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Personalised Recommendations for Daily Automations
Controlled by Mobile Augmented Reality
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Internet of Things-enabled home automation is starting to significantly transform our daily lives. Users must
be able to configure and coordinate the connected objects in their dwellings to personalise and fully benefit
from their potentialities. Trigger-action programming is one relevant approach to enable users to create
useful automations. However, current approaches mainly based on visual Web or mobile interfaces have
limitations, such as the difficulty in finding and selecting the correct object and associated services. Mobile
augmented reality is an interaction modality that can support more direct and usable automation control.
In this perspective, the support of a recommendation system can facilitate users in creating personalised
automations. This paper presents a system for generating personalised daily automations recommendations
and presenting them in a mobile augmented reality solution in order to facilitate their monitoring and creation.
Seven classification approaches were assessed on different datasets to determine their ability to provide
personalised and context-aware recommendations. We also report a user study (N = 16) showing that the
personalised recommendation system improves user performance when creating automations in a trigger
action format with a mobile augmented reality editing environment.
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1 Introduction

Nowadays, Internet-connected objects are increasingly present in our daily lives, making the
Internet of Things (IoT) paradigm a widespread reality. Another increasingly present aspect is
artificial intelligence, which is employed in various areas, including home automation. Using these
technologies without considering their usability diminishes people’s control over their objects and
devices and ultimately limits their benefits. One relevant approach to allow human control in an
environment rich in IoT objects is trigger-action programming (TAP). It is an End-user Development
(EUD) programming method to define automation rules, e.g. "When this change is detected in the
environment, activate this object”, which has proven to be effective for enabling objects, devices,
and services to operate in a coordinated manner [5, 47]. TAP has been used in several research
tools [14, 17, 20] and commercial software (e.g. IFTTT, Zapier, SmartThings). These tools are mainly
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based on the visual paradigm, using metaphors (such as puzzle blocks or pipes) or information
organisations (e.g. trees) to ease the creation of automations.

However, some aspects of these visual programming environments are still problematic, for
example, selecting the correct services since these platforms usually adopt a vendor-centric ab-
straction [12], the limited expressiveness of the rules that these tools can create [47, 48], or the
configuration of the timing aspects of a trigger [5, 24] (when an automation should activate). For
such reasons, there is growing interest in researching new approaches more direct and interactive
to creating automations, such as conversational agents or augmented reality (AR). The use of AR in
smart homes is particularly relevant [4, 25], as it makes the connection between various objects
in the environment and their representation within the application more immediate and direct.
Using MAR (Mobile Augmented Reality), the user can create automations through the personal
smartphone while moving in her environment by framing an object, configuring one service,
and then moving to other objects. MAR allows for a fast and intuitive selection of the required
object compared to the visual editors that use lists or functionality hierarchies. This is obtained by
exploiting a commonly used device, such as the smartphone, without requiring specific visors or
headsets. Thus, it can be largely adopted when targeting daily automations, such as in the smart
home context. For example, there may be dozens of different smart lights in a home, and the user
may not remember the name of the specific light or find it challenging to select the correct object
and functionality in a visual tool [23]. MAR makes this connection evident. In this context, the
introduction of Recommendation Systems (RSs) can further help users as they can, for instance,
suggest rules similar to those made by a user or provide pre-configured parts of automation to
complement the behaviour that the user is defining. The RS can be integrated to further facilitate
this configuration and the continuation of the automation creation, generating suggestions when
the user approaches an object (or interacts with an AR visualisation) and when she moves away.
Bridging the gap between RSs and MAR platforms for IoT environments can be a fruitful approach
to enhance the possibilities of dynamically monitoring and creating automations these platforms
offer. However, as we discuss in the related work section, little work has been dedicated to this
topic, with limited approaches. In this paper, we present and assess a novel mobile AR-based smart
home platform to create TAP rules integrated with a recommendation system, intending to make it
easier for end users to personalise the automated behaviours of their environments. The proposal’s
novelty consists of using specific strategies for both the rule creation part (allowing the creation of
automations composed of multiple conditions and actions in MAR) and the recommendation part
(using a context-aware approach to generate step-by-step suggestions, also considering the textual
part of user input using a language model). The most innovative contribution lies in an approach
that organically combines MAR and RS by considering both the functional implementation of the
system and user interaction. The research questions that drove the study are:

e RQ1: Does integrating a recommendation system in a mobile augmented reality tool simplify
the creation of automations?

e RQ2: Does the integration of a recommendation system within a MAR tool prevent errors
during the automation creation?

2 Related Work

While some work considering mobile augmented reality for controlling smart homes has been put
forward [2, 23, 41], their integration with a recommender system has not yet been considered so far.
Relevant literature regarding recommendations for smart home automations or similar applications
has considered different approaches. An overview is presented by Felfernig and colleagues [16],
concluding that directly applying collaborative filtering can be used for simple cases such as
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suggesting an automation compatible with the user’s IoT gateway. For more complex use cases, a
sequential pattern mining approach is proposed. However, no metric assessment or user study was
reported.

2.1 Recommendations from logs of user-generated events

One approach to IoT recommendations is to generate them from the actual use of the devices
or environments detected by the sensors. RuleSelector [43] is a tool that allows the interactive
selection of automations generated from user behaviour detected through a smartphone. It is
intended to minimise the problem of rule mining algorithms generating too many automations by
introducing specific metrics. One approach to synthesising TAP rules from logs of sensor events
detections and manual object activations is Trace2TAP [55]. The algorithm uses a SAT-solver
and symbolic reasoning to generate the rules, which can also handle unordered events. Then, a
ranking/clustering system is used to sort the resulting rules. Another approach that leverages user-
generated event sequences is proposed by Song and colleagues [42]. In this work, the sequences
of user actions are exploited to predict the next actions the user may take at the service level and
present them as a recommendation. A limitation of these approaches is that automations do not
only concern predictable routine events, which can be learned directly by examining activation
logs, but also sporadic events. Given their non-regular nature, they are extremely difficult to learn
and, consequently, to be used in these recommendations.

