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Abstract

Smart Product—Service Systems (S-PSS) represent an innovative business model that
integrates intelligent products with advanced digital capabilities and corresponding
e-services. The user experience (UX) within an S-PSS is heavily influenced by the
customization of services and customer empowerment. However, conventional UX
analysis primarily focuses on the design stage and may not adequately respond to the
evolving user needs during the usage stage and how to exploit the data surrounding
the use of S-PSS. To overcome these limitations, this article introduces a practical
framework for developing Adaptive User Interfaces within S-PSS. This framework
integrates ontologies and Context-aware recommendation systems, with user inter-
actions serving as the primary data source, facilitating the development of adaptive
user interfaces. One of the main contributions of this work lies on the integration of
various components to achieve the creation of Adaptive User Interfaces for digital
services. A case study of a smart device app is presented, to demonstrate the practical
implementation of the framework, with a hands-on development approach, consider-
ing technological aspects and utilizing appropriate tools. The results of the evaluation
of the recommendation engine show that using a context-aware approach improves the
precision of recommendations. Furthermore, pragmatic aspects of UX, such as use-
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fulness and system efficiency, are evaluated with participants with an overall positive
impact on the use of the smart device.

Keywords Smart Product—Service Systems - Context-awareness - Adaptive User
Interface - Recommendation System

1 Introduction

Smart Product—Service Systems (S-PSS) are digital ecosystems that integrate stake-
holders, smart devices, and platforms, and are characterized by their high complexity
(Kuhlenkdétter et al. 2017; Liu et al. 2018; Pirola et al. 2020). As a business strategy, S-
PSS combine smart products with digital services that should be capable of capturing
the needs of multiple stakeholders by following a “value co-creation” view, a funda-
mental pillar of Service Design that uses experiences, context, and multi-stakeholder
participation to create innovative business value propositions (Wetter-Edman et al.
2014). Providers can generate richer experiences for customers by understanding their
preferences, and a deep understanding of customer experiences could help companies
define and redefine better value propositions (Pezzotta et al. 2017). User experience
(UX) can be a clear differentiator among competitors to achieve economically sustain-
able PSS (Seo et al. 2016). However, the design of S-PSS and UX analysis in multiple
studies is only limited to the early phases of the product development and they do
not address the evolution and adaptability that S-PSS should have. To create effective
S-PSS, user behavior and preferences should be associated with different design ele-
ments in specific usage contexts (Cong et al. 2020). In a related study, Yu and Sung
(2023) conducted an investigation into the adoption intention of S-PSS, with a specific
emphasis on smart appliances. Their research involved a survey with a sample of over
500 participants, and the results revealed a robust correlation between the adoption
and usage of S-PSS and the perceived usefulness and flexibility of these systems in
catering to users’ specific needs.

The UX is linked to the users perceptions and responses during their interactions
with the product and service, as stated by Dong et al. (2019). The effectiveness of
S-PSS UX is determined by how well the interaction journey aligns with and fulfills
user needs and expectations. The use of digital platforms within the S-PSS serves as
communication hubs between users and smart products, and related services (Fig. 1).
For instance, Bosch, a renowned technology company, employs a mobile app to deliver
a diverse range of e-services designed specifically to enhance the functionality of
their smart home devices (Bosch 2022). Lenze, a leader in automation technology,
integrates an app to manage and optimize services associated with their smart motors
(Lenze 2022). In the market of consumer and e-health technology, Fitbit enhances
its offerings by providing a smart training band alongside a mobile app. This app
not only supports fitness tracking but also encompasses a diverse range of services
(Fitbit2023). These examples demonstrate how these digital platforms become integral
components of the overall value proposition. Services provided can be directly linked
to the device, but they can also exist independently showing the diversity on the aspects
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Fig. 1 Digital platforms on the S-PSS ecosystem a Bosch, b Lenze, ¢ Fitbit

of user experience within the S-PSS ecosystem. Therefore, User Interfaces within these
platforms play a fundamental role in shaping the UX.

However, Carrera-Rivera et al. (2022) identified that current research does not
address how to exploit the data generated from devices and users to provide customized
experiences and adaptable design capable of reacting to different sources of context
(i.e., device context, user context, and environment context) as S-PSS have a highly
context-dependent nature (Valencia Cardona et al. 2014). Similarly, Cong et al. (2020)
emphasized that "user preferences should be associated with different design elements
of S-PSS in specific usage contexts.” While existing research primarily focused on
customer data from surveys or data gathered from online reviews on social media, there
is a need for further work on adapting the means of interaction with S-PSS to enhance
the user experience and cater to individual user needs by using data surrounding the
usage of digital services (Liu et al. 2018).

In the literature, multiple authors have studied user interactions to understand user
tasks and goals in fields such as engineering design (McComb et al. 2017) and others
(Champiri et al. 2019). This article proposes the exploitation of user interactions in
conjunction with contextual data to adapt the way in which services are presented to
the user. It introduces a framework that generates an Adaptive User Interface (AUI)
based on user interactions and context as valuable indicators of user behavior while
utilizing a Recommendation System as an engine to generate personalized suggestions
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Framework for the development of AUI in S-PSS
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Fig. 2 Graphical description of the article

on services and User Interface Descriptor (UID) and a server-driven approach for real-
time User Interface (UI) adaptations

The paper organization is depicted in Fig.2. Section2 reviews background and
related works to define research gaps and motivations. Section3 firstly presents the
framework that guides this development approach with a detailed explanation of each
of its component. Moreover, a roadmap for framework implementation is presented.
Then, in Sect.4 a case study is set up using a smart coffee vending machine as a case
study of an S-PSS that serves as a practical demonstration and evaluation of the frame-
work. Section 5 presents the discussion of the findings and limitations drawn from the
study and opportunities for future work. Finally, Sect. 6 presents the conclusions of
the study.

2 Literature review

S-PSS represent a novel business approach that has emerged in recent years, where a
Smart Connected Product (SCP) offers offers arange of ICT-enabled services, allowing
users to utilize the product’s functionality and exchange information during its usage
phase (Chou 2021). It can be defined as a digital-enabled business solution supplied
within an ecosystem, which provides economic and sustainable value to the customer.
This value is achieved by integrating intelligent products with data-enabled services
made possible by physical and digital infrastructures (Pirola et al. 2020). Characterized
by a high level of digitalization, S-PSS leverage intelligence capabilities, ubiquitous
connectivity, and analytic capabilities to deliver personalized and convenient experi-
ences, continuously co-creating value with stakeholders (Wang et al. 2019).

To design an S-PSS, scholars emphasize the importance of following a closed-
loop design approach. This method enables continuous iteration and self-adaptation
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throughout the entire lifecycle in a holistic manner (Wang et al. 2019; Cong et al. 2020).
The closed-loop design approach facilitates active participation from both customers
and providers, who contribute directly or indirectly in different phases of the design
process. For instance, during the requirements analysis phase, customers can act as co-
ideators, by identifying and collecting user requirements and contributing to the design
of the product. During the innovative design phase, customers can provide feedback
on prototypes. Seo et al. (2016) proposed a hybrid evaluation method for smart home
services based on VR and AR prototypes. During the design evaluation phase, they
can act as co-evaluators by evaluating the value proposition and customer value of
the product. Wang et al. (2020) proposed an approach for the concept evaluation of
service bundles using sentiment analysis of customer opinions. Finally, during the
usage phase, users can take on the role of co-innovators by suggesting improvements
or adjustments to the product. Alternatively, users can have the role of experience
creators, as producers can generate richer experiences for a set of customers and,
in return, access their latent perceptions and preferences, capitalizing on them. A
deep understanding of the user experiences not only helps firms in defining better
value propositions but also supports improved customization of products and services.
(Pezzotta et al. 2017).

Uls within S-PSS serve as cognition and communication platforms linking humans
and devices, facilitating information exchange among users, products, and services
(Gong 2009). Responsive interfaces, adapting to user behavior, preferences, and
contextual changes, effectively optimize UX. In S-PSS, adaptive interfaces could
dynamically tailor user experiences in real time, aligning interactions with individ-
ual needs, thus enhancing satisfaction and engagement, crucial for successful S-PSS
implementations.

2.1 Adaptive User Interface (AUI)

An AUI serves as a dynamic component, capable of altering interface characteristics
and functionality based on user requirements. Also referred to as “Intelligent User
Interface” in more recent studies (Brdnik et al. 2022), AUIs have played a central role
in the realm of Human—Computer Interaction (HCI) since its inception (Mitchell and
Shneiderman 1989). Miraz et al. (2021) undertook an extensive literature review on
the topic of AUI They found that one of the principal issues is the lack of a clear
definition of the constituents of User Interface adaptation. Various definitions of the
term found in the literature are presented in Table 1. Based on this, we conclude that
an AUI is an intelligent Ul that utilizes Artificial Intelligence techniques, such as
machine learning, Recommendation Systems, natural language processing, or others,
to dynamically adjust one or more Ul elements in real time. It responds to the current
context of use with the goal of enhancing usability.

The three pillars of AUI development are Artificial Intelligence (AI), User Model-
ing, and Human—Computer Interaction as presented in Fig. 3.

