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Exploring internet of healthcare things
for establishing an integrated care link
system in the healthcare industry
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Abstract
With the ageing population all over the world, long-term care services, such as nursing care, are essential to provide care
and treatments to elderly patients in the community. During the nursing care services, elderly patients who live in the
nursing homes require to be treated and consulted in a number of healthcare organisations, for example hospitals, mental
health centres and rehabilitation centres. Currently, the data management for the elderly is relatively centralised to
establish their own electronic medical records and protected health information without decision support functionalities.
The community and healthcare industry are eager to develop a safe and comprehensive system to provide adequate
healthcare services and monitoring to the elderly. In this study, an internet of healthcare things (IoHT)-based care link
system (IoHT-CLS) is proposed, which provides a structured framework on integrating IoHT and artificial intelligence (AI)
to generate a one-stop solution for managing elderly’s healthcare facilities. The elderly can be effectively linked into the
integrated IoHT system by using various sensing and data collection technologies. The collected data are further pro-
cessed by means of the adaptive neuro-fuzzy inference system and case-based reasoning to provide the functionalities of
risk management and customised elderly service programmes for the elderly care institutions. Consequently, this study
contributes to the healthcare management through the enhancement of service quality in the community.

Keywords
Healthcare, internet of healthcare things, elderly care, decision support, artificial intelligence

Date received: 26 December 2020; accepted: 18 April 2021

Introduction

In the nursing care industry, long-term care services are

regarded as the crucial aspect in the social community to

provide proper and timely care and treatments. In recent

years, long-term care plan (LTCP) is established to structure

the services and target patients in the community network.1,2

LTCP 2.0 was formulated in 2017 to enhance front-end

preventive care and back-end communications for support-

ing the multi-target healthcare and hospice services. In

LTCP 2.0, a three-tier ABC community model is suggested,

in which a cluster-tree structure is used to manage integrated

community service centre, multiple service centre and long-

term care station. Under the cluster-tree structure of the

LTCP 2.0, the patients’ data and healthcare service are not

fully integrated as a whole. Although the cluster-tree struc-

ture in healthcare management provides an efficient data

management mechanism, the needs for the decision support

in healthcare services, including the risk management and

elderly care service customisation, cannot be addressed. This

situation resulted in a gap to further improve the service
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quality in the healthcare industry for the elderly. Meanwhile,

without the reliable data management and data transparency,

the healthcare data analytics to customise care services have

been under-researched. Long-term care service providers are

keen on evaluating the risk of non-medical incidents, while

the fall prevention to elderly patients is regarded as the most

critical measure to eliminate tens of thousands of uninten-

tional deaths globally.3 Emerging studies have attempted to

establish an effective fall prevention and detection mechan-

ism by means of internet of healthcare things (IoHT) tech-

nologies and algorithms to accurately predict the fall

occurrence. The living quality of the elderly in nursing

homes must be improved. However, with effective data

acquisition in the healthcare facilities, the data to be pro-

cessed for the fall prevention can be limited, which may

have a negative effect on the evaluation of the fall prevention

in real-life situations.

To address the above-mentioned challenges in the cur-

rent nursing care industry, an IoHT-care link system is

proposed in this study, which comprise IoHT and artificial

intelligence (AI) as a whole. The deployment of IoHT cre-

ates a platform for effective data transmission and

exchange for the stakeholders in the elderly care services,

such as the elderly, nurses and doctors. After the service-

oriented architecture of the IoHT is built, a fall prediction

mechanism is formulated by modifying an adaptive neuro-

fuzzy inference system (ANFIS) based on the behaviour

and characteristics of the elderly in the nursing care indus-

try. Consequently, the pro-active strategy related to elderly

care service programmes can be made to the elderly man-

agement inside the facilities by means of case-based rea-

soning (CBR). The contribution of this study is to integrate

the IoHT and AI as a whole to enhance the data acquisition

and analytics in the elder care industry, while the advan-

tages from the proposed system facilitates the better man-

agement of the healthcare facilities. A backbone of

building an integrated healthcare solution is built in this

study, which can be further extended to a number of deci-

sion support functionalities in the elderly care industry.

This paper is organised as follows. The first section is

the introduction. The second section provides the review of

the related work and literature in the aspects of healthcare

management, IoHT and AI techniques. The third section

presents the modular framework of IoHT-CLS. The fourth

section illustrates a case study in implementing the pro-

posed framework. The fifth section shows the results and

discussion related to performance and comparison of the

proposed framework. Finally, the sixth section presents the

study conclusions.

Literature review

Overview of the elderly care services

Among numerous social phenomena, ageing population is

regarded as the most critical one that draws significant

attention from the community and government. According

to the estimated figures from United Nations Department of

Economic and Social Affairs,4 the increment of the number

of the elder aged 60 years old or above will reach 22% in

2050 compared with the current figures with more than two

billion elderly people in the world. Providing the best living

quality and assistance to the elderly is necessary in the

coming future; the government and international organisa-

tions are responsible for establishing various healthcare

strategies and measures for driving the increased longevity

and low fertility in the community.5 However, such a phe-

nomenon leads to social and economic impacts to the com-

munity and economies worldwide. Given that the demand

of healthcare services has been rapidly increased recently,

the pressure in the healthcare systems and workload on the

healthcare-related personnel are hugely increased. At pres-

ent, the healthcare services to the elderly are divided into

two dimensions: (i) short-term healthcare services and (ii)

long-term healthcare services.

With regard to the short-term healthcare services, hos-

pitalisation is deemed to be the representative one to pro-

vide professional treatment and operations, for example

diseases diagnosis, acute care surgery and emergency care,

to the public. Apart from care services, hospitals originally

play an important role in supporting long-term care service

providers for outreaching the residential and home care

services in the community.6 Based on the report from Cen-

sus and Statistics Department in 2017, the hospitalisation

rate for people aged 65 year old or above in Hong Kong is

substantially increasing due to the growing demands for

short-term and long-term healthcare services driven by the

ageing population. In managing such a large group of the

elderly in the community, the healthcare resources, includ-

ing equipment, facilities and professional staff, to support

the long-term healthcare needs are relatively insufficient,

resulting in long waiting time for investigations and treat-

ments and poor service satisfaction.7,8 To relieve the pres-

sure and financial burdens on the hospitals, governments in

different countries, such as Taiwan, China and US, have

established various initiatives for LTCP to effectively pro-

mote a holistic healthcare services in the community,2,9

This initiative aims to provide a one-stop healthcare ser-

vices for the elderly, from preventative care to community-

based healthcare support, and finally to hospice care.