2.2 Recommendations from automations dataset

Another relevant strategy is to generate recommendations starting from existing rules datasets.
RecRules [10] is an approach to recommend automations based on their purposes. An algorithm is
used to enrich automations with collaborative and semantic information. Next, a semantic graph
is constructed, and path-based features are used to train a learning-to-rank model and obtain
the top-n recommendations. An approach based on similar principles is rtar[52]. It uses a hybrid
model that contains a rule collaboration graph (which defines users, rules, devices/services and
their collaborative relations) and a functionality hierarchy (which defines triggers and actions
hierarchies organised at three abstraction levels). Kuang and colleagues [26] proposed an approach
to create rule recommendations considering collaborative information among users. The RS models
the similarity between users using graphs representing the objects in their installations. The graphs
are then converted into a vector representation of users and rules using graph contrastive learning.
The described approaches exploit datasets of automations consisting of simple rules containing one
trigger and one action. As current commercial and research platforms for TAP automations allow for
the creation of more advanced automations, these approaches are not fully adapted to the current
smart home automation landscape. Another approach [30] examines recommendations mainly
from their presentation’s perspective. Since automations comprise multiple rule elements, they can
be presented in a fragmented (step-by-step suggestion) form or as a whole rule. Both approaches
can be valid for recommendation in this context, but users preferred rule parts recommendations,
perceiving them as more guiding.

2.3 Use of natural language descriptions in recommendations

Some works have investigated using natural language descriptions of IoT automations to create new
rules. Dalal and Galbraith [13] evaluated three seq2seq architectures, observing that these models
could learn If-Then rules exploiting the various linguistic aspects found in their natural language
descriptions. More recently, Yusuf and colleagues [54] proposed RecipeGen, a seq2seq approach
that turns an input description into a sequence of triggers and actions. The output’s granularity
level is the object/external entity (such as weather API) reference and service for that object/entity.
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Unlike our study, this paper presents a recommendation model without the end-to-end system
implementation and user evaluation. Another approach that uses natural language is HeyTAP [11].
It is a conversational TAP rule-making platform that outputs rule recommendations through user
interaction and information related to connected objects. Users can specify personalisation intents
and high-level preferences, such as sustainability or security, used as semantic filters to recommend
relevant rules. Although user interaction with the platform is described, the implementation of
the underlying recommendation system is not detailed and metric evaluation is missing. A recent
related contribution is TAP-TAG [51]. It is a machine learning model that captures and integrates a
TAP rule’s structural and textual parts. The structural branch uses a Knowledge Graph embedding
model, projecting information extracted from the rules into embedding. The textual branch employs
a CNN module that uses the vectors generated by Word2Vec. Then, a multi-modal representation
fusion component jointly trains the parameters of the two models, fusing a rule’s structural and
semantic (textual) embeddings. The final embeddings can be used for recommendation tasks. Unlike
our contribution, that work focuses on the data representation of TAP rules and not on the actual
integration of a TAP recommender system in a platform for home automation management, and
it does not consider the user in the recommendation generation. Furthermore, the presented
approaches only support single-trigger single-action rules. An initial study to address the issues in
RS for IoT automations through AR [31] proposes recommendations for completing the automation
currently being created exploiting Doc2Vec. The RS uses the partial rule already entered by the
user to suggest a completion also considering the configuration of triggers or actions entered, such
as the associated values or text. However, the generated recommendations are not personalised but
the same for all users, and thus, it acts more like an “autocomplete” than a proper recommendation
system. Furthermore, in the reported user test, the recommendations received mixed feedback, as
they were perceived as useful but significantly increased the composition time and did not improve
satisfaction in using the app.

2.4 AR/MAR in the loT

To develop the rule creation tool, we analysed how AR and MAR has been used in IoT settings.
The typical use is to display additional information [2], either placed on top of a specific object
or via generic overlays not related to a specific object [29, 34, 37]. Reality Editor [23] is one of
the earliest tools that introduced the use of MAR for controlling and linking the behaviour of IoT
devices. It acts as a virtual remote by overlaying interactive controls like buttons or knobs directly
onto the physical devices or relocating the interface to another space. Users can also visually
connect functions between devices using “virtual tags,” enabling interactions such as activating
one device when another is turned on. Additionally, it supports remote control by relocating the
visual interface of a device to another space. Instead of extending the interface, our goal is to
support users in specifying multi-object automations. HoloFlows [41] introduces an AR platform
for designing IoT workflows using a head-mounted display, drawing inspiration from Business
Process Modelling. It allows users to link devices using virtual “wires” and create automated
behaviours using an event-condition-action format. The projected holograms help users interact
with objects in their surroundings. Compared to traditional modelling tools like Camunda and
NodeRED, HoloFlows offers a more intuitive experience with less technical complexity. However,
it requires a headset and focuses on connecting nearby objects. MagiPlay [44] is an educational AR
game designed to teach children computational thinking. It uses immersive 3D environments to
let players capture and use virtual objects to build basic IoT automations using if-then logic, with
support for logical operators like OR and AND. The focus is strictly on education, not on real-world
automation tasks. ARticulate [9] helps users discover the functions of unfamiliar smart objects
in a space through AR visual cues and a chat-based interface. Inspired by apps like Snapchat, it

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 4, Article EICS016. Publication date: June 2025.



Personalised Recommendations for Daily Automations Controlled by Mobile Augmented Reality EICS016:5

highlights interactive objects and enables control via a simple voice/text assistant enhanced by an
autocomplete. However, it does not support creating or managing automations between multiple
devices. Spontaneous Automation Control [2] is a mobile app that uses a smartphone’s camera to
recognise smart devices or rooms, overlaying contextual information on the screen. It supports
the creation of basic automations (single trigger and one action) by guiding the user through the
setup. Triggers are based on recognised objects, and actions are manually selected afterwards. Our
approach allows more expressive rules, e.g., including multiple conditions. From this perspective,
we provide an original solution that integrates RS with MAR, supporting users in dynamically
creating trigger-action automations that can also have multiple triggers and/or actions.

2.5 Gaps in existing research and commercial applications

From this analysis of related work, it emerges that integrating recommendations with AR systems
for IoT is still a novel possibility which should be further explored. Furthermore, RSs considering
compound automations beyond the simple one-trigger one-action structure are still under-utilized
and need better solutions. It is also important to consider that existing commercial trigger-action
platforms, even the ones allowing the definition of complex automations such as Home Assistant,
do not include recommendation support to facilitate input or limit errors. Another notable aspect
is that almost all studies on RS in IoT only address the algorithmic aspect of the problem without
considering how to integrate RS in a way that is useful for those who interact with these systems.
A system that provides ‘good’ recommendations must help users create automations more conve-
niently and limit errors. For this reason, we implemented an end-to-end platform comprising a
specific recommendation system for MAR and a rule creation app to test it. The evaluation of this
system considered both the underlying machine learning models and the interaction of users with
the application.