The landscape of Al encompasses a diverse array of tools, techniques, and algo-
rithms. In the development of AUISs, various Al approaches come into play. One of
the earliest examples is presented by Stephanidis et al. (1998), this work introduced
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Table 1 Definitions Adaptive User Interface (AUI)

Definitions References

“...and intelligent and adaptive means to implement the proper
response techniques. Furthermore, the intelligent interface
can learn about the subject’s lifestyle and adapt the interaction
style/mode accordingly”

(Orghidan et al. 2013)

“Human-machine interfaces that have the objective of (Tahir 2015)
improving the effectiveness, naturalness and the efficiency of

interaction (human—machine interactions) by reasoning

(involving Artificial Intelligence methods), representing and

modeling the users, tasks, device and context”

“Human—machine interfaces that aim to improve the efficiency, (Gongalves and da Rocha 2019)
effectiveness, and naturalness of human—-machine interaction

by representing, reasoning, and acting on models of the user,

domain, task, discourse. They use Artificial Intelligence (AI),

human-computer interaction (HCI), software engineering

(SE) and other techniques to promote more natural and usable

human—machine interaction”
“...by their capability to adapt at run-time and make several

communication decisions concerning *what’, when’, *why’
and "how’ to communicate”

(Volkel et al. 2020)

“An intelligent User Interface is a UI that contains some (Wenjuan et al. 2022)
perspective of Artificial Intelligence in computing. This
makes the interface more comprehensive, customizes and

guides the interaction”

Adaptive User
Interface

|

v v

Artificial Intelligent
(A

! !

User Modeling

v

Human-Computer
Interaction (HCI)

'

+ Machine Learning
Algorithms
+ Recommendation

+ Usability Testing
+ User Profiling « User-Centered Design
- User context ((e»)
Systems
- Natural Language
Processing

- Personalization + User Experience (UX)
- User feedback Design

Fig.3 Adaptive User Interface pillars

a conceptual methodology aimed at dynamically adjusting the UI to individual user
needs, particularly in terms of accessibility, using a rule-based approach.

Machine learning techniques and rule-based systems stand out as two of the
most common approaches in AUI development, relying on predefined rules to gov-
ern how the interface should adapt under specific conditions. For instance, Hussain
et al. (2018) introduced a rule-based AUI tailored for a wellness application. Their
methodology/system is centered on contextual data and an authoring tool, allowing for
personalized interface adjustments that provide users with an enhanced and tailored
experience.
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Similarly, Khan and Khusro (2020) presented a model-based and context-aware
approach for smart cars. This AUI aimed to mitigate driving distractions by consid-
ering contextual information in the model and user interactions to create rules. In a
different vein, Stefanidi et al. (2022) developed a context-aware AUI for augmented
reality interfaces, specifically designed to assist law enforcement agents. Their sys-
tem leveraged user contextual data and semantic reasoning through SWRL rules and
delivered dynamic adaptations that improved usability.

Alternatively, some AUIs adopt a recommendation-based strategy (Oestreich et al.
2022). These systems rely on Recommendation Systems (RS) and Context-aware rec-
ommendation system (CARS) that often integrate machine learning algorithms. They
analyze user behavior and context to offer recommendations for interface adaptations,
which users are able to accept or decline.

Another challenge to adaptation is that there is no unified software architecture or
framework to support lifecycle development of AUI. In a systematic mapping review on
the topic of Intelligent User Interfaces and AUI from 2012 to 2022 (Brdnik et al. 2022),
the research identified 212 studies, among these only ten corresponded to frameworks
and four to methodologies (Table 2). An observation also found in recent research
(Ali et al. 2024) reinforces the existing gap in the field; many studies in this domain
have failed to conduct a validation process for their proposed models or frameworks
and have often focused exclusively on a single specific product. Machado et al.
(2018) introduced a conceptual framework tailored for real-time adaptive interfaces
in web-based applications, with a specific focus on addressing challenges commonly
encountered by older individuals, such as vision loss and cognitive decline. Similarly,
Wattearachchi et al. (2020) proposed an adaptive framework that recommends various
functions based on users emotions and contextual parameters, including location, time,
and current user behavior, aiming to enhance the overall UX. Notably, their framework
emphasized facial expressions. In contrast, Yigitbas et al. (2017) presented a model-
driven Integrated Development Environment (IDE). This IDE offers integrated views
for UI, context, and adaptation modeling based on rules. Additionally, the authors
substantiated the effectiveness of their IDE through the design and validation of a case
study.

Table 2 shows methodologies or frameworks found on the literature. Ten of the
fifteen described studies do not include any kind of UX or usability evaluation.
These studies correspond to “solution proposals” or “validation research.” Five studies
include either UX or usability evaluation, but not both. Usability evaluation focuses on
task-related aspects such as effectiveness and efficiency, while UX considers overall
satisfaction and both pragmatic and hedonic goals. It is also important to highlight that
some studies focus solely on Human—Computer Interaction aspects without integrating
technological aspects, and vice versa.

2.2 Recommendation System and context awareness in S-PSS
As described in the previous section on the development of AUISs, there is a need for an

Al technique capable of providing adaptation. In this context, the framework employs
the Context-aware recommendation system (CARS). S-PSS are significantly impacted
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by the context in which the services and products are used. Several researchers have
highlighted the importance of “contextual data” in S-PSS (Cong et al. 2020; Zheng
et al. 2019) because it helps ensure that services and products can adapt in multiple
scenarios and to various stakeholders.

Recommendation Systems (RS) are intelligent algorithms that analyze user pref-
erences and behavior to provide personalized suggestions or recommendations for
products, services, or content(Jannach et al. 2010). In general, the goals and uses of
RS in the S-PSS context would be:

e Enhancing the user experience: Provide personalized recommendations for ser-
vices based on the user’s preferences, history, and context.

e Increasing the adoption of services: Promoting less-known services to users that
are relevant in a given context, increasing their adoption and usage.

e Improving customer retention: Provide personalized recommendations to users
that keep them engaged with the PSS application.

e Maximizing the value of the PSS: Suggesting the most relevant and valuable service
configuration to the user, increasing the overall value of the PSS for the user (Zhang
et al. 2023; Chiu et al. 2021).

e Providing instructional support: Suggesting relevant resources to help users to
complete tasks more effectively.

CARS are a type of recommendation engine that consider contextual information
to provide personalized recommendations to users. In general, a context-aware system
uses context to deliver information and/or services relevant to a user’s task (Abowd
et al. 1999). Context refers to any data that can be used to understand the current
state, whether situational or locational, of an entity (Ochoa et al. 2023). Context can
be categorized from both operational and conceptual perspectives. The operational
perspective categorizes context based on how it is acquired, distinguishing between
primary and secondary sources where primary will refer to any information retrieved
without any kind of pre-processing or additional operations. The conceptual perspec-
tive categorizes context based on meaning and relationships. Abowd et al. (1999)
introduced one of the first categorizations, identifying four main groups: location,
identity, time, and activity. Table 3 presents examples from both operational and con-
ceptual perspectives, illustrating a level of generalization when contextual information
is obtained through a secondary process.

A great part of the efforts in the context-aware applications for S-PSS have been
observed in the concept evaluation of product—service bundles, and requirement elici-
tation and analysis for capturing implicit requirements, for which it has been exploded
external sources to smart products such as social sensors. Several case studies coin-
cide in the analysis of user comments related to their experiences, obtained through
social networks using NLP techniques, and the evaluation using sentiment analysis to
quantify the positive or negative feelings from text (Mourtzis et al. 2018; Wang et al.
2021; Le et al. 2020; Li et al. 2020; Lin et al. 2016). But context can be also used
to resolve what services or information needs to be presented to the user. Therefore,
context awareness capability can be used to personalize and adapt the UX by providing
services for a specific user situation. This adaptation is driven by a system’s ability to
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accommodate individual users’ physical and mental abilities, as well as the context of
use and platform capabilities (Stephanidis 2001).

Table 4 presents a summary of context-aware case studies relevant to S-PSS from
the literature, offering insights into their objectives, data sources, applied techniques,
and the specific stages in the S-PSS lifecycle where the case study or approach was
applied.

According to Adomavicius and Tuzhilin (2010), CARS have become more popular
due to the growing availability of contextual information and the need for personalized
and relevant recommendations. By leveraging contextual information, these systems
can provide more accurate and useful recommendations to users, leading to increased
user satisfaction and engagement. In CARS, there are three fundamental approaches
for integrating contextual data into recommendation algorithms, each dependent on
the phase at which contextual data are processed (Papadakis et al. 2022). The first
approach is contextual pre-filtering, where contextual data are utilized to filter the
data prior to the recommendation model application. Alternatively, in contextual post-
filtering, traditional recommendation algorithms compute preferences based on the
entire dataset, and then, the resulting recommendations are filtered according to the
user’s context. Lastly, the contextual modeling approach involves the direct integration
of contextual information into the recommendation model, such as incorporating it
into the preference computation process.

In the literature, RS have been used in S-PSS for different purposes. Esheiba et al.
(2021) proposed a hybrid knowledge-based RS that recommend the customer a set of
customization requirements and design parameters concerning a product for anew PSS
configuration from previous service blueprints. Similarly, Chiu et al. (2021) developed
a personalized Recommendation System for S-PSS based on an unsupervised learning
model, using customer journey maps and user reviews on external websites, to generate
recommendations. These approaches are valuable in the design stage to understand
user requirements and create new service configurations for a smart product. However,
relying solely on these sources becomes difficult once the smart product is in use, as
it requires active user participation or scraping external sites.

Table 3 Context categorization based on conceptual and operational perspectives

Conceptual/operational Identity Location Time Activity Smart
Connected
Product
Primary User ID (based GPS Timestamp Data from user Battery
on NFC tag)  coordinates from device interactions voltage
Secondary User role Place name Employee Most visited ~ Battery level
shift apps based (i.e., full,
schedule on medium,
interactions low)
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2.3 Research gaps and motivations

From the preceding review, several observations have emerged that reveal research
gaps in the literature.

e Limited research has focused on the ’usage’ stage in the S-PSS lifecycle, where
User Interfaces facilitate communication between users and smart products. Real-
time User Interface Adaptation, which leverages internal data sources to respond
to individual user needs, remains an underexplored area with the potential to sig-
nificantly enhance user experiences.

e Greater emphasis needs to be placed on the exploitation of internal data sources
within the S-PSS, specifically focusing on fulfilling the role of the "user as expe-
rience creator’ in a data-driven manner. This entails considering data sources that
enable the identification of user preferences and perceptions.

e The absence of software architectures or frameworks for AUI development is
a significant challenge, as revealed in a recent studies emphasizing the need for
frameworks and methodologies (Brdnik et al. 2022). Furthermore, current research
often lacks comprehensive validation processes for proposed AUI models, tending
to focus more on single-product solutions (Ali et al. 2024).

