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Abstract:



(1) Background: The aim of this paper is to show that e-health tools like smart homes allow the personalization of the surveillance and preventive education of chronic patients, such as obese persons, in order to maintain a comfortable and preventive lifestyle at home. (2) Technologies and methods: Several types of sensors allow coaching the patient at home, e.g., the sensors recording the activity and monitoring the physiology of the person. All of this information serves to personalize serious games dedicated to preventive education, for example in nutrition and vision. (3) Results: We built a system of personalized preventive education at home based on serious games, derived from the feedback information they provide through a monitoring system. Therefore, it is possible to define (after clustering and personalized calibration) from the at home surveillance of chronic patients different comfort zones where their behavior can be estimated as normal or abnormal and, then, to adapt both alarm levels for surveillance and education programs for prevention, the chosen example of application being obesity.
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1. Introduction


E-health is concerned with the surveillance and education of chronic patients at home, using New Information and Communication Technologies (ICT) in a smart environment. The data recorded are intended to define a quantitative framework, whose significant deviations from normal mean behavior identify the entry in a chronic pathology (e.g., metabolic, such as obesity and its main complication, type II diabetes, or degenerative, such as Alzheimer’s disease) or the occurrence of an acute episode (like a fall), requiring more and more home interventions due to the population ageing [1,2]. The interest in such a surveillance and education system is two-fold: enabling the longest possible home stay for an effective life in a familiar living environment and avoiding a specialized institution (aftercare, retirement or nursing homes, hospitals, etc.), giving an argument to return home if the specialized institution has not detected any abnormal deviation. In Section 2, we give some examples of sensors detecting risk factors in the case of obesity, and we give a systematic review about the obesity determinants.



In Section 3, we present examples of virtual generic environments developed for surveillance and preventive education at home. In Section 4, we discuss the problem of sensor fusion and the interest to combine surveillance and preventive education.




2. Technologies and Methods


2.1. Physiological Sensors


Physiological sensors are recording the signals generated by the organs belonging to the systems responsible for controlling the vital functions of the human body and its homeostasis, like the cardiac, respiratory, metabolic and excretion systems. The cardio-respiratory sensors for example can be integrated in smart clothes, like the Visuresp® shirt by the company RBI, allowing the recording of the respiratory system from the impedance variation of a solenoid integrated in the shirt tissue (Figure 1, left) carrying also sensors measuring the cardiac rhythm like an ECG Holter, and the skin hydration, such as the Dermodiag® by L’Oréal. The textile used in the shirt can be pressure sensitive, like that developed by the company Texisense and used to record the breathing rate, with a sternal bridge causing a shear type of constraint (Figure 1, left). As well, from the fourth Fourier harmonics of the breathing rate, we can record a heart signal of sufficient quality for controlling the presence or absence of the respiratory sinus arrhythmia, i.e., an acceleration of heart beats during inspiration and a deceleration during expiration (Figure 1, middle), disappearing partly in obesity and early in neurodegenerative diseases and in vascular dementia at the end of the evolution of type II diabetes (which concerns about one third of the obese population).


Figure 1. Left: thoracic smart textile devices; Middle: monitoring the integrity of the cardiopulmonary bulbar controller, showing the persistence of the respiratory sinus arrhythmia; Right: recording the cardio-respiratory system through the thoracic device Visuresp® and visualization of the actual rhythm (red) inside the “viable” tube (black) to be regarded for getting a physiologic respiration during rehabilitation.
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2.2. Physical Sensors


Physical sensors record the position and movements of the person and his or her caregiver, capturing information from the variations of external physical fields recorded at home, which change with the person’s daily activities. The main fields recorded are thermal and gravitational (e.g., through endo-sensors, like thermal and pressure sensors incorporated in clothes or located under shoes), as well as optical, electro-magnetic and acoustic fields (through exo-sensors, such as microphones or ultrasonic devices). We provide in Figure 2 a few examples of these sensors in various physical fields.


Figure 2. Sensors recording at home door opening (in green), pressure on the ground (white square) and under bottles and glasses (white square with circle inside), room activity with infrared sensors (in red), water (in blue) and electricity consumption (in yellow).
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2.3. Sensor Integration


Alarms generated by a surveillance system at home do not come from the diagnosis of a disease as it would come from a medical expert system with a code related to the International Classification of Diseases (ICD) of the World Health Organization (WHO), but rather indicate a functional deficit, as scored in the International Classification of Functioning, Disability and Health (ICF) by WHO, which provides a standard for the description of information about the functioning and disability of a person through observables related to: (i) his or her organic functions and anatomical structures; and (ii) activities at home or during his or her social life.



ICF contains multiple hierarchical classes, which themselves consist of categories. Each category is coded qualitatively in order to describe the sensory, motor and cognitive state of a person at home, with his or her activity limitations and environmental barriers. By combining the fusion of data provided by physiological and physical sensors with the ICF classification (Figure 3), it is possible to trigger alarms corresponding to the entrance in a critical class requiring an intervention (immediate or scheduled) from caregivers. For example, by combining information given by pressure sensors under bottles and glasses, with water use at the tap and water excretion in toilets, we calculate the hydric balance needed by the surveillance of obesity and its complications, type II diabetes and the related nephropathy.


