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a b s t r a c t 

Background and objectives: Chronic low back pain (CLBP) is a leading cause of disability. The management 

guidelines for the management of CLBP often recommend optimizing physical activity (PA). Among a sub- 

sample of patients with CLBP, central sensitization (CS) is present. However, knowledge about the associ- 

ation between PA intensity patterns, CLBP, and CS is limited. The objective PA computed by conventional 

approaches (e.g. cut-points) may not be sensitive enough to explore this association. This study aimed to 

investigate PA intensity patterns in patients with CLBP and low or high CS (CLBP-, CLBP + , respectively) 

by using advanced unsupervised machine learning approach, Hidden semi-Markov model (HSMM). 

Methods: Forty-two patients were included (23 CLBP-, 19 CLBP + ). CS-related symptoms (e.g. fatigue, sen- 

sitivity to light, psychological features) were assessed by a CS Inventory. Patients wore a standard 3D- 

accelerometer for one week and PA was recorded. The conventional cut-points approach was used to 

compute the time accumulation and distribution of PA intensity levels in a day. For the two groups, two 

HSMMs were developed to measure the temporal organization of and transition between hidden states 

(PA intensity levels), based on the accelerometer vector magnitude. 

Results: Based on the conventional cut-points approach, no significant differences were found between 

CLBP- and CLBP + groups ( p = 0.87). In contrast, HSMMs revealed significant differences between the 

two groups. For the 5 identified hidden states (rest, sedentary, light PA, light locomotion, and moderate- 

vigorous PA), the CLBP- group had a higher transition probability from rest, light PA, and moderate- 

vigorous PA states to the sedentary state ( p < 0.001). In addition, the CBLP- group had a significantly 

shorter bout duration of the sedentary state ( p < 0.001). The CLBP + group exhibited longer durations of 

active ( p < 0.001) and inactive states ( p = 0.037) and had higher transition probabilities between active 

states ( p < 0.001). 

Conclusions: HSMM discloses the temporal organization and transitions of PA intensity levels based on 

accelerometer data, yielding valuable and detailed clinical information. The results imply that patients 

with CLBP- and CLBP + have different PA intensity patterns. CLBP + patients may adopt the distress- 

endurance response pattern with a prolonged bout duration of activity engagement. 

© 2023 The Author(s). Published by Elsevier B.V. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Abbreviations: CLBP, chronic low back pain; PA, physical activity; CS, central sen- 

itization; CLBP + , chronic low back pain with higher central sensitization levels; 

LBP-, chronic low back pain with lower central sensitization levels; HSMM, hid- 

en semi-Markov model; AEM, avoidance-endurance model; CSI, central sensitiza- 

ion inventory; VAS, visual analogue scale; PDI, pain disability index; Rand36-PF, 

hysical functioning subscale of the Rand36; PCS, pain catastrophizing scale; IEQ, 

njustice experience questionnaire; BSI, brief symptom inventory; BIC, bayesian in- 

ormation criterion; JSD, Jensen–Shannon divergence; MET, metabolic equivalent of 

ask; mg, milli-gravity; DE, distress-endure. 
∗ Corresponding author. 

E-mail address: x.zheng@umcg.nl (X. Zheng) . 
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. Introduction 

Chronic low back pain (CLBP) is a globally prevalent chronic 

usculoskeletal disorder [1] and is costly due to medical treat- 

ents and work productivity loss [2] . Additionally, it is a lead- 

ng cause of high levels of disability [3] . In the management of 

LBP, optimizing physical activity (PA) is often recommended [4] . 

owever, the results of studies that examine PA intensity levels 

etween patients with CLBP and healthy controls are inconsistent. 

ome studies suggest that people with CLBP exhibit lower overall 

A intensity levels (averaged over one day or several days), com- 
under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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ared to matched controls [ 5 , 6 ], while others have reported that

verall PA intensity levels do not differ significantly between pa- 

ients with CLBP and healthy controls [ 7 , 8 ]. With respect to the

A distribution during a day, one study reports that CLBP patients 

ave significantly lower overall PA intensity levels in the morning 

ompared to healthy controls [8] while another study observes that 

uring the evening, CLBP patients are significantly less active than 

ealthy controls [9] . 

One explanation for the inconsistencies might be the hetero- 

eneity within the population of CLBP. A subsample of patients 

ith CLBP might have central sensitization (CS) [10] . CS is the in- 

reased responsiveness to noxious and non-noxious stimuli [11] . A 

ecent paper proposes two major sub-types of CS: a "bottom-up" 

