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Abstract. Intelligent User Interfaces (IUIs) rely on user metrics to in-
fer user characteristics and adapt interaction accordingly, yet these met-
rics are often specified in an implementation-dependent manner and be-
come tightly coupled to a particular application context and technology
stack. This paper proposes a model-driven abstraction process to spec-
ify user metrics independently of the underlying programming language,
enabling their integration into Model-Driven Development (MDD) work-
flows. Building on a curated set of automatic user metrics for knowledge,
skills, and goals, we describe how metric parameters can be expressed
using conceptual user interface primitives and context constructs. We in-
stantiate the approach with UsiXML and illustrate, through a practical
scenario, how abstract metric values can drive systematic UI adaptations
at the model level. To evaluate the feasibility of the proposal, we con-
ducted a preliminary expert-based validation with three MDD specialists
who evaluated the operationalization of the proposed metrics in UsiXML,
WebRatio, and Integranova languages. Results indicate that most met-
rics can be supported across tools, while time-dependent metrics reveal
limitations in environments lacking explicit temporal primitives.

Keywords: Model-Driven Development · Intelligent User Interfaces ·
User Metrics · UsiXML · User characteristics.

1 Introduction

Intelligent User Interfaces (IUIs) aim to tailor interaction to individual users by
adapting content, presentation, and interaction mechanisms based on evidence
collected during use [5]. A common way to operationalize such adaptation is
through user metrics derived from interaction traces (e.g., time, clicks, scrolling,
navigation patterns), which are subsequently mapped to higher-level user charac-
teristics (UCs) such as knowledge, skills, preferences, or goals. This metric-driven
view is attractive because it enables non-intrusive personalization and can be
deployed continuously at runtime without requiring explicit questionnaires or
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manual profiling steps. Despite extensive work on user modeling and adaptive
interfaces, however, most existing IUI solutions remain highly specialized and
tightly coupled to a single application context and technology stack, which in-
creases development complexity and limits reuse. For example, Williford et al.
[24] implemented a system capable of recognizing users’ rectilinear strokes to
support real-time freehand perspective drawing, a solution specifically tailored
to a particular interaction scenario.

A key reason for this specialization is that the specification and reuse of user
metrics remains a recurrent challenge. In practice, metrics are frequently defined
at the implementation level—embedded in application code, bound to specific
UI widgets or event handlers, and dependent on platform-specific interaction
mechanisms (e.g., DOM events, mobile gestures) [1]. As a consequence, metric
definitions become hard to port across applications, difficult to maintain as the
UI evolves, and costly to replicate when moving to a different technology stack.

This situation is particularly problematic in Model-Driven Development (MDD)
settings. MDD addresses software complexity by shifting effort toward concep-
tual models that abstractly represent system aspects and enable their transfor-
mation into executable code. By separating the problem space from the solution
space, MDD promotes abstraction, systematic reuse, and consistent generation
across platforms. While MDD frameworks offer structured representations of
tasks, user interfaces, and context, the instrumentation required to compute
metrics for IUIs is often reintroduced at low level, undermining the benefits
of model-driven engineering. Moreover, existing approaches for supporting IUIs
at the conceptual-model level provide limited guidance on how to specify and
operationalize adaptation based on UCs within the problem space.

While interface adaptation has been extensively studied in Human–Computer
Interaction at the implementation level [22], there are fewer contributions ad-
dressing how to manage metric-driven adaptation directly within conceptual
models. Some proposals incorporate adaptation capabilities into MDD-based UI
generation, but they often rely on predefined rules rather than dynamic, user-
driven adaptation [13]. Likewise, multilayer UI modeling frameworks such as
MARIA [16] provide structured representations of the UI, yet they do not ex-
plicitly integrate reusable mechanisms to define interaction-based metrics and
connect them to runtime adaptation decisions. As a result, there remains a gap
in systematically incorporating metric-driven UI adaptation within conceptual
models, bridging MDD and adaptive user interfaces.

