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Abstract. Automated decision-making is one of the fundamental functions of smart
home technologies. With the increasing availability of Artificial Intelligence (AI)
and Internet of Things (IoT) technologies, those functions are becoming increas-
ingly sophisticated. While many studies have been conducted on optimizing algo-
rithms to improve the accuracy of predictions, less attention has been paid to how
humans interact with algorithmic systems. This involves questions such as to what
degree humans are involved in the algorithmic decision-making process and how
we can design meaningful interactions between humans and systems relying on
decision-making algorithms. With these questions in mind, our paper presents a lit-
erature review on the current state of decision-making algorithms in smart homes.
Based on an analysis of 49 selected papers, we present a systematic investigation
towards the application areas and the deployment functions that decision-making
algorithms currently take in smart homes. Focusing on two main application ar-
eas – energy management and healthcare, our paper sheds light on the current de-
ployment of decision-making algorithms in smart homes and identifies the current
intentions of involving humans in-the-loop. Within the background of facilitating
human-in-the-loop as an interaction paradigm, we aim to expose the design chal-
lenges for human-in-the-loop decision-making algorithms in smart homes which
can pave the way for developing more effective human-machine hybrid intelligent
systems in smart homes in the future.

Keywords.
smart home, decision-making algorithm, human-centered AI, human and algorithm
interaction

1. Introduction

A smart home is an application area of ubiquitous computing in which the home envi-
ronment is equipped with ambient sensors and actuators to provide context-aware ser-
vices and facilitate remote home control [1], aiming to provide comfort, safety, and save
energy for the inhabitants. With the rapid development of AI (Artificial Intelligence)
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technology, smart homes are becoming more sophisticated. While early versions mostly
depended on time tables and simple sensor readings, newer designs of smart homes an-
alyze data with the help of machine learning technologies to detect patterns automati-
cally and make more sophisticated decisions for their users. Even though users are still
in control and can override automated decisions of their smart home systems, there is the
question how such forms of human-algorithm interaction can be designed in a way that
ensures both comfort and transparency. Our study seeks to understand the current state
of decision-making algorithms in smart homes, investigating application areas as well
as their deployment situation. Through a literature analysis of current works in the area
of algorithmic decision-making in smart homes, we aim to achieve a bird-eye view and
investigate design opportunities for human-algorithm interaction design.

We can note that lots of studies have focused on improving the quality of decision-
making algorithms [2][3][4] or applying such technologies to broader application areas
[5][6][7]. At the same time, there are few studies on how humans interact with decision-
making algorithms, even though existing studies have investigated the impact of algo-
rithm decisions on human decision making, exposing a need to involve humans into the
automation to reduce biases of the systems [8]. Some research [9] has shown that we
need to put humans in-the-loop to help algorithmic decision-making to overcome their
limitations. It exposes the difficulties of designing for human and algorithm interaction
in various fields of applications and their impacts on our everyday lives.

This paper seeks to provide a systematic review towards decision-making algorithms
in smart homes, an area where such technologies are arguably very impactful on human
life. It aims at investigating the possibilities and challenges for human and algorithm
interaction. Specifically, in this paper, we want to investigate

• RQ1: What are the functions of decision-making algorithms in smart homes that
are currently discussed in the literature?

• RQ2: What are the design challenges of human-in-the-loop decision-making al-
gorithms in this context?

The contributions of this paper are the following:

• We provide a systematic literature review towards functions of decision-making
algorithms in current smart home systems.

• Based on an analysis of the state-of-the-art, we expose design challenges for
human-in-the-loop decision-making algorithms in smart homes.