ype and a “top-down” type [12] . The “bottom-up” type may be 

riven by persistent peripheral noxious input, causing an imbal- 

nce in excitatory and inhibitory central neurotransmitters, and al- 

ering gene regulations in the central nervous system, leading to 

entral hyperexcitability. The “top-down” type is suggested to be 

riven without ongoing nociceptive input and the primary contri- 

ution may originate in supraspinal structures, including the psy- 

hosocial symptoms, such as fear-avoidance beliefs and pain catas- 

rophizing thoughts. These symptoms may enhance forebrain ac- 

ivity, i.e. the neuronal activation of the prefrontal cortex and the 

imbic system, leading to central hyperexcitability. Central hyper- 

ensitivity eventually can spread and expand to multiple brain re- 

ions [12] . Consequently, patients with CS may be present with 

idespread hyperalgesia, fear-avoidance beliefs, pain catastrophiz- 

ng thoughts, anxiety, and depression [12] The relation between CS 

nd PA is still unclear but the plausibility of this relation can be 

erived from relations between fear-avoidance beliefs, pain catas- 

rophizing thoughts, and pain levels on the one hand and CS on the 

ther [13] . Both the fear-avoidance model [14] and the avoidance- 

ndurance model (AEM) [15] postulated that fear beliefs and catas- 

rophizing thoughts could eventually lead to physical inactivity and 

ower PA intensity levels [16] . However, the evidence on the re- 

ation between fear beliefs and measured PA is inconsistent [17–

9] . To evaluate the relationship between AEM and PA in CLBP, 

ne study compares the PA (measured by accelerometer) between 

voiders and persisters (labeled by Patterns of Activity Measure- 

ain questionnaire), but the results do not show differences be- 

ween these 2 groups [17] . This finding is supported by another 

tudy which reports that, among a CLBP sample, none of the ob- 

ective measures of PA were associated with fear beliefs and this 

nding does not support one aspect of the fear-avoidance model 

hat fear beliefs are associated with physical inactivity [18] . This 

ight be due to the fact that PA intensity is studied in terms of 

verage intensity levels over for instance days, which lacks sensi- 

ivity to detect small differences, since a recent study reports that 

ear beliefs and catastrophizing are associated with the distribution 

f PA at a day instead of the average PA levels [19] . 

Therefore, to obtain more in-depth knowledge about the impact 

f CLBP and CS levels on PA, the temporal organization (distribu- 

ion) as well as the transitions between PA intensity levels pro- 

ide important information. For instance, with the same accumu- 

ated time of sedentary activity, it makes a difference if someone 

akes regular small bouts of activity in-between sedentary times or 

ot. Small bouts of activity can counteract the harmful effects of a 

rolonged sedentary period [20] . Similar, frequent short bursts of 

oderate-vigorous PA may have smaller health benefits than less 

requent but longer periods of moderate-vigorous PA [21] . Knowing 

he differences in the PA intensity patterns of patients with CLBP 

nd low or high CS will provide us with knowledge regarding the 

ossible underlying mechanism of CLBP and assist in the develop- 

ent of personalized rehabilitation programs. 

The well-established approach to study PA intensity levels is 

he cut-points approach which is based on predefined acceleration 
2 
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hresholds (e.g. activity counts/per minutes) to divide the accelera- 

ion data into sedentary ( < 100), light (100–1951), and moderate to 

igorous ( > 1951) PA intensity levels based on healthy populations 

22] . By using the predefined thresholds, this approach provides 

 standardized method for classifying PA intensity levels, allowing 

or comparability across studies. However, predefined thresholds 

or PA intensity levels are most often based on healthy populations 

hich may not accurately reflect small changes in PA intensity lev- 

ls of patient populations. For instance, PA levels of patients with 

umbar spinal stenosis disease are all identified as sedentary and 

ight, despite small changes in PA intensity having significant clin- 

cal implications [23] . Furthermore, the thresholds may vary with 

ge, and may not provide an accurate and precise PA intensity level 

ssessment for every individual. To get more accurate PA intensity 

evels, supervised machine learning approaches [24] , such as Naive 

ayes, K-nearest neighbors [25] , random forest [26] , support vec- 

or machines [27] , and artificial neural network [28] , are used to 

lassify the PA intensity levels or predict the continued metabolic 

quivalent of task (MET) values based on the labeled accelerome- 

er data. Although supervised machine learning approaches show 

otential for accurate PA intensity assessment, but require labeled 

ata that are labeled with different PA intensity levels or METs 

rior to the model training. To get rid of the need of a-priori infor- 

ation (predefined thresholds or labeled data), unsupervised ma- 

hine learning approaches (such as K-means [29] , density-based 

patial clustering of applications with noise [30] , and hierarchical 

lustering [29] ) are used to cluster the PA intensity levels from ac- 

elerometer data. However, the outcomes of the above approaches 

re usually used to compute average or summary statistics from 

ne- or several-time windows instead of providing more in-depth 

nformation about the temporal organization and transitions be- 

ween PA intensity levels. Hidden semi-Markov model (HSMM) 

31] is considered as an unsupervised machine learning approach 

s well as a probabilistic graphical model [32] . The characteris- 

ic of the probabilistic graphical model enables HSMM to disclose 

he temporal organization and transition information of PA inten- 

ity levels. Therefore, HSMM has several advantages. First, it is a 

ata-driven approach. It can get rid of resources expensive cali- 

ration or data labeling. Second, HSMM has higher resolution by 

lustering PA intensity levels (hidden states) from acceleration than 

he cut-points approach, instead of 4 levels of intensity (sedentary, 

ight, moderate, and vigorous PA). Third, more in-depth informa- 

ion, such as temporal organization and transitions of PA inten- 

ity levels may provide a more parsimonious and biologically in- 

ormative description of the data. Fourth, differences in temporal 

rganization of and transitions between PA intensity levels from 

SMM between groups can be statistically tested, and therefore, 

ifferences between groups may be recognized. 

