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Abstract

:

Standing up and sitting down are prerequisite motions in most activities of daily living scenarios. The ability to sit down in and stand up from a chair or a bed depreciates and becomes a complex task with increasing age. Hence, research on the analysis and recognition of these two activities can help in the design of algorithms for assistive devices. In this work, we propose a reliability analysis for testing the internal consistency of nonlinear recurrence features for sit-to-stand (Si2St) and stand-to-sit (St2Si) activities for motion acceleration data collected by a wearable sensing device for 14 healthy older subjects in the age range of 78 ± 4.9 years. Four recurrence features—%recurrence rate, %determinism, entropy, and average diagonal length—were calculated by using recurrence plots for both activities. A detailed relative and absolute reliability statistical analysis based on Cronbach’s correlation coefficient ( α ) and standard error of measurement was performed for all recurrence measures. Correlation values as high as  α  = 0.68 (%determinism) and  α  = 0.72 (entropy) in the case of Si2St and  α  = 0.64 (%determinism) and  α  = 0.69 (entropy) in the case of St2Si—with low standard error in the measurements—show the reliability of %determinism and entropy for repeated acceleration measurements for the characterization of both the St2Si and Si2St activities in the case of healthy older adults.
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1. Introduction


Standing up (Si2St) from and sitting down (St2Si) [1,2,3] on a chair or a bed constitute two primary motions in most of the activities encountered in daily living (ADLs) [4,5] and require adequate biomechanical muscle strength [6]. Sufficient muscle power, healthy balance, and strong coordination during body movements are required for a successful completion of transitional Si2St and St2Si activities [7,8]. Particularly, with the older population, with increasing age, physiological functioning deteriorates and the mobility of joints is reduced due to acute health problems or the inevitable process of sarcopenia (i.e., loss of muscle mass and muscle strength due to aging) [9,10,11], and hence, the capacity to perform different ADLs, such as bathing, dressing, or independently walking, becomes complex [12], making assistance from caregivers necessary. Research specific to older adults shows that most of the falls at homes, hospitals, and elderly care centers [13,14,15] occur while getting out of bed or getting off a chair [16,17], especially at night, when there is less assistance. Monitoring the body movements of older adults in their daily living environment and detecting the level of risk for occurrence of a fall event provides a chance for caregivers to intervene and provide instant help and attention. Recognizing intent rather than recognizing the fall event itself using intelligent devices and techniques can allow timely and reliable assistance to be provided [18]. Even with best practices in hospitals to prevent falls, the fall rates are very high.



In recent years, technology has played an important part in recognizing high-risk body movements that might lead to a fall [19,20]. One important approach to reducing falls in hospitals is camera surveillance so that the patients at high risk of falling are provided assistance while getting out of bed or getting up from chairs and vice versa. A second dominant approach is the use of pressure sensors [3]. Both of these approaches are highly computational and incur latency and privacy violations. Novel wearable sensing devices, such as inertial measurement units and accelerometers [19,20,21,22], are popular choices as body-motion sensors—the reason is partly due to their capability of extracting information that is useful for automatically inferring the physical activity in which the human subject is involved, in addition to the low cost, ease of use, light weight, and fast processing of biomechanical input parameter estimators. Several studies have used Si2St and St2Si activities as primary recognition movements in order to assess the risk of falls in older people [23,24,25,26,27]. In particular, by using acceleration data from wearable sensors as body-movement-capturing signals, multiple studies reported different types of features—for example, the frequency domain [28], autoregressive [28,29], statistics [30,31], correlation, energy, and maximum and approximate entropy [31] were extracted and used for activity and intent recognition algorithms.