In the long-term care services, home care and residential

care are regarded as two primary focus in the healthcare

industry. Home care includes an extensive range of health-

care services, covering personal care, supportive care, tech-

nical nursing care and domestic aid, at the elderly’s

homes.10 Caregivers are also equipped with a wide range

of professional healthcare skills, for example home health

aides, physical training and mental support. Although home

care services can be customised and effective to the elderly,

the complexity of providing such services is relatively high,

such as workforce scheduling and adequacy of the care

skills.11 In view of having various health problems for the
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elderly, one caregiver assigned to serve a single elderly

may not be sufficient; consequently, the elderly who needs

‘many-on-one’ care services cannot be catered. Therefore,

residential care services have been promoted as another

long-term care services for providing ‘many-on-many’ care

services for the elderly in centralised facilities. Among

numerous residential care services, nursing homes are the

major long-term healthcare service providers in the com-

munity, which provide a wide range of medical and nursing

care, personal care and social support to the elderly.12 In

United States, a quarter of the elderly are currently living in

nursing homes, and the demand for the residential care

services is expected increase in near the future. Overall,

with the increasing awareness for living quality and health

conditions, particularly under the current outbreak of epi-

demic situations all over the world, the growing demand on

effectively managing healthcare services to the elderly

leads to active investigations for the enhancement of their

health and safety.

Internet of things (IoT) and AI

IoT is regarded as an active research area to establish the

digital linkage between physical objects and virtual world.

Generally, IoT is defined as an interconnection of objects

(i.e. things) in the physical world assimilating and sharing

data with other objects and systems over the Internet.13

Given that IoT is referred to a general use of smart devices,

software and systems in industrial scenarios, several sub-

domains of IoT have been developed to cater various indus-

trial needs and requirements. In the healthcare industry,

internet of medical things (IoMT) and IoHT are two emer-

ging paradigms to collect medical and healthcare data

through IoT devices, respectively. Compared with IoMT,

IoHT is an amalgamation of healthcare systems, medical

devices and other healthcare-related objects to achieve

healthcare information systems via networking technolo-

gies.14 To effectively interconnect the elderly in the com-

munity, IoHT is deemed to be more suitable to be adopted

in monitoring and measuring the health conditions and

needs from the elderly through different advanced technol-

ogies, such as sensing devices and wearables.13,15 The

presence of IoHT re-defines the position of IoT in the

e-healthcare systems for connecting physical healthcare

services and the elderly into the digital world. Meanwhile,

the health-related data acquisition, such as blood pressure,

weight and blood oxygen saturation, can be facilitated. The

deployment of IoHT can be standardised under a network

architecture with considering the perception, mist, fog,

cloud and application layers based on the system require-

ments. With the secure and reliable data collection, various

applications to support the decision-making process in the

healthcare industry can be established, wherein emerging

technologies and techniques can be integrated as a whole,

for example, AI. The appropriate data analytics for the

system users can also be effectively formulated to embed

the intelligence in the traditional operations.16 Some recent

studies show that the use of AI can further strengthen the

service quality and clinical decision support.17,18 Mean-

while, the AI methodologies can be integrated as a whole

to strengthen the decision support functionalities in real-life

situations, such as CBR and ANFIS. CBR was developed as

a backbone in the application system for solving new prob-

lems through referring to the previous cases stored in the

case library, while its mechanism is built by 4Rs, which

stands for retrieval, reuse, revision and retention.19 Further-

more, the CBR is capable of integrating with other existing

AI methodologies to create a synergy for various applica-

tion domains. The ANFIS was designed for facilitating

predictive analytics and machine learning through the inte-

gration of Sugeno-type fuzzy inference system and artifi-

cial neural network.20,21 The network of the ANFIS can be

trained adequate for formulating the corresponding deci-

sion support systems by using the historical datasets as the

supervised learning approach. Consequently, the applica-

tion of the ANFIS is potential to be further extending to the

area of falling-down prediction in the elderly care

management.22

The results of the review of the above studies indicated

that the existing healthcare systems are diversified, which

cannot link together to provide better decision support and

healthcare services to the elderly. With regard to long-term

care services, the effective healthcare system is essential to

provide better living quality and nursing care to the elderly.

To connect every healthcare things, the IoHT is considered

for collecting multidimensional data in the elderly care

industry, while such data can be used to build a holistic

system to enhance the healthcare management in the

elderly care industry.

Design of an IoHT-based care link system

In this section, the IoHT-based care link system (IoHT-

CLS) is designed through referring the system framework

of IoHT, where the intelligent elderly service programme

customisation is established. Inside the programme custo-

misation, the falling-down prediction is constructed by

using the ANFIS, while the customised care plans for the

elderly are generated by means of the CBR. Figure 1

shows the system architecture of the IoHT-CLS with two

major components, namely, (i) structured framework of

deploying IoHT and (ii) intelligent elderly service pro-

gramme customisation. Therefore, all the healthcare-

related information of the elderly can be linked in a

centralised manner to provide the customised and ade-

quate elderly care services.

Structured framework of IoHT for the elderly care

On the basis of the work by Tang et al.13 and Tsang et al.,23

a structured IoHT framework can be formulated in the

context of elderly care with five essential layers, namely,
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(i) perception layer, (ii) mist layer, (iii) fog layer, (iv) cloud

layer and (v) application layer. Under such a structured

framework, a large number of IoT devices can be effec-

tively managed, in which voluminous and heterogeneous

data are securely and efficiently transmitted to a centralised

cloud platform. Under the resource-efficient system envi-

ronment, the applications on the prediction of falling-down

rates and care plan customisation are established.