This study aimed to investigate whether low or high CS levels 

re associated with different PA intensity patterns (temporal orga- 

ization of and the transitions between PA intensity levels) of pa- 

ients with CLBP, using HSMM (based on daily-living accelerometer 

ata). The highlights and contributions of this paper can be sum- 

arized as follows: 

• The paper shows that the applicability of HSMM provides de- 

tailed and valuable clinical information about temporal orga- 

nization and transitions of PA intensity levels based on ac- 

celerometer data. 
• The analytic strategy used in this study provides a deeper un- 

derstanding of the relationship between PA, CS, and CLBP. 
• A comparison of the HSMM results with the conventional cut- 

points approach showed that the cut-points approach did not 

find statistical differences in patients with high or low levels of 

CS while HSMM did. 
 of Hong Kong from ClinicalKey.com by Elsevier on April 
ion. Copyright ©2025. Elsevier Inc. All rights reserved.
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• Different PA intensity and transition patterns between patients 

with high levels and low levels of CS were found, implying the 

need for different intervention strategies 

. Material and methods 

.1. Patients 

Patients aged between 18 and 65 years old who had primary 

LBP were recruited from the outpatient Pain Rehabilitation De- 

artment of the Center for Rehabilitation of the University Medi- 

al Center Groningen (CvR-UMCG). Primary CLBP is defined as low 

ack pain persistent for more than three months, with pain not 

eing the result of any other diagnosis [33] . Criteria for excluding 

atients from these studies were: (a) had a specific diagnosis that 

ould better account for the symptoms (e.g. cancer, inflammatory 

iseases and/or spinal fractures); (b) had neuralgia and/or radicular 

ain in the legs; (c) were pregnant. 

The study was approved by the Medical Research Ethics 

ommittee of the University Medical Center Groningen (METc 

016/702). Informed consent was obtained from all subjects and 

his study was conducted according to the principles expressed in 

he Declaration of Helsinki. The data used in this paper were de- 

ived from a larger study, in which protocol details were described 

lsewhere [34] . From the same sample, a study about gait analysis 

as published [35] . 

.2. Data collection 

.2.1. Central sensitization (CS) 

The presence of CS-related manifestations was assessed with 

ection A of the Central Sensitization Inventory (CSI) [36] . Sec- 

ion A has 25-items to assess the presence of common CS-related 

ymptoms. Scores can range from 0 to 100 where a higher score 

epresents a higher level of CS. A score lower than 40 indicates 

ow CS (CLBP- group) and a score of 40–100 indicates moderate- 

igh CS (CLBP + group) [37] . 

.2.2. Secondary measures 

Clinical data were measured via self-reported questionnaires. 

he Visual Analogue Scale assesses the pain intensity (VAS Pain; 0–

0). VAS scores lower than 3.4 represent mild pain, between 3.5 to 

.4 represent moderate pain, and higher than 7.5 represent severe 

ain [38] . The Pain Disability Index (PDI; 0–70) with higher scores 

eflect higher interference of pain with daily activities. The phys- 

cal functioning subscale of the Rand36 questionnaire (Rand36- 

F; 0–100) with higher scores represent lesser disability. The Pain 

atastrophizing Scale (PCS, 0–52), the Injustice Experience Ques- 

ionnaire (IEQ, 0–48), and the Brief Symptom Inventory (BSI global 

everity index t-score) were used to assess psychological-related 

ymptoms. The PCS scores [39] and IEQ scores [40] over 30 are as- 

ociated with clinical relevance, and higher scores of BSI relate to 

ore severe psychological symptoms. 

.2.3. Accelerometer data collection and formating 

Patients were instructed to wear a tri-axial accelerometer (Acti- 

raph GT3X, Actigraph Corporation, Pensacola, FL) at all times 

or about one week, excluding sleeping or bathing time. The ac- 

elerometer was worn at the front right hip of the patient (at the 

nterior superior iliac spine). The sampling frequency of the ac- 

elerometer was set to 100 Hz and the dynamic range was ± 6 

ravity. 

The raw data of each patient was firstly segmented into 24- 

 span data segments (from 12:00 PM. to the next day 11:59 

.M). This time span was used because the measurement started 

t 12:00 PM. Secondly, the data that did not completely cover this 
3 
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4 h span was discarded. For technical or patient-related reasons, 

ost of the patients did not have a full week of data. In order 

o compare the data between different patients fairly, 4 segments 

representing 4 days) of each patient were randomly selected. 

.3. Conventional cut-points approach 

The cut-points approach were set as sedentary ( < 100 

ounts/min), light physical activity (100 to 1951 counts/min), 

nd moderate-to-vigorous physical activity ( > 1952 counts/min). 

hese thresholds have been reported by a former study [22] . 

he activity count [41] is an objective index to assess the energy 

xpenditure of activities. It is generated from the accelerometer 

ata following frequency filtering, thresholding, rectification, and 

ntegration processing. The accelerometer data was resampled to 

0 Hz. Then, a bandpass Butterworth filter with 4 orders was 

pplied. Another filter with coefficient matrices which were found 

y [41] was used. The filtered data was truncated to 0 if the 

alue was smaller than the threshold of 0.068. Finally, consecutive 

amples were accumulated into the 5-s epoch counts data. In this 

tudy, the activity count was computed based on accelerometer 

ata by using the package ActigraphCounts [42] . 

