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ABSTRACT

In this paper, we describe an empirical evaluation of the user's perceived usefulness of
recommendations for configuration tasks in a smart home scenario. Our results suggest that
while overall recommendations help improve the performance in the task, the psychological
traits of Self-efficacy and Need for Cognition play an important role in determining
the perceived usefulness of the recommendations. These effects are somehow different from
those reported in other studies where recommendations are provided for a choice task rather
than a constructive task. Thus, our results offer evidence regarding the importance of
incorporating the evaluation of personality traits into the design of configuration constructive
tasks in order to make informed decisions on whether and how to provide users with
recommendations. Additionally, they show that it is crucial to take into account the nature of

the task and, where possible, individual competencies.

1. Introduction

Smart environments, such as smart homes and smart
manufacturing, integrate a large number of hetero-
geneous Internet-of-Things (IoT) components, namely
sensors and actuator devices, in a single system aimed
at supporting users in pursuing their goals (Bansal
and Kumar 2020), for example automating routine pro-
cedures or preventing emergency situations. Although
the specificity of each installation of such environments
(that is, the idiosyncratic routines of each family or the
peculiar requirements of a specific factory) would
require individual adaptation of the environment, deal-
ing with the complexity of those infrastructures is
difficult for non-expert users. Indeed, the research
field of End-User Development (EUD) investigates
how to provide end-users with adequate support to
this purpose (Lieberman et al. 2006).

We call a configuration task in a smart environment
the specification of the set of operations that a user
needs to perform in order to activate the desired set of
actions by a subset of the actuator devices present the
environment, given a specific set of values detected by
a subset of sensors. For example, the windows in a
smart home should be automatically closed if the
weather sensors detect that it starts raining; or, in a
smart factory, the engine should be stopped as soon as

a person is detected entering into the danger area of
machinery.

In the EUD domain, it has long been recognised that a
useful approach to deal with configuration tasks by non-
expert users is by means of trigger-action rules (Ghiani
et al. 2017). Trigger-action rules are similar to if
<condition> then <actions> statements in which the
conditional part contains an expression on the values
detected by a sensor and the <actions> part specifies a
sequence of actions to be performed. For example, the
first configuration task presented above may be realised
with the following trigger-action rule: ‘if a weather station
[trigger object] detects that it is starting to rain [trigger
event] the windows [action object] are closed [action
event]’. Trigger-action rules are a simplified version of
Event-Condition-Action rules use in software engineering
(Casati et al. 2000; Paton 2012), and a large literature
investigates how they may fit the user mental model
(see for example (Ghiani et al. 2017; Huang and Cakmak
2015; Zancanaro et al. 2022)).

Therefore, a configuration task can be more formally
defined as the list of the following preferential choices
(Jameson et al. 2011):

(1) What devices (sensors and actuators) present in the
environment have to be considered


http://crossmark.crossref.org/dialog/?doi=10.1080/0144929X.2024.2396478&domain=pdf&date_stamp=2024-08-27
http://orcid.org/0000-0002-1554-5703
http://www.tandfonline.com

(2) How to connect several sensors and several actua-
tors to achieve the desired behaviour;

(3) What event (trigger) should activate an interaction
pattern;

(4) What behaviour (action) should be carried out after
a trigger event has occurred.

In this respect, it is clear that people may need sup-
port in getting through such a process. Indeed, helping
people make better decisions is an important function of
recommender systems (Jameson et al. 2015). Yet, resol-
ving the preferential choices of a configurational task is
different from the typical cases in which recommender
systems have been used, such as movie recommen-
dations. In this case, there is a constructive task,
where the users need to take a number of decisions,
from a relatively small number of alternatives but with
several options to consider, aimed at developing a sol-
ution to a problem. The major indicator of success is
the performance on the task (i.e. the configuration of
sensors and actuators works as planned). On the con-
trary, recommenders are usually employed in decision
tasks where the users have to opt for a relatively simple
choice but among a very large number of alternatives
(such as deciding which movie to rent or which book
to buy). The indicator of success is satisfaction with
the decision taken.

Our first research question concerns the usefulness of
recommendations of either trigger conditions or actions
in the process of defining trigger action rules. We con-
sider both perceived usefulness (RQ1la) and the ability
of recommendations to improve users’ performance
(RQ1b):

Research Question 1a (RQla): Do users find it use-
ful to receive suggestions on either trigger conditions or
actions to carry out the configuration task?

Research Question 1b (RQ1b): Are suggestions on
trigger conditions and actions actually useful (i.e. they
improve users’ performance) to carry out the configur-
ation task?

From research in Psychology, we understand that
personality of people plays an important role in
decision-making (Deniz 2011). Indeed, in the last dec-
ade there has been an increasing research interest in
more user-oriented approaches to recommender sys-
tems (Dhelim et al. 2022; Tkalcic and Chen 2015) to
understand the impact that personality can play in
accepting and using recommendations, specifically in
decision tasks (Dhelim et al. 2020; Koren, Bell, and
Volinsky 2009) and how they are exposed to unfair rec-
ommendations (Yalcin and Bilge 2023).

Several investigations focus on the the Big-Five
model (McCrae and John 1992) of personality (see the

related work section), that is best suited in relational
contexts.

Since we are dealing with an effortful cognitive task,
we aimed at investigating different perspectives on the
concept of personality. We decided to focus on three
largely well know constructs: Locus of Control,
Self-efficacy, and Need for Cognition.

Locus of Control (Rotter 1966) is a construct
that is used to categorise people’s beliefs about how
much control they have over the events of their lives.
People with an external Locus of Control tend to
perceive their life outcomes as arising from factors out
of their control. People with an internal Locus of
Control tend to attribute the cause of events in
their lives to their own actions, motivations, or compe-
tencies. Self-efficacy (Bandura 1986) is a closely
related construct. It can be defined as people’s belief
in their capacity to exercise control over their own func-
tioning (i.e. their motivation, cognition, behaviour),
over their social environment, and, in general, over
events that may affect their lives. The self-evaluation
that Locus of Control and Self-efficacy are
supposed to measure (i.e. the beliefs people hold regard-
ing their power to affect situations in their life) may
influence the goals towards which people strive and
the amount of energy they spend to achieve these
goals, but also their inclination towards challenging cog-
nitive activities and their wish to be helped when they
face these problems (i.e. their appreciation of possible
aid and assistance). In this respect, these constructs
are related to Need for Cognition (Cacioppo and
Petty 1982), a personality construct reflecting the extent
to which people are inclined towards demanding cogni-
tive activities. More specifically, Need for Cogni-
tion is ‘a need to structure relevant situations in a
meaningful, integrated way [...] a need to understand
and make reasonable the experiential world’ (Cohen
1957) and can be briefly defined as ‘the tendency for
an individual to engage in and enjoy thinking’
(Cacioppo and Petty 1982).