This paper addresses this gap by proposing a model-driven abstraction pro-
cess for user metrics, designed to reduce coupling between metric definitions and
concrete implementations. These metrics are used to determine each UC during
interaction. Our approach abstracts these metrics, making them adaptable to
any MDD method that supports interface representation through models. Our
approach builds on a curated set of automatic user metrics for characterizing
user knowledge, skills, and goals (as defined in prior work [8]) and focuses on
making those metrics reusable across applications and platforms.
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We instantiate the process using UsiXML [12], a well-established model-based
UI notation, and illustrate its applicability through a practical scenario involv-
ing user interaction with a stock-selection interface. The scenario shows how
metric parameters can be mapped to UsiXML primitives and how metric val-
ues can drive systematic adaptation rules at the model level (e.g., emphasizing
relevant options, or simplifying choices). Furthermore, these instantiations have
important implications for MDD, as incorporating user preference data into the
development life cycle can lead to more user-centered design processes [4]. By ex-
plicitly integrating user preference metrics into UI models, developers can ensure
that the resulting systems are both usable and appealing to their target users,
thereby aligning subjective satisfaction with objective performance outcomes.
To assess the feasibility of the proposal, we complement the UsiXML instantia-
tion with a preliminary expert-based validation involving three MDD specialists
who analyzed whether the proposed metrics can be operationalized in UsiXML,
WebRatio, and Integranova. The feedback highlights broad feasibility for most
metrics and identifies limitations for time-dependent constructs in environments
lacking explicit temporal primitives.

Specifically, the contributions of the paper are: (1) A model-driven abstrac-
tion process to specify user metrics independently of programming language and
platform, enabling reuse in MDD workflows, and (2) An operational mapping of
a set of user metrics to model-level UI primitives, instantiated in UsiXML and
exemplified through a realistic interaction scenario.

This work is structured as follows. Section 2 reviews the related work. Section
3 presents the user metrics, the UsiXML models, and the proposed abstraction
process. Section 4 applies this process to a practical example. Section 5 shows a
preliminary validation of the process. Finally, Section 6 concludes the paper and
discusses directions for future research.

2 Related work

The abstraction of user metrics for extracting user characteristics has been
widely discussed in the literature. Prior work focuses on organizing and structur-
ing metric components to enable their extraction. This abstraction is necessary
to ensure that user metrics can be consistently extracted across different pro-
gramming languages used to develop the system.

This group includes works that propose Domain-Specific Languages (DSL)
for the declarative definition of user metrics. Such DSLs allow metrics to be ex-
pressed at a high level of abstraction, focusing on domain concepts rather than
implementation details. These approaches aim to improve the expressiveness,
reuse, and maintainability of metrics, while facilitating their adaptation across
different programming languages and execution environments. MODNESS [6]
is an MDD approach that enables the high-level specification and automated
assessment of fairness in software systems through a dedicated domain-specific
language. The approach supports the definition and composition of fairness met-
rics independently of the application domain and provides automated code gen-
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eration for metric evaluation. Its effectiveness is demonstrated through multiple
cross-domain use cases, showing improvements in expressiveness and automation
over existing fairness assessment solutions. L-PRISM [17] is a domain-specific
language supported by a dedicated metamodel for modeling multimedia service
function chains in edge–cloud environments. Following an MDD approach, the
language enables the declarative specification of domain concepts while abstract-
ing away low-level deployment and configuration details. The authors validate
L-PRISM through a proof-of-concept and developer-based experiments, demon-
strating improvements in expressiveness, usability, maintainability, and reduced
configuration complexity compared to manual approaches. Dalla Palma et al.
[15] introduce a catalogue of domain-specific metrics for assessing the quality of
infrastructure-as-code scripts, emphasizing the importance of defining metrics
aligned with domain constructs rather than general-purpose programming ele-
ments. Their approach is validated through real-world case studies that demon-
strate how DSL-level metrics can effectively support quality assessment and sys-
tem evolution. While this work highlights the advantages of domain-specific and
model-driven metric definitions at a high level of abstraction, it does not address
user-oriented metrics in the context of IUI. In this work, we bridge this gap by
combining MDD with IUI design to declaratively specify user metrics.