.4. Hidden semi-Markov model 

For each 24 h span data segment, the gravity effects were re- 

oved from the 3-axis raw accelerometer data (details of this pro- 

ess was in Appendix A) and then computed the vector magnitude 

s: acceleration = 

√ 

accX 2 + accY 2 + accZ 2 . This vector magni- 

ude was simply called acceleration in this study. Next, the accel- 

ration during unworn time in the night was removed from each 

egment. The unworn time was defined as the period which accel- 

ration values were all 0 and lasting longer than 3 h. Finally, the 

cceleration was average across every 5 s. These acceleration seg- 

ents were used to train HSMMs later. 

The acceleration segments of CLBP- and CLBP + group were sep- 

rately used to train two HSMMs respectively. HSMM was used to 

xplore the different PA intensity levels from acceleration. It is an 

nsupervised machine learning approach, and it can automatically 

luster hidden states from the observation data (acceleration). Hid- 

en states are not directly observed from the acceleration but are 

nferred from clusters of the acceleration. HSMM cannot provide 

he physical meaning of hidden states, but hidden states can be in- 

erpreted as PA intensity levels because they were clustered from 

he acceleration and contained characteristics of acceleration val- 

es and duration. 

Before training HSMM, the number of hidden states M should 

e determined. On the one hand, a high number of states may fit 

he observation data better but will increase the model complex- 

ty and overfitting danger. On the other hand, a small number of 

tates is easier to interpret the resulting states and more computa- 

ionally efficient but may lead to underfitting. So, estimating M is a 

atter of balancing between model complexity and model perfor- 

ance. The Bayesian Information Criterion (BIC) has been widely 

sed to help model selection and it takes model complexity and 

odel performance into consideration [43] . In this study, BIC was 

sed to help to determine the number of states (More details of 

IC are shown in Appendix B). 

Let S = { s 1 , s 2 ,…, s M 

} be a set of hidden states, and

 = { o 1 , o 2 ,…, o T } be the set of observations (acceleration). HSMM

s defined as λ = ( π , A , B, C ): 

• π is the initial probability distribution of hidden sates. 

π = { π1 , π2 ,…, πM 

}, where 
∑ 

i 

πi = 1 . 
 of Hong Kong from ClinicalKey.com by Elsevier on April 
ion. Copyright ©2025. Elsevier Inc. All rights reserved.
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Fig. 1. HSMM training process. Input: the input data of the model; HSMM: hid- 

den semi-Markov model; Output: the output after the model training; O: observa- 

tion (acceleration) data; d: duration of the observation; s: hidden sate; a: transition 

probability. 
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• A is the hidden states transition matrix and its element is de- 

noted by a ij ,where i � = j and 

∑ 

i 

a i j = 1 . a ij represents the proba-

bility of hidden state s i transiting to hidden state s j . 
• B is the emission probability matrix. The emission probability 

of observation data from time a to b , given the current state in

s i is b i ( o 
b 
a ) . In this study, emission probability was modeled as 

Gaussian distributions. 
• C is the duration probability matrix and it is represented by 

c i ( d ), where d is the duration of current hidden state s i , d ∈ {1,

2, …, D }. The durations are modelled as discrete Poisson dis- 

tribution. In order to reduce the training time, the maximum 

duration D is set to 2 h. 

The parameters of HSMM were learned by Bayesian estimation 

ith a Gibbs sampler. The model was trained until the hamming 

istance between the assigned states of two consecutive iterations 

as smaller than 0.05. Then, the model was treated as convergent 

nd had a stable parameter set. The implementation of HSMM was 

ased on the package Pyhsmm [44] . 

After the model training, every acceleration segment has a cor- 

esponding hidden state sequence which shows the temporal dis- 

ribution of PA intensity levels. The hidden state sequences are 

alled fingerprints in this study because they represent the PA in- 

ensity distribution of individual patients. In order to show the full 

4 h fingerprint of each segment, the unworn time was added to 

he fingerprint based on the original timestamp. The input and 

utput of the HSMM training process are shown in Fig. 1 . 

.5. Statistical analysis 

An independent T-test was applied to examine the differences 

n the overall or day-averaged PA intensity levels between CLBP- 

nd CLBP + groups. These PA intensity levels were calculated using 

he cut-point approach. 

Significant differences in outcomes between the two HSMMs 

rained by the acceleration of CLBP- and CLBP + groups were as- 

essed using independent T-tests (duration and accumulation of 

ime of hidden states) or binomial proportion tests [45] (hidden 

tate transitions) (details of binomial proportion tests are shown 

n Appendix C). 

For all analyses, the p-value was set to 0.05. The Jensen–

hannon divergence (JSD) was used to measure the similarity be- 

ween the emission probability. Smaller values (minimum 0) in- 

icate more similarity. In this study, all analyses were conducted 

ffline and were performed using the Python. 
Table 1 

Patient characteristics ( n = 42). 

