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Abstract. With the rapid growth of the elderly population, traditional elderly 

healthcare services can hardly meet the dynamic and uncertain demand and higher 
customer expectations. With the digital transformation with digital technological 

enablers of the elderly-related industry rising globally, Artificial Intelligence (AI)

has begun to play a disruptive and critical role in the elderly healthcare industry. But 
there is still a lack of a holistic review about AI-enabled digital transformation (DT) 

in the elderly healthcare field. Therefore, 59 works of literature published from 2000 

through 2021 were extracted and analysed from Web of Science. This study focuses 
on the application scenarios, the AI approach used, and the benefits of AI-enabled 

DT. And this literature review lays the foundation for future research in the elderly 

healthcare field. 
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Introduction 

Population aging is a significant problem of social development in the 21st century. The 

World Health Organization (WHO) reported that one in six people will be over age 60 

by 2030. Almost every country in the world is experiencing the growth of the elderly 

population. Take China, for example, 18.7% of 1.41 billion people were over 60 years 

and 13.5% were over 65, according to China's Seventh National Census in 2021. With 

the rapid growth of the elderly population, traditional elderly healthcare services can 

hardly meet the dynamic and uncertain demand and higher customer expectations. What 

should be the possible and required aging healthcare services in this new era of the digital 

economy? Some new scenarios related to “aging-home-care service” or “smart 
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healthcare for the elderly” are developed into the market as pilot solutions attempting at 

bringing new changes for the elderly’s life[1]. Digital transformation (DT) is a process 

that aims to enable an entity’s value creation by triggering significant changes and 

effectiveness to its external market strategy and internal organization tactics by using 

digital technologies through combinations of information, computing, communication, 

and connectivity capabilities, and DT with digital technological enablers of the elderly-

related industry has risen globally in decades[2-4], mainly including big data, Internet of 

Things, Artificial Intellignence (AI) and so on. Among all the technological enablers, 

Artificial Intelligence plays a disruptive and critical role in the elderly healthcare field[1]. 

With the in-depth integration of AI, smart elderly healthcare services are considered as 

a future direction for achieving high-quality supply accessibility in the elderly healthcare 

industry[5]. AI can be applied in creating intelligent systems or platforms and intelligent 

elderly care products, services, or product-service systems (PSS) with smart learning 

abilities. But there is even a lack of a holistic review about the applications based on AI 

with the advantages of DT in the elderly healthcare field. The consumption needs of the 

elderly for healthcare services are different from others, and the elderly are less receptive 

to new things such as digital technology. So it is necessary to explore the role of AI in 

the aging society. So this study intends to report a survey on the literature related to AI-

enabled DT in the elderly healthcare field and addresses four research questions: 1. What 

are the application scenarios of AI in the field of elderly healthcare? 2. What are the 

future directions of AI applications in this field? 3. What are the AI approaches 

commonly used for DT in the elderly healthcare field? 4. What are the benefits of AI-

enabled DT for this field?   

The organization of this study is as follows. The methods of collecting related 

literature are presented in Section 1. Studies about applications of AI in elderly 

healthcare services are summarized in Section 2. Section 3 presents and discusses AI 

approaches used. Section 4 summarizes the impacts and advantages of AI-enabled DT 

in the elderly healthcare field, and Section 5 concludes the overall work. 

1. Literature review methodology 

The existing publications are extracted from an acknowledged scientific dataset, i.e. Web 

of Science. To obtain a comprehensive set of pieces of literature, we defined six sets of 

topics keywords: a. “Artificial Intelligence” and “elderly”; b. “deep learning” and 

“elderly”; c. “machine learning” and “elderly”; d. “semantic network” and “elderly”; e. 

“neutral network” and “elderly”; f. “knowledge base” and “elderly.” The literature range 

from 2000 to 2021, with a query in November 2021. Among all initiated papers, all 

conference papers, patents, and non-journal papers were removed. Secondly, to identify 

the most related and valuable literature, papers from Scientific Citation Index (SCI) Q1 

high-impact journals in engineering, computer science, neurosciences, and instruments 

were selected. In total, 446 pieces of paper were collected. Thirdly, screening criteria 

were defined as the following principles: the studies are 1) related to DT 2) with practical 

application scenarios. Finally, 59 pieces of literature were screened from all collected 

publications. 

The content analysis consisted of two stages. In the first stage, the selected papers 

were preliminarily coded based on the research objectives. In the second stage, all papers 

were coded and summarized for practical applications and AI approaches of elderly 

C.-H. Lee et al. / A Survey of Artificial-Intelligence Enabled Digital Transformation 331



healthcare in Sections 3 and 4 respectively. Meanwhile, the AI-based elderly healthcare 

service scenarios and challenges and DT-triggered changes are addressed in-depth.  

