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ABSTRACT 23 

People with chronic neck pain (CNP) often present with altered gait kinematics. This 24 

paper investigates, combines, and compares the kinematic features from linear and nonlinear 25 

walking trajectories to design supervised machine learning models which differentiate 26 

asymptomatic individuals from those with CNP. For this, 126 features were extracted from 27 

seven body segments of 20 asymptomatic subjects and 20 individuals with non-specific 28 

CNP. Neighbourhood Component Analysis (NCA) was used to identify, for the first time, 29 

body segments and the corresponding significant features which have the maximum 30 

discriminative power for conducting classification. We assessed the efficacy of NCA 31 

combined with K- Nearest Neighbour (K-NN), Support Vector Machine and Linear 32 

Discriminant Analysis. By applying NCA, all classifiers increased their performance for 33 

both linear and nonlinear walking trajectories. Interestingly, features selected by NCA 34 

which magnify the classification power of the computational model were solely from the 35 

head, trunk and pelvis kinematics. Our results revealed that the nonlinear trajectory provides 36 

the best classification performance through the NCA-K-NN algorithms with an accuracy of 37 

90%, specificity of 100% and sensitivity of 83.3%.  The selected features by NCA are 38 

introduced as key biomarkers of gait kinematics for classifying non-specific CNP. This 39 

paper provides insight into changes in gait kinematics which are present in people with non-40 

specific CNP which can be exploited for classification purposes. The result highlights the 41 

importance of curvilinear gait kinematic features which potentially could be utilized in 42 

future research to predict recurrent episodes of neck pain. 43 

Keywords: machine learning, gait kinematics, biomarkers, chronic neck pain. 44 

 45 

 46 
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INTRODUCTION 47 

Neck pain is one of the most prevalent musculoskeletal disorders among adults on a 48 

global scale, affecting 70% of the population at some point in their life (Goode, Freburger 49 

and Carey, 2010). Many people with neck pain do not experience full resolution of their 50 

pain and continue to experience pain across their life time (Chiu, Lam and Hedley, 2005; 51 

Côté et al., 2004; Cote et al., 2009). Several studies have demonstrated that people with 52 

chronic neck pain (CNP) display altered kinematics when performing functional tasks, 53 

including gait (Poole, Treleaven and Jull, 2008; Falla et al., 2017a; Alsultan et al., 2019), 54 

and these disturbances are thought to play a role in the maintenance or perpetuation of 55 

symptoms.  56 

Walking is an easy task for an able-bodied adult with no neurological or 57 

musculoskeletal disorder. However, walking implies fine interaction and coordination 58 

between different body segments and joints, especially when walking in nonlinear 59 

trajectories which require anticipatory adjustments. Such adjustments start with the head and 60 

the eyes deviating towards the future direction, followed by trunk reorientation which is 61 

accompanied by directional changes in the centre of mass (Godi, Giardini and Schieppati, 62 

2019; Courtine and Schieppati, 2003). During walking, we often experience variations and 63 

deviations in our trajectory which results in a combination of curvilinear and rectilinear gait. 64 

On average, 30% of the gait time is spent walking along curved paths (Segal et al., 2008). 65 

Several studies have shown specific changes in muscle activation (Courtine, Papaxanthis 66 

and Schieppati, 2006; Duval, Luttin and Lam, 2011), kinematics (Courtine and Schieppati, 67 

2004) and brain activation (Wagner et al., 2008) during curvilinear trajectories compared to 68 

rectilinear gait, which indicates a more demanding computational load to the central nervous 69 

system (Turcato et al., 2018).  70 
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Evidence demonstrates that people with CNP experience gait disturbances including 71 

during curvilinear walking (Lindstrøm et al., 2011; Falla, Jull and Hodges, 2004; Falla et 72 

al., 2010; Treleaven, 2008; Alsultan et al., 2019). Therefore, we aimed to develop a novel 73 

protocol and data processing pipeline that analyses the kinematic features of individuals 74 

with and without non-specific CNP when they perform curvilinear and rectilinear 75 

trajectories. In addition, we examined whether are able to classify people with CNP 76 

compared to asymptomatic participants based on these features. Rather than extracting a 77 

large dimension of handcrafted feature space and searching for the best machine learning 78 

algorithm to conduct the classification task, we specifically focused on the simplicity, 79 

reproducibility and predictability of the machine decision, based on probabilistic techniques 80 

which minimize the computational complexity. Thus, we aimed to determine which sector 81 

of feature space (which corresponds to a particular segment of human biomechanics) 82 

encompasses the most discriminative information context regarding non-specific CNP. This 83 

will reveal imperative information about the global (not individual) effect of non-specific 84 