Layer 1: Perception layer. The perception layer is regarded as

the first layer of the entire structured framework, which

refers to the data acquisition from IoT devices, such as

sensors and wearables, equipped with the elderly. In nur-

sing homes, vital signs of the elderly are recorded at a

regular basis, including heart rate, blood pressure, blood

glucose, body temperature, oxygen saturation and respira-

tion rate, depending on the elderly’s health situations. For

instance, a wearable device (e.g. WearPai WP107) can be

installed to measure the heart rate, blood pressure and

blood oxygen; a thermometer (e.g. Nokia SCT01) can be

used to evaluate the body temperature of the elderly in a

wireless manner; a glucometer (e.g. iHealth BG5) can be

applied to measure the level of blood glucose. In addition,

the elderly can be effectively managed by using identifica-

tion technologies, such as barcode, quick response (QR)

code and radio frequency identification; therefore, all the

collected health-related data can be associated with their

own identities. Given that some of the above-mentioned

devices can be working in a wireless mode, the internet

connection of Wi-Fi should be fully deployed in the

indoor environment to ensure the effective coverage and

connectivity of the devices. Apart from the real-time

health-related data for the elderly, this layer also covers

nonreal-time data collection from various sources, such

as electronic health records (eHRs), personal information

and unstructured clinical notes. After the data collection is

authorised, all the collected data can be managed in a cen-

tralised manner to further build data analytical models,

while the data can be further transmitted into designated

overlaying layer, namely, mist layer or fog layer, according

to the data processing requirements.

Layer 2: Mist layer. The mist layer is introduced in the IoHT-

based solution by using mist computing due to the needs of

time-critical data processing. The extreme edge of a net-

work is deployed by using microcontrollers in IoT devices

for effectively transmitting the data to the fog computing.

The data transmission process from the IoT devices to the

local/cloud servers can be constructed using various wire-

less communication technologies, such as Wi-Fi, Bluetooth

and Zigbee, with edge routers, for example smart phones

and wireless router. Moreover, the rule-based data pre-

processing is conducted for structuring the sensor data for

further analytics and domain applications, resulting in an

efficient data transmission in the aspects of computation

resources, power consumption, communication bandwidth

and so on.

Layer 3: Fog layer. After the collected data are polished in the

mist layer, the data are then transmitted into the fog layer,

in which the fog computing provides high responsiveness

and minimal latency for managing the collected data. In

comparison with the cloud computing, the fog computing is

relatively close to the mist computing for supporting the

functions of local data storage, data fusion, data compres-

sion and partial data analytics to reduce the load of the

cloud-based solutions. Accordingly, the system perfor-

mance, quality of service (QoS) and utilisation of backbone

bandwidth can be improved. Instead of centralising all the

collected data, the data in the fog layer are relatively decen-

tralised in numerous local fog computing with different

computing resources and application services. Filtering and

basic data analytics can be established by embedding the

fog computing in the proposed system to generate different

types of reports for supporting daily operations and

Structured Framework of IoHT for the Elderly Care 
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managerial evaluation of the elderly care facilities. In addi-

tion, the nodes in fog computing are constrained by its

computational power and size limitations to proceed data

generated at a high frequency, where the computational

power in the fog layer is used to provide the functions of

data processing and primitive analysis.24 Subsequently, the

fog layer is connected to the cloud layer to create the on-

demand and cloud-based solution widely spread in the

industry.

Layer 4: Cloud layer. In this layer, the deployment of the

cloud computing is formulated to connect the perception,

mist and fog layers to contribute the application layer.

In the cloud computing, all healthcare data related to

the elderly are aggregated in a centralised manner for

long-term storage and big data processing. A number of

application programming interfaces (APIs) and external

services can also be linked into the cloud platforms,

such as the eHR and e-prescription, with consolidation

of all the real-time and nonreal-time data of the elderly.

The elderly can be monitored in a holistic view, in

which alert management, health monitoring and report

generation can be made for enhancing the effectiveness

and efficiency of the routine operations. In the cloud

computing, different database structures, such as rela-

tional database and NoSQL, can be utilised, depending

on the needs of the applications and system design. The

data can be effectively queried and analysed in the appli-

cation layer.

Layer 5: Application layer. After the IoT transmission, mist

computing, fog computing and cloud computing are

built, the application for the intelligent elderly service

programme customisation can be established. Inside the

application, the functions of fall-down prediction and

care plan customisation are included as the primary

research areas in the proposed system. In the proposed

system, the user interfaces are provided to connect the

stakeholders and end users in the elderly care industry.

Moreover, this layer can control the access rights and

privileges of users in the proposed system to retrieve the

relevant resources from the cloud and fog computing to

the stakeholders.

Intelligent elderly service programme customisation

Under the structured IoHT framework, two primary func-

tions are formulated, namely, falling-down prediction and

care plan customisation. These two functions are intercon-

nected, while the likelihood and consequence of the

elderly’s falling down are used as the attributes to formu-

late the customised care plan for the elderly.

Falling-down prediction by using ANFIS. This section presents

an intelligent method for falling-down prediction of the

elderly living in the nursing homes by using the ANFIS

and the relationship between the elderly’s health data

(e.g. vital sign) and risk of falling down (e.g. likelihood

and severity). Specifically, the risk of falling down to spe-

cific elderly can be predicted according to their health con-

ditions. Firstly, in the training phase, a well-defined dataset

for the historical healthcare data in which the input and

output attributes are defined in advance is collected.

According to Rajagopalan et al.,25 the biological and demo-

graphic fall risk factors can be considered to build the fall

prediction under the IoHT environment. The input attri-

butes include: (i) age of the elderly Vage (in years), (ii)

average heart rate Vahr (in beat per minute), (iii) average

body temperature Vabt (in �C), (iv) average respiration rate

Varr (in breath per minute) and (v) average systolic and

diastolic blood pressure, Vasp and Vadp (in mmHg); the

output attributes cover the following: (i) likelihood of fall-

ing down Lfd (in units) and (ii) severity of falling down Sfd

(in units). The ANFIS can accurately and effectively per-

form input–output fitting through two phases, namely,

model training and operation, through the replicated learn-

ing process.