3 Design of the proposed solution
3.1 Key terms

The key terms used in the paper are detailed here for clarity. A "Rule” (or automation) is a sequence
of “Rule elements” consisting of at least one "Trigger” and one Action.” Usually, in the trigger
part, there is an "Event,” which corresponds to a change of state that initiates the checking of
the rule activation, and there can be one or more "Conditions”, which act as filters to specify
better when the actions should be triggered. The action part can consist of one or more object
or service activations, for example, “turn on the light” and “send me a notification”. The term
“Rule element type” refers to the distinction of each rule element in event, condition, or action
type. By "Service”, we refer to the specific functionality of an object (for instance, reading the
temperature from a sensor) or an application (such as getting the weather forecasts for the next 24
hours) that is needed to define a "Rule element”. For example, in the Rule element “element-ecatype
: event; trigger : kitchenTemperatureSensor-getTemperature; operator : EQUAL; value : 20” the service
is kitchenTemperatureSensor-getTemperature. Please note that this representation can be easily
translated into the natural language sentence "When (event) the kitchen temperature becomes 20
degrees” through the composition of its elements.

3.2 Requirements

Starting from the literature review, we identified a list of requirements for a TAP recommender
system in MAR:

1 The RS should model the user/functionality relation, considering the concrete possi-
bilities of the available objects. Modelling the user/item relation is fundamental to providing

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 4, Article EICS016. Publication date: June 2025.



EICS016:6 Mattioli and Paterno

relevant recommendations. A finer granularity can be desirable since each object or external ap-
plication can exhibit diverse functionalities. Therefore, functionality will be used as the primary
element for identifying relevance for the user. In addition, it is also useful to consider the values
and operators contained within each rule element. The corresponding textual description of a rule
can be encoded using transformers [13, 54].

2 It should be possible to allow the optional insertion of high-level features. High-level
features [11, 19] can be considered to make the recommendations more relevant and to provide the
user with more control. Additional information, such as the goal of a rule, helps determine which
services will be part of it and how they can be configured. These features, associated with rules
through tags, can act as intermediate semantic elements between items [49] (e.g., both of these
automations are tagged with energy saving”), thus facilitating understandable explanations [45]
through a “what-if” [28] approach (How do the recommendations change if I change this tag?). The
interactive insertion of high-level tags allows people to see recommendations beyond those they
usually receive without tinkering with the RS settings. For instance, user insertion of goals has
been successfully implemented in GoalPods [27], leading to recommendations outside the user’s
usual “information bubble” and, at the same time, accurate.

3 The RS should consider the user behaviour in different phases (approaching an object
and while editing a corresponding rule) and provide editable rule elements to support the
completion of the rule. One feature of AR is the ability to exploit the physical distance of the
person from the objects of interest. This spatial interaction is an aspect “naturally” enabled by AR and
exploited by the RS, which would be cumbersome to apply with a traditional mobile app. Using AR,
the user can create automations while moving in her environment by framing an object, configuring
one service, and then moving to other objects. Thus, the RS should generate recommendations when
the user approaches an object, e.g., within a distance below a threshold or when selecting the object
of interest (before the configuration, or pre-recs). Another moment to present recommendations is
when the interaction with an object ends, and the user continues configuring other rule elements
(post-recs). For both situations, it is relevant to present recommendations as rule elements instead
of complete rules ("step-by-step”), as they can be more easily integrated with the rule in editing
[30]. The step-by-step suggestions should streamline the rule creation process as a sort of multistep
wizard [39]. However, the user must be free to modify the received recommendation, using them
as a starting point template to model the desired behaviour [40].

4 The RS should consider the rule element type (Events, Conditions, Actions). Previous
work indicates how the ECA structure suits the IoT context [3, 18] and makes it possible to express
the personalised behaviours people expect. However, it also reveals how the temporal aspects
related to this structure, particularly the distinction between events and conditions, can confuse
users [5]. The RS must, therefore, support users in this choice by highlighting the type of rule
element best suited for the situation.

3.3 MAR Rule Creation App

The implemented MAR app to create automation rules is a Unity app which uses the ARFoundation
library to manage the interactions with the scene. The app is conceptually based on the ContextData
and AnchorCreator modules. ContextData contains the code to retrieve descriptions of objects that
can be interacted with in the environment. At startup, these descriptions are retrieved, and Game
Objects are created with the information needed to interact with them (e.g., type of device and
coordinates). The AnchorCreator module then accesses these Game Objects. It creates visualisations
that will be inserted into the environment, creates AR anchors and assigns them to each visualisation
to fix their position. The positioning of visualisations is enabled by identifying, at the first use,
where they should be placed using a specific functionality of the app. This functionality captures
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the coordinates of a position in the environment in relation to a fixed point (e.g., an image target
that the user can place wherever she prefers: we used one image per room). During later use, it is
sufficient to detect that image to place all the visualisations in a room.

We did not use object detection, as it can cause issues with our use case (e.g., how to distinguish
a “smart” lamp from a standard one, between objects with almost the same shape, or detect small
sensors from afar).

3.4 The Proposed Recommendation Solution

Recommender Engine

o
°| *----@: Rules
i} dataset

4 Tags
— ..-"{ selection g
/
. ," Pre-R: Post-recs:

. . o Object Object Object
* | 'f" Selection |—+ | functionality/ |—| functionality/
- -k LA (AR) External service External service
= = \\ p configuration configuration

AR Interface \ External /’/
¥ service ‘ 2
|2 I selection

‘ Rule
finalisation

Home Rules
DB

Fig. 1. Overall functioning of the proposed solution

The proposed solution is an RS that, at the beginning of the rule creation, asks the user to (option-
ally) select some tags (Req. 2) concerning the intended goal (e.g., comfort, wellbeing, security), the
user type (caregiver, family), and the more broad situation to which the rule is designed for (summer,
school season, going out). Then, according to the recommendation phase (pre-configuration rec-
ommendations or post-configuration), a quick metric is used to select the candidate rule elements
(Req. 3), considering the services more relevant for the phase and the inserted tags. Afterwards, it
computes their scores employing a more powerful model (Req. 1). Finally, a set of heuristics is used
to present the results considering the type of rule elements (events, conditions, and actions) already
present in the rule (Req. 4). Figure 1 shows the scheme of the main interaction (solid arrows) and
data (dotted arrows) flows in the proposed solution. First, from the AR interface, the user can select
a tag, an object, or an external service (1). Then, she configures the rule element using pre- and
post-recs (2). The view goes back to the AR interface, where the user can again configure objects or
external services or save the finalised version when the rule is complete (3).

In general, creating automations with the app is done by moving around in the real environment
and selecting via the augmented reality view the object to be used in the rule. This opens a mobile-
style panel in which the desired “rule element” can be configured. The user can add this rule element
to the rule currently being in editing, and save the automation if it is complete (at least one trigger
and one action are present) or continue this process by selecting other objects and configuring
other rule elements. Functionalities not associated with physical objects are instead called via a
dedicated button in the interface. In order to assess the effectiveness of the RS introduction, the
application was developed in two variants, with and without recommendations. The interaction
with both is described below.
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3.5 App without recommendations
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Fig. 2. The process of creating an automation with the app without recommendations.