2. Applications of AI in Elderly Healthcare Services 

According to the purposes of selected literature and authors’ previous research on DT[1, 

6], this research will analyze the scenarios and functions based on AI technology from 

three directions: health prevention, health screening and health management. 

 

2.1 Health prevention 

The “fall detection prevention” category (11 articles) mainly discusses the systems or 

methods for fall prevention combined with AI technology. We can see there mainly 

exists two kinds of fall detection systems: the first kind is wearable systems based on 

portable or external sensing devices. Wearable systems consist of sensors that can be 

attached to the human body for data collection. Some researchers presented new fall 

detection systems by using data from accelerometers and gyroscopes sensors attached to 

the body of the elderly[7-9]. Nowadays, smartphones have also become an important 

sensor device medium[10, 11]. The other kind is non-wearable systems based on external 

sensing devices. Non-wearable systems are composed of sensors placed around the 

human proximity for data collecting, the most common sensor used is video cameras[12, 

13], while some researches applied infrared array[14], radar[15], WIFI[16]. 

Different limitations should be considered to ensure the reliability of the system in 

different living environments[16]. For instance, in areas such as restrooms and 

bathrooms, privacy issues should be faced firstly, compared to video-based sensors, 

wearable sensor- and wifi, infrared array, radar-based systems would be better at 

protecting personal privacy, nevertheless, it is difficult for wifi, infrared array, or radar-

based systems to identify a person’s activity in a multi-person environment. Wearable 

sensors may cause inconvenience to old adults carrying them. So how to balance the 

above problems and design a suitable PSS system is what researchers need to think about 

further. 

2.2 Health screening 

One of the main topics of health screening is “chronic disease screening”(18 articles). 

Chronic disease is considered as the top 10 causes of death worldwide reported by WHO. 

Alzheimer disease (AD) is a kind of chronic disease that affects an individual’s life 

seriously. As AD is preceded by a transitional stage of Mild Cognitive Impairment (MCI), 

it is important to diagnose this stage as early as possible to avoid its conversion into AD 

with suitable measures. Some researchers designed methods mainly by the results of 

neuroimaging[17-19], while Zhang et al. [20] presented an approach combining the 

results of AI applied multi-modal neuroimaging diagnosis with the results of clinical 

neuropsychological diagnosis to improve the accuracy of MCI identification. Also, many 

researchers used AI to help identify and classify the stages of AD[21-23]. Besides, 

researchers began to utilize different types of data collected from the elderly to identify 
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AD, such as speech data[24, 25] and gait characteristics data[26]. Moreover, AI 

techniques were developed to identify common elderly chronic diseases including Age-

related Macular Degeneration[27], stroke[28], diabetes[29], hypertension[29], 

Parkinson's disease[30], the prediction of depression has also attracted attention [31, 32]. 

Another main topic of health screening is “elderly health evaluation” (6 articles). 

Regular health evaluation is valuable in an older population to prevent health status 

decline at the earliest possible stage[33]. Frailty condition is considered an intermediate 

state in the aging trajectory, but the measurement often requires the assistance of health 

professionals. Combined with sensor technology, AI helps provide more convenient and 

more accessible ways to measure frailty[33-35], for example, Garcia-Moreno et al. [34] 

proposed a platform for assessing the frailty of older adults, which used data acquired 

from older adults while they performed Instrumental Activities of Daily Living (ADL) 

such as shopping. As for other health indicators, including basic physical function[36], 

standing balance[37], and quality of life[38], the use of AI in measuring the above 

indicators has also attracted attention.  

In the context of "big data", the most common challenge faced by most of the above 

studies is the lack of data to train the models[24]. Besides, the models need to be 

validated on multiple sites and in a clinical setting[19], which helps to improve the 

generality of the models[22]. Moreover, the various methods or systems of health 

evaluation should be further used for remote monitoring and managing the rehabilitation 

exercises[33], so more new products, new services, and new PSS can be designed. 

2.3 Health management 

One of the main topics of health management is “in-place remote healthcare assistance” 

(10 articles), mainly including health monitoring and health guidance. Some researchers 

utilized AI technology to design and improve the health monitoring system of the elderly, 

including Cardiovascular disease[39], Dementia[40], physical abilities[41-44], and 

depressive symptoms monitoring systems[45], while other researchers developed AI-

based systems for elderly health guidance, such as drugs management[46], rehabilitation 

assistance [47], and depression management[48]. 