The ANFIS integrates the method of ANN and fuzzy

inference system to automatically generate the correspond-

ing membership functions and fuzzy rules by using the

training data set. With regard to the architecture of ANFIS,

five structured layers exist, as shown in Figure 2. Layer 1

refers to the corresponding fuzzy class C(i, j), called the

linguistic label, of the input variable xi, where i 2 [1, n]

and j 2 [1, m] denote the number of the input variables and

fuzzy classes, respectively. Moreover, n is the maximum

number of input variables, and m is the maximum number

of fuzzy classes for the specific input variable. Subse-

quently, the membership function Mi of the input variable

xi can be defined, as shown in equation (1). The value of the

membership functions ranges between 0 and 1 with the

specific membership shapes, such as bell-shape and Gaus-

sian-shape.

Mi ¼ mC i; jð Þ
xið Þ ð1Þ

In layer 2, the incoming signals from layer 1 are com-

bined through multiplying the membership values to

compute the firing strength of a rule wj, as shown in equa-

tion (2). Afterwards, the firing strength of a rule is then

normalised by calculating the ratio between all the poten-

tial rules in layer 3, as shown in equation (3). Therefore,

the output of this layer is called the normalised firing

strength.

oj ¼
Yn

i¼1

mC i; jð Þ
xið Þ; 8j 2 1; m½ � ð2Þ

oj ¼
ojXm

j¼1
oj

ð3Þ

In layer 4, a square node is considered with the node

function, as shown equation (4). The normalised firing

strength is then multiplied with the output parameters of

the ANFIS, where x0 is equal to 1. To compute the overall
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output of the ANFIS, the summation of all incoming signals

from layer 4 is conducted, as shown in equation (5).

O4
j ¼ oj fj ¼ oj

Xn

k¼0

rji xi

 !
ð4Þ

O5
j ¼

Xm

j¼1

oj fj ¼

Xm

j¼1
oj fjXm

j¼1
oj

ð5Þ

Given that the membership functions and fuzzy rules

can be obtained in the ANFIS, the fuzzification process

and knowledge repository management can be simplified.

A real-time data set can be inputted with the Sugeno infer-

ence engine, while the demand of the new products can be

estimated from the defuzzification process. The Sugeno

inference engine is designed to handle either a constant

value or linear equation in the consequence part. For exam-

ple, the fuzzy if–then rules can be ‘If x1 is low and x2 is

average, then y is c’, and ‘If x1 is low, and x2 is average,

then f1 ¼ r11x1 þ r12x2 þ r1’. Consequently, the NPDF can

be achieved in a systematic manner by using the proposed

approach.

Care plan customisation by using CBR. Given that ANFIS

evaluates the risks of falling down for the elderly, the

results can be further used to customise the care plan for

the elderly living in the nursing homes. To achieve this

goal, the CBR is adopted to obtain the solution from the

historical cases in the case library with four major phases,

namely, retrieval, reuse, revision and retention. Firstly,

when the review of the care plan takes place, the retrieval

of past relevant cases from the case library is conducted

through the evaluation of a number of attributes, including

but not limited to age, self-care ability, communication

ability and mobility. The attributes defined in the case

retrieval process are subject to the requirements and

coverage of the nursing homes. Considering a number of

attributes, the similarity (Si) between the inputted and the

historical cases can be evaluated for the comparison, as in

equation (6), where f n
i and f o

i denote the value of the

attribute (i) for new and old cases, and wi represents the

weights of individual attributes. On the basis of the simi-

larity values calculated, the historical cases can be ranked

according to their relevance to ensure that the most relevant

case is re-used to formulate the care plan customisation.

Si ¼

Xn

i¼1
wi � sim f n

i ; f
o

i

� �
Xn

i¼1
wi

; where sim f n
i ; f

o
i

� �

¼
min j f n

i j; j f o
i j

� �
max j f n

i j; j f o
i jð Þ

ð7Þ

The past care plans may not be updated and adequate in

the current situation because the health status of the elderly

is deteriorated along the time of living in the nursing

homes. Therefore, the revision of the re-used case should

be made by the domain expert in the nursing homes, for

example, professional caregivers and care plan manager.

The care plan can be customised according to the needs

and health situation of the elderly to maintain the quality of

care and their living quality. After the care plan is success-

fully revised, the finalised care plan for the elderly is then

stored in the case library for supporting the future case

retrieval and analysis.

Case study

To verify the feasibility of the proposed system, a company

located in Hong Kong is eager to develop the system in the

healthcare industry and deploy it in various nursing homes

to improve the quality of care for the elderly. The company

aims to established a quality-driven and elderly-oriented

healthcare solution in the community. In this section, the
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company background and implementation details of the

IoHT-CLS are discussed.

Company background

In this case study, S.T. Limited (alias) is a leading technol-

ogy company in Hong Kong founded in 2000, which is

eager to design and develop smart systems in various indus-

tries, such as healthcare and hospitality management, by

using state-of-the-art technologies, including IoT and AI.