CLBP- ( n =
Sex 15 W / 8M

Age, years 40.8 ± 12

Height, cm 173.5 ± 1

Weight, kg 87 ± 17.7 

Body mass index, kg/m 

2 28.9 ± 5.3

Central Sensitization Inventory (0–100) 31 ± 4.8 

Patient-reported Pain Intensity (VAS, 0–10) 5.5 ± 2 

Disability (PDI, 0–70) 33.6 ± 11

Physical Functioning (Rand36-PF, 0–100) 49.8 ± 22

Catastrophizing (PCS, 0–52) 16.3 ± 8.9

Injustice (IEQ, 0–48) 15.2 ± 8.9

Psychological Traits Screening (BSI, t-score) 34.4 ± 4.9

Except sex, all results represent mean ± standard deviation

with low (-) and moderate-high ( + ) central sensitization lev

PDI: pain disability index. Rand36-PF: Rand 36-Physical Func

injustice experience questionnaire. BSI: brief symptom inven

4 
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To interpret the physical meaning of hidden states, the walking 

vents were identified from the accelerometer data. Walking is a 

ommon activity during the day, and it is reported that the MET 

alue of moderate pace walking (1.25–1.43 m/s) is 3.5 METs [46] . 

he details of walking event detection, step frequency, and walking 

peed calculations are shown in Appendix D. 

. Results 

.1. Demographic results 

Of the 60 patients, 7 patients were excluded due to lack of mea- 

urements for sufficient numbers of days ( < 4 days) by accelerom- 

try; 11 patients were excluded due to the missing CSI scores. 

inally, 42 patients were included in the data analysis. Patients 

n CLBP- and CLBP + groups had similar demographic and clinical 

haracteristics, with the exception of CSI score ( p < 0.0 0 01) and 

SI ( p = 0.01) (see Table 1 for demographics, for a more detailed

emographics see [35] ). CLBP- and CLBP + had moderate pain and 
 23) CLBP + ( n = 19) All ( n = 42) P-Value 

 12 W / 7M 27 W / 15M 

.8 38.1 ± 12.7 39.6 ± 12.6 

0.6 175.7 ± 8.8 174.5 ± 9.8 

85.4 ± 15.1 86.3 ± 16.4 

 27.7 ± 4.4 28.3 ± 4.9 

48.7 ± 8.7 39.0 ± 11.2 < 0.01 

5.2 ± 1.8 5.4 ± 1.9 

.2 26.8 ± 11.9 31.0 ± 11.7 

.3 63.3 ± 16.1 54.7 ± 21.1 

 20.3 ± 11.1 18.1 ± 10 

 18.5 ± 8.5 16.7 ± 8.8 

 41.5 ± 5.8 37.6 ± 6.4 = 0.01 

. CLBP-, CLBP + : patients with chronic low back pain 

els. W: Women; M: men. VAS: visual analogue scale. 

tioning subscale. PCS: pain catastrophizing scale. IEQ: 

tory. 

 of Hong Kong from ClinicalKey.com by Elsevier on April 
ion. Copyright ©2025. Elsevier Inc. All rights reserved.
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Fig. 2. Overall physical activity intensity levels of each hour during a day, based on the cut-points approach, of (a) CLBP- group and (b) CLBP + group. CLBP-, CLBP + : Patients 

with chronic low back pain with low (-) and moderate-high ( + ) central sensitization levels. 
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Table 2 

Emission probability distribution per hidden state and Jensen–

Shannon divergence of hidden state distribution between CLBP- and 

CLBP + . 

Group CLBP- CLBP + 

Mean (mg) SD Mean (mg) SD JSD 

State 1 0.19 0.76 0.8 4.85 0.31 

State 2 6.37 4.91 8.46 6.69 0.04 

State 3 20.84 7.31 25.96 12.95 0.08 

State 4 40.17 12.57 44.88 9.21 0.05 

State 5 63.47 55.38 83.01 52.89 0.02 

CLBP-, CLBP + : patients with chronic low back pain with low (-) and 

moderate-high ( + ) central sensitization levels. SD: standard devia- 

tion. JSD: Jensen–Shannon divergence. 
oor work ability. Their PCS scores [39] and IEQ scores [40] were 

ower than the clinically relevant level. 

Because 23 patients with CLBP- and 19 patients with CLBP + 

ere included and 4 segments of every patient were randomly se- 

ected, 92 (29 on weekend) and 76 (24 on weekend) acceleration 

egments were used for the cut-points approach and for training 

f HSMMs for CLBP- and CLBP + respectively. 

.2. Results from cut-points approach 

Based on the cut-points approach, no statistically significant dif- 

erences were found in the averaged PA intensity levels calculated 

ver every hour of the day or over the whole day ( p = 0.87) (see

ig. 2 ). 

.3. Results from HSMM 

The 4, 5, 6 hidden states HSMM were considered and BIC scores 

ere computed. Taking the model fitting, model complexity, and 

odel uncertainty into consideration, the number of hidden states 

as set to 5. More details are shown in Appendix E. 

After the HSMMs training, the model parameters (emission 

robability, duration probability, and transition probability) were 

earned from the data. 

