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Abstract

:

In the US, at least one fall occurs in at least 28.7% of community-dwelling seniors 65 and older each year. Falls had medical costs of USD 51 billion in 2015 and are projected to reach USD 100 billion by 2030. This review aims to discuss the extent of smartphone (SP) usage in fall detection and prevention across a range of care settings. A computerized search was conducted on six electronic databases to investigate the use of remote sensing technology, wireless technology, and other related MeSH terms for detecting and preventing falls. After applying inclusion and exclusion criteria, 44 studies were included. Most of the studies targeted detecting falls, two focused on detecting and preventing falls, and one only looked at preventing falls. Accelerometers were employed in all the experiments for the detection and/or prevention of falls. The most frequent course of action following a fall event was an alarm to the guardian. Numerous studies investigated in this research used accelerometer data analysis, machine learning, and data from previous falls to devise a boundary and increase detection accuracy. SP was found to have potential as a fall detection system but is not widely implemented. Technology-based applications are being developed to protect at-risk individuals from falls, with the objective of providing more effective and efficient interventions than traditional means. Successful healthcare technology implementation requires cooperation between engineers, clinicians, and administrators.
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1. Introduction


Falls are one of the most concerning areas in healthcare, and they are frequently associated with devastating consequences such as fractures or neurologic injuries, particularly in older adults. Falls are the most common cause of fatal injuries [1]. In the United States, approximately 28.7% of community-dwelling older adults 65 and older fall at least once per year [1]. A total of 37.5% of those who fell reported at least one fall that required medical attention or limited their activity for at least one day, resulting in an estimated 7.0 million fall injuries [1].



Furthermore, falls are the leading cause of fatal injuries [1] and the most common reason for trauma-related hospitalizations in older adults [2]. Older adults who have fallen in the last two years are two to three times more likely to fall again within a year [1]. Nonfatal injuries secondary to falls are one of the top 20 most expensive conditions, with a medical cost of USD 51 billion in 2015 [3,4], which is expected to rise to USD 100 billion by 2030 [5].



Approximately 25% of hospital falls result in injury, lengthening a patient’s stay, increasing healthcare costs, and increasing liability [6,7,8,9]. Additionally, the Centers for Medicare and Medicaid Services will not reimburse hospitals for care when patients sustain specific fall-related injuries, putting hospitals under significant financial pressure to prevent falls [10].



Several approaches have been implemented to prevent falls in hospitals. This wide range of fall prevention practices includes patient monitoring tools (e.g., sitters), bed modifications (e.g., alarms), identification practices (e.g., bracelets), safety practices (e.g., clutter-free floors), and patient and family education [10].



However, there is scant [11,12,13,14,15,16,17]—and occasionally even contradictory—support for implementing any of these strategies [18,19]. Even though bed alarms, for instance, are ineffective at preventing falls and detrimental (such as noise and alarm fatigue), they are nevertheless often employed in medical facilities [14,18,20,21,22]. The case for using multicomponent interventions is more significant, although it is not apparent which elements have the most important influence on falls [10]. For the prevention of hospital falls, experts advise adopting multicomponent treatments and customizing the procedures for the patients who will be cared for in the unit [10].



There are no accepted, evidence-based therapies for fall prevention, in contrast to other healthcare-acquired illnesses [11,12,13,14,15,16,17,23,24], making it challenging for hospitals to determine which preventative strategies have the most influence on fall rates. This review intends to discuss the scope of smartphone (SP) utilization in fall detection and prevention in various care settings. The review’s focus will be on the applicability, current utilization status, effectiveness, and pros and cons of using SP and threshold-based algorithms to detect and predict falls and future directions in this field.




2. Material and Methods


2.1. Eligibility Criteria


Studies that described setting thresholds to the SP sensors to detect and/or prevent falls remotely were included. We classified fall detection studies as those that described devices or systems that used an accelerometer or other sensors to detect changes in movement that could indicate a fall and send an alert to a caregiver or emergency contact. Fall prevention studies, on the other hand, are those that describe devices or systems that monitor a person’s movements and provide feedback or suggestions to help prevent falls by using sensors that detect changes in movement and alert the user to any potential fall risk. They may also make suggestions or make recommendations to assist users in adjusting their movements and avoiding falls. Studies that used telehealth video calls or digital exercise programs, studies in languages other than English, reviews, and book chapters were excluded (Figure 1).




2.2. Information Sources and Search Strategy


A computerized search was conducted on 12 November 2022, by two independent investigators (R.T.G. and F.R.A.) using the following electronic databases: PubMed (1994–present); MEDLINE (1996–present); Embase (1988–present); CINAHL (1994–present); Web of Science (1900–present); NIH ClinicalTrials.gov (1997–present); Google Scholar. The following MeSH terms were used: “Remote Sensing Technology”, “Technology”, “Wireless Technology”, “Accidental Falls”, Fall detection”, “Accidents, Home”, and “Home”.




2.3. Study Selection and Data Collection Process


Two investigators (R.T.G. and F.R.A.) independently conducted the search and filtration following the inclusion and exclusion criteria described above. The studies were filtered based on titles consecutively by abstracts, and lastly by full-text reading. If both authors considered that the article met all criteria, the manuscript was included. In case no consensus could be made, a third author (A.J.F.) designated the inclusion or exclusion of the article. Data from the selected papers are summarized in Table 1.




2.4. Risk Bias Assessment


The bias risks of selected studies were assessed with the help of the ROBINS-I tool of the Cochrane Library for nonrandomized studies. A description of individualized bias and cross bias is shown in Figure 2 and Figure 3, respectively.





3. Results


3.1. Study Characteristics


A total of 44 studies were included following our inclusion and exclusion filtration of manuscripts. Characteristics of the included studies can be found in Table 1. Out of these studies, forty-three aimed to detect falls, two intended to detect and prevent falls, and only one aimed to prevent falls. The totality of the studies used accelerometers as the method to detect and/or prevent falls (Figure 4). Six manuscripts used the smartphone and external sensors during their measurements. Alarm to guardian was the most prevalent course of action following a fall event.




3.2. Fall Prevention Studies


Building on Dai et al.’s [25] work in 2010, Fontecha J.N. et al. [26] in 2013 described a mobile system for detecting and diagnosing frailty in healthcare settings. This system incorporated an accelerometer-enabled smartphone (SP) to collect movement data for two basic gait and balance tests, as an extension of Dai et al.’s PerFallId platform for pervasive fall detection using mobile phones.



Mellone S. et al. [27] presented in 2012 a fall detection application for SP use named uFALL. This application can effectively transform an SP into a long-term monitoring device with real-time fall detection capability. Furthermore, this same group of investigators developed a fall prevention app called uTUG, which transforms an SP into a pocket-sized mobility laboratory, allowing for quick screening, assessment, and follow-up. All of the SP-based solutions presented by these researchers are capable of supporting clinical research and practice in fall detection and prevention at various levels in a cost-effective manner (Figure 5).




3.3. Fall Detection Studies


Several groups have conducted research into fall detection [25,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69]. Yavuz et al. [66] proposed two alternatives in 2010 to the then-current trending model for accelerometer signals with varying frequency content over time in order to differentiate falling activity from other activities. These two alternatives were the short-time Fourier transform (STFT) and wavelet transformation, with the Meyer wavelet proving to be able to distinguish between falls and nonfalls with an 85% recall and 95% precision. The Fourier transform is a mathematical transform that decomposes functions into frequency components, represented as a frequency function by the transform’s output. Most commonly, time or space functions are transformed, producing a function based on temporal or spatial frequency.



Following this, Viet et al. [64] developed a fall detection method using a one-class SVM algorithm in 2011, and Cao et al. [39] presented a fall detection system for Android smartphones in 2012, while He Y. et al. [48] reported a system that uses an SP mounted on the waist to classify human movements in real time. Viet, V. Q. et al. [64] proposed an algorithm to detect falls using a popular smartphone’s accelerometer and orientation sensor in that same year. Boehner et al. [38] proposed a new method for detecting activity patterns using a smartwatch and smartphone connected via Bluetooth. Subsequently, Koshmak et al. [50] proposed a framework for detecting falls using mobile phone technology and physiological data monitoring, and Mehner et al. [55] developed an application to reduce smartphone battery consumption. Aguiar et al. [37] developed an algorithm to detect falls using accelerometer data from a smartphone, and Colon L. et al. [42] tested the accuracy of a sensing device (smartphone) located on the user’s body. Lastly, Maglogiannis et al. [54] created a fall detection app for smartwatches.