Recently, the case company conducted an in-depth inves-

tigation in the healthcare industry in Hong Kong and found

that existing healthcare-related systems, for example eHR,

PHI and other healthcare decision support systems, are

separately operating. The information from physical

patients cannot effectively be transmitted to the smart sys-

tems to provide adequate healthcare support, particularly in

the elderly care industry. In the elderly care industry, home

care (i.e. the elderly is living in their home, while health-

care services are provided at a regular basis at home by a

dedicated team of caregivers) and residential care (i.e. the

elderly is living in designated healthcare facilities, while

they are closely monitored by caregivers to provide com-

prehensive treatments and assistance) are two major types

of services. The needs for creating an integrated smart

healthcare system in the elderly care industry are substan-

tially huge as the long-term healthcare services in the com-

munity. After consulting a number of industrial partners in

the elderly care industry, this study found that the falling-

down may cause the serious and unpredictable damage to

the elderly, while the care plans are not effectively custo-

mised according to their health deterioration and condi-

tions. In view of the above-mentioned issues, a

systematic approach to provide real-time healthcare deci-

sion support is needed to foster the next evolution of the

long-term care industry. Moreover, the intelligent systems

can be the foundation of the establishment of future LTCP

in the community

Implementation of the IoHT-CLS in the nursing home
environment

The implementation of the proposed system in the industry

is required to verify the technological feasibility of the

proposed IoHT-CLS. In this section, the implementation

plan is formulated step by step, which provides a system

guideline to facilitate the deployment of IoHT in the health-

care facilities. Trial runs of the proposed system are con-

ducted to walk through the entire proposed mechanism

from installation of IoT devices, falling down prediction,

to care plan customisation. Figure 3 shows the implemen-

tation flow of the proposed IoHT-CLS for the healthcare

facilities in the elderly care industry.

Step 1: Deployment of IoT sensors for health monitoring.
Firstly, the appropriate IoT sensors are selected for the data

collection of the elderly and living environment, which

may affect the quality of care (QoC) to the elderly. Table 1

summarises the typical types of sensing technologies to be

considered in the elderly care industry. The selection deci-

sion of IoHT devices should be based on the criteria of

suitability and cost-effectiveness for the entire IoT deploy-

ment in the nursing homes. The requirements of nursing

homes and routine operations in the proposed system are

investigated in advance to collect the health-related and

elderly-related data. Although many smart devices for data

collection are available in the market, the cost-

effectiveness of using such devices should be considered

to meet the nursing homes’ expectation on return on invest-

ment and level of technology adoption. The five aspects

needing sensing technologies are organised as follows:

(i) vital sign and metabolic parameters, (ii) environmental

conditions, (iii) elderly identity, (iv) fall detection and

(v) activity and behaviour. Based on the five defined

aspects, the relevant data to be collected are outlined,

which are under total health monitoring and inputs for the

healthcare decision support systems. The potential devices

and solutions are also included in Table 1. Accordingly,

healthcare facilities can select the appropriate combination

of equipment based on resources, such as capital invest-

ment and number of skilled employees, and coverage of

services. Given that the IoT devices and solutions are built

by different vendors, data pre-processing to load, transform

and extract useful data is required. Meanwhile, the basic

monitoring functions, including sending alerts and generat-

ing reports, can be completed at this stage. Afterwards, the

Start of system 

implementation

End of system 

implementation

Step 1: Deployment of IoT sensors for health 

monitoring

Step 2: Formulation of wireless sensor 

network in healthcare facilities

Step 4: Development of healthcare decision 

support functionalities

ANFIS for falling-down prediction

CBR for care plan customisation

Step 3: Establishment of IoT development 

environment

Figure 3. Implementation flow of the proposed IoHT-CLS.
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pre-processed data can be consolidated in a single payload

through connecting multiple service APIs for supporting

data storage and future query in the cloud environment.

Such data payloads are also tagged with elderly’s IDs to

effectively construct the association with their medical

records and care plans.

Step 2: Formulation of wireless sensor network (WSN) in
healthcare facilities. After the appropriate sensing devices

and solutions are selected, the WSN for the elderly and

living places can be established to achieve the total health

monitoring in healthcare facilities (Figure 4). In the WSN,

each system node contains the data of the elderly specified

by the IoT sensors in the five aforementioned aspects,

while the system nodes are interconnected together as a

whole in the healthcare facilities. The collected data are

then transmitted to the cloud platform via an edge router,

which plays a role of moderator to provide transmission

scheduling between fog computing and computing. To

structure the data transmission, wireless communication

Table 1. List of sensing areas for building IoHT.

Sensing areas Data to be collected (units) Potential device(s)/solution(s)

Vital sign and metabolic parameters � Body temperature (�C)
� Pulse rate (beats/minute)
� Respiration rate (breaths/minute)
� Blood pressure (mmHg)

� VitalPatch from VitalConnect
� Wireless ICU from Caretaker
� mTABLET ABI with TBI from MESI

Environmental conditions � Room temperature (�C)
� Room relatively humidity (%)
� Light intensity (lux)
� Acoustic level (dB)

� GS1-AETH1RS from UbiBot®

� Smart Citizen Kitfrom LABMARKER

Elderly identity � Elderly’s ID
� GPS location

� Radio frequency identification
� Wearables (e.g. SA3 Elderly Smart Watch)

Fall detection � Falling-down frequency (units) � DetectPro Fall Management System from Warmcare
� Angel 4 from Sense4Care

Activity and behaviour � Video of elderly movements � CCTV-based surveillance systems
� Motion Sensor MS1 from UbiBot®

Healthcare Facilities

(e.g. nursing home)

Sensing Devices and Solutions

Wireless Sensor Network

Vital sign and

metabolic parameters

Environmental

conditions

Elderly identity

Fall detection

Activity and

behaviour

Elderly Data

Edge

Router

System Node for WSN

Falling-down 

Prediction

Care Plan 

Customisation

IoHT Development Platform

Cloud
computing

Figure 4. Graphical illustration of the WSN for the IoHT-CLS.
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technologies (e.g. Bluetooth and Wi-Fi) and IoT protocols

(e.g. MQTT and CoAP) are widely used between system

nodes and the edge router and between the edge router to

the IoT development platform, respectively. This technol-

ogy maintains acceptable QoS for the deployed IoT ser-

vices and solutions. Subsequently, the collected data can

be stored and analysed in the IoHT development platform

to build the designed decision support functionalities,

namely, falling-down prediction and care plan

customisation.