To address the above gaps, this paper proposes a framework for real-time User
Interface Adaptation and the development of applications that dynamically adapt User
Interfaces to user behaviors and contextual changes within the S-PSS ecosystem.
This framework aims to contribute to the enhancement of user experiences of Smart
Product—Service Systems.

3 Framework

This work presents a framework designed to serve as a conceptual structure for orga-
nizing and guiding system development. A framework offers predefined components
and guidelines, providing a structured approach. In this context, the framework builds
upon the four general components of the context life cycle, as defined by Perera et al.
(2013), and extends its focus to address user interface (UI) adaptation within S-PSS.

Figure 4 depicts the framework, highlighting different stages in the context life
cycle and their relation to User Interface Adaptation. The first step is Acquisition,
which refers to data that need to be acquired from different sources. Specifically, we
leverage user interactions as a valuable internal data source, which can be more readily
accessible during the usage stage compared to other data sources. Interactions can
reveal user behavior when engaging with digital services offered by smart products.
In the Modeling stage, the collected data are structured and represented in a meaningful
way, facilitating its interpretation and analysis. The next stage, Reasoning, involves
processing the data and context to derive information that can be used to enhance
the user experience. Finally, in the Ul Adaptation stage, the results obtained from the
recommendation engine are utilized to generate the User Interface for the end-users of
the S-PSS (Carrera-Rivera et al. 2022). By leveraging context awareness, the proposed
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Fig.4 Context-aware framework for adaptive UX

framework aims to enhance the user experience of S-PSS by providing a personalized
way to present services to users based on their current context.

3.1 Acquisition

Acquisition refers to the process of collecting data from Smart Connected Products
(SCPs) and data relevant to the user and how users interact with products (Pulikottil
et al. 2023). SCPs are equipped with sensors, embedded systems, and communication
capabilities that enable them to gather various types of data, such as sensor read-
ings, usage patterns, and environmental information. On the other hand, as a way to
understand users, interactions can help to infer user behavior. The process of acquir-
ing user interactions can vary depending on the way users interact with the machine
or product, usually associated with the visual elements of the interfaces. The frame-
work highlights the use of automated logging of user interactions as the preferred data
collection method, offering several advantages such as non-intrusiveness, real-time
data capturing, and minimizing errors associated with manual data entry. Special-
ized software like Matomo or Google Analytics can be used for web or mobile apps
that interact with the S-PSS, while custom logging tools can be built directly onto
the system. However, this approach can be challenging for complex interfaces and
may require access to the system’s underlying code. For instance, Zhou et al. (2019)
presented an approach for monitoring back-office staff using a screen-mouse-key log-
ger that captured images, mouse, and key actions, along with timestamps, and was
transformed into a Ul log through image analysis techniques.
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From the acquired data, contextual information relevant to the use of digital services
offered by the product can be obtained. The SCP itself is also a valuable source of
contextual information that can help provide adaptation, such as alarms, status, and
measures of sensors and actuators, potentially affecting how users interact with the
machine. However, for adaptation purposes, it is often beneficial to provide a level of
generalization in the contextual data to reduce data sparsity that can arise from having
overly specific contextual information.

3.2 Modeling

The modeling component allows the representation of the data acquired from the S-
PSS in terms of attributes, characteristics, and relationships with previously specified
context (Liu et al. 2011). To achieve this, ontologies serve as a means to formally
model concepts from a specific domain by providing a detailed specification of entities,
their properties, and their relations (Guarino et al. 2009). They effectively define the
vocabulary associated with the respective domain, enabling a structured representation
and organization of knowledge. To start with the construction of the ontology, the
UPON methodology (De Nicola et al. 2005) serves as a guide for ontology building
derived from the Unified Software Development Process. In the beginning, it was
important to define the goal of the ontology, which is “to represent digital services
offered by an S-PSS and support the adaptation of User Interfaces” and then define
some competency questions (CQs). A CQ describes the type of question an ontology is
expected to answer. Therefore, the ontology’s ability to answer these CQs is a crucial
functional requirement and a way to evaluate the ontology (Ren et al. 2014). Three
CQs are defined and presented below:

CQI1: In which contexts is a service executed?
CQ2: Who are the users of a service or its sub-services?
CQ3: Which interactions execute service X?

A hybrid approach is employed to formally define the concepts and relationships
among the entities in the ontology (Fig.5). In the top-down approach, concepts go
from general to particular. The methodology highlights the benefits of reusing existing
ontologies. From previous analysis, it was identified those ontologies that model the
S-PSS main concepts and contextual information specifically for AUL. In the bottom-
up approach to ontology design, the concepts in the ontology are derived through the
analysis of interaction data instances using datasets and databases.

The resulting ontology to model Service, Interaction and Context (SICO) ! was
created in Protégé, and a view of the general structure is presented in Fig. 6. To visually
represent the components of the ontology, we divided the entities into three groups:
S-PSS, context, and interaction.

S-PSS: In an S-PSS, a static model is necessary to represent the services of smart
devices. In accordance with Maleki et al. (2018), each service is modeled into a pattern
that relates the service with the product and required information. Services may be

1 https://mu-sse.github.io/adaptiveUIs-project/SICO/index-en.html
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grouped into related sub-services. A sub-service represents a specific function of the e-
service platform or smart device, requiring information in the form of rules, measures,
and parameters. The product itself is closely related to the physical components that
need to integrate sensors in the solution.

Context: The second group further extends the framework ontology model to incorpo-
rate context-specific entities and relationships. The ontology encompasses four major
sources of contextual information: device, user/identity, environment, and time (Igbal
et al. 2021). Device context will refer to information relevant to the status and par-
ticular properties of the SCP. The user identity context can encompass demographic
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details such as age-group, location, education level, reflecting the type of an individ-
ual or a user group. The environmental and time context will refer to the surrounding
conditions and temporal aspects influencing the SCP or user interaction. This includes
factors such as ambient conditions, time of day, and other situational variables that con-
tribute to an understanding of the overall context in which the device or user operates.
Because contextual data are dynamic, it needs to be created as instances or individuals
derived from these types for each particular implementation of the framework.

Interaction: In the last group, following a bottom-up approach, we analyzed a dataset
from collected user interactions (Carrera-Rivera et al. 2023), to define the entities and
their relationships with the services and contextual data within the ontology. Interac-
tion sequences represent an ordered set of individual interactions performed by users
within the system and are linked to a specific service or sub-service. Interactions can
take various forms (i.e., click, scroll, hover) and have the ability to trigger events. To
enhance the understanding and analysis of these events, it was crucial to name them
appropriately. Once these elements were incorporated into the ontology, a comprehen-
sive representation of user interactions and their connections to the system behavior
and functionality was achieved.

The proposed framework facilitates the connection between Data Acquisition and
Modeling is facilitated within the framework through a data importer component.
This component is responsible for pre-processing user interactions and transform-
ing them into ontology individuals, which can be further utilized in the system.
The pre-processing stage considers those interactions that demonstrate a certain
level of engagement with a particular service. This ensures the generation of valid
sequences of interactions linked to digital services. A sequence of interactions
S =< ey,e,...,e, > (e; € §) is an ordered list of events ¢; occurring in a user
session, where S is a set of events known and the order is defined by i. This means that
the event e; occurs before the event ¢;; and E must contain at least two events e to
be accepted as a sequence (Reguera-Bakhache et al. 2020). To facilitate further anal-
ysis, each type of event is associated with a UI actionable element and it is assigned
a numerical value based on the actions triggered. The set of generated sequences is
linked to a specific service in the application, enabling a comprehensive understanding
of user interactions within the context of that service.

The use of ontologies provides a flexible way for interrelating elements in a natu-
ral manner, unconstrained by specific data types. They also enable the derivation of
meaningful inferences from established relationships, a feature difficult to achieve in
traditional database design.

3.3 Reasoning

The reasoning stage involves processing user and contextual data obtained from the use
of smart products. These data are then used to create personalized User Interfaces that
adapt to each individual. In this context, RS serves as an approach that can leverage this
data for this purpose. Collaborative Filtering (CF) is a widely used technique within
Recommendation Systems that exploit available data containing user preferences and
ratings to identify similarities between users and items. The fundamental idea of user-
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based CF algorithms is that users with similar reported preferences are likely to share
similar interests. These discovered similarities are then utilized to predict missing
ratings for items and generate recommendations for users (Papadakis et al. 2022).

However, in contrast with traditional CF scenarios, where ratings are obtained from
users more commonly (e.g., star ratings in e-commerce), for S-PSS this option could
be more difficult to achieve, and ratings can be primarily obtained based on user
interactions (e.g., clicks, page views, etc.) that reflect the level of engagement with
the digital services provided by the product. This approach allows for the generation
of implicit ratings, which can be used to uncover similarities between users and/or
services. In this work, the implicit ratings, generated through these interactions, are
then utilized in the K-Nearest Neighbor algorithm (kNN). kNN is widely employed in
Recommendation Systems for CF. It identifies similar users by measuring the similarity
of their ratings. By considering a weighted average of the preferences of the k most
similar users, the kNN algorithm predicts a user’s preference for a specific service
(Kulkarni and Rodd 2020). To implement the kNN algorithm, a matrix containing the
computed ratings resulting from both user interactions and explicit feedback serves as
the input. The process of generating these ratings will be explained in the following
subsection.

3.3.1 Context pre-filtering and rating calculation

This work adopts the contextual pre-filtering technique, that is compatible with recom-
mendation algorithms that do not inherently incorporate context awareness (Smirnov
etal. 2017). In this approach, context awareness is achieved by transforming the input
of the classical recommendation algorithm followed by the utilization of user-based
collaborative filtering (Raza and Ding 2019).