Recently, recurrence quantification analysis (RQA) has emerged as a competitive nonlinear signal analysis [32] technique, as nonlinear representative features are better able to represent the complex trends in a signal. RQA has been applied to the extraction of the nonlinear dynamics of human body movements by quantifying the system repeatability, complexity, and local dynamics through different variables [32,33,34,35]. The computation of these variables requires the selection of suitable embedding parameters for state-space reconstruction (i.e., the time delay and embedding dimension). Four RQA measures were used to characterize the dynamics of a system: (1) Recurrence rate (%RR) is a measure of the density of recurrence points in the recurrence plot (RP); (2) determinism (%DET) is a measure of the system’s predictability, and is the ratio of recurrence points that form diagonal structures of a chosen minimal length to all recurrence points; (3) entropy (ENT) is the Shannon entropy of the probability of finding a diagonal line of a specific length in the RP; (4) average diagonal line length (L) is a measure of the average time for which two trajectory segments stay close to each other [34]. RQA has previously been used in multidimensional research areas—for example, to predict COP fluctuations in older adults with and without a history of falls [36] and to analyze complex eye movements [37,38], traffic data [39], etc. However, the measurement reliability of these nonlinear RQA variables in defining a system dynamic or, in our case, human body movements during Si2St and St2Si activities has not been investigated enough. Statistically reliable measures allow researchers and clinicians to discriminate measurement features between subjects and provide the capacity to detect changes in studied test data [40,41,42]. Internal consistency reliability is the extent to which multiple trials performed by single or multiple subjects (raters or observers in statistical terms) agree. It addresses the issue of the consistency of the implementation of a rating system. In this study, we used the split-half reliability method and reported the findings in terms of the Cronbach’s correlation coefficient ( α ) [43,44] within the confidence interval of 95%, the standard error of measurement (SEM), the minimal metrically detectable change (MMDC), and the coefficient of variation (CV), and thus showed clinically different variations.



A few related studies had high human activity recognition (HAR) capabilities by using recurrence parameters [25,26,27], but they did not perform a reliability analysis of the measurement changes in the RQA feature values during the performance of human body movements for the Si2St and St2Si activities while considering healthy older groups, multiple subjects, and multiple experimental conditions. The authors of [2] performed HAR, but there was not a reliability analysis of the RQA features, and the dataset used for the study was not open access. As such, the performance of the RQA features for the HAR was not reliably validated. Instead of performing RQA, the authors of [25] used different sliding-window techniques to segment signals and detect activity. The dataset used was the same as that in this work. High accuracy values were obtained, but the work lacked a validation of the reliability of the technique for varied structures of activity types. HAR using recurrence analysis on a dataset of accelerometer sensor recordings could also be achieved by applying visual segmentation. The research in [26] used recurrence plots as visual descriptors instead of RQA features and reached 80% accuracy. Different recurrence features have been used in various works; for example, postural fluctuations in older adults were assessed with two RQA measures, %DET and ENT [36], while in some cases, such as in [37], additional features, such as the laminarity and center of recurrence mass, were been analyzed. Moreover, neither study performed a reliability assessment to select the most useful features. By using a subset of features instead, the authors of [27] were able to offer an improvement in the HAR task. The reliability of RQA on the center of pressure signal from subjects with musculoskeletal disorders and in a standing posture was evaluated for the %RR, %DET, ENT, and trend [45,46]; these authors also assessed the reliability of the RQA features of %DET and laminarity for postural sway, but instead focused on the determination of the optimum recurrence threshold. However, a reliability analysis helps one focus on the best features for individual tasks and applications. In the current work, a statistical study was performed to assess the internal consistency reliability of the dynamic RQA features calculated for the nonlinear analysis of the acceleration data acquired by wearable sensors for changes in human body movements that occurred in older adults while performing Si2St and St2Si activities in order to provide timely help and aid for the prevention of falls in older adults at home and in hospitals and elderly care institution.




