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Abstract

:

This study suggests using wearable activity trackers to identify mobility patterns in chronic complex patients (CCPs) and investigate their relation with the Barthel index (BI) to assess functional decline. CCPs are individuals who suffer from multiple, chronic health conditions that often lead to a progressive decline in their functional capacity. As a result, CCPs frequently require the use of healthcare and social resources, placing a significant burden on the healthcare system. Evaluating mobility patterns is critical for determining a CCP’s functional capacity and prognosis. To monitor the overall activity levels of CCPs, wearable activity trackers have been proposed. Utilizing the data gathered by the wearables, time series clustering with dynamic time warping (DTW) is employed to generate synchronized mobility patterns of the mean activity and coefficient of variation profiles. The research has revealed distinct patterns in individuals’ walking habits, including the time of day they walk, whether they walk continuously or intermittently, and their relation to BI. These findings could significantly enhance CCPs’ quality of care by providing a valuable tool for personalizing treatment and care plans.
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1. Introduction


Chronic complex patients (CCPs) are characterized by a set of comorbidities that often lead to progressive functional decline, as well as increased use of healthcare and social resources. In addition, CCPs tend to be older adults with a high degree of polypharmacy, which can exacerbate underlying health conditions. The assessment of functional decline in CCPs can be an important tool for healthcare professionals to tailor treatment and care for these patients.



The mobility patterns observed in CCPs are linked to their functional capacity, determined by the Barthel index (BI) and, consequently, to their prognosis [1,2]. Given that modifications in CCPs’ mobility patterns can indicate changes in their functional status, they can serve as valuable prognostic factors. Therefore, the BI has been identified as a reliable measure of CCPs’ functional capacity and prognosis, highlighting the crucial role of mobility patterns in assessing and predicting CCPs’ clinical outcomes.



Taking this into account, the aim of this study is to examine the relationship between declining mobility and alterations in a patient’s clinical status. Given the importance of measuring activity levels, wearable activity trackers are proposed to assess the mobility of CCPs. In particular, the research sought to evaluate the various mobility patterns, derived from the data gathered, of CCPs and their connection to the BI. To accomplish this goal, the study was designed as a descriptive study. Ethical approval was obtained from the regional health organization before the study began.



The combination of synchronized mobility patterns with the BI is a unique and original approach that allows healthcare professionals to identify temporal variations in patient movement and underlying factors affecting patient mobility.



The study presented in this paper is part of the chronic-IoT project, which is a coordinated effort funded by the Ministry of Science, Innovation and Universities, through the 2019 Research Challenges call of the State Research Agency (ref. PID2019-110747RB-C21). With a duration of 36 months, from June 2020 to the end of May 2023, the work conducted in chronic-IoT is based on the development and validation of behavioral models, based on machine learning (ML) and the IoT environment, to predict changes in the functional capacity of CCPs through the analysis of mobility patterns measured by activity wristband devices.



This collaborative project involved the participation of two institutions in Spain: the Virgen del Rocío University Hospital (HUVR) in Seville and the Institute for Research in Technology (IIT) at ICAI School of Engineering (ICAI) of Universidad Pontificia Comillas in Madrid. As a coordinator, HUVR played a crucial role in the project, leveraging its expertise in healthcare to contribute to the research objectives. Meanwhile, IIT at ICAI brought its technological knowledge and research capabilities to the table, complementing HUVR’s strengths.



The present paper is organized as follows: Section 2 provides a literature review of prior research studies that investigated the utilization of wearable activity trackers and DTW time series clustering in medical contexts. Section 3 outlines the methodology employed in the research concerning data collection, data pre-processing and time series clustering. Section 4 presents the findings of the research, which are then followed by the conclusions in Section 5.




2. Literature Review


Over the years, the use of wearable activity trackers has garnered significant attention in the healthcare industry, particularly in the assessment of the physical conditions of patients. There have been many approaches to try to relate physical condition and wearables. Specially, as mentioned in [3], patient monitoring and behavioral changes are two main topics regarding the use of wearables in medical research. Wearables have the potential to provide continuous, objective, and non-invasive monitoring of a patient’s physiological parameters. Moreover, the validity of the measures taken by the wearables have been studied regarding steps taken [4], heart rate [5] or sleep quality [6]. Combined, this type of technology can aid in the early detection and management of chronic diseases, improving the overall health outcomes of patients.