In 2011, Lee R. Y et al. [34] identified that the specificity and sensitivity of detecting a fall event using a Smartphone (SP) were high, prompting Lopes I. C. et al. [35] to develop an SP application named SensorFall with the main goal of detecting and notifying falls. This application could accurately detect acceleration values, distinguishing between a fall and false positives and negatives. Suh et al. [36] then studied a congestive heart failure (CHF) remote patient monitoring system (WANDA), which included an SP version that was capable of detecting falls and sending alert messages to caregivers. Following this, Bai et al. [28] in 2012 used three characteristics of the various patterns of SP acceleration values to detect a user’s falling motion while also using the GPS module to determine the fall’s location, expediting the arrival of assistance. Later, Lee J. V. et al. [33] designed and reported a smart elderly home monitoring system (SEHMS) that featured an Android-based SP with a three-axial accelerometer, connected to the system via Wi-Fi. In 2014, Castillo J. C. et al. [29] developed a solution for activity monitoring and fall detection, while Kwolek et al. [32] demonstrated how to improve fall detection using depth and accelerometric data. Finally, Hsieh et al. [31] reported the first study to show that an SP can measure postural stability and distinguish between older adults at low and high risk of falling, showing that SP technology has the potential to improve balance screening in older adults.



Yi et al. [67] proposed a design that uses multiple accelerometers to identify body posture and detect falls in real-time, which could be incorporated into a larger wireless body sensor network for continuous monitoring and providing immediate medical attention. Casilari et al. [40] conducted a system evaluation for two detection devices (smartphone/smartwatch) and found that combining them improved the system’s accuracy in avoiding false positives and false negatives. Madansingh et al. [53] designed a smartphone-based fall detection system and tested its efficacy for daily living activities. Kinematic movement analysis using sensors found in smartphones was used for continuous monitoring, with no false positives. These findings are important for creating machine learning algorithms to reduce false positives and negatives in fall detection.



Pierleoni et al. [57] had difficulty distinguishing between a fall event and a collapse on an armchair in their study, so Vilarinho et al. [65] developed a system with both threshold-based and pattern recognition techniques to help with specificity. Casilari et al. [41] 2016 demonstrated a smartphone-based architecture for automatic fall detection that included a collection of small sensing devices and found that accuracy increased with the number of sensing devices. Figueiredo et al. [44] analyzed smartphone sensors for their ability to distinguish between falls and daily life activities and concluded that the accelerometer was the most reliable sensor. Qu et al. [58] created a system that utilized a monitoring time to detect dangerous falls, built on the Android platform and designed for low energy consumption and fast processing. Tran et al. [61] implemented a fall detection system that analyzed acceleration patterns and an additional long lie detection algorithm to improve the fall detection rate while maintaining an acceptable false-positive rate. Yildirim et al. [68] also created a system to detect dangerous falls using a monitoring time, built on the Android platform and optimized for low energy consumption and fast processing.



Hakim et al. [45] developed a fall detection system using smartphones and standard machine learning algorithms, such as support vector machines, to achieve near-perfect accuracy. He, J. et al. [47] used a wearable motion sensor and a smartphone with two types of algorithms—sliding window and Bayes network classifier—to mimic the fall detection system. Islam Z. Z. et al. [49] created a system that stores accelerometer data generated before and after a fall to detect patterns in accelerometer data prior to falling. The proposed systems take advantage of wearable devices and smartphones as they can detect falls with accuracy and provide timely help for the elderly.



Building upon the research of Tran H. et al. [60], who encountered numerous problems using an analytical method in conjunction with machine learning techniques to distinguish between fall events and common activities, and obtaining low accuracy, Tsinganos et al. [62] employed a threshold-based algorithm with a k-nearest neighbor (kNN) classifier to improve accuracy. Moreover, Lee Y. Y. et al. [52] studied the change in acceleration sensor value and found that the acceleration sensor value’s signal vector magnitude value variation showed a significant difference in daily activities such as walking, running, sitting, and falling. Similarly, Shahzad et al. [59] presented FallDroid, a two-step algorithm that combines the threshold-based method (TBM) and multiple kernels learning support vector machine (MKL-SVM) to effectively identify fall-like events and reduce false alarms. Furthermore, Dogan et al. [43] gathered information from ten users to evaluate their proposed fall detection method, and tested five machine learning classifiers to find effective threshold values. Finally, Harari et al. [46] presented a proof-of-concept fall detection system implemented in a common smartphone to detect real-life falls in real time. This research, combined with that of the aforementioned studies, demonstrates significant progress in fall detection, and provides unique insights for future fall prevention, detection, and treatment.





4. Discussion


4.1. Background on Fall Detection and Prevention


The world’s elderly population of 60 years and older reached 251.6 million in 1950, 488 million in 1990, and is expected to reach 1205.3 million in 2025, according to United Nations projections. These figures represent a 144% increase between 1950 and 1990 and a 146% increase between 1990 and 2025 [70]. Even if their health deteriorates, the elderly or people with disabilities prefer to remain in their homes [71]. As a result, the telehealth service has been widely implemented and used to assist individuals (e.g., the elderly or people with disabilities) in living independently at home [72,73,74,75,76]. As the aging and disability issues converge, smart home-based health monitoring has emerged as a critical research area for ubiquitous and embedded system computing.



Fall detection and prevention systems are devices designed to detect and prevent falls in elderly individuals. These systems typically consist of sensors and a monitoring device. The sensors are placed around the home in areas where a fall is more likely to occur, such as bathrooms, stairs, and hallways. The sensors detect changes in movement, such as a sudden stop or a decrease in pressure, which may indicate a fall. The monitoring device is then triggered, and an alert is sent to a caregiver or family member. This alert allows them to provide help and assistance if needed.



The primary benefit of fall detection and prevention systems is increased safety and security for elderly individuals. These systems allow elderly individuals to remain independent and safe in their own homes, reducing the risk of injury from falls. In addition, these systems can provide peace of mind to family members and caregivers, knowing that their loved ones are being monitored and that help is available if needed.



Since fragile old persons have trouble walking and are at significant risk of falling, many devices have been developed to detect falls [77]. These technologies fall into two categories. Systems based on sensors and portable devices are (1) nonportable systems and (2) systems [78]. The monitoring area’s environmental sensors, typically artificial vision systems based on cameras [79] or floor sensor systems (pressure, vibration, capacitive, etc.) [80], are used by nonportable systems. Systems based on cameras and fixed sensors do not protect outside of the observation area, necessitating the installation of a costly and complex network of cameras and sensors to protect the home. Users also experience an adverse reaction to feeling watched or monitored by these systems.



Motion sensors, such as accelerometers and gyroscopes, are typically the foundation of portable systems. Due to its portability, affordability, and ability to give movement-related information, accelerometry is a viable choice [77]. Its key drawbacks include battery life limitations, limited processing power, and the necessity for practical algorithms to identify falls in situations where motion artifacts can have the same intensity as falls themselves, leading to many false positives [81]. Most commercial solutions use accelerometers on bracelets or pendants because they are more sensitive to motion artifacts when it comes to positioning portable sensors.




4.2. Smartphone Potential for Fall Detection and Prevention


In recent years, SP has been used to send patients reminders, track disease symptoms, promote physical activity and healthy eating, and address various other health issues [82,83,84].



As of 2017, 31% of people aged 75 and older and 49% of people aged 70 to 74 own SPs, respectively [85]. SPs offer a great deal of promise to be used as a tool for balance screening outside of laboratories, because older persons are more likely than younger adults to own an SP and because they are also portable and cost-effective.



