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ABSTRACT

This report outlines trends and application areas within the research field of intelligent user interfaces

(IUIs) from 2010-2018. The purpose of the report is to give an overview of the IUI research area and

point out particular subfields that have been given attention in the recent years, indicating possible trends

for future research. Our report indicates that the field of IUIs is very broad, resulting in rather diverse

research trends within the area. However, general trends could be identified, such as an increasing interest in

better human-machine decision-making, where strategies for explaining the automatic reasoning are being

investigated together with ways of improving the trustworthiness of the systems and their possible adaptations

to individuals’ needs. The report also outlines research on multimodal interactions, adaptivity and human-

robot collaboration, addressing challenges such as increased human workload, unobtrusiveness, privacy and

multiparty communication.

INTRODUCTION

Intelligent User Interfaces (IUIs) refers to the fusion of human computer interaction (HCI) and artificial

intelligence (AI) – two major fields within computer science. HCI is mostly concerned with solutions for the

efficient and enjoyable usage of interfaces, techniques and artifacts (Benyon et al. 2005), whereas research

within the field of AI mainly centers around techniques for automation or building intelligent agents to aid

users with the execution of various tasks. In particular, the term IUI suggests that an interface is perceived,

somehow, as “intelligent” by the user – may it be in the actual interaction, its automation and output, or the

interface/interaction as a whole. As such, a good understanding of the (individual) user is needed in order

to meet their goals and requirements to make the system, agent or interface appear as “intelligent” (Eslami

et al. 2018; Karpov and Yusupov 2018).

From a prominent conference within the field, the ACM IUI conference, we can discern from the 2019

meeting that the scope of the “intelligence” is rather broad, including themes where systems or interfaces
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are able to personalize, recommend, explain a model and/or result, provide reliability and trust, and support

context-aware situations. Moreover, we call a system intelligent when it can understand humans’ emotions,

body language, and natural language utterances and when it properly responds to human interaction.

In this report, we present the results from a literature search performed with the aim of identifying trends

and application areas within IUIs. Through topic modeling applied on IUI articles between the years of

2010–2018, complemented by a manual search for relevant and recent articles within the area, we outline

major trends within the area together with their associated challenges.

The first part of this report describes our process of collecting articles for outlining the trends within the

area, particularly how the topic modeling was conducted. Thereafter, we list the trends identified together

with challenges associated with these trends. The report is concluded with a discussion section and some

conclusions.

METHOD

To identify recent trends within the area, we decided to divide the search into two parts – one where we

applied topic modeling on papers found using the search key “intelligent user interface”, using the databases

IEEE, Pubmed and Web of Science, and one manual search on the same search key. We divided the search

in this manner to obtain both a more general view of the IUI research field, while at the same time allow us

to dig deeper into certain relevant articles. We further decided to limit our search to only include articles

from the years of 2010–2018. As such, our study should not be regarded as a complete review of the field,

but as an introduction to the trends the search provided us with.

Topic modeling on “intelligent user interface” in articles

Topic modeling (Blei et al. 2003) discovers groups of similar words based on their frequency within the

documents. It is commonly used to find the semantic structure and captures the patterns of word frequencies

from the text corpus. In this section, we provide an overview of what has been discussed in the “intelligent

user interface” area from our document collections. We collected abstracts from articles from IEEE, Pubmed,

and Web of Science (WoS) based on the search keyword “intelligent user interface” (Figure 1), specified

language if necessary (e.g., English) and limited the start and end years of gathering the data (e.g., 2010-

2018). We collected abstracts published from year 2010 to 2018 and retrieved the data on November 23,

2018. The total number of articles collected was 4345 (from IEEE 2550, WoS 1519, and PubMed 276).

Unfortunately, we excluded ACM journals and proceedings because it provides the title and keywords of the
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article but not the abstract.

Fig. 1. Each source has different targets. WoS shows higher allocation on topic ’Interaction&Agent’, PubMed
on ’Search&Recommend’, and IEEE more on ’Robot&Interface’.

We used the visualization tools LDAvis (Sievert and Shirley 2014) and RAW (Mauri et al. 2017) (Figure

2). LDAvis is an interactive web-based visualization tool that helps viewers to understand the topics by

showing the pairwise distance between topic distributions. RAW is an open source data visualization

framework to visually represent complex dataset. We call the LDAvis visualization “inter-topic distance

map” and the RAW visualization “stream graph” (Figure 2).