An example of interaction with the basic application is shown in Figure 2. When the user
approaches the living room window (Figure 2-a) she wants to create an automation that alerts when
it is opened. She then activates the possibility of editing an automation involving this connected
object (Figure 2-b). For this purpose, she selects the "Event” rule part and defines the event by
selecting the desired functionality and value in the “rule configuration” screen. After pressing "Add
to rule,” the app returns to the camera view, showing the augmented reality view (Figure 2-c). The
user continues by selecting the "External Services” button, which activates the visualisation of the
list of services available, from which the user can select the desired "Reminders” service (Figure
2-d). Then, she can enter the message in a “service configuration” screen (Figure 2-e). After adding
this Rule Element, the app returns to the camera view, also showing the "Save” button (Figure 2-f)
since both a trigger and an action have been inserted.

3.6 App with recommendations
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Fig. 3. The process of creating an automation with the app with recommendations.
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Figure 3 shows a concrete example of user interaction with the recommendation functionalities
of the app. At the beginning, the user can insert a “tag” for the goal, typical user and situation that
the rule she is about to define targets (Figure 3-a). After selecting the tags (or skipping this screen),
the user starts the rule editing, approaching a lamp (Figure 3-b). After selecting the associated
visualisation, a list of recommendations is shown (“pre-rec”). The user can accept a recommendation
as it is, accept it and then modify it according to her needs, or ignore it and continue creating the
rule as she wishes. In this case, she selects the possibility of setting the light colour to blue (Figure
3-c). Then, the RS generates a list of “post-recs” recommendations to continue the definition of
the automation. Since the partially inserted rule comprises only one action, the most suitable rule
type element for continuing the automation is “Event”. Hence, the list of event recommendations
is presented by default. Among these, the first results are related to low temperatures since the
user selected the “ColdSeason” situation (Figure 3-d). After clicking “add to rule”, the app switches
back to the camera view (Figure 3-e), where the user can continue the automation by selecting
other objects and configuring other “Rule elements” (for instance, adding a condition), or if the
automation is potentially (as in this case) complete press the button to save it. In the example,
the presence in the first positions of recommendations related to the Situation tag “Cold Season”
is due to the fact that the user left the default “Generic” tag for Goal and User Type. Hence, the
suggestions with the Situation tag “Cold Season” (the first two) are prioritised.

4 Recommendation engine
4.1 Recommendation pipeline

The implemented RS is based on a Flask API, and it receives as inputs the user identifier, a list
of the services for the selected object or application, the rule elements already configured in the
automation (e.g., eca-type : action; action : notifications-smsNotification; value : "remember to take
the umbrella!”), a sentence describing the partial rule entered by the user (“send me the notification
remember to take the umbrella!!”), three lists containing the tags eventually selected by the user at
the beginning of the rule creation, and a flag indicating the type of recommendation required (pre
or post). It outputs a list of rule elements, representing configurations for the object the user is
approaching (pre) or a list of possible continuations for the rule (post). A scheme of its functioning
is in Figure 4. After receiving the data from the AR rule editor it selects, at the “pre” stage, the
rules containing the services of the object the user approached, and in the “post” phase, the ones
that include the services present in the partial rule entered by the user. Next, the resulting rules
are sorted using the TF-IDF metric, by comparing user-entered tags with those of the rules. This
step allows users to enter “short-term interests” other than those for which they usually create
automations. For example, a user who normally enters energy-saving oriented automations may
sporadically want to target comfort instead. Using this multi-stage approach [35], recommendation
candidates are obtained, thus passing less input to the deep learning model and speeding up the RS.
After applying the TF-IDF metric, another filter removes from the candidate rules those elements
not needed at this stage of the recommendations (i.e., rule elements not for the object of interest in
“pre-recs” and rule elements involving services already used in the partial rule inserted by the user).
Please note that this is needed because we are now reasoning at the rule element level, whilst in the
previous step, we were at the rule level. The remaining elements are passed to a recommendation
model, and the new relevance score is used to sort them. The last step is to generate three ECA
lists (one for events, one for conditions, and one for actions) and propose these lists with a priority
that considers the type of the rule elements already inserted (for instance, if an action is inserted,
priority is first events list, then the conditions list, and finally the actions list).
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Fig. 4. Overview of the recommendation pipeline functioning.

4.2 Classification models

To identify a suitable classification model for the recommendation engine, we tested seven models,
five taken from the literature and two modifications of these models. Their output is a score between
0 and 1, representing how well the input features (e.g., a user ID and an object service) fit together.
We used Neural Collaborative Filtering and BERT models because they are widely used and obtained
good results in different classification tasks, also when involving TAP rules [7]. We also assessed
the Logistic Regression and the Random Forest models, as they are widely adopted and suited for
binary classification considering multiple factors (user, item, and context).

Logistic Regression: Logistic Regression is a basic statistical model used to predict the prob-
ability of an event with a binary outcome. It applies the logistic or sigmoid function to a linear
combination of input features, mapping the predicted values to a probability distribution between
0 and 1. Logistic regression is a simple and robust model used in countless applications, which
makes it a good baseline approach.

Random Forest classifier: Random Forest[6] is an ensemble method which averages the output
of multiple decision tree predictors, each trained on a random subset of the data. The random forest
algorithm uses bagging and feature randomness techniques to create an uncorrelated forest of
decision trees, hence reducing overfitting and increasing the overall precision of the predictions.

Collaborative Filtering (CF): Collaborative Filtering is a widespread approach to recommenda-
tions. It assumes that users with similar tastes will prefer similar items, leveraging the preferences
of a community of users to generate recommendations. In model-based approaches, users and items
are represented by an embedding vector. In the implemented model the prediction, which is the
score of an item for a user, is obtained through the dot product between the vector representations
of the user and the item.

Neural Collaborative Filtering (NCF): NCF [22] models the relationship between users and
objects using a neural architecture that can learn an arbitrary function from the data instead of the
inner product as in classical approaches. NCF uses two paths to model the user-item relationship: in
the former, the element-wise product of input vectors is performed. In the second, this relationship
is modelled by a standard neural network using a common tower architecture. To provide maximum
flexibility for the models, they learn embeddings separately and are fused by concatenating their
last hidden layers.

BERT Classifier: BERT is a pre-trained language model that considers the relationships of
tokens in the sentence and computes word embeddings [15]. After the embedding layer, two layers
were added, a fully connected one and another with a single neuron to output the score. Then,
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]

we fine-tune the model with input sentences structured in the following format: “The user ” +
userldentifier + ” used the context ” + previouslylnsertedRuleElements + ” with the rule element ” +
ruleElement.