Figure 3. Top: data fusion of physiological and physical exo- and endo-sensors detecting gravitational, acoustic, optical, thermal and electromagnetic fields. Bottom: profiling from multi-sensor data fusion and ICF scoring, in order to trigger an alarm in the case of a life-threatening risk.
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2.4. Obesity Determinants


2.4.1. A Systematic Review


The Body Mass Index (BMI) is usually used to characterize being overweight and obesity in adults. It is defined as the ratio between the weight of a person in kilograms by the square of his or her height in meters. Following the definition by the World Health Organization (WHO), one person is qualified as overweight when his or her BMI is greater than or equal to 25, and obese if his or her BMI is greater than or equal to 30. Within the class obesity, there are three subclasses: moderate (BMI less than 40), severe (BMI between 40 and 50) and morbid (with a BMI greater than 50). The state of obesity has multiple chronic comorbidities, such as hypertension, coronary disease, stroke, type II diabetes, dyslipidemia, lung disease including sleep apnea, osteoarthritis, gout and certain cancers [3]. In 2007–2008, more than a third of the adults in the U.S. were obese [4]. The prevalence of severe clinical obesity has increased more rapidly among adults in the United States than the prevalence of moderate obesity [5]. WHO has declared obesity as a “social and environmental illness” and a global epidemic, namely a pandemic [6]. As this global epidemic has quickly increased in the recent decades, more of a genetic component is necessary to explain its spread. Some studies have indeed demonstrated that social, behavioral and economic factors were involved in obesity [7,8,9,10], and now, this pathology is considered as a social disease, which is to be studied from a socio-epidemiological perspective, a branch of epidemiology known for its insistence on explicitly investigating the social determinants of population distributions observed in the health domain, in wellness, as well as in pathology, rather than considering these factors as a mere systematic background to biomedical phenomena [11]. Unfortunately, there are only a few research works on the determinants of obesity based on systematic reviews, such as the Monasta [12] or Sobal studies [13], and even they consider only specific aspects of the factors of obesity, such as the socioeconomic status [14] and some environmental factors [15] or obesity determinants at some stage of life, such as early life and preschool [16].



We have explored in the present study the various articles on obesity using a systematic approach called PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyzes), regardless of any restriction on certain key characteristics, and we have classified the resulting factors of obesity following their level, populational, individual and intra-individual. This type of systematic review corresponds to “a review that was prepared using a systematic approach to minimize bias and random errors” [17]. It is different from the traditional review because of its transparency and reproducibility in the research of the concerned pertinent literature [18]. We established a PRISMA statement [19], which is a minimum set of evidence-based elements (more precisely a checklist with 27 items) for reporting in the systematic review meta-analyses, identifying and highlighting obesity factors following various criteria:



(1) Eligibility: In order to identify all of the factors of obesity in the context of social epidemiology, we chosen the following selection criterion, that is a target population made of human individuals of different age groups (children, adolescents and adults) to study the entire population. Since we wanted to observe the phenomenon of obesity at individual and population levels, we have selected the following variables: health status (normal, overweight or obese), own weight perception, psychology and behavior (personality, mood, eating habits, physical activity, etc.) and the characteristics of the concerned social network with its inter-individual interactions. The variables involved in the obesity spread coming from the environment were physical and social structures, as well as environmental determinants. No restriction has been applied to the year or the status of the source of the selected articles (journal, proceedings, book, etc.).



(2) Selection of the sources of information: An electronic search was performed using the classical databases, ISI Web of Knowledge®, Scopus® and PubMed. We used for example the following expression with AND and OR operators for demonstrating the role of the social interactions on the spread of the disease: (peer effects AND social networks AND obesity AND BMI) OR (large social network AND sexual network AND BMI) OR weight (obesity epidemic AND social contagion) OR (complex systems AND obesity epidemic modeling AND policy) OR (systems AND system dynamics AND network analysis AND agent-based modeling AND health) OR (social networks AND obesity epidemic AND collective behavior) OR (obesity AND BMI AND social networks AND public health). This search sentence has been chosen to identify obesity factors both at the individual and populational levels. At the individual level, the crucial question was: at what point is a person at risk of becoming obese? At the population level, we tried to understand: how were the effects of peer influence on the spread of obesity and which tool from system science could help to explain the collective behavior of the obesity spread? We refined the search strategy in Scopus, restricting the language to English, and the topic area to medicine, health, social sciences, engineering, computer science and mathematics. We have selected titles and abstracts for their eligibility. Many retained documents do not correspond to the target of the request. Therefore, we have eventually selected also mathematical models, statistical studies and simulation approaches on obesity involving dynamical systems, network analysis or agent-based modeling.



(3) Data collection and items choice: we have extracted the data and items from the articles selected on the basis of the above eligibility criteria. Then, we have studied each of them, in order to identify the main variables involved in the obesity spread, by using the ODD protocol: Overview, Design concepts and Details (Figure 4, bottom). Therefore, we have classified these selected variables at three levels, i.e.: (1) populational; (2) individual; and (3) intra-individual (Figure 4, top). The ODD protocol has been published in 2006: it standardizes the description of the retained models, such as individual-based models (IBM) or agent-based (ABM) models [21], in order to render more understandable and complete these specific approaches, making them easier to duplicate. We have also generalized the use of the ODD protocol for the populational models to emphasize the environmental determinants that contribute to obesity and are present at the populational, individual and intra-individual levels (Figure 4, top).


Figure 4. Top: a multi-level classification of obesity factors (adapted from [20]). Bottom: the Overview, Design concepts and Details (ODD) protocol (from [21]).
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The selected articles come from different continents: America (43), Europe (26), Australia (11) and Asia (6). Some papers are pure reviews or in silico simulations. This distribution gives an idea about the perception of obesity based on the geographic location and on the social awareness in the spread of this epidemic. The diagram in Figure 4 (top) classes the factors of obesity into three categories [20]: the first describes environmental determinants, including social and physical factors; the second includes psychological and behavioral factors; and the third consists of biological factors [22], notably the genetic background of the concerned individual [23,24,25,26,27]. A summary diagram (Figure 5) is carried out on the basis of [20] to illustrate the successive stages of the extraction of 106 studies selecting many factors on three important levels, namely: (i) environmental; (ii) psychological and behavioral; and (iii) biological.


