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ABSTRACT: This study aims to validate the Object-Oriented User Interface Customization (OOUIC) framework
by employing Use Case Analysis (UCA) to facilitate the development of adaptive User Interfaces (Uls). The OOUIC
framework advocates for User-Centered Design (UCD) methodologies, including UCA, to systematically identify
intricate user requirements and construct adaptive Uls tailored to diverse user needs. To operationalize this approach,
thirty users of Product Lifecycle Management (PLM) systems were interviewed across six distinct use cases. Interview
transcripts were subjected to deductive content analysis to classify UI objects systematically. Subsequently, adaptive Uls
were developed for each use case, and their complexity was quantitatively compared against the original system Uls.
The results demonstrated a significant reduction in complexity across all adaptive Uls (Mean Difference, MD = 0.11, t(5)
= 8.26, p < 0.001), confirming their superior efficiency. The findings validate the OOUIC framework, demonstrating
that UCD effectively captures complex requirements for adaptive UI development, while adaptive UIs mitigate interface
complexity through object reduction and optimized layout design. Furthermore, UCA and deductive content analysis
serve as robust methodologies for object categorization in adaptive UI design. Beyond eliminating redundant elements
and prioritizing object grouping, designers can further reduce complexity by adjusting object dimensions and window
sizing. This study underscores the efficacy of UCA in developing adaptive Uls and streamlining complex interfaces.
Ultimately, UCD proves instrumental in gathering intricate requirements, while adaptive Uls enhance usability by
minimizing object clutter and refining spatial organization.

KEYWORDS: User interface customization; interface complexity; user-centered design; deductive content analysis;
complex information system

1 Introduction

Complex Information Systems (CIS) have been widely adopted across various domains, enabling
organizations to efficiently manage extensive and intricate datasets [I-3]. As noted by Susarla et al.
(2023), a CIS integrates multiple applications to support diverse users in handling complex information
within sophisticated operational environments [4]. Despite their robust functionality, CIS platforms present
significant usability challenges. First, the steep learning curve associated with mastering these systems
demands considerable time investment—for instance, training engineers to proficiently operate Computer-
Aided Design (CAD) applications can be highly resource-intensive [5]. Given that CIS often encompasses
a suite of interconnected applications (e.g., Product Lifecycle Management (PLM) systems incorporating
Product Data Management (PDM), CAD, Computer-Aided Engineering (CAE), and Computer-Aided
Manufacturing (CAM) modules), acquiring proficiency across these tools further escalates training costs
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and cognitive load [6]. Second, the inherent complexity of CIS user interfaces (Uls)—often cluttered with
excessive interactive objects—leads to critical usability issues, including operational inefficiencies, decision-
making errors, and prolonged task completion times [7,8]. Streamlining these Uls has been shown to enhance
user comprehension and task performance, thereby mitigating these challenges [9,10].

Interface customization has emerged as an effective approach to mitigate complexity in modern
user interfaces [11]. Within this paradigm, adaptive user interface development represents a systematic
customization methodology that optimizes Ul elements to enhance task completion efficiency [12]. However,
the heterogeneous user populations characteristic of CIS present significant challenges in requirements
elicitation for adaptive UI development [13,14]. User-Centered Design (UCD) methodologies address these
challenges through a structured process of user identification, requirements gathering, and subsequent
UI adaptation [15-17]. Notably, Use Case Analysis (UCA), as a core UCD technique, enables systematic
goal decomposition and requirements categorization through role-specific scenario analysis [18-20]. This
approach effectively reduces requirements complexity by employing a focused, role-centric methodology
that isolates and addresses individual user needs in discrete analytical phases.

Zhang et al. (2020) introduced the Object-Oriented User Interface Customization (OOUIC) framework,
which advocates for employing UCD principles to develop adaptive user interfaces and mitigate UI complex-
ity [10]. To empirically validate the OOUIC framework’s effectiveness, the present study implements UCA
to engineer adaptive Uls for two distinct PLM systems, subsequently conducting a comparative analysis of
interface complexity metrics between the adapted and original UI implementations.