We posit the following research question:

Research Question 2 (RQ2): Do Locus of Con-
trol, Self-efficacy, and Need for Cogni-
tion influence the perception of usefulness of the
recommendations provided to a user in a given context?

We investigate the above research questions by
means of an empirical study on a configuration task in
a smart home scenario carried out using a prototype
developed in the context of the project Empathy '

In order to better clarify the effect of personality on
the perception of usefulness of recommendation, we
compare two different approaches to recommendation:
(a) as a means towards an easier solution, by providing a



recommendation of possible rules while the user is
working on it, and (b) after the rule has been defined,
as a way to improve the understanding (and possibly
the learning) of the system.

Our final goal was to determine whether it might be
useful to infer and include the personality traits of
Locus of Control, Self-efficacy and Need
for Cognition in an extended user model which
uses them to provide recommendations only to those
users who can possibly appreciate them.

The paper is structured as follows. Section 2 presents
the main relevant work regarding personality-based
recommenders and rule recommendations for End-
User Development. Section 3 introduces the prototype
we used for our empirical evaluation. Section 4
describes the experiment and its results and in Section
5 we discuss the implications of our findings. Finally,
Section 6 concludes the paper and presents future work.

2. Related work
2.1. Personality in recommender systems

Personality explains individual differences in long-last-
ing emotional, interpersonal, experiential, attitudinal,
and motivational styles (McCrae and John 1992). Sev-
eral studies have shown that personality plays an impor-
tant role in decision-making (Deniz 2011) and can help
understand user preferences (Dhelim, Aung, and Ning
2020) in various domains, such as music (Bansal, Flan-
nery, and Woolhouse 2021), movies (Kim 2020), web-
sites and online behaviours (Kosinski et al. 2014).
Starting from the pioneering work of Dunn et al
(2009), Nunes (2009) and Hu and Pu (2010), the possi-
bility of incorporating personality-related information
into recommenders has attracted considerable atten-
tion. In recommender system terms, in fact, personality
can be understood as a user profile that is both context-
and domain-independent (Tkalcic and Chen 2015).
The Big-Five model. Among the many examples
which can be mentioned for this purpose, several studies
aimed at using personality characteristics as comp-
lementary information to overcome the cold start pro-
blem which hinders traditional recommendation
algorithms. For example, in Hu and Pu (2011), person-
ality-based neighbourhoods were built for the target
users, and various personality-aware approaches were
compared to the traditional user-based Collaborative
Filtering (CF) method with promising results. Starting
from the idea that personality information learned in
one domain could be transferred to a different one, in
a cross-domain recommendation perspective (Canta-
dor, Fernandez-Tobias, and Bellogin 2013),

Fernandez-Tobias et al. (2016) also compared different
methods to alleviate the cold start problem, and pro-
vided guidelines for their application to different scen-
arios. More recently, this problem was addressed in
Moscato, Picariello, and Sperli (2021), with a specific
focus on personality-based music recommendation.

Relevant work in the group recommendation area
referred to the Big-Five to investigate the relationship
between choice satisfaction and characteristics of the
individuals and the groups (Delic et al. 2018), while
Wu, Chen, and He (2013) studied how personality can
impact users’ preferences for recommendation diversity
and demonstrated a personality-based diversity adjust-
ing approach in the movie recommendation domain.
Based on the results of a comprehensive study with
1840 users of the MovieLens recommender, Karumur,
Nguyen, and Konstan (2018) discussed how personality
information could be used to deal with a number of the
traditional recommender systems issues, such as newco-
mer retention, cold start problem, novelty, diversity,
and popularity in recommendations, group and cross-
domain recommendation generation.

Other personality models. The RIASEC model
(Holland 1997), whose main goal is to explain voca-
tional behaviour and thus help people attain pro-
fessional satisfaction, distinguishes six personalities:
realistic, investigative, artistic, social, enterprising and
conventional. It was applied in an e-commerce proto-
type to increase customers’ likelihood to purchase
(Bologna et al. 2013 ) and in a hybrid recommender
to help adolescents define their future career plans
(Ochirbat et al. 2018). The Bartle model (Bartle 1996),
which identifies four player types based on their person-
ality (achiever, explorer, socialiser, killer) was exploited
for the in-game recommendation of new activities to
undertake (De Simone et al. 2021). The Thomas-Kilman
Conflict Mode Instrument (TKI) (Thomas 1992)
describes an individual’s behaviour in conflict situations
along two basic dimensions, i.e. assertiveness and coop-
erativeness. In the context of group recommendation,
the TKI was used to generate recommendations that
take into account the group personality composition,
so as to maximise satisfaction for the group as a whole
(Quijano-Sanchez, Recio-Garcia, and Diaz-Agudo
2010). More recently, it was exploited to explore how
group members’ conflict resolution style can affect rec-
ommendation quality (Nguyen et al. 2019).

Need for Cognition, Locus of Control, and Self-
efficacy. Experimenting with a music recommender sys-
tem, Millecamp et al. (2019) found that participants
with a high Need for Cognition were more confident
about the playlists they had created when the system
provided no explanations for its recommendations. In



fact, since they spontaneously reasoned about possible
grounds for their recommendations, system-provided
explanations were redundant and might even lead to
distrust of the system when recommendations were
not appropriate. In an online dating scenario (Tong
et al. 2018), daters with a high Need for Cognition
proved to be more willing to rely on a recommender
system when they faced very large choice sets (i.e.
more than 800 potential mate profiles), as a conse-
quence of their tendency towards adaptive behaviour,
while daters lower in Need for Cognition were
always likely to use the recommender, independently
of the number of available options. In the related area
of decision-making, the possible influence of Need
for Cognition on nudging techniques (defaults
and social influence) was explored in an online shop-
ping scenario (Ingendahl et al. 2021): results show that
nudges are effective across different levels of consumer’s
Need for Cognition.