2. Materials and Methods


2.1. Data


The “Activity recognition with healthy older people using a batteryless wearable sensor” dataset [47,48] was made publicly available by the UC Irvine Machine Learning Repository [49] and was used for experimental analysis of the currently proposed research. The data were acquired with a flexible, batteryless, and wearable wireless identification and sensing platform (W   2  ISP) [25,47,50] that was attached above the clothing of the participants at the sternum level, as shown in Figure 1. The W   2  ISP contains a 3-axis accelerometer (ADXL330) and a microprocessor (MSP430F2132), and it records acceleration signals in the x-, y-, and z-axes with respect to the device’s and subject’s pose. We obtained the frontal (  a f  ), lateral (  a l  ), and vertical (  a v  ) acceleration, which was measured with respect to the sensor’s position on body. The data were collected in two clinical room settings, RoomSet1 and RoomSet2, which differed with respect to the RFID antenna placement and the number of antennas deployed. The setting of RoomSet1 uses 4 RFID reader antennas around the room (one on the ceiling level and 3 on the wall level) for the collection of data, whereas the room setting RoomSet2 used 3 RFID reader antennas (two at the ceiling level and one at the wall level) for the collection of motion data. The sensor settings were designed to investigate the living conditions in hospitals and elderly care institutions. The room settings, however, did not differ with respect to the sensor’s placement on the subject’s body and the sequence of scripted activities to be performed. Hence, the acceleration signal recorded by W   2  ISP was unaffected by the room RFID antenna settings. The component of acceleration along the vertical axis   a v   showed a clear change in the signal value as the position of the human body changed while performing the two activities under consideration, Si2St and St2Si. Hence, we used the   a v   signal for calculating the RQA parameters in this study [29,46,51,52,53,54].



Fourteen healthy older subjects aged   78 ± 4.9   years performed different ADLs: walking to the chair, sitting on the chair, getting off the chair, walking to the bed, lying on the bed, getting off the bed, and walking to the door. Hence, the possible class labels assigned (provided with each signal) for every sensor observation were: sitting on the bed (labeled 1), sitting on the chair (labeled 2), lying on the bed (labeled 3), and ambulating (labeled 4), where ambulating included standing and walking around the room. Out of 14, 9 subjects performed the scripted activities in RoomSet1 and 5 subjects performed the scripted activities in Roomset2. The sequence of movements carried out for Si2St and St2Si by the subjects during the data collection is shown in Figure 2. Based on the labels provided with each recorded sample, the occurrence of Si2St was identified as sequence 1-4 (sitting on a chair to standing) and 2-4 (sitting on a bed to standing). The occurrence of the St2Si movement was identified as 4-1 (standing to sitting on a chair) and 4-2 (standing to sitting on a bed). A total of 34 and 54 transitions were identified as Si2St and St2Si, respectively, for RoomSet1. A total of 18 and 10 transitions were identified as Si2St and St2Si, respectively, for RoomSet2. The number of instances for the Si2St and St2Si activities recorded in RoomSet1 and RoomSet2 was in agreement with the frequency of activities reported in [28] for the current dataset. Based on the labels provided with each recorded sample, the occurrence of Si2St was identified as sequence 1-4 (sitting on a chair to standing) and 2-4 (sitting on a bed to standing). The occurrence of St2Si movement was identified as 4-1 (standing to sitting on a chair) and 4-2 (standing to sitting on a bed). For Si2St, the point of change in the sequence of labels from (1,2) to 4 was identified as the transitional point, and an interval of 10 s before and 10 s after the transitional point was used to identify a complete Si2St transition. For St2Si, the point of change in the sequence of labels from 4 to (1,2) was identified as the transitional point, and an interval of 10 s before and 10 s after the transitional point was used to identify a complete Si2St transition. The complete signal consisted of more continual points before and after the cut points selected here. Due to the anonymity of the available records, there is no way of knowing which trials came from the same subject, and hence, a within-subject reliability study was not possible. Therefore, a partially standardized within-trial reliability study that would still be feasible for clinicians to follow is presented in this work [55].