CNP on heterogeneous kinematic alterations. The direct outcome will be informative not 85 

only for clinicians to appreciate the most relevant gait disturbances in people with non-86 

specific CNP but the results may inform the next generation of wearable devices and future 87 

research by highlighting the most informative body segments to be monitored during gait 88 

analysis.  89 

The use of machine learning techniques has profoundly influenced healthcare 90 

research (Sumeet Dua, 2014). Many detection algorithms have been used with various types 91 

of features for the diagnosis of different disorders or physical conditions including  92 

Parkinson’s Disease (Abdulhay et al., 2018; Sankar, 2016), multiple sclerosis (Sun, Hsieh 93 

and Sosnoff, 2018; McGinnis et al., 2017) or Alzheimer’s Disease (Jin and Deng, 2018). 94 

Additionally, machine learning techniques have been applied in patients with 95 
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musculoskeletal disorders, yet this research has largely focused on low back pain (Gioftsos 96 

and Grieve, 1996; Hu et al., 2018; Ashouri et al., 2017). These studies used kinematic 97 

features to feed neural networks (Hu et al., 2018) and other supervised learning approaches 98 

(Ashouri et al., 2017), obtaining excellent classification accuracy (97.2% and 90%, 99 

respectively).  100 

In order to efficiently design a data-driven computational model, in an interpretable 101 

manner, the bio-data space can be structured before applying the machine learning models. 102 

In this regard, Principal Component Analysis (PCA) is the classic technique for data 103 

structuring and dimensionality reduction. However, it does not provide explicative 104 

objective, comparable measures of the discriminative power or meaningful predictive 105 

information of the features. To address this, we utilized Neighbour Component Analysis 106 

(NCA), which is a relatively recently developed technique designed to provide insight into 107 

the information context of the feature space. NCA has been used previously to identify 108 

different stages of Alzheimer’s disease (Jin and Deng, 2018) and has been used to classify 109 

phases of gait (Youngkong, 2011). In these studies, the use of NCA improved classification 110 

accuracy compared to traditional techniques.  111 

In the present study we exploit the advantages of NCA to identify which features of 112 

gait can discriminate people with non-specific CNP from asymptomatic individuals through 113 

three supervised algorithms. Specifically, we investigated how supervised machine learning 114 

algorithms can classify people with non-specific CNP versus asymptomatic individuals 115 

based on body kinematics when walking along curvilinear and rectilinear paths. We aimed 116 

to address the following questions:  117 
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1. Which gait trajectory (rectilinear, curvilinear or combined) provides the best 118 

physiological biomarkers of human kinematics to effectively classify non-specific 119 

CNP versus asymptomatic individuals?  120 

2. Which kinematic features encapsulate the most important discriminative power? 121 

3. What body segments carry the most discriminative features to classify people with 122 

non-specific CNP versus asymptomatic individuals. 123 

 124 

METHODS  125 

Participants and Experimental Protocol 126 

Twenty asymptomatic individuals and 20 people with non-specific CNP were 127 

recruited. Participants with non-specific CNP were eligible for the study if they: (1) reported 128 

their average neck pain intensity over the last four weeks as greater than 3 out of 10 on a 129 

Numerical Rating Scale (NRS) (with two anchor points; 0 = no pain and 10 = worst pain 130 

imaginable) (Boonstra et al., 2016; Kamper et al., 2015), and (2) had a history of CNP 131 

longer than 3 months.  Asymptomatic individuals were eligible if they had no history of 132 

neck pain in the last two years that required treatment from a health care practitioner. 133 