Locus of Control is also linked to decision-making
and the use of information. For example, a recent
study (Sharan and Romano 2020) investigated whether
players trust advice generated from either an Al-based
algorithm or other humans, in a decision-making card
game. Participants with a low (external) Locus of
Control showed patterns of concordance with rec-
ommendations, independently of their source, while
the opposite holds for people with a high (internal)
Locus of Control.

Finally, partially related work in the area of technol-
ogy acceptance showed that general Self-efficacy med-
iates the effects of Big-Five traits on perceived ease of
use and usefulness of audiovisual technology (Manolika
et al. 2022). Furthermore, computer Self-efficacy
significantly influences the overall acceptance of differ-
ent technologies, such as video conferencing software
(Alfadda and Mahdi 2021) and digital learning environ-
ments (Reddy et al. 2021).

2.2. Recommendation in the EUD domain

End-User Development (EUD) is ‘a set of methods,
techniques, and tools that allow users of software sys-
tems, who are acting as non-professional software devel-
opers, at some point to create, modify, or extend a
software artifact’ (Lieberman et al. 2006). Since the
beginning, EUD systems have shown that recommen-
dations can improve usability and user experience
(Haines et al. 2010). Haines et al. (2010) explored the
different classes of recommendations made in EUD
systems.

One of the earliest approaches to EUD was Program-
ming By Example (PBE). Some systems in this category

continuously observe the user’s actions to find rep-
etitions over which they can learn a looping program
to complete the user’s task. Examples include EAGER,
Dynamic Macro, and APE (Cypher 1991; Masui and
Nakayama 1994; Ruvini and Dony 2000). By recom-
mending automation directly within the user’s
workflow, these systems achieved EUD transparently
without the user’s awareness of having programmed
the system. A more general approach to automation
within the user’s workflow relies on activity recognition
to observe what the user is doing and infer what that
user is trying to accomplish. For example, Lumiere sys-
tem used Bayesian user models to offer context-depen-
dent assistance (Horvitz et al. 1998). While Lumiére
could offer assistance on various tasks, it was limited
to assisting the tasks encoded by the developers. Some
systems combine aspects of both approaches. WARP,
like Lumiére, utilised probabilistic models for activity
recognition on a wide variety of tasks (Yorke-Smith
et al. 2009), but, like PBE systems, was also able to con-
tinuously extend its knowledge base to handle new
tasks. Task Assistant was another system that made rec-
ommendations over an extensible knowledge base
(Peintner et al. 2009). It used manual procedures pro-
duced by EUD to inform its recommendations for
further automated procedures of future tasks.

Haines et al. (2010) proposed that the following kinds
of recommendations should be supported in EUD: (1)
recommending shared procedures; (2) improving
activity recognition; (3) suggesting preferred defaults;
(4) suggesting more likely generalisations; (5)
suggesting potential problems based on similar pro-
grams; (6) suggesting examples; (7) suggesting solutions
to programming problems; (8) suggesting reusable code
elements; (9) assisting novices and suggesting best prac-
tices. In the latter case, Haines et al. (2010) suggested
collaborative or social recommender techniques.
According to these authors, however, few systems
today use recommender technologies to support
decision-making within EUD. They identify four main
classes of recommendations that could be improved
by using recommender technology: (1) inserting auto-
mation into the user’s workflow; (2) helping the user
make the right decisions; (3) handling errors; (4) sup-
porting unplanned sharing.

To the authors’ knowledge, in the EUD field, no
study investigates the relationship between users’
psychological traits and recommendations.

3. The prototype

Before introducing the evaluation, we describe the rule
recommender prototype2 and its main components,



which we have realised in the context of the Empathy
project (for more details, see Cena et al. 2021).

We have implemented a rule-based recommender ser-
vice, developed starting from an If This Then That
(IFTTT)’ dataset of 98,744 rules. First, we have applied
the association rules algorithm Apriori on the dataset to
extract the most relevant associations between smart
objects. To find stronger associations, we have then
related the individual objects to the classes of an
extended version of EUPont ontology (Corno, De Rus-
sis, and Roffarello 2017), representing IoT end-user pro-
gramming environments. We ran the Apriori algorithm
on the classes and more significant results emerged.

Based on this data, we have built recommendation
services that suggest object categories (namely the
ontology classes) to compose a trigger-action rule:
when the input category is a trigger category, a set of
action categories are recommended; conversely, when
the input is an action category, a set of trigger categories
are recommended. We have built a web interface show-
ing these services, see Figures 1 and 2.

As we can see from Figure 1, when choosing the trig-
ger (or the action on the other page), the associated
action (or trigger) categories are shown with a number
that represents the confidence originating from the
Apriori algorithm for association rule learning. The cat-
egories with a higher confidence value represent the
most used pairings in the IFTTT dataset. Once trigger
or action categories have been chosen, three examples
of rules from the IFTTT dataset are suggested (see
Figure 2). Assuming that users can be described through
user models to receive personalised recommendations,
this recommender service will be extended in the future
with a user modelling component that will consider user
psychological traits according to the findings of the
experiment described in this paper.

Implementation details. As far as the prototype’s
implementation is concerned, the recommender is a
module built in Java that contains all the logic required
to provide the different recommendation techniques.
The data are stored in a mongoDB instance and are
organised in different collections and databases. We
used the same architecture to realise the web pages host-
ing the experiment which will be described in Section 4.
Finally, the web interface has been developed using
Vue.js and Vuetify as a material design framework.
The application server is implemented with Spring
Boot and exposes a set of REST APIs.

4, The experiment

The goal of the experiment was to assess how helpful (in
terms of performance) and useful trigger, action, and

rule recommendations are to users who are given a
(simulated) configuration task.