Another topic of health management is “in-place living management” (14 articles), 

mainly including activity recognition and ambient assisted living services. For the 

activity recognition of the elderly, some researchers focused on easily recognized 

events[49-51], such as sleeping, going out, bathing, etc. Moreover, some researchers 

studied the recognition of complex daily activities of the elderly[52-57], especially their 

abnormal behavior. Also, researchers developed and designed systems and robots for the 

ambient assisted living services for the elderly, including pressure ulcers prevention 

system[58], robots for medicines identifying and daily physical activities planning[59, 

60], smart kitchen[61], and smart homes[62], 

All the proposed elderly health management systems should be tested and evaluated 

in practical application scenarios and more extensive user groups to get into details of 

challenges under real-life settings [62], thus making sure they can help enhance the 

quality of life of the elderly[61], moreover, health management systems need a stable 

operation, so the analysis should focus on overall system responsiveness, including the 

performance of core system components, real-time behavior for data exchange and even 

battery life of sensors[58]. Besides, given that older adults are less receptive to digital 

life, follow-up research and analysis on the user experience should be focused on [45].  
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3. Applications and AI approaches applied in elderly healthcare services 

As a rapidly developing field of AI technique, Machine Learning (ML) is viewed as an 

important means to realize the successful DT of elderly healthcare. 

Among the literature, Support Vector Machines (SVM) is the most popular method 

in classic ML models. Owing to its stable performance, it has been selected as the 

standard baseline classifier repeatedly and widely applied in various scenarios in health 

prevention, screening, and management of the elderly. But in general, SVMs were 

originally designed for binary classification, so their capacity to solve multiclass 

classification problems requires further discussion. Other simple classic ML models have 

also been applied when the features are well designed and extracted. Besides, since 

supervised ensemble learning can combine multiple weakly supervised models to gain a 

model with improved robustness, stability, and accuracy, it has been mostly utilized in 

the fields of chronic disease diagnosis and physical health evaluation that require high 

accuracy. All the above classic ML models do well in handling small datasets, but their 

performance can not be improved apparently with the amount of data growing. With the 

upgrade of computational power, Deep Learning (DL) has been widely used by 

researchers. The application of Convolutional Neural Networks (CNN) and Recurrent 

Neural Networks has prevailed in this field. As for the specific applications of the AI 

approaches, this research will illustrate them in terms of health prevention, screening, 

and management, as shown in Figure . 

3.1 AI approach applied in health prevention 

In terms of health prevention, the main application scenario is fall detection. In recent 

years, DL has been widely applied in the design of systems for fall detection of the 

elderly. In addition to single DL models, the hybrid DL models which combine superior 

features of CNN and Long Short-Term Memory (LSTM) models have also shown 

improved performance. Hassan et al. [10] applied a deep CNN-LSTM model and used a 

public dataset called MobiAct to train, and they reported more than 96% accuracy. Liu 

et al. [7] proposed a deep neural network that combines CNN with LSTM algorithms for 

fall detection and found out that the network achieves higher accuracy than traditional 

classification algorithms. 

3.2 AI approach applied in health screening  

In terms of health screening, supervised learning has been mainly used in the diagnosis 

of dementia-related diseases and the evaluation of elderly health indicators. In contrast, 

DL has often been applied in the diagnosis of chronic diseases. As mentioned above, 

supervised ensemble learning algorithms can combine multiple machine learners to 

complete learning tasks, thus having unique advantages in the field of diseases diagnosis, 

Xu & Pan [30] proposed a novel ensemble learning model fusing Random Forest (RF) 

classifiers to diagnose Parkinson’s disease with better results than single Logistic 

Regression or SVM. As for the application of DL, Xu et al. [31] used an LSTM model 

to predict the risk of depression in the elderly. Choi et al. [28] compared different DL 

models to predict stroke disease and found out that the CNN-bidirectional LSTM model 

had high accuracy. There are also studies comparing different models for disease risk 

prediction, especially in predicting geriatric depression. Su et al. [32] found out that the 

1
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Multivariate LSTM model was the most successful model for early diagnosis and 

intervention of depressive disorder of elderly compared to other six classical ML models. 

As for the health evaluation of the elderly, most researchers compared the results of 

different learning algorithms and determined the most suitable algorithms by calculating 

indicators such as accuracy. Garcia-Moreno et al. [34] chose the K-Nearest Neighbor 

(KNN) model in the platform for frailty prediction with the highest accuracy, F1-score, 

sensitivity and specificity. Jung et al. [35] combined the RF model and LSTM classifier 

to identify frailty after experimenting with other models, including Naïve Bayes, KNN 

and SVM. 