After the introduction, section 2 introduces the related work on the core issues that
we are investigating. Section 3 describes the methodology that was used in our literature
review. Section 4 provides a comprehensive overview on application areas and functions
that decision-making algorithms provide in smart homes (RQ1). Section 5 goes on to
discuss challenges for human and algorithm interaction, and analyses design challenges
for human-in-the-loop decision-making algorithms in smart homes (RQ2). The paper
closes with a conclusion and outlook on future work.
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2. Related Work

2.1. IoT in Smart Homes

Internet of Things (IoT) technologies are at the core of smart homes [10]. Generally,
the IoT describes “physical objects (or groups of such objects) with embedded sensors,
processing ability, software, and other technologies that connect and exchange data with
other devices and systems over the Internet or other communications networks”[11].
Hence, the IoT [12] bridges the gap between the virtual world and the physical world.
Based on IoT infrastructure such as networked sensors and actuators, users can control
their house appliances with devices such as tablets, mobile phones or computers. It aims
towards “Home Automation” where users can control all of the devices in the smart
home with all of the appliances connected to each other. Among others, it aims to in-
crease comfort, safety, and also provide means for saving energy for the inhabitants (e.g.
allowing to check from afar if a window is open or the stove still turned on).Apart from
manual control, Artificial Intelligence (AI) increasingly plays a role in the smart home,
for example, Alexa – a smart voice assistant from Amazon – uses speech recognition
and natural language processing technologies to allow users to control appliances with
their voice. Other smart devices try to detect behavior patterns and provide automated
control of appliances based on the user habits. For example, if all persons left the home,
with AI technology, the heater, fan or any device can be turned off and the door locked
automatically. Xiao[13] divides AI functions in smart homes into 6 categories – activ-
ity recognition, data processing, decision-making, image recognition, prediction-making
and voice recognition. In our study, we are concerned with the issue of decision-making
in the context of smart home technologies, which we will further explain in the following
section.

2.2. Decision-making algorithms

The definition of an algorithm is “a process or set of rules to be followed in calculations
or other problem-solving operations, especially by a computer” [14]. Decision-making
[15] is a process in which an agent, no matter if it is a physical entity like a human or
a non-physical entity such as a decision-support system, acts based on data observed
from the environment. With help of algorithms or machine learning, computers can take
decisions based on such observations and also act on them with the help of actuators
(such as turning the light or a heater on or off). Systems that take such decisions on
behalf of users based on algorithms (be it human-designed or trained automatically) is
what we understand as decision-making algorithms in our study. Decision-making al-
gorithms or algorithmic decision-making [16] are widely used in different areas to take
automated decisions or help humans in making decisions. For example, in autonomous
cars, decision-making algorithms can be used to decide where to go next[17], or how to
manage to go to the destinations in the most effective way[17]; in the financial sector,
decision-making algorithms can be used to evaluate the financial risks[18] or help people
invest their resources in a sustainable manner across their lifetime [19]. In the area of
healthcare, decision-making algorithms can be used to support diagnoses of the doctors
[20][21], or help patients to make a decision towards purchasing a specific healthcare
product based on individual parameters [22]. Further examples include aerospace ap-
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plications, where decision-making algorithms can help to prevent midair collisions be-
tween aircraft[23], or other safety-critical domains such as firefighting wildfires, where
decision-making algorithms can support safety and efficiency of emergency response
operations [24][25][26].

Decision-making algorithms also appear in smart home scenarios, where intelligent
buildings increasingly take ever more sophisticated decisions, for example in the domain
of energy management, balancing energy loads based on the status of the energy grid
[27] or control heating/cooling based on predefined values [28] (sometimes set by the
energy providers as a recent example from the USA showed).

3. Methodology

Figure 1. Procedural Visualization

3.1. Databases

Our literature review investigates the role of decision-making algorithms in smart homes.
More specifically, we focus on the use of algorithms that automatically make decisions or
support decision-making in the context of private homes. Relevant papers were identified
by searching the scopus database. Scopus is the largest abstract and citation database
which delivers a broad view on research from several fields, e.g. science, technology,
social science.

3.2. Search Term

The search keywords have been “decision-making algorithms” and “smart home”. We
tried other similar keywords, for example, “decision support tools” and “smart home”,
“decision making” and “smart home”, but discarded papers that did not discuss algo-
rithms as part of the system description. Moreover, because of the rapid development
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in the AI domain, and to narrow down our search to the latest research, we only col-
lected matching papers from 2018 to 2022. Therefore, based on these criterion, in the
first searching phase, 100 papers were selected.