Contextual Neural Collaborative Filtering (C-NCF): NCF input layers consist of feature
vectors describing users and objects, which can be customised to support the modelling of different
relationships [22]. Thus, we encoded the services of the rule elements already entered by the user
in the rule being created using a binary vector with “1” assigned to these features. This input was
used in the two NCF model paths described above, in the first by running the dot product between
this embedding and the user embedding and then between the result and the item embedding. In
the second, concatenating it before entering the dense neural network (similarly to [46]).

Contextual Neural Collaborative Filtering with BERT (C-NCF BERT): This approach (see
Figure 5) merges the structure of C-NCF with that of BERT by concatenating in the last hidden
layer of C-NCF the fully connected layer of BERT (hence excluding the last classification neuron).

1
Concatenate
—______——# -'-h_____———
NCF + Bert Encoder +
Context F.C. layers
M .. -~
[ Item vector | ‘ User vector } |Context vect.‘ i Sentence
t t

Candidate 1D of the logged User selected Textual
functionality user functionalities representation
(from DB) of the inputs

Fig. 5. Outline of the model C-NCF with Bert.

4.3 Dataset

We built a dataset to evaluate these models, starting from a TAP rules dataset publicly available on
GitHub [21]. The dataset includes diverse automation structures, enabling recommendations for
flexible automation platforms. Other existing datasets feature only simple one-trigger one-action
automations [33, 48] or omit pseudo-ids of the rule authors [53], making them less useful for
personalised recommendations. The dataset consists of 434 automations already deconstructed
into 1292 Rule Elements. The automations were created by 77 different users and involved 169
services. The dataset was expanded using a sliding window approach. For instance, if the rule is
of length three, there will be three windows: one with the first part as “contextual information”,
having the second one as the target; one with the second as context, having the third as the target;
finally, one with the first and second as context, and the third as the target. The process was also
performed with sliding windows of size one, thus containing only the “target” but without the
“context”. In this way, the dataset contains scenarios where the user approaches an object without
having configured anything yet, and where the user has already entered one or more rule elements.
Rules were also analysed in reverse order, thus doubling the examples. The resulting dataset has

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 4, Article EICS016. Publication date: June 2025.



EICS016:12 Mattioli and Paterno

Table 1. F1/AUC scores for the models training

Bert C-NCF Bert C-NCF NCF CF Random Forest Logistic Reg.

1 Neg 0 Pos 0.833/0.916 0.848/0.924  0.902/0.95 0.907/0.941 0.903/0.943 0.863/0.93 0.73/0.82

1Neg 1 Pos 0.934/0.946 0.933/0.945  0.95/0.965 0.946/0.945 0.948/0.953 0.938/0.967 0.84/0.829
5Neg 5Pos 0.988/0.995 0.986/0.994 0.977/0.993 0.937/0.952 0.938/0.957 0.988/0.997 0.765/0.839
Average 0.918/0.952  0.922/0.954  0.943/0.969  0.93/0.946  0.93/0.951 0.929/0.964 0.778/0.829
IFTTT 0.775/0.858  0.812/0.885 0.867/0.982 0.821/0.974 0.695/0.911 0.836/0.972 0.608/0.903

5450 positive examples but no negative ones, making classification arduous. Therefore, random
negative sampling was applied to the dataset, creating new “negative” rules by replacing an element
of the original one (e.g. the action with its configuration) with another element randomly retrieved
from the dataset (ensuring that it was not the same functionality present in the original rule). To
get a more general idea of the performance of the models, we created variations of the dataset with
different sample numbers (only a negative sample, one negative and a positive duplicate, and five
negatives with five positive duplicates)!. Finally, the rules were labelled with tags to be used with
the recommendation pipeline. By tag, we mean a representative instance referring to a high-level
feature. Based on previous work (e.g., [11, 19, 32]), we identified the User Type (e.g. including the
tags Caregiver and Student), Goal (e.g., Comfort, Energy Saving) and Situation (e.g., Nobody at
home, Cold Season) features. Then, we mapped the automations with the corresponding tags.

4.4 Models training and accuracy assessment

Model training was done in a Python environment using Keras and Scikit-Learn. The values of the
hyperparameters were kept the same in the NCF, C-NCF, C-NCF Bert, and Bert models (binary
cross-entropy as loss function, 40 epochs, patience set to two on the validation loss, batch size
8, optimiser Adam) except for the learning rate, which was set to 0.01 for the NCF and NCF-C
models, and 2e-5 for Bert and NCF-C Bert ones, as we observed better results using these values.
The network structures common among the models have also been kept the same. For the Random
Forest model, we kept the default Scikit-Learn parameter (n_estimators= 100, Gini impurity to
measure the quality of a split, max_depth = none, min_samples_split = 2). The results of the 5-fold
cross-validation on the three datasets (F1 and AUC scores) are in Table 1. It can be observed that
the C-NCF model is the most robust, performing well under all conditions.

4.5 Scalability assessment

We performed a scalability test to assess whether these results would change in a real-world
situation with many users and rules. For this test, we used the last version of the IFTTT dataset
from Mi and colleagues [33]. The dataset contains 279828 rules, each with one trigger and one
action, created by 121207 users. The triggers and actions are characterised by the channel name (e.g.,
Dropbox) and the specific functionality (e.g., save file to Dropbox). We considered the concatenation
of these two descriptions as the recommendation’s target item (Dropbox-save file to Dropbox).
There are a total of 1131 different target triggers and 743 target actions. The sliding window strategy
was used in this case as well. From each rule, four data entries were created: trigger as items to
suggest, action as context; trigger as items to suggest with context = “none”; action to suggest with
the trigger as context; action to suggest with none” as context. This process results in 1119312

The resulting expanded datasets and the code for the models training and assessment (including the IFTTT scalability test)
are available at https://github.com/andrematt/MARRS/
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input data. The lack of negative feedback was handled directly in the training loop where, for each
sample, negative ones were generated using random negative sampling, and a different weight
(alpha level) was assigned to them[38]. The results of this assessment are in the last line of Table 1.
The C-NCF model performed well even in this setup.

5 User Study

To validate the effectiveness of the recommendation pipeline and, in general, the inclusion of RS
in the tailoring environment, we performed a user test comparing the version of the app without
recommendations (baseline) and with recommendations. As a classification model, we used the
C-NCeF, as it performed best in the metric assessments.