As previously noted, two of the most extensively studied areas are patient monitoring and behavioral changes. Numerous studies have investigated the utility of wearable activity trackers as a tool for monitoring patient information. Within this domain, some studies have examined the feasibility of using wearables to monitor patients during rehabilitation [7,8]. Additionally, other studies have explored how data collected by wearable activity trackers can be leveraged to provide feedback that facilitates faster planning and intervention [9].



In the context of research on behavioral changes in relation to wearable technology, the most commonly explored approach involves investigating whether wearable activity trackers have a positive effect on physical activity [10]. However, there are relatively few articles that focus on the relationship between the data collected from wearables and the deterioration of patient health [11].



Regarding the wearable device used in this study, a commercially available device was utilized instead of a medical one. Similarly, ref. [12] examined the acceptance and usage of commercially available wearable activity trackers among adults over 50 with chronic illnesses. The study found that while participants generally perceived the devices as easy to use, they identified challenges in maintaining sustained use.



On the other hand, ML is considered one of the most prominent fields in light of the development of data-driven solutions aimed at gaining a better understanding of a variety of problems. In recent years, the utilization of ML has experienced exponential growth across diverse domains, including healthcare [13], finance [14], and marketing [15]. Among the different ML techniques available, time series analysis is the most relevant area for this paper’s objective, characterizing time variable mobility patterns. DTW is a widely adopted metric for measuring the distance between time series data, even if there are differences in length or phase. Originally introduced in the field of data mining [16], DTW has found numerous applications in various domains, including speech recognition and medicine.



In the field of biomedical signal processing, it has been used to analyze electrocardiograms (ECGs) to classify ECG frames [17,18]. In addition, DTW has been employed to cluster EEG waveforms, and has been demonstrated to be effective in discriminating between waves with minor disparities in frequency, amplitude, peak location, or initial phase [19]. In comparison to other methods that rely on waveform features or peak-aligned difference computation, DTW resulted in more homogeneous clusters, as demonstrated in experimental studies involving stimulated and actual EEG data.



DTW has also shown promise in applications related to human movement analysis, such as gait analysis. For example, ref. [20] used DTW to compare the gait patterns of patients with Parkinson’s disease and healthy controls, identifying significant differences between the two groups.



In addition, to the best of our knowledge, the methodology that integrates pattern mobilities with the BI represents a distinctive and original approach. Furthermore, a novel methodology based on cross-correlation is proposed for the synchronization of DTW mobility patterns, which are treated as circular data. This method allows for the identification of temporal variations in the movement of patients and enables the creation of a synchronized representation of these patterns, providing insights into the underlying factors that contribute to patient mobility. By utilizing this approach, healthcare professionals can better understand the progression of patient mobility and develop effective interventions to enhance patient outcomes.




3. Methodology


This section describes the methodology used to obtain the study results. It covers data collection and data pre-processing including aggregating and smoothing to generate the mean and coefficient of variation (CV) mobility profiles. These profiles are clustered using a K-means clustering algorithm based on DTW distances and a decision tree analysis is used to understand obtained patterns.



3.1. Data Collection


During the first phase of the study, patients were recruited based on their BI scores, measuring a patient’s ability to perform daily activities whereby higher scores indicate greater independence.The patients were divided into three groups based on their BI scores: those with total dependence (A) (BI ≤ 20), severe dependence (B) (BI in (20, 60]), and moderate/mild dependence or independence (C) (BI > 60). The study included a total of 36 patients from the Internal Medicine Department of the Virgen del Rocio University Hospital of Seville, all of whom met the criteria of chronic patients with complex health needs defined according to the Integrated Patient Care Process of the Andalusian Ministry of Health. Patients in a situation of agony, those with limited vital prognosis, and psychiatric or neurodegenerative diseases were excluded from the study. Moreover, some patients were excluded from the analysis due to a lack of data.