Some proposals use models to describe user behaviors when the user inter-
acts with the system. Sharma et al. [20] propose a set of user interaction met-
rics capturing session duration, performed activities, device characteristics, and
document downloads, which are integrated into an unsupervised model. The
approach is evaluated across three goal-oriented interaction scenarios, achiev-
ing 90.17% accuracy and 91.07% true positive rate. While effective for user
behavior analysis, the work does not address the declarative specification of
user metrics or their integration into model-driven IUI design. The Deep Inter-
est Highlight Network (DIHN) [21] evaluates the advantages of Trigger-Induced
Recommendation (TIR) systems over non-TIR systems by modeling users’ im-
mediate interests for Click-Through Rate prediction. The model analyzes user
interactions and clicks to assess intention levels, tracking accessed options and
performed actions to identify dynamic user interests. A/B test results indicate
that DIHN improves accuracy by 6% compared to non-TIR-based systems. Guo
et al. [10] propose a user behavior model for predicting system trust levels aimed
at improving user satisfaction and engagement. The model integrates user met-
rics such as concurrent connections, session duration, and user actions, and is
validated through simulation-based experiments. The results demonstrate the
model’s scalability and effectiveness in supporting engagement-oriented recom-
mendations. The main limitation of these works is that the proposed metrics are
not user-centred, and all validation phases are conducted in simulation without
real users. This means that the presented metrics may not be representative.

IUIs aim to analyse users’ actions and behaviours to dynamically adapt the
graphical user interface to the user. Chart4Blind [14] is a system aimed at im-
proving chart accessibility for impaired users by analyzing interaction traces
with visual chart elements. Based on observed user behavior, the system auto-
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matically generates accessible representations, tactile graphics and textual de-
scriptions. The approach is validated through usability studies with both sighted
and visually impaired participants, demonstrating its effectiveness in enhancing
accessibility. FootApp [2] is an IUI for football match annotation. It integrates
multimodal interaction, with sensor-based activity recognition to facilitate anno-
tation tasks. The system leverages interaction data and wearable sensors to build
user models and infer implicit user information. Its effectiveness is demonstrated
through real-world match experiments, highlighting its practical applicability.
CARSI 3.0 [23] stores driving context and historical preferences to recommend
infotainment actions that reduce driver distraction and improve usability. User
behavior is modeled by combining interaction history with static and dynamic
contextual data and in-vehicle sensor information. The approach is validated on
a large-scale real-world dataset collected from multiple vehicles, demonstrating
effective context-aware interface adaptation. The main limitation of these works
is that the IUI proposed are highly specialized to specific application contexts,
and the associated user models are tightly coupled to domain-specific assump-
tions. This implies that the presented approaches cannot be easily generalized
or reused across different systems or development environments.

Our work builds on previous findings by combining concepts from IUIs and
MDD to define a set of UCs that can be abstracted from system-specific details
and applied across a wide range of contexts. Using existing metrics from the
literature as a foundation, we define the parameters required for their calculation,
ensuring that user metrics can be computed through a clear and reusable process.

3 Applying user metrics of IUIs to MDD

This section introduces the user metrics considered in the study and how they
are abstracted for use in MDD. The metrics are derived from prior research
and are designed to be independent of programming languages and platforms.
We then provide a brief overview of UsiXML, which we use as a representative
model-based UI notation to exemplify how the proposed abstract metrics can be
instantiated in a concrete MDD approach.

3.1 User metrics

This subsection describes the user metrics employed by the system to extract user
skills, knowledge, and goal UCs. These metrics were previously defined in
[8]. Among all the available metrics, we focus on this subset because, as shown
in previous work [8], they can be automatically captured during user–system
interaction in a non-intrusive manner. This characteristic makes them a key
factor in the adaptability process. Table 1 summarizes the user metrics used to
estimate each UC. Next, we describe each metric, its justification in the literature
with a reference, and its utility to design IUIs.