Body-worn accelerometers can also be used to assess balance and gait. A systematic review investigated inertial sensors’ use to assess fall risk in older adults [86]. While body-worn accelerometers have the potential to provide accurate and objective fall risk assessment, almost all inertial sensors used in the investigation require personnel assistance to operate, analyze, and interpret the data. SPs may overcome this limitation by taking advantage of the public’s familiarity with SP technology and embedded accelerometers to measure balance objectively. An objective balance assessment that requires little assistance and is simple to use may increase older adults’ acceptance and use of technology. According to a recent review on mobile technology to assess balance and fall risk, while SP technology is becoming a promising tool to evaluate posture, few studies have validated SPs using standard gold techniques [86].



SPs have accelerometers built in that can be used to assess equilibrium. Numerous sensors are integrated into the newest generation of mobile phones. Today’s universal accelerometer sensors included in SPs and mobile phones have the same accuracy qualities as accelerometers designed for a particular application. Moreover, the potent processing power found in SPs allows for the execution of algorithms and other computational activities. Additionally, data can be transferred from SP to other computing devices via wireless technologies such as Bluetooth or WiFi, which is helpful if several sensors are linked to SP to detect or prevent falls. The SP screen enables a simpler and more natural engagement, which is another advantage of SPs over conventional sensors. It is assumed that the inclusion of straightforward, approachable methods of concentration makes it simpler to use these devices in healthcare settings because additional knowledge is not required. The main benefit of the suggested solution is that SPs are widely accessible to most people, and users are less likely to forget to wear SPs than other specialized microsensors.




4.3. Sensor Positioning


Despite the promising performance of the SP as a fall detection system reported by multiple studies, it is not widely implemented due to certain limitations. To make SPs a viable solution, two issues must be looked at. First, it is necessary to figure out how to make people wear their smartphones on the waist daily instead of having them in their pockets. To resolve this, external devices such as smartwatches may be used. Several studies utilizing these external sensors have displayed outstanding results.



It is unclear if the system can detect falls if the phone is not mounted on the waist. To address this issue, Aguiar et al. [38] studied whether the accuracy of the system would be different if the phone was stored in the most common places such as the belt level or pocket. The results showed that there were no significant differences in accuracy, with a performance of 97%. To better understand how the system functions in real-life situations, more research is necessary to test its capability of detecting falls while people are engaging in activities such as talking on the phone, texting, putting the SP in their shirt pocket, or trussers pocket.




4.4. Methods to Determine a Threshold for Fall Detection and Prevention


Different techniques can be employed to set a threshold for fall detection systems. For example, accelerometer data can be used to obtain a detailed understanding of a person’s movements, allowing for the detection of changes in motion that may signify a fall [25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68]. Machine learning algorithms are a type of artificial intelligence that can analyze data to detect patterns and make predictions [32,39]. Machine learning algorithms can also be utilized to establish a threshold based on the analysis of a dataset containing both falls and nonfalls. They can also be used to predict the likelihood of a fall. This could be used to provide an early warning system for elderly individuals who are at greater risk of falling. By predicting when a fall might occur, medical personnel can take preventative measures to reduce the chances of injury.



Furthermore, a threshold for future falls can be established by studying data from previous falls [25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68]. Finally, user input can be used to develop a threshold for detecting future falls. Many of the studies included in this study used accelerometer data analysis, machine learning, or data from previous falls to establish a threshold and improve detection accuracy [25,26,27,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68]. Some studies used user input to reduce false-positive fall events, usually by asking the user if they had fallen on their cell phone screen [28].



Because specified thresholds can potentially reduce the number of false-positive fall detection situations, we choose to investigate their application. The false alarms caused by actions such as dropping the phone or a modest fall in which the user is unharmed could be reduced, for example, by applications that use both acceleration and location data to determine a fall. The false alarms are further reduced by allowing the amplitude’s upper threshold to be adjustable. Further processing and comparison with a point are performed on the data produced from the acceleration. A fall is suspected if the processed value exceeds a predetermined threshold. Personal data such as age, weight, height, and degree of activity have also been considered when solving the problem.




4.5. Future Applications


Smartphones can be used to detect and prevent falls in the future by utilizing advanced sensors and artificial intelligence technology. Smartphones can be equipped with sensors to detect changes in balance and posture, enabling them to alert the user when a potential fall is imminent. Through the implementation of advanced motion sensing capabilities and applications, smartphones can be utilized to provide reminders to take medications, check in with family and friends, or complete physical therapy exercises. Healthcare professionals can then utilize these data to monitor a person’s health and intervene if necessary.



With the help of artificial intelligence, the smartphone can analyze the user’s gait and offer a variety of corrective actions, such as suggesting a slower walking speed or a more stable posture. AI can also be used to identify hazardous surfaces or obstacles and offer suggestions for avoiding them. Smartphones can also be used to provide reminders to take regular breaks, as well as to alert family and friends if a fall does occur. In addition, smartwatches can be used to provide additional fall prevention by tracking physical activity and offering health tips. The use of smartphones to detect physical changes in a person’s gait, balance, and posture holds the potential to reduce the risk of falls and improve the quality of life for the elderly and disabled. Smartphones have the potential to become an integral part of fall prevention strategies, and the future applications of these devices in fall detection and prevention are abundant.




4.6. Limitations


This systematic review has certain limitations associated with it. To begin with, the fact that only studies published in English were included can introduce bias. Moreover, due to the lack of information reported in some cases, it becomes difficult to accurately describe the methods of selecting thresholds and performance. Additionally, there is a risk of misinterpretation of the data and results, which can lead to new variables to consider.





5. Conclusions


Fall detection and prevention systems are becoming increasingly important for elderly individuals, allowing them to remain independent and secure in their homes. An upsurge of technology-based applications has been developed to protect at-risk individuals from falls, with the objective of providing more effective and efficient interventions than traditional means. By utilizing convenient and functional fall prevention technology, primarily in the home, elderly people can stay independent while engaging in interventions monitored remotely by healthcare professionals. Successful healthcare technology implementation requires close cooperation between engineers, clinicians, and administrators to understand why falls occur and what interventions could potentially alter the outcome.







Author Contributions


Conceptualization, R.A.T.-G.; methodology, R.A.T.-G.; software, R.A.T.-G., F.R.A., K.M. and J.P.G.; validation, R.A.T.-G., F.R.A., K.M. and J.P.G.; investigation, R.A.T.-G.; resources, R.A.T.-G.; data curation, R.A.T.-G., F.R.A., K.M. and J.P.G.; writing—original draft preparation, R.A.T.-G.; writing—review and editing, R.A.T.-G., F.R.A., K.M. and J.P.G.; visualization, R.A.T.-G., F.R.A., K.M. and J.P.G.; supervision, M.J.M., A.J.F. and M.R.P.; project administration, M.J.M., A.J.F. and M.R.P.; funding acquisition, M.J.M. and M.R.P. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Acknowledgments


Figure 2 and Figure 3 were created using BioRender.com. This manuscript was not registered.




Conflicts of Interest


None of the authors have any financial declarations or conflict of interest.




References


	



Burns, E.; Kakara, R. Deaths from Falls Among Persons Aged ≥65 Years—United States, 2007–2016. MMWR Morb. Mortal. Wkly. Rep. 2018, 67, 509–514. [Google Scholar] [CrossRef] [PubMed]

	



Oh-Park, M.; Doan, T.; Dohle, C.; Vermiglio-Kohn, V.; Abdou, A. Technology Utilization in Fall Prevention. Am. J. Phys. Med. Rehabil. 2021, 100, 92–99. [Google Scholar] [CrossRef] [PubMed]

	



Burns, E.R.; Stevens, J.A.; Lee, R. The direct costs of fatal and non-fatal falls among older adults—United States. J. Saf. Res. 2016, 58, 99–103. [Google Scholar] [CrossRef] [PubMed]

	



Florence, C.S.; Bergen, G.; Atherly, A.; Burns, E.; Stevens, J.; Drake, C. Medical Costs of Fatal and Nonfatal Falls in Older Adults. J. Am. Geriatr. Soc. 2018, 66, 693–698. [Google Scholar] [CrossRef]

	



Houry, D.; Florence, C.; Baldwin, G.; Stevens, J.; McClure, R. The CDC Injury Center’s response to the growing public health problem of falls among older adults. Am. J. Lifestyle Med. 2016, 10, 74–77. [Google Scholar] [CrossRef] [PubMed]

	