The data were sparse, meaning that the time intervals for recording inter-sensor observations were variable. When a W   2  ISP sensor has adequate power supply, an upper-bound frequency of 40 Hz is achieved, as reported in [28]. Hence, using the timestamp provided with the data, we used cubic polynomial interpolation to attain the final signal frequency of 40 Hz (maximum), as suggested in [28]. The interpolated   a v   signal obtained at this point was noisy because the power for sampling the embedded physical sensor was inadequate. A linear polynomial smoothing filter with a span of 0.1 (a span of 0.1 means that 10% of the data points are used to calculate the smoothed output) was applied to smooth out any noisy spikes. A sample of the Si2St and St2Si signals acquired in raw, interpolated, and filtered forms is shown in Figure 3.




2.2. Methodology


The proposed procedure included two steps: (1) RQA feature extraction and (2) reliability analysis. These are explained in detail below.




2.3. RQA Feature Extraction


The value of the embedding dimension (m) and delay ( τ ) affects the computed RQA feature values heavily [32]; hence, an optimized upper bound, m = 5, was first calculated and set by using the false nearest neighbors method proposed by [56], and an optimized  τ  for each Si2St and St2Si was calculated by using the average displacement method proposed by [57] for all   a v   signal records. A recurrence matrix was created by first determining the Euclidean distances between all embedded vectors, which is called a distance matrix. A threshold ( ρ ) that was computed as 20% of the mean distance was applied, and all points in the normalized distance matrix with values below this threshold were identified as recurrent points; the resulting matrix of 1s and 0s was called a recurrence matrix (  R  ), and it was calculated by using Equation (1).


    R  i , j   m , ρ   =  Θ ( ρ − ∥   a v   ( i )  −  a v   ( j )   ∥ )    



(1)




where    a v   ( i )  ,  a v   ( j )   ϵ  R  ,   i , j = 1 , 2 , 3 , . . . , N  , and N is the number of states. In this case, every new incoming sample in the time-series signal represents the next state, and hence, N also represents the length of the signal for which the recurrence is plotted. m is the embedding dimension,    Θ ( . ) : R → ( 0 , 1 )    is the Heaviside step function,    ∥ ( . ) ∥    is the norm, and   ρ   is a distance threshold calculated as 0.2 · mean(   ∥   a v   ( i )  −  a v    ( j )  ∥   .



Figure 4a,b show the sample distance matrices and Figure 4c,d show the corresponding recurrence matrices   R   calculated for the St2Si and Si2St activities.



Several variables were used to quantify the structure present in the recurrence matrix. The percent recurrence (%RR) signifies how often a trajectory visits similar locations in the state space and is computed as the percentage of recurrent points in the recurrence matrix, as shown in Equation (2):


  % R R =  1  N ( N − 1 )    ∑  i ≠ j = 1  N    R  i , j   m , ρ     



(2)







The percent determinism (%DET) is quantified as the fraction of recurrent points that form diagonal lines (at least three consecutive points in length) parallel to the main diagonal and is computed as shown in Equation (3):


  % D E T =     ∑  l =  d  m i n    N  l  H D   ( l )      ∑  i , j = 1  N    R  i , j   m , ρ       



(3)







Entropy (ENT) is the Shannon entropy of the frequency distribution of the diagonal line lengths and measures the complexity of the system. The entropy of the probability distribution of the diagonal lines’ lengths   p ( l )   of   R  i , j   m , ρ    is calculated as shown in Equation (4):


  E N T =  −   ∑  l =  d  m i n    N  p  l  l  p  l   ,    w h e r e  p  l  =     H D   ( l )       ∑  l =  d  m i n    N   H D   ( l )      



(4)







The average diagonal line length (L) is the average time for which two segments of the trajectory are close to each other. In this case, L can be interpreted as the mean prediction time and is calculated as shown in Equation (5):


  L =     ∑  l =  d  m i n    N  l  H D   ( l )       ∑  l =  d  m i n    N   H D   ( l )      



(5)




where   i , j = 1 , 2 , 3 , . . . , N  , N is the number of states,    H D   ( l )    is the histogram of the frequency of occurrence of different diagonal line lengths l in   R  i , j   m , ρ   , and   d  m i n    is the minimum number of consecutive points considered as a diagonal. In this case,    d  m i n   ≥ 3  .