Exclusion criteria for both groups were previous spinal surgery, rheumatologic condition, 134 

current or chronic respiratory condition, or an ongoing compensation claim related to an 135 

injury. 136 

All participants received written and verbal information about the study procedure 137 

and gave written informed consent before participation. No information regarding the 138 

expected results was provided to avoid bias. The study was conducted within a Laboratory 139 

at the Centre of Precision Rehabilitation for Spinal Pain (CPR Spine) congruent with the 140 
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Declaration of Helsinki principles. Ethics approval were obtained from the University of 141 

Birmingham (CM06/03/17-1). 142 

During data collection, all participants were asked to walk barefoot at a self-selected 143 

speed, along a curvilinear path (radius 1 meter) in both directions (clockwise and counter 144 

clockwise) and along a rectilinear path (6 meters), three times with a 2 minute rest between 145 

trials. A trial was considered completed when the participant reached the end point. In 146 

curvilinear gait, the start and the end point were the same. The order of the trajectories’ 147 

performance was randomly selected. 148 

Measurements System 149 

An optoelectronic system (BTS Bioengineering, Italy) was used to record gait 150 

kinematics. The system is based on eight infrared cameras with a resolution of 2,2 MPixels 151 

and a sampling frequency of 100Hz.  The cameras tracked the 3D motion of spherical 152 

passive reflective markers (see Fig. 1). In total, 26 markers were placed directly on the skin 153 

of each participant above the anatomical reference points using a modified version of the 154 

Davis biomechanical model (Davis III et al., 1991; Alsultan et al., 2019) (see Fig. 2). 155 

Data analysis with Supervised learning 156 

The kinematic data were processed using a 3D reconstruction software (SMART 157 

Tracker and SMART Analyzer, BTS, Milan, Italy) which was then analysed using custom 158 

scripts in MatLab (MathWorks, Natick, MA, USA) software for the feature extraction and 159 

the supervised classification.  160 

Due to the importance of multiple features for the classification performance (Guyon 161 

et al., 2008), speed, acceleration, and jerk (from the frontal, sagittal and transverse plane) 162 

were computed as well as path length (Shahbazi et al., 2018) and smoothness (Shahbazi et 163 

al., 2018) of movement recorded from the Head, Trunk, Pelvis, Hip, Knee, Ankle and Foot. 164 
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Here, smoothness was selected as a measure of coordinated movement and calculated as the 165 

mean square magnitude of jerk (Hogan and Sternad, 2009). Statistical features were 166 

computed, including mean, root mean square, maximum, and standard deviation.  167 

Features were extracted per walking condition for all participants in a single gait 168 

cycle and averaged across gait trails. In total, 126 features were extracted. Table 2 shows all 169 

features extracted from each body segment that constitutes our dataset for the rectilinear and 170 

curvilinear trajectory. Moreover, one more dataset was included to analyze the performance 171 

of both trajectories together in the classifier algorithm. We called this dataset Combined 172 

since it included data from both gait conditions. 173 

Three supervised learning approaches were used to create a binary classification 174 

model that relates kinematic features from gait to internalizing classification between 175 

participants with CNP and asymptomatic individuals. Specifically, we used K-Nearest 176 

Neighbour (K-NN), Support Vector Machine (SVM) and Linear Discriminant Analysis 177 

(LDA) techniques. K-NN algorithm is considered to be one of the simplest classifiers and, 178 

therefore, one of the most frequently used, especially in action recognition(Choi et al., 2014; 179 

Ghasemzadeh et al., 2012; Zainuddin et al., 2016). The K-NN algorithm assigns a point of 180 

the test sample to a class of training sample-based on its distance to the closest point in 181 

feature space. The distance between points used was the Euclidean distance, and the number 182 

of neighbors was set to 5 (k = 5) as a trade-off between underfitting and overfitting. Indeed, 183 

there is not a general guideline for choosing the optimum value of k (Ghosh, 2006). Thus, 184 

we tested different k values (3, 5 and 7) and finally selected the one which ensured optimum 185 

performance. Classical SVM algorithm is a pattern classifier that divides each class by 186 

constructing a linear boundary in the transformed space of the input feature space. In 187 

addition, SVM can be configured with different kernel functions. In this study, SVM with a 188 