Context pre-filtering is a technique that involves using values of contextual attributes
as constraints for selecting ratings that will be used in a Recommendation System’s
user—item space (Kulkarni and Rodd 2020). An important initial aspect to consider in
this work is the "context generalization," where contextual attributes are assigned into
broader categories (Smirnov et al. 2017). As presented in the ontology, four contextual
sources were defined, including identity, device, environment, and time. From these
sources, contextual values can be grouped together to represent broader contextual
categories. For example, specific user demographics (such as age, or job type) can be
grouped together to represent a broader category of “user profile.” Similarly, specific
time periods can be grouped together to represent a broader category, such as “season”
or “shift” (see Fig. 8). Generalizing contextual attributes in this way allows for reducing
the dimensionality of the contextual space and the data sparsity.

Moving forward, as presented in Fig.7, the RS API receives a set of generalized
contextual data in a JSON format. A SPARQL query is sent to the ontology. In this
way, interactions that are irrelevant to the Recommendation System are filtered out
beforehand. As defined in the ontology, a single Interaction may occur_in multiple
Context instances (Fig. 8). Therefore, the filter parameters used in the query are non-
exclusive to avoid significantly reducing the available data points.

There are two types of feedback associated with the user: implicit feedback which
is derived from user actions and behavior and explicit feedback which is obtained
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through direct input from users and directed to a specific service or item. In this work,
each type of interaction is considered a form of implicit feedback and represented as a
binary value that is later used to summarize and calculate the ratings. Positive implicit
feedback is given a value of 1 that represents a positive engagement with a service (Li
et al. 2016). The rating is a measure of user engagement that represents the ratio of
the total sum of interaction value a user has made across a given set of contexts to the
number of interactions they have made for an individual service. In relational algebra,
this can be expressed as:

[Tuser, service, SUM (value)(o context IN {context1, context2, ..., contextN} (Interactions))

H user, SUM (value)(tot_user_interactions)

This provides a normalized measure of user activity that takes into account the
user’s broader range of interactions, allowing for more accurate comparisons between
users and services. As stated before, interactions can occur in multiple contexts. There-
fore, if the same interaction occurs in more than one context within the set of contexts
being filtered, the rating for the service will be calculated as if there were separate
interactions. This can result in a higher rating for services that fulfill more than one
of the contexts (Nguyen et al. 2016). This approach can help with ‘cold-start” when
there is not relevant information for an specific set of context and reduce the data
sparsity problem associated with context pre-filtering. The data become less sparse as
each interaction is associated with multiple ratings, which increases the probability
that services will be accurately represented in the data. Moreover, this allows to gen-
erate more data points, which can help to mitigate sparsity by providing additional
information that can be used to better estimate the true value of the interactions.

On the other hand, when users provide explicit feedback, they assign a score to an
item using a predefined scale. Thus, the ratings will not be compatible with the implicit
feedback rating. To address this disparity, service ratings should be averaged and

@ Springer



A framework for the development of Adaptive User...

construct {
?service onto:occurs_in ?context
}
whene! { context26 context23
?interactionSequence :executes ?subservice.
?interaction :occurs_in ?context. TS [
} &’ %
(.4\) \r\//)
&
. nteractionseq1
nteractionseq?
o
o N @,
o ey e %
\)@ rg. occ\) soo
& ~h %,
Pl &
context42  Time
subservice8 subservice9

untitied-ontology-10:name
shift

owl:topDataProperty
shift
untitled-ontology-10:value

t2

untitled-ontology-10:id
42 xsdinteger

Fig.8 Querying interaction sequences occurring in several context

normalized to a common scale ranging from O to 1 (Liu et al. 2010). This normalization
process allows for a unified representation of feedback by combining the implicit
feedback matrix (IFM) and explicit feedback matrices (EFM) to generate a combined
matrix that incorporates weighted contributions from each type as presented in Fig. 7.

The next step is to compute the similarities among users to predict a recommenda-
tion of services. For that purpose, three similarity metrics found in the literature were
evaluated: cosine, euclidean, and Pearson similarity, which are commonly used simi-
larity metrics in collaborative filtering systems (Jannach et al. 2010), as they are well
suited for high-dimensional data and can effectively capture the similarity between
vectors. For instance, Tarus et al. (2017) used adjusted cosine similarity for computing
ratings based on ontology domain knowledge and making predictions for the target
learner in a hybrid knowledge-based recommender system for the recommendation
of e-learning resources to learners. Campos et al. (2010) employed Pearson coeffi-
cient and variations in the KNN algorithm, along with an ad hoc strategy, to take into
account the temporal context for movie recommendations.

Using these similarity metrics coefficients, we incorporate the kNN algorithm using
as input the 2D combined matrix that represents a weighted contribution of both
implicit and explicit ratings for each service. Then, limit the neighborhood to predict
the weighted average rating of service s using the rating given to s by users most
similar to u and returning the k more relevant options, ranked by the calculated rating.

D (sim(u, §) * 1)
> sim(u, s)

predicted Rating = ()
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3.4 Ul adaptation

In this stage of the framework to produce the UI adaptation, two factors contribute to
the process, an analysis of several dimensions relevant to the design of the AUI and
the technical perspective.

3.4.1 Design of Adaptive User Interfaces

The adaptability of User Interfaces requires an analysis of various dimensions that
influence user interaction. These dimensions address critical questions, such as what
elements are adapted in the UI, when the adaptation occurs, and the extent of user
control over the adaptation process (Oestreich et al. 2022; Abrahdo et al. 2021). In
the context of S-PSS, a detailed breakdown of these factors is provided in Table 5 and
elaborated upon below.

1. Adaptation Target Establishing adaptation targets is a fundamental step in dig-
ital platforms within S-PSS. The framework focuses on customizing the content
based on outputs from the recommendation engine, involving the generation of Ul
components (e.g., messages, cards, buttons) that represent recommended services
or smart device features, especially in mobile and web applications.

Adaptation targets are associated with specific UI elements that will be adjusted in
accordance with the recommendations. The subsequent step involves presenting
these adaptations to the user, highlighting the significance of adaptation styles.

Adaptation styles play a role in the visual presentation of the selected UI targets
(Fig.9). Adaptation styles described in the literature include (Gobert et al. 2019):

e Highlighting This involves the strategic use of a contrasting background
color to draw attention to specific elements of the interface. For example,
messages or cards representing recommended services can be highlighted,
thereby enriching user navigation and comprehension (Tsandilas and Schraefel
2005).

e [tem/Service Re-ordering The repositioning of selected items provides a
streamlined approach to information presentation. This is beneficial for ensur-
ing quick access to frequently used or popular services, enhancing efficiency,
and reducing cognitive load (Miraz et al. 2021).

e Group Reordering Beyond individual items, entire groups can be reordered
within menus, boxes, etc. In this way, related content or functionalities can be
clustered, giving rise to a more intuitive and organized User Interface.

e Folding Truncating items with lower priority or relevance—commonly
referred to as folding—declutters the visual space. This simplifies the User
Interface and guarantees that pertinent information is presented to the user,
contributing to a more focused and efficient interaction(Bailly et al. 2016).

II. Initiator of the adaptation The initiator of the adaptation refers to the mech-
anism and data employed to start the process of adaptations, which in the case
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of the framework is a recommendation-based and context-aware framework. The
framework employs user interactions as the main data source, but meaningful
contextual sources for the delivery of services will also need to be selected. These
can be related to the user, device, task, time, or environment, and are fed into the
system.

IIl. Moment of the adaptation The moment of the adaptation dictates when the Ul
adjustment will occur. In the proposed framework, two moments are considered:
(i) when the user starts a session on the device or platform, contextual data are
retrieved, and (ii) when contextual data change.

1V. Control over the adaptation To analyze the design of the AUI, the amount of
control that the user has when interacting with the platform needs to be determined.
This is defined by the three sub-dimensions: automation, (decision) participation,
and visibility.

In the framework, adaptations are expected to occur autonomously and without user
input, as changes in selected contextual data serve as triggers for UI adjustments.
This falls within a medium level of automation, as it does not explicitly require
user input. However, the framework does not automatically identify when more
automation might be necessary, for instance, it does not automatically add new
contextual sources.

User participation is derived from explicit and implicit forms, such as accepting
or declining recommendations and providing explicit ratings for recommended
services as previously explained in subsection 3.3. Therefore, for adaptation to
function effectively, the framework requires high user participation.

In terms of visibility, the recommendation-based approach presents a high level
of transparency in most cases. However, the perception of visibility of the adap-
tations can be influenced by the chosen adaptation style. For instance, styles such
as “highlighting” or “group reordering” are more visually prominent to users,
whereas styles like “re-ordering” or “folding” may be less noticeable. Moreover,
the automatic execution of services might go entirely unnoticed by users. Con-
sequently, the latter can feel more natural and may only be noticed if it is not
working properly. For instance, if adaptations do not fulfill the needs of the user,
and/or no communication is received as to how to modify or revert these changes,
the user can suffer negative feelings. This emphasizes the importance of feedback
mechanisms and communication in the adaptation process.

V. Monitoring & Evaluation of the adaptation The monitoring process of the
framework highlights the evolution of the S-PSS. Feedback about decisions made
by the application from surveys and user behavior is monitored and evaluated.
Three types of evaluation are considered: Offline Evaluation, Online Evaluation,
and UX Quality Evaluation. Offline Evaluation involves assessing the performance
of the recommendation component based on historical data without directly involv-
ing users in real time. Online Evaluation involves the real-time assessment of
system performance as users interact with the platform. The UX Quality Evalua-
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Table 5 Dimensions and descriptions for Adaptive User Interfaces in Smart Product—Service Systems

Dimensions Description

Adaptation target Identifies the specific interface elements or aspects for
adaptation. For instance, it could involve adapting
how a product control panel displays information

Initiator of the adaptation Determines whether adaptations are triggered by user
actions, system algorithms, or a combination of both

Control over the adaptation Determines the amount of control that should be given
to the user

e Automation: The system’s ability to adapt without
user input

e Participation: User engagement in adaptation,
from minimal to extensive

e Visibility: Transparency in how and why
adaptations occur

Moment of the adaptation Dictates when interface adjustments occur, be it in
real-time as users interact, during login, or based on
historical usage patterns or changes on contextual
information

Evaluation of the adaptation Involves assessing the effectiveness of adaptive changes
through user feedback, performance metrics

Adapted from (Oestreich et al. 2022)

tion of the framework focuses on the more pragmatic and hedonic aspects of the
experience.