.3.1. Emission probabilities of hidden states 

The emission probability distributions (modeled as Gaussian 

istributions) of hidden states 1 to 5 showed clear separation, 

ith mean values dispersing approximately from 0 to 80 milli- 

ravity (mg). The differences of corresponding hidden states be- 

ween CLBP- and CLBP + were assessed by JSD values. All the JSD 

alues are close to 0, suggesting similar emission probability distri- 

ution (see Table 2 ). Therefore, a direct comparison of hidden state 

equences between the groups is allowed. 
5
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For both groups, the mean acceleration values of hidden state 1 

ere close to 0 mg which implied that patients were inactive, such 

s lying down ( ≈ 1.0 METs). The mean acceleration values of hid- 

en state 2 were lower than 10 mg and may correspond to seden- 

ary activities, such as desk work ( ≈ 1.3 METs). For hidden state 3, 

he mean values of acceleration were relatively low (smaller than 

0 mg) and therefore, patients were assumed to do light PA dur- 

ng this state, for example, standing with manual applications ( ≈
.0 METs). 

Based on the detection of walking events, it was shown that 

idden states 4 and 5 contained 82.3% of the total walking events 

35.9% and 46.4%, respectively), with walking speeds of 1.18 and 

.33 m/s, respectively. The speed of walking events in the hidden 

tate 4 was lower than 1.25 m/s, so the hidden state 4 was inter- 

reted as light locomotion state. The mean walking speed in hid- 

en states 5 was within 1.25–1.43 m/s (1.33 m/s). It corresponded 

o 3.5 METs and was interpreted as moderate-vigorous PA state ( > 

.0 METs). 
 of Hong Kong from ClinicalKey.com by Elsevier on April 
ion. Copyright ©2025. Elsevier Inc. All rights reserved.
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Fig. 3. Boxplots for (a) Bout duration of each hidden state, (b) Accumulated time of each hidden state and unworn time in a day. CLBP-, CLBP + : Patients with chronic low 

back pain with low (-) and moderate-high ( + ) central sensitization levels. P value obtained by T-test. 
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Fig. 4. Bout duration of inactive state and active sate of CLBP- and CLBP + groups. 

CLBP-, CLBP + : Patients with chronic low back pain with low (-) and moderate-high 

( + ) central sensitization levels. P value obtained by T-test. 
Therefore, the 5 hidden states were specified as rest state ( ≈ 1.0 

ETs), sedentary state ( ≈ 1.5 METs), light PA state ( ≈ 2.0 METs), 

ight locomotion state ( ≈ 2.0–3.0 METs), and moderate-vigorous PA 

tate ( > 3.0 METs). 

.3.2. Duration and accumulation time of hidden states 

Comparing the bout duration time of hidden states between 

he two groups, CLBP- group exhibited a significantly shorter bout 

uration in the rest state ( P < 0.001) and the sedentary state 

 P < 0.001). This group stayed for a longer bout duration in the 

ight PA state ( P < 0.001) and the moderate-vigorous PA state 

 P < 0.001) (see Fig. 3 (a)). 

In a day, the CLBP- group spent less accumulated time in the 

est state ( P = 0.002) and the light PA state ( P < 0.001) and

pent more time in the light locomotion state ( P = 0.002) and 

he moderate-vigorous PA state ( P < 0.001) (see Fig. 3 (b)). Because 

LBP- and CLBP + groups spend a similar accumulated time in the 

edentary activity state ( P = 0.4) in a day, but CLBP- group had

 shorter bout duration in the sedentary activity state, the CLBP- 

roup had more frequent and shorter sedentary states. This was 

lso shown in the transition probability matrixes. 

.3.3. Transition probabilities of hidden states 

The statistical differences in transition probabilities between 

LBP- and CLBP + groups show that the CLBP- group had more fre- 

uent transitions from the rest, light PA, and moderate-vigorous PA 

tates to the sedentary state (with P < 0.001). The CLBP + group, 

n the other hand, had more frequent transitions from rest, seden- 

ary, light PA, and moderate-vigorous PA states to the light PA 

tate and or the moderate-vigorous PA state (with P < 0.001) (see 

able 3 , in red). Higher transitions from the light PA and moderate- 

igorous PA states to the sedentary state may suggest that patients 

ith CLBP- performed more frequent rest after being active. On 

he contrary, patients with CLBP + had higher transitions from the 

ctive states (light PA and moderate-vigorous PA states) to other 

ctive states (moderate-vigorous PA states and light PA), which 

ay suggest that they more often persist for a long period of 

ctivity. 

To further investigate whether the patients in the CLBP + group 

ersisted a longer bout of activity than those in the CLBP- group, 
6 
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he light PA, light locomotion, and moderate-vigorous PA states 

ere merged into a new state, named active state. The rest and 

edentary states were merged as the inactive state. Fig. 4 shows 

hat CLBP + group persisted significantly longer in both the inac- 

ive ( P < 0.001) and active states ( P = 0.037) than CLBP- group. 

.3.4. Group and individual levels HSMM information 

The group level accumulated time of each hidden state and 

ransition probabilities between hidden states can be graphically 

rganized as a HSMM graph, or signature of the group; as shown 

n Fig. 5 . Every circle represents a hidden state, and the area of the

ircle represents the accumulated time in a day. The figure shows 

hat in the CLBP- group, the sedentary state was the most frequent 

resent state (with 5 red arrows) while in the CLBP + group, there 

ere more red arrows between active states. 