Prior research has established alignment, grouping, size, density, and balance as five fundamental
metrics for quantitative assessment of interface complexity [21,22]. These metrics have demonstrated robust
applicability across diverse interface paradigms, including web-based platforms and graphical user interfaces
(GUIs). To empirically validate the efficacy of UCA in developing simplified adaptive Uls, the present study
employs these five complexity metrics for comparative evaluation between the original and adapted interface
implementations. The central research question guiding this investigation is:

Can the adaptive Uls developed by UCA have less interface complexity than the original Uls of PLM
systems?

This study begins with a comprehensive literature review examining current research in adaptive user
interfaces and UCD methodologies. Subsequently, we present our methodological framework for adaptive
UI development and interface complexity quantification. Following the methodological exposition, we
report comparative findings between the adapted and original interface implementations. Finally, based on
empirical evidence derived from our experimental results, we propose evidence-based design guidelines for
optimizing adaptive UI development.

2 Literature Review

2.1 Adaptive UI

Interface customization represents a sophisticated approach to user interface personalization, modify-
ing both layout and interaction modalities to accommodate individual user requirements while permitting
direct user modifications [23-25]. This paradigm encompasses two distinct implementation strategies:
adaptable interfaces, which enable explicit user-driven customization to address specific needs [26-28], and
adaptive interfaces that automatically adjust to user characteristics. In Complex Information System (CIS)
environments with numerous users, designer-implemented per-user customization becomes impractical,
making adaptable interfaces theoretically advantageous by distributing customization tasks to end-users.
However, empirical studies reveal significant user reluctance toward adaptable solutions due to the cognitive
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overhead associated with manual customization, particularly in complex interface environments [29]. Con-
versely, research indicates substantially higher user acceptance rates for pre-tailored adaptive interfaces [30],
establishing them as the preferred approach for CIS implementations [24].

Adaptive user interfaces are generated through either designer intervention or artificial intelligence
algorithms, which analyze user behavior patterns and preferences to automatically tailor interface con-
figurations for specific user roles and tasks [31]. From a user experience perspective, this adaptation
process occurs implicitly—users simply provide initial requirements to designers or generate behavioral
data for Artificial Intelligence (AI) systems, while the system handles the actual customization. This passive
involvement significantly reduces user effort compared to manual customization, resulting in substantially
higher adoption rates and user satisfaction [32].

Adaptive user interfaces have demonstrated significant versatility across multiple domains, including
dynamic data visualization, cross-platform device compatibility, and culturally sensitive interface personal-
ization [33]. Seminal work by Gajos et al. (2010) introduced an automated adaptive UI framework capable of
dynamically adjusting to diverse devices, task requirements, user preferences, and accessibility needs, while
facilitating seamless integration across multiple systems [34]. Their system employed intelligent algorithms to
optimize interface configurations and assist designers in the customization process, significantly enhancing
development efficiency—an approach now widely adopted in contemporary applications. Further advancing
this paradigm, Akiki et al. (2014) identified three key enhancement strategies: (1) incorporating end-user
customization capabilities, (2) preserving designer-specified interface constraints, and (3) developing spe-
cialized tooling to support user-driven adaptations [35]. Collectively, these studies establish adaptive Uls as
robust solutions for ensuring operational efficiency, enhanced usability, and broad applicability across diverse
use cases. Nevertheless, substantial implementation challenges persist in real-world deployments [36].

CIS serve diverse user roles with heterogeneous requirements [1,5], presenting significant design
challenges in both requirements elicitation and adaptive interface development [2,4]. While AI leverages
machine learning to rapidly predict user preferences at scale, its effectiveness remains constrained by
algorithmic accuracy limitations [36]. Traditional requirements gathering and analysis processes remain
resource-intensive, necessitating systematic methodologies to improve efficiency. UCD offers a structured
framework for role-based user segmentation and targeted adaptive UI development [37], significantly
streamlining the customization process for multi-user environments [38]. This approach enables designers
to efficiently address the variability in user needs while maintaining development scalability.