5.1 Participants

We recruited sixteen participants (7 females, 9 males) through direct email or mailing lists. There
was no compensation for participation. Their ages ranged from 22 to 40 years (average = 30.31,
std. dev. = 5.08). In general, they reported some proficiency with programming (3 reported no
programming experience, 2 had low experience, 3 had medium experience, 4 had good, and 4
had very good experience). Seven of them reported experience in using automations to control
smart environments. Among the platforms used, they indicated Alexa Routines (4), IFTTT (3),
Home Assistant (2), Google Home (2), Smart Life (1), and Phillips HUE (1). 3 reported having used
augmented reality on smartphones, using Pokemon Go (2) and applications made in Unity (1).

5.2 Test organisation

The study took place in a laboratory with two rooms simulating, respectively, a living room and
a bedroom. In each room, there were four smart objects: an air purifier, multifunctional sensor
(humidity, temperature, motion, amount of light), window sensor and actuator, and smart light for
the living room; sleep tracking sensor, multifunctional sensor and actuator for the window, and
smart light for the bedroom. In addition, it was possible to select seven services not directly linked
to objects (see Figure 3-d).

The test was organised in 8 phases: general introduction, familiarisation with one version of the
app, task performance, questionnaire for the used version, familiarisation with the other version of
the app, task performance, questionnaire, and final questionnaire for demographic information.
Before starting, participants signed an informed consent. After the study, participants stayed further
to comment and discuss their experiences. The introduction phase served to give a brief idea of
TAP programming and to acquaint participants with the environments in which the tasks would
take place. Then, they could try the version of the application they were assigned as initial (with or
without recommendations). The order in which the applications (installed on a Samsung Galaxy
S10) were used was reversed for each user to counterbalance the learning effect. Questionnaires for
both versions included the 10 statements of the SUS test and a statement regarding the perceived
ease of creating automations with this version of the application. The questionnaire for the app
with recommendations also included four statements specific to this system adapted from the
framework for user-centric evaluation of RS proposed by Pu and Chen [36], namely:

$1 I found it helpful to be able to use the recommendations while performing the tasks.
$2 The system gave me good recommendations.

$3 The recommendations shown made me more confident in my choice.

$4 Overall, I am satisfied with the recommendation system.

In this context, a ’good recommendation” means a recommendation that is relevant to completing
the automation that the user is creating. The statements correspond to the dimensions of perceived
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usefulness, recommendation quality, decision confidence, and satisfaction. They had to be assessed
using a 5-point Likert scale where 1 corresponded to “strongly disagree” and 5 to “strongly agree”.
At the end of the questionnaires, two open questions asked them to elaborate on what aspect of
the application they appreciated the most or the least and why.

Tasks: The study was set up as a within-subject. Participants had to complete eight tasks (the
complete list is in Appendix A), corresponding to the creation of as many automations. In the
beginning, if they were using the app with recommendations, they had to select the goal indicated
for that group of tasks. The tasks were divided into two groups, the first four to be done with
one version of the application and the second four with the other. In both groups, the first two
automations to be created were simple (i.e. an event and an action), and the last two were composite
(in one case, an event, two conditions, and an action; in the other, an event, a condition, and two
actions), hence, the difficulty of the tasks was comparable. For each task, the time taken to complete
it, the errors made, and any other notes or mental processes expressed by the participants were
recorded.

5.3 Results

Time to complete the tasks: The times to complete tasks (see Figure 6) indicated that, in general,
users were faster using the app with recommendations (M = 52.36 s, std. dev. = 30.48 s) than with the
basic version (M = 75.89 s, std. dev. = 27.57 s). This difference is significant (Shapiro-Wilk normality
test W = 1, p = 0.084, Student’s t-test t = 7.2, p = <0.001, effect size = 0.9). We examined the times to
complete compound and simple tasks separately to form a better idea. Regarding simple tasks, using
recommendations (M = 32.8 s, std. dev. = 18.7 s) has led to a faster completion rate compared to the
base version (M = 62.47 s, std. dev. = 25.56 s). The data were found not normally distributed, as
suggested by the presence of outliers. The difference between the two distributions was significant
(Shapiro-Wilk normality test W = 0.9, p = 0.03, Wilcoxon signed-rank W = 7, p = <0.001, effect
size = 1). Considering only data from compound tasks, again using recommendations (M = 71.9 s,
std. dev. = 27.39 s) resulted in faster tasks than using the base version (M = 89.3 s, std. dev. = 22.78
s). Data was found to be normally distributed, and the difference was significant (Shapiro-Wilk
normality test W = 1, p = 0.8, Student’s t-test t = 3.9, p = <0.001, effect size = 0.7).

All tasks Simple tasks Compound tasks

Fig. 6. Time per task.

Errors: We identified the errors by comparing the automations required by the task with the ones
produced by participants. The error counting reveals how they concentrate in the basic application
(N = 22, mean = 1.37, median = 1) while they are lower in the version with recommendations (N =
4, mean = 0.25, median = 0). In the basic version, the prevalent error was not correctly choosing
the events and conditions to model the trigger (N = 15). Other errors found were selecting the
wrong operator for the rule element (3 cases), wrong service (2 cases), wrong value (1 case), and
not having entered a rule element (1 case). In the version with recommendations, the errors were,
in one case, inserting an event instead of a condition and, in one case, adding two more actions
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to a rule (counted as two errors), and in one case, inserting an action different from the required
one. These data are not normally distributed (Shapiro-Wilk, W = 0.9, P = 0.036), and the Wilcoxon
Signed Rank indicates significance (W = 3.1, p = <0.002, effect size = 1).

SUS responses: Overall, the SUS scores indicate that the platforms have good usability, with a
preference for the version with recommendations (mean score: 82,3, min=55, max=100, std. dev=12.2)
over the basic version (mean score: 78,1, min=42.5, max=92.5, std.dev= 13.89). The Shapiro-Wilk
test confirms that the data are normally distributed (Shapiro-Wilk normality test, W=0.9, p=0.4),
but the difference between the distribution is not significant (Student’s t-test t = -1.8, p = 0.087).

Other statements: Responses to the statements about the perceived ease of using the application
were generally positive for both the basic version (mean = 4, median = 4) and the version with
recommendations (mean = 4, median = 4.37). Questions specific to the recommendation system
gathered strong positive feedback (Q1: mean = 4.5, median = 5; Q2: mean = 4.6, median = 5; Q3:
mean = 4.5, median = 5; Q4: mean = 4.56, median = 5).

Comments associated with open questions: The open-ended responses were labelled and
grouped, identifying themes that emerged inductively from them. Below are the resulting themes,
together with some representative quotes.