The Mc metric aims to determine if the user makes the correct clicks to
complete the task. It is calculated as the absolute difference between the param-
eter Uclicks, which represents the number of user clicks, and the estimated clicks
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required to complete the task, Uces [27]. This estimation is done by an expert
in graphical user interface design.

The Msc metric aims to ascertain whether the user performs the correct
scrolling to complete the task. This metric is calculated as the absolute difference
between the user’s scroll (Scruser) and the estimated scroll parameter (Scres)
[3].

The Sn metric aims to determine how many times the user clicks the search
option. This metric is calculated using a parameter that indicates the number
of clicks the user performs on the search option [27].

The A metric aims to quantify the user’s interaction accuracy by capturing
deviations from the estimated optimal number of actions required to complete
the task. This metric is computed as one minus the normalized absolute differ-
ence between the number of unique clicks performed by the user (Ucuser) and
the estimated number of clicks required to complete the task (Uces) [26].

The Tt metric aims to determine if the user requires more time than expected
to complete the task. This metric is calculated as the absolute difference between
the estimated time parameter (Timees) and the user’s time required to complete
the task (Timeuser) [26].

The Tp metric aims to determine the average time per option that the user
takes to complete the task. This metric is calculated as the division of the param-
eter measuring the total time of the user (Timeuser) by the parameter measuring
the number of options accessed (pagesaccessed) [26].

The Sp metric aims to determine the sensible pauses that the user has made.
A sensible pause is defined as a period of inactivity longer than 5 seconds. The
metric is calculated using the parameter that measures the total duration of all
pauses lasting more than 5 seconds [18].

The Com metric aims to determine if the user completes the task correctly.
This metric is based on the percentage of tasks successfully completed [18]. For
that, the system captures both the expected sequence of user actions for task
completion and the actions actually executed by the user.

The Qc metric aims to determine the complexity of the queries needed to
complete the task. It is based on several parameters: (1) The number of terms
used; (2) the proportion of unique terms; (3) whether the user includes special
characters to filter the products (such as " ", AND or OR); (4) whether the user
accesses advanced search, and (5) the number of stop words used by the user.
Stop words consist of common words that do not provide significant information
for the search, such as prepositions or connectors [3].

The Co metric aims to determine if the user accesses more options than
the required number. It is calculated as the absolute difference between the
parameter measuring the options accessed by the user (Cuo) and the parameter
measuring the different options estimated to complete the task (optionses) [3].

The Spa metric aims to determine the level of engagement with special ac-
tions performed by the user. A special action is a highly skilled action performed
by the user, such as using keyboard shortcuts or advanced search menus to ac-
complish a task. To identify these actions, it is necessary to define the complete
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set of available special actions the user can perform and to calculate the average
number of these actions the user performs [19].

The R metric aims to determine the number of options the user revisits.
An option is revisited when a user revisits a previously accessed option, such
as when they cancel the purchase process while entering shipment data because
they need to add another product to the cart. It is calculated as the absolute
difference between the parameter that measures the options accessed by the user
(Uo) and the parameter that measures the estimated options to complete the
task (optionses) [19].

The Opq metric aims to determine the number of queries made by the user
per session or interaction. It is calculated as the ratio of the parameter measuring
the options the user interacts with (Ov) to the parameter measuring the number
of searches the user makes in a session or interaction (Queries) [3].

The TMpag metric aims to determine the maximum time the user spends
interacting with the most accessed option in the system. It is calculated by
identifying the option the user interacts with for the longest duration. This is
done by implementing a timer for each option when the user interacts with it,
and then storing this duration. The system then determines the maximum time
the user has spent on any given option [26].

