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The Internet of Things (IoT) and Artificial Intelligence (AI) are promising technologies that can help make the health system more efficient, which concurrently can be particularly useful to help maintain a high quality of life for older adults, especially in light of healthcare staff shortage. Many health issues are challenging to manage both by healthcare staff and policymakers. They have a negative impact on older adults and their families and are an economic burden to societies around the world. This situation is particularly critical for older adults, a population highly vulnerable to diseases that needs more consideration and care. It is, therefore, crucial to improve diagnostic and management as well as proposed prevention strategies to enhance the health and quality of life of older adults. In this study, we focus on detecting symptoms in early stages of diseases to prevent the deterioration of older adults' health and avoid complications. We focus on digestive and urinary system disorders [mainly the Urinary Tract Infection (UTI) and the Irritable Bowel Syndrome (IBS)] that are known to affect older adult populations and that are detrimental to their health and quality of life. Our proposed approach relies on unobtrusive IoT and change point detections algorithms to help follow older adults' health status daily. The approach monitors long-term behavior changes and detects possible changes in older adults' behavior suggesting early onsets or symptoms of IBS and UTI. We validated our approach with medical staff reports and IoT data collected in the residence of 16 different older adults during periods ranging from several months to a few years. Results are showing that our proposed approach can detect changes associated to symptoms of UTI and IBS, which were confirmed with observations and testimonies from the medical staff.
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1. Introduction

Early detection and prevention of health issues are today's major public health challenges facing medical staff and policymakers (1, 2). This situation is more critical for older adults since aging is associated with a serious decline in physical and cognitive abilities, a situation that is emphasized by the poor management of aging-related health problems. Nowadays, existing geriatric services have limited abilities to detect possible health changes and adapt medical assessment and intervention for older adults. Bridging the gap between these geriatric needs and existing services is a major incentive to improve the impact of these services. We argue that detecting older adults' possible health problems as early as possible helps reduce the economic burden on society, improve quality of life for older adults, and promote healthy aging (3, 4).

Technological observations based on the Internet of Things (IoT) and artificial intelligence (AI) are perceived as possible solutions for continuous monitoring and early detection of older adults' health problems. They enable us to collect real-time data and make prompt decisions that help medical staff (e.g., geriatricians) detect health-related problems at an early stage, without the need to perform classical tests (e.g., psycho-geriatric tests) that have limitations including assessment inaccuracies and the difficulty for older adults to recall past events. Therefore, we propose an unobtrusive approach for long-term behavior monitoring and early detection of possible changes in older adults' health status based on IoT and change point detection analysis. These technologies enrich medical observations and enhance medical assessment by providing new objective observations of daily living activities. Additionally, classical methods are insufficient to follow health status daily (5) because they retrospectively approach changes after their occurrences and do not focus on the early detection of changes. In this study, we focused on the early detection of digestive and urinary system disorders in older adults. Approximately 10%−15% of older adults are estimated to develop irritable bowel syndrome (IBS) in developed countries (6), numbers that can increase to 45% in underdeveloped countries (7). As for urinary tract infections (UTIs), ~2% of the world's population develops this condition every year (8).

Our approach proposes a way to detect changes in a subject's bathroom activity behavior. However, our method does not assess the cause underlying this behavior change. It was only following the medical staff's assessment of our results that we were able to associate our results with a UTI.



2. Background

The human excretory system is responsible for removing excess undesirable material, usually fluids and solids, from the body to ensure the body continues to work efficiently. The human excretory system is composed of multiple subsystems, each of which is responsible for getting rid of a particular form of body waste. The urinary and digestive systems are subsystems that are part of the excretory system. The urinary system is responsible for filtering blood and excreting excess water and salts as urine (9). As for the digestive system, it is responsible for getting rid of indigestible food particles in the form of solid feces through defecation (10). IBS and UTIs are among the known problems of the human excretory system.

IBS is a disorder that can occur in the large intestines, a part of the digestive system. The most common symptoms associated with IBS include abdominal pain, usually associated with bowel movements, nighttime diarrhea, and constipation. IBS usually occurs in people 50 years old or older (11).

UTI is a disorder that occurs in the urinary system. Symptoms may include sudden changes in urinary habits (such as increased frequency or urgency), pain or burning while urinating, and pain or tenderness in the pelvis, lower back, or abdomen (12). Untreated UTIs can spread from the bladder to the kidneys and beyond. As such, treating a UTI early can keep it from spreading and overwhelming the immune system, especially in older adults or anyone with a deficient immune system (13). UTI is one of the most commonly diagnosed infections in older adults. It is the most frequently diagnosed infection in long-term care residents, accounting for over a third of all nursing home-associated infections (14, 15). It is second only to respiratory infections in hospitalized patients and community-dwelling adults over the age of 65 (16, 17).

As our population ages, the burden of IBS and UTI in older adults is expected to grow simply because there is an increased number of older adults in the population, resulting in the need to improve diagnostic, management, and prevention strategies; elements that are critical to enhancing the health of older adults. As a first step to accomplishing this goal, we need to improve the follow-up of the overall bathroom activity of older adults to gain a better understanding of their general bathroom behavior. Hence, in the present study, we propose an unobtrusive IoT system to monitor the overall bathroom behavior of older adults inside their residences, which will enable us to detect unusual emerging behaviors across their overall bathroom behavior.



3. Related work

There are multiple scales and tests (e.g., psycho-geriatric) in medical science that analyze older adults' behavior and detect possible health changes. Among these scales, the Short Emergency Geriatric Assessment (SEGA) evaluates the frailty of older adults (18), the Mini-Mental State Examination (MMSE) targets cognitive changes, such as orientation problems, attention difficulties, and language troubles (19), the Geriatric Depression Scale (GDS) investigates changes in mood and emotions; e.g., sadness, sedentary life, and depression (20), the Instrumental Activities of Daily Living (IADL) identifies changes in activities of daily living associated with autonomy loss (21), and the Mini Nutritional Assessment (MNA) investigates nutritional changes, such as eating difficulties, weight loss, and protein intake insufficiency (22).

While these medical scales and tests help medical staff (e.g., geriatricians) analyze and evaluate older adults' behavior and identify possible health problems, there are limits to their efficiency. For example, it is inconvenient for older adults to recall past events in full detail at the time of an assessment (23). Therefore, subjective information and missing details might influence assessment results (24). Often, it is also impractical for older adults to move to a specific location to get an assessment (25). In addition, the assessments require older adults to reply to a given set of questions or perform specific tasks, which may have a negative impact, such as anxiety, if they are unable to reply to some questions or perform some tasks. Therefore, medical staff would benefit from using additional means to gather more thorough and complete objective observations to complete their medical assessment. In this respect, IoT monitoring technologies can be used to closely follow older adults in their living environment (e.g., at home), to detect possible health changes early (26).