2.4. Reliability Analysis


There are multiple statistical methods that can be used to measure the reliability of a parameter—for example, split half, test–retest, parallel forms, etc. Test–retest means administering the same test to the same group of individuals in two different time periods and correlating the first set of scores with the second. Parallel forms implies administering two alternate forms—say, A and B—of a test to the same group of individuals and correlating the scores on form A with the scores on form B. The split-half method implies administering a test to a group of individuals and splitting the test in half. This method treats the two halves of a measure as alternate forms. The correlation between these two split halves is used to estimate the reliability of the test. Due to the nature of the data collection procedure used in the current experiment, we used the split-half method to assess and analyze the degree of reliability of the RQA parameters in the case of the Si2St and St2Si movements. To assess the relative reliability, an internal consistency analysis was performed by using the split-half method for RoomSet1 and RoomSet2 while considering the environmental and physiological conditions to be individually and internally consistent for the RoomSet1 and RoomSet2 data. Split-half reliability statistics were calculated for the RR, DET, ENT, and L for the data from RoomSet1 (Si2St (n = 34) and St2Si (n = 54)) and for the data from RoomSet2 (Si2St (n = 10) and St2Si (n = 18)), where n is the number of recognized transitions. The split-half reliability was reported in terms of Cronbach’s alpha ( α ) [43,58] with a 95% confidence interval (95% CI), as shown in Equation (6), to show how closely related the RQA measures were for Si2St and St2Si. A paired t-test was performed on the two randomly split halves of the RQA parameters to verify the effect of systematic bias, and the result was reported in terms of the p-value. To assess the degree of reliability achieved, Munro’s criterion was applied, which ranks the reliability range according to the value of  α ’: very low: 0–0.25, low: 0.26–0.49, moderate: 0.50–0.69, high: 0.7–0.89, and very high: 0.9–1.00 [55,59,60].


  α =  k  k − 1   ·  ( 1 −    ∑  i = 1  k  v a r  (  x i  )    v a  r T    )   



(6)




where   x  ϵ   R R , D E T , E N T , L   , i refers to items in x, and   v a r (  x i  )   refers to the inter-item variance of the   i  t h    items in both randomly split halves.   v a  r T    is the total variance or the variance of the sum of two half-split population distributions, and k is the number of items in the half set, i.e., for each test sample with n items,   k = n / 2  .



To assess the absolute reliability, we used the standard error of measurement (SEM) with  α  as the reliability coefficient; this was calculated as SEM = std(  x i  )   ·   1 − α    , where std(  x i  ) represents the standard deviation of the test scores, as given in [61,62]. The minimal metrically detectable change (MMDC) or change that could be considered clinically different between two measurements is defined as the 95% CI of the SEM of the RQA measure, i.e, MMDC =   ±  1.96  ·   SEM [62,63]. In addition, the coefficient of variation (CV) was determined for the comparison of the absolute reliability between RQA measures and was calculated as CV = (std(  x i  )/mean(  x i  )) · 100, where mean(  x i  ) and std(  x i  ) are the mean and standard deviation of   x i  , respectively.





3. Results


Table 1 and Table 2 demonstrate  α  with the respective 95% CIs, SEM, MMDC, and CV for different RQA variables for the relative and absolute internal consistency reliability of the Si2St and St2Si activities in RoomSet1 and RoomSet2, respectively. There was no significant difference, i.e., all of the t-tests yielded p-values between 0.5 and 0.7 between the mean scores over two randomly split halves of data records for the %DET and ENT measures in all cases, which indicates the absence of any systematic bias due to the measuring device or method applied. According to Munro’s criterion, %RR and ENT showed high reliability and %DET showed borderline values between moderate and high correlation with respect to  α  for the Si2St activity in RoomSet1. %DET, ENT, and L showed high reliability for the Si2St activity in RoomSet2. In the case of the St2Si activity, %DET and ENT showed a moderate to high correlation in most cases for the data collected in both RoomSet1 and RoomSet2. SEM values as low as 0.5, 0.04, and 0.39 were observed for the measurements of %RR, %DET, and ENT, respectively, which shows that there was a small spread of measurement error across repeated measurements. L showed a very high standard deviation and, accordingly, upper bound for the SEM and CV in both Si2St (SEM = 10.32, CV = 82.74) and St2Si (SEM = 7.08, CV = 94.11) cases, and is thus reported to be unreliable.