Table 1. Overview of User Metrics and their User Characteristics

User Metric UCs Calculated
Mouse click (MC) = |Uclicks − Uces| knowledge, skills, goals.
Mouse scrolling (Msc) = |Scruser − Scres| knowledge.
Search number (Sn) =

∑
(clicks on search) knowledge, goals

Accuracy (A) = 1- |Ucuser−Uces|
Uces

knowledge, skills
Total time (Tt) = |T imeuser − T imees| knowledge, skills
Time per page (Tp) = Timetotal

pagesaccessed
knowledge

Sensible pauses (Sp) =
∑

(Inactivity > 5s) knowledge
Complete ratio (Com) = Task completed? knowledge, skills, goals
Query complexity (Qc) = Query complexity knowledge, goals
Click options (Co) = |Cuo− optionses| skills
Special actions (Spa) = AV G(#Spact) skills
Revisited ratio (R) = |Dov −Ov| skills
Options per query (Opq) = Ov

Queries
goals

Time max per page (TMpag) max(time pages) goals

3.2 UsiXML models

Metrics and their parameters are defined so they can be represented in concep-
tual models that abstractly model UIs, in accordance with the MDD paradigm.
This facilitates their inclusion in existing model-to-model transformations and
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model-to-code transformations. As an illustrative example, we use the MBUI -
Abstract User Interface Models [25], which is the standard method for defining
user interfaces abstractly. Specifically, the example uses UsiXML [12], a specific
notation based on the standard, to demonstrate how metrics can be operational-
ized within these models.

Table 2. Classes used from the concrete UsiXML model and their representation

Model UsiXML Class Representation
Concrete ListBox Represents an element of a list.
Concrete CheckItem Represents a checkbox element.
Concrete MenuItem Represents an element of a menu.
Concrete ImageComponent Represents the icons of the UI.
Concrete InputText Represents a text input by the user.
Concrete Scroll Represents the different scroll performed by the user.
Concrete Button Represents a component that users click to interact with,

typically to trigger specific actions within the interface.
Concrete Event Represents an expression to evaluate a specific action.
Context Temporalization Represents a timer.
Context Platform Represents a specific device.

UsiXML is an XML-based modeling language used to define a system’s UIs.
It is based on conceptual models that abstractly represent the UI across dif-
ferent abstraction layers. UsiXML is an MDD method that aims to develop
systems only using conceptual models. UIs are automatically generated through
model-to-model transformations and model-to-code transformations. The main
advantage of this language is that the designed UIs are independent of the sys-
tem’s technology [12]. UsiXML provides a wide range of models for describing
UIs, including the abstract model, concrete model, and task domain models. We
focus on the classes specified in the UsiXML concrete and context models, as
both contain the elements used as parameters for the metrics in this example.
The concrete model describes how the different UI components are displayed and
how they interact within a specific system. This model represents a layer of ab-
straction closer to the system’s final implementation. Each class in this concrete
model contains a label named value that identifies individual UI components.
The context model describes which states of the entities may affect the system.
Table 2 summarizes the classes of the concrete model and the context model
used to calculate the user metrics, the primitives used, and the instantiation of
those primitives in real widgets.

3.3 User metrics application to UsiXML

Next, we specify how the metrics defined in Table 1 can be calculated using
UsiXML conceptual primitives. The following list presents each metric along
with a description of how each metric is computed, indicating in parentheses the
UsiXML conceptual primitives involved in its estimation.
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– Mouse click (Mc). The Uclicks parameter is computed as the sum of each
click of the user in any primitive (ListBox, CheckBox, MenuItem, Image-
Component).

– Mouse scrolling (Msc). The Scruser parameter is computed with a scroll
instance that evaluates the user’s scroll action, and an event instance pro-
cesses it. Then the system estimates the difference between these parameter
and the Scres parameter (Scroll, Event).

– Search Number (Sn). It is computed by the sum of the clicks performed
by the user in the primitive marked as glass search icon (ImageComponent).

– Accuracy (A). The Ucuser parameter is computed by an Event instance,
which evaluates whether each user click corresponds to a specific action or
constitutes a misclick. (CheckItem, Event).