Apart from visualizing the outcomes of HSMM at the group 

evel, it can also provide details about individual level’s hidden 

tates organization information, the PA fingerprints (two examples 

re shown in Appendix F). 
 of Hong Kong from ClinicalKey.com by Elsevier on April 
ion. Copyright ©2025. Elsevier Inc. All rights reserved.
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Table 3 

Transition probability matrix of CLBP- and CLBP + groups. 

To Hidden State 

From State Group Rest Sedentary Light PA Light locomotion Moderate-vigorous PA 

CLBP- 0 . 88 0 . 01 0.01 0 . 11 
Rest –

CLBP + 0 . 40 0 . 21 0.00 0 . 38 

CLBP- 0.39 0 . 10 0.03 0.47 
Sedentary –

CLBP + 0.27 0 . 37 0.01 0.35 

CLBP- 0.01 0 . 42 0.14 0 . 42 
Light PA –

CLBP + 0.01 0 . 15 0.07 0 . 71 

CLBP- 0.01 0.14 0.17 0.67 

Light locomotion –

CLBP + 0.01 0.02 0.44 0.52 

CLBP- 0.05 0 . 60 0 . 13 0.20 

–

CLBP + 0.10 0 . 13 0 . 68 0.09 

CLBP-, CLBP + : Patients with chronic low back pain with low (-) and moderate-high ( + ) central sensitization levels. 

Statistically significant differences are printed in red ( P < 0.05). 

Fig. 5. Five states graphs (and unworn time) of (a) CLBP- and (b) CLBP + . CLBP-, CLBP + : Patients with chronic low back pain with low (-) and moderate-high ( + ) central 

sensitization levels. The arrows between 2 circles represent the transition probability (in percentage) between these 2 corresponding circles. When the transition probability 

is higher than 30%, the arrow is colored red. HSMM: Hidden semi-Markov models. 
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. Discussion 

The aim of this study was to explore in detail the relation- 

hip between PA, CS, and CLBP by analyzing the temporal orga- 

ization of and transition between PA intensity levels (PA inten- 

ity patterns) using HSMM. While the conventional cut-points ap- 

roach did not show significant differences in averaged or over- 

ll PA intensity levels between the CLBP- and CLBP + groups in a 

ay, the data-driven approach, HSMM, revealed different PA inten- 

ity patterns between the two groups. The CLBP- group had a sig- 

ificantly shorter bout duration of the sedentary state and higher 

ransition probabilities from the rest, light PA, and moderate- 

igorous PA states to the sedentary state. On the contrary, the 

LBP + group exhibited a longer bout duration of the active state 

nd higher transition probabilities between active states (light 

A state, light locomotion state, and moderate-vigorous PA state) 

nd longer bout duration of inactive states (rest and sedentary 

tates). 
7 
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Significant differences in temporal organization of and transi- 

ion between PA intensity levels may suggest that patients with 

LBP- and CLBP + had different PA intensity patterns. The CLBP- 

roup exhibited higher transition probabilities from the light PA 

nd moderate-vigorous PA states to the sedentary state, and had 

horter bout durations of the sedentary state compared with 

LBP + group. These findings may imply that patients in the CLBP- 

roup broke tasks into smaller bouts and took frequent and short 

ests. Alternatively, patients in the CLBP + group exhibited higher 

ransition probabilities between active states and had longer bout 

urations of the active and inactive states. This may imply that pa- 

ients in the CLBP + group exhibited a prolonged period of activity 

ngagement and had a long period of rest. The PA intensity pattern 

f the CLBP + group may be in line with the endurance [47] type

rom the Avoidance-endurance model (AEM) [15] . AEM postulated 

hat a subgroup of patients shows a pattern of fear-avoidance re- 

ponses caused by high catastrophizing, fear of pain, and avoid- 

nce behavior; another subgroup of patients shows a pattern of 
 of Hong Kong from ClinicalKey.com by Elsevier on April 
ion. Copyright ©2025. Elsevier Inc. All rights reserved.
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d

ndurance responses with overuse and overload of physical struc- 

ures, despite having pain. The PA intensity pattern of patients in 

he CLBP- group may not be assigned to fear-avoidance responses 

ecause of the lower PCS score; although frequent short rests 

re regarded as an avoidance strategy [48] to some degree. The 

EM distinguishes 2 types of endures responses, namely: distress- 

ndure (DE), who tend to have more pessimistic thoughts and feel 

ore negative, and eustress-endures, characterized by a positive 

ood. Endurance responses were assumed to exhibit a prolonged 

eriod of activity engagement which is in line with the results of 

he CLBP + group. The higher BSI score may suggest that patients 

ith CLBP + adopted the DE pattern. However, because the data in 

his study were derived from a larger study which lacks the mea- 

urements of fear-avoidance beliefs and distress-endurance (e.g. 

voidance-endurance questionnaire), the interpretation of the asso- 

iation between PA intensity patterns and the AEM model should 

e treated with caution. Consistent with others, the conventional 

ut-point approach with summary statistics analysis was not suffi- 

iently sensitive to observe differences in objective PA levels [18] . 

he HSMM and analytic strategy used in this study show the po- 

ential to gain a better understanding of the relationship between 

aily PA intensity patterns, CS, and psychosocial factors, such as 

ear-avoidance or catastrophizing beliefs. 