3.4.2 Technical perspective and data schema for Adaptive User Interfaces in S-PSS

From the technical perspective, a User Interface Descriptor (UID) can be used to define
the structure and composition of the UI. These descriptors act as data representations
to describe Ul elements and their layouts and can be written in standardized data
exchange formats such as JSON or XML. According to REST application principles,
basic UIDs consist of a name, an optional description, and a list of UISections, which
are self-consistent modules of the UI, populated by UI element objects (Belli et al.
2015). As a result, each service or featured sub-service in the S-PSS is linked to a
UID. They guide the translation of recommendation engine outputs into specific user
interface components.
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Fig. 10 Schema server-driven Ul

The proposed framework employs a server-driven Ul design pattern to build the
AUIL. This approach relies on UIDs sent from the server to the client for rendering.
This design pattern offers flexibility by allowing the server to generate the descriptors
and dynamically adapting them based on user context and preferences (ThoughtWorks
2022). To support this approach, the framework includes a front-end API, depicted
in Fig.4, which receives recommended services (see Section 3.3.1) and generates
the descriptors for the S-PSS user interface based on an schema. This facilitates the
process of adapting User Interfaces that are rendered in the S-PSS without needing to
redeploy the applications, which allows for a real-time adaptability. This is particularly
useful considering that S-PSS are often multi-platform and work on different devices
or are even built into the device. The client side includes a rendering mechanism that
interprets the UID received from server and generates the appropriate visual elements
and layout. Additionally, the client side manages user input and events like clicks or
swipes, transmitting them to the server for processing. The schema to generate the
UID is presented in Fig. 10 .

The schema introduces a set of interfaces and types that represent the components
and data structures of the UL. An interface in the context of data schema and software
engineering is an abstract type that defines a common set of fields that any number of
object types can employ. Interfaces are used to represent a relationship among different
types that have a shared behavior. Then, an object type can use the interface, which is
called an implementing object type.

The IUIElement interface captures common properties of Ul elements such as idEle-
ment, label, type, but can also receive serviceInformation. The IUIContainer interface
represents containers or panels holding child UI components. The UlTemplate type
defines a template structure with an idUserInterface, a root container (IUIContainer),
which represents a panel that can have multiple elements, and an array of template
sections (UITemplateSection). The UlTemplateSection represents a section within a
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Fig. 11 UI user monitorization for wristband and response from method mapRecommendedUITemplate in
JSON format

UI template, which can hold multiple UIElements. Specific implementations can be
created from these abstract types. For instance, Stack is a concrete type of container
or panel that is both IUIElement and IUIContainer. BasicCard is a concrete imple-
mentation of an IUIElement. Beyond individual Ul elements, the schema addresses
the connection with E-services, this type represents an electronic service and com-
prises fields such as name (specifying the service name), sub-services (a list indicating
various nested components or sub-services), and template (denoting the User Inter-
face templates associated with this electronic service). Complementing the E-service,
the E-sub-service type focuses on individual components or features nested within a
larger electronic service. It includes fields such as name for the sub-service name and
template for associating specific user interface templates.

Figure 11 provides an illustrative example of the schema. Consider an application
dedicated to smart wristbands, in which one of the key e-services is “User Moni-
torization.” In this e-service, various sub-services are defined to encapsulate specific
features and functionalities. The example shows the recommendation engine returning
recommended sub-services early in the morning for a user: “sleep monitor,” “heart
rate monitor,” and “exercise monitor.”
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Fig. 12 Roadmap for implementation incorporating design and implementation dimensions

The query method “mapRecommendedUITemplate” takes recommended service
and sub-service as parameters in JSON format and navigates the hierarchy of e-services
and e-sub-services to identify the associated template and map the UI elements. The
algorithm for this process is presented in Appendix 3.2 Algorithm 1; it is important
to note that a template for a service will contain one section which will hold the
recommended sub-services (Line 6). This subsection then forms the parent from the
sub-services templates; each template can have their own root container or use the
root container from the parent (Line 13). The method result is a template in a JSON
format, as shown in Fig. 11.

3.5 A roadmap for framework implementation

A roadmap for implementation is presented in the form of a matrix as depicted in
Fig. 12. The matrix establishes a connection between the dimensions essential for
designing an AUI for S-PSS outlined in Sect. 3.4.1, which are represented as rows.
The columns correspond to various phases or stages of the framework, as detailed
in Sect.3. The roadmap is a visual representation of the framework progression and
aligns with the principles of User Centred Design (UCD), encompassing both explicit
and implicit participation. Implicit participation is facilitated via user interaction data,
while explicit participation is encouraged through explicit methods for rating services
and the use of questionnaires for UX quality evaluation. These mechanisms contribute
to the generation of adaptive Ul tailored for S-PSS.

One critical stage for the framework implementation, as specified by the UCD,
is based on understanding and specifying requirements and usage contexts. In the
roadmap presented in Fig. 12, this pre-implementation stage is included, referred to
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Fig. 13 Protocol case study

as “Analysis.” Some of the steps of this stage are represented in gray, which indicates
that any method used is considered outside the scope of the framework, but must be
taken into account to ensure correct implementation.

4 Case study

The proposed framework and each of its elements were validated through a case
study on a smart coffee vending machine, highlighting the increasing interest of major
international manufacturers in smart appliances, due to their significant market growth
potential (Yu and Sung 2023). The case study focuses on analyzing user interaction
data from a SCP and proposes an adaptation of the Ul in a web app. This adaptation
takes into account the context and previous interactions of the users, aiming to enhance
their overall experience with the machine.

4.1 Case study setup

The protocol followed for the case study is presented in Fig. 13. For this study, arespon-
sive web app was developed for the machine using the Next.JS framework and Chakra
UL Interactions of 45 users aged between 19 and 40+ years were used and collected
in this experiment over a period of 50 days (see Table 6). These users registered on
the application by providing a username and selecting a role for themselves. Prior to
participating, each user formally consented to have their interactions recorded through
the application. In total, 10,608 interactions are used. All data were anonymized and
it does not contain sensitive user information.

In the process of generating the UI for the smart vending machine, the adaptation
target was the “Recommended for you” e-service, and the bundle of sub-services
represented the types of beverages available from the machine. This information was
registered in the ontology prior to the experiment. In total, 18 possible services were
registered.
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Table 6 Participants demographics

Attribute Item  Freq Attribute Item Freq Attribute Item Freq
Age 19-25 2 Gender Male 36 Occupation Graduate student 11
26-30 25 Female 9 Supervisor 12
31-35 7 Non-Specified 0 Administrative 5
3640 8 Researcher 9
>40 3 Lecturer 8
Total users 45
uiD
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Figure 14 presents part of the UI utilized in the experiment, featuring the initial
screen titled the “Recommended for you™ tab. This screen is dynamically generated
based on user-specific contextual data, updating accordingly if these values change.
Employing the adaptation style of folding irrelevant items and prioritizing the top three
recommended services, the Ul presents these recommendations in the form of card
components, which are gaining popularity in many mobile and web apps (Rodrigues
etal. 2017). These cards are constructed based on a User Interface Descriptor provided
in JSON format. This descriptor is generated using input from the recommendation
engine, as well as information derived from the services specified in the ontology and
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Normalized Stacked Bar Chart 1 of User-Service Interactions by Context Normalized Stacked Bar Chart 2 of User-Service Interactions by Context Normalized Stacked Bar Chart 3 of User-Service Interactions by Context

Fig. 15 Contextual data stacked bar representation (1) Weekday, (2) Shift, (3) role

the related information they require to function effectively. Table 7 breaks down the
analysis of the rest of design dimensions for UI adaptation in this case study.

Users had also the choice to complete the process on the second tab (Prepare your
beverage tab), if recommended services were not good selections. The UI allowed
the users to rate services recommended and in this way gather explicit feedback from
users (see Fig. 14).

4.2 Technical implementation overview

For the data acquisition, user interactions within the app were captured using Google
Analytics 4 (GA4) and stored in BigQuery. GA4 is a widely used web analytics
service that effectively tracks and reports website traffic and user interactions. These
captured interactions were then pre-processed and uploaded in batches using the “Data
Importer” component of the framework. The information was subsequently stored in
GraphDB, a graph database that adheres to the RDF and SPARQL standards. Out of
the total 10,608 individual interactions recorded, certain events such as “page views”
or “first visit,” which were deemed irrelevant to the study, were filtered out and dis-
carded. Each element of the UI was given an unique identifier, and only interactions
involving these elements were considered to generate a subset of 1,458 valid interac-
tion sequences. On average, each sequence consisted of seven interactions occurring
within a user session, encompassing all relevant actions related to the service. These
actions include clicks on buttons and tabs, as well as session initiation. Table 8 presents
an example of a valid sequence.

Three types of contextual data are considered: user role, shift, weekday that repre-
sent user and time as presented in Fig. 15 which illustrate the analysis of contextual
data through a stacked bar chart. Each bar in the chart is segmented to represent the
distribution of interactions across different categories of these contextual variables.
While it is expected that certain services receive more interactions, the chart also
highlights instances of higher interaction volumes within specific contexts.