3.3. Inclusion criteria

The title and abstracts of 100 papers were screened by the first author to identify whether
they are related to our context – smart home and whether they discuss decision-making
algorithms in an appropriate depth. Only full papers were considered for the analysis,
leading to 10 papers being discarded. After reading the title and abstract, 55 papers where
left for us to analyse deeper. Of these, we checked the full text in depth. In the end, we
included 49 papers (see Appendix) in our analysis, after some had to be discarded by
being too far of our research topic. For example, there were several papers that related to
the smart grid, but did not cover the interaction with users [29].

4. Results

4.1. The Application Areas of decision-making algorithms in Smart Homes

RQ1 aims to identify the application areas of decision-making algorithms in smart
homes. According to the literature review, there are two main application areas - energy
management and healthcare. Among all of the 49 selected papers (see Appendix - Table
3), we found that 55% have contributed to the energy management application area, 16%
have contributed to the healthcare area (see Figure 2). For other application areas, it in-
cludes entertainment, security and etc. In the following sections, we describe two main
application areas in more detail.

Figure 2. Application areas of decision-making algorithms in smart homes

4.1.1. Energy management

In the smart home, one of the most prevalent application areas that decision-making algo-
rithms apply to is energy management. Mostly, they are deployed as home energy man-
agement system (HEMS) to control and schedule home appliances. The main objective
of the decision-making algorithms here is to minimize the cost of energy consumption
and maximize the comfort of inhabitants in the smart home. Another objective is to make
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the smart home users “active in the energy market and reduce the pressure of the power
grid including peak shaving, load shifting and etc and achieve better carbon efficient
environment[30]”. According to the literature review, energy management can be done
both on the side of the smart grid and within the smart home. For the smart grid, it mainly
focuses on optimising the supply side of the grid by involving users in the energy allo-
cation decision making process. For the smart home, it mainly focuses on comfort and
energy saving practices within the home, which can be related to smart grid technologies
(but don’t have to). For example, in the smart grid, the decision-making algorithms aim
to allocate energy based on the (measured or predicted) user demands. Furthermore, ap-
plications within the home can be controlled from outside (with user’ agreement) to im-
prove the load balancing of the grid. Before the smart grid, the supply side management
was only focusing on a single-side optimization problem, but with an energy manage-
ment system (HEMS) installed in the smart home, the decision-maker in the supply side
can get responses from the customers and have a “smart” interaction with the demand
side. Current research is proceeding into the bi-level optimization problem with both
the supply side and the demand side. Therefore, an iterative decision-making process
between the upper-level optimization and the low-level optimization [31] is emerging.
On the demand side in smart homes, energy management can “allow the end-users to
communicate with the grid operator so that they can contribute in making decisions and
assist the utilities to reduce the peak power demand through peak periods”. For instance,
Fanlin et al.[32] introduces a two-level decision-making framework between the smart
grid and users. One level is for retails to announce their electricity prices for the next 24
hours, and the other level is for users to schedule their energy usage accordingly.

4.1.2. Healthcare

Healthcare in smart home or smart healthcare is the second major application area where
decision-making algorithms are deployed in smart homes. The aim is usually to reduce
the cost of healthcare and improve people’s quality of life. Healthcare in smart homes is
related to several special concepts such as “Ambient intelligence” or “Ambient assisted
living” [33]. Ambient intelligence can be defined as “a computing paradigm that uses
information technology and its applications to enhance user abilities and performance
through interconnected systems that can sense, anticipate, adapt, predict, and respond to
human behavior and needs” [33]. Ambient assisted living “aims at extending the time
older people can live in their home environment by increasing their autonomy and assist-
ing them in carrying out activities of daily living by the use of intelligent products and the
provision of remote services including care services[34]”. Decision-making algorithms
are one of the fundamental functions in these concepts to help aging people in their daily
life. There are several layers in smart ehealthcare homes [35] – sensors and actuators,
home communication networks, autonomous computing as well as safety and healthcare
services. Decision making is in the layer of autonomous computing, which handles the
data from sensors and actuators in the inhabitant’s environment as well as health data
and takes decisions such as providing diagnoses, presenting reminders, or warnings etc.