linear kernel was used to classify CNP versus asymptomatic individuals.  LDA is a 189 
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parametric technique which works with linear decision boundaries. The three given datasets 190 

from each trajectory were used to train all classifiers, separately.  191 

In order to explore the discrimination power of the body segments and reduce the 192 

number of features as well as improve the algorithms’ generalization performance, a feature 193 

exploration technique, NCA, was applied. NCA is a novel non-parametric technique 194 

proposed by Goldberger (Goldberger et al., 2005), which introduced a method that 195 

maximizes the performance of the k-nearest neighbor classification algorithm by computing 196 

the expected Leave-One-Out (LOO) classification error from a stochastic neighbor 197 

assignment in the transformed space. This method makes no assumptions on the class 198 

distributions and does not lose any information during the dimensionality reduction process. 199 

As a result of this process, the NCA learns a feature weighting vector that provides a 200 

ranking of all features (Yang, Wang and Zuo, 2012) based not only on their statistical 201 

distribution but also on their discrimination power. The optimal regulation parameter was 202 

determined to ensure better classification accuracy.  203 

After applying NCA, we reran the three supervised algorithms with the most 204 

relevant features and compared their performance with the results that we obtained 205 

previously. We summarize the process in Fig.3.  206 

A five-fold cross-validation scheme was adopted to estimate the overall  207 

performance of the classifier (Zainuddin et al., 2016) and avoid overfitting. This procedure 208 

divides the training data uniformly into five subsets; one is used for testing, and the other 209 

four are used for training. The performance of the three classification models were assessed 210 

using the multiclass confusion matrix to get accuracy, sensitivity and specificity. 211 

Statistical analysis was computed to evaluate the normality of the data as well as the 212 

differences in age, height, weight and BMI between groups using independent t tests. 213 
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RESULTS 214 

Demographic characteristics of the participants are shown in Table 1. There were no 215 

significant differences in terms of demographic characteristics between groups (p > 0.05).  216 

Overall accuracy, specificity and sensitivity results for each supervised model and 217 

for each trajectory are summarized in Table 3. The table shows the classification 218 

performance of each method with all the features together as well as the performance with 219 

the features selected by NCA for each trajectory. We can observe that in all cases, there is a 220 

greater improvement of accuracy, specificity and sensitivity after using the NCA algorithm. 221 

This classification improvement highlights the capability of the algorithm to detect the 222 

presence of irrelevant or noisy features that could lead to a burden for the classifiers. The 223 

best classification performance of 90% corresponds to the curvilinear trajectory condition 224 

by using the K-NN algorithm. This result reveals the predictive power of curvilinear 225 

walking compared to rectilinear as well as K-NN compared to SVM and LDA for binary 226 

classification. 227 

In Fig. 4, we can see the results after applying NCA. The horizontal coordinate 228 

denotes all the body segments and the vertical coordinate represents the corresponding 229 

feature weighting factors learned by the NCA algorithm. Those features with higher weight, 230 

correspond to the most relevant features for the classification and those with lower values 231 

correspond to the irrelevant features that were discarded from the dataset. From this figure 232 

we can observe that the body segments which have the lowest discriminative power in all 233 

trajectories are Hip, Ankle and Foot. 234 

The NCA algorithm identified a total of 31 relevant features for the curvilinear 235 

trajectory, 50 features for the rectilinear trajectory and 29 features for combined condition 236 

from the Head, Trunk, and Pelvis, but not from the Hip, Knee, Ankle or Foot. In order to 237 
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find the best classification performance with the minimum number of features, we plotted 238 

(Fig. 5) the accuracy as a function of the number of features selected by NCA. In the figure 239 

we can observe that the highest accuracy is achieved by the K-NN algorithm in all cases, 240 

with 11 features for curvilinear gait, 7 features for rectilinear gait and 9 features for the 241 

combined trajectory. The overall performance of the classifiers deteriorated with additional 242 

features suggesting that some gait features are redundant, as they do not provide additional 243 

discriminatory information.  244 

Table 4 shows the features from different body segments derived from NCA that 245 

carry the most discriminative power and therefore the best classification performance. All of 246 

these features, in the three trajectories, belong to kinematic parameters and correspond to 247 

the same three body segments; Head, Trunk and Pelvis.  248 

Motivated by the results obtained in Table 4 and the performance of K-NN for 249 

classification, additional analyses were conducted on the performance of the classification 250 

when we consider only the body segments that achieved the best accuracy. The result of this 251 

analysis is shown in Fig. 6; an accuracy of 70% is achieved for the curvilinear trajectory 252 

when only using the features selected by NCA from the Trunk and Pelvis or Head and 253 

