clinical visit were averaged to produce the centroid

of the instances within the feature space. Then the differences be-

tween the values of preoperative and postoperative centroids were

computed for both training and testing datasets in order to rep-

resent the physiological changes captured by the sensorized shoes.

The independent variables to the postoperative estimation problem

included these differences in feature values, the clinical variables

introduced in Section 2.4 , and the preoperative ODI scores. The dif-

ference between the preoperative and postoperative ODI scores of

the training dataset were computed in order to serve as the target

(dependent) variable. The correlation-based feature selection algo-

rithm (i.e. [29] ) was again employed to reduce the feature dimen-

sionality. Then, SVR with 3 rd order polynomial kernel followed to

construct a regression model based on the training dataset, and to

estimate the change in the ODI score of the testing dataset. The

SVR with polynomial kernel was used in order to avoid over-fitting

of the regression model, considering relatively small number of

patients with postoperative data (i.e. 15 patients). The estimated

change in the ODI score was then added to the estimated preop-

erative value, i.e. the estimation of the preoperative ODI score of

the testing subject that was produced by using the algorithm in-

troduced previously in Section 3.3 . 
Fig. 6. The estimation results of the preoperative ODI scores based on (a) the proposed

represents the actual ODI scores reported by the patients and the y-axis represents the e
. Results 

.1. Estimation results of preoperative clinical scores 

Fig. 6 (a) shows the scatter plot between the actual clinical

cores reported preoperatively and the estimated scores produced

y the proposed hierarchical algorithm. Fig. 6 (b) shows the esti-

ation results of the benchmarking algorithm, which is based on

 single-level regression algorithm (SVR with polynomial kernel);

ote that SVR with polynomial kernel yielded the best estimation

esults compared to other kernels and other regression algorithms

uch as random forest regression or multivariate linear regression.

s discussed earlier, all results reported in this work were gener-

ted using the LOSOCV technique, which ensures the generaliza-

ion of the model towards independent datasets and avoids the

roblem of over-fitting. The root mean square error (RMSE) be-

ween the actual scores and the estimated scores of the proposed

lgorithm was 0.13, and the RMSE of the benchmarking algorithm

as 0.17. The coefficient of determination ( R 2 ), the Pearson correla-

ion coefficient ( r ), and the p -value of the proposed algorithm were

 

2 = 0 . 62 , r = 0 . 78 and p < 4 . 9 × 10 −7 , respectively. The bench-

arking algorithm produced R 2 = 0 . 42 , r = 0 . 18 , and p < 0.024. 

.2. Estimation results of postoperative clinical scores 

The postoperative ODI scores have shown statistically signif-

cant difference compared to the associated preoperative scores

paired t -test produced p < 0.0040), which supports the neces-

ity of a method for estimating postoperative ODI scores. The RMSE

etween the preoperative and postoperative ODI scores were 0.29,

he R 2 was 0.25, the r was 0.50, and the p -value was 0.058. These

an serve as the baseline of estimation results for postoperative

linical scores since the direct comparison between the preopera-

ive and postoperative clinical scores is identical to having no esti-

ation algorithm. 

Fig. 7 (a) shows the estimation results of the postoperative

linical scores using the proposed algorithm, which estimates the

hange in the postoperative ODI score respect to its preoperative

alue. Fig. 7 (b) shows the results based on a benchmarking al-

orithm that directly estimates the postoperative clinical score us-

ng SVR with polynomial kernel. The proposed method produced

ostoperative estimations with RMSE = 0 . 12 , R 2 = 0 . 64 , r = 0 . 80 ,
 hierarchical method and (b) the benchmarking single-level regression. The x-axis 

stimated ODI scores. 
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Fig. 7. The estimation results of the postoperative ODI scores based on (a) the proposed algorithm that estimates the changes in ODI score respect to the preoperative value, 

and (b) the benchmarking algorithm that directly estimates the postoperative ODI score from the sensor data using SVR with polynomial kernel. 