4. Discussion


The relative reliability in terms of the correlation coefficient  α  indicates a prediction of the correlation between two samples that are drawn randomly from a population. It shows how consistent the components are with the entire measurement.



The higher and significant correlations reported for %DET and ENT suggest that the consistent feature values obtained for %DET and ENT reflect similar repeated body movements for Si2St and St2Si across almost all trials and subjects for the signals recorded in both RoomSet1 and RoomSet2. Hence, the %DET and ENT are the most reliable RQA features for use in the quantification and characterization of Si2St and St2Si body movements in healthy older adults. The %RR proved to be reliable in some cases, and L showed a large spread in values in almost all cases. Hence, both %RR and L are suggested to be unreliable features in the current study. Although the number of experimental trials and subjects can affect changes in the numerical values of the parameters, a larger population might provide a better insight into the reliability of these parameters.



The absolute reliability was found to be higher for the %RR, %DET, and ENT, which was consistent with the relative reliability. The smaller the SEM is, the more precise the measurement capacity of the instrument will be. Overall, the low values for the SEM showed the precision of the RQA measures for the repeated records of the Si2St and St2Si acceleration signals that were acquired using wearable sensing equipment. Consequently, smaller standard errors translated into more sensitive measurements of a state change. The MMDC determined by the SEM in this case represented the minimal changes in the values of %RR, %DET, ENT, and L that corresponded to the lower bound of a clinically significant change in body movement. Consistently low MMDC values were shown for %RR, %DET, and ENT, which means that they represented changes in movement more sensitively. L showed a very high CV, and could hence not be used further, as similarly reported in [45]. These findings suggest that while the sensor used and RQA measures based on the recorded acceleration signals showed acceptable reliability in a clinical or residential room setting, the %DET and ENT were the most reliable nonlinear recurrence features, and they are suggested to be used further for activity and intent recognition algorithms for the early detection of falls according to Si2St and St2Si body movements in healthy older adults.



Different types of features—namely time-domain, [30,31], frequency-domain [25,28,52,64,65,66], autoregressive [28,29], and biomechanical features, such as the vertical displacement and tilt angle [67], correlation, spectral energy, and maximum and approximate entropy [31]—have been used in the literature, and their authenticity has been proven in terms of their good classification performance in activity and intent recognition. A similar future study on the reliable RQA features reported here can be performed to assess their discrimination capabilities in intent recognition algorithms for different phases of body movements while performing Si2St and St2Si. Since different subjects recorded the test ADL activities in RoomSet1 (subject ID 1–9) and RoomSet2 (subject ID 10–14), the test–retest and parallel-form reliability could not be assessed due to the lack of standardization of the test. Furthermore, the number of samples used to compute the statistics was enough for RoomSet1, but was not enough for RoomSet2. A more comprehensive and standardized test could be performed with larger numbers of repeated measurements, i.e., with a greater sampling size and in different sessions with respect to time or location. In addition, the subjects performing the body movements for this particular study belonged to a healthy older group. In the future, we would like to explore other datasets with subjects that belong to a different age group or that have neurological or physical disorders.