The topic modeling results show that the topics are based on the applications used in the domain of

“intelligent user interface”. Figure 2 and Table 1 describe the top 10 terms for nine topics as a result of using

the extension of the Dirichlet process model (Bae et al. 2018). We named the nine topics by “Interaction and

Agent”,“Search and Recommend”,“Robot and Interface”,“Monitoring Interface”,“IOT (Internet of Things)

and Network”,“Methods and Gesture/Speech”,“Education”,“Vehicle and Safety”, and “Health Monitoring”.

For each topic, terms with relevance 1 indicate globally common terms of that topic, while terms with

relevance 0.2 indicate local terms that are specific to that topic. Figure 2b shows that most of the topics are

quite steady throughout the years from 2010. The decrease in the later years of 2017 and 2018 is due to

delays of recording at some of the bibliometric databases (Haustein et al. 2015).
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(a) LDAvis (b) Stream graph

Fig. 2. Nine topics illustrated in (a) LDAvis with topic names based on the top terms and (b) stream graph
in descending order.

TABLE 1. Nine topics and top terms find various types of applications from articles on intelligent user
interface from year 2010 to 2018.

Topic Relevance Top Terms
Interaction &

Agent
1.0 user system use interact intellig interfac design paper develop provid
0.2 agent social interact ambient world emot game context elder adapt

Search &
Recommend

1.0 user system data use base inform interfac intellig paper model
0.2 search queri semant recommend knowledg rank data web retriev annot

Robot &
Interface

1.0 robot user system control use interfac paper perform design wheelchair
0.2 robot wheelchair haptic forc tactil teleoper motion arm manipul grasp

Monitoring
Interface

1.0 system control use data user interfac intellig design develop monitor
0.2 energi power monitor light control grid wireless elctr temperatur home

IOT &
Network

1.0 user system network use data applic servic provid mobil interfac
0.2 cloud servic network iot mobil secur applic resourc access heterogen

Methods &
Gesture/Speech

1.0 use system user propos method imag paper interfac recognit base
0.2 gestur recognit imag speech camera facial segment finger hand face

Education 1.0 learn system student use user develop intellig tutor paper model
0.2 student tutor learn learner educ teach students cours skill learning

Health
Monitoring

1.0 use user bci system control perform interfac brain signal eeg
0.2 bci eeg brain braincomput classif stimuli signal subject player train

Vehicle &
Safety

1.0 system driver vehicl use drive interfac user model paper design
0.2 driver vehicl road drive traffic car vehicles rout speed safeti

Top ten terms indicate globally common terms of the topic. Terms with relevance value 0.2 focus more
on the selected topic, see (Sievert and Shirley 2014).
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Additional article search

To complement the search performed, we had a closer look at the ACM IUI conference proceedings from

2010–2019. Many of the themes discovered from this search coincides with our topic modeling results, such

as various multi-modal interaction solutions (such as motion, gesture and eye gaze) for various applications,

system personalization and recommender systems based on generated user models, as well as techniques for

modeling and predicting user behavior for the design of efficient human-agent collaboration. Focus has also

been put on, for example, wearable sensors within the military and health care domains to enable modeling

and prediction of user states and behavior as well as IUIs for training social skills and complex tasks. Several

papers also address various interaction concepts and visualizations for autonomous driving. Moreover, there

are researchers measuring trust and as well as the design of monitoring interfaces.

IDENTIFIED TRENDS

In the subsections below, we describe some of the more prominent trends identified through the topic

modeling and the manual search performed as described above.

Vehicles and safety

From the topic modeling results, a “vehicle and safety” trend could be identified. A lot of research within

the AI community have long focused on vehicle safety solutions, both for civil and military use. Effort

has, for example, been put on solutions for aiding users to make timely and correct decisions in stressful

situations or in situations where a lot of information needs to be analyzed and acted upon, but also on

solutions for acting on behalf of the user to improve his/her performance, such as the implementation of

collision avoidance systems in cars.