Out of the considered participants, 64% were male and 36% were female. It was found that 16/36 (≈44%) of the patients had BI of type B, while the other 20/36 (≈56%) had an BI of type C. No patients of index A were considered due to the limited range of movement. The mean age of male participants was 75.78 years (SD = 7.15), while the mean age of female participants was 74.69 years (SD = 9.82).



The second phase of the study involved the implementation of an Internet of Things (IoT) infrastructure to collect patient mobility measures. After careful consideration, the most appropriate technology for their needs was selected. The IoT-based infrastructure consisted of wearables to measure the mobility activities of patients, with a focus on minimizing disruption to their daily routines. Wearables allowed the researchers to measure physical activity through the number of steps taken, cardiac activity and the sleep time of the 36 patients in the study.




3.2. Data Pre-Processing


As previously indicated, the wearable activity tracker is capable of collecting information on a patient’s number of steps taken, heart rate, and sleep duration. The device automatically captures the number of steps and heart rate at irregular intervals, which are subsequently aggregated into fixed intervals to maintain consistent data granularity.



3.2.1. Activity Profiles Based on the Mean


To generate the mean activity profiles, the number of steps taken are added in one-hour intervals, and the median heart rate is computed for the same interval. Additionally, in an attempt to ensure data quality, in cases where the median heart rate is missing, the number of steps is also marked as empty. This procedure is implemented because a null heart rate value might indicate that the wearable device is not properly positioned, thereby possibly resulting in inaccurate measurements. In terms of sleep data, the activity tracker provides daily information on the total duration and quality of sleep, which is further categorized into multiple variables.



Based on data collected every hour over multiple days per each patient, the mean step profile is constructed. The mean steps profiles are generated after smoothing the time series. In order to smooth the time series, a centered rolling window with a size of three is computed. After this, data is grouped by the hour such that each patient has a mean representation of their activity throughout a 24 h period. The resulting data allows us to gain insights into a CCP’s physical activity levels and obtain a more accurate picture of their daily activity patterns as shown in Figure 1.



Furthermore, it is worth noting that, given that the objective of the study is to understand mobility patterns and not just the raw number of steps, it is necessary to normalize the mean step count curves in order to compare them across the patients. This difference is even more noticeable between patients with a BI of type B and type C, as the latter group tends to have a much higher mean step count volume (Figure 2). To address this, a normalization process was performed by subtracting the minimum value and dividing by the range (max–min). This transformation ensures that all values fall between 0 and 1 for each patient.



Given that sleep data are only available on a daily basis, the median values were computed for each patient to obtain a general representation of their sleep patterns and quality. Among all the available sleep-related data, the focus was on the median amount of sleep, which was further divided into deep sleep, shallow sleep, REM and wake time, as well as the median bedtime and wake-up time. These variables provide insight into the overall sleep patterns of the patients, including the duration and quality of their sleep, as well as their sleep–wake cycle.




3.2.2. Activity Profiles Based on the Coefficient of Variation


In addition to the 24 h mean profiles presented earlier, the CV profiles were also incorporated. Specifically, for each day in the dataset from 00:00 to 23:59, the CV was calculated for each day and hour-based on the aggregated 5 min data, and then the median was computed for all hours for a given patient.



To obtain smoother profiles, a centered moving average with a window size of three was applied to the 24 h CV profiles. As a result, each curve represents the smoothed median CV for each hour and patient. Missing values are assigned for cases where there is no movement during a specific hour or when the mean is zero.





3.3. Time Series Clustering Using DTW


Time series clustering is a powerful analytical technique used to identify patterns and relationships among time series data. By grouping similar time series together, this method can help extract meaningful insights and reveal underlying patterns that may not be visible when examining individual series in isolation.



In this case, since the goal is to generate mobility patterns based on the normalized average hourly profiles for each patient, a temporal clustering algorithm was used to identify existing mobility patterns. For this study, the time series K-means algorithm from the tslearn library was applied, as it is widely regarded as a standard in the literature [21,22]. However, it is important to note that other methods could have been considered as well.