Positive aspects: For the basic version of the application, several features stood out as particu-
larly appreciated. One of the most frequently mentioned strengths (4 occurrences) was the rule
recap feature, which clearly summarizes the events, conditions, and actions configured within an
automation. Users found this helpful, as reflected in comments such as: The my rule screen with
my settings summarised” and "The summary of the rules gives more clarity on what you have
set. Very useful”. Another key positive aspect was the intuitiveness of the rule creation process
(4), which was described as simple and effective: "The ease with which you can set the rules and
the usefulness in home automation” and ”The ease of creating an automation”. The application’s
overall interface was also praised for its clarity and ease of use (3). Users appreciated its intuitive
graphics, with one remarking, "As I used the app, I felt more confident in using it,” while another
noted, "The fact that there are no examples seems to streamline the interface and thus a simplicity
of use emerges”. Additional features that received positive feedback included the AR visualizations
and visual feedback (2), which allowed users to ”see the location of sensors” and provided a “visual
feedback of a sensor currently involved in an automation” The interactive AR experience was
another highlight (2), with users valuing the ability to “move in the environment to set what I
need” and appreciating that “the application works by pointing at the objects of interest” Lastly,
the possibility of creating compound automations was noted as an advantage (1): “The possibility
of combining several conditions to initiate an action”.

In the version of the application that includes recommendations, the most appreciated aspect
was the recommendation system itself (9), which was praised for simplifying interactions and
improving efficiency. As one participant put it, "The recommendation system makes the interaction
simpler and more immediate for the user compared to the other version” Another noted, "I really
appreciated the suggestions the app gave me step by step, I was able to create rules much faster and
more easily” A third highlighted its seamless integration: "The suggestion system is well integrated
into the system and also very useful makes the creation of even complex rules much faster”. Other
positive aspects included the option to set optional tags, which allowed users to adapt automations
to different needs (2) *The possibility of setting the goal to adapt to different needs”, and the AR
visualizations along with the graphic effect on activation (2): "The visualisation and the icons
used for the devices are very nice,” and “the fact that the objects such as the dehumidifier after
creating an action or condition turn green”. Additional appreciated features were the Continue
this automation with..” screen (1), which enabled users to extend a rule without selecting a new
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device, the automatic pre-selection of the rule element type (event/condition/action) (1), and the
flexibility to create automation in any preferred order rather than following a strict path (1).

Negative aspects: Despite these positive aspects, users identified areas that could be improved.
In the basic version, one critique was the graphic style of the menu (3), which some found immature:
“Graphical appearance of the menu” and "The graphical style is still a bit immature”. Another issue
was the insufficient differentiation in input types (2), with users suggesting improvements such as
a dedicated clock for time selection: *The time selection could be improved by inserting a clock
etc” and "I would differentiate the input types based on the choices (e.g. for a time an input of type
time, for a date of type date etc)”. Some users also struggled with understanding the conceptual
distinction between events and conditions (2): “Difficult to understand the differences between
event and condition, with a few more trials you can definitely understand better”. There were also
calls for more noticeable visual feedback (2): "More feedback or visualisation of the sensors in the
other rooms in a different colour” and ”Greater differentiation between the three phases when
selecting the action of the object concerned”. Other areas requiring attention included the lack of
dedicated space in the AR environment for services without a corresponding object (1): ’I would
expect either a kind of virtual notice board or positioned sensors (e.g. weather outside the window)”,
the positioning of some Ul elements such as the exit button (1), and missing objects, specifically a
door sensor (1).

For the version with recommendations, similar concerns were raised regarding the UI style and
button placement (4). Users felt the interface could be more visually appealing and consistent: "The
style of the user interface can be improved to make it more attractive,” "Always the graphics of
the menus,” and “The style of the buttons in service is not consistent with the interface in home”.
One user also highlighted an issue where they unintentionally clicked ’exit’ and had to start over.
There were also suggestions for more explicit visual feedback (2), particularly when selecting
recommendations or interacting with UI elements: "I would have appreciated the inclusion of some
visual element that would indicate to me the activation/deactivation of it” and ”I think there is a
need for more explicit feedback when selecting elements, saving etc”. Additionally, users noted
that recommendation tags could be better integrated and highlighted (2): "The case studies (’in
case of rain’, for example) tend to be separate from other commands” and "When it gives you a
recommendation it should add at the end (Wellbeing)”. Lastly, the integration of recommendations
into the main menu was mentioned as an area for enhancement (1): "The integration of the
recommendations in the interface where you define events etc”

6 Discussion

Overall, the response from participants was positive, albeit highlighting some areas for improvement
and further investigation. The various feedback from users and the classification metrics assessment
of the machine learning models will be analyzed below in more detail and with reference to the
defined research questions. Some broader implications for design that can be generalised from our
study are also reported.

RQ1: Does integrating a recommendation system in a mobile augmented reality tool
simplify the creation of automations?

From the results of the SUS test, we can see that although the platform received good perceived
usability scores both with and without recommendations, the use of recommendations improved
this aspect. The time taken by users to complete the tasks indicates that, in general, the use
of recommendations sped up the creation of automations. The difference appears significant in
simple and compound automations, but is more marked in simple automations. From statements
S1-S4, the one concerning the ease of creating automations with the two versions, and from
the responses to open questions, it emerges that the recommendations were one of the most
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appreciated aspects of the application, made the participants more confident during the use, and
were considered relevant for the configuration tasks. From observing the participants during the task
completion, no particular difficulty in using the recommendation system emerged. On the contrary,
the approach based on configuring one “rule element” at a time, supported by recommendations
before and after the insertion, was usually grasped during the familiarization phase before starting
the tasks (Implication 1: present single rule elements recommendations is a viable strategy).
Additional considerations can be made about the components of the recommendation pipeline. The
selection of the user goal did not confuse participants and was cited as a preferred feature by two
of them. For instance, one participant, who has a professional interest in caregiving, stated that
switching between general user and caregiver through tags would be extremely useful. Still, she
would need a longitudinal study to assess this feature entirely. Another consideration concerns
the "ECA sorting”. Some users closely followed the event-condition-action order, selecting the
services in sequence to complete the rule. Others instead preferred to start from the objects in
the AR view, regardless of their position in the tasks. For the users of the first group, the order of
the recommendations proposed by the "ECA sorting” was sometimes suboptimal. For instance,
one task required them to create a rule with multiple conditions, but after the insertion of a
condition, the system gave priority to actions to conclude the automation. This did not cause
serious inconvenience because users could manually select the type of rule element to display
suggestions for or discard them and continue the automation manually. In any case, a system
that learns the user’s event/condition/action selection preferences and orders recommendations
accordingly would be a useful addition to the RS. This can be supported with a classifier which,
based on the rules already entered by the user, learns the preferred insertions style and presents the
recommendations accordingly (Implication 2: the selection order preferred by users when
creating automations should be considered). Overall, the proposed approach resulted suitable
for supporting rule creation in MAR. One possible improvement that has emerged from participants’
comments is to give more evident feedback when a recommendation is modified, making it clearer
that the modified suggestion will be included in the rule, not the original one. It is also to be noted
that one participant explicitly reported, during the use, her preference for the version without
recommendations. She stated that it appeared leaner and, hence, easier to use.