2.2 User-Centered Design

User-Centered Design (UCD) constitutes a human-centric design philosophy that prioritizes end-user
needs throughout the development lifecycle, emphasizing both functional utility and usability optimiza-
tion [15,37,39]. This methodology mandates three core practitioner responsibilities: (1) systematic user
identification, (2) active user engagement in design processes, and (3) user-driven solution development.
UCD offers robust analytical tools—including affinity diagramming, persona development, and scenario
mapping—to facilitate rigorous user segmentation based on role-specific behavioral patterns and objec-
tives [40]. For requirements elicitation, UCD incorporates qualitative techniques such as focus groups,
contextual inquiry, and Use Case Analysis (UCA), enabling comprehensive data collection from targeted
user samples [41]. The framework further provides evidence-based design heuristics to translate user
requirements into optimized interface solutions [42], complemented by iterative usability testing protocols
that identify and remediate interaction deficiencies throughout the development cycle [43].

Empirical research has demonstrated the efficacy of UCD methodologies in both developing adaptive
interfaces and conducting comprehensive usability evaluations. Johnson et al. (2005) established a systematic
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ten-phase framework for UT redesign, specifically addressing interfaces developed without UCD consid-
erations [44]. Their findings empirically validated that UCD-guided redesigns significantly enhance four
critical dimensions of user experience: satisfaction, perceived usefulness, information quality, and interface
quality. These UCD principles maintain relevance throughout the entire Complex Information System
(CIS) development lifecycle as quality assurance mechanisms. Van Velsen et al. (2008) further substantiated
UCD?’s pivotal role in evaluating and refining adaptive interfaces [45], proposing a multimodal assessment
framework incorporating: (1) questionnaire-based usability metrics, (2) interview-derived user intentions,
(3) behavioral analytics from system logs, (4) focus group-generated behavioral rationales, (5) cognitive
feedback via think-aloud protocols, and (6) expert-led accessibility audits.

Use Case Analysis (UCA) serves as an effective methodology for requirements elicitation in complex
environments by systematically categorizing users based on their roles and objectives, thereby enhancing
efficiency in both requirements gathering and adaptive UI design. A use case comprises a structured set
of scenarios that delineate interactions between an actor (either a user or an external system) and the
target system to accomplish a defined goal. The Object-Oriented User Interface Customization (OOUIC)
framework advocates for the application of UCD principles to facilitate adaptive user interface devel-
opment and complexity reduction. This study empirically validates the OOUIC framework through a
systematic implementation of UCA to engineer adaptive Uls for six distinct use cases across two Product
Lifecycle Management (PLM) systems. A comparative evaluation was conducted to quantitatively assess
interface complexity metrics between the newly developed adaptive Uls and the systems’ original interface
implementations.

2.3 Object-Oriented User Interface Customization Framework

Zhang et al. (2020) introduced the Object-Oriented User Interface Customization (OOUIC) framework
as a comprehensive methodology for implementing systematic customization in Complex Information
Systems (CIS) [10]. The framework advocates for employing User-Centered Design (UCD) principles to both
identify intricate user requirements and subsequently transform these requirements into optimized adaptive
user interfaces. As depicted in Fig. 1, the OOUIC framework comprises four distinct architectural layers that
collectively facilitate this customization process.

The OOUIC framework’s architecture comprises four interconnected layers. The foundational User-
Centered Design (UCD) layer employs established UCD methodologies to systematically gather and analyze
user requirements. These outputs feed into the Designer Manual Customization (DMC) layer, where
interface specifications are transformed into simplified adaptive Uls through structured design processes.
The subsequent User Manual Customization (UMC) layer enables end-users to further personalize these pre-
adapted interfaces, with all modifications and customization patterns being systematically recorded. These
data streams inform the Automatic Customization (AC) layer, where machine learning algorithms analyze
historical patterns to: (1) generate intelligent customization recommendations, (2) automate UI adaptations
for new software deployments, and (3) optimize the framework through continuous learning. This creates
a closed-loop system where AC layer outputs are recursively evaluated in the DMC layer, while simulta-
neously enhancing UMC layer personalization through predictive suggestions. The iterative architecture
ensures dynamic adaptation to evolving user needs, task requirements, and software environments through
continuous data exchange between all layers.