Today, researchers are focusing on the AI techniques enabling these kinds of systems, however, effort is

also put on, for example, acceptance studies, i.e. how users will perceive, trust and accept the new technology

(Reig et al. 2018) as well as the impact on various interaction modalities on the users’ workload (Levulis

et al. 2018). Moreover, researchers are also investigating how to make these systems adaptive, where the

information presented on the screens is adapted in accordance with the particular user and situation (Han

et al. 2017; Lim et al. 2018). Within the military domain, effort is also put on investigating how to enable

human users to manage collaborative operations, such as between manned and unmanned aircraft, see for

instance Mueller et al. (2017). Further, as concluded by Barnes et al. (2017), for an efficient collaboration

between the human users and the systems they are using, more research is needed regarding human-system
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trust, architectures for intelligent systems that are designed to emulate human cognitive processes as well as

the form of communication between the system and the human.

Explainable AI/ML

A trend that we could identify from the more recent ACM IUI conference proceedings as well as from

the more technical forums of AI is the research focus on explainable/transparent AI and machine learning

(ML). This has for example resulted in several individual sessions on the subject within the more recent IUI

conference series, but also in twoworkshops at the latest 2018 IJCAI conference termed “XAI –Workshop on

Explainable Artificial Intelligence” and “WHI –Workshop on Human Interpretability inMachine Learning”.

This research trend has evolved as a counterweight to the more black-box, non-intuitive algorithmic-centered

research performed within the area, excluding non-experts from their efficient and more general usage. As

such, focus here lies on, for example, investigating how to inform users of which method(s) to use for

a particular problem and their parameter settings as well as how the results should be visualized and/or

explained.

For example, within the field of recommender systems, Chen and Wang (2017) present a method

for explaining the recommendations generated to the users with the aim of supporting the users’ decision

making and in Berkovsky et al. (2017) design principles for improving the user’s trust in the recommendations

generated are presented. In Tsai and Brusilovsky (2018) visual interfaces were designed for enabling users

to more easily explore and perceive differences between various recommendations generated, resulting in

improved user satisfaction when using the system. In terms of AI/ML transparency, Sun et al. (2017)

present a visual interface for understanding an automatic classification performed, enabling the user to better

understand the data as well as the rationale behind the system’s classifications. How to design AI/ML systems

in a transparent way is also discussed in Eiband et al. (2018). However, there are also a few examples of

papers focusing on how the user can improve the machine learning process performed, see for instance Daee

et al. (2018) where the incorporation of user feedback in the ML process resulted in an improved predictive

performance, and in Smith et al. (2018) a tool for enabling the user to improve the topic modeling results is

presented and evaluated.

However, as stated in for example Ventocilla et al. (2018) and Bibal and Frénay (2016), there is a lack

of consensus regarding what is to be considered explainable/interpretable and interactive AI/ML, something

which needs to be addressed by researchers within the community in the near future. We believe that the
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trend of transparent AI/ML will continue to allocate attention within the field of IUI, which has also been

outlined by for example Pan et al. (2016).

Within military applications, there is an increasing interest of using AI techniques for alleviating the work

of the military personnel. However, there is a lot of debate over the ethics of using AI for such applications,

thus increased focus is put on developing semi-automated support where it is still the human user who is

in charge of the decisions being made, not the AI technology. However, this stresses the importance of

making sure that the human user actually understands the recommendations and/or results of the system. As

such, explainable AI has lately received a lot of attention within this field, perhaps most notably through

the DARPA Explainable Artificial Intelligence (XAI) program which started in 2016 (see Gunning 2017 for

more information). The focus of this program is to (1) produce more explainable ML models, (2) design

explanation interfaces and (3) to understand the psychological requirements for effective explanations.

Monitoring Interface

One of the common purposes of user interfaces is monitoring, which can be seen from the the topic

modeling results (see Figure 2). The award winning paper from ACM IUI conference proceedings in 2019

focuses on environmental issues which monitors air quality and predicts upcoming pollution odors so that the

notifications can be sent to the local communities (Hsu et al. 2019). Their evaluation proved that collaboration

with residents can help identify pollution patterns in the community. In fact, there is an increase of research

topics related to environmental issues recently. In addition, wearable devices and monitoring usually serve

as tools to investigate health issues. The surveys from Kumari et al. (2017) mention that the usage of

wearable devices, multi-modal fusion interfaces of physiological signals, and shared control mechanism will

increase more in the near future. With the increase of interest in applying artificial intelligence, we also

find that machine learning algorithms are incorporated to estimate fatigue (Gordienko et al. 2018). Other

examples include dietary monitoring focusing on fluid intake with wrist-mounted device (Chun et al. 2019),

permanently monitoring vehicle behavior with reliability degree (Wintersberger et al. 2019), and hands

detection in group activity analysis (Charoenkulvanich et al. 2019).