Figure 5. Flow of information through the different phases of the review.
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Among all of the tools from systems science used in public health, the network-based models are well suited to account for the collective behavior in the spread of obesity. Indeed, the significant increase of obesity disease in the world cannot be explained only by individual characteristics, metabolic and/or genetic. Thus, the environment is considered in numerous studies. Some of them are focused on the physical environment, such as physical activity [28] and food [9]. Others have studied the nature and degree of influence on the individual eating habits of environmental factors, such as the existence of greenness areas [29,30] and pollution [31]. In addition, a person lives in a social community. In [21], the model proposed takes into account the social structure of income distribution and gender equality. In [9], the social structure corresponds to the social network of an individual and to his or her social environments as regards the home environment, as well as the family and peer network, which is made up of relatives, friends, siblings, etc. Many articles have reported the existence of a relationship between the state of obesity of an individual and his or her social network [32,33], depending on the nature of the relation and on the age of the individuals concerned. During the childhood of an individual, the eating habits [34] and physical activity [35] of his or her family have more influence than during his or her adolescence and adult stage. Several researchers studied the influence of friends and peers on the body mass index of an individual by using systems science tools that have been proposed to determine the impact of the collective behavior of the social network in the spread of obesity [36,37,38,39,40,41]. Some of these tools are based on the system dynamics approach [42,43], which is pertinent to study the transmission of obesity at the population level, while others use network analysis [33,44], as well as agent-based modeling [45] for investigating at the individual level.



In the wide range of simulation approaches mimicking the transmission of obesity, the authors of [46] suggested that the social network analysis is probably the best-known methodological approach to study obesity transmission, because it provides an illustrative example of broadly applicable considerations in the interpretation of the simulated results (Figure 6). The obesity epidemic comes from a system containing diverse sets of stakeholders at different levels of scale, with different motivations and priorities, which constitutes an actual difficult problem of modeling [43,47]. Therefore, we used the systematic review protocol to explore all of the involved factors. However, an important aspect, the behavioral law of an ethnic group, has not been mentioned in the literature. This behavioral law is made of two important elements: (1) leadership; and (2) malleability. Indeed, from the group level to the individual one, the malleability is dominant, because a person can be influenced by the general tendency of the group. On the other hand, from the individual level to the group one, it is the leadership that guides the individual motion, if there is a leader who manages the group. Furthermore, an individual may be a leader in a group, but a follower in another one. For example, in the case of obesity, if we consider a teenager, he can be a follower at home because he eats what his or her mother is cooking, may be a leader in his or her friend network and even a person who is a group leader during a certain period of time and that becomes later a follower. This variability across time and between individuals constitutes a perspective to explore in the future. To conclude, the state of obesity corresponds to a very complex social syndrome, probably with many still unknown determinants.


Figure 6. Left: inter-individual relationships in a social context. Right: friendship networks in the 6th (12 y) to the 3rd (15 y) class of a French high school. Vertex size is proportional to the friends’ number: normal in blue, obese and overweight in red.
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2.4.2. Environmental Factors


The environment consists of the set of various factors (chemical, physical and biological) acting on an individual organism or an ecological community and eventually influencing its form and ensuring its survival. Another definition of the environment is the set of all social and cultural conditions influencing the lifestyle of an individual or a community. From these definitions, we tried to select articles referring to the relationship between the environment and obesity. The environment of an individual or a community plays a major role in his or her eating habits. Some articles focus on the underlying environmental mechanisms causing the increasing prevalence of overweight and obesity: they are called obesogenic factors [45]. In a population, each individual lives with a given lifestyle, interacts with others and has his or her own opinion and position. At the population level, the individual's environment is represented by physical factors, such as the food, greenness areas, etc., and by social factors, such as the social network, social status, etc. According to [11], the environmental factors can be dispatched into physical and social micro- and macro-environmental determinants. In their modelling approach, Rizzuto and Fratiglioni have considered that the environment is the whole set of physical, social, as well as structural (cultural, psychological and biological) determinants [20]. In [39], obesity is described as due to these environmental determinants rather than a contagion effect, and in [47], Christensen found also that obesity is due to the environmental factors, as proposed in [48], whose initial results have been supported by the authors of [38] with some additional statistical studies.




2.4.3. Physical Factors


Physical factors are represented in [20] by purely physical factors (such as soil, water supply, climate, etc.) and elements of the surroundings, e.g., parks, physical activity facilities, restaurants, fast foods, food stores, etc., that influence the development and maintenance of the individual organisms or social communities. Rizzuto and Fratiglioni proposed in [20] more physical factors, the outdoor pollution and the indoor micro-environment, while in [9], the authors studied the environmental influence on food choice considering physical settings related to child care, school, workplace, food stores, restaurants and fast foods. Following these definitions, several physical factors were extracted from the literature related to obesity. In [49], it is shown that air pollution from traffic is positively correlated with BMI growth in children aged 5–11 years. The characteristics of the neighborhood are involved in several research projects. It has been shown that the food environment (as the access to food stores, restaurants, fast foods, etc.), as well as the physical activity environment influences the weight status of the individuals [41,50,51,52,53]. Other research works have focused on the characteristics of parks and greenness areas and their association with obesity. In [53], the authors showed that the increase in the number of parks tends to reduce obesity, and the cleanliness of parks is negatively correlated with obesity. In [29], it is shown that a high level of the neighborhood greenness areas is correlated with a lower risk of obesity in adults. In [8], physical environmental determinants are considered, as the type of street where the individual lives, if there are sidewalks and if there exists an easy or poor spatial access to four or more recreational facilities (sport and leisure centers, golf courses, gyms, swimming pools, tennis courts, public green open spaces, beaches or river foreshores, etc.). Besides these determinants, they also considered two measures of perception about the location of roads with walking and/or biking paths within walking distance or at a 5-min drive from the residence and about the existence of shops within walking distance. They concluded that being overweight is correlated with life on a road or street without sidewalks or with a sidewalk on only one side and with no perception of a way to walk. They also concluded that obesity is correlated with poor access to sidewalks and to four or more recreational facilities, with no perception of shops existing within walking distance.