To illustrate the flow of events involved in creating the AUI with service recom-
mendations, a sequence diagram (Fig. 16) is presented. The UI was developed using
Next.js and React to create Ul elements and layout. In this particular case, the trigger-
ing events for generating recommendations are “user login” or changes in contextual
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Table 8 Example of interaction sequence collected by the system

Event timestamp User id Event label Event data

1678879326812650  OCUnH  BtnSmeh_capuccino_click  Service:capuccino, information:
[{parameter:sugar, value:0}]

1678879326812650 OCUnH  Tabpreparation_click Preparation
1678879332853910  OCUnH  Btnlsugar_click -
1678879341145730 OCUnH  Btn3sugardec_click -
1678879346246940  OCUnH  Btnldrink_click -

1678879346246940 OCUnH BtnSexpresso_click Service:expresso, information:
[{parameter: sugar,value: 0},
{parameter: cup,value: Yes}]

1678879413245150  OCUnH  Btnlok_click Buy
Present Recommendations to Ul ]
NEXT. [AMNTIE S
O A ]
‘ Mobile_App Graphgl_API RDF4J_API GRAPHDB
getRecommendations(contextualData;SON)
calculateRatings(contextualData:;}SON)
filterintera salData[*])
return Interactions[*]
generateRecommendations()
return recommendedServices[*]
p: ToUIEl ded es[*])
P
‘e return [UIElementsjson]
renderElements([UIElements:json])
‘ Mobile_App Graphgl_API RDF4J_API GRAPHDB

Fig. 16 Sequence diagram illustrating the process of generating recommendations for a mobile app, involv-
ing the Mobile App, APIs, RDF database, and UI rendering

data detected on the web app. To ensure a clear separation between the front-end and
RS component, the framework employs separate connector APIs. This design choice
allows the recommendations system to remain decoupled from specific Ul implemen-
tations, promoting flexibility and enabling usage across various scenarios and with
different Uls.

The front-end API employs GraphQL,? a powerful query language that employs a
strongly typed schema to define available data and operations. The UI schema® created
acts as a User Interface Descriptor that represents the Ul elements that will be rendered
on the user application’s interface. GraphQL connects to the Recommendation System
API, which was developed using RDF4J, a robust Java-based framework for working

2 https://graphgl.org/.

3 https://mu-sse.github.io/adaptiveUls-project/app- vending- machine/server-backenddrivenUI/src/
schema/types.ts
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with RDF data. The RS API* encompasses a collection of operations that uses SPARQL
statements. These include batch operations for populating the ontology, retrieving and
filtering information from it, and executing tasks pertinent to the CARS model.

When service recommendations are retrieved, they are returned to GraphQL APL
These recommendations, based on the obtained data, are transformed into Ul elements
using the descriptor template created for each service. The back-end then constructs
a response object in JSON format and sends it back to the front-end as presented in
Fig. 14. Upon receiving the response, the front-end renders the UI elements accord-
ingly, presenting the recommended services to the user. In the Next.js framework, these
elements are implemented as self-contained snippets of code known as components.

The JSON response depicted in Fig. 14 presents a visual representation of the
GraphQL schema definition, utilized for the creation of the AUI for recommend-
ing services. A Card is a self-contained component that can display information but
also contain other elements. This allows for multiple cards to be displayed in a hor-
izontal arrangement. The ‘recommendedServices‘ query is defined to fetch a set of
recommended items based on user-specific parameters, returning an ‘Stack‘ with the
recommended cards. The schema previously defined on section 3.4.2 is standardized
description for the UI elements and allows the server to generate, modify, and send
the components to the client side for rendering. The client side, developed in Next.JS
has an implementation of these components so it can interpret them and generate the
appropriate visual elements and layout. Additionally, the client side can handle user
interactions and communicate them back to the server for processing.

This approach ensures that by implementing the UI elements on the client side, the
system can consistently render and utilize the same schema across multiple platforms,
promoting reusability, extensibility, and ease of development.

4.3 Evaluation

The evaluation of the framework implementation is presented in the following subsec-
tions. Firstly, the recommendation component is assessed through offline evaluation
using a dataset derived from user interactions. Subsequently, the evaluation of UX
is conducted, incorporating both quantitative and qualitative data obtained from a
questionnaire. Finally, the online evaluation derives from real-time metrics collected
during actual usage.

4.3.1 Recommendation component evaluation

The effectiveness of the recommendation component in the framework was evaluated
through an offline assessment using the collected dataset (Herlocker et al. 2004). The
evaluation comprised a series of experiments comparing the Precision@k scores and
Precision@k scores and Mean Average Error (MAE). Precision@k is a widely-used
metric in Recommendation Systems, quantifying the accuracy of the top k recom-
mended items for a user by computing the ratio of relevant items (i.e., those the user
interacted with or liked in the test set) among the top k recommendations. On the

4 https://github.com/mu-sse/adaptiveUls- project/tree/main/contextawareUX4S-PSS
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other hand, MAE, another popular metric, measures rating prediction performance by
calculating the average absolute difference between predicted and actual user ratings
in the test set (Herlocker et al. 2004).

As described in section 3.3, the interactions captured were treated as implicit feed-
back. For explicit feedback, in the app, users had the option to express their opinion on
the recommended items by rating them using emoticons. The emoticons consisted of
sad, indifferent, or happy faces, which corresponded to a scale from 1 to 3. However,
it is important to note that users were not obliged to provide this feedback, and these
ratings represent only a 7% of the total number of interactions.

In S-PSS, to provide service recommendations to users a straightforward assump-
tion is that users will prefer services they have recently selected or rated, since
familiarity reinforces trust in recommendation. This naive approach is easy to imple-
ment and leads to the presumption that users’ behavior could be relatively constant
when using smart products, and it was used to obtain and present the information
required for the service (e.g., sugar level).

However, to recommend services, this approach has some limitations as it does
not take into account users’ individual context, which can vary over time, leading to
poor recommendation quality. Nonetheless, this approach can be useful as a baseline
for evaluating the performance of more specialized recommendation systems in S-
PSS. This naive approach reported a Precision@1 of 0.559, indicating that this simple
method may have some effectiveness in recommending services to users.

Each set of experiments was repeated 20 times using different randomly selected
training and test sets each time (70-30 ratio, respectively); then, the average values
were taken for each of the metrics. The first experiment compares the Precision@k
without using contextual data with a KNN model using Pearson correlation factor, and
cosine, and Euclidean distance metrics. The Precision@K scores were evaluated at
k=1, 2, and 3 as demonstrated in Fig. 17.

On average, the KNN with cosine distance performed slightly better than Pearson.
There were some noticeable differences in the effectiveness with Euclidean distance
at k=2, the median score was 0.57, and k=3 the median score was 0.51. This could
indicate that cosine distance and Pearson correlation factor are more suitable in this
scenario. Unlike Euclidean distance, the Pearson correlation coefficient takes into
account the mean and standard deviation of the ratings, which makes it more robust
to variations in the magnitude of ratings (Ricci et al. 2011).

There were a few outliers in the boxplots, particularly for KNN with cosine distance
at k=3. These outliers may indicate cases where the model was ineffective for certain
users and services.

The interquartile ranges for all the boxplots indicate a relatively normal distribution
in the majority, indicating that the Precision @k scores were generally consistent across
different users and services.

When we compared the Precision@k scores for different methods to the baseline
precision score of the naive method, it is demonstrated that the KNN models outper-
formed the baseline, with KNN with cosine distance performing in a more constant
way overall.

The results of Precision@k using contextual data are presented in Fig. 18, and in
Table 9, which represent an improvement with the use of contextual data, the behavior
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Fig. 18 Results Precision@K with context

among distance metrics is similar without contextual data, which is expected. At
Precision@1, on average Euclidean and cosine distances perform better. This can
be due to effectively identifying the closest item to the user’s input, based on the
shortest distance in the feature space. However, as k increases, Euclidean distance
is outperformed by cosine and Pearson, possibly because does not take into account
the correlations among users beyond their pairwise distance (Ricci et al. 2011). On
the other hand, Pearson slightly improves its performance among the other distance
metrics as k increases which could be due to the sensitivity of Pearson correlation to
outliers, as the algorithm has the opportunity to recover from one bad recommendation
at Precision@1 and still deliver a more accurate result.

In addition, Table 9 presents the average MAE results for the two experiments. A
lower MAE indicates a better performance of the model in predicting rating values.
The results show a slight improvement in the second test. This suggests that the model
can predict better the rating values in the second test using contextual data.

After evaluation, we considered the use of the cosine distance metric as it outper-
formed Euclidean distance for higher values of & in terms of Precision and Pearson at
k=1. By considering the correlations among users beyond pairwise distance, cosine
distance provides a better understanding of user preferences and improves the preci-
sion of recommendations.
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Table 9 Results of Precision@K and MAE

No context With contextual data
Cosine Euclidean Pearson Cosine Euclidean Pearson

Precision@1 0.664957 0.688889 0.600000 0.700264 0.702035 0.660094
Precision@2 0.582692 0.528846 0.573077 0.622402 0.575426 0.627981
Precision@3 0.527350 0.491880 0.556410 0.556113 0.517175 0.587105
MAE 0.114175 0.132899 0.101554 0.109843 0.122772 0.094235

Average Results by Construct and Subclass

Behavioral Intentions 4.41667
Ease of use-Ease of Decision Making 4.08333
Ease of use-Ease of Initial Learning 3.66667
Interaction Adequacy
Perceived Usefulness 4.33333
Cuality-Accuracy

Quality-Context Compatibility 37

Construct

| | ‘ ‘

Quality-Diversity
Quality-Familiarity
Quality-Novelty 283333
Transparency&Control-Control

Transparency&Control-Transparency 433333

o

2 3 4
Average Result

Fig. 19 Results of questionnaire by constructs and subclassification

4.3.2 Validation of the UX

To assess the UX of the framework implementation, participants provided their
feedback through a questionnaire. The questionnaire was developed based on the
user-centric evaluation framework proposed by Pu et al. (2011), specifically tailored
to the context of Recommendation Systems. Questions were developed using the pre-
defined constructs provided in the framework, and the questions are related to these
constructs and adapted to ensure relevance to the S-PSS context.