It is essential to highlight that time-shifts are insignificant within a certain range of maximum hours, as the goal is to create mobility patterns independent of the specific hour and primarily based on shape. Therefore, DTW is the preferred distance function to measure the similarity between time series.



DTW evaluates the similarity between two time series by finding the best alignment between them, which involves time-axis stretching or compressing. This method is well-suited for the current study, as a group of patients may demonstrate similar mobility patterns with only slight variations in time. Given this scenario, a Sakoe–Chiba [23] radius of 3 h was considered as mobility patterns may be slightly out-of-sync by a few hours, yet still exhibit significant differences between the morning and afternoon.



To synchronize time series data following the creation of clusters, cross-correlation was employed to determine the optimal time lags for comparing both series. The objective was to move the mobility patterns through the time-axis in order to find the best alignment in terms of correlation. Cross-correlation is a mathematical function that measures the similarity between two signals as a function of the time lag applied to one of them [24]. Once the optimal time lag has been determined, the time series can be synchronized by shifting one of the series by the optimal time lag.



When examining the mobility patterns of individuals, it is useful to consider the average mobility patterns over a 24 h cycle. However, due to differences in individual sleep and work schedules, these patterns may not necessarily align perfectly with each other. This can result in a phase shift, where the 24 h cycle of one individual is shifted forward or backward relative to another individual.



To account for these phase shifts, it is useful to treat the 24 h cycle as circular data. In circular data, the end of the cycle precedes the beginning, forming a continuous circle rather than a linear sequence. This allows for the accurate representation of phase shifts and the analysis of cyclic patterns as observed in Figure 3.





4. Results


This section presents the mean mobility patterns resulting from the application of DTW time series K-means. Additionally, the clusters derived from the CV profiles are presented. Finally, a comparison of cluster members is made to better understand the relationship between the distribution of steps and walking behavior.



4.1. Clustering Mean Activity Profiles


After running the time series K-means algorithm considering the DTW clustering distance and a Sakoe–Chiba radius of three, six clusters were selected using the elbow methodology. The mobility patterns acquired are shown in Figure 4. According to Table 1, cluster 3, which represents patients with a more stable daily mobility pattern, appears to be associated with a BI of type C.



To investigate this relationship further, a decision tree was trained to predict the cluster to which a given patient belongs based on their sleep and mobility patterns (see Figure 5). By examining the splits made by the decision tree, it is possible to gain an insight into the different mobility patterns present in the dataset. To optimize the hyperparameters of the decision tree, a stratified K-fold approach was used with k = 5, accounting for both the criterion (gini or entropy) and the minimum impurity decrease. Our analysis revealed that the optimal hyperparameters for the decision tree were gini as the criterion and a minimum impurity decrease of 0.06.



The features considered in the tree were the median sleep time, (divided into deep sleep, shallow sleep, REM, and wake time), the median hour of sleeping, the median hour of waking up, and the mean normalized steps divided into four sections: Dawn   [ 0 ,   6 ]  , Morning   [ 7 ,   13 ]  , Afternoon   [ 14 ,   19 ]  , and Night   [ 20 ,   24 ]  . Note that normalized steps were used here; therefore, how much each patient was walking during the afternoon relative to their overall walking patterns was evaluated.



It was discovered that the primary disparity between the clusters was the average normalized steps taken during the afternoon. When fewer steps were taken during the afternoon, the patient was categorized into cluster 1. Following this division, patients were classified based on the number of steps taken during the afternoon. If the normalized steps taken during the afternoon exceeded 0.5, indicating considerable movement during that time, patients were classified into either cluster 3 or 0, depending on their activity levels during the morning. Conversely, patients who were not as active during the afternoon were classified as cluster 2.