The Automatic Customization (AC) layer of the Object-Oriented User Interface Customization
(OOUIC) framework holds significant potential for intelligent UI adaptation by leveraging machine learning
to analyze historical user interaction patterns and generate predictive customization recommendations.
While the current study focuses on the User-Centered Design (UCD) and Designer Manual Customization
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(DMC) layers, future work on the AC layer will explore implementing algorithms such as reinforcement
learning for real-time UI adjustments based on user behavior and deep learning models (e.g., recurrent
neural networks) to predict optimal interface configurations for specific user roles. Preliminary steps have
included collecting user interaction logs from the evaluated PLM systems to establish a dataset for training
such models, with plans to integrate these into a closed-loop system that refines UI adaptations dynamically
based on continuous user feedback.

ﬁ@O
S
[ ]
Use case Task Function
diagram diagram model

Adaptive Ul

Adaptive Ul

=l
-
=

Figure 1: Object-oriented user interface customization framework

3 Methods
3.1 Participants

This study was conducted in full compliance with the American Psychological Association’s Ethical
Principles and received formal approval from the Institutional Review Board (IRB) (ID: 1602017215) at
Purdue university. Data collection involved thirty semi-structured interviews with professionals from two
U.S.-based industrial organizations (coded as Company A and Company B to maintain confidentiality).
Each organization nominated fifteen qualified participants who were provided with detailed recruitment
materials, including information sheets outlining study objectives and participant rights. All participants
provided voluntary informed consent, with explicit assurance that their employment status would remain
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unaffected by participation decisions. As demonstrated in Table 1, participants possessed substantial work
experience (M = 8.2 years, SD = 3.1) and PLM system proficiency (M = 5.4 years, SD = 2.3), ensuring they
possessed the necessary domain expertise to comprehensively describe relevant use cases. The participant
group (n = 30) consisted of design engineers from two U.S.-based industrial organizations, with an age range
of 28-52 years (M = 35.6, SD = 6.2), comprising 70% male (n = 21) and 30% female (n = 9) participants.

Table 1: Participants’ work experience and years of using PLM systems

Items Company A (n=15) Company B (n =15)
Job role Design engineer Design engineer
Years in industry 13.6 (SD = 5.68) 12.2 (SD = 8.58)
Years in company 11.6 (SD = 6.45) 9.0 (SD =10.17)
Years using PLM systems 12.6 (SD =5.50) 8.0 (SD = 2.35)

3.2 Use Cases

Prior to data collection, the research team conducted preliminary site visits at both organizations to
gather system specifications and operational context regarding their PLM implementations. The participant
pool consisted exclusively of design engineers demonstrating daily system engagement, from which three
high-frequency workflows were identified as representative use cases: (1) Advanced Search—involving tar-
geted retrieval of specific component records from the product database; (2) Part Creation—encompassing
the generation of new digital component specifications; and (3) Workflow Assignment—pertaining to the
distribution of development tasks across team members. These core functionalities were selected based on
their frequency of use and critical role in the engineers” daily operations.

Structured interviews were conducted to elicit detailed insights regarding the three target use cases.
The interview protocol comprised three distinct sections: (1) a demographic assessment consisting of seven
questions probing participants’ professional experience and PLM system proficiency; (2) a role-specific
inquiry featuring seven questions examining their system responsibilities and task workflows; and (3) a
scenario-based evaluation presenting visual stimuli (system screenshots) to guide participants through step-
by-step descriptions of each use case execution. To facilitate accurate object identification while maintaining
confidentiality, all interface elements were anonymized using rectangular masking and alphanumeric coding,
with Systems A and B representing the respective proprietary PLM implementations (see Figs. 2 and 3 for
coded representations). This standardized approach ensured cross-system comparability while protecting
sensitive organizational information.