2.4.4. Social Factors


People living in a society can be considered as a system organized in a specific ensemble of relationships and interactions forming a social structure. In [20], this social structure is characterized by the distribution of income and gender. In [11], the social environment is defined as the family and the social network of friends and peers. In this review, the social structure corresponds to the social network of an individual. The nodes (or actors) of this network are family members, friends, siblings and peers. Numerous studies have shown a relationship between the individual’s obesity status and his or her social network [7,33,38]. This association depends on the nature of the relationship and on the age of the individual. When he is a child, an individual is greatly influenced by the familial eating habits [4,36,54,55,56] and physical activity behaviors [30]. In [57], the authors describe the parents' education as one of the main determinants of obesity. They have shown statistically from a representative national cohort of pupils aged 11–15 years that those with two parents having a low education level were more likely to be obese than those who have at least one parent with the highest education level. Other research works have focused on the siblings and their influence on individual BMI; some have studied the weight perception by siblings and its impact on the weight of the individual [7]; and others have looked after the sibling condition if they shared or not the same household [58]. They all agree that there is a positive correlation between the BMI of siblings and the BMI of the individual. Otherwise, some authors focused on the influence of peers and friends on the BMI of an individual. These studies mainly involve children and adolescents [34,59] and are not able to show a correlation between the body weight of friends and the body weight of an individual [60,61]. In [62], the authors have tried to understand the similarities of weights among the friends of an adolescent in order to determine if it is due to a phenomenon of contagion as proposed in [7] or to a selection based on the friendship, called homophily in [63]. They conclude that the similarity of weights in a network of friends is caused by a friendship selection. This result coincides with that presented in [20] using a social network analysis. Other studies, e.g., those found in [38,43,64], have shown that children had food attitudes and behaviors similar to those of their friends and peers, which reinforces the hypothesis of contagion. This result coincides with that presented in [20] using a social network analysis. The authors of [5] and [40] supported also the hypothesis of the existence of a social contagion, as well as the authors of [42], who show in their review that peers and friends play an important role in the physical activity level of the adolescents.



In the totality of these studies, numerous tools coming from system science were used in order to determine the impact of collective behaviors in the spread of obesity [9,65,66]. Some of them are based on system dynamics [28,67,68] and intend to explain the transmission of obesity at the population level, while investigating at the individual one, others are using techniques of network analysis [5,53,69] or agent-based models [54,66]. In this wide range of theoretical approaches for modelling and simulating the transmission of obesity, the authors in [9] suggest that the analysis of social networks is the best systemic method for studying obesity spread. In this review, the social determinants are defined as exogenous forces coming from society, such as marketing and social media, or elements defining the individual lifestyle, such as income. These determinants belong to the so-called “macro-environment” in [70], whose authors held that it involves income and socio-economic status, marketing of food, agricultural and food policy, as well as cultural norms and values. In [42], the authors studied the determinants of obesity in relation to the socio-economic status of middle-aged Swedish women, and they found that a low socio-economic status was an important factor involved in the increase of being overweight and obesity. In [71], family and social environment with high and middle-low income levels have been studied, and the authors found that there are much more fathers who are obese in middle-low income municipalities than in high income ones. However, no correlation between the income level and the BMI of the mother has been found. The authors also reported that children in middle-low income areas are spending more time in sedentary activities and participate less in physical activity than children in higher income areas. This study combines both social factors and the social structure of an individual in the research of obesogenic determinants. Another important source of social factors is related to the marketing, e.g., in the marketing of food products, some research focused on packaging design leading to overeating [17] and have shown that the design of the packaging can bias the perception by the people of the quantity inside and, therefore, causes an increase of their preference for supersized packages and portions that appear smaller than they are. As the marketing is involved in the spread of obesity, it can also be used for its prevention policy. Indeed, some community-based marketing campaigns have been launched in order to encourage the low-income groups to participate in sports and to push them to practice through recruitment and retention in physical activity programs [22]. All of the studies showed that an efficient social marketing campaign, sufficiently funded, is able to improve the recruitment into some exercise sessions and to maintain a reasonable level of attendance and implication.




2.4.5. Psychological and Behavioral Factors


At the individual level, psychological and behavioral determinants are the result of the interactions between an individual and his or her social environment. According to the model given in [72], these determinants can be divided into factors of personality, lifestyle factors and into attitudes and beliefs. They discovered that many dietary and lifestyle determinants, such as food, energy intake, nutrients, physical activity, smoking, alcohol consumption, behavioral factors, such as stress and sleep, as well as cultural factors, are essential in the etiology of both social communicable and non-communicable diseases. In the case of obesity, many research works have focused on the psychological and behavioral determinants. Behavioral factors identified in this study are related to the lifestyle whose various definitions have been provided. In [73], it is suggested that behavioral lifestyle determinants, including diet and physical activity, are the main sources of obesity. In their model, they proposed a qualitative assessment of lifestyle using an index of sedentary lifestyle, comprising three levels: low, medium and high. This index is calculated from the confidence given to responses to certain questions chosen to evaluate the inactivity. In [51], the authors studied the lifestyle determinants, such as smoking and eating habits, familial obesity mimicking, sport practice, leisure time, level of physical activity and motor fitness. In their statistical analysis, the authors concluded that the impact of familial lifestyle factors on an individual obese state is significantly important. In [74], the authors consider the lifestyle characteristics represented by the number of hours watching television on weekdays and weekends, the number of hours playing video games a day, the composition of the breakfast before school, the consumption of soft drinks, the frequency of times playing outside and practicing club and non-club sports. They have found a correlation between all of these lifestyle factors and an individual being overweight. A similar conclusion is given in [40], where the authors found that lifestyle determinants can be identified as hours per week spent watching TV, physical activity, recreation and access to a motor vehicle. They deduced that access to a motor vehicle is always negatively associated with obesity, that watching TV every day (3 h or more) and considering oneself as less active than others are associated with both overweight and obesity and that physical activity during leisure time is not associated with being overweight or obesity. In [35], the authors have included in their lifestyle model some determinants, such as sleep, eating, exercise, alcohol consumption and smoking. They found that the absence of a hobby or of a respected fixed schedule for lunch, the presence of smoking and colleagues’ smoking, as well as candy consumption, all of these lifestyle factors are associated with an increased BMI in men. Less sleep duration, breakfast and lunchtime variability and frequent soft drink consumption were associated with a higher BMI in women.