IoT technologies offer portable devices, and medical equipment that can be used to gather data on patients, identify diseases, keep track of the patient's health, and send out notifications once a medical emergency is detected. These solutions include a variety of technologies, such as electrocardiogram (ECG) and pneumography monitoring systems (27–29), glucose level monitoring solutions (30, 31), temperature monitoring solutions (32, 33), and blood pressure monitoring systems (34–36). IoT technology can be used to detect short-term health problems, e.g., Aloulou et al. (37) deployed movement, pressure, proximity, and vibration sensors in nursing home rooms to detect night wandering and toilet falls. Semantic reasoning rules recognize the activities of daily living in real time and notify formal caregivers about potential anomalies. Rantz et al. (38) used motion and bed sensors to track movement, pulse, breathing, and bed restlessness to retrospectively detect health changes. Following the occurrence of significant health events, geriatricians review the monitoring data to investigate possible correlations. Another study (39) focused on sleep monitoring, as a lack of sleep may increase the risk of cognitive decline in older adults. A remote and non-intrusive technology was proposed to help patients monitor their sleep at home. A sensor mat equipped with an integrated micro-bending multimode fiber was deployed and evaluated in a free-living environment. The study enabled researchers to analyze the participants' sleep quality using various parameters deduced from the sensor mat. Vital signs, namely heart rate, respiratory rate, and body movements, were also reported to detect abnormal sleep patterns. Sensory observations have helped care-focused medical staff focus on areas that require more detailed attention, confirm their medical assessments, and detect patterns of decline not usually detected during regular office visits. A complete technical review for sleep cycle monitoring is conducted by the same authors afterward in Siyanbade et al. (40).

Based on AI technologies, other solutions were proposed to detect mental health problems, depression, stress, and bipolar disorder. In the study proposed by Alam et al. (41), a convolutional neural network (CNN) was used to analyze and classify a person's mood into six different categories: happy, thrilled, sad, calm, distressed, and angry. An advanced machine learning system was also adopted by Pandey (42) to identify stress periods in advance using heart rate. The proposed solution informs the patient about their stress level and prevents accidents. Similarly, Zekri et al. (43) were interested in detecting older adults' behavior changes. In their study, they modeled older adults' behavior and defined the normal behavior of a person as a sequence of four activities (sleeping, eating, taking a shower, and leaving home). An unsupervised approach based on the density-based clustering (DBSCAN) algorithm was applied, and the deviations were detected by computing a similarity score between the current behavior of the older adult and her/his normal behavioral pattern. Another study (44) applied deep learning methods, including CNNs and extreme learning machines (ELMs), to differentiate between ballistocardiogram (BCG) and non-BCG signals. BCG signals were collected using an IoT-based micro-bend fiber optic sensor mat from 10 patients with obstructive sleep apnea. The study used three methods to balance the number of BCG and non-BCG signals, including undersampling, oversampling, and generative adversarial networks (GANs). The system's performance was evaluated using 10-fold cross-validation, and the best results were obtained using CNN-ELM with GANs as the data balancing method. The results showed an average accuracy, precision, recall, and F-score of 94%, 90%, 98%, and 94%, respectively. Furthermore, the study presented by Sadek et al. (45) focused on contactless monitoring of heart rate (HR) using under-mattress (BCG) sensors. The authors studied the potential of two wavelet-based methods, the multiresolution analysis of the maximal overlap discrete wavelet transform (MODWT-MRA) and continuous wavelet transform (CWT), for HR detection using a microbend fiber optic sensor (MFOS). BCG signals were collected from 10 sleep apnea patients during an overnight polysomnography (PSG) study, and the MFOS was placed under the bed mattress. The PSG electrocardiogram (ECG) signals were used as a reference to evaluate the proposed HR detection algorithms. The results showed that the CWT with a derivative of Gaussian (Gaus2) provided slightly better results compared to the MODWT-MRA, CWT (frequency B-spline), and CWT (Shannon). However, the total precision for MODWT-MRA was higher than Gaus2.

As previously detailed above, IoT sensor observations can help care-focused medical staff in their practice. However, we could not find other technological solutions in the literature that help match observations with UTI and IBS symptoms. In this field, the gold standard to diagnose UTI and IBS includes (1), for UTI, lab screening through urine sample analysis, and (2) for IBS, stool tests. Moreover, healthcare providers are likely to evaluate IBS with a complete medical history and a physical exam and try to match symptoms with the IBS definition. They may also run tests to rule out some other possible causes of these symptoms. In our approach, we argue that an IoT system can be used as an aiding technological tool to follow-up on health status (including UTI and IBS) by following subject activity, in this research, in the bathroom.

In our research, an IoT system, which encompasses motion sensors to detect the participant's movement inside the bathroom, is used along with conventional statistical methods to monitor and detect the change in the overall bathroom behavior of individual participants. As in our previous research, where we monitored and identified behavior change on a granular level, that is, activity (and sub-activity) levels were evaluated daily [e.g., (46–48)], this research focused on high-level behavior change detection. However, in the present study, the goal is to show that reporting triggers to healthcare professionals (based on behavior change detection), it enables them to be more efficient and offer better health follow-up. Moreover, we presented the ability to impute the missing data found along with the collected data at any missing rate. Furthermore, the level of analysis we propose here requires fewer sensors as well as less installation and maintenance costs. Put simply, the system we present here is more economically viable and can be used to monitor patients for long period with minimal cost. In addition, working at this high level requires less computation, since we do not need to follow/detect precise activities. In our case, we do not need to analyze the details of bathroom visits to trigger the alerts. If we analyze changes in the overall number of bathroom visits, we obtain the same result.



4. Methodology

Our methodology is based on three pillars: (1) real-time data collection in the subjects' environments, (2) adapted data analysis based on custom algorithms and visualization tools, and (3) results validation with caregivers.


4.1. Data collection

The data we used to illustrate our methodology were gathered through an infrastructure that covers all the IoT layers (49). The infrastructure (50) was deployed in the real-life studio residences of 16 older adults for periods ranging from several months to a few years in France (51). The subjects' codes, along with their gender, age class, and the monitoring duration, are presented in Table 1.


TABLE 1 Relevant information about participating subjects in the France experiment.

[image: Table 1]

Bathroom activity was monitored around the clock using an infrastructure mainly based on motion sensors mounted in the participants' bathrooms. These motion sensors are mounted so that they can capture motion over the sink and the toilet area of each bathroom. A schematic of the bathroom describing the spatial location of the sensor is presented in Figure 1. In each washroom, we used Wyze Sense motion sensors with a 120° field of view and a range of approximately 8 meters. These sensors are characterized by an adjustable relaxation time ranging from 5 s to 15 s.


[image: Figure 1]
FIGURE 1
 Schematic description of the bathroom with the spatial location of sensors.


The presence of an older adult inside the bathroom is recorded by the sensor as a logic signal of 1, while the absence is recorded as a logic signal of 0. The corresponding sensor signal values for a snapshot of activity are presented in Figure 2. The details of the deployment experiment can be found in Kaddachi et al. (50, 52).


[image: Figure 2]
FIGURE 2
 Sensor signal values for a snapshot of activity.




4.2. Data analysis

The proposed algorithm was first used to calculate overall daily bathroom activities and to define daily living patterns. From the overall daily activity, we thus focus on the whole objective excretory function. In this study, we use conventional mathematical methods to identify the change points across the time series.

A pre-processing algorithm was used to convert the raw logic signal data into an overall daily bathroom activity, while a post-processing algorithm was used to identify the timestamps at which behavior changes occurred. The pre-processing and post-processing algorithms are presented in Algorithms 1, 2, respectively.


[image: Algorithm 1]
Algorithm 1. Daily overall bathroom activity calculation.



[image: Algorithm 2]
Algorithm 2. Daily overall bathroom activity anomaly detection.