The primary objective of this questionnaire was to gather valuable user feedback
from participants (see participants in Table 6) and evaluate several aspects of their
experience, including behavioral intentions, ease of use, perceived quality, beliefs,
and, attitudes, toward the S-PSS. To capture user responses effectively, a 5S-point Likert
scale ranging from “strongly disagree” (1) to “strongly agree” (5) was employed for
each question. Figure 19 presents the results for each construct and subclassification
when necessary.

The questionnaire and its results, presented in Table 10, provide valuable insights
into various aspects of the UX. The behavioral intentions were measured in terms
of the user’s intention to continue using the app and their intention to return, users
presented a strong willingness to keep using a smart product like the one presented.
To assess the ease of use, two key aspects were examined: ease of decision-making
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and ease of initial learning. Ease of decision-making refers to the users’ ability to
make choices effortlessly within the app, while ease of initial learning focuses on
their understanding of how the app functions, how to provide input, and how their
preferences are incorporated. For instance, one user expressed their desire to keep using
the app, but they were concerned that it might not fully understand their preferences
after just a single use. This highlights the importance of the app’s ability to quickly
grasp and adapt to the user’s individual needs. Interaction adequacy was assessed to
determine if users felt that the app provided an appropriate way for them to express
their preferences. Perceived usefulness, on the other hand, refers to the extent in which
users felt that using the recommended services would enhance their performance as a
support mechanism.

When it comes to quality, one aspect evaluated was the accuracy of the recommen-
dations in matching the user’s preferences. It was found that users generally felt that the
overall services recommended aligned well with their preferences. Context compatibil-
ity examined whether the system understood the users’ personal context requirements,
and it was determined that the services recommended took these requirements into
consideration to a satisfactory degree. Familiarity explored whether users were already
familiar with the services recommended to them. In this case, users strongly agreed
that they were familiar with the suggested services.

Novelty assessed the extent to which users received recommendations for new types
of services that they want to accept or test. In our implementation, some users felt that
the app did not assist them in finding anything new. which can jeopardize user overall
satisfaction depending on the scenario, where users can be frustrated by an excessive
familiarity and lack of novelty and diversity (i.e., music, streaming services). However,
for the context of the case study in creating Adaptive User Interfaces, there were no
restrictions on suggesting services that users had already experienced in the past, which
likely contributed to the users’ strong familiarity with the services recommended.
One user expressed that the absence of images made it difficult to be persuaded to
explore options beyond what they already knew. This highlights the importance of
User Interface design and visual elements. Diversity measured the level of diversity in
the recommendation list, and users indicated that the services recommended to them
exhibited a moderate level of diversity.

Lastly, transparency, and control were evaluated. User control assessed whether
users felt in control during their interaction with the app. Users provided a neutral
response, suggesting that they did not feel completely in control of the decision-
making process. This could be attributed to a lack of understanding on how to reject
a recommendation, as this functionality was not provided in the interface. However,
users did have the ability to rate recommendations, although not all users exercised this
option. Regarding transparency, users strongly agreed that they understood why certain
services were being recommended to them. This suggests that the app effectively
conveyed the reasoning behind its recommendations. Further analysis and discussion
of these findings will be presented in the subsequent section.

In addition to the questionnaire, an online evaluation was conducted to measure
metrics relevant to the recommendation component performance and effectiveness
(Herlocker et al. 2004). One of these metrics was “Time on task” which served as an
indicator of the app’s ease of use. The time taken by users that did not use the services
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Table 11 Usability metrics

Metric Result
__ Total number of acceptances
CTR = Total number of sequences 0.6913
Avg. time on task = w 00:49 s (accepted)

01:44s (rejected)

Online evaluation

recommended was compared with those who did. This allowed for a comparison of the
app’s usability improvements. Another metric considered was the Click-Through Rate
(CTR), which measures the effectiveness of service recommendations. It quantifies
how often the recommended services were successfully accepted by users, indicating
their relevance and usefulness without considering the ranking of the services pre-
sented (the user was given only the top 3 options). As presented in Table 11, CTR is
69.13%, and the average time on task was quantified in seconds for those users that
use the “Recommended for you” tab and those who did the process manually. When
it comes to the average time on task users that use recommended services completed
the task 55% faster.

5 Discussion

In this section, we will discuss the findings and limitations of the results. The study
aimed to investigate the impact of implementing a proposed framework for adaptive
user experiences in S-PSS.

5.1 Impact on performance and usability

When analyzing performance and usability, these can be related to efficiency and ease
of use (Pu et al. 2011). On the questionnaire, users strongly agreed that the use of
the “recommended for you” tab on the app saved them time (Fig. 19). This feature,
which is the result of adaptation and personalization, is a helpful decision-making tool,
resulting in users feeling more confident in their choices. The perceived usefulness of
this feature is an indicator of the extent to which users feel a performance improvement
in the system’s usage or in their sense of competence. Importantly, the results reveal
a strong positive correlation (r = 0.64) between users’ perceived usefulness and the
ease of decision-making (Fig. 20).

This ease of use can be considered a form of efficiency, as it reduces the cognitive
load and effort required for decision-making. This observation is supported by the data
collected, which shows a decrease in the time spent on tasks compared to performing
them manually. Combining task completion time with user feedback provides a more
comprehensive understanding of user behavior. These results emphasize the impor-
tance of a User Interface that supports users in finding suitable services quickly and
conveniently.
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Fig.20 Correlation matrix UX constructs in RS

Additionally, interaction adequacy played a crucial role, as users expressed that
the recommended services in the app were easy to find and it provided an adequate
way for them to express their preferences. This implies that a well-designed and
intuitive interface contributes to a positive UX and enhances usability. Nonetheless,
it is important to note that interaction adequacy exhibits a strong correlation with the
accuracy and context compatibility. This clearly indicates that the effectiveness of
finding the recommended services is strongly influenced by the degree to which the
interface aligns with the user’s needs and context.

In terms of the ease of initial learning, there seems to be a slight decrease. While
users perceive the adaptation of the interface as a time-saving tool, it may not neces-
sarily provide strong instructional support during the initial stages of use or improve
the learnability of the system. This suggests that users may require some time to famil-
iarize themselves with the digital services provided by the app and understand how to
effectively leverage its recommendations. Further attention could be given to improv-
ing the instructional and learnability aspects, particularly during the initial stages of
user interaction with the smart products and the service system, when it is not clear to
them how recommendations are generated.
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5.2 Impact on user engagement and satisfaction in S-PSS

The observations made in the study provide valuable insights into the impact of the
proposed framework on user satisfaction and engagement in S-PSS.

Engagement refers to the level of user involvement with a particular entity. In this
context, one commonly used metric to measure engagement is the CTR. In the results,
69.13% of the time the recommendations were used. It is important to note that CTR
is not necessarily correlated with metrics on the offline evaluation and can potentially
increase as users interact more with the system and feed the RS. However, this scenario
can vary and is highly dependent on the complexity of the system being evaluated. In
this case, the experiment focuses on a relatively simple product, which suggests that
the impact on engagement might be more straightforward to analyze. Nonetheless, the
experiment itself had other constraints to tackle such as time limitations from users.
Despite these constraints, conducting the experiment remains valuable as it provides
valuable insights into user behavior and system performance.

Analyzing the specific questionnaire results, it is evident that several factors can
influence user engagement. The aspects related to the quality of recommendations,
such as accuracy, familiarity, and context compatibility, all received positive feedback
from the users. Furthermore, their perception of accuracy is positive correlated with
context compatibility of services being delivered on the interface as presented in Fig. 20

This indicates that when the recommended services align with users’ preferences
and consider their personal context requirements, it positively impacts their engage-
ment. This is also backed-up with the CTR that highlights that more than half of the
times user preferred the interface personalized to them.

On the other hand, user satisfaction can be influenced by many factors and can
not solely be attributed with high recommendation accuracy (Kaminskas and Bridge
2016). The results from the study further support this notion, as presented in Fig. 20,
where the behavioral intentions aimed to assess users’ willingness to continue using
the presented smart product, which implies a level of satisfaction and their desire to
return to the product. This construct reveals a weaker correlation with accuracy and
context compatibility and highlights that user satisfaction is closely related to the ease
of use, in this particular case with ease of decision-making and perceived usefulness.
Nevertheless, accuracy and context compatibility remain crucial factors that positively
contribute to these constructs. This highlights the importance of considering the system
as a whole, where a user-friendly interface and seamless user experience contribute to
satisfaction, alongside accurate and compatible adaptations for User Interfaces.

5.3 Findings and limitations

e Novelty and Familiarity on S-PSS UX:
Users exhibit a preference for recommendations of previously experienced items,
as Kaminskas and Bridge (2016) highlighted “familiarity” can reinforce trust in
a system. The questionnaire revealed that users strongly agreed that the recom-
mended services were familiar to them. However, they expressed disagreement
regarding the novelty aspect, indicating that they did not discover new services
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Conversation with CoffeeMachine Conversation with CoffeeMachine

delicious coffee - try
our cortado
T o decaffeinated! It has

the perfect balance of
espresso and steamed
milk.

B Hello! | am CoffeeMachine

B Your perfect coffee is Capuccino
with 1 portion of sugar. Enjoy!

i would want something stronger actually e recommend somthing e

with milk

How about an Espresso with 0
B sugar? It will give you just the right

amount of buzz! g
B | recommend a Milk

that sounds nice

- e

e Coffee, it's perfect for

when you want
something creamy and
delicious.

Great, an espresso with 0 sugar
coming right up! Enjoy!

Write your message here 4 W Write your message here 4

Fig. 21 Integration of recommendation component and chatbot

beyond their existing preferences (2.8/5 score). Interestingly, this lack of novelty
did not impact their intention to continue using a product of this nature in the
future. To validate whether this behavior extends to other types of smart products,
further studies are necessary.