Pelvis. On the other hand, for rectilinear we obtained an accuracy of 72.5% using only the 254 

Trunk and for the combined trajectories we only obtained an accuracy of 60% for the Trunk 255 

and Pelvis. These findings highlight the relevance of the Head, Trunk and Pelvis data for the 256 

classification in addition to features such as speed, acceleration and jerk. 257 

 258 

DISCUSSION 259 

In this study we achieved our three aims which were to identify which: 1) gait 260 

trajectory provides better classification accuracy between people with and without non-261 
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specific CNP, 2) kinematics features have more discriminative power for the classification 262 

and 3) body segments have more discriminative power for the classification. 263 

Gait characteristics of people with non-specific CNP 264 

Human gait provides different types of data (i.e., kinematics, kinetics) that can be 265 

used for classification purposes, given that each individual has a unique gait pattern (Horst 266 

et al., 2019). Previous studies have analyzed gait in people with and without CNP (Alsultan 267 

et al., 2019; Falla et al., 2017b; Kirmizi et al., 2019) and have found differences in 268 

movement patterns between groups. However, machine-learning techniques had not been 269 

implemented. Yet, such approaches could be used as an adjunct to help to determine the 270 

most important features present in individuals with CNP and could potentially help to 271 

identify individuals at risk of developing recurrent pain with greater accuracy. 272 

Our results showed that curvilinear walking provided the most relevant data 273 

compared to rectilinear and combined gait, achieving maximum accuracy, specificity and 274 

sensitivity of 90%, 100% and 83.33%, respectively, via the NCA-K-NN algorithms. 275 

Overall, all three classifiers provided better results during curvilinear compared to 276 

rectilinear and combined trajectories.  277 

As mentioned, gait performance along linear trajectories have been studied 278 

previously in people with CNP (Alsultan et al., 2019; Falla et al., 2017b; Kirmizi et al., 279 

2019). These studies found that people with CNP present with slower gait speed, shorter 280 

step length and reduced trunk rotation.  In other patient populations such as Parkinson’s 281 

disease or stroke, studies have revealed even greater walking difficulties when patients are 282 

asked to walk along curved rather than rectilinear trajectories (Guglielmetti et al., 2009; 283 

Godi, Nardone and Schieppati, 2010). Our work also reveals that more complex gait 284 

patterns requiring adjustments at multiple body segments, are superior to evaluate gait of 285 
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people with CNP as this improves the sensitivity of machine learning approaches to identify 286 

the most important features present in this group of patients.      287 

Performance of approaches 288 

In terms of classification methods, the K-NN classifier demonstrated the best ability 289 

for classification on all the trajectories proposed (90% curvilinear, 67.5% rectilinear, 70% 290 

combined) compared to SVM (82.5% curvilinear, 55% rectilinear, 62.50% combined) and 291 

LDA (82.5% curvilinear, 60% rectilinear, 60% combined). SVM classifier is by far one of 292 

the most common methods used for the classification of musculoskeletal disorders (Hayashi 293 

et al., 2015) due to its ability to learn complex relationships. Depending on its kernel 294 

function, SVM can act as a linear or non-linear classifier (Deisenroth, Faisal and Ong, 2020) 295 

and in particular, in this study we applied the linear kernel function. LDA and SVM 296 

performed worse than K-NN, likely because these two algorithms are linear classifiers. On 297 

the contrary, K-NN is a non-linear classifier that could be better suited to the non-linear and 298 

non-stationary nature of the data.  299 

For all the supervised models used, NCA yielded better classification performance 300 

with a smaller number of features due to its capability of identifying the most discriminatory 301 

features. This classification improvement is in line with previous studies which applied 302 