Step 3: Establishment of IoT development environment. When

the data are successfully structured and transmitted from

the edge router, the IoT development environment should

be built to store, manage and analyse the collected data to

deploy the proposed applications. Recently, numerous IoT

development platforms can be used to construct the IoHT

solutions, such as IBM Cloud, Microsoft Azure and Parti-

cle. These platforms are user-friendly in customising the

solutions and data management, while on-demand sub-

scription services are provided. For instance, in the IBM

Cloud, such an IoHT application can be built on its Internet

of Things Platform in node.js environment. Cloudant is

used as the NoSQL data storage. The applications can be

designed and developed in the Node-Red environment to

ensure that the collected data can be simply linked to the

front-end and back-end systems. Accordingly, the custo-

mised user interfaces for this IoHT application can be

established, and the corresponding decision support func-

tionalities can be deployed inside the IBM Cloud.

Step 4: Development of healthcare decision support
functionalities. Given the data collection and management

of IoHT are achieved, the collected data can be further used

to provide the functions of falling-down prediction and care

plan customisation. To demonstrate the proposed methods,

a set of training and testing data with the size of 50 are

considered, and five sets of elderly data are simulated to

show the feasibility of the proposed methods. To examine

the feasibility of the proposed system, five elderly patients

are invited from the case company to measure their risks of

falls and identify the most relevant past case for care plan

customisation.

In the falling-down prediction, the ANFIS is trained by

50 rows of historical data, where 35 of them are used as

training data and the rest as validation data. Table 2 shows

the selected settings used in formulating the ANFIS in

terms of FIS structure, number of membership functions,

type of membership functions and epoch number. Subse-

quently, two ANFIS engines can be trained to evaluate the

values of likelihood and severity of falling down for spe-

cific elderly patients. In predicting the likelihood of falling

down (scale from 1 to 10), the minimal training and valida-

tion errors are 0.5 � 10�5 and 4.01172, respectively, mea-

sured by the using root mean square error. In predicting the

severity of falling down (scale from 1 to 10), the minimal

training and validation errors are 0.4 � 10�5 and 4.44201,

respectively.

Consequently, two trained and validated ANFIS engines

can be deployed for evaluating the index of falling down

prediction. Figure 5 presents the graphical illustration of

the prediction mechanism by means of ANFIS. The incom-

ing datasets are inputted to the trained and validated ANFIS

engines to evaluate the likelihood and severity of falling

down. The index of falling down prediction Ifd is calculated

by multiplying the likelihood and severity together. Table 3

shows datasets of five current elderly patients who live in

the nursing home, in which the corresponding likelihood,

severity and indexes are measured. The resultant index of

falling down prediction is scaled from 1 to 100, which

Table 2. Attributes of building ANFIS for falling-down prediction.

Attributes in ANFIS Selected settings

FIS structure Grid partition
Number of membership functions 3
Type of membership functions Triangular shape
Epoch number 1000

ANFIS

ANFIS

Incoming Data (Input):
• Age of the elderly

• Average heart rate

• Average body temperature

• Average respiration rate

• Average Systolic blood pressure

• Average diastolic blood pressure 

Likelihood of 

falling down

Severity of 

falling down

Index of fall 
prediction

Training and Validation

Historical Data

RMSE 

measurement

Output

Figure 5. Mechanism of using ANFIS to predict falling down for the elderly.
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shows the gravity of falling down for specific elderly

patients. When the index value is high, the risk of falling

down is correspondingly high in terms of likelihood and

severity. Therefore, elderly patients with high index values

needs extra attention on daily care and activities, and their

care plans should be revised to maintain a high QoC when

living in the nursing home in future.

In the care plan customisation, the CBR mechanism is

adopted to modify the existing care plans based on previous

cases through executing retrieval, reuse, revision and reten-

tion (Figure 6). The attributes of index value, age group,

level of dementia, level of mental health and level of phys-

ical health are considered to retrieve the past cases from the

case library. To demonstrate the mechanism of the CBR,

the elderly patient (#4) is selected, while the status of the

attributes is f0.5, 31.52, 0.25, 0.25, 0.5g, which denotes the

age group, index value of fall prediction, level of dementia,

level of mental health and level of physical health, respec-

tively. Except the index value of fall prediction, the other

attributes are measured as nominal values. In the age group,

the value 0.5 refers to the group ageing between 61 years

old and 70 years old; the value 0.25 of level of dementia

and level of mental health refer to the relatively mild symp-

toms and situations; the value 0.5 of the level of physical

health denotes the intermediate situation. Subsequently, the

similarity between the selected elderly patient and past

cases stored in the case library can be calculated, and the

top five similarity values with the case parameters are pre-

sented in Table 4. After ranking the similarity rates, the

most similar case from all the past cases is selected as the

source for updating the elderly’s care plan. A serious drop

of similarity values was observed between cases CP1101

and CP0503 from 0.9277 to 0.7383. This result is a sign that

the case library does not sufficiently include relevant cases.

Although only the most relevant case is selected for assist-

ing the care plan customisation, the sufficient large case

library is beneficial to provide accurate reasoning to the

care plan customisation. The domain experts, such as care-

givers, are required to consider the selected past care plan

to revise the current care plan to truly satisfy the elderly’s

Table 3. Results of measuring the index of falling down
prediction for five elderly patients.

Input Output

# Vage Vahr Vabt Varr Vasp Vadp Lfd Sfd Ifd

1 65 79 36.5 15 119 76 2.67 1.74 4.64
2 68 83 36.2 13 125 66 3.50 0.81 2.83
3 76 76 37 16 132 77 5.18 1.83 9.45
4 81 88 36.9 17 86 59 4.85 6.50 31.52
5 89 70 36.5 18 80 62 1.90 2.11 4.00

Retrieval Reuse

RevisionRetention

Case Library

Similarity 

evaluation with 

past cases

Ranking and 

identification of 

the most relevant 

case

Status of Elder
Patients:
• Age group

• Level of dementia

• Level of mental health

• Level of physical health

Expert review

Customised 

care plan

• Index of fall prediction

Falling down prediction 

by using ANFIS

Figure 6. CBR mechanism for the care plan customisation.
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needs and health conditions. After the care plan is revised

and updated, the approved care plans are then retained to

the case library, and the finalised care plan is released to the

designated elderly patients.