All of the definitions of lifestyle above are similar, some of them being more quantitative and others more qualitative than the others. Some researchers examined eating habits in order to explain obesity [41,75,76]. They have highlighted the relationships between environmental determinants and eating behavior. In [77], it is shown that students would change their unhealthy eating habits for healthy ones, because of social and environmental positive influences. The authors also found that students with similar eating patterns tend to form separate clusters. In [47], it is deduced that personal behavioral factors may alter the influence of the obesogenic food environment in low-income women. The authors of [29] have found that neighborhood park areas, as well as close grocery stores may have different influences on the physical activity during leisure time (LTPA) and, hence, on being overweight/obesity in men and in women. They suggested that a higher density of fast foods (respectively park areas) in the neighborhood was correlated with an increased likelihood of overweight/obesity (respectively LTPA). In [56], the authors observed a strong association between individuals and their peers’ health behavior (exercise practice, feeding habits) in young adults. Although they could not show an actual causality, they concluded that the health behavior of one’s peers influences the development of a similar behavior in a young individual.



The psychological factors identified in the literature are mood welfare [63], self-assessment [78,79], anxiety [80], stress [81], self-esteem [82], impulsivity [45,27,83] and self-perception of body weight [10,25,35,41,63,82,84,85,86,87,88,89,90]. In [27], the authors conclude that personality traits are associated with weight gain, and weight gain can also be associated with a change in personality. They observed that a significant weight gain was associated with an increase of impulsivity and deliberation. The work in [45] also supports this conclusion: studying children with and without loss of control (LOC) on diet, they found that children with LOC were significantly more impulsive than children without LOC.



In other articles, it was reported that obesity is associated with depression, anxiety and with the feeling of a low well-being in women, but not in men [80]. In [88], the authors have shown relationships between stress, low self-esteem, avoidant coping and depressive mood, and they observed that a low self-esteem with avoidant coping was related to a poor diet behavior. In [63], a multiethnic sample of young adolescents aged 11–15 years has been studied, with the conclusion that self-esteem was not associated with BMI in girls. On the contrary, self-esteem was significantly lower in obese men than in normal weight ones, while in [78,79], the authors concluded that the association of an improvement of mood factors and self-evaluation with an improvement of weight was supported in obese women. The work in [83] studied the effect of childhood socio-economic status on the BMI in adult men and women. The authors have found that an early social disadvantage may influence adult weight status more strongly in women due to gender differences in the timing and nature of the socialization of their weight management and that personality enhances or detracts from risks incurred during childhood or adulthood due to socio-economic status.



Weight perception is another important psychological factor studied in the literature of obesity. In [86], it is shown that an accurate weight perception in overweight people was associated with an increased frequency of disordered eating habits. In [89], the authors have found that the highest levels of perceived weight were obtained in individuals who are underweight and that older men and younger women classified themselves properly, as well as men without children and also women with children. A cohort of married Indian women has been studied in [84], and a contradiction has been shown between the self-perceived body weight by women and their actual weight. A quarter of women who were overweight and 10% of obese women perceived themselves as having a normal weight. In [7], it was shown that women often overestimate their weight, while men frequently underestimate their own. Moreover, even in childhood (6–12 years), girls are more likely to see themselves as too fat and report trying to lose weight than boys [90]. Another main determinant is the psychological beliefs of individuals and the societal influence on them. Some research has even shown that the social structure of an individual can affect his or her perception of his or her own weight. Women are more frequently overestimating (respectively underestimating) their weight if their sisters did the same, but more rarely if their brothers overestimate (respectively underestimate) their own weight [7]. In [23], the perception and beliefs about body size, weight and weight loss have been studied in Afro-American obese women. The authors have found that these women believe people are more attractive and healthy at larger sizes. All of these observations show that the individual cannot be considered independent of his or her environment, particularly in the case of social diseases, such as obesity.




2.4.6. Biological Factors


The authors suggest in [91] that obesity can accelerate the normal ageing process and in [92], this hypothesis is also supported. The papers [93,94] describe the biological effects of obesity particularly on neurodegeneration, growth factor decrease, hormone loss, oxidative stress and obesity-induced inflammation [95]. In addition, obesity has a direct influence on ageing, which affects the occurrence of neurodegenerative diseases, for example through the anti-Warburg effect [96,97,98].



In this paper, we call “normal” an individual with a normal weight, but susceptible to enter the dynamics of overweight/obesity without major obesogenic factors belonging to one of the five categories described above: environmental, physical, social, psychological and behavioral and biological. We will use the expression “at risk” for people with at least one major predisposing obesity determinant, e.g., the presence of being overweight.