Participants were asked to write three trigger-
action rules, selecting appropriate trigger and action
objects from a list of options and then specifying
how they should interact. Before carrying out the
configuration task, participants in the experimental
group could access the recommender prototype (see
Section 3), where they could retrieve suggested object
categories to include in their rules, as well as example
rules themselves. On the contrary, participants in the
control group had to carry out the configuration task
without receiving any suggestion, and they could
access the recommender prototype only after they
had completed the tasks. Although participants in
the control group could not benefit from recommen-
dations during the configuration task, they were
nevertheless asked to explore the prototype for three
reasons: firstly, we wanted to provide them with
exactly the same information as participants in the
experimental group, for fairness reasons; secondly,
they were also asked to assess recommendation useful-
ness, imagining that -in the future- they would have to
carry out a configuration task similar to the one they
had just completed; thirdly, this allowed us to test
two different approaches to recommendation, one
where suggestions provided before/during the task
can be used as a means to more easily reach a solution,
and one where suggestions provided after the task
completion can help participants to improve their
understanding of the system.

Performance, perceived usefulness, and other metrics
for user experience have been investigated in connec-
tion with personality constructs such as Locus of
Control, Self-efficacy, and Need for Cog-
nition in order to determine whether these could
be taken into account in the future user modelling com-
ponent and in the resulting recommendation generation
process.

The experiment was conducted online. Ethical
approval for this study was obtained from the bioethical
committee of the University of Turin, with approval
number: 0675432

Design. We used a between-subjects design, where
the main independent variable is access to recommen-
dations, with two possible values, before and after:
the experimental group had access to the recommen-
dations on trigger-action rules before the configuration
task, while the control group could explore possible
recommendations after completing the task only. The
dependent variables are participants’ performance,
the perceived easiness and the perceived enjoyment
of the configuration task, participants’ satisfaction



air monitor

Select action cateqory

lamp (0.32)
security system (0.15)
thermostat (0.12)

smart plug (0.1)

Figure 1. Web interface for the recommendation of action object categories.

with their tasks, and the perceived usefulness of
recommendations.

Hypothesis. Regarding RQ1la, we hypothesised that
all users would judge recommendations useful to carry
out the proposed configuration task. Even more so, we
expect that the accessibility of recommendations, before
of after the task, impacts participants’ performance
(RQ1b), with the experimental group being able to com-
pose more effective rules and trigger/action associations
than users in the control group. We also expect partici-
pants in the experimental group to find the simulated
configuration tasks easier, more enjoyable, and more
satisfying. Regarding RQ2, we hypothesised that per-
sonality traits have an impact on the perceived useful-
ness of the recommendations. More specifically, we
hypothesised that users with more external Locus of
Control would find it more useful to receive rec-
ommendations before the task than users with internal

Locus of Control. Concerning the Need for
Cognition and Self-efficacy we hypothesised
that people with high scores in these traits would find
it more useful to look at the recommendations because
they can appreciate the effort required to understand the
recommendations in order to improve their
performance.

Participants. We recruited 64 participants (68.4% in
the 18-25 age range, 26.2% in the 26-35 age range, and
3.2% in the 36-44 age range), among students attending
HCI and interaction design master courses, with both a
technical and humanistic background. They declared an
average familiarity with smart objects and IoT technol-
ogy (2.8 out of 5), while most of them declared to pos-
sess at least one smart object (mostly voice assistants
and location services).

Apparatus and materials. We created a series of web
pages to deliver the experiment online. They contained

Empathy helps you set up your smart home. Choose a trigger object category and an action object category to explore the most popular configuration rules among our
community. Remember: trigger objects generate (or are associated to) trigger events in your smart home. Thanks to configuration rules, you can decide how an action
object should behave, whenever a certain trigger event occurs. For example, whenever your weather station (trigger object) measures an indoor temperature lower than
a given threshold (trigger event), your heating system (action object) turns on (action event).

trigger category
voice assistant

Select action category

thermostat

Recommended configuration rules

Set nest thermostat

trigger object: Google Assistant (voice assistant) comfort

trigger event: Say a phrase with a number

Have Alexa put ecobee3 in home

Use Alexa to put ecobee3 in sleep
comfort profile

action object: Nest Thermostat (thermostat)
action event: Set temperature

description: Applet for setting Nest Thermostat
(Fahrenheit)

trigger object: Amazon Alexa (US only) (voice
assistant)

trigger event: Say a specific phrase

action object: ecobee (thermostat)

action event: Set comfort profile until next
transition

description: Will only stay in home comfort mode
till next scheduled transition. Just say "Alexa
trigger home”. For new people make sure to
register your Amazon echo and your ecobee3
before using these Applets.

Figure 2. Web interface for the recommendation of configuration rules.

trigger object: Amazon Alexa (US only) (voice
assistant)

trigger event: Say a specific phrase

action object: ecobee (thermostat)

action event: Set comfort profile until next
transition

description: Just say "Alexa trigger sleep”. Will
keep your ecobee3 in the sleep comfort setting
till next scheduled transition. For new people
make sure to register your Amazon echo and
your ecobee3 before using these Applets.



open and closed questions for the pre- and post-tests,
forms to carry out the experimental tasks (rule writing),
as well as the link to our recommendation prototype.
The exact order and content of the web pages was
adapted according to the group participants belonged
to, either experimental or control.

The test could be performed through any browser
connected to the Internet. All the user data were anon-
ymously collected and stored.

Procedure. For an overview of the experiment pro-
cedure, see Figure 3. The first steps were the same for
participants in both the experimental and the control
group. After having provided their informed consent
to participate in the experiment, participants were
allowed to access a welcome page offering an overview
of the study. Then, they were asked to fill in a pre-test,
where data on their behaviours and personality traits
(Locus of Control, Self-efficacy, and Need
for Cognition), on socio-demographic aspects (i.e.
age, education), as well as on familiarity with technology
and IoT, smart objects’ possession, and potential smart
home goals® were collected. After that, the smart home
configuration task was introduced through the follow-
ing scenario:

You took home on your own, and, given your passion
for technology, you decided to set up your home with
a few smart objects. Imagine having to go through the
phase of configuring your devices, and having to decide
how to make them interact to make your environment
truly intelligent. Try writing three rules by which you
would configure your smart home. To do this, you
need to choose a trigger object and an action object
and write how you would like them to interact. A trig-
ger object generates (or is associated with) events that
cause a rule to run. Through a rule, you can specify
which action object should be activated and how it
should behave in correspondence with a trigger event.
Here is an example of a rule: if a weather station (trigger
object) measures an internal temperature below a cer-
tain threshold (trigger event), the heating system
(action object) turns on (action event).