4.2. The Functions of decision-making algorithms in Energy Management

In this study, we focus on the two application areas which seem to be the most common
use case (71%) in smart homes: Energy management (see Appendix - Table 4), and

L. Jin and A. Boden / Review on the Application Areas of Decision-Making Algorithms 79



healthcare (see Appendix - Table 5). Based on the two application areas, we go forward
to the detail functions that decision-making algorithms have in smart homes.

4.2.1. Energy allocation

We found one of the fundamental functions that decision-making algorithms have is for
energy allocation between smart homes and the smart grid. Its main aim is to minimize
the electrical consumption in the home, while still ensuring user comfort. For energy
allocation between smart homes and the smart grid, the decision-making algorithms are
deployed in the demand side management and consumer side management to distribute
energy. Fanlin et al.[32] “proposed a two-level decision-making framework where the
retailer acting as an upper-level agent firstly announces its electricity prices of next 24
hours and customers acting as lower-level agents subsequently schedule their energy us-
ages accordingly.” Through the feedback from the customers, an upper-level agent can
allocate and distribute energy accordingly. Alisson et al.[36] “present a management sys-
tem of residential loads based on the user’s behavior, climatic variables and possibility of
integration with distributed generation and Smart Grid. The system uses artificial intelli-
gence (AI) techniques to make decisions on each automated load.” Several types of data
are used to make decisions, for example, “in temperature management, the resident’s be-
havior through of the modification of parameters of air conditioners is used for temper-
ature prediction” [37], and [38] introduce the cooperation and distribution between dif-
ferent smart homes and the smart grid in demand-side management to achieve optimized
energy distribution. In [38], M. Hadi Amini et al. use distributed decision making from
agents rather than central decision making on energy distribution.

4.2.2. Energy consumption forecasting

Forecasting is an another function that decision-making algorithms take. It is meant to
support the energy allocation by providing better planning abilities for the energy suppli-
ers. There are several methods used for decision-making in this area, for example, long
short-term memory (LSTM) and fuzzy neural inference systems with genetic algorithms.
In [39], they applied several pre-processing techniques to deal with the diverse nature
of electricity data, followed by an efficient decision-making algorithm for short-term
forecasting and implemented it over resource-constrained devices. Tao et al.[39] provide
an efficient deep learning framework to predict the future energy consumption and also
provide a communication between energy distributors and consumers. Accurate demand
forecasting [40] is important for future strategic planning and scheduling. It can also help
the consumers to minimize the cost of electricity.

4.2.3. Home appliances scheduling and controlling

Decision-making algorithms also provide functions for analyzing and making decisions
for controlling and scheduling the appliances in the houses. Their main aim is to min-
imize the electrical consumption at home and reduce peak-to-average ratio while still
ensuring user comfort. For example, Tengyue et al. [41] deployed decision-making algo-
rithms to change the room temperature, which can adapt to the lifestyle of tenants and
the outdoor temperature. Jordehi [42] introduced a new binary optimisation algorithm for
optimal scheduling of appliances in smart homes. Bilal et al.[43] introduced a new EMS
by scheduling the devices to minimize the electricity bills, alleviate peak-to-average ra-
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tio, and maximize user comfort. In this context, home appliances can be categorized
into deferrable appliances and non-deferrable appliances. For example, dishwashers and
washing machiness are deferrable appliances, while fridges are non-deferrable appli-
ances. In some papers, the categories are named differently, such as shiftable appliances
and non-shiftable appliances, or delay-sensitive appliances and delay-tolerant appliances
[43]. Based on the differences in the appliances, the controlling and scheduling strategies
are different. For example, Diego et al.[44] presented an optimization model to schedule
deferrable appliances in households. They used two algorithm simulation-optimization
approaches and a greedy heuristic for decision-making. The aim is to balance the elec-
tricity costs and user satisfaction.