2.5. Actimetry for Chronic Patients at Home


Numerous ageing societies, like the French, support R&D projects devoted to smart homes [99,100,101,102] and assistive technologies [103], using experimental platforms like living labs as support for conducting experiments that normally take place in a healthcare facility. This offers numerous advantages, such as the ability to pre-validate experimental prototypes before their use in the real world. In the case of the absence of infrastructure, computer simulations involving multiple variables in the healthcare area [104,105,106,107,108,109,110,111,112,113,114,115,116] play a key role. They can simulate different activity trends based on heterogeneous parameters (e.g., age, education, seasons, etc.) [111], by replacing specific components or whole smart systems with new designs, hence avoiding tedious lab experiments or expensive real-world deployments [112,113,114]. They can also be used for testing uncommon scenarios of everyday life, by managing sensor distributions and assessing new algorithms in areas of activity recognition [115,116,117,118,119]. Sensors used at home belong to several types of classic sensors, like:

	-

	
Magnetic sensors detecting closed and open doors




	-

	
Infrared sensors detecting movement




	-

	
Sensors recording electric power and water consumption




	-

	
Other dedicated sensors regarding pyro-sensing (thermal change of order of 1 °C captured by a thermocouple within a detection zone of few meters), sound-capture (microphones recording pathological and abnormal sounds and silence at home) and odor sensing (with an electronic nose, such as Cyranose®, a device sensitive to urea levels in toilets). For type II diabetics, sensors allow one to follow two kinds of complications: (i) diabetic nephropathy, which can be evaluated by considering hydric balance estimated from the water amount drawn at the tap and recorded by dedicated water sensors or from a bottle or a water dispenser, where differential pressure is recorded below the bottles or glasses, as well as before and after intake, and from skin water exchanges calculated from body and room thermo-hydration-sensors and from the volume excreted in toilets (recorded by urea sensors and level sensors in the bowl); and (ii) diabetic foot estimated by the speed and ease with which the patient moves from one room (or task in same room) to another and the way this motion is progressively reduced. Pressure sensors [120] on the ground and infrared sensors on walls allow the calculation of actigrams (Figure 7).


Figure 7. Top: actigram showing the mean and standard deviation of the successive lapses of time spent in a room during a nychthemeron (24 successive hours), calculated after 3 weeks within a period of 70 days of observation. Bottom: number of minutes spent in each room in which the tasks corresponding to one action done during the nychthemeron are performed (the example given concerns the kitchen).
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3. Results


3.1. Medico-Social Information Processing for the Surveillance of Obese Elderly People in the Rural Vercors Mountains (RVS Experience)


Driving conditions can be hard during winter for the people of Vercors Mountains in the surroundings of Grenoble. The “Réseau Vercors Santé” project (RVS®) [121] aims to help the elderly to stay at home by maintaining their connection with social and medical care services (Figure 8). A TV screen that is present in most homes can be the right tool to maintain this social link. A TV-box decoder is used as the interface between home and care services data (Figure 9). Therefore, for the elder, the human decoder interface is a Remote Control with a Smart Keyboard (RCSK). Different kinds of functionalities are available on this TV/RCSK system:

	
Contact book: contacts are sorted in two lists, personal and professional,



	
Mailbox: this allows communicating with healthcare professionals of the RVS network by reading and writing some simple and pre-filled messages,



	
Medical diary: professionals fill this in,



	
Metrology: the patient or caregiver enters measurements, like pulse, blood pressure, glycemia, weight, etc.







Figure 8. Elderly person in a smart home. Top: location of different types of sensors (1 bedroom, 2 kitchen, 3 living room, 4 bathroom, 5 toilets, 6 entrance). Medium: control screen on which the caregiver or the family helper can watch the patient’s actogram (inter-room displacement chronogram). Bottom: location of infrared sensors on walls and pressure sensors on the ground. Blue thumbnail process: pressure sensors on a seat and restitution on a smart phone.
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Figure 9. Functional architecture of the Réseau Vercors Santé (RVS) system. Top left: RVS TV screen allowing data recording (using a dedicated smart remote control replacing the PC) and visualization. Top right: satellite communication system using a gateway decoder through a firewall. Bottom left: local temporary repository of personalized medico-social data in a Decoded Signal Data (DSD) Hoster. Bottom right: remote exchange and storage system of medical, social and paramedical data on a common secured host in charge of triggering simultaneously alarms to medical emergency organizations and to the socio-paramedical coordination.
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On the remote side, professionals can be connected to RVS by a secured web site to complete patient records. Professionals from different areas can be connected with different access permissions depending on their profession. The RVS project began in June 2010: 44 homes have been outfitted with the RVS system, and 132 healthcare professionals including social professionals (80), paramedics (44) and GP’s (8) have been trained to use the system. The RVS project was completed in July 2013. The experience proved that a user-friendly system (PC free) for recording and displaying medico-social data at home was viable and regularly used by both 72% of connected end-users (dependent patients at home), but by only 55% of the local socio-medical professionals (GP’s, paramedics, social workers, etc.). The next step would be a large-scale generalization of this experience, particularly in senior residences, where a trans-generational facility could be added. Indeed, it has been proven through experiences at the Griffin House in London [122] and in CROUS in Lyons (Centre Régional des Œuvres Universitaires et Scolaires in charge of housing and catering French students) [123] that the mutual benefit of the cohabitation of people of different generations was very positive, the older generation providing its experience and reassurance to the younger generation, which, for example, can interpret the sub-clinic symptoms delivered by an elderly person, showing the start of a metabolic disorder, e.g., due to a complication of his or her obesity.




3.2. Preventive and Therapeutic Education of the Obese Patient


The relative failure of the RVS project (only half of the socio-medics are involved in the generalization phase) and the success of the intergenerational projects pushed us to invest in the personalized VPTE (Virtual Preventive and Therapeutic Education) in order to perform the challenge empowerment/engagement/involvement of the participants in a new e-health project, the French project VHP® (VisioHome Presence Inter@active) [124], launched in 2013 for the preventive and therapeutic coaching of the diabetic patient at home. VHP aims to improve diabetic patient care minimizing daily life disruption, whether in nursing residences or at home and thus assuring quality of life and delaying the evolution of the disease in anticipation of complications, such as diabetic retinitis, nephropathy and foot pressure ulcers. The project VHP is supported by the French Ministry of Research in the “Investments for the Future” framework and carried out by a group of companies with Spie Communications, Comearth, Enoving, Inovelan and an R&D group led by the CNRS (Centre National de la Recherche Scientifique). The service provided by the VHP platform addresses each category of type II diabetes and is designed to meet medical and pedagogical requirements: coaching services on diet, hygiene, adapted physical activity and disease awareness, recording at home metabolic and actometric data and using wireless remote communication devices customized for diabetes (balance, glucometer, sphygmomanometer, infrared sensors, magnetic contact switches for doors, etc.), restitution of information for healthcare participants (patient, family helpers, caregivers, doctors, coaches, paramedics, etc.) and aid for therapy adherence, compliance and observance.