Trust

There is an increased interest in trust, especially on how much we can trust a machine’s result and

make a decision accordingly. In fact, trust is a common topic in recent papers related to explainable AI,

decision making, recommendation, and automation. It is why most of the IUI research papers deal with user
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studies and user experience designs. In a human-machine collaboration context, we want to reason why a

certain decision is made by the human and whether human wants to continue collaborating with the system.

From their user studies, Yu et al. (2019) found that a system accuracy of 70% is the threshold when a user

changes his/her trust level. They observed that trust is built upon series of decisions and not from a one

time incidence. Some researchers examined trust levels using wireless electroencephalography (EEG) and

galvanic skin response measurements. They found that psycho-physiological signals have correlation with

trust levels collected by a user study (Akash et al. 2018). They said soldiers and pilots already wear helmets

during the training so why not use EEG sensors to sense their trust level and use it to change user interfaces

in real-time. Surely, there needs more investigation for practical usage.

Many researches try to integrate explainability and trust to examine how users perceive recommender

systems in different domains. Dominguez et al. (2019) tested a content-based recommender system targeting

artistic images by differing the level of explanation and accuracy of the algorithms used. They found that

explanations indeed improved user satisfaction and their perception of the explainability, but also found

that accuracy levels of the algorithms and interface together influence the trust level of artistic image

recommendation. It is quite consistent that there is a relation between users being aware of the accuracy

of an automatic system and the influence towards their trust level (Yu et al. 2019). Trust is one of the big

issues in autonomous vehicle systems as researchers suggest interesting guidelines. Wintersberger et al.

(2019) suggest olfactory notifications (i.e., smell) with the visual display to communicate different levels

of uncertainty. In another automated driving systems domain, Frison et al. (2019) find it useful to have an

adaptive user interface that adjusts to various types of roads and traffic volume in which they measure trust,

user acceptance, and user experience. They raise an issue whether system transparency supports trust or

overwhelms the users and suggest that visualizing transparency or any kind of additional information to the

users needs to be adapted based on the individual needs and environmental context.

Methods and Gesture/Speech

A long-lasting trend within IUI is to make interaction as natural and intuitive as possible. Abioye et al.

(2018, p. 424) provide a scenario to illustrate why this is important:

“Consider a case in which a small multirotor UAV is being developed to (1) patrol a dangerous

region of the Alps, (2) provide signposting information to climbers, (3) alert search and rescue

teams in case of any incidence, and (4) support search and rescue efforts or team operations. If
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such a patrol UAVwould be required to interact with climbers when needed, howwould the UAV

register the climbers requests? As climbers would not normally have the UAVs RC controller,

an intangible HHI-like multimodal speech and visual gesture interaction method would seem

more suitable for such scenarios. (UAV: Unmanned Aircraft Vehicle)”

The authors developed a model (mSVG: Multimodal Speech and Visual Gesture) that combined speech

and visual gestures to leverage familiar human-to-human interaction. For instance, a closed fist would be

interpreted by the system as the corresponding speech command “hold” (Abioye et al. 2018).

Another context in which gesture-based interaction is important is for the hearing impaired. Dewani

et al. (2018) developed an e-learning system to facilitate deaf children in improving their language skills

necessary for academic advancement. Apart from teaching sign language to hearing impaired, the system

also consist of a translation module to overcome communication barriers. For a comprehensive summary of

the current research on gesture interfaces, see Al-Shamayleh et al. (2018).