Bouldin, E.L.; Andresen, E.M.; Dunton, N.E.; Simon, M.; Waters, T.M.; Liu, M.; Daniels, M.J.; Mion, L.C.; Shorr, R.I. Falls among adult patients hospitalized in the United States: Prevalence and trends. J. Patient Saf. 2013, 9, 13–27. [Google Scholar] [CrossRef]

	



Rubenstein, L.Z.; Josephson, K.R. The epidemiology of falls and syncope. Clin. Geriatr. Med. 2002, 18, 141–158. [Google Scholar] [CrossRef]

	



Bates, D.W.; Pruess, K.; Souney, P.; Platt, R. Serious falls in hospitalized patients: Correlates and resource utilization. Am. J. Med. 1995, 99, 137–143. [Google Scholar] [CrossRef]

	



Brand, C.A.; Sundararajan, V. A 10-year cohort study of the burden and risk of in-hospital falls and fractures using routinely collected hospital data. Qual. Saf. Health Care 2010, 19, e51. [Google Scholar] [CrossRef]

	



Turner, K.; Staggs, V.S.; Potter, C.; Cramer, E.; Shorr, R.I.; Mion, L.C. Fall Prevention Practices and Implementation Strategies: Examining Consistency Across Hospital Units. J. Patient Saf. 2022, 18, e236–e242. [Google Scholar] [CrossRef]

	



Haines, T.P.; Bennell, K.L.; Osborne, R.H.; Hill, K.D. Effectiveness of targeted falls prevention programme in subacute hospital setting: Randomised controlled trial. BMJ 2004, 328, 676. [Google Scholar] [CrossRef] [PubMed]

	



Coussement, J.; De Paepe, L.; Schwendimann, R.; Denhaerynck, K.; Dejaeger, E.; Milisen, K. Interventions for preventing falls in acute- and chronic-care hospitals: A systematic review and meta-analysis. J. Am. Geriatr. Soc. 2008, 56, 29–36. [Google Scholar] [CrossRef] [PubMed]

	



Miake-Lye, I.M.; Hempel, S.; Ganz, D.A.; Shekelle, P.G. Inpatient fall prevention programs as a patient safety strategy: A systematic review. Ann. Intern Med. 2013, 158 (5 Pt 2), 390–396. [Google Scholar] [CrossRef]

	



Hempel, S.; Newberry, S.; Wang, Z.; Booth, M.; Shanman, R.; Johnsen, B.; Shier, V.; Saliba, D.; Spector, W.D.; Ganz, D.A. Hospital fall prevention: A systematic review of implementation, components, adherence, and effectiveness. J. Am. Geriatr. Soc. 2013, 61, 483–494. [Google Scholar] [CrossRef] [PubMed]

	



Oliver, D.; Connelly, J.B.; Victor, C.R.; Shaw, F.E.; Whitehead, A.; Genc, Y.; Vanoli, A.; Martin, F.C.; Gosney, M.A. Strategies to prevent falls and fractures in hospitals and care homes and effect of cognitive impairment: Systematic review and meta-analyses. BMJ 2007, 334, 82. [Google Scholar] [CrossRef]

	



Oliver, D.; Daly, F.; Martin, F.C.; McMurdo, M.E. Risk factors and risk assessment tools for falls in hospital in-patients: A systematic review. Age Ageing 2004, 33, 122–130. [Google Scholar] [CrossRef]

	



Oliver, D.; Hopper, A.; Seed, P. Do hospital fall prevention programs work? A systematic review. J. Am. Geriatr. Soc. 2000, 48, 1679–1689. [Google Scholar] [CrossRef]

	



Shorr, R.I.; Chandler, A.M.; Mion, L.C.; Waters, T.M.; Liu, M.; Daniels, M.J.; Kessler, L.A.; Miller, S.T. Effects of an intervention to increase bed alarm use to prevent falls in hospitalized patients: A cluster randomized trial. Ann. Intern. Med. 2012, 157, 692–699. [Google Scholar] [CrossRef]

	



LeLaurin, J.H.; Shorr, R.I. Preventing Falls in Hospitalized Patients: State of the Science. Clin. Geriatr. Med. 2019, 35, 273–283. [Google Scholar] [CrossRef]

	



Schoen, M.W.; Cull, S.; Buckhold, F.R. False Bed Alarms: A Teachable Moment. JAMA Intern. Med. 2016, 176, 741–742. [Google Scholar] [CrossRef]

	



Sendelbach, S.; Funk, M. Alarm fatigue: A patient safety concern. AACN Adv. Crit. Care 2013, 24, 378–386, quiz 387–388. [Google Scholar] [CrossRef] [PubMed]

	



Shivers, J.P.; Mackowiak, L.; Anhalt, H.; Zisser, H. “Turn it off!”: Diabetes device alarm fatigue considerations for the present and the future. J. Diabetes Sci. Technol. 2013, 7, 789–794. [Google Scholar] [CrossRef] [PubMed]

	



DiBardino, D.; Cohen, E.R.; Didwania, A. Meta-analysis: Multidisciplinary fall prevention strategies in the acute care inpatient population. J. Hosp. Med. 2012, 7, 497–503. [Google Scholar] [CrossRef] [PubMed]

	



Cameron, I.D.; Dyer, S.M.; Panagoda, C.E.; Murray, G.R.; Hill, K.D.; Cumming, R.G.; Kerse, N. Interventions for preventing falls in older people in care facilities and hospitals. Cochrane Database Syst. Rev. 2018, 9, Cd005465. [Google Scholar] [CrossRef] [PubMed]

	



Dai, J.; Bai, X.; Yang, Z.; Shen, Z.; Xuan, D. Mobile phone-based pervasive fall detection. Pers. Ubiquitous Comput. 2010, 14, 633–643. [Google Scholar] [CrossRef]

	



Fontecha, J.; Navarro, F.J.; Hervás, R.; Bravo, J. Elderly frailty detection by using accelerometer-enabled smartphones and clinical information records. Pers. Ubiquitous Comput. 2013, 17, 1073–1083. [Google Scholar] [CrossRef]

	



Mellone, S.; Tacconi, C.; Schwickert, L.; Klenk, J.; Becker, C.; Chiari, L. Smartphone-based solutions for fall detection and prevention: The FARSEEING approach. Z. Gerontol. Geriatr. 2012, 45, 722–727. [Google Scholar] [CrossRef]

	



Bai, Y.-W.; Wu, S.-C.; Tsai, C.-L. Design and Implementation of a Fall Monitor System by Using a 3-Axis Accelerometer in a Smart Phone. IEEE Trans. Consum. Electron. 2012, 58, 1269–1275. [Google Scholar] [CrossRef]

	



Castillo, J.C.; Carneiro, D.; Serrano-Cuerda, J.; Novais, P.; Fernández-Caballero, A.; Neves, J. A multi-modal approach for activity classification and fall detection. Int. J. Syst. Sci. 2014, 45, 810–824. [Google Scholar] [CrossRef]

	



He, Y. Falling-Incident Detection and Alarm by Smartphone with Multimedia Messaging Service (MMS). E-Health Telecommun. Syst. Netw. 2012, 1, 1–5. [Google Scholar] [CrossRef]

	



Hsieh, K.L.; Roach, K.L.; Wajda, D.A.; Sosnoff, J.J. Smartphone technology can measure postural stability and discriminate fall risk in older adults. Gait Posture 2019, 67, 160–165. [Google Scholar] [CrossRef] [PubMed]

	



Kwolek, B.; Kepski, M. Improving fall detection by the use of depth sensor and accelerometer. Neurocomputing 2015, 168, 637–645. [Google Scholar] [CrossRef]

	



Lee, J.V.; Chuah, Y.D.; Chieng, K.T. Smart Elderly Home Monitoring System with an Android Phone. Int. J. Smart Home 2013, 7, 17–32. [Google Scholar]

	



Lee, R.Y.; Carlisle, A.J. Detection of falls using accelerometers and mobile phone technology. Age Ageing 2011, 40, 690–696. [Google Scholar] [CrossRef] [PubMed]

	



Lopes, I.C.; Vaidya, B.; Rodrigues, J.J.P.C. Towards an autonomous fall detection and alerting system on a mobile and pervasive environment. Telecommun. Syst. 2011, 52, 2299–2310. [Google Scholar] [CrossRef]