RQ2: Does the integration of a recommendation system within a MAR tool prevent
errors during the automation creation?

From the results of the study, we can see that the inclusion of the recommendation system
significantly decreased the errors made during the tasks, and particularly those regarding the
choice between event and condition. This is particularly relevant, as the distinction between events
and conditions is a crucial source of ambiguity in TAP [5, 24], and is essential to clearly express this
concept to help users shape a correct mental model of the functioning of the automated system. We
witnessed this challenge during the test when participants often thought aloud about the duration
of triggers to choose between events and conditions (Implication 3: recommendations can also
help users to disambiguate between events and conditions). For example, one participant had
doubts about how to model “when I sleep for more than 8 hours” because although the event of
exceeding 8 hours is instantaneous, the triggering action of sleeping extends for a prolonged period.
We can associate the decrease of the event/condition selection errors while using the RS with
two factors: the event/condition/action suggestion based on heuristics, which “pre-selected” the
most suitable type of rule element, and the textual examples, which reported the natural language
description of the rule element. For instance, the event rule element type was often introduced by
the "When” keywords and the condition by the "If”, depending on the terms used in the textual
description of the automations used for the recommendation. These, in combination with the
“My Rule” screen that explicitly divides the rule into its events/conditions and actions, led to the
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alleviation of this problem. This seems to suggest that using different keywords to denote events
and states leads to a more correct mental model of TAP rules by users (Implication 4: visual and
linguistic cues can be used in combination with recommendations to assist users further
with the event/condition distinction), although which terms are most appropriate is currently
being studied[1]. It should be noted, however, that the “My Rule” panel was also present in the
version without recommendations Furthermore, one participant reported the need, at least initially,
for an even more explicit representation of the distinction between events and conditions. He
suggested an animation that illustrates that first an event must be triggered, and then the system
proceeds to verify the conditions.

Another aspect worth discussing concerns the metric assessment of the models. The results
tell us that the intuition of modelling together the user-item relation, the previously inserted rule
elements as the “context”, and the textual description of the automation is suitable but not optimal
in all conditions. The models that also use the textual description (Bert and Context-NCF Bert)
performed well in the dataset version extended with 5 positive and 5 negative examples, but in
the other cases, they did worse than simpler models such as C-NCF or random forest. The Bert
model performed relatively poorly in the scalability test on the IFTTT dataset, an indication that
the model is not completely capable of capturing the user/item relationship without using specific
encoders. In contrast, models that can encode the context separately have performed well in most
cases, particularly Context-NCF. This indicates that the use of context together with a user and
item representation leads to a correct interpretation of the next element to be included in the
rule without the need for the textual component to clarify it further (Implication 5: text-based
approaches to recommendations are feasible in this setting, but the user-functionality
relation and the context emerge as more important factors). Another possible cause for the
worse performance of Bert in the IFTTT dataset is the less detailed description of the automations
present compared to the multiple rule elements dataset. To wrap up, C-NCF and to a lesser extent
random forest performed well both in a small dataset containing automations with multiple rule
elements, as well as in a large-scale one with 1-trigger 1-action automations. This indicates the
possible effectiveness of the models in different real-use situations. This result is also relevant to
RS implementations for IoT that do not use augmented reality since the functioning of the core
models is not tightly coupled with that of the rest of the recommendation pipeline.

7 Conclusions and Future Work

In this paper, we present the design and implementation of a RS for automations in a mobile
augmented reality application for smart homes. It considers the specificities of the automations,
such as the ECA structure, the partitioning of recommendations into Rule elements, and the
different stages in which to provide them. The models used as the core of the RS were evaluated
by metrics, obtaining good results. The model that performed best in this respect (C-NCF) was
included in the recommendation pipeline. A user test was carried out with a TAP platform with
this system and without recommendations. The results indicated better usability of the platform
with recommendations, which also reduced errors in the creation of automations. Regarding the
limitations of this work, it must be reported that the user study considered only one of the models
assessed from the metric standpoint. Furthermore, a more extended evaluation should be done
in a real home installation to better verify the usefulness of the recommendation system over a
long period of time, its ability to adapt to the user, and the effectiveness of the tags to explore
automations other than those normally shown. Another possibly limiting aspect concerns the
latency that the recommendation pipeline could introduce into the system. During the user test,
we did not notice any particular lag introduced by the RS. However, it may be present in systems
using larger datasets like the IFTTT one. To prevent this issue, we specifically defined the RS as a
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multistep system, where a quick metric (TF-IDF) is used to select the candidates to be sorted by the
more powerful (and slower) deep learning model. Even if this is useful for decreasing possible lag
issues, further investigation on this aspect is needed.

In future work, we will conduct a longitudinal user study to better understand the strengths
and weaknesses of the designed RS. Other aspects we intend to explore are the explainability of
recommendations, for example by showing why a recommendation has been proposed. We are also
planning to explore how to personalise the system further, for instance, by automatically inferring
the user goal [50] and by considering additional information such as user models and personality
traits 8].
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Appendix

Scenario 1: Environmental management

You want to configure some automations to better organize your home environment and simplify

its management (and also avoid waste due to forgetfulness), automate lights and windows and send
messages to notify you of non-optimal situations.

If the application version allows it, enter the goal organizing. Then, define the following

automations:

e At 6 pm, set the light in the living room to a warm colour (orange).

e When I leave the house, turn off all the lights in the living room.

o If the air quality in the living room becomes poor, I am in the room and the living room
window is closed, turn on the air purifier.

e When it starts raining and the living room window is open, change the light in the living
room to red and send a reminder message.

Scenario 2: Wellbeing
You want to create automations to improve your well-being (particularly regarding sleep) and

help you motivate yourself to study/work and do physical activity.
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If the application version allows it, enter the wellbeing goal. Then, define the following automa-
tions:

e When the humidity in the bedroom becomes above 80%, it sends an alert notification.

e When I sleep for more than 8 hours (regardless of the time), it sends a notification to remind
me to study/work.

e When the temperature in the bedroom becomes below 18 degrees and if the window is open
and I am in bed, close the window.

e At 6.25 pm, if I've taken fewer than 5,000 steps that day, it sends a notification suggesting I
go for a walk and changes the colour of the bedroom light to yellow.
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