At this point, the experiment procedure was
adapted according to the group participants belonged
to. After having read the scenario, in fact, only the par-
ticipants in the experimental group were given access
to the website described in Section 3, which offers
the users help in configuring their smart home by pro-
viding rule recommendations they could explore
before doing the configuration task introduced in the
scenario. Then, all participants were asked to write
three configuration rules: for each one, they had to
choose a trigger object and an action object, then
they had to write the rule’s logic in natural language

(see Figure 4). After that, participants had to evaluate
their experience by answering a few questions regard-
ing ease, fun, and satisfaction with what they had done
in the task.

At this point, the participants in the control group
were given access to the recommendation prototype
and, finally, all participants were asked to assess the
recommendations: in particular, they evaluated how
useful it was (for the control group: it would be) to dis-
cover recommended action objects from a trigger
object and vice-versa, as well as how useful it was
(for the control group: it would be) to discover
example rules with the chosen trigger and action
objects.

Measures. Participants’ familiarity with technology
and with IoT was self-assessed through two 5-point
Likert scales ranging from ‘no familiarity at all’ to
‘extreme familiarity’.

Locus of Control, Self-efficacy and Need
for Cognition have been assessed using validated
questionnaires from the International Personality Item
Pool (IPIP) web site’. The IPIP items are statements
presenting possible behaviours®: respondents are
required to assess how accurate such items are in
describing their own behaviour, rating them on a 5-
point Likert scale with points labeled as follows: very
accurate, moderately accurate, neither accurate nor
inaccurate, moderately inaccurate, and very inaccurate.
In particular, to measure Locus of Control, we used
the 5-item IPIP rational scale’ based on Levenson’s
Locus of Control scale (Levenson 1981). For
Self-efficacy, we used the 10-item IPIP scale®
that contains the same items as those used to measure
‘Independence’ in Gough’s California Psychological
Inventory (Gough 1996). To measure Need for Cog-
nition, we used the 10-item IPIP scale’ based on the
original scale by Cacioppo and Petty (Cacioppo and
Petty 1982).

Participants’ performance with rule writing was
assessed by three domain experts who first worked sep-
arately, and then discussed their evaluations in order to
achieve consensus. For each rule, the experts separately
assessed participants’ choice of the trigger and action
objects (assigning 1 point if the objects matched their
roles, 0 points otherwise) and their ability in composing
a configuration rule (assigning 1 point if the rule was
syntactically correct, but either non-sensical or incoher-
ent with the chosen trigger and action objects, 2 points if
the rule was both formally correct and logical, 0 points
otherwise).

The easiness and enjoyment of the configuration
task, participants’ satisfaction with the rules they had
created, as well as their evaluation of the usefulness of
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trigger, action, and rules’ recommendations were col-
lected using dedicated 5-point Likert scales, with points
ranging from ‘not at all’ to ‘extremely’.

Results (descriptive statistics). The self-declared
familiarity with technology is quite high, with mean
4.15 (std= 0.54) on a 5-point scale. The minimum
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value is 3, and it is not normally distributed. The famili-
arity with IoT devices is lower (mean= 2.81; std= 1.09),
and the distribution, although not normal, is wider. The
two variables have a significant correlation (Pearson’s r
=0.53, p<0.01 ). For both these measures, there is a
small but significant difference between the two con-
ditions (for familiarity with technology, Mann Whitney
w = 314.000, p<0.05 and for familiarity with IoT, Mann
Whitney w = 334.500, p<0.05 ). The values of the means
for the two conditions are reported in Table 1.

For what concerns the personality traits, for Locus
of Control, the items show a relatively good
internal coherence (Cronbach alpha= 0.67, compar-
able to 0.61 reported in the International Personality
Item Pool). We will therefore consider the scale as
composed of the average scores of the items. The vari-
able is normally distributed (Shapiro-Wilk w=0.971,
p =0.154) with mean 3.25 (std= 0.73). There is no sig-
nificant difference between the two conditions (¢ test,
t=—-0.469, p=0.641).

For Self-efficacy, the items show a relatively
good internal coherence (Cronbach alpha= 0.61),
although lower than the 0.81 reported in the Inter-
national Personality Item Pool. We consider the scale
as composed by the average scores of the items. The
variable is normally distributed (Shapiro-Wilk w=
0.981, p =0.465) with mean 3.74 (std= 0.44). There is
no significant difference between the two conditions (¢
test, t=—0.092, p=0.927 ).

For Need for Cognition, the items show a good
internal coherence (Cronbach alpha= 0.722), but
lower than the 0.84 reported in the International Per-
sonality Item Pool. We consider the scale as composed
by the average scores of the items. The variable is nor-
mally distributed (Shapiro-Wilk w=0.977, p=0.286)
with mean: 3.72 (std= 0.519). There is no significant
difference between the two conditions (¢ test t=
—0.013, p=0.990 ).

Regarding the performance on the task, we took into
consideration the scores provided by the experts on the
selection of the trigger/action and on the composition of
the rule for each one of the three exercises, as explained
above. The scores taken together have a good internal
consistency (Cronbach alpha= 0.805), hence, we aggre-
gate them together by averaging the individual values.
The resulting scale has a value between 0 (totally
wrong) and 1 (completely correct). The variable has a
mean of 0.80 (std=0.29), and it is not normally
distributed.

Regarding the subjective experience on the task, it
was measured with 3 single items for task easiness
(mean= 2.84, std= 0.79), enjoyment (mean= 2.98 std-
= 0.86), and satisfaction (mean= 3.016, std= 0.735).

None of them is normally distributed (Shapiro-Wilk,
respectively w=0.835, p=0.000; w=0.881, p=0.000;
w=0.846, p =0.000 ).

Finally, for the reported usefulness of the recommen-
dations, the participants assessed separately the useful-
ness of recommendations about the triggers, the
action to use, and the rules that could be defined.
Since the items have a good internal consistency (Cron-
bach alpha= 0.844), we consider the average score as a
single scale. The variable is normally distributed (Sha-
piro-Wilk w=0.969, p=0.124) with mean 3.583,
std= 0.768).