Fig. 8. (a) The scatter plot of both preoperative and postoperative estimation results produced by the proposed algorithm, which shows RMSE = 0 . 13 , R 2 = 0 . 65 , r = 0 . 81 , 

and p < 3 . 5 × 10 −11 . (b) Its Bland–Altman plot with the bias of 0.044 and the magnitude of the limit of agreement of 0.12. 
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Table 1 

A summary of the estimation results when (left) both spatio-temporal and 

clinical variables were considered as the input features, (center) only the 

spatio-temporal variables were considered, and (right) only the clinical 

variables were considered. 

Spatio-temporal & Spatio-temporal Clinical variables 

Clinical variables only only 

RMSE 0.13 0.13 0.21 

R 2 0.65 0.65 0.36 

r 0.81 0.80 0.13 

p -value 3 . 5 × 10 −11 5 . 1 × 10 −7 0.15 

t  

s

5

 

t  

O  

g  
nd p < 3 . 1 × 10 −4 . The benchmarking method had RMSE = 0 . 17 ,

 

2 = 0 . 34 , r = 0 . 58 , and p < 0.022. 

.3. Combined estimation results 

Fig. 8 (a) shows the scatter plot that combines the preoperative

nd postoperative estimation results of the proposed algorithms,

nd Fig. 8 (b) shows its Bland–Altman plot. The overall RMSE was

.13, R 2 was 0.65, r was 0.81, and the p -value was 3 . 5 × 10 −11 . The

ias (mean of the difference) and the limit of agreement of the

land–Altman plot were 0.044 ± 0.12. 

.4. Contribution of the spatio-temporal features in estimation 

To investigate the level of contribution of the spatio-temporal

eatures and the clinical variables in estimating the clinical scores,

he estimation results of using (1) the spatio-temporal features and

he clinical information were compared to (2) using only spatio-

emporal features as the input to the analytic methods and (3)

sing only the clinical information as the input to the analytic

ethod. Table 1 summarizes the estimation results, which indicate
hat the spatio-temporal features extracted from the sensorized

hoes contribute the most in estimating the ODI score. 

. Discussion 

This pilot study investigated the use of sensorized smart shoes

o quantify the walking ability in LSS patients by estimating the

DI scores. The reported results demonstrate that the system has

reat potential to be used as a tool for screening the patients’
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preoperative conditions as well as tracking their postoperative con-

ditions. The system is non-invasive, easy-to-use, inexpensive, and

takes approximately 6 min to complete, which supports the sys-

tem’s potential as a tool for monitoring patients not only in clinical

settings but also in remote (e.g., home and community) settings. 

Fig. 6 illustrates that the proposed hierarchical estimation

method outperforms the conventional regression approach in

terms of the estimation accuracy. This may be due to the fact that

the regression relationship between the clinical scores and the in-

put features is highly complex and varies non-linearly depending

on the value range of the ODI. To compensate for this, the pro-

posed method employed a binary classifier that determined the

coarse estimate of the testing instance (i.e. greater or less than

the median ODI score) followed by a regression algorithm that pro-

vide more detailed estimation. This work considered only two sub-

groups in the higher level classifier due to the relatively small size

of the study data. Investigating the optimal number of subgroups

in our on-going clinical trial with a large-scale dataset remains as

future work. 

Fig. 7 shows that the proposed algorithm for postoperative es-

timation, which estimated the change in the ODI score, produce

superior results compared to the algorithm that directly estimates

the postoperative ODI scores. This may be due to the following.

The estimations in Fig. 7 (b) were made by classification/regression

models that used the combined set of preoperative and postopera-

tive data as their training set. The relationship between the spatio-

temporal features and the ODI scores may have changed after re-

ceiving surgical operation. For instance, ODI is known to have re-

sponse shift following surgery for patients with lumbar spinal cord

disorder [16] , which may influence the results shown in Fig. 7 (b).

On the other hand, the proposed method partially incorporated

the presence of the response shift since the algorithm estimated

the deviation of the postoperative ODI score from its preoperative

value. 