	



Suh, M.K.; Chen, C.A.; Woodbridge, J.; Tu, M.K.; Kim, J.I.; Nahapetian, A.; Evangelista, L.S.; Sarrafzadeh, M. A remote patient monitoring system for congestive heart failure. J. Med. Syst. 2011, 35, 1165–1179. [Google Scholar] [CrossRef] [PubMed]

	



Aguiar, B.; Rocha, T.; Silva, J.; Sousa, I. Accelerometer-Based fall Detection for Smartphones. In Proceedings of the 2014 IEEE International Symposium on Medical Measurements and Applications (MeMeA), Lisboa, Portugal, 11–12 June 2014; pp. 1–6. [Google Scholar]

	



Boehner, A. A smartphone application for a portable fall detection system. In Proceedings of the 2013 NCUR, La Crosse, WI, USA, 11–13 April 2013. [Google Scholar]

	



Cao, Y.; Yang, Y.; Liu, W. E-FallD: A fall detection system using android-based smartphone. In Proceedings of the 2012 9th International Conference on Fuzzy Systems and Knowledge Discovery, Chongqing, China, 29–31 May 2012; pp. 1509–1513. [Google Scholar]

	



Casilari, E.; Oviedo-Jiménez, M.A. Automatic fall detection system based on the combined use of a smartphone and a smartwatch. PLoS ONE 2015, 10, e0140929. [Google Scholar] [CrossRef]

	



Casilari, E.; Santoyo-Ramón, J.A.; Cano-García, J.M. Analysis of a smartphone-based architecture with multiple mobility sensors for fall detection. PLoS ONE 2016, 11, e0168069. [Google Scholar] [CrossRef]

	



Colon, L.N.V.; DeLaHoz, Y.; Labrador, M. Human fall detection with smartphones. In Proceedings of the 2014 IEEE Latin-America Conference on Communications (LATINCOM), Cartagena, Colombia, 5–7 November 2014; pp. 1–7. [Google Scholar]

	



Dogan, J.C.; Hossain, M.S. A novel two-step fall detection method using smartphone sensors. In Proceedings of the 2019 IEEE International Conference on Smart Computing (SMARTCOMP), Washington, DC, USA, 12–15 June 2019; pp. 434–438. [Google Scholar]

	



Figueiredo, I.N.; Leal, C.; Pinto, L.; Bolito, J.; Lemos, A. Exploring smartphone sensors for fall detection. mUX: J. Mob. User Exp. 2016, 5, 2. [Google Scholar] [CrossRef]

	



Hakim, A.; Huq, M.S.; Shanta, S.; Ibrahim, B. Smartphone based data mining for fall detection: Analysis and design. Procedia Comput. Sci. 2017, 105, 46–51. [Google Scholar] [CrossRef]

	



Harari, Y.; Shawen, N.; Mummidisetty, C.K.; Albert, M.V.; Kording, K.P.; Jayaraman, A. A smartphone-based online system for fall detection with alert notifications and contextual information of real-life falls. J. Neuroeng. Rehabil. 2021, 18, 124. [Google Scholar] [CrossRef] [PubMed]

	



He, J.; Bai, S.; Wang, X. An unobtrusive fall detection and alerting system based on Kalman filter and Bayes network classifier. Sensors 2017, 17, 1393. [Google Scholar] [CrossRef] [PubMed]

	



He, Y.; Li, Y.; Bao, S.-D. Fall detection by built-in tri-accelerometer of smartphone. In Proceedings of the 2012 IEEE-EMBS International Conference on Biomedical and Health Informatics, Hong Kong, China, 5–7 January 2012; pp. 184–187. [Google Scholar]

	



Islam, Z.Z.; Tazwar, S.M.; Islam, M.Z.; Serikawa, S.; Ahad, M.A.R. Automatic fall detection system of unsupervised elderly people using smartphone. In Proceedings of the 5th IIAE International Conference on Intelligent Systems and Image Processing, Hawaii, HI, USA, 7–12 September 2017. [Google Scholar]

	



Koshmak, G.A.; Linden, M.; Loutfi, A. Evaluation of the android-based fall detection system with physiological data monitoring. In Proceedings of the 2013 35th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Osaka, Japan, 3–7 July2013; pp. 1164–1168. [Google Scholar]

	



Lee, J.-S.; Tseng, H.-H. Development of an enhanced threshold-based fall detection system using smartphones with built-in accelerometers. IEEE Sens. J. 2019, 19, 8293–8302. [Google Scholar] [CrossRef]

	



Lee, Y.; Yeh, H.; Kim, K.-H.; Choi, O. A real-time fall detection system based on the acceleration sensor of smartphone. Int. J. Eng. Bus. Manag. 2018, 10, 1847979017750669. [Google Scholar] [CrossRef]

	



Madansingh, S.; Thrasher, T.A.; Layne, C.S.; Lee, B.-C. Smartphone based fall detection system. In Proceedings of the 2015 15th International Conference on Control, Automation and Systems (ICCAS), Busan, Korea, 13–16 October 2015; pp. 370–374. [Google Scholar]

	



Maglogiannis, I.; Ioannou, C.; Spyroglou, G.; Tsanakas, P. Fall detection using commodity smart watch and smart phone. In Proceedings of the IFIP International Conference on Artificial Intelligence Applications and Innovations, Rhodes, Greece, 19–21 September 2014; pp. 70–78. [Google Scholar]

	



Mehner, S.; Klauck, R.; Koenig, H. Location-independent fall detection with smartphone. In Proceedings of the 6th International Conference on PErvasive Technologies Related to Assistive Environments, Rhodes, Greece, 29–31 May 2013; pp. 1–8. [Google Scholar]

	



Mousavi, S.A.; Tahami, E.; Azarnoosh, M. Fall detection system via smart phone and send people location. In Proceedings of the 2020 28th European Signal Processing Conference (EUSIPCO), Amsterdam, The Netherlands, 18–21 January 2021; pp. 1605–1607. [Google Scholar]

	



Pierleoni, P.; Pernini, L.; Belli, A.; Palma, L.; Valenti, S.; Paniccia, M. SVM-based fall detection method for elderly people using Android low-cost smartphones. In Proceedings of the 2015 IEEE Sensors Applications Symposium (SAS), Zadar, Croatia, 13–15 April 2015; pp. 1–5. [Google Scholar]

	



Qu, W.; Lin, F.; Xu, W. A real-time low-complexity fall detection system on the smartphone. In Proceedings of the 2016 IEEE First International Conference on Connected Health: Applications, Systems and Engineering Technologies (CHASE), Washington, DC, USA, 27–29 June 2016; pp. 354–356. [Google Scholar]

	



Shahzad, A.; Kim, K. FallDroid: An automated smart-phone-based fall detection system using multiple kernel learning. IEEE Trans. Ind. Inform. 2018, 15, 35–44. [Google Scholar] [CrossRef]

	



Tran, H.A.; Ngo, Q.T.; Tong, V. A new fall detection system on Android smartphone: Application to a SDN-based IoT system. In Proceedings of the 2017 9th International Conference on Knowledge and Systems Engineering (KSE), Hue, Vietnam, 19–21 October 2017; pp. 1–6. [Google Scholar]

	



Tran, T.D.; Truong, H.; Dang, T.K. Automatic fall detection using smartphone acceleration sensor. Int. J. Adv. Comput. Sci. Appl. 2016, 7, 123–129. [Google Scholar]

	



Tsinganos, P.; Skodras, A. A smartphone-based fall detection system for the elderly. In Proceedings of the 10th International Symposium on Image and Signal Processing and Analysis, Ljubljana, Slovenia, 18–20 September 2017; pp. 53–58. [Google Scholar]

	



Viet, V.; Choi, D.-J. Fall detection with smart phone sensor. In Proceedings of the 3rd International Conference on Internet (ICONI), Sepang, Malaysia, 15–19 December 2011. [Google Scholar]

	



Viet, V.Q.; Lee, G.; Choi, D. Fall detection based on movement and smart phone technology. In Proceedings of the IEEE RIVF International Conference on Computing and Communication Technologies, Research, Innovation, and Vision for the Future (RIVF), Ho Chi Minh City, Vietnam, 27 February–1 March 2012. [Google Scholar]