Additionally, the study found that Diversity of recommendations fell within the
middle range (3.5/5 score), suggesting that users perceived a certain lack of diver-
sity among the recommended services. This perceived lack of diversity did not
affect their intention to use the system. Despite this, it is important to address the
balance between familiarity and diversity in the recommendations. The recom-
mendation component developed under the kNN algorithm looks for similar users
and rewards more interacted services within that neighborhood or group. While
users did find some diversity in services interacted with by similar users, they did
not necessarily perceive it as novel. Therefore, to balance out familiarity, diversity
and novelty, it is necessary to consider the inclusion of serendipitous recommen-
dations that are unexpected but still can be relevant (Ziarani and Ravanmehr 2021).
Including serendipity into the recommendation process can encourage exploration
and promote less known services, and it is an aspect that should be further analyzed
on the context of the generation of Adaptive User Interfaces and smart products.

These limitations highlight the need for additional research to explore how users’
preferences for familiarity and the perceived diversity of recommendations may
vary across different smart products. Understanding these dynamics will provide
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insights for improving recommendation algorithms and tailoring them to meet user
expectations and preferences effectively.

e Technological Limitations
The comparison of several collaborative filtering algorithms in the given con-
text could be further studied. However, it is necessary to align this exploration
with the study of users’ preferences when using digital products as mentioned
in previous point. In the conducted experiment, a well-known machine learning
algorithm was employed (kNN), which had been tested and analyzed in multiple
scenarios. Nonetheless, it is important to understand when it is necessary to apply
more robust or resource-consuming machine learning algorithms. It is important
to weigh the trade-offs between algorithmic performance and user requirements.
Even when more complex and computationally expensive algorithms may offer
improved accuracy or the ability to handle larger datasets, they might come at
the cost of increased computational resources, longer training times, or reduced
scalability. Therefore, it is important to note the diversity of user preferences.
Future research can focus into specific scenarios where the benefits of employ-
ing resource-intensive algorithms outweigh these trade-offs. Additionally, it was
observed that several users missed the integration of recommendations into the
service parametrization, which refers to the necessary information required for a
service to function. In the app, this integration was achieved using a naive approach
that only presented the most recently used information. Users expressed that the
app did not learn their specific preferences on the services, such as the amount of
sugar they prefer in particular beverages. This aspect could be more complex in
different scenarios, and the parametrization of services should be considered in
future work as well as part of the adaptation.

e Interface Design Considerations:
In the context of adaptation, the elements of design play an important part. It is
essential to consider not only the content and technical implementation but also the
structure and visual presentation of the interface (interface adequacy) (Ozok et al.
2010). While this study primarily focused on measuring interaction adequacy,
valuable user feedback highlighted issues such as the difficulty of reading pop-up
messages in the app and the lack of visual elements. This feedback emphasizes the
significance of addressing interface design aspects in future work. Although this
study did not focus on the specific design elements or the optimal design structure
for adaptation, it is still an important consideration. The study mainly focused on
the technical and practical aspects of the implementation. Further research should
explore how the interface can be optimized to enhance readability, clarity, and
overall user experience on S-PSS.

o [Integration with Multi-modal User Interfaces
The integration of the framework with multi-modal UI currently falls outside the
scope of our framework. Multi-modal UI enables users to engage with the machine
using various input and output methods, including touch, voice, text, gestures, or
mouse. These hybrid interfaces, particularly those incorporating natural modes of
interaction such as conversations, are quickly becoming a new standard. There-
fore, understanding how to integrate conversational instructions with those using a
mouse or gestures is crucial, as the use of mobile and web applications is unlikely
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to disappear entirely. The coexistence and integration with new technologies are
essential for generating adaptations.

The expansion of conversational User Interfaces has witnessed remarkable growth
in recent years (Haugeland et al. 2022), exploiting techniques such as natural
language processing and Large Language Models (LLM). Incorporating these
advancements into the UI can enhance user engagement and satisfaction. By
enabling users to communicate with the Recommendation System through natu-
ral language commands, S-PSS can deliver a more personalized and user-friendly
experience, catering to evolving user expectations and preferences.

The decoupling of the Recommendation System and AUI generation components
in the framework design allows each component to evolve independently, easing
adaptation to different UI platforms without affecting the core Recommendation
System functionality.

As a way to exemplify the diversity of Uls within an S-PSS environment, a chat-
bot was developed using Next.js and integrating the Open Al API° for natural
language processing, which includes large language processing capabilities. This
chatbot serves as an additional interface that seamlessly integrates the Recommen-
dation System component and the underlying ontology. The chatbot is capable of
generating recommendations in a conversational manner. As presented in Fig. 21
the user asks for the service and the recommendation is presented in a more natural
and conversational style. In the event that users are unsatisfied with the provided
option, they have the ability to request changes or modifications through natu-
ral language commands. The Open Al API receives commands as inputs. In this
case, the command includes the response of the recommendation API which is an
ordered set of recommended options in JSON format.The language model under-
lying the chatbot considers these commands and the available options provided by
the Recommendation System to generate an appropriate response, ensuring a more
interactive and user-centric experience within the S-PSS framework. This can pro-
vide a more natural way for users to access S-PSS digital services. However, the
current implementation of the Recommendation System primarily relies on user
interactions. In future research, it would be valuable to explore the integration of a
natural User Interface that can recognize positive or negative implicit feedback on
conversational manner and integrating with user interactions as well. This would
require further investigation and development to enhance the system’s ability to
capture user preferences and improve the overall recommendation process. Fur-
thermore, it is necessary to analyze the UX impact and how it would compare with
traditional graphic interfaces.

However, these data-driven approaches will necessitate access to users personal
and behavioral data, which can vary depending on the application domains of
S-PSS and the type of UL It is imperative that the services created enable users
to make informed decisions about their privacy. Users should also have control
over their personal information (van Ooijen and Vrabec 2019). Adhering to privacy
regulations such as the General Data Protection Regulation (GDPR), implemented

5 https://platform.openai.com/docs/guides/chat
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by the European Union to regulate user privacy, can help ensure users consent and
awareness of the data collected (Zheng et al. 2019).

6 Conclusion

This paper presented a development approach for recommendation-based Adaptive
User Interfaces, within the S-PSS environment. A framework was used as an struc-
ture to guide the system development and aimed to exploit user interactions with
digital services and contextual data. One of the main contributions of this work lies
on the integration of various components to achieve the creation of AUI for digital
services. To demonstrate the practical implementation, a case study was presented
with a hands-on development approach, considering technological aspects and utiliz-
ing appropriate tools. The results demonstrated an improvement on the precision of
the recommendations using a context-aware approach. Furthermore, the framework
presented a decoupled approach for the generation of the User Interfaces.

Regarding the UX, the findings and results examined various aspects, such as,
user performance, usability, engagement, and satisfaction. The implementation of
the framework demonstrated positive effects on user efficiency and ease of decision-
making. The User Interface generated using the framework saved users’ time and
increased their confidence in their choices. However, there were slight differences
in terms of ease of initial learning, indicating that users may still require time to
familiarize themselves with the digital services and understand how recommendations
are generated, to increase their trust.

User engagement and usability were strongly influenced by the quality of recom-
mendations, including accuracy, and context compatibility. The study revealed that
when recommended services aligned with users’ preferences, and considered their
personal context requirements, it positively impacted their perceived usefulness. Inter-
action adequacy, expressed through an intuitive interface that allowed users to express
their preferences and easily find recommended services, also played a crucial role in
enhancing user satisfaction and usability. The ease of use aspect was reflected in users’
feedback, emphasizing the importance of a streamlined User Interface and a system
that supports quick and convenient service discovery.

While the study provided valuable insights, there were limitations and areas for
future research. Users expressed a preference for familiarity in recommendations and
perceived a lack of novelty and diversity, which calls for further exploration of users’
preferences across different smart products. Technological limitations were also dis-
cussed, highlighting the need to further study algorithmic performance and resource
requirements. Additionally, interface design considerations, such as readability, clar-
ity, and visual elements, emerged as important factors for optimizing UX in S-PSS.
Furthermore, the expansion of natural User Interfaces and conversational Recommen-
dation Systems has witnessed remarkable growth in recent years. This trend highlights
the importance of considering these interfaces within the S-PSS environment to pro-
vide several means of interaction.

In conclusion, this study contributes to understanding the impact of adaptive user
experiences in S-PSS, emphasizing the significance of efficient decision-making,
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user-friendly interfaces, and personalized recommendations. Future research should
address the limitations identified and further explore user preferences, algorithmic
approaches, and interface design considerations to enhance the effectiveness and user
satisfaction in S-PSS.

Appendix

Algorithm 1 Map Recommended Services to UI Template

1: function MAPRECOMMENDEDUITEMPLATE(recommendedService)
2: // Get the service template based on the recommended service
serviceTemplate <— GETSERVICETEMPLATE(recommendedService.service)

3
4:
5 // Get the parent section (sub-service container) from the service
template

6 parentSection <— GETSUBSERVICECONTAINER(serviceTemplate.sections)

7:

8 for each sub-service in recommendedService.subservices do

9: subserviceTemplate <— GETSUBSERVICETEMPLATE(subservice)

10: // Iterate over sections in the sub-service template
11: for each childSection in subserviceTemplate.sections do

12: for each element in childSection.uiElements do

13: targetContainer < childSection.rootSection ? childSection.rootSection :
14: parentSection.rootSection

15: // Add the element to the target container

16: targetContainer.childComponents.push(element)

17: end for

18: // If the child section has a root, add it to the root parent
19: if childSection.rootSection then

20: parentSection.rootSection.childComponents.push(childSection.rootSection)
21: end if

22: end for

23:  end for

24: // Return the modified service template

25:  return serviceTemplate

26: end function
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