4.2.4. Anomaly detection / Device Management

The decision-making algorithms also take over several minor functions, such as anomaly
detection and device management. For anomaly detection, they use an algorithm to de-
tect irregular patterns in activities and notify the relevant stakeholders. For example, [45]
introduce a system that can forecast electricity bills and notify users if abnormal energy
consumption of individual home appliances is detected. For device management, in [12]
introduce the common machine learning algorithm – Support Vector Machine – to clas-
sify and handle the the status of devices. Zelin et al.[46] introduce the first component of
activity recognition for a user’s state to support future decisions towards adaptive control
over devices.

4.3. The functions of decision-making algorithms in healthcare

4.3.1. Simple diagnose

Diagnosis is one of the basic functions that decision-making algorithms are deployed on
in the area of healthcare. For some illnesses, it is possible to take an automated diagnosis
based on an algorithm. For example, Mahdi [35] illustrates the CDS (cognitive dynamic
system) algorithm based on a decision-making system (ADMs) that is used in diagnosing
Arrhythmia disease. These are similar to a doctor’s decision process which are often
based on checklists - getting “yes” or “no” answers from patients, and then classifying the
disease. Such simple approaches are the basis for more complex smart home e-healthcare
systems. For example, Prabal et al.[47] illustrates how a wearable device can be used to
remotely monitor a patient’s health in real-time. Based on the daily monitoring data, it
can predict some diseases, such as diabetes.

4.3.2. Simple screening

Simple screening [48] is quite similar to simple diagnosis. Based on sensors, such ap-
proaches can replace some examinations that would normally be taken in a hospital. The
difference between simple screening and simple diagnose is that screening attempts just
to check whether patients are in good health condition, but they don’t attempt to identify
specific diseases. For example, Mahdi et al.[48] introduce a system that can “screen hu-
man health condition automatically between two binary (healthy and unhealthy) states
based on subjects’ single lead ECG traces”. The benefits of simple screening and simple
diagnose are that the underlying algorithms are rather simple to implement.They can be
trained and take decisions very quickly (i.e. recommending to see a doctor) and the result
is simple enough - healthy and unhealthy.
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4.3.3. Emergency alert

Decision-making algorithms can also help the doctors or caregivers to provide alert func-
tions during emergency situations. Based on the degree of urgency, the system can de-
cide whether to automatically notify family members, doctors or emergency medical
providers. For example, in [47], if the value of THI (temporal health index) is above
the threshold level, patients’ family members are informed by generating warning alerts.
Other projects investigate automatic fall detection, which is a common problem for el-
derly people living at home.

5. Discussion

Decision-making algorithms are a central AI function of smart home applications. Ac-
cording to our literature review, we can see that the functions of decision-making algo-
rithm deployment range from very simple functions to more advanced functions with the
goal of providing a personalized experience. In this progress, we can see that humans
have to be considered in the decision-loops of the systems. However, while we have
found many studies focusing on improving the quality of decision-making algorithms,
we have seen few studies that focus on how humans interact with decision-making al-
gorithms. Therefore, in RQ-2, we asked the question: what are the design challenges for
human-in-the-loop decision-making algorithms in smart homes?

For our analysis, we refer to the framework of “human-centred AI” that has been
suggested by Ben Shneiderman[49]. The goal of human-centred AI is not to replace
humans entirely but to enhance our capabilities by way of intelligent, human-informed
technology. Through its combination of the precision of machine learning with human
input and values, human-centered AI is expected to be able to take more informed deci-
sions. In his definition, human-centered AI aims at bringing AI under human control. It
spans the whole range between full human control to full AI automation). In this defini-
tion, human-centered AI is to build collaboration between humans and AI to augment the
AI system. Such approaches have been more and more recognized lately, as designers
increasingly have to consider human aspects in the design of AI systems [50].