Results (inferential statistics). For the performance
measure, there is a significant difference between the
two conditions (Mann Whitney w=344.0 , p<<0.05)
with the participants in the experimental group per-
forming over 10% better than the participants in the
control group (see Table 1).

For the subjective experience, there are no statistical
differences between the two conditions for either task
easiness, enjoyment and satisfaction (Mann Whitney,
respectively, w=>535.000, p=0.384; w=496.000, p=
0.817; w =564.000, p =0.190 ).

For the usefulness of recommendations, we found a
statistically significant difference between the two con-
ditions ( f test t= 3.193, p = 0.002) with the participants
in the control condition valuing around 15% more use-
ful the recommendations with respect to the experimen-
tal condition (see Table 1).

In order to control for the possibility that the differ-
ences in performance and perceived usefulness are due
to the difference between familiarity with technology
and with IoT, the correlations among these variables
have been checked (Pearson’s correlation test). None
of the pairwise correlations are significantly different
from zero (correlation values are reported in Table 2).

In order to investigate the impact of personality traits
on the perceived usefulness of the recommendations, we
analysed participants’ usefulness ratings with linear
mixed effects models implemented in R with lme4
(Bates et al. 2014). These models allow to estimate the
genuine effects of the variables under investigation by
separating these effects from those of other confounding
variables, that is, differences between participants and/
or items (i.e. the specific questions about the usefulness
of the recommendations) due to factors that we were
not interested in Baayen (2008).

In order to find the model that best fits the value, we
built a succession of models starting from a model
including only participants and items as random
effects (Model 1) and progressively adding all the
terms of the previous one with an additional term.
The fit of each model was compared with that of the



Table 1. Descriptive statistics for the main variables (*: there is a significant difference between the two conditions, p<0.05; ns: the

difference is non-significant).

Overall Control con. Experimental con.

mean std. mean std. mean std. Sig.
Pre-task measures:
Familiarity with technology 4.15 0.54 3.97 0.49 431 0.54 *
Familiarity with loT 2.81 1.08 247 0.97 3.13 1.10 *
Locus of Control 3.25 0.73 3.20 0.69 3.29 0.77 ns
Self-efficacy 3.74 0.44 373 0.46 3.74 0.43 ns
Need for Cognition 3.72 0.52 3.72 0.46 3.73 0.58 ns
Post-task measures:
Performance 0.78 0.29 0.74 0.27 0.82 0.31 *
Easiness 2.84 0.79 2.93 091 2.75 0.67 ns
Enjoyment 2.98 0.86 3.00 0.91 2.75 0.67 ns
Satisfaction 3.02 0.74 3.13 0.82 291 0.64 ns
Usefulness of suggestions 3.58 0.77 3.88 0.73 3.30 0.70 *

previous one, using the log-likelihood test. For a discus-
sion on this procedure, see (Baayen, Davidson, and
Bates 2008) and for an example, albeit in a different con-
text, see also the work of Zorzi et al. (2012)).

Before entering personality variables, we entered as
fixed effects other factors (and their interactions) that
could influence usefulness ratings. Therefore, the
second model (Model 2) was defined by adding the
group (experimental vs. control) to which participants
belonged. The comparison between Model I and
Model 2 showed a significant improvement in the
model’s fit, }(1) = 8.949, p<<0.001'°. Overall, partici-
pants who did not see recommendations before the
execution of the task, but only afterwards, judged the
recommendations as more useful than participants
who read the recommendations before performing the
task (i.e. participants in the control vs. experimental
groups, respectively; 3.883 vs. 3.302).

In a subsequent model, Model 3, we added the par-
ticipant’s performance in the configuration task. The
comparison between Model 2 and Model 3 did not reveal
a significant improvement in the model’s fit,
X°(1) = 2.325, p=.127. Model 3 was subsequently
updated by adding the interaction between group and
performance. The comparison of the resulting model,
Model 4, with either Model 3 or Model 2 showed that
not even this addition provides a significant improve-
ment to the model’s fit, }*(1) = 0.071, p=.790 and
X2(2) = 2.396, p=0.301, respectively. Consequently,

Table 2. Pearson’s correlation coefficients between the
familiarity variables and the two main factors that differentiate
the experimental group from the control group (in bold, the
coefficients that are statistically significant).

Fam.Tech Fam.loT Performance Usefulness sugg.
Fam. Tech - 0.526 0.012 —0.168
Fam. loT - - —0.058 —0.143
Performance - - - 0.125

Usefulness sugg. - - - -

participants’ performance was discarded from sub-
sequent models.

In the next steps, we updated Model 2 by adding in
succession (one after the other) each of the personality
variables, both as the main fixed effect and in interaction
with the group. The addition of the Need for Cogni-
tion (Model 5) did not yield to a significantly better fit,
X’(1) = 0.017, p=.895, but the addition of the inter-
action between Need for Cognition and group
(Model 6) resulted in a model that fitted the data signifi-
cantly better than both Model 5 and Model 2,
XA(1) = 13.091, p<.001 and x*(1) = 13.109, p<<0.01,
respectively.

None of the subsequent comparisons between Model
6 and each of the models including the other personality
scores or their interactions with the group showed a sig-
nificant improvement of the fit, all x*s<2.969,
ps>.05"", that is, the models that provide for Locus
of Control, Self-efficacy or their interaction
with the group, besides providing for the interaction
between Need for Cognition and group (Models
7,8,9,10,11,12; Log — Likelihood < — 214.60), did not
fit the data significantly better than the model providing
for the interaction between Need for Cognition
(here: NC) and group only (Model 6:
usefulness™ (1|subject) + (1|item) + group«NC;  Log-
Likelihood= —216.47). Nevertheless, it is worth noting
that, by repeating the procedure starting from the
Self-efficacy and adding the other variables later,
the results are similar albeit with slightly lower log-like-
lihood scores. Indeed, the correlation between Self-
efficacy and Need for Cognition is pretty high
(Pearson’s correlation r= 0.716, p<<0.001) while the
correlation of those traits with Locus of Control
is significantly different from zero but lower (respect-
ively, r=0.357, p<<0.05 with Self-efficacy, and
r= .484, p<<0.01 with Need for Cognition).