NCA in their analysis and obtained superior results after its application using different 303 

features from electromyography (EMG) signals to classify different stages of Alzheimer’s 304 

disease and electroencephalography (EEG) signals to classify epilepsy patients, respectively 305 

(Raghu and Sriraam, 2018; Youngkong, 2011). The present study is the first to apply the 306 

NCA algorithm in gait kinematics patterns and our findings, similarly to the prior studies, 307 

confirm its great potential for the recognition of features with high discriminatory power. 308 

High impact features 309 
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Kinematics features such as speed, acceleration and jerk and particularly data 310 

extracted from the head, trunk and pelvis were key for accurately classifying people with 311 

CNP compared to asymptomatic individuals during gait. In accordance, a previous study 312 

(Sjolander et al., 2008) reported the jerk index as a novel parameter to objectively measure 313 

sensorimotor disturbances in people with CNP during voluntary head rotations.  314 

The high prevalence of kinematic features suggests biomechanical irregularities that 315 

may be attributed to unconscious strategies such as jerky or slow movements to avoid pain 316 

as previous research reported (Hodges and Tucker, 2011; Hodges and Falla, 2015). By 317 

applying machine-learning algorithms, we are introducing quantitative and objective 318 

methods in kinematic data analysis where conventional statistical approaches might not be 319 

sensitive enough. This approach allowed us to identify high-impact parameters which may 320 

be potentially used as bio-signatures that can highlight differences between groups and 321 

could offer an adjunct to the clinical assessment. 322 

Limitations 323 

The small sample size used (20 healthy subjects and 20 CNP patients) is one of the 324 

main limitations of this study, as it likely reduces the generalizability of the results. 325 

Moreover, the effect of leg dominance as well as neck pain location was not evaluated, 326 

nevertheless, it is unlikely that these latter issues strongly affected our results.  327 

With machine learning models, it is difficult to understand exactly what has been 328 

learnt during the classification process (e.g. pain mechanism, subject-specificity), especially 329 

with limited sample sizes. Therefore, it is necessary to conduct further investigations with 330 

larger cohorts. Nevertheless, this study provides a robust classification assessment tool 331 

which establishes the basis for such future research. 332 

Future work 333 
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Research on musculoskeletal pain often relies on subjective reports which may have 334 

poor discriminatory capacity. There is a need to find new approaches that can analyse 335 

complex feature spaces and obtain potential biomarkers to objectively support clinical 336 

decisions. Machine learning approaches are ideal to face this challenge and may help reveal 337 

different patient presentations or pain mechanisms. 338 

 339 

CONCLUSION 340 

In the present study, we confirmed that kinematic data obtained during gait could be 341 

used to classify people with non-specific CNP compared to asymptomatic individuals. This 342 

work provides new insight into the understanding of human biomarkers for the objective 343 

evaluation of movement dysfunction in people with CNP. Future work should focus on 344 

extending these results, in order to identify whether the same biomarkers can be used to 345 

predict those at risk of developing future recurrent episodes of neck pain when examined 346 

during a period of remission. 347 
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 506 
 507 
Table legends 508 

Table 1: Demographic characteristics of participants.  509 
(*) Independent samples t-test, SD: Standard deviation, BMI: Body Mass Index. 510 
 511 
Table 2: Features extracted from body joints.  512 
(*) SN: Smoothness, PL: Path length, RMS: Root Mean Square, SD: Standard Deviation 513 
 514 
Table 3: Classification performance for each trajectory.  515 
ACCU: accuracy, SPEC: specificity, SENS: sensitivity 516 
 517 
Table 4: Selected features by NCA.  518 
FW*: Feature weight (discriminative power) 519 
 520 
 521 
Figure Captions 522 
 523 
Fig. 1. Simplified representation of experimental setup. 524 

Fig. 2. Biomechanical model 525 

Fig. 3. Block diagram of the proposed method. 526 

Fig. 4. NCA weights for each body segment and trajectory. The higher the value the more 527 
important it is. 528 

Fig. 5. Dependence of % classification accuracy on the number of features selected by NCA 529 
for each trajectory. 530 

Fig. 6. Classification performance for each trajectory based on the most representative body 531 
segments. 532 