Prior to applying the pre-processing algorithm, we imputed missing data using our novel Bayesian Gaussian Approach (BGaP) (53). The missing data type found in our collected subjects' data was considered to be missing completely at random (MCAR), which assumes that the missingness of the data presents no correlations to any potential variables structuring the time series (53). The imputed subject's activity time series was then normalized to the complete number of hours per day, i.e., the resulting pre-processed bathroom activity time series represents the average number of bathroom visits per hour in a day. This is an essential step to compare the bathroom activity for all subjects together.

The two algorithms were used iteratively to identify and retrieve changes in activities in the overall daily bathroom activity and to identify the associated time at which such changes occur. Specifically, Algorithm 2 defines a Pruned Exact Linear Time (PELT) technique applied to the overall daily bathroom activity data that was used to identify the predicted change points. PELT technique is a method for detecting change points in a time series; it is an efficient and exact algorithm for change point detection, meaning that it provides an exact solution and is computationally efficient, making it well-suited for large datasets. It is also a “pruned” algorithm, which eliminates unnecessary calculations to improve computational efficiency. The PELT technique works by considering a sliding window of the time series and calculating a cost function that measures the difference between the current window and the previous window. If the cost function exceeds a certain threshold, a change point is identified. The process is repeated for each window in the time series, and the change points are identified as the points where the cost function exceeds the threshold. One advantage of the PELT technique is its ability to handle multiple change points in the time series, making it well suited for datasets with complex patterns. Additionally, the algorithm can easily be adapted to different types of cost functions, allowing for the detection of different types of change points.



4.3. Validation

The validation of our results was based on observations from collaborating medical staff (doctors, caregivers, and nurses), as well as the feedback from our iterative meetings. We have collaborated with two caregivers from a nursing home and one geriatrician for individual participants.

The caregivers recorded all significant observations daily and continuously collected electronic health records. Individual participants have monitored via nurse visits. These nurses' visits monitored participants a few times per day for medicine taking, toilet entry assistance, room cleaning, and nutritional services. Nurses reported all interventions, formal and informal observations, special health events, and social habits in developed software. These electronic health records include geriatric assessment results, hospitalizations, treatments, and physical, emotional, and cognitive problems.

In addition, regular review meetings allowed for accurate investigation of possible causes of detected changes and any health problems associated with them. These meetings were planned with older adults, family members, and family doctors (each for 4 months with a nursing home and each for 2 months with individual houses). Medical staff evaluated the medical relevance of investigated change explications by reviewing all past detected changes and correlating them with medical records (e.g., geriatric scales, cognitive diagnosis, and prescribed treatments).




5. Results and discussion

Following, we present the results of our algorithms applied to the bathroom activities of the different participants from two different perspectives.

• First, we present the time series of the bathroom activity after imputation for the entire monitoring period for each participant, where we highlight the time of the detected changes as a result of the PELT algorithm by a vertical red line (Figures 3–9 and Supplementary Figures 1–9), each vertical red line along the overall bathroom activity time series represents a change in the participant's bathroom behavior in comparison with the preceding window of calculation, where this change represents either an increase or a decrease in the number of the subject's bathroom visits. We claim that changes caused by an increase in bathroom visits are due to the participant experiencing an UTI.

• Second, we presented a heatmap illustrating the entire bathroom activity for each subject day by day. This representation helped the medical staff compare the subject's bathroom activity across different months of the year and, hence, during the entire monitoring period. In addition, with the aid of the heatmap (Figures 10–15 and Supplementary Figures 10–19) the physician can easily pinpoint the day when the highest number of bathroom visits occurred, leading to a feasible identification of the UTI.


[image: Figure 3]
FIGURE 3
 Bathroom activity time series for subject A, with detected change time stamps overlapped as vertical lines.


It is worth mentioning that the heatmaps are shown without imputation, while the bathroom activity time series are presented after imputing the missing data, in order to prevent misleading visual results by the physicians.


5.1. Time series representation

For subject A, the bathroom activity of the monitoring period extended from late September 2014 to the beginning of February 2015, where we can notice that the subject has four (4) groups of bathroom activity behavior change, as presented in Figure 3.

• First group is found in the second half of October 2014, when the subject experienced a behavior change as an increase in bathroom visits at the end of the first half of October. After this, the subject had a second behavior change, which presented itself as a decrease in his bathroom visits, followed by a third change presenting an increase in bathroom visits. The fourth change is composed of another increase in bathroom visits, and another change on the first of November was also due to an increase in bathroom visits.

• Second group of changes is found in mid-November 2014, showing a positive inflection point of the subject's bathroom activity, meaning that the subject had an increasing behavior of bathroom activity followed by a decreasing behavior. This group consisted of three behavior change timestamps: the first one indicating increasing activities, and the other two indicating decreasing activities.

• Third group of changes is found in the first half of December 2014, where the first change, as well as the second one, indicates a decrease in bathroom visits, while the third one indicates an increase in bathroom visits.

• Fourth group of changes is found in the second half of December 2014 and during the first week of January 2015, where changes in timestamps indicate a decrease in bathroom visits. The last group is found in the second half of January 2015 and during the first week of February 2015, where changes indicate an increase in bathroom visits.

Both the second group and the third group form an envelope around a sharp increase in the subject's bathroom activity in the last week of November 2014. Similarly, both the third and fourth groups form an envelope around another sharp increase in the subject's bathroom activity in mid-December 2014.

For subject B, the monitoring period extended from mid-March 2015 to the beginning of August 2015, where there are three groups of bathroom activity behavior changes, as presented in Figure 4.

• First group consists of four change timestamps around mid-April 2015, indicating a decrease in the subject's bathroom visits.

• Second group consists of six change timestamps spread along June 2015, where the first one indicates a decrease in the subject's bathroom visits, while both the second and the third one form an envelope around a changing timestamp indicating an increase in bathroom visits. The last three change timestamps indicate a decrease in bathroom visits.

• The last group consists of a single change timestamp indicating an increase in bathroom visits by the subject and is located on 2 August 2015.


[image: Figure 4]
FIGURE 4
 Bathroom activity time series for subject B, with detected change time stamps overlapped as vertical lines.


Both the third group and the fourth group form an envelope around a sharp increase in the subject's B bathroom activity located in mid-December 2014.

For Subject C, several groups of bathroom activity changed timestamps across the monitoring period, which extended from October 2015 to January 2018, as presented in Figure 5.

• The first group of behavior changes is located between October 2015 and January 2016, where bathroom activity behavior increased. In March 2016, a decreasing trend of bathroom visits was found, while another decrease in his bathroom visits was detected in May 2016. The subject's behavior started to increase again during the period extending from July 2016 to December 2017, where six detected behavior change timestamps occurred over this period, all of them representing the behavior change toward an increase in the subject's bathroom visits. A sudden decrease in the bathroom activity of the subject was detected in late January 2017, and another decrease in his bathroom activity was detected in March 2017 as well. Additional two-bathroom activity changes were detected in late May 2017 and on the first week of June 2017. A decreasing behavior in the subject's bathroom activity behavior was detected by three change timestamps between July 2017 and August 2017.

• Following, a period of increasing bathroom activity was detected by a group of change timestamps extending from October 2017 to November 2017, after which a sharp decrease in bathroom activity was detected in December 2017.