If we look at the functions provided by decision-making algorithms in the smart
home, they all aim to achieve AI automation. For some functions, such as simple diag-
nose, screening, and anomaly detection, the computer will take a decision based on the
data collected by the sensors and take action based on computation. For some functions,
such as home appliances scheduling and controlling, they will not only automatically
schedule the appliances, but also involve user feedback or preference into the decision-
making algorithm process.In order to answer RQ2, we first identified three main efforts
that designers and developers did in our review to involve humans in the loop. Then,
we explain the needs of involving human in the loop. In the end, we illustrate the de-
sign challenges that designers and developers will face in designing human-in-the-loop
decision-making algorithms in smart homes.

5.1. The current state of human-in-the-loop decision-making algorithms in smart homes

5.1.1. Build dialogue between users and algorithms

We can see from the review, that for most of the identified functions, humans are rather
out of the loop of the decision-making process. Zhang et al.[30] mention the challenge
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of how to include human behaviour in the loop of making control decisions. However,
there is some application area – energy allocation between smart home and smart grid
where developers are trying to get users’ feedback from the consumer side to enhance the
results of energy allocation. Another area is home appliances scheduling and controlling.
In [44], the author tries to include user preferences into the decision-making algorithm,
in order to handle the uncertainty of human preferences. Dietvorst et al. [51] show that
allowing algorithmic predictions to be modified by humans can make humans more likely
to use them.

5.1.2. Be transparent about how outputs are generated

Most of the studies we identified do not consider the transparency of the decision-making
process of the algorithm. Only Sara et al. [52] provides a transparent decision-making
procedure with significant predictive performance. For technology oriented works, accu-
racy is usually the biggest concern when building decision-making algorithms. Rene’s
paper [53] discusses how transparency influences the trust towards the algorithm result.
Algorithm transparency makes humans understand the decisions or predictions made by
the AI. It contrasts with the “black box” concept in machine learning where even its
designers cannot explain why an AI arrived at a specific decision. If there is a lack of
transparency of how outputs are generated, users might lose trust towards the results [54].

5.1.3. Override the algorithm result if it takes action

In Ben Shneiderman’s[49] framework, the system can be divided into 4 categories: 1)
high human control with high computer automation, 2) high human control with low
computer automation, 3) low human control with high computer automation and 4) low
human control with low computer automation. For some functions in healthcare, for
example, simple diagnose or simple screening, the functions are fully automated with
low human control, therefore, there is no need to override it because the system does not
take any action. But for some functions, users might want to have the ability to override
the algorithm results. For example, for controlling and scheduling home appliances, users
may want to be the final decision maker even under fully automated systems. Hence,
designers and developers should consider to give users the control towards overriding the
results of automated decisions. From the review, only Nassourous et al. [55] consider to
use a open-loop system which will include dependent control inputs or use a closed-loop
system which will include user feedback for independent control inputs.

5.2. The needs of human-in-the-loop of decision-making algorithms in smart home

We can observe how the deployment of the decision-making algorithms has gone from
simple functions such as energy allocation or simple diagnosis to more advanced func-
tions such as home appliances scheduling and controlling. With the development of AI
systems, we can see several papers attempting to provide a more personalized experi-
ence in energy management and healthcare, which requires more advanced functions.
For example, in the energy management area, Alisson et al.[36] suggest three modes for
the users to select – comfort mode, standard mode and economical mode. In comfort
mode, it is non-intrusive, as the system does not make any restrictions for using residen-
tial loads. Standard mode is the one that makes a little restriction on the use in certain
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scenarios of tariff and accentuated consumption. The Economical mode is the operation
mode with the highest intrusion of the system in the disconnection of loads, it aims at
users who wish to reduce the use of energy from the network, even in scenarios of low
power generation. In the healthcare area, Zhang et al.[56] mention the concept of lifelong
healthcare data management. Their system can take different decisions such as users’
treatment times, and provide personalized lifestyle guidance based on these data. In the
future, it is expected to provide users with recommendations for exercise actions and get
users’ feedback on recovery feelings to fill the gap in the after-medical-care phase. In
these advanced features, we can see that humans are assumed to be more involved in the
loop of decision-making processes. Similarly, Abdelilah Rochd[57] proposed the ideas
to include human behavior into the control decision to build personalized preference pro-
files. There are two components in their system, one is the environment, and the other is
the agent. Agents learns from the environment and makes decisions for the users. From
this perspective, the author thinks it can involve users into the agent’s decision-making
process, or give rewards to the system. Another example is in HVAC, it gives users in-
put towards how many occupants are in the environment to determine the HVAC control
policy. With human and AI collaboration, such work can be done more efficiently.