3.3. Example of Vision and Diabetic Retinitis


The perception of illusions like the Kanizsa pyramids, triangles or circles is provoked by the local organization of inhibition and activation between retinal cells, which disappears in diabetic retinitis. In Figure 10, top left, tangential vision gives the illusion of a pyramid coming toward the observer, and on the contrary, Figure 10, top right, shows that the pyramid seems to escape the observer. The illusion is due to the artifactual prolongation of the square extremities as white (respectively black) lines in a black (respectively white) dominated neighborhood. The illusions are easy to simulate by computer, and the threshold value of critical variables at which they are perceived serves as a criterion for alerting the patient years before the apparition of acuity problems, then for testing the effectiveness of the therapy (Figure 10, bottom).


Figure 10. Serious game assessing the conservation of the perception of visual illusions in diabetic retinitis. (a) on the left, Kanizsa pyramid seems to come toward the observer and on the right, it seems to escape the observer; (b) exchequer illusion: the threshold value of the gray level of the umbra is chosen as that for which the observer perceives a gap between the gray levels of the squares A and B; (c–f) Kanizsa illusions with different geometric objects (circles on (c)) and triangles on (d–f)), the threshold value of the distance between them being the vanishing of their perception.
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3.4. Example of Locomotion and Diabetic Foot


The feedback information of the serious game devoted to locomotion is provided by a smart sock made of a textile from Texisense that is sensitive to pressure on the foot and able to record pathologic analgesic postures on the sole of the foot as a result of attempting to avoid walking on diabetic foot sores. The patient is asked to walk and run wearing the smart socks and the successive positions on the sole are recorded (Figure 11). An extension of the game will compare improper positions of the foot with the bone defects coming from a pathologic trabecular reconstruction due to bad foot pressures on the ground, thanks to U.S. or X-ray 3D osteo-densitometry of the foot bones, like the calcaneus.


Figure 11. Left: smart sock by Texisense made of a sensitive textile giving pressure information during a real walk, following progress during the reeducation process. Right: combination of pressure information with an osteo-densitometry study showing the consequences of pathologic running on bone reconstruction.
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3.5. Example of Nutrition and Diabetic Disequilibrium


The risk of poor nutritional diets, high in carbohydrates, during the early phases of type II diabetes, will increase the imbalance of insulin control and cause a pre-prandial pre-coma, due to poor use of glycogen. It is therefore appropriate to advise the use of carbohydrates, avoid snacking and excessive loads of fast sugars. A healthy diet, balancing carbohydrate intake for energy balance according to a given physical activity should be recommended. The player has several menus available, which they themselves create entirely at their convenience, but during the game, the coach points out the inappropriate food choices they have made and advises other more suitable behaviors according to a nutrition plan adapted to their diabetic condition (Figure 12). Progressive exercise and the opportunity to build a series of tailored menus depending on sedentary conditions or physical activities motivate the patient and allow him or her to avoid hypo- or hyper-glycemia accidents.


Figure 12. Sample screenshot of the diabetic nutrition game, showing how a menu is composed with a pineapple shrimp entree and the needs of the player in energetic and glycemic charges, in order to respect a predetermined daily activity and to take into account a priori information about his or her nutrition, sport and social individual habits.
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4. Discussion


4.1. Use of a Priori Information about Nutrition, Physical Activity and Social Individual Habits


The knowledge of the lifestyle in the social environment of a type II diabetic serves to refine the sequence of menus offered. If the activity is out of the routine registered by actometric sensors at home, the patient can report it in advance; otherwise, it will be in a corrective manner taken into account in the following menus. The most important customized data in the lifestyle are the food preferences at home and abroad, sports activities, the opinion from the relatives about the normal or obese status of the person followed at home and his or her place in the friendly network surrounding him or her (Figure 12).




4.2. Interest of the Actimetry Coupled to Preventive Education


The list of activities, the mean and standard deviation of their duration and their probability to occur allow calculating both the glycemic and the energetic charges needed for performing the related actions correctly. Either the person indicates the amount of hydrocarbon and glucose needed (if he or she knows it) at the beginning of the nutritional diet serious game or this amount comes from his or her normal activity profile and possibly from the information recorded by specific activity sensors [125,126,127,128,129,130,131,132] (like those in the smart home mentioned above) or from sport “gadgets”. Among them, we can mention sensors from the following fields: (i) the photonic field, with video or infrared cameras [125]; (ii) the acoustic field, with microphones [126]; (iii) the ultrasonic field, with radar [127,128]; (iv) the electro-magnetic field, with the WiSee® sensor [129,130]; (v) the thermal field, with thermocouples and pyrometers [131]; (vi) the gravitational field, with pressure sensors [132]; and (vii) the energetic and nutritional field [133,134,135]. For this purpose, we employed the observations of an individual during an adequate lapse of time (e.g., 10 weeks, as in Figure 13). It is indeed possible to extract a typical activity profile from the clustering done on a great number of weeks and observed persons. If all of the daily activities have been identified, it is possible to create personalized scenarios conforming to the most probable succession of activities of an individual (Figure 13).