The care plan for the elderly patient (#4) is formulated

with the aid of the proposed system, as shown in Figure 7.

The revision of the care plan considers the personal health

information of the patient (e.g. sex, age and body mass

index), risk factors (e.g. swallowing difficulty, falls and

wandering), functional assessment (e.g. medical history,

mental state and mobility), needs of personal care (e.g.

nursing care and social care) and other professionals’

comment to the patient. The entire care plan is divided into

four major components, namely, (i) nursing diagnosis and

concerns, (ii) goals and outcomes, (iii) interventions and

(iv) review and evaluation.

Results and discussion

A systematic approach to connect elderly patients living in

the healthcare facilities to the digital worlds is formulated

by means of IoHT technology through the case study. The

IoHT-enabled solution covers two functionalities of

falling-down prediction and care plan customisation, which

address the core needs of caregivers in the long-term care

industry. On the one hand, the index value of falling-down

prediction can be evaluated for all elderly patients based on

historical records and performance by using ANFIS. The

risk level of falling down for elderly patients can be quan-

tified for caregivers to formulate and distribute adequate

measures and remedies to maintain a designated level of

QoC. On the other hand, care plan customisation is

achieved by using CBR, wherein the new care plans for

elderly patients are formulated according to high quality

cases stored in the case library. To further discuss the val-

ues of this study, state-of-the-art comparisons and implica-

tions towards a next generation of LTCP are included in

this section.

State-of-the-art comparisons

The proposed methodology (i.e. IoHT-CLS) in this study

integrates IoHT, ANFIS and CBR as a whole to link

elderly’s health conditions in real-time to provide decision

support functionalities in the healthcare facilities. A com-

parison with state-of-the-art studies is conducted in this

section to differentiate the values of the proposed metho-

dology. In comparison with the work of Yu et al.,2 Asif-Ur-

Rahman et al.,14 and Lam et al.,16 CBR was found to be

promising in modifying the care plan in the healthcare

industry, while the elderly satisfaction and QoC can be

improved. Accordingly, the proposed methodology adopts

a similar approach but additionally considering the falling

prevention, which is the most critical risk in the elder care

industry. The attributes in retrieving the historical cases are

enriched through the inclusion of index value of falling

down prediction by considering the fall prevention. Asif-

Ur-Rahman et al.14 adopted the IoMT technology in the

context of long-term care, which was highly related to

medical signs, information and treatments. Our work

adopts the concept of IoHT technology for the long-term

care to collect a wide range of healthcare-related data,

including medical data, personal health status, activity and

behaviour. A broader scope for the healthcare data

Table 4. Top five similar cases with similarity rates.

Weightings

0.3 0.4 0.1 0.1 0.1

Case No. Age Group Index Value Level of Dementia Level of Mental Health Level of Physical Health Similarity Rate

CP0106 0.5 33.24 0.25 0.25 0.5 0.9793
CP1101 0.5 33.38 0.5 0.25 0.5 0.9277
CP0503 0.75 37.27 0.5 0.5 0.5 0.7383
CP0221 0.25 32.37 0.75 0.25 0.25 0.7228
CP0892 0.25 32.82 0.5 0.5 0.75 0.7008

Nursing Diagnosis and Concerns:
• Impaired memory, environmental interpretation syndrome

• Dementia Alzheimer type as evidenced by forgetfulness and inability 

to retain new information

• Clinical evidence of organic impairment 

Goals and Outcomes:
• Free from harm and staying calm 

• Activities of daily livings (ADLs) at maximum of functional ability

Interventions:
• Interaction with the client to re-orient the role of the staff

• Measurement of blood sugar level, respiration rate, blood pressure and 

body mass index

• Avoidance of using anticholinergic medications

Review and Evaluation:
• Review on the planned goals and outcomes to the patient on a specific 

date

Customised 

care plan

Figure 7. Care plan sample for the elderly patient (#4).
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collection and acquisition is suggested in the proposed

methodology. In view of the fall prevention, previous

work20,21 examined the body movements and behaviour

to establish the fall detection mechanism. However, the

proposed methodology formulates a pro-active approach

to form an index value of falling down prediction based

on age and health condition. Apart from the existing robust

fall detection mechanism, this study formulates the fall

prevention by using ANFIS, while the estimates of fall

prediction can be quantified to trigger the care plan revision

and updates. Overall, this study presents an integrated and

intelligent approach to connect data of the elderly in the

physical world to the digital world, resulting in effective

decision support for caregivers. This study creates an intel-

ligence system for improving the QoC in nursing homes by

means of real-time health monitoring, fall prediction and

care plan customisation, which is regarded as a novel

healthcare information system in the long-term care indus-

try. The proposed system is designed and developed to

cater for the needs in nursing home, while the routine pro-

cess, including health monitoring, risk management and

care plan formulation, can be digitalised.

To further validate the proposed system, a comparative

analysis with existing IoT-based applications in the health-

care industry are considered,26–29 as shown in Table 5.

Most existing healthcare systems were developed

according to the typical IoT paradigm without considering

the fog and mist computing in the system deployment. The

data directly stored in cloud computing may jeopardise the

health of the IoT network and consume substantial compu-

tational power and resources. In addition, the existing sys-

tems focused on the perception in the healthcare scenario,

without using the data collected by IoT technologies to

provide decision support functionalities in the healthcare

industry. In view of the above-mentioned weaknesses, the

proposed system addresses the pitfalls from the existing

work, which is built according to the IoHT paradigm with

integrating ANFIS and CBR to achieve fall prediction and

care plan customisation. Therefore, such an intelligent sys-

tem leads to the evolution of LTCP in the community.

Implications towards a next generation of LTCP

With the IoHT-enabled approach in the long-term care

industry, decision makers, for example care managers and

nurses, are effective in providing elderly-oriented care ser-

vices to the patients, while maximisation of QoC and better

cost control can be reached. In the current paradigm of

LTCP 2.0, a holistic structure for providing long-term care

services in the community is established, and the service

customisation has been emphasised to cater specific

elderly’s needs and wants, instead of managing them in a

centralised manner. The better QoC in the care services can

bring to the improvements of QoL to the elderly.