5. Conclusions


The current research presented a relative and absolute reliability analysis of recurrence measures for the characterization of sit-to-stand and stand-to-sit activities in healthy older adults. The reliability statistics indicated a reliable representation in terms of determinism and entropy for acceleration signals that were acquired through wearable sensors with a minimum error of measurement for both the Si2St and St2Si activities; hence, they can be used further for fall risk analysis in older adults while standing or sitting.
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The following abbreviations are used in this manuscript:



	RFID
	Radio frequency identification



	RQA
	Recurrence quantification analysis



	Si2St
	Sit-to-stand



	St2Si
	Stand-to-sit



	RR
	Recurrence rate



	DET
	Determinism



	ENT
	Entropy



	L
	Average diagonal length



	FNN
	False nearest neighbors
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Figure 1. Wearable sensor settings during data acquisition: (a) positioning of the W   2  ISP sensor on the subject’s body, (b) the W   2  ISP sensor attached to the subject’s clothing with isolating silver fabric [47]. 
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Figure 2. Experimental setting for data collection using W   2  ISP during activities: (a) sit-to-stand (Si2St); (i) sitting on the bed/chair, (ii) transition, (iii) standing; (b) stand-to-sit (St2Si); (i) standing, (ii) transition, (iii) sitting on the bed/chair. 
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Figure 3. Raw, interpolated, and filtered vertical acceleration signal   a v   acquired from W   2  ISP while performing (a) Si2St and (b) St2Si. 
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Figure 4. Recurrence matrices for the activities: (a) Si2St (m = 5,  τ  = 15,  ρ  = 0.01); (b) St2Si (m = 5,  τ  = 18,  ρ  = 0.04) before the step function; (c) Si2St; (d) St2Si after the step function. 
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Table 1. Reliability analysis of the RQA measures in the activities of Si2St (n = 34) and St2Si (n = 54) for RoomSet1.
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Si2St

	
St2Si




	

	
  α   (95% CI)

	
SEM

	
MMDC

	
CV(%)

	
  α   (95% CI)

	
SEM

	
MMDC

	
CV(%)






	
RR

	
0.58 (0.12 0.72)

	
0.05

	
0.10

	
22.00

	
0.35 (0.07 0.52)

	
0.06

	
0.12

	
22.57




	
DET

	
0.54 (0.23 0.74)

	
0.11

	
0.21

	
0.04

	
0.51 (0.44 0.59)

	
0.04

	
0.08

	
0.00




	
ENT

	
0.72 (0.48 0.86)

	
0.39

	
0.76

	
13.91

	
0.64 (0.37 0.81)

	
0.56

	
1.10

	
17.18




	
L

	
0.21 (0.08 0.78)

	
8.32

	
16.30

	
82.74

	
0.45 (0.26 0.69)

	
6.88

	
13.50

	
94.11








Moderate to high correlations with 0.5 <  α  < 0.89 is shown in bold. RQA: recurrence quantification analysis,  α : Cronbach’s alpha, SEM: standard error of measurement, MMDC: minimal metrically detectable change, CV: coefficient of variation.
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Table 2. Reliability analysis of the RQA measures in the activities of Si2St (n = 10) and St2Si (n = 18) for RoomSet2.
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Si2St

	
St2Si




	

	
  α   (95% CI)

	
SEM

	
MMDC

	
CV(%)

	
  α   (95% CI)

	
SEM

	
MMDC

	
CV(%)






	
RR

	
0.16 (0.08 0.32)

	
2.04

	
3.99

	
25.64

	
0.25 (−0.1 0.32)

	
1.40

	
2.74

	
19.07




	
DET

	
0.68 (0.33 0.86)

	
0.45

	
0.88

	
0.64

	
0.29 (0.01 0.35)

	
0.16

	
0.31

	
0.50




	
ENT

	
0.71 (0.48 0.86)

	
2.23

	
4.37

	
5.81

	
0.69 (0.37 0.81)

	
2.56

	
5.01

	
6.41




	
L

	
0.55 (0.43 0.88)

	
10.32

	
20.22

	
39.74

	
0.18 (0.06 0.38)

	
7.08

	
13.87

	
44.31








Moderate to high correlations with 0.5 <  α  < 0.89 are shown in bold. RQA: recurrence quantification analysis,  α : Cronbach’s alpha, SEM: standard error of measurement, MMDC: minimal metrically detectable change, CV: coefficient of variation.
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