– Total time (Tt). The Timeuser parameter is computed by a Temporaliza-
tion instance, which tracks time by starting a counter when the user begins
interacting and stopping it when the user ends the task (Temporalization).

– Time per page (Tp). The parameter Timetotal is computed by an Event
instance, which starts a counter when the user accesses a system option and
stops it when the user accesses another option (Temporalization, Event).

– Sensible pauses (Sp). It is computed by a Temporalization instance, which
initiates a counter at the user’s last click and stops it upon the next click.
An Event instance then determines whether the elapsed time exceeds five
seconds (Temporalization, Event).

– Complete ratio (Com). It is computed by an Event instance, which checks
whether the items pressed by the user are required to complete the task and
estimates the average of correct actions (CheckItem, Event).

– Query complexity (Qc). It is computed by an Event instance, which
evaluates the text entered by the user in the InputText instance of the GUI
(InputText, Event).

– Click options (Co). The Cuo parameter is computed by an Event instance,
which evaluates each user click and counts those that occur on elements
marked as options (CheckItem, ImageComponent, Button, Event).

– Special actions (Spa). It is computed as an Event instance, which evalu-
ates user clicks on ImageComponent and MenuItem widgets and calculates
the average number of special actions performed by the user (Event, Image-
Component, MenuItem).

– Revisited ratio (R). The Dov parameter is computed with an Event in-
stance, which evaluates whether the user’s clicks occur on a previously de-
fined option by evaluating the CheckItem and ImageComponent elements
(CheckItem, ImageComponent, Event).

– Options per query (Opq). The ov parameter is computed by an Event
instance, which obtains the number of clicks in each option, and another
event that calculates the total number of users’ clicks (the value of the Sn
metric) (ImageComponent, Event).

– Time Max Per Page (TMpag). It is computed by a Temporalization in-
stance, which measures the time the user spends on each page (like Tp user
metric), and a separate instance that determines which time value is the
highest (Event, Temporalization).
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4 Practical case study

This section illustrates a practical application of the proposed metrics to UsiXML.
In this case study, we demonstrate how interaction events represented at the
model level can be used to compute metrics and drive UI adaptations.

4.1 Scenario and baseline GUI

We consider a stock-management interface of a home automation system. The
user’s task is to select all vegetable products and generate a shopping list. The
goal is intentionally simple so that adaptations can be explained in terms of
model-level primitives rather than domain logic. The interaction trace produced
while completing the task is used to compute a set of metrics that support the
inference of user characteristics (UCs) and the application of adaptation rules.

Fig. 1. Representation of the first UI example.

Figure 1 depicts the baseline GUI, represented textually as a UsiXML con-
crete UI model. The interface is organized into three functional sections:

– Section 1 — Search and advanced actions. This section contains icons
for advanced search-related actions. These icons are instances of the Image-
Component class of the concrete model of UsiXML and have internal values
that identify whether the user uses them or not (search_icon, order, filter,
and advanced_search). Additionally, this section displays the search bar;
which is an instance of InputText class with the value search_bar.

– Section 2 - Product selection controls. This section contains the op-
tions that the user can use to mark the product as a favourite; this element
belongs to the ImageComponent class with the value wish. The checkbox
that the user can click to add products to the cart belongs to the Image-
Component class and has the value add_to_cart.
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– Section 3 - Task completion control. This section contains the button
that allows the user to generate a shopping list with the selected products.
This element belongs to the Button class with the value generate_list.

This baseline GUI is used as the reference point for the adaptations triggered
by the metrics described below.

4.2 Computing user metrics from UsiXML primitives

Next, we describe how each user metric is estimated based on user interactions
represented using the UsiXML language, and we define how the GUI primitives
are customized according to the value of each metric, indicating which met-
rics affect each adaptation. For this purpose, we follow the usability guidelines
presented in [9, 7].

Fig. 2. Representation of the customized GUI example.

Figure 2 presents an example of a customized GUI for a user who has high
knowledge and skills, and a transactional goal. The adaptation illustrates the
kind of changes enabled by metric-driven adaptation at the model level. In this
variant, the GUI provides additional information through icons, such as the type
of product or filter options. Next, we describe how the values calculated with
the metrics lead to such adaptations.