According to the simplest and best-fit model, there-
fore, participants’ Need for Cognition had an



impact on their judgments of the usefulness of the rec-
ommendations. However, this impact was different in
the two groups. As shown in Figure 5, for participants
in the control group (i.e. those participants who saw
the recommendations after having performed the
task), the higher the Need for Cognition score,
the lower the usefulness rating score. In contrast, for
participants in the experimental group (i.e. those par-
ticipants who saw the recommendations before having
performed the task), the usefulness rating score
increased as the Need for Cognition score
increased. Similar results are obtained by replacing
Need for Cognition with Self-efficacy.

In order to analyse separately the relationship
between Need for Cognition and usefulness in
the two groups, we conducted two separate analyses
for data from participants of the control and experimen-
tal groups.

We defined two models (one for the experimental
group data and the other for the control group data),
including only participants and items as random
effects (Model lexp and Model Ictrl). We updated
both models by adding the Need for Cognition
score (Model 2exp and Model 2ctrl). Both the compari-
sons of Model Iexp with Model 2exp and that of Model
Ictrl with Model 2ctrl revealed that the addition of Need
for Cognition led to a significant improvement of
the fit, both x*(1) >4.605, p<<.05; In both groups, there-
fore, Need for Cognition had a significant, albeit
different, impact on performance.

In the successive models, we added, at first, partici-
pant’s performance (Model 3exp and Model3ctrl) and
then the interaction between this factor and Need
for Cognition (Model 4exp and Model4ctrl).
While the addition of performance did not provide a
significant improvement in the models’ fit, both
X°(1)<2.224, ps =.136, the addition of the interaction
between this factor and Need for Cognition
resulted in models that fit the data better than all the
previous ones, all x*(2) >5.500, all ps<.05.

As shown in Figure 6, the usefulness rating score
increased as the performance score increased for partici-
pants with a high Need for Cognition while the
usefulness data of participants with a low Need for
Cognition show a less clear pattern. Similar results
are obtained by replacing Need for Cognition
with Self-efficacy.

5. Discussion

For what concerns our first research question, the
results seem to confirm that exposure to examples and
recommendations of possible rules improves

performance in a configuration task (RQl1b). Yet,
there seems to be no difference in the perceived easiness,
enjoyment, or satisfaction with the task when the rec-
ommendations are provided before (and therefore
potentially useful to improve the performance) or
after the task. On the contrary, the perceived usefulness
of the recommendations (RQ1a) is overall greater when
the recommendations are provided after the task (there-
fore, just useful to get a better understanding and learn-
ing of the system).

This latter aspect can be explained by considering the
impact that the Need for Cognition (and to a little
lesser extent also Self-efficacy) has on the percep-
tion of the usefulness of the recommendations. Indeed,
our data suggest that individuals with either high or low
Need for Cognition tend to use differently (or to a
different extent) the recommendations when perform-
ing the task, and the resulting performance in the task
might, in turn, have an impact on the perceived useful-
ness of the recommendations. People’s inclination to
engage in demanding cognitive activities and challen-
ging problems (Need for Cognition) can affect
how much they appreciate the recommendations
about how to solve these problems, but the Need for
Cognition actually impact their judgments about
usefulness which depends on whether these people
have had the opportunity to use the recommendations
in solving the task. Those who enjoy demanding cogni-
tive tasks very likely try to use recommendations when
these recommendations are presented before perform-
ing the task, and they may appreciate the aid.

Therefore, our second research questions (RQ2) can
be answered positively for what concerns Need for
Cognition (and possibly also Self-efficacy) by
noting how the influence of those traits may explain
an otherwise unexpected result.

Nevertheless, Locus of Control does not con-
tribute to the model in our study. Its lack of impact
on the perceived usefulness is somehow surprising
(but it was also recognised in the work of Millecamp
et al. (2019)). In our case, it might be because the rec-
ommendations are not perceived as scaffolding for com-
pensating for lack of skills but as an integral part of the
task. Yet, this aspect should be better investigated in
further work.

Our findings seem coherent with Tong et al.’s (2018)
observation that people with a high Need for Cogni-
tion were more willing to profit from recommen-
dations when the task they had to carry out was
perceived as more challenging, as a consequence of
their ability to employ more sophisticated strategies to
make an optimal decision. Indeed, this insight is coher-
ent with the definition of Need for Cognition,
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experimental and control groups.

especially if we consider the fact that individuals with
high values for this trait tend to and enjoy to integrate
multiple sources of information to make sense of the
surrounding world (Cacioppo and Petty 1982; Cacioppo
et al. 1996).

On the other hand, our results seem in contrast with
those of Millecamp et al. (2019), who found that people
with a low Need for Cognition tend to benefit
more from explanations about a system’s recommen-
dation of a musical choice. Yet, this difference might
be explained by the different contexts and tasks in
which the users were engaged: Millecamp et al. assessed
a choice process while we proposed a configuration task.
In this respect, the higher or lower inclination to engage
in effortful cognitive activities might be directly related
to the specific activity in our case (that is, the willingness
to perform the task well) while it might be just indirectly
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linked to the acceptance of the proposed choice. Indeed,
Millecamp et al. measured the confidence of a choice as
related to the personality trait.

The different effect on the specific task is worth to be
better explored in further studies since it may have a
stronger influence on the users of reccommender systems
in different contexts: for example, in education, for
which constructive tasks are more frequent than
decisions on recommendations about different options
(which are more common in entertaining domains).

Again on RQl, it is interesting to note how the per-
ception of usefulness is related in a non-trivial way to
performance. The interaction between performance
and high scores on Need for Cognition may be
interpreted as evidence that the provision of recommen-
dations before or during the task may benefit more
people with a higher Need for Cognition because
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they can effectively put them into practice to improve
their performance. Of course, a simple correlation
may not demonstrate this link of causality, and further
studies are required.

In our sample, Self-efficacy and Need for
Cognition are highly correlated, and therefore
Self-efficacy seems to play a similar role to
Need for Cognition, albeit in a less strong way.
Indeed in literature, the two personality traits are
often considered very close to each other. Nevertheless,
Need for Cognition hasa stronger emphasis on the
willingness to commit to a specific task, while Self-
efficacy concerns a more general sense of capability.
Our study does not allow us to speculate further on this
difference, but we believe this might be an interesting
follow-up.