5.3. The design challenges of human-in-the-loop of decision-making algorithms in
smart home

As mentioned by Wei Xu[58], history is repeating. When computers first appeared in
the world, the development was very technology-driven by the developers. And when
computers became popular, the concept of “human-centered design” [59] has been put
up to solve the problems of user experience of computers. The same seems to be hap-
pening with AI: a lot of research is focusing on the accuracy of the algorithms, but as AI
technology starts to be adopted on a bigger scale, “human-centered AI” [49] is becoming
much more prominent.

We can see there are efforts from in the literature that we studied to put humans in
the loop of decision-making algorithms, corresponding to the goals mentioned in HCAI
[58], for example,“building dialogue between users and algorithm” and “override the
algorithm results if it takes action” match the goal of providing human-controlled AI
and human-driven decision-making, and “be transparent about how outputs are gener-
ated” corresponds to the goal of providing explainable AI. However, the efforts seem to
be rather underrepresented, often lack systematic design considerations, and also rarely
consider human needs in the beginning.

The goal of designing human-in-the-loop decision-making algorithms would be to
combine human intelligence with machine intelligence to achieve better results, keeping
humans as a part of the automated system [58]. There are two ways to achieve this goal:
one is to involve humans in the decision loop of the system, the other is to involve human
intelligence into the system which has been labelled as cognitive computing [60]. In this
paper, we only focus on the first aspect. Therefore, in Table 1 and 2, we will analyse
some issues of human and decision-making algorithms interaction in different context
under the main issues category of HCAI [58]. With these challenges mentioned above
in different context, we conclude three main challenges of designing human-in-the-loop
decision-making algorithms in smart homes.

L. Jin and A. Boden / Review on the Application Areas of Decision-Making Algorithms84



5.3.1. Accessibility to all users

Within the context of smart home, accessibility becomes the main challenge for design-
ing human-in-the-loop decision-making algorithms. It must consider all kinds of users,
no matter their age, their technical expertise and their abilities. In the current situation,
we seldom consider these questions, since the smart home has not yet come into popu-
larity, but in the future, it will become the main challenge.

5.3.2. Different levels of user control

We can see that the level of control from users’ needs differs depending on the context
of use. If the functions are not directly related to the needs of the users, such as the issue
of energy allocation and anomaly detection, the control needs from users are not high.
In the function of home appliances scheduling and controlling, users have the option to
customize their usage of smart homes or allow the algorithms to make decisions auto-
matically based on the training dataset results. Additionally the algorithms can evolve
continuously with the collection of more data and feedback from the users, theoretically
leading to ever more adapted systems based on the user’s previous habits. Still, as we
have discussed above, there is a need for users to have some sort of control over their
algorithmic decision to some extent and that they can intervene into the process.

5.3.3. Personalization with acceptable privacy

As we mentioned above, the future goal of decision-making algorithms in smart homes
should be personalized to the needs and preferences of individual users. Especially in the
light of ongoing debates about “surveillance captialism”, this will pose the question of
how to collect and analyze user data in a way that respects user privacy? In different con-
texts, for example, in healthcare, the closeness between humans and machines means the
privacy issue will be the top concern in designing human-in-the-loop decision-making
algorithms. The relationship is two-way: the machines need continuous input and feed-
back from users and the more data the users provide, the more privacy concerns the users
might have. Therefore, in order to reach personalization, we should put the privacy issue
at the top.