Figure 1. AI approach applied in elderly healthcare services 

3.3 AI approach applied in health management 

In terms of health management, three pieces of literature mainly introduced the workflow 

of a health management system designed for the elderly, namely smart kitchen system, 

smart home and precision medicine platform. But the specific AI algorithm utilized was 

not mentioned. Supervised learning has been mainly used in the design of health 

monitoring systems for the elderly, with the function of real-time health monitoring, 

health risk assessment and so on. Calatrava-Nicolas et al. [48] introduced a robotics-

based system applying SVM to help monitor and predict the mood of the elderly. Akbulut 
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& Akan [39] designed a cardiovascular disease monitoring system by using multiple 

supervised learning algorithms. DL has been mainly applied in the activity recognition 

of the elderly to collect ADL data and support the independent living of old adults. 

Minvielle & Audiffren [43] designed a system recognizing the activity of the elderly in 

nursing homes by using Deep Convolutional Neural Networks (DCNN). Ramos [52] et 

al. used bidirectional LSTM networks and proposed a system capable of recognizing the 

usual activities of older adults in real-time. Zerkouk & Chikhaoui [57] developed a model 

to identify and predict the abnormal behaviors of older adults by investigating many DL 

models such as DCNN and LSTM. Some researchers have also compared various types 

of learning models and selected the optimal solution according to the algorithm results. 

Xu et al. [54] employed different ML and DL classifiers, including Decision Trees, SVM, 

KNN, AdaBoost and DCNN, and designed a model to recognize activities of solitary 

elderly. Only a few researchers have applied unsupervised learning and supervised 

ensemble learning, and the application scenarios are relatively single. 

4. AI-enabled DT of Elderly Healthcare Services 

AI-enabled DT has begun to trigger changes of various new wearable products, sensor-

based PSS, and new service models in elderly healthcare. 

For health prevention, with the innovative integration of various high-fidelity 

sensors and high-precision AI algorithms, more prototypes of new products have 

emerged in the field of fall detection for the elderly, including fall risk detection and fall 

recognition systems. Through the real-time, autonomous, effective and rapid 

identification of the fall, the elderly can receive timely help from others after a fall, so 

the serious health consequences caused by "long-lie" can be prevented effectively.  

For health screening, many researchers have begun to apply ML in the process of 

diseases diagnosis by using many kinds of data collected from older adults innovatively, 

for example, the traditional diagnosis of AD is mainly based on the evidence shown by 

neuroimaging, Liu et al. [25] proposed a new method that applies ML and speech data 

of older adults to help identify AD. Also, due to the application of AI, new PSS have 

been created. For example, Garcia-Moreno et al. [34] introduced a platform that can 

automatically measure the frailty of older adults without disturbing their shopping, 

thereby reducing hygiene costs and time of relevant health professionals. 

For health management, in China, the traditional health management services that 

the elderly regularly have access to are physical examinations and health consultation 

services provided by the government. With the rapid development of digital technologies 

such as AI, various remote health monitoring systems and living assistance systems have 

been designed, which can support independent living and provide more diversified and 

personalized services for the elderly. At present, there are PSS that aim to monitor and 

give guidance to the elderly's physical health, including real-time monitoring systems for 

cardiovascular disease[39], telerehabilitation and telenursing guidance systems for the 

elderly [47], etc. Also, there are PSS designed for the elderly's mental health, including 

the elderly emotion prediction systems [48] , and depression detection and care systems 

[45], etc.  

Above all, we can see that Smart PSS with applications of AI can meet the 

diversified and personalized needs in a sustainable manner of the users by integrating 
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smart, connected products and their generated digitalized and e-services. The 

development of Smart PSS should be focused on in future research. 

5. Conclusion 

In this research, we conducted a broad and in-depth discussion of AI-enabled DT in the 

elderly healthcare field to answer research questions 1 to 4. The application scenarios 

and AI approaches were presented in health prevention, screening and management. 

Meanwhile, this research also summarized the benefits brought by AI-enabled DT to the 

elderly healthcare field. By designing, upgrading and integrating AI-based smart new 

products, services, PSS with functions such as perception and interaction, smart product 

groups will be created, and the diversified needs of users can be met. Besides, as a review 

study, this research also summarizes various approaches on new product development 

with multidisciplinary design optimization and especially human-centered design under 

Industry 4.0. It is hoped that this work will provide more valuable insights into the 

engineering practice and transdisciplinary theories in the elderely healthcare field. In the 

future, we believe that AI in DT will be a highly integrated interdisciplinary research 

topic in the academic and practical areas. Researchers should pay more attention to the 

theories and methodologies of the development about smart PSS, smart products and 

smart services driven by the DT enablers in the future elderly healthcare field. 
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