• A last group of change timestamps indicating a fluctuation in bathroom activity was found in January 2018.


[image: Figure 5]
FIGURE 5
 Bathroom activity time series for subject C, with detected change time stamps overlapped as vertical lines.


For subject D, the monitoring period extended from late September 2014 to August 2015, as presented in Figure 6. There are multiple groups of detected behavior change timestamps:

• First group includes a single change timestamp indicating a sudden increase in the number of bathroom visits in the first week of October 2014.

• Second group consists of three change timestamps representing a decrease in bathroom activity during November 2014, where the first timestamp represents a sharp decrease in bathroom activity, while the other two timestamps represent a slow decreasing trend of his bathroom activity.

• Third group consists of two change timestamps indicating a mild change in bathroom activity, one representing a mild decrease and the other representing a mild increase, both found in late December 2015.

• Fourth group consists of two change timestamps indicating an increase in bathroom activity were found in the first week of February 2015. A single change timestamp representing a decrease in bathroom activity is in the first week of March 2015.

• Fifth group consists of two change timestamps at the beginning of April 2015, representing a sharp increase in the subject's bathroom visits.

• Sixth group: a sudden increase in bathroom visits was found in mid-May 2015.

• Seventh group: the last group consists of two change timestamps indicating an increase in bathroom activity located in mid-July 2015 and at the beginning of August 2015.


[image: Figure 6]
FIGURE 6
 Bathroom activity time series for subject D, with detected change time stamps overlapped as vertical lines.


For subject E, bathroom activity was monitored from October 2015 to January 2018, as presented in Figure 7.

• First group: during the period extending from late September 2015 to late March 2016, the subject is showing an exponential growth trend in his bathroom activity behavior, within which there are two detected behavior change timestamps, first in late September 2015 and second in late December 2015. After this exponential growth period, there is a sharp decrease in the subject's bathroom activity in the last week of March 2016 that is detected by two change timestamps as an envelope around that week.

• Second group: exponential growth trends in the subject's bathroom activity were found between October 2016 and November 2016, where there are multiple detected change timestamps indicating an increase in activity.

• Third group: an increasing trend in bathroom activity was observed from February 2017 to May 2017, after which there was a mild decrease in the subject's bathroom activity until the end of the monitoring period in January 2018.


[image: Figure 7]
FIGURE 7
 Bathroom activity time series for subject E, with detected change time stamps overlapped as vertical lines.


For subject F, bathroom activity was monitored from October 2014 to January 2017, as presented in Figure 8. During this period, there were three main segments of behavior,

• First segment extends from October 2014 to October 2015, during which the activity is neither following an increasing trend nor a decreasing trend; instead, multiple spikes are indicating a sharp increase in bathroom activity.

• Second segment extends from November 2015 to March 2016, where there is an exponential increase in the subject's bathroom activity followed by a decreasing trend extending from March 2016 to May 2016. There were multiple spikes of sharply increased bathroom visits that were also detected during this segment.

• Third segment: the last segment extends from June 2016 to the end of the monitoring period in January 2017. It represents an increase in the subject's bathroom activity.


[image: Figure 8]
FIGURE 8
 Bathroom activity time series for subject F, with detected change time stamps overlapped as vertical lines.


For subject G, the monitoring period extended from late December 2015 to January 2018, as presented in Figure 9, where the subject's bathroom activity behavior follows a cyclic pattern. There are multiple segments of behavior decrease:

• First segment was found in late December 2015.

• Second segment spanned from April 2015 to September 2015.

• Third segment was found in late October 2015.

• Fourth segment was found in late March 2016 and late May 2016.

• Fifth segment was found in September 2016 and from October 2016 to the end of November 2016.

• Sixth segment spans from December 2016 to March 2017.

• Seventh segment was found from May 2017 to September 2017 and from December 2017 to January 2018.


[image: Figure 9]
FIGURE 9
 Bathroom activity time series for subject G, with detected change time stamps overlapped as vertical lines.


Other segments are representing an increasing bathroom activity behavior.

For subject H, the monitoring period extended from late September 2014 to June 2015, as presented in Supplementary Figure 1.

The general subject's behavior represented a decreasing bathroom activity behavior, among which there were multiple sharp increase in bathroom visits. Through the decreasing segment, there were two detected change timestamps in mid-October 2014 and early November 2014. During the few sharp increases in visits, there were six detected change timestamps in mid-December 2014, early January 2015, late March 2015, late April 2015, and early June 2015.

For subject I, the monitoring period extended from May 2015 to January 2018, as presented in Supplementary Figure 2. The subject's bathroom behavior represents cyclic behavior like that of the subject's G. The decreasing segments throughout the monitoring period are as follows:

• First segment represents a sharp decrease in bathroom activity compared to the surrounding normalized bathroom activity and was found in June 2015.

• Second segment represents a sharp decrease and was found in September 2015 and October 2015.

• Third segment represents a mild decrease in bathroom activity and extends from late October 2015 to March 2016.

• Fourth segment represents a mild decrease and spans from June 2015 to September 2015.

• Fifth segment represents a slow decrease and extends from January 2017 to April 2017.

• Sixth segment represents a sharp decrease in the subject's bathroom activity and spans from May 2017 to June 2017.

• Seventh segment represents a very sharp decrease in the subject's bathroom activity and was found at the beginning of December 2017.

• Eighth segment represents the last decreasing behavior segment found at the beginning of January 2018.

Otherwise, the subject was showing increasing behavior in his bathroom activity.

For subject F, bathroom activity was monitored from October 2014 until January 2017, as presented by Figure 8. During this period, there were 3 main segments of behavior,

• First segment extends from October 2014 until October 2015, during which the activity is neither following an increasing trend nor a decreasing trend, instead, there are multiple spikes indicating a sharp increase in bathroom activity.

• Second segment extends from November 2015 until March 2016, where there is an exponential increase in the subject's bathroom activity followed by a decreasing trend extending from March 2016 to May 2016. There were multiple spikes of sharply increased bathroom visits which were also detected during this segment.

• Third segment: The last segment extends from June 2016 until the end of the monitoring period in January 2017, it represents an increase in the subject's bathroom activity.

For subject J, the monitoring period extended from late November 2014 to October 2015, as presented in Supplementary Figure 3.

The detected behavior change timestamps indicating an increase in bathroom activity were found in mid-January 2015, at the beginning of February 2015, in late March 2015, in mid- and late May 2015, at the beginning of June 2015, and during the first half of September 2015. Otherwise, the remaining detected change timestamps represent decreasing bathroom activity behavior. Furthermore, the bathroom activity behavior of the subject showed a cyclic pattern starting in February 2015 and lasting until the end of the monitoring period.

For subject K, the monitoring period extended from October 2016 to February 2017, as presented in Supplementary Figure 4. There are only a few detected bathroom activity behavior change timestamps spread over the monitoring period:

• The detected change timestamp on 15 October 2016 represents a sharp decrease in the subject's activity, as does the timestamp in the second half of October 2016.

• During November 2016, all the detected change timestamps indicated a slow decrease in bathroom activity behavior. Whereas in December 2016, the detected change in timestamps indicated an increase in the subject's bathroom activity.

• Finally, the detected change in timestamps during January and February 2017 represent a decrease in the subject's bathroom activity.

For subject L, the monitoring period extended from April 2017 to February 2018, as presented in Supplementary Figure 5.