The Skills characteristic is computed using the following metrics: mouse
clicks (Mc), mouse scrolling (Msc), special actions (Spa), and completion ratio
(Com). In the following, we describe the calculation of each metric and its impact
on the user interface.

The Mc metric is calculated as the difference between the estimated number
of clicks (5) and the actual number of clicks performed by the user (5), result-
ing in a value of 0. The Msc metric is obtained as the difference between the
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user’s vertical scrolling distance (120) and the expected scrolling distance (100),
yielding a value of 20. The Spa metric represents the average number of special
actions performed per task. In this case, since only one task was defined and
the user executed three special actions (product search, exclusion of unneces-
sary items, and filtering), the value of this metric is 3. Finally, the Com metric
corresponds to the percentage of the task that was correctly completed by the
user. As the user selected all three required products, the completion ratio is
100%.

Once all metrics have been computed, the overall value of the Skills char-
acteristic is obtained as the average of these metrics. In this case, the resulting
value is classified as high. According to usability guidelines [9, 7], a user with high
skills should have flexibility in accessing the functionality. So, in Section 1, the
GUI includes new options to complete the list such as the label indicating the
amount of product and an input field to allow the user to specify the quantity
of product purchased. In Section 2, the high value of the Skills characteristic
triggers the inclusion of icons in the GUI that enable advanced search, filter-
ing, ordering, and product exclusion operations. This adaptation aims to reduce
scrolling activity and overall task completion time by providing direct access to
task finalization once all required actions have been successfully completed.

The Goals characteristic is computed using the following metrics: search
number (Sn), total time (Tt), revisited ratio (R), options per query (Opq), and
maximum time per page (TMpag). In the following, we describe the computation
of each metric and its impact on the user interface.

The Sn metric is defined as the total number of searches performed by the
user. In this case, the user carried out 3 searches, corresponding to the queries
submitted via the magnifying glass icon. The Tt metric represents the total
time required to complete the task. The observed task completion time was 50
seconds, compared to an expected time of 55 seconds. The R metric is calculated
as the number of options revisited during the interaction. In this scenario, its
value is 0, as the user did not reselect any previously chosen option. The Opq
metric is computed as the ratio between the number of visited options (3) and
the total number of queries issued by the user (3), resulting in a value of 1 option
per query. Finally, the TMpag metric corresponds to the maximum amount of
time the user spent on a single page, which in this case was 9 seconds.

Once all metrics have been computed, the overall value of the Goals char-
acteristic is obtained as the average of these metrics. In this case, the resulting
value is classified as transactional. According to [9, 7], users seeking comprehen-
sive information are more likely to access it directly than to navigate through the
system’s various options. So, the transactional value of Goals leads to specific
adaptations in the GUI: In Section 1, an information icon is added to display
product quantity details, along with an alert indicating products with low avail-
ability. In Section 2, these metric values motivate a GUI adaptation in which
only the magnifying glass icon is displayed by default, while the search bar is
revealed dynamically when the user interacts with it.



Title Suppressed Due to Excessive Length 13

The Knowledge characteristic is computed using the following metrics: ac-
curacy (A), sensible pauses (Sp), query complexity (Qc), and click options (Co).
The following paragraphs describe the computation of each metric and its impact
on the user interface.

The A metric is defined as the percentage of actions correctly performed by
the user. In this case, the accuracy reached 90%, considering the total number
of interactions required to successfully complete the task. The Sp metric corre-
sponds to the number of significant pauses detected during the user interaction.
In this scenario, its value is 0, as no prolonged interruptions were observed
throughout task execution. The Qc metric reflects the level of complexity of the
queries issued by the user. In this case, the complexity is classified as high due
to the combined use of search, filtering, and product ordering actions. The Co
metric is calculated as the total number of options selected via mouse clicks.
Here, the user selected three options, corresponding to the required actions to
complete the task.