Although several aspects may need to be confirmed
by further studies, we may derive some implications
for the design of configuration tasks in the emerging
domain of smart environments.

Implication 1 - recommendations as a learning tool:
possibly differently than in other contexts, recommen-
dations for configuration tasks may have a learning pur-
pose; it is therefore important to integrate
recommendations both at the initial phases of use to fos-
ter understanding and acceptance but perhaps in the
subsequent stages too to guide the users towards a
more advanced use.

Implication 2 - it is important to model the Need
for Cognition of users to provide a better support:
our results suggest that users with higher Need for
Cognition appreciate (and possibly use) the rec-
ommendations in a different way than those with
lower Need for Cognition; if the system were
able to estimate the actual Need for Cognition of
a specific users, it would possibly provide recommen-
dations at the right moment (that is, before the task
for the users with lower Need for Cognition and
after for users with higher Need for Cognition).

Implication 3 - modelling personality traits for
improving support: in general, it might be important to
adapt the interaction with the users depending on per-
sonality; further and more specific studies are still
needed but our investigation provides support to the
idea that human-computer interaction can be improved
(either in terms of effectiveness or user experience) by
adapting to specific personality traits; indeed, our
study also demonstrates that the impact of personality
is not easy to understand: in our case, the most promis-
ing trait, Locus of Control, seems not to be relevant
while Need for Cognition and Self Efficacy had a
stronger impact but in a complicated way.

6. Conclusion

In this paper, we have described an empirical study that
aimed to assess how helpful trigger, action, and rule rec-
ommendations are to users who are given a configur-
ation task in a smart home scenario. Perceived
usefulness has been investigated in connection with
the psychological constructs of Locus of Control,
Self-efficacy, and Need for Cognition.

Our results suggest that overall recommendations
actually help improve users’ performance in the task.
In addition, our research also provides evidence that
the personality traits of Need for Cognition and
Self-efficacy may play an important role in asses-
sing the perceived usefulness of recommendations, and
they have some relation in conjunction with the per-
formance of the task. These effects are somehow differ-
ent from those reported in other studies where
recommendations are provided for a choice task rather
than a constructive task, as it happens in the End-User
Development domain, and where the focus is on expla-
nations rather than recommendations themselves.

Although these findings need to be better evaluated
and generalised, they seem to suggest that it is important
to model these personality traits as part of a user model
to effectively decide if and how it is effective to provide
users with recommendations. Furthermore, this choice
should also depend on the type of task and the actual
level of performance or the expected one given the
users’ competence.

As a limitation of our work, we can mention the con-
venience sampling strategy and the homogeneity of the
sample, which is composed mainly of students of HCI
and interaction design university courses, with similar
demographic characteristics. By its nature, the study tar-
geted potential users with a minimum level of famili-
arity with and interest in technology, as well as an
adequate level of understanding of the trigger-action
condition concept. Without this minimum level of
interest and knowledge, there was a risk of very poor
task performance, low participation levels, and/or exces-
sive frustration for the participants, which would have
compromised the study’s results. It is also worth noting
that users potentially interested in configuring smart
environments typically possess this minimum level of
motivation, familiarity, and knowledge. From this per-
spective, the students tested in the present study were
ideal participants. The fact that, overall, participants
exhibited an average level of familiarity with IoT devices
and the relatively wide distribution of their scores on the
IoT familiarity scale (see the Results section) provides
some indication that our results might be generalisable
to a broader population. However, further studies



involving other types of potential users are needed to
investigate to what extent our findings can be general-
ised to people of different ages and with different edu-
cational and professional backgrounds.

A further limitation is that the artificial setting of the
experiment, which requires people to imagine a usage
scenario, may have impacted the attitude towards it
and, consequently, the performance by inducing some
bias in the measures. Somehow connected to this
point is the fact that, especially in a real life context,
there may be several other factors which impact users’
perception and adoption of recommendations, possibly
mediating the effects of psychological traits. In our
study, we have controlled that no such impact can be
ascribed to differences in familiarity with technology
and IoT, as self-assessed by participants, but other facets
of these concepts, as well as other factors (think, for
example, of specific user needs in configuration tasks),
can be expected to play a role. While investigating all
such factors is out of the scope of this study, it can rep-
resent an interesting direction for future work.

Addressing the aforementioned limitations, in future
work we also plan to replicate the study with a wider and
more heterogeneous sample of users, both in the same
context and in different domains, to see if our results
are valid also in different environments and for different
types of tasks (e.g. constructive vs. choice tasks), thus
aiming at generalising our current results beyond
End-User Development. At the same time, we are devel-
oping a rule recommender system to test the effective-
ness of the provision of recommendations using the
scores of personality traits stored in the user model as
decision thresholds.

Notes

1. http://www.empathy-project.eu/

2. https://app.empathy.di.unito.it

3. IFTTT is a private commercial company that runs ser-
vices that allow a user to program a response to events
(https://ifttt.com/).

4. For example, we asked questions like Would you be
interested in accessorising your home with smart
objects?, What goals would you like your smart objects
to help you achieve?, How much do you think you
would be willing to spend to buy smart objects for your
home?

5. https://ipip.ori.org/

6. An example from Levenson’s Locus of Control
scale (Levenson 1981) is ‘(I) believe that my success
depends on ability rather than luck’.

7. https://ipip.ori.org/newSingleConstructsKey.htm\#
\#Locus-of-Control

8. https://ipip.ori.org/newCPIKey.htm\#\#Self-Efficacy

9. https://ipip.ori.org/newSingleConstructsKey.htm\#
\#Need-for-Cognition

10. The likelihood-ratio test compares the goodness of fit of
two competing statistical models. A relatively more
complex model is compared to a simpler model to see
if it fits a particular dataset significantly better. The like-
lihood ratio test statistic is expressed by a chi-square
value (x*) with an associated p-value. P-values lower
than the conventional threshold of .05 indicate that
there is a significant difference in the goodness of fit
between the two models

11. Notice that x?s (chi-squares) is the plural form of x?
and ps (p values) is the plural form of p.
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