4.2. Clustering Coefficient of Variation Activity Profiles


The objective of the clustering analysis performed above was to characterize the distinct patterns of mobility in terms of the average amount of walking by each patient during each hour. However, these clusters lack information on the variability of mobility within each patient. It is important to recognize that patients do not all walk in the same way, and thus it is necessary to consider both the mean and variance for each hour. This approach allows for discrimination not only by the amount of movement within each hour but also by the type of movement performed, such as whether it is continuous or interrupted. In cases where movement is interrupted during a one-hour span, the standard deviation within the data collected every 5 min will be higher than in cases where movement is constant, resulting in a standard deviation closer to zero.



To address these differences, a DTW time series K-means clustering was performed based on the hourly median of the CV for every day. The analysis in Figure 4 and Table 2 indicates the presence of two predominant patterns of physical activity with respect to the CV. The primary distinguishing feature between cluster 0, predominantly composed of patients with a BI of type B, and cluster 1, with patients having a BI of type C, is the reduced variability in the duration of morning and afternoon walks. This finding suggests that patients in these clusters may exhibit more consistent patterns of locomotion, as opposed to a start–stop movement pattern.




4.3. Relation between Mean and CV Profiles


To gain a better understanding of the correlation between clusters based on the CV and 24 h mobility patterns, reference can be made to the Sankey diagram presented in Figure 6. It is noteworthy that patients in cluster 3 of the mean profiles appear to correspond to those in cluster 1 of the CV profiles. Upon analyzing the decision tree depicted in Figure 5 and the clusters shown in Figure 4, it becomes evident that patients with more stable movement patterns, without significant differences between morning and afternoon, tend to walk in a more continuous manner. Furthermore, there appears to be a relationship between the BI and CV cluster. In an attempt to establish this relationship statistically, a two-sample z-test for proportions was performed with a 90% confidence interval, resulting in statistical significance [25].





5. Conclusions


In this study, we analyzed the different patterns of mobility and their relationship with the patient’s clinical status. Specifically, we intended to build a better understanding of how CCPs move through the day and how it can be related to their BI.



To do so, a time series clustering algorithm was used using 24 h mean and CV profile data using DTW as the similarity measure. It was found that there are four main patterns of mobility, considering the mean profiles, depending on their levels of movement during the morning and afternoon. Moreover, those clusters can be related to those obtained using the CV patterns and it was concluded that patients with greater mobility during the afternoon seem to have a more continuous way of walking rather than a start–stop pattern. Specifically, those who tend to walk in a more continuous way were mostly related to a BI of type C.



Overall, this study highlights the potential for using wearables to gather data on patient mobility and clinical condition, which could be used to improve the care provided to chronic patients with complex health needs. The study’s findings could contribute to the growing body of research on how technology can be used to monitor and improve patient health outcomes.



Lastly, future research may further analyze the relationship between the information provided by the activity tracker and the detection of patient degradation based on the mobility patterns described in this study.
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Figure 1. Generation of the 24 h mean profiles for CIOTC5. 
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Figure 2. The distribution of steps per day and CIOT after the application of a moving average. 






Figure 2. The distribution of steps per day and CIOT after the application of a moving average.



[image: Engproc 39 00092 g002]







[image: Engproc 39 00092 g003 550] 





Figure 3. Cross-correlation synchronization of DTW clustering. 
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Figure 4. Comparison of the clusters of mean and coefficient of variation (CV) activity profiles. 
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Figure 5. Decision tree for patient classification into the four main clusters. 
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Figure 6. Correlation between clusters predominantly populated by 24 h mobility patterns and the cluster generated regarding the CV. 
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Table 1. Distribution of sample percentages across Barthel types within each of the most populated clusters.
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	Cluster
	N° Samples
	CIOTB
	CIOTC





	Cluster 0
	4
	50%
	50%



	Cluster 1
	8
	50%
	50%



	Cluster 2
	13
	46%
	54%



	Cluster 3
	7
	14%
	86%
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Table 2. Distribution of sample percentages across Barthel types within each of the most populated clusters.






Table 2. Distribution of sample percentages across Barthel types within each of the most populated clusters.





	Cluster
	N° Samples
	CIOTB
	CIOTC





	Cluster 0
	17
	59%
	41%



	Cluster 1
	18
	24%
	76%
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