• The detected behavior change timestamps spanning from late April 2017 to the beginning of May 2017 indicate decreasing bathroom activity behavior, while behavior change timestamps in the second half of May 2017 indicate increased bathroom activity behavior.

• Furthermore, the single change timestamp in late June 2017 indicates an increase in bathroom activity behavior.

• During the period extending from July 2017 to mid-August, the general bathroom behavior of the subject was decreasing except for a few sharp spikes indicating a sudden increase in the behavior; the sharpest spike is at the end of July with a normalized value of 1.5 visits per hour.

• Another two decreasing behavior segments were found from late November 2017 to mid-December 2017 and from the beginning of January 2018 to mid-January 2018.

The detected behavior change timestamps along these two segments indicate a sharp and unexpected increase in the subject's bathroom activity behavior.

For subject M, the monitoring period extended from October 2016 to January 2018, as presented in Supplementary Figure 6. There are multiple groups of detected change timestamps, as follows:

• The first group extends from mid-October 2016 to November 2016, representing a positive inflection point in the subject's bathroom activity behavior, meaning that there has been a sudden increase followed by a sudden decrease in his activity behavior.

• During December 2016, there was a detected increase in the subject's bathroom behavior, while at the beginning of January 2017, there were two detected timestamps indicating a sudden decrease in the subject's bathroom behavior.

• At the beginning of March 2017, there was a detected decrease in the subject's behavior, while in April 2017, there were three detected change timestamps indicating an increase in the subject's behavior.

• From May 2017 to June 2017, there was a detectable decrease followed by an increase in the subject's bathroom behavior.

• In the first week of July 2017, there was a decrease in activity detected by two change timestamps.

• In late August 2017, another decrease in the subject's behavior was detected, followed by a mild decrease at the beginning of September 2017.

• Starting in October 2017, all the detected change timestamps indicate an increase in bathroom activity.

For subject N, the monitoring period extended from late October 2016 to January 2018, as presented in Supplementary Figure 7.

• The general bathroom activity behavior of the subject shows a slowly increasing pattern until July 2017, followed by a sudden decrease during July 2017, after which there was another slowly increasing behavior.

• The detected change timestamps in late October 2016 and at the beginning of November 2016 indicate decreasing bathroom behavior.

• In the beginning of December 2016, a sudden increase in activity was detected, followed by a sudden decrease in the subject's behavior.

• The detected change timestamps during the period extending from January 2017 to July 2017 indicate an increasing behavioral change for the subject.

For subject P, the monitoring period extended from late March 2017 to July 2017, as presented in Supplementary Figure 8. The general bathroom activity behavior of the subject shows a decreasing behavior at the beginning of the monitoring period, followed by increasing activity toward the end.

• First group: Two detected change timestamps indicate a decrease in the behavior, while the third one indicates an increase in the same behavior.

• In the first week of May 2017, there was a detected decrease in the subject's bathroom activity, while in the second half of May 2017, there was a detected increase in activity.

• At the end of the first week of June 2017 and on May 15, there were two detected change timestamps indicating an increase in the subject's activity behavior, whereas in the second half of May 2017, there was a detected timestamp that indicated a sudden increase in the subject's behavior.

For subject V, the monitoring period extended from October 2017 to February 2018, as presented in Supplementary Figure 9. There are four groups of detected behavior change timestamps along this period, as follows:

• The first group is found from late October 2017 until the beginning of November 2017 and consists of three detected timestamps, all indicating decreasing bathroom behavior for the subject.

• The second group consists of two detected timestamps, indicating a sudden increase in bathroom behavior after nearly zero-bathroom visits in the previous days, they were found in mid-November 2017 and late November 2017.

• The third group consists of four detected timestamps indicating both decreasing and increasing bathroom behavior. Whereas the first two timestamps in the third group indicate decreasing behavior, the last two indicate increasing behavior.

• The last group of detected timestamps consists of six timestamps. The first indicates the beginning of a sudden increase in activity behavior, and the remaining five indicate decreasing activity.



5.2. Heatmap representation

We have plotted a heatmap for each subject with the vertical axis as the number of days within a given month and the horizontal axis as the month itself to visualize the normalized bathroom activity for each subject individually to help decision-making by physicians or medical staff.

For subject A (Figure 10), it is clear that the subject had increased bathroom activity on 1st of November and the 11th of December.


[image: Figure 10]
FIGURE 10
 Bathroom activity heatmap for subject A grouped by monthly periods.


For subject B (Figure 11), the subject experienced increased bathroom activity on 8 March 2015 compared to the remaining monitoring days.


[image: Figure 11]
FIGURE 11
 Bathroom activity heatmap for subject B grouped by monthly periods.


For subject C (Figure 12), the subject experienced an increased activity on November 18 and 29 November 2016. Furthermore, there was increased bathroom activity on 28 June 2017, 7 October 2017, 10, 19, and 26 November 2017, and 11 and 13 January 2018.


[image: Figure 12]
FIGURE 12
 Bathroom activity heatmap for subject C grouped by monthly periods.


For subject D (Figure 13), the subject experienced increased bathroom activity on 12 March 2015 and 3 April 2015.


[image: Figure 13]
FIGURE 13
 Bathroom activity heatmap for subject D grouped by monthly periods.


For subject E (Figure 14), the subject's behavior shows a decreasing bathroom activity behavior during the period extending from August 2015 to October 2015, and during the period extending from February 2016 to May 2016. The subject experienced increased bathroom behavior during the periods extending from October 2016 to January 2017, from April 2017 to July 2017, and in October 2017. Specifically, increased behaviors were found on 26 and 27 November 2016, 8 December 2016, 1 May 2017, and 3 June 2017.


[image: Figure 14]
FIGURE 14
 Bathroom activity heatmap for subject E grouped by monthly periods.


For subject F (Figure 15), the subject experienced an increase in bathroom activity in the period extending from October 2016 to January 2017, specifically on 18 October 2016, on 19, 22, and 25 December 2016, and on 13 January 2017.


[image: Figure 15]
FIGURE 15
 Bathroom activity heatmap for subject F grouped by monthly periods.


For subject G (Supplementary Figure 10), the subject experienced an increase in bathroom activity during March 2015, April 2015, March 2016, April 2016, and May 2016. The highest bathroom activity can be found on 2 March 2016, 9 and 19 April 2016, and 4, 5, and 21 May 2016, respectively.

For subject H (Supplementary Figure 11), the subject experienced an increased bathroom activity behavior during September 2014 and October 2014, where the specific days of such an increase were on September 1st 2014 and October 8th 2014. There was a significant decrease in the subject bathroom activity in January 2015, March 2015, April 2015, and May 2015 as well.

For subject I (Supplementary Figure 12), the subject's bathroom activity was in general high. Whereas the highest values of bathroom activity were found in April 2017, June 2017, October 2017 and November 2017.

For subject J (Supplementary Figure 13), the subject's bathroom activity behavior was generally low except for 9 April 2015 when the subject experienced a sudden increase in his bathroom activity behavior.

For subject K (Supplementary Figure 14), the subject, in general, was experiencing an increase in his bathroom activity behavior. However, there were a few days where the bathroom activity was higher, specifically on 15 and 29 November 2016 and on 19 and 22 December 2016.