The potential of reaching the evolution of LTCP is sub-

stantially great in near future due to the dawn of smart

systems, digital transformation and AI. From this study,

the integration of IoHT and AI starts changing the existing

operations and providing additional decision support func-

tionalities in the industry. All the elderly’s data and infor-

mation can be centralised for further data analytics, which

can generate a positive impact to care services and opera-

tions. From the outlook of LTCP, the fusion of emerging

technologies and methodologies can be continued to estab-

lish holistic and robust care services to the elderly, includ-

ing home care and residential care. To treat this study as the

Table 5. Comparison between the proposed system and existing studies.

26 27 28 29 This work

Objectives

To propose an
architecture for a
healthcare system
in a smart home

To propose a security
model for handling
diagnostic text data in
medical images

To design a real-
time internet of
things system based
on ISO/IEC30141

To propose a
security model
for IoT healthcare
systems

To propose a care link
system for enhance the
quality of long-term
elderly care services

IoT paradigm IoT IoT IoT IoT IoHT
Cloud computing � � � � �
Fog computing ß ß � ß �
Mist computing ß ß ß ß �
Other emerging

aspects
N/A 2D-DWT-1L,

2D-DWT-2L,
AES and RSA
cryptographic
techniques

N/A N/A ANFIS, CBR

Health monitoring � N/A N/A � �
Decision-making

in elderly care
N/A N/A N/A N/A Fall prediction, care plan

customisation

2D-DWT-1L: 2D discrete wavelet transform 1 level; 2D-DWT-2L: 2D discrete wavelet transform 2 level; AES: advanced encryption standard; RSA:
Rivest–Shamir–Adleman; ANFIS: adaptive neuro-fuzzy inference system; CBR: case-based reasoning.
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foundation for future LTCP, digital twins for the elderly

and care services can be established30,31. Accordingly, truly

pro-active strategies on providing long-term care services

can be established from the digital simulation of the elderly

and operations32. In addition to connecting the physical

world to the digital world, the decentralised identity by

means of blockchain can also be formulated, and the iden-

tity verification between various healthcare centres can be

simplified33. Medical and care records can be linked to the

elderly in a secure and immutable manner34. Thus, the trust

of the records can be established.

Concluding remarks

In summary, this study proposes an integrated approach

consisting of IoHT and AI to improve the decision support

functionalities under the environment of LCTP 2.0. To

align the goal of elderly-oriented and -customised services,

the proposed methodology enables the data acquisition by

IoHT technology, while the fall prevention and care plan

customisation are achieved by the data-driven analytics of

ANFIS and CBR. The implementation plan is suggested

along with the case study to deploy the proposed methodol-

ogy in real-life situations, wherein the mechanism of

falling-down prediction and care plan customisation are

described step by step in detail. The risk level of falling

down to the elderly can be effectively evaluated by using

ANFIS, which can be further used in the CBR mechanism

to modify the care plans in accordance with elderly’s

requirements and health conditions. This mechanism con-

tributes to the comprehensiveness of LCTP 2.0 and aligns

to the objectives for long-term care services in the commu-

nity. The technological fusion in the long-term care indus-

try is still at a preliminary stage, which has a high potential

to further develop various intelligent systems, such as digi-

tal twins and blockchain, to enrich the operational effec-

tiveness and reliability of the care services.

The decision-making process on falling down prediction

and care plan customisation is strengthened with the use of

the proposed system in nursing homes. Meanwhile, the

system autonomy and adaptability are enhanced through

the deployment of IoHT and adoption of AI methodologies.

However, this study is limited to only one case study to

examine the effectiveness and performance of the proposed

system, and the number of cases stored in the case library is

limited for the illustration of the system mechanism. In the

future, additional case studies should be considered for the

implementation of IoHT, ANFIS and CBR in the nursing

homes. Apart from the risk of falling down, other critical

risk factors, including swallowing difficulty, wandering,

cognitive impairment, emotion performance, behavioural

problems and allergies, can be estimated by means of fuzzy

inference systems. Overall, a robust and comprehensive

healthcare solution can be developed to address the grow-

ing needs of nursing care to the elderly in the community.
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27. Elhoseny M, Ramı́rez-González G, Abu-Elnasr OM, et al.

Secure medical data transmission model for IoT-

based healthcare systems. IEEE Access 2018; 6:

20596–20608.

28. Yuan B, Chen DJ, Xu DM, et al. Conceptual model of real-

time IoT systems. Front Inf Technol Electr Eng 2019; 20(11):

1457–1464.

29. Tawalbeh M, Quwaider M and Lo’ai AT. Authorization

model for IoT healthcare systems: case study. In: 2020 11th

international conference on information and communication

systems (ICICS) (ed I Hmiedi), Irbid, Jordan, 7–9 April 2020,

pp. 337–342. Piscataway, NJ: IEEE.

30. Liu Y, Zhan L, Yang Y, et al. A novel cloud-based framework

for the elderly healthcare services using digital twin. IEEE

Access 2019; 7: 49088–49101.

31. Cui F, Ma L, Hou G, et al. Development of smart nursing

homes using systems engineering methodologies in industry

4.0. Enterprise Inf Syst 2020; 14(4): 463–479.

32. Rahi S, Khan MM and Alghizzawi M. Factors influencing the

adoption of telemedicine health services during COVID-19

pandemic crisis: an integrative research model. Enterprise Inf

Syst 2020: 1–25.

33. Tsang YP, Wu CH, Ip WH, et al. Exploring the intellectual

cores of the blockchain–Internet of Things (BIoT). J Enterp

Infn Manag 2021. DOI: 10.1108/JEIM-10-2020-0395.

34. Rahmadika S and Rhee K-H. Blockchain technology for pro-

viding an architecture model of decentralized personal health

information. Int J Eng Bus Manag 2018. DOI: 10.1177/

1847979018790589.

14 International Journal of Engineering Business Management



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