The findings of the current study do not support or refute the 

ypothesis that because of higher catastrophizing thought, fear 

f pain, or pain, patients with higher CS exhibit a fear-avoidance 

attern. In the present study, catastrophizing thoughts and self- 

eported pain intensity between the CLBP + and CLBP- groups were 

ot significantly different. This finding is in line with the results 

f a previous study that observe that the majority of maladaptive 

esponses in CLBP are characterized by endurance instead of fear- 

voidance (i.e. 35.6% vs 9.6%) [49] . 

The current findings may imply the existence of the "bottom- 

p" type of CS in patients of the CLBP + group [12] . Patients with

he DE response pattern might expose the muscles to continuous 

tress and repetitive strain causing microdamage, laxity, and in- 

ammation [50] . Ongoing nociceptive input may drive CS, which 

ould explain why patients in the CLBP + group with DE pattern 

xhibited a higher level of CS. The CLBP- group showed more 

esting in-between activity periods, which may contribute to par- 

ially remit features of CS because of the removement of ongo- 

ng nociceptive input [12] , and consequently, CLBP- patients ex- 

ibited a lower level of CS. However, this study is cross-sectional, 

ongitudinal studies are needed to gain insight in the causal- 

ty or temporal relations between PA and CS in patients with 

LBP. 

No statistical differences were found in the accumulated time 

f the sedentary state between the CLBP- and CLBP + groups. This 

nding supports evidence from previous observations that sitting 

ime did not correlate with CS [51] . The overall intensity levels of 

A over a day between the CLBP- and CLBP + groups were not sig- 

ificantly different. Patients in the CLBP- group spent more time 

n the light-locomotion and moderate-vigorous PA states while pa- 

ients in the CLBP + group spent more time on the light PA state. 

hese findings support the suggestion that the quality and inten- 

ity of activities instead of the overall amount of PA is associated 

ith levels of CS in patients with CLBP [51] . 

The population with CLBP is heterogeneous. For effective clin- 

cal interventions, it is important to gain more knowledge about 

ubgroups of patients in this group. HSMM is applied to iden- 

ify subgroups based on their PA intensity patterns and these sub- 

roups may be linked to pain-related features, such as CS. This 

ill contribute to a better understanding of underlying functional 

echanisms of the development and maintenance of chronic pain 

nd pain-related disability. In the present study, HSMM can not 

nly provide information at the group level about PA temporal as- 
8 
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ociation, but also generate PA fingerprints for individual patients. 

hese fingerprints may help patients and clinicians visualize the 

atients’ everyday PA organization. Based on the specific PA inten- 

ity patterns from the subject’s fingerprint, clinicians may adjust 

herapy accordingly and personalization of interventions may in- 

rease the effectiveness of treatment. 

. Limitations 

Although accelerometer devices can nowadays be commercially 

urchased at a low cost, algorithms and source code are available 

ia open-source platforms, the data processing still requires ad- 

anced level of knowledge and skills that are typically not held 

y clinicians. Further developments should be geared toward mak- 

ng these analyses more user-friendly to enable routine clinical use. 

he present study derived hidden states from one accelerometer 

ensor for feasibility reasons. Using multiple sensors would pro- 

ide more information, but may cause more effort on data collec- 

ion (e.g. subjects may be reluctant to wear for an extended pe- 

iod of time because of uncomfortable). It should also be noted 

hat a gold standard measure to diagnose CS is unavailable [52] . 

he CSI is a broad assessment tool to indirectly measure CS, be- 

ause higher scores are associated with the presence of CS syn- 

romes [37] . Fifty-three acceleration segments were collected dur- 

ng weekends and PA may vary across workdays and weekends. 

owever, both groups had almost the same proportion of week- 

nd data (30%). The weekend data may not affect the compari- 

on. Lifestyle factors (e.g. type of physical activity, sleep quality, 

nd work load) and psychosocial (e.g. stress; anxiety, depression, 

nd pain catastrophizing) factors are contributing factors that ex- 

cerbate CS [51] . Identifying the relationship between these factors 

ith CS and CLBP may help to identify the most important modifi- 

ble factors that influence CS. This remains an important topic for 

uture studies. 

. Conclusion 

In this study, the results showed that the CLBP- and CLBP + 

roups had different PA intensity transition patterns. Patients in 

he CLBP- group had a higher transition probability from the rest, 

ight PA, and moderate-vigorous PA states to the sedentary state 

nd had a significantly shorter bout duration of the sedentary 

tate. Conversely, Patients in the CLBP + group exhibited longer 

uration of active and inactive states, and had higher transition 

robabilities between active states, which may support the sug- 

estion that patients in the CLBP + group adopted a DE pattern. 

he results of this study may contribute to a better understand- 

ng of the relationship between PA, CS, and CLBP and will con- 

ribute to improve personalized rehabilitation prevention and in- 

erventions, and the development of CLBP-specific physical activity 

uidelines. 

HSMM is able to automatically cluster the PA intensity levels 

rom accelerometer data and provide detailed information about 

emporal organization and transitions of PA intensity levels. Hence, 

t can recognize the differences between CLBP- and CLBP + groups 

hile the conventional cut-points approach is not sufficiently sen- 

itive. This study highlights the potential use of HSMM in future 

esearch to explore the relationship between PA, CS, and CLBP, 

hedding a new light on the dynamics of PA intensity and tran- 

ition patterns. 
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