For subject L (Supplementary Figure 15), the subject, in general, was experiencing an increase in his bathroom activity behavior, where the highest activity value was on 24 April 2017, 4 May 2017, and 14 January 2018.

For subject M (Supplementary Figure 16), the subject was experiencing low bathroom activity, in general, except for October 2016. Typically, the subject experiences the highest activity on 6–8 October 2016.

For subject N (Supplementary Figure 17), the subject was experiencing high bathroom activity in July 2017, particularly on 1, 2, 3, 16, and 19 July 2017.

For subject P (Supplementary Figure 18), the subject was experiencing high bathroom activity on 1 April 2017 and 10 June 2017.

For subject V (Supplementary Figure 19), the general bathroom activity behavior of the subject was low except for 3 January 2018 where the subject had the highest bathroom activity value.



5.3. Insight

We implemented our system to help collaborating medical staff (doctors, caregivers, and nursing) better follow the subjects (e.g., to notify the medical staff of possible excretory function disorders experienced by the subject under investigation). To this end, we have compared our detection results with those obtained by medical staff.

According to medical staff reports, two subjects had excretory function disorders, subject I was reported to have a UTI, and subject H was reported to have IBS-related symptoms such as vomiting, diarrhea, and spending longer in the bathroom.

• For subject F, three consecutive increases affect the daily evolution of toilet entries. Subject F entered more frequently the toilet on 2015-09, 2015-10-10, 2015-10-20, 2015-10, 2016-03, 2017-04, 2017-06, 2017-10, and 2017-11. Collaborating medical staff confirmed urinary infection symptoms starting from 2015-10. They observed frequent toilet entries, vomiting, and diarrhea until 2016-04.

∘ Our system detected increased toilet visits, suggesting urinary infection events a few weeks before they were observed by the medical staff. The change detection results obtained by our approach conformed with those obtained by the medical staff, which means we were able to report bathroom activity behavior change that helped medical staff intervene early to solve the situation.

∘ In addition, the normalized bathroom activity value that complied with the medical staff report was equivalent to 1.2 bathroom visits, meaning that it sums up to approximately 28 bathroom visits per day.

• For subject H, we found one significant decrease that affected the daily evolution of toilet entries; this decrease occurred on 2015-01-01. The nursing home team observed an increase in mobility impairments for subject H in 2015-01-15. By this time, subject H was no longer able to go independently to the toilet, as fecal elimination was observed both on the bed and all over the room.

∘ The medical staff report matched our detection results as to where we were able to report such degradation of bathroom activity behavior.

As for the other subjects, there were no reported issues/disorders by the medical staff. However, our analysis confirmed changes for all subjects. These changes were more notable for subject J on 2015-04-09, subject G in late April 2015, in March, April, and May 2016, subject F starting from October 2016 to January 2017, subject A on 1 November 2014 and 11 December 2014, subject B on 8 March 2015, subject C from October 2016 to January 2018, subject D on 3 April 2015, subject E starting from 25 November 2016 to October 2017, subject K on 15 November 2016 and 19 and 22 December 2016, subject L on 24 April 2017, subject M on October 2016, subject N on July 2017, subject P on 1 April 2017, and subject V on 4 January 2018.

We claim that these detected changes were due to UTI as our proposed algorithm counts the number of bathroom visits per day, or, in other words, accounts for the bathroom visit frequency, which is related to UTI. These changes may be related to situations that can result in more serious problems in future, which is why medical doctors need to be made aware of these behavior changes as soon as they are detected.




6. Conclusion

The Internet of Things (IoT) and artificial intelligence (AI)-based monitoring technology provide new objective information on daily living activities that complete classical medical observations. In this study, we proposed an attempt to effectively translate medical staff needs by deploying unobtrusive IoT monitoring technologies (e.g., environmental sensors and sensor-enhanced devices) for early detection of possible changes in health status. We focused on excretory functional disorders in older adults associated with urinary tract infections (UTIs) and irritable bowel syndrome (IBS).

Our IoT and AI-based approach consists of two parts: the first part is to calculate the bathroom visit frequency per day from acquired raw motion sensor data, and the second part detects the activity change based on a window-based calculation of the Pruned Exact Linear Time (PELT). With our approach, we were able to detect bathroom activity disorders by monitoring the bathroom activity of subjects on a daily basis across extended periods of time. In addition, we showed that we could help medical staff follow the health status of two subjects (i.e., H and I) based on our bathroom activity change alerting features to better diagnose and treat possible disorders.

In addition, we were able to establish a primary threshold value for bathroom activity. Specifically, subjects having approximately 1.2 normalized bathroom visits per day should be assumed to experience UTI, as confirmed by medical staff reports.

We have also detected changes that we claim could be associated with UTI but that were not noticed by caregivers. These behavior changes may be related to situations that can result in more serious problems for older adults in future. That is why medical doctors need to be aware of these changes as soon as they are detected. So, our system can alert medical staff in response to these unusual situations.

Our implemented algorithm accounts for the difference between the frequency of bathroom visits in the current time window and the past time window. For better identification of IBS, we are working on another algorithm that accounts for the time spent in the bathroom. We have tested that algorithm in the context of detecting different daily indoor activities using a thermal sensor array (TSA) system (46), and we expect to get promising results for both IBS and UTI.

In this study, we have highlighted how IoT and AI technologies can advance medical evaluations and upgrade medical assessments by offering novel and objective insights into everyday activities, where the use of sensor observations assists medical professionals in identifying situations that require more in-depth examination, supporting their medical assessments, and detecting patterns of decline that may not be obvious during standard office appointments.



Data availability statement

The data analyzed in this study is subject to the following licenses/restrictions: European project. Requests to access these datasets should be directed to HA, hamdi.aloulou@gmail.com.



Ethics statement

The studies involving human participants were reviewed and approved by Comités de Protection des Personnes (CPP) Ile-de-France VI Pitié-Salpêtrière Hospital Group. The patients/participants provided their written informed consent to participate in this study.



Author contributions

BA involved in medical concept proposal, conceptualization, data collection, funding acquisition, methodology, review, editing, writing, and supervision. HM involved in medical background formulation, investigation, data curation, methodology, data analysis conceptualization, formal analysis, visualization, and writing and editing. HA involved in medical concept proposal, conceptualization, data collection, data curation, investigation, methodology, writing, reviewing, and participate in writing and editing. MM involved in data acquisition funding, data collection, data curation, and reviewing. FB involved in data curation, methodology, formal analysis, visualization, review, editing, and supervision.



Acknowledgments

The authors would like to acknowledge the active participation of Dr. Emilie Guettard in the recruitment process and the follow-up of the research. The authors would also like to thank the Clinique Beau Soleil and their staff for their role in assisting with participation in the study.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2023.1161943/full#supplementary-material



References

 1. Loonsk JW. BioSense–a national initiative for early detection and quantification of public health emergencies. MMWR. (2004) 53:53–55.

 2. Wheatley GM. The early detection and prevention of disease. Am J Public Health Nations Health. (1957) 164:616. doi: 10.2105/AJPH.47.10.1315-b

 3. Cylus J, al Tayara L. Health, an ageing labour force, and the economy: Does health moderate the relationship between population age-structure and economic growth? Soc Sci Med. (2021) 287: 114353. doi: 10.1016/j.socscimed.2021.114353

 4. Nozaki M, Kashiwase K, Saito I. Health spending in Japan: Macro-fiscal implications and reform options, J Econ Ageing. (2017) 9:2. doi: 10.1016/j.jeoa.2016.11.002

 5. Wilson DH, Consolvo S, Fishkin K, Philipose M. In-home assessment of the activities of daily living of the elderly. In: Conference on Human Factors in Computing Systems. (2005) p. 1–3.