6. Conclusion

Based on the literature review and its analysis, we can see the ongoing development of
AI systems with decision-making algorithms in two major application areas of smart
homes – energy management and healthcare. We analyze what the functions of decision-
making algorithms are: they are mainly used for energy allocation between smart grid
and smart home, home appliances scheduling and controlling, energy consumption fore-
casting, simple diagnosis in healthcare, simple screening, real-time monitoring and diag-
nosis. In our analysis, we first identified the efforts of implementing human-centered AI
in the literature review. On that basis, we illustrated challenges of implementing human-
centered AI in different contexts in detail based on the umbrella of the main issues of
HCAI. In the end, we conclude the three main challenges of implementing human-in-
the-loop decision-making algorithms in smart homes. In the future, we will investigate
how algorithmic decision-making and human-decision can cooperate together (hybrid
intelligence) seamlessly in smart homes in more depth.
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A. Appendix

Table 1.: Summary of main challenges for human interaction with
decision-making algorithms in energy management

Main Issues Energy Allocation/Energy consumption forecasting
/Home Appliances scheduling and controlling /Anomaly
detection/Device management

Machine Behaviour Handle unexpected outcome within system.
Human-machine collabo-
ration

Investigate what kinds of collaboration energy manage-
ment system needs to improve its results.

Machine intelligence Design different engagements to involve human in the
loop, for example, for energy allocation, users might ex-
pect low-level engagement, for home appliances schedul-
ing and controlling, users might expect high-level engage-
ment.

Explainability of machine
output

Set different kinds of explainability towards different
kinds of function.

Autonomous characteris-
tics of machines

Handle some situation when the operation is not as ex-
pected

User interface System may set the feedback invisible to avoid interrup-
tion.

Ethical design Set different kinds of decision-making authority towards
different functions.

Table 2.: Summary of main challenges for human interaction with
decision-making algorithm in e-healthcare

Main Issues Simple diagnose / Simple screening / Emergency alert
Machine Behaviour Support unexpected outcome for elder person.
Human-machine collabo-
ration

Form the long-term collaboration between machine and
human to build human’s trust and get continually human
data input.

Machine intelligence Involve users into the system to make users final control
towards decisions that machines make.

Explainability of machine
output

Explain to the end users of the process of machine deci-
sion - diagnose/screening/alert

Autonomous characteris-
tics of machines

Handle with unanticipated situation especially emergency
situation.

User interface Handle with different devices - mobile, smartwatch, tablet
with different interaction modes - voice, text, picture,
even gesture in a system.
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Ethical design Privacy issues are significant in healthcare and also the
authority of decision-making.

Table 3.: The overview of decision-making algorithms application area
in smart home

Application Areas Papers
Energy management [61] [46] [62] [44] [42] [32] [30] [63] [40] [57] [37] [45]

[57] [44] [36] [64] [39] [41] [43] [65] [66] [67] [68] [69]
[52] [70] [38]

Healthcare [33] [71] [72] [56] [73] [48] [47] [35]
Others [74] [75] [76] [77] [78] [4] [79] [80] [62] [81] [82] [83]

[84] [85]

Table 4.: The functions of decision-making algorithms in energy man-
agement

Functions Papers
Energy allocation [62] [38] [37] [76] [32]
Home appliances schedul-
ing and controlling

[39] [69] [44] [42] [57] [86] [44] [43] [13] [63] [41] [45]
[87]

Energy forecasting [82] [39] [70] [66]
Energy forecasting and
anomaly detection

[61]

Anomaly detection [52] [67]
Device Management [50] [62]

Table 5.: The functions of decision-making algorithms in healthcare

Functions Papers
Simple diagnose [47] [83] [71] [88] [73] [35]
Simple screening [48]
Emergency alert [33]
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