	



Vilarinho, T.; Farshchian, B.; Bajer, D.G.; Dahl, O.H.; Egge, I.; Hegdal, S.S.; Lønes, A.; Slettevold, J.N.; Weggersen, S.M. A combined smartphone and smartwatch fall detection system. In Proceedings of the 2015 IEEE International Conference on Computer and Information Technology; Ubiquitous Computing and Communications; Dependable, Autonomic and Secure Computing; Pervasive Intelligence and Computing, Liverpool, UK, 26–28 October 2015; pp. 1443–1448. [Google Scholar]

	



Yavuz, G.; Kocak, M.; Ergun, G.; Alemdar, H.O.; Yalcin, H.; Incel, O.D.; Ersoy, C. A smartphone based fall detector with online location support. In Proceedings of the International Workshop on Sensing for App Phones, Association for Computing Machinery (ACM), Zurich, Switzerland, 3–5 November 2010; pp. 31–35. [Google Scholar]

	



Yi, W.-J.; Saniie, J. Design flow of a wearable system for body posture assessment and fall detection with android smartphone. In Proceedings of the 2014 IEEE International Technology Management Conference, Chicago, IL, USA, 12–15 June 2014; pp. 1–4. [Google Scholar]

	



Yildirim, K.; Gokhan, U.; Keskin, T.; Kavak, A. Fall detection using smartphone-based application. Int. J. Appl. Math. Electron. Comput. 2016, 4. [Google Scholar] [CrossRef]

	



Hernandez, R. Demography of ageing. Bold 1992, 2, 8–12. [Google Scholar]

	



Fried, T.R.; van Doorn, C.; O’Leary, J.R.; Tinetti, M.E.; Drickamer, M.A. Older person’s preferences for home vs hospital care in the treatment of acute illness. Arch. Intern Med. 2000, 160, 1501–1506. [Google Scholar] [CrossRef]

	



Paulson, M.R.; Torres-Guzman, R.A.; Avila, F.R.; Maita, K.; Garcia, J.P.; Eldaly, A.; Palmieri-Serrano, L.; Forte, A.J.; Thompson, J.C.; Maniaci, M.J. 85-Year-Old Postsurgical Complex Patient Successfully Managed Remotely at the Novel Mayo Clinic’s Hospital at Home. Case Rep. Vasc. Med. 2022, 2022, 1439435. [Google Scholar] [CrossRef]

	



Maniaci, M.J.; Torres-Guzman, R.A.; Garcia, J.P.; Avila, F.R.; Maita, K.C.; Forte, A.J.; Paulson, M.R. Overall patient experience with a virtual hybrid hospital at home program. SAGE Open Med. 2022, 10, 20503121221092589. [Google Scholar] [CrossRef] [PubMed]

	



Maniaci, M.J.; Maita, K.; Torres-Guzman, R.A.; Avila, F.R.; Garcia, J.P.; Eldaly, A.; Forte, A.J.; Matcha, G.V.; Pagan, R.J.; Paulson, M.R. Provider Evaluation of a Novel Virtual Hybrid Hospital at Home Model. Int. J. Gen. Med. 2022, 15, 1909–1918. [Google Scholar] [CrossRef] [PubMed]

	



Chadha, R.M.; Paulson, M.R.; Avila, F.R.; Torres-Guzman, R.A.; Maita, K.; Garcia, J.P.; Forte, A.J.; Maniaci, M.J. Surgical patient satisfaction with a virtual hybrid care hotel model: A retrospective cohort study. Ann. Med. Surg. 2022, 74, 103251. [Google Scholar] [CrossRef] [PubMed]

	



Chadha, R.M.; Paulson, M.R.; Avila, F.R.; Torres-Guzman, R.A.; Maita, K.C.; Garcia, J.P.; Forte, A.J.; Matcha, G.V.; Pagan, R.J.; Maniaci, M.J. A Virtual Hybrid Care Hotel Model Supports the Recovery of Post-procedural Patients with Mild to Severe Systemic Diseases. Am. Surg. 2022. [Google Scholar] [CrossRef] [PubMed]

	



Ruiz-Ruiz, L.; Jimenez, A.R.; Garcia-Villamil, G.; Seco, F. Detecting Fall Risk and Frailty in Elders with Inertial Motion Sensors: A Survey of Significant Gait Parameters. Sensors 2021, 21, 6918. [Google Scholar] [CrossRef]

	



Usmani, S.; Saboor, A.; Haris, M.; Khan, M.A.; Park, H. Latest Research Trends in Fall Detection and Prevention Using Machine Learning: A Systematic Review. Sensors 2021, 21, 5134. [Google Scholar] [CrossRef]

	



Shu, F.; Shu, J. An eight-camera fall detection system using human fall pattern recognition via machine learning by a low-cost android box. Sci. Rep. 2021, 11, 2471. [Google Scholar] [CrossRef]

	



Tošić, A.; Hrovatin, N.; Vičič, J. Data about fall events and ordinary daily activities from a sensorized smart floor. Data Brief. 2021, 37, 107253. [Google Scholar] [CrossRef]

	



Wang, Z.; Ramamoorthy, V.; Gal, U.; Guez, A. Possible Life Saver: A Review on Human Fall Detection Technology. Robotics 2020, 9, 55. [Google Scholar] [CrossRef]

	



Klasnja, P.; Pratt, W. Healthcare in the pocket: Mapping the space of mobile-phone health interventions. J. Biomed. Inform. 2012, 45, 184–198. [Google Scholar] [CrossRef]

	



Kulkarni, P.; Ozturk, Y. MPHASiS: Mobile patient healthcare and sensor information system. J. Netw. Comput. Appl. 2011, 34, 402–417. [Google Scholar] [CrossRef]

	



Bielli, E.; Carminati, F.; La Capra, S.; Lina, M.; Brunelli, C.; Tamburini, M. A Wireless Health Outcomes Monitoring System (WHOMS): Development and field testing with cancer patients using mobile phones. BMC Med. Inform. Decis. Mak. 2004, 4, 7. [Google Scholar] [CrossRef] [PubMed]

	



Monica Anderson, A.P. Technology Use Among Seniors 2017. Available online: https://www.pewresearch.org/internet/2017/05/17/technology-use-among-seniors/ (accessed on 15 December 2022).

	



Sun, R.; Sosnoff, J.J. Novel sensing technology in fall risk assessment in older adults: A systematic review. BMC Geriatr. 2018, 18, 14. [Google Scholar] [CrossRef]

	



Roeing, K.L.; Hsieh, K.L.; Sosnoff, J.J. A systematic review of balance and fall risk assessments with mobile phone technology. Arch. Gerontol. Geriatr. 2017, 73, 222–226. [Google Scholar] [CrossRef] [PubMed]








[image: Sensors 23 01323 g001 550] 





Figure 1. Study selection flow chart. Flow chart describing the study selection process according to PRISMA guidelines. (From: Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated guideline for reporting systematic reviews. BMJ 2021;372:n71. doi: 10.1136/bmj.n71; For more information, visit: http://www.prisma-statement.org/) (accessed on 30 August 2022). * Consider, if feasible to do so, reporting the number of records identified from each database or register searched (rather than the total number across all databases/registers). ** If automation tools were used, indicate how many records were excluded by a human and how many were excluded by automation tools. 
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Figure 2. Residual confounding bias: review authors’ judgments about each risk of bias item presented as percentages across all included studies. 
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Figure 3. Risk of bias summary: review authors’ judgments about each risk of bias item for each included study. 
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Figure 4. Activity monitoring. Embedded sensors in the SPs can detect a fall. SPs translate the information from sensors and trigger an alarm to caregivers and emergency services based on the user’s capability to give feedback to the SP. 
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Figure 5. Data processing. Based on specific parameters and with the help of algorithms fed by the SP sensors, researchers can predict the risk of a patient falling. (A) Sensors in SP, such as accelerometers, gyroscopes, and magnometers, monitor the patient’s daily activities. (B) Once a measurement exceeds the threshold previously stablished, the SP collects and processes sensors data before responding to a potential fall event by alerting emergency personnel and caregivers. 
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Table 1. Description of studies that aimed to detect accidental falls. Abbreviations: EMS: emergency medical services; SP: smartphone; k-nn: k-nearest neighbors algorithm; SVM: support vector machine.
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	Reference

and

Year
	Smartphone Operative System
	Device
	Detection (D)/Prevention (P)
	Consequence Triggered by the Fall
	Parameter
	Performance