 6. Hungin APS, Chang L, Locke GR, Dennis EH, Barghout V. Irritable bowel syndrome in the United States: prevalence, symptom patterns and impact. Aliment Pharmacol Ther. (2005) 21:11. doi: 10.1111/j.1365-2036.2005.02463.x

 7. Spiller R, Garsed K. Postinfectious irritable bowel syndrome, Gastroenterology. (2009) 136:6. doi: 10.1053/j.gastro.2009.02.074

 8. Stamm WE, Norrby SR. Urinary tract infections: disease panorama and challenges. J Infect Dis. (2001) 183:S1–4. doi: 10.1086/512574

 9. Murray I, Paolini MHistology A, Kidney and Glomerulus. (2020).

 10. Bowen R. Gastrointestinal Transit: How Long Does It Take? Fort Collins, CO: Colorado State University. (2006).

 11. Wilkins T, Pepitone C, Alex B, Schade RR. Diagnosis and management of IBS in adults, Am Fam Physician. (2012) 86:5.

 12. Abu Naser S, Shaath M. Expert system urination problems diagnosis, World Wide Journal of Multidisciplinary Research and Development. 2, no 5. (2016).

 13. Henneberg S. Urinary Tract Infections. New York City: The Rosen Publishing Group, Inc. (2015).

 14. Tsan L, Langberg R, Daavis S, Philips Y, Pierce J, Hojlo C, et al. Nursing home-associated infections in Department of Veterans Affairs community living centers. Am J Infect Control. (2010) 38:6. doi: 10.1016/j.ajic.2009.12.009

 15. Cotter M, Donlon S, Roche F, Byrne H, Fitzpatrick F. Healthcare-associated infection in Irish long-term care facilities: results from the First National Prevalence Study. J Hosp Infect. (2012) 80:3. doi: 10.1016/j.jhin.2011.12.010

 16. Curns AT, Holman RC, Sejvar JJ, Owings MF, Schonberger LB. Infectious disease hospitalizations among older adults in the United States from 1990 through 2002. Arch Intern Med. (2005) 165:21. doi: 10.1001/archinte.165.21.2514

 17. Ruben FL, et al. Clinical infections in the noninstitutionalized geriatric age group: Methods utilized and incidence of infections: The pittsburgh good health study, Am J Epidemiol. (1995) 141:2. doi: 10.1093/oxfordjournals.aje.a117402

 18. Tardieu E, et al. External validation of the short emergency geriatric assessment (SEGA) instrument on the SAFES cohort., Geriatr Psychol Neuropsychiatr Vieil. (2016) 14:49–55. doi: 10.1684/pnv.2016.0592

 19. Cockrell JR, Folstein MF. Mini-mental state examination. In: Principles and Practice of Geriatric Psychiatry. Chichester, UK: John Wiley & Sons, Ltd. (1987). p. 140–141. doi: 10.1002/0470846410.ch27

 20. Parmelee PA, Katz IR. Geriatric depression scale. J Am Geriatr Soc. (1990) 38:1379. doi: 10.1111/j.1532-5415.1990.tb03461.x

 21. Barberger-Gateau P, Commenges D, Gagnon M, Letenneur L, Sauvel C, Dartigues JF. Instrumental activities of daily living as a screening tool for cognitive impairment and dementia in elderly community dwellers. J Am Geriatr Soc. (1992) 40:1129–34. doi: 10.1111/j.1532-5415.1992.tb01802.x

 22. Secher M, Soto ME, Villars H, van Kan GA, Vellas B. The mini nutritional assessment (MNA) after 20 years of research and clinical practice. Rev Clin Gerontol. (2008) 17:293–310. doi: 10.1017/S095925980800258X

 23. Lökk J. Lack of information and access to advanced treatment for Parkinson's disease patients. J Multidiscip Healthc. (2011) 4:433. doi: 10.2147/JMDH.S27180

 24. Holsinger T, Deveau J, Boustani M, Williams JW. Does this patient have dementia? J Am Med Assoc. (2007) 297:2391–404. doi: 10.1001/jama.297.21.2391

 25. Robottom B, Neurologist care in Parkinson disease: a utilization outcomes and survival study. In: Yearbook of Neurology and Neurosurgery. (2012).

 26. Acampora G, Cook DJ, Rashidi P, Vasilakos A. A survey on ambient intelligence in healthcare. Proc IEEE. (2013) 101:2470–94. doi: 10.1109/JPROC.2013.2262913

 27. Bansal M, Gandhi B. IoT Big Data in Smart Healthcare (ECG Monitoring). In: Proceedings of the International Conference on Machine Learning, Big Data, Cloud and Parallel Computing: Trends, Prespectives and Prospects, COMITCon 2019. (2019).

 28. Liu M-L, Tao L, Yan Z. Internet of Things-based electrocardiogram monitoring system. Chinese Patent. (2012) 764:118.

 29. Ahmed HM. Novel Detection Algorithm For Impedance Pneumography Signal's Base Impedance Sharp Transitions. In: 2020 International Conference on Innovative Trends in Communication and Computer Engineering (ITCE). (2020) p. 109–114.

 30. Istepanian RSH, Hu S, Philip NY, Sungoor A. The potential of Internet of m-health Things m-IoT for non-invasive glucose level sensing. In: Proceedings of the Annual International Conference of the IEEE Engineering in Medicine and Biology Society, EMBS. (2011).

 31. Sargunam B, Anusha S. IoT based mobile medical application for smart insulin regulation. In: Proceedings of 2019 3rd IEEE International Conference on Electrical, Computer and Communication Technologies, ICECCT 2019. Coimbatore, India: IEEE. (2019).

 32. Gunawan IPC, Andayani DH, Triwiyanto T, Yulianto E, Rahmawati T, Soetjiati L, et al. Design and development of telemedicine based heartbeat and body temperature monitoring tools. In: IOP Conference Series: Materials Science and Engineering. (2020).

 33. Zakaria NA, Mohd Saleh F, Razak MAA. IoT (Internet of Things) based infant body temperature monitoring. In: 2nd International Conference on BioSignal Analysis, Processing and Systems, ICBAPS 2018. (2018).

 34. Xin Q, Wu J. A novel wearable device for continuous, non-invasion blood pressure measurement. Comput Biol Chem. (2017) 69:11. doi: 10.1016/j.compbiolchem.2017.04.011

 35. Dinh A, Luu L, Cao T. Blood pressure measurement using finger ECG and photoplethysmogram for IoT. In: IFMBE Proceedings. (2018).

 36. Ahmed HM. System design for invasive blood pressure and hemodynamics parameters calculation. in 2020 International Conference on Innovative Trends in Communication and Computer Engineering (ITCE), (2020) p. 115–121.

 37. Aloulou H, Mokhtari M, Tiberghien T, Biswas J, Yap P. An adaptable and flexible framework for assistive living of cognitively impaired people. IEEE J Biomed Health Inform. (2014) 18:353–360. doi: 10.1109/JBHI.2013.2278473

 38. Rantz M, Skubic M, Miller S, Krampe J. Using technology to enhance aging in place. In: Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics). 5120 LNCS. (2008) p. 169–176.