Figure 13. Top: activities in different rooms of the smart home and daily periods. Middle: scenarios of movements between successive different rooms. Bottom: probability of the occurrence of actions recorded through the number of minutes spent in each room in which the tasks corresponding to these actions are performed.
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4.3. Toward the Fusion of Multimodal Information


The fusion of information coming from all of the sources of sensing at home can be made using scoring techniques among uncorrelated and non-redundant sensors [136,137]. We will provide two examples of such fusions for solving complex alarms. The first example concerns the early detection of thermal discomfort (on the premise of the worst case, a malignant hyperthermia), which can be made by capturing numerous data on both the temperature and resistivity of the skin and the humidity and intensity of the ambient air flow. The establishment of an acquisition and processing network of such thermal and hydration sensors [138,139] allows an early prevention of abnormal heat-regulation caused for example by a sudden summer heat wave. The acceptability of the sensors is improved by using smart jackets and bracelets to capture the surface temperature of the chest, wrist and ankle and placing sensors in the patients’ own clothing and accessories (broadly defined). The thermal sensors, like those of a pyrometer network (e.g., made from thermocouples [140]) can also be fixed on home walls to collect the body temperature of a person in bed or on a chair in the monitored room.



The second example is related to the principle of monitoring a pressure pad like the anti-decubitus actimetric mattress [125]. In collaboration with the company Texisense, a prototype was developed [141,142], improving an original device [143], which allows the measurement in real time of the pressures applied on the buttocks of a wheel chair-bound dependent patient or on furniture in the home on which the patient is sitting or lying (Figure 14); it is composed of two right and left cushions, each containing 6 × 12 pressure sensors with an area of about 1 cm2 each. The distribution of the sensors on the pad or mattress is non-linear, to allow better resolution on the shoulder, pelvis and foot areas, where the risk of bedsores is higher. A semiconductor powder distributed in a polymer shell powers these sensors. This powder has elastic properties and acts according to the principle of percolation: when its volume changes in response to a pressing force its conductivity increases and the variation of current passing through the powder is thus a function of the pressure. Each sensor is connected to an electronic system, which allows the measurement of its electrical potential coded on four bits (corresponding to 16 levels of pressure). This information about sitting and lying locations is completed by registering the number of exits and entrances in the room containing the furniture during a given lapse of time, e.g., allowing an additional diagnosis for the detection of certain chronic diseases, such as anuria, pollakiuria (urinary frequency) or nocturia.


Figure 14. Original device recording the pressure on the buttock (adapted from [143]). Top left: the signal on the watch indicates the left side, opposite to where the pressure is the greatest. Top center: discretization of the information of pressure. Top right: same information given on a smartphone. Bottom: pressure recorder cushion.
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Eventually, the fusion algorithm can be extended to other physiological parameters, such as weight or blood pressure, but with an observation window whose precise duration has to be adjusted to be significant. For instance, a drop of 10% in body weight, detected over a three-month period, could be the main signal of an early cancer diagnosis. An important problem to address in the future is the systematic fusion of information coming from all sensors participating in the different diagnoses (in the ICD coding) or functional deficits (in the ICF scale) in a person at risk, for triggering an integrated alert procedure. This fusion could be done through a score (coming for instance from a principal or independent component analysis), which is a scalar variable triggering the alert, or through a multidimensional vector that has to remain within a certain value domain, e.g., between some threshold values. In this last case, the passages of the boundaries of a “confident” domain have to be detected, and “viability” methods could be used [142,144].



The system has not yet been generalized to real-world conditions because it is still in a technologic prototype stage. However, we use a simulator that enables us to replicate the evolution of a person at home. It is composed of a group of scenarios pre-defined from real cases (Figure 13). This simulator proved that the application is an operational tool. Nevertheless, the correlation between the information produced by the system and clinical reality still has to be performed.





5. Perspectives and Conclusions


The perspectives of the work outlined in this article consider two complementary aspects of the actimetric supervision of a patient at home [145,146,147]:



(1) The ability to noninvasively record different physiological parameters that, in the future, should allow automatic documenting after suitable filtering (as the data volume is very large) of the personalization of the medical record of a patient, whose prototype has just been elaborated in France after about 10 years without much progress, which would greatly facilitate its updating, so as to enhance its suitability and allow a more efficient long-term monitoring at home in the case of chronic diseases. The chronology of the personalized record must facilitate the detection of phase shifts in nychthemeral rhythms and the pathologic perseveration in the actions of daily life often observed in neurodegenerative diseases.



(2) The ability to further customize preventive and therapeutic education, for instance, by didactically visualizing the weight curve and metabolic evolution showing changes in blood glucose level in a type II diabetic patient, or to choose appropriate activities for the rehabilitation of a diabetic foot with ulcer complications, or eventually to assist the patient with dietary advices by showing his or her water balance (especially in case of renal complications) from the assessment made by water pressure and chemical sensors (Figure 2). After clustering and personalized calibration, different so-called “comfort” zones are defined and “viable” behaviors (Figure 1) are proposed, e.g., corresponding to a physiologic respiratory and cardiac rhythm. The “viable” tubes are calculated after clustering collective real data by using a combination of statistical and dynamical systems techniques [142,144], providing scenarios of daily activity (Figure 13), which can be considered as “normal”. These scenarios allow the personalization of the alimentation necessary to fulfill the energetic and glycemic charges needed by this activity (Figure 12). The unpredictable divergences with respect to these scenarios are taken into account by our application for analyzing the circadian rhythm in real time and localizing it in “normal” or “abnormal” zones, susceptible to be further interpreted by a physician, a paramedic or a family helper (zones of fatigue, agitation, stress, etc.). When a new patient is taken into account by the system of surveillance at home or in an institution (e.g., dedicated to elderly people), a new learning and calibrating phase is required because of each patient’s individual behavior and activity. The application will be programmed to trigger possible alerts after an hour of monitoring. This reasonable delay is therefore necessary to study the actual behavior of a person before entering into an alert phase.



To conclude, the system proposed in the present paper allows the surveillance of the patient’s behavior in real time and offers personalized advice through serious games devoted to his or her preventive education and/or therapeutic rehabilitation and, then, can increase the empowerment and engagement of the patient himself or herself, as well as those of his or her family helpers and professional caregivers.
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