Using voice input is increasingly popular, as we have seen with the rise of Alexa and Siri, but most current

interfaces have a number of drawbacks, such as issues of privacy/eavesdropping, low degree of usability

and intrusiveness. A recent paper presents the AlterEgo system, which detect neuromuscular signals in

internal speech articulators to allow for silent interaction with a speech interface, thus solving some of the

disadvantages with using actual speech (Kapur et al. 2018). The user can communicate with the system

bidirectionally without using discernible movements or voice input. The system picks up on the signals

from the surface of the user’s face via a wearable mask and can then respond (give output) through bone

conduction headphones (Kapur et al. 2018).

Apart from its intuitiveness, speech interfaces also have the advantage of being less distracting, for

instance, when driving a car (Braun et al. 2019). In this case, speaking is seen a a secondary task next to the

primary task of driving, which requires most of the user’s attention. An ongoing challenge for IUI design

is for the system to minimize cognitive load for the secondary task in order not to affect the primary task

negatively (Braun et al. 2019).

Another challenge that is now being addressed by IUI scholars is speech interfaces for collaboration.

For speech input to be truly intuitive, developers must go beyond the notion of single-user systems. Human-

to-human communication often take place in context where more than two persons are involved in the

conversation. Thus, modern conversational systems need to adapt to the natural flow of multiparty commu-
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nication (Gilmartin et al. 2018).

Robot and Interface

Today, robots are becoming more and more ubiquitous in people’s everyday life. Robots also have an

obvious place in what is termed Industry 4.0 (or the fourth industrial revolution), where industrial robots

are moving out of their cages and instead work side-by-side with human workers, so-called human-robot

collaboration (Ajoudani et al. 2018; Kolbeinsson et al. 2018; Kong et al. 2018). Human-robot interaction is

facing most of the same challenges as already mentioned earlier in this paper, such as safety, transparency,

trust, gesture/speech and user experience (Alenljung et al. 2019; Lindblom and Wang 2018). For instance,

Neto et al. (2019) tested a paradigm for gesture-based interaction for collaborative robots in manufacturing.

The paradigm included both static and dynamic gestures as well as speech and visual feedback in the aim to

have humans and robots working side-by-side with complex task that cannot be fully automated.

It is important to distinguish between humanoid (social) robots (e.g., Atlas, iCub, Nao, Pepper) and

robots that do not have a human-like face and/or body (e.g., industrial robots, vacuum and lawn mower

robots, Cozmo). Humanoid robots can emulate social actions, such as gestures, speech, facial expressions,

gaze and intelligent adaptive behaviours, and researchers are now looking into the effects of these actions.

For instance, Willemse and van Erp (2018) explored the effects of social touch and bonding on participants

stress level. Since these aspects of social relationships have a positive effect (i.e., lowering stress levels) in

human-human interactions, it is interesting to investigate the in what way human-robot interaction differ and

where they are similar enough to be useful in, for example, healthcare, elder care and tourism. Social robots

are also suggested as recommendation interfaces (Rossi et al. 2018).

While humanoid robots are popular among researchers, non-human robots are far more common in

industry, healthcare and people’s homes. Another trend within the field of human-robot interaction is to

explore interaction and collaboration between humans and non-humanoid robots. For instance, Lindblom

and Wang (2018) have developed a framework in which operator experience, trust and safety are key aspects

to consider when designing for human-robot collaboration in industrial settings. In a project that challenges

our conceptions of what robots are and look like, Werner et al. (2018) explores the use of a robotic rollator

to facilitate elderly.

DISCUSSION AND CONCLUSIONS

In summary, this report outlines prominent themes within IUIs, as identified from the topic modeling, as
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well as from the manual article search performed. In the report, the following themes were focused upon:

vehicles and safety, explainable AI/ML, monitoring interface, trust, methods and gesture/speech, and robot

and interface.

A challenge identified in this report concerns the multidisciplinary nature of the research field of IUIs.

The trending areas outlined will most likely need solutions involving state-of-the-art research from both the

field of HCI and AI, where both the users and the technical solutions are taken into consideration. Often, new

AI/ML solutions are proposed, however lacking proper evaluations together with the intended users which

makes its general impact limited. As one of the keynote speakers mentioned at the IUI 2019 conference

about evaluation quality, even with the evaluations, there are challenges with the traditional measurements

since it depends on the context, the individual, and many times on subjective surveys. Regarding natural

speech or language processing, the challenges mostly discussed are diverse user expressions, ambiguousness

or utterances, uncooperative manners, and no user response.
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