 39. Sadek I, Abdulrazak B. Contactless remote monitoring of sleep: evaluating the feasibility of an under-mattress sensor mat in a real-life deployment. Health Syst. (2022) 2022:1–17. doi: 10.1080/20476965.2022.2072777

 40. Siyanbade J, Abdulrazak B, Sadek I. Unobtrusive monitoring of sleep cycles: a technical review. BioMedInformatics. (2022) 2:204–16. doi: 10.3390/biomedinformatics2010013

 41. Alam MGR, Abedin SF, il Moon S, Hong CS. CNN based mood mining through IoT-based physiological sensors observation. In: Journal of the Korean Society of Information Science and Technology. (2017) p. 1301–1303.

 42. Pandey PS. Machine Learning and IoT for prediction and detection of stress. In: Proceedings of the 2017 17th International Conference on Computational Science and Its Applications, ICCSA. (2017).

 43. Zekri D, Delot T, Thilliez M, Lecomte S, Desertot M. A framework for detecting and analyzing behavior changes of elderly people over time using learning techniques. Sensors (Switzerland). (2020) 20:24. doi: 10.3390/s20247112

 44. Tahir S, Sadek I, Abdulrazak B. A CNN - ELM-based method for ballistocardiogram classification in a clinical environment. In: 2021 IEEE Canadian Conference on Electrical and Computer Engineering (CCECE), (2021) p. 1–6.

 45. Sadek I, Abdulrazak B, Heng TTS, Seet E. Heart rate detection using a contactless bed sensor: a comparative study of wavelet methods. In: 2021 IEEE 17th International Conference on Wearable and Implantable Body Sensor Networks (BSN). (2021) p. 1–4.

 46. Ahmed HM, Abdulrazak B. Monitoring Indoor Activity of Daily Living Using Thermal Imaging: A Case Study, International Journal of Advanced Computer Science and Applications(IJACSA). 12, no. 9, pp. 11–16, (2021). doi: 10.14569/IJACSA.2021.0120902

 47. Kadouche R, Pigot H, Abdulrazak B, Giroux S. User's behavior classification model for smart houses occupant prediction. In: Activity Recognition in Pervasive Intelligent Environments. (2011) p. 149–164.

 48. Aloulou H, Endelin R, Mokhtari M, Abdulrazak B, Kaddachi F, Bellmunt J. Activity recognition enhancement based on ground-truth: introducing a new method including accuracy and granularity metrics. In: Enhanced Quality of Life and Smart Living: 15th International Conference, ICOST 2017. (2017) p. 87–98.

 49. Abdulrazak B, Paul S, Maraoui S, Rezaei A, Xiao T. IoT architecture with plug and play for fast deployment and system reliability: AMI platform. In: International Conference On Smart Living and Public Health. Berlin: Springer Science and Business Media Deutschland GmbH. (2022) p. 43–57.

 50. Kaddachi F, Aloulou H, Abdulrazak B, Fraisse P, Mokhtari M. Unobtrusive technological approach for continuous behavior change detection toward better adaptation of clinical assessments and interventions for elderly people. In: 10th International Joint Conference on Biomedical Engineering Systems and Technologies. (2017) p. 96–105.

 51. Kaddachi F, Aloulou H, Abdulrazak B, Fraisse P, Mokhtari M. Technological approach for early and unobtrusive detection of possible health changes toward more effective treatment. In: Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics). (2018).

 52. Kaddachi F, Aloulou H, Abdulrazak B, Ballmunt J, Endelin R, Mokhtari M, et al. Technological approach for behavior change detection toward better adaptation of services for elderly people. In: Healthinf HG, Egon MV, van den Broek L, Ana Fred, editors. (2017) p. 96–105. Available online at: https://www.researchgate.net/publication/314519234_Technological_Approach_for_Behavior_Change_Detection_toward_Better_Adaptation_of_Services_for_Elderly_People

 53. Ahmed HM, Abdulrazak B, Blanchet FG, Aloulou H. Mokhtari M. Long gaps missing IoT sensors time series data imputation: a bayesian gaussian approach, IEEE Access. (2022) 10:116107−19. doi: 10.1109/ACCESS.2022.3218785



OPS/images/fpubh-11-1161943-g013.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		IoT in medical diagnosis: detecting excretory functional disorders for Older adults via bathroom activity change using unobtrusive IoT technology



		1. Introduction



		2. Background



		3. Related work



		4. Methodology



		4.1. Data collection



		4.2. Data analysis



		4.3. Validation







		5. Results and discussion



		5.1. Time series representation



		5.2. Heatmap representation



		5.3. Insight







		6. Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/fpubh-11-1161943-g012.gif
o3
oz
10
o0






OPS/images/fpubh-11-1161943-g015.gif





OPS/images/fpubh-11-1161943-g014.gif





OPS/images/fpubh-11-1161943-g011.gif
03
a3
02
020
o1
010
005

wwa0stor
16-40-510¢
0¢.90-$10¢
16 50-310¢
oc-+0-S10¢
té-co-stoc I

2
2
30

..





OPS/images/fpubh-11-1161943-g010.gif
o

ozs

020
o

sz 205100

(E18310r

tE2tvor

At o
s~ & & & & &

saun 0









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Public Health





OPS/images/fpubh-11-1161943-g005.gif





OPS/images/fpubh-11-1161943-g006.gif





OPS/images/fpubh-11-1161943-g003.gif





OPS/images/fpubh-11-1161943-g004.gif





OPS/images/fpubh-11-1161943-g009.gif
oy






OPS/images/fpubh-11-1161943-g007.gif
P

P —





OPS/images/fpubh-11-1161943-g008.gif





OPS/images/cover.jpg
@ frontiers | Frontiers in Public Health

IoT in medical diagnosis:
detecting excretory functional
disorders for Older adults via

bathroom activity change using
unobtrusive IoT technology





OPS/images/fpubh-11-1161943-g001.gif





OPS/images/fpubh-11-1161943-g002.gif





OPS/images/fpubh-11-1161943-g017.gif





OPS/images/fpubh-11-1161943-g016.gif





OPS/images/fpubh-11-1161943-t001.jpg
Subject code  Gender Monitoring period

NET End
A M 90-94 | 20140923 | 2015-02-13
B M 90-94 | 2015-03-15 | 2015-08-03
@ M 80-84 | 2015-09-10 | 2018-11-30
D F 85-89 | 20140923 | 2015-08-06
E F 95-99 | 2015-08-13 | 2018-11-30
F F 85-89 | 2014-09-23 | 2017-01-18
G F 90-94 | 20140923 | 2018-11-30
H F 95-99 | 2014-09-14 | 2015-06-03
1 F 95-99 | 2015-06-04 | 2018-11-30
] F 90-94 | 2014-11-24 | 2015-10-12
K M 85-89 | 2016-10-11 | 2017-01-30
L F 90-94 | 2017-04-04 | 2018-11-30
M M 90-94 | 2016-10-11 | 2018-11-30
N F 90-94 | 2016-10-11 | 2018-11-30
P F 90-94 | 2017-04-07 | 2017-06-15
v M 65-69 | 20171020 | 2018-11-30