Once all metrics have been computed, the overall value of the Knowledge
characteristic is obtained as the average of these metrics. In this case, the result-
ing value is classified as expert. According to [9, 7], this means the user knows
how to do anything without any help. In Section 1, the GUI uses icons to rep-
resent product types, enabling faster visual recognition and reducing the need
for additional user interaction. In Section 2, the textual search field is removed,
as the user demonstrates sufficient expertise to efficiently utilize the remaining
system functionalities.

5 Preliminary validation

Next, we show a preliminary validation of this work. For that, we interviewed 3
MDD experts to determine if the proposed metrics can be used in three differ-
ent MDD methods: UsiXML [12], WebRatio [4] (a method for generating web
and mobile applications and Integranova [11](a method for generating web and
desktop applications). The experts had the following backgrounds: 2 years of ex-
perience with UsiXML, 20 years with Integranova, and 10 years with WebRatio,
respectively. All of them are researchers in MDD and HCI.

A semi-structured interview approach was adopted as the primary data col-
lection instrument. During these interviews, each user metric parameter was
presented and discussed individually. Experts were asked to assess whether the
information required by each metric could be derived from existing MDD lan-
guages, as well as to identify which specific language elements could support its
implementation. When experts determined that a metric parameter could not
be estimated using the available modeling constructs, the corresponding metric
was considered as not supported.

The results showed in Table 3 indicate that most of the proposed metrics can
be operationalized in the three analyzed MDD methods. However, metrics that
rely on time-dependent parameters cannot be supported in Integranova. This
is due to the absence of explicit temporal modeling primitives in Integranova,
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which prevents the representation and computation of time-related information,
in contrast to methods such as UsiXML and WebRatio that provide dedicated
constructs for this purpose.

Table 3. Compliance of user metrics in MDD methods

User Metric UsiXML Integranova WebRatio
Mouse click (MC) Supported Supported Supported
Mouse scrolling (Scruser) Supported Supported Supported
Search number (Sn) Supported Supported Supported
Accuracy (A) Supported Supported Supported
Total time (Tt) Supported Not Supported Supported
Time per page (Tp) Supported Not Supported Supported
Sensible pauses (Sp) Supported Not Supported Supported
Complete ratio (Com) Supported Supported Supported
Query complexity (Qc) Supported Supported Supported
Click options (Co) Supported Supported Supported
Special actions (Spa) Supported Supported Supported
Revisited ratio (R) Supported Supported Supported
Options per query (Opq) Supported Supported Supported
Time max per page (TMpag) Supported Not Supported Supported

6 Conclusion and future works

We propose an abstraction of user metrics for integration into MDD methods
and instantiate it in UsiXML. A preliminary expert assessment across UsiXML,
Integranova, and WebRatio suggests that most metrics are broadly applicable,
although Integranova exhibits the most limitations. This work is limited to met-
rics targeting skills, knowledge, and goals, and excludes metrics that require
explicit user input (e.g., age). In addition, despite their intended system inde-
pendence, deploying the metrics in concrete applications may still require extra
mappings to platform-specific interaction mechanisms.

Despite these limitations, the approach offers clear benefits. First, abstract-
ing user metrics from platform- and system-specific details supports reuse across
multiple MDD languages and software environments. Second, the metrics are
specified with sufficient precision while remaining suitably abstract, facilitat-
ing integration into diverse development methodologies. Third, the approach is
applicable across different user contexts and application domains.

As future work, we plan to extend the metric set to cover additional user
characteristics. We will also involve user-centered design experts to assess the
usability and effectiveness of the proposed abstraction and adaptation process.
Furthermore, we plan to abstract the remaining user characteristics and au-
tomate the measurement process by leveraging models as executable artefacts,
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analysing whether existing models are sufficiently expressive or require additional
annotations to support metric extraction. Finally, we intend to validate the ap-
proach with end users through empirical studies, including usability testing, to
evaluate its understandability and practical applicability.
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