Fig. 2a displays 13 objects, including 3 essential elements (e.g., search input field, submit button, result
display, coded as 1-3), 1 configurable-default element (e.g., filter toggle, coded as 12), and 9 non-functional
elements (e.g., redundant buttons, decorative icons, coded as 4-11, 13); Fig. 2b contains 12 objects, with
3 essential elements (e.g., part specification input, save button, template selector, coded as 2, 3, 7), 3
configurable-default elements (e.g., default parameter fields, coded as 4, 5,10), and 6 non-functional elements
(e.g., unused dropdowns, coded as 1, 6, 8, 9, 11, 12). Fig. 2c comprises 24 objects, including 6 essential
elements (e.g., task assignment input, team member selector, confirm button, coded as 2, 10, 13, 17, 18, 23),
3 configurable-default elements (e.g., preset workflow templates, coded as 1, 3, 8), and 15 non-functional
elements (e.g., redundant navigation links, coded as 4-7, 9, 11, 12, 14-16, 19-22, 24).

Fig. 3a includes 18 objects, with 4 essential elements (e.g., search bar, query submit, result filter, result
table, coded as 1-3, 14), 2 configurable-default elements (e.g., advanced filter options, coded as 16, 17), and 12
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non-functional elements (e.g., decorative graphics, unused toggles, coded as 4-13, 15, 18); Fig. 3b features 17
objects, including 5 essential elements (e.g., part name input, specification fields, save button, coded as 1, 2, 4,
5,12), 6 configurable-default elements (e.g., default settings menus, coded as 9, 13-17), and 6 non-functional
elements (e.g., redundant icons, coded as 3, 6-8, 10, 11); Fig. 3¢ contains 25 objects, with 10 essential elements
(e.g., task input, assignee dropdown, priority selector, coded as 5,10, 12, 14,19-23, 25), 10 configurable-default
elements (e.g., preset task templates, coded as 1-4, 6, 7, 9, 11, 16, 17), and 5 non-functional elements (e.g.,
unused buttons, coded as 8, 13, 15, 18, 24).
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Figure 2: Original “advanced search” UI, “create” UI, and “assign workflow” UI of System A. (a): Original “advanced
search” UI of System A, including 13 objects; (b): Original “create” UI of System A, including 12 objects; (c): Original
“assign workflow” UI of System A, including 24 objects
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(b)

(c)

Figure 3: Original “advanced search” UI, “create” Ul, and “assign workflow” UI of System B. (a): Original “advanced
search” UT of System B, including 18 objects; (b): Original “create” UT of System B, including 17 objects; (c): Original
“assign workflow” UI of System B, including 25 objects

3.3 Procedure

Interview sessions were conducted in designated conference rooms at each participating organization to
ensure environmental control and participant privacy. Following established research protocols, each session
involved one participant and the research team in a controlled, distraction-free setting. Researchers initiated
the process by reviewing the informed consent documentation, explicitly detailing the study’s objectives
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and methodological procedures. Upon securing verbal consent, the semi-structured interview commenced,
with a strict 60-min time limit maintained across all sessions. Participants provided verbal responses to all
protocol items, with researchers offering standardized prompts and requesting clarifications when necessary
to ensure data completeness. All sessions were audio-recorded using professional equipment solely for
transcription accuracy purposes, with digital files permanently deleted following verbatim transcription in
accordance with IRB-approved data management protocols.

3.4 Deductive Content Analysis

This study employed deductive content analysis to systematically examine interview transcripts,
a methodological approach particularly suited for hypothesis verification through predefined cate-
gorical frameworks. A four-tier classification matrix was developed to categorize UI elements: (1)
Essential—objects explicitly identified by participants as critical for task completion; (2) Configurable
Default—objects requiring initial parameterization but maintaining static values during routine operations;
(3) Non-functional—objects demonstrating no measurable utility across participant workflows; and (4)
Ambiguous—objects not referenced during interviews. Two independent coders conducted the analysis
using NVivo Pro 11 qualitative analysis software, with inter-rater reliability rigorously assessed through
Cohen’s kappa coefficient to ensure coding consistency.