Fig. 8 shows the combined results of the preoperative and post-

operative data. The estimation results (i.e. RMSE = 0 . 13 , R 2 = 0 . 65 ,

and r = 0 . 81 ) were comparable to other related works. Conway

et al. [6] reported that the overall ODI score and the traveled dis-

tance of the SPWT showed correlation coefficient of r = −0 . 60 .

Rainville et al. [3] reported that the time length of MTT and the

score of the walking item of the ODI showed a significant correla-

tion with r = −0 . 63 ; the authors also reported, however, that the

overall score did not show any significant correlations to the re-

sults of the walking tests. These are not surprising since both MTT

and SPWT investigate the walking capacity, which is defined as the

distance a person with LSS can walk before being forced to stop

due to symptoms of LSS [31] . On the other hand, the presented

work of this paper investigated the quality of walking in LSS pa-

tients by analyzing the gait parameters, balance, weight distribu-

tion, and symmetry of the limbs. This resulted in a higher correla-

tion to the overall ODI score as the ODI assesses the level of pain

and its interference in performing various daily activities. Further-

more, Fig. 8 (b) validates that there is no significant underestima-

tion or overestimation; the value of the bias (mean) was 0.044.

The magnitude of the limit of agreement was equal to 0.12, which

shows the expected error range for the 95% (1.96 times the stan-

dard deviation) of estimation results. 

The work presented in this paper estimated the overall ODI

score that averaged the scores of ten items, which examined var-

ious dimensions of functional level of patients with lower back

pain. Each individual item score was also estimated using the

spatio-temporal features. Since items had only five or six answer

choices whose value gradually changed according to the severity

of the examining condition, a regression algorithm (without hier-

archical design) was employed to estimate each item score. The

estimated scores of items that investigate (1) pain intensity at the
ffected area, (2) ability to walk for a long distance, and the de-

ree of interference of pain on (3) social life and (4) traveling

howed statistical significance to the reported scores with p -values

f 0.0 031, 0.0 057, 9 . 6 × 10 −4 , and 0.0093, respectively. The items

hat did not show significance included the degree of interference

f pain on self-caring, lifting heavy weights, sitting for a long time,

tanding for a long time, sleeping, and sex life. It is interesting that

he items that showed statistical significance involved some degree

f walking ability; the definition of social life was not clearly stated

n the questionnaire but one of the answer choice stated “pain has

estricted social life to my home”, which may lead patients to con-

ider their walking ability to travel outside of the home while an-

wering. 

Table 1 summarized the contributions of the spatio-temporal

nd clinical features in estimating the ODI scores. The estimation

esult produced by considering both the spatio-temporal and clini-

al variables as the input was comparable to when only the spatio-

emporal variables were considered, and the contribution of the

linical variables was minimal. The most likely reason for this re-

ult is that the ODI quantifies the functional level based on many

tems that involve some degree of walking ability. Thus, the func-

ional level, obtained by using the ODI can be more accurately

stimated by analyzing the spatio-temporal data rather than the

linical information (e.g.,the number of previous spinal surgeries,

ymptom duration, presence of acute injury, or BMI). This further

upports the need for a frequent, objective method to assess func-

ional level in LSS population, which can be made possible using

he proposed system. 

. Conclusion 

This paper introduced a pair of pressure sensor equipped shoes

nd the associated algorithms that together can quantify the func-

ional level in LSS patients by analyzing their walking ability and

linical information. The sensor data obtained from a pilot co-

ort of 29 LSS patients were used to estimate the Oswestry Dis-

bility Index, a clinically validated outcome measure. The estima-

ion results based on the leave-one-out cross validation technique

howed an RMSE of 0.13, an R 2 of 0.65, a r of 0.81, and a p -

alue of 3 . 5 × 10 −11 . This pilot study enables new research and

linical opportunities for accurate quantification of functional ca-

acity in LSS patients to track the level of disease severity before

nd after surgical operations. The quantification of walking ability

an also be applied to stratifying patients for more personalized

reatment and care. Furthermore, the pervasive nature of the pro-

osed sensory platform can be used to ubiquitously monitor pa-

ients, which can potentially provide early alarming of any walking

isorders. 
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