	Dai J. et al. [25]

2010
	Android OS
	G1
	D and P
	Speaker sound alert and alarm to guardian
	Triaxis accelerometer, gyroscope, and magnetometer
	Average false negative: 2.13%

Average false positive value is 7.7%



	Fontecha J. et al. [26] 2013
	Android OS
	Not stated
	P
	Not stated
	Triaxis accelerometer
	Not stated



	Mellone S. et al. [27] 2012
	Android OS
	Samsung Galaxy SII (GT-I9100)
	D and P
	Alarm to guardian with GPS location
	Accelerometer, gyroscope, and magnetometer
	Not stated



	Bai, Y-W et al. [28] 2012
	Not stated
	Not stated
	D
	Alarm to guardian with GPS location and draw help path
	Triaxis accelerometer
	Not stated



	Castillo J.C. et al. [29] 2014
	Android OS
	SP (not stated) + external device
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer
	Sensitivity: 92.7%

Accuracy: 97.2%

F-score: 94.8%



	He, Y. et al. [30]

2012
	Android OS
	Lenovo Le-phone
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer
	Not stated



	Hsieh, K.L. et al. [31] 2019
	Not stated
	Not stated
	D
	Not stated
	Accelerometer
	Not stated



	Kwolek, B. et al. [32] 2015
	Android OS
	SP (not stated) + external device
	D
	Not stated
	Accelerometer
	k-nn + acceleration %

Sensitivity: 100%

Specificity: 92.86%

Accuracy: 95.83%

Precision: 90.91%

SVM + acceleration %

Sensitivity: 100%

Specificity: 92.86%

Accuracy: 91.67%

Precision: 83.33%



	Lee, J.V. et al. [33] 2013
	Android OS
	HTC Desire A8181
	D
	Alarm to guardian
	Triaxis accelerometer
	Not stated



	Lee, R.Y.et al [34]

2011
	Android OS
	Google G1
	D
	Speaker sound alert and alarm to guardian with GPS location
	Triaxis accelerometer
	SP:

Sensitivity: 81%

Specificity: 77%

External accelerometer:

Sensitivity: 82%

Specificity: 96%



	Lopes, I.C. et al. [35] 2011
	Not stated
	Not stated
	D
	Speaker sound alert and alarm to guardian with GPS location
	Triaxis accelerometer
	Not stated



	Suh M.K. et al. [36] 2011
	iOS and Android
	iPhone and Motorola Droid
	D
	Alarm to guardian
	Triaxis accelerometer
	Not stated



	Aguiar, B. et al. [37] 2014
	Android OS
	Samsung Galaxy Nexus
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer and biaxial gyroscope
	Belt usage

Sensitivity: 97.0%

Specificity: 98.4%

Accuracy: 97.6%

Pocket usage

Sensitivity: 96.6%

Specificity: 98.6%

Accuracy: 97.5%



	Boehner et al. [38] 2013
	Not stated
	EZ430 Chronos Texas Instruments Smartwatch
	D
	Alarm to guardian and EMS
	Triaxis accelerometer
	Not stated



	Cao et al. [39]

2012
	Android v.2.2 OS
	HTC A3366
	D
	Alarm to guardian
	Accelerometer
	Classical algorithm:

Sensitivity: 86.7%

Specificity: 85.5%

Adaptive algorithm:

Sensitivity: 86.7%

Specificity: 85.5%



	Casilari, E. et al. [40] 2016
	Android OS
	SP and external sensors
	D
	Alarm to guardian
	3-axis gyroscope, 3-axis accelerometer, and magnometer
	Not stated



	Casilari, E. et al. [41] 2015
	Android OS
	LG Nexus 5
	D
	Alarm to guardian
	Triaxis accelerometer and gyroscope
	Sensitivity: 89.6%

Specificity: 95.8%



	Colon L. et al. [42] 2014
	Android v.4.4.2 OS
	Google Nexus 5
	D
	Alarm to guardian
	Triaxis accelerometer and biaxial gyroscope
	Precision: 58.2%

Specificity: 79%

Accuracy: 81.3%

Recall: 89%



	Dogan, J. C. et al. [43] 2019
	Android OS
	LG Nexus 5
	D
	Not stated
	Triaxis accelerometer
	Accuracy: 95.65%



	Figueiredo, I. et al. [44] 2016
	Android v.4.1.2 OS
	Samsung Galaxy Nexus and Samsung Galaxy Nexus S
	D
	Alarm to guardian
	Triaxis accelerometer
	Sensitivity: 100%

Specificity: 92.65%



	Hakim, A. et al. [45] 2017
	Android OS
	Sony C6002 Xperia Z
	D
	Not stated
	Triaxis accelerometer
	Accuracy: >90%



	Harari, Y. et al. [46] 2021
	Android v.6.0.1 OS
	Samsung Galaxy S5
	D
	Alarm to guardian
	Triaxis accelerometer and gyroscope
	Sensitivity: 73%

Specificity: >99.9%

Accuracy: 97.81%



	He, J. et al. [47]

2017
	Android OS
	Not stated
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer and gyroscope
	Sensitivity: 99%

Specificity: 95%

Accuracy: 95.67%



	He, Y. et al. [48]

2012
	Android OS
	Lenovo Le-phone
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer
	Not stated



	Islam, Z. Z. et al. [49] 2017
	Not stated
	Not stated
	D
	Alarm to guardian
	Triaxis accelerometer
	Accuracy: >90%



	Koshmak et al. [50] 2013
	Android OS
	Not stated
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer
	Senitivity: 90%

Specificity: 100%

Accuracy: 94%



	Lee, J. S. et al. [51] 2019
	Android OS
	Not stated
	D
	Alarm to guardian
	Triaxis accelerometer
	Accuracy: 99.38%

Detection rates: 96%



	Lee, Y. et al. [52]

2018
	Not stated
	Not stated
	D
	Not stated
	Triaxis accelerometer
	Not stated



	Madansingh, S. et al. [53] 2015
	iOS
	iPhone 4
	D
	Not stated
	Accelerometer, gyroscope, and magnetometer
	Not stated



	Maglogiannis et al. [54] 2014
	Android OS
	Pebble smartwatch
	D
	Alarm to guardian
	Triaxis accelerometer
	Not stated



	Mehner et al. [55] 2013
	Android OS
	Samsung Galaxy S and Sony Xperia ray
	D
	Alarm to guardian
	Triaxis accelerometer
	Detection rate: 83.33%

Specificity: 100%



	Mousavi, S. A. et al. [56] 2021
	iOS v.12.0.1
	iPhone 7+
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer
	Accuracy: 96.33%



	Pierleoni, P. et al. [57] 2015
	Android v.4.4.4 OS
	Motorola Moto G
	D
	Alarm to guardian
	Triaxis accelerometer and magnetometer
	Sensitivity: 99.3%

Specificity: 96%

Accuracy: 97.7%



	Qu, W. et al. [58]

2016
	Android v.4.4.3 OS
	LG Nexus 4
	D
	Alarm to guardian with GPS location through social media
	Triaxis accelerometer
	Not sated



	Shahzad, A. et al. [59] 2018
	Android v.4.4.2 OS
	LG G3
	D
	Alarm to guardian
	Triaxis accelerometer and gyroscope
	Sensitivity: 99.52%

Specificity: 95.19%

Accuracy: 97.81%



	Tran, H. et al. [60] 2017
	Android v.5.0 OS
	Sony Xperia C4
	D
	Alarm to guardian with GPS location
	Triaxis accelerometer
	Sensitivity: 60.46%

Specificity: 94.80%

Accuracy: 82.50%



	Tran, T. D. et al. [61] 2016
	Android OS
	ASUS Zenfone 2
	D
	Not stated
	Triaxis accelerometer
	Sensitivity: 93%



	Tsinganos, P. et al. [62] 2017
	Android OS
	LG D160 and ASUS Zenfone 2
	D
	Not stated
	Triaxis accelerometer
	Sensitivity: 97.53%

Specificity: 94.89%



	Viet V. et al. [63]

2011
	Android OS
	Google Nexus One
	D
	Not implemented
	Accelerometer
	Accuracy per category studied:

C1: 75%

C2: 87.5%

C3: 77.9%

C4: 84.2%



	Viet V. Q. et al. [64] 2012
	Android OS
	Google Nexus One
	D
	Not implemented
	Accelerometer and orientation sensor.
	Sensitivity: 80%

Specificity: 96.2%

Accuracy: 85%



	Vilarinho, T. et al. [65] 2015
	Android OS
	Samsung Galaxy S3 and Wear Smartwatch LG G Watch R
	D
	Alarm to guardian
	9-axis motion sensor combining a 3-axis gyroscope, 3-axis accelerometer, and 3-axis compass
	Sensitivity: 63%

Specificity: 78%

Accuracy: 68%



	Yavuz et al. [66]

2010
	Android v2.0 OS
	Google Nexus One
	D
	Alarm to guardian with GPS location
	Accelerometer
	Meyer wavelet can distinguish falls from nonfalls with an 85% recall while retaining 95% precision



	Yi, W. J.et al. [67] 2014
	Android OS
	Not stated
	D
	Alarm to guardian
	External triaxial accelerometer
	Not stated



	Yildirim, K. et al. [68] 2016
	Android v.2.2 OS
	Samsung Galaxy SIII mini
	D
	Alarm to guardian
	Triaxis accelerometer
	Not stated
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
Residual confunding bias

Bias in selection of the participants

Bias due to missing data

Lead-time bias

Bias due to misclasification of intervention status
Detection bias

Recall bias

Bias due to selection of the outcome measure
Bias due to selection of the analysis

Bias due to selective reporting of a subgroup of participants

|
|
|
|
|
|
|
|
|
|
o

X

|
|
|
|
|
|
|
|
|
|
X

7i% 50%  75% 100

[ Low risk of blas [ ] unckear risk of blas

Il High risk of blas ‘






nav.xhtml


  sensors-23-01323


  
    		
      sensors-23-01323
    


  




  





media/file2.png
PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only

[ Identification of studies via databases and registers ]
)
Records removed before
S screening.
E Records identified from™: 2}u=plg;5a)te records removed
= ggt?gt?rgs(rfn:os ) - Records marked as ineligible
o g by automation tools (n = 0)
2 Records removed for other
reasons (n = 0)
——/
\ 4
SEEER
Records screened Records excluded™*
—>
(n =452) (n =380)
\ 4
Reports sought for retrieval » | Reports not retrieved
= (n=72) (n=23)
(=
O
o
s \ 4
Re_ports assessed for eligibility Reports excluded:
(n=69) 1. No use of smartphone (n = 13)
2. No threshold-based parameters
(n=15)
3. Type of manuscript/Language
(n=9)
—
CEEER A4
k: Studies included in review
S (n=33)
o Reports of included studies
5 (n=11)
S






media/file5.jpg





media/file3.jpg
Residual confunding bias
8ias i selecton of the partcipants

Bias due to missing data

Lead-tme bias

Blas due to misclasfcaton of intervention staus

Detecton bias

Recall bias

Bias due (o selection of the outcome measure

Bias due to selection of the analsis

Bias due to selectve reporting of  subgroup of participants

2 508

7%

I ow sk of bias ] Unclear risk of bias

B High risk of bias






media/file1.jpg
PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only

Records removed before
scroonng:
uphcate records removed
5)

Records ientfed o

Databasos (n=6) "]  Secossmated asinci
ecords marked as indligitie
ity by automation tools (n = 0)
Records romoved o oher
reasons (n=0)
Records scrcened Records oxcluded™”
=452) =30
Reports sought o retieval Repors ot retieved
=72 | o=

1

Reports assessed o gty Repors exclodet:

=63 1" No use of smarghone (0= 13)
2 Noineshodbased parameters

=15
3 Type of manuscrptLanguage

=9

Stusos incuded n roviow
s
Repors of ncluded studes
ety






media/file7.jpg
T ) ‘Dispersion
Accelerometer "
= cslalaion
PatenRecord |+ * Pl
Varisbles Minky e
calcuaton ' L
Data evlustion
and fsblity






media/file10.png
|

.aﬂ

' 7:07 pm Potenti
fall. GPS location

S i o S

Activity monitoring

S R R E R R R R R REEREEREZ-EREZ-SE-REZ-E-EZ-ESE-EJ-E-EJ-E:EJ;E:EJ;EJEJ;’R-EJ;RZ-EJ’JEJ;RJEJ;RJE;’RZE]

Activity monitoring






media/file9.jpg





media/file0.png





media/file8.png
Accelerometer
+

Patient Record
Variables

Parameters
evaluations

Dispersion
measurment
calculation

Affinity tree
calculation

e

JL

Data evaluation
and friability
assesment





media/file6.png
sedpiued jo dnoaibgns e jo Buisodas aM123(25 01 anp seig
sisA[eue 3yl Jo UOID3I|IS 01 INp seig

2JNSEIW WON0 Y] JO UOII3S 01 2Np Selg

Selq ||e33y

selq uonRNRQ

SNIE)S UONUIAIRIUI JO UOIIEDYISE|ISIW O) INP selg

SEIQ 2WIil-pea

elep Buissiw 01 anp seig

siuediaiyed 3yl JO UONI3|IS Ul SEIg

selg Buipunjuod [enpisay

Coetal. @ @ 9 S © SO SO0
CslariE.etal. [ @D (@ (S @ 0 0 00 e e
Daj.eta. @@ © @ @S S S S0
Dogan, J.C.etal. @ @ @ & & S @ & O

Figuelredo, LN.etal. [ @ (@ (@ (@ @ (@ S & & @
Heveta. @ (@ @ & & & & @ S

Heheta. @ (@ @ © @ @ @ O @O
sim,z.zetal @ @O @ O ® @ O SO

Cslariera. @ @ @ @ OO O OGSO
keskmak, G.etal. | @ (@ | @ @ @ @ O O

Castlo)C.etal. @ @ @ @ © @ © S OO
Hev.etal. @ @ © @ © @ © S S @
ee.v.ctal. @ @ S S S S S S S S
werv.cta. @ @ O S S S S S S0

wpesiC.etal. @B B S S S 0 S e e

Madansingh, S.etal. @ @ | @ @ (O @ O © @ O
Magloglannis, Letal. | @ @ (@O © @ © @ O S O
wwea. @ @ O S OSSO S e

Shatzad, A ctal. @ @ @ @ @ @ & © & O
vetv.eta. [ @ (@ @O O S 0 e e e

AuarBetal. B 0 & 0 00O
pivw.etal. @ @ O @ 0 0 e e e e
Boehneretal. @ @ (S O S S S S S @
Coon,Letal. @ (@ @ @ & © © S SO
Hakim s ctal. @ @ @ © @ © © © @ @
Harar,v.etal. @ | & @ & & & & &0
HelBeta. @ @ @ @O © @ S S @
kwokk B.etal. [ @ (@ @ @ @ @ O e e e
lee,).S.ectal. @ S S S S S S S SO
lee Jv.ctal. @ @ S S S S S S S S
Tan,T.etal. [ @ (@ @ & @ & & & @
Tsinganos, P.etal. @ @ @ & & & & @ & @
viarnho, T.2tal. @ & & | & & & & & & @&
rwvzeta. @ O O S S S SO S e
nwi.ea. @ ® O S S S S S e e
vikirm, k.etal. [ @ @ | S © S S S S | @

miones.etal. BB S 0 6000 O
mowav, S.etal. @ @ @ O S @ S S e e

Perkonl,P.etal. B (@ & & & & & & & @
sunmketal. B S S S S S S S

TanHeta. @ @ @ @ @ @@ @O
vetv.C.etal. @0 6 0 & 60000

Fonechal.ctal. (@ (@ @ (@ @ @ @ @ @ O
mhner,S.etal. [ @D @O 0 08 S 080 e