The coded data informed the development of structured use case diagrams and comprehensive
descriptions, which systematically classified interface elements into three functional categories: essential,
configurable default, and non-functional components. Adaptive interface prototypes were subsequently
engineered through: (1) elimination of non-functional elements, and (2) strategic reorganization of essential
and default components. These elements were partitioned into distinct visual zones, with essential objects
prioritized in high-visibility regions (e.g., top/left visual fields) to optimize accessibility, while default
elements were allocated to secondary areas (bottom/right fields). A comparative analysis of complexity
metrics between the adaptive prototypes and original interfaces was conducted to quantitatively evaluate the
research hypothesis.

3.5 Measures

Alemerien and Magel (2014) established a quantitative framework for assessing interface complexity
during formative design stages, comprising five principal metrics: (1) visual alignment (spatial organization
of elements), (2) functional grouping (logical clustering of related components), (3) element sizing (relative
dimensional proportions), (4) information density (content distribution per unit area), and (5) aesthetic
balance (symmetrical/asymmetrical weight distribution) [21]. These metrics provide a systematic approach
for evaluating UI complexity prior to implementation.

Alignment: The alignment complexity of a user interface is determined by its vertical and horizontal
alignment reference points, which govern the spatial organization of interface elements. A reduction in the
total number of distinct alignment points corresponds to decreased visual complexity, as quantified by the
Alignment-Complexity (AC) metric. The AC is formally expressed as:

_ Z?=1 Vz + Z?=1 Hi
2n

AC

©)

where V; and H; are the number of vertical alignment points and horizontal alignment points of objects i,
respectively. V; is1if the object i’s vertical alignment point is not counted before and 0 if the vertical alignment
point is already counted. H; is calculated in the same way, and 7 is the number of total objects.
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Grouping: Grouping complexity quantifies the perceptual organization of interface elements through
strategic spatial clustering, chromatic differentiation, or containment framing based on functional or
informational relationships. The Grouping-Complexity (GC) metric evaluates the cognitive efficiency of
these visual hierarchies by measuring both the logical coherence of element associations and their gestalt
unification. The GC is formally defined as:

Mgrouped

Nungrouped z:‘:1 j
GC = ekt

)

n n

where #,,4r0uped is the number of ungrouped objects, n; is the number of different object types in group j,
Ngrouped 18 the number of groups, and 7 is the number of total objects.

Size: Size Complexity (SC) quantifies the dimensional heterogeneity of interface elements while
controlling for multi-category inflation. The metric evaluates size variations within each object category
independently, preventing artificial complexity escalation when diverse element types exhibit proportional
sizing differences. This categorical isolation ensures the SC metric accurately reflects perceptually relevant
size discrepancies rather than systemic diversity. The SC is formally expressed as:

Ntypes np
_ 2im X Mk

n

SC (3)
where n; is the number of different sizes of objects in type [, # is 1 if the size is not counted before and 0 if
the size is already counted. 7 is the number of objects in type L, ;. is the number of different object types,
and 7 is the number of total objects.

Density: Density Complexity (DC) quantifies the spatial occupation efficiency of interface elements
by calculating the proportional relationship between the cumulative area of visual components and the
total available display real estate. This metric evaluates information density while accounting for optimal
whitespace distribution and visual crowding effects. The DC is formally defined as:

— Z?:l Si
S

DC (4)

where §; is the size of object 7, § is the total screen size, and # is the number of total objects.

Balance: The Balance Complexity (BC) metric, originally formulated by Alemerien and Magel (2014),
provides a quantitative assessment of visual equilibrium by analyzing the symmetrical distribution of
interface elements across four screen quadrants [21]. This metric evaluates the degree of compositional
harmony through comparative weighting of graphical components in opposing visual fields. The BC is
mathematically expressed as:

St 5 St
6 6

+0.5 %

BC:I—(QSX (5)

where s, is the overall object size of a quadrant which has the smaller object size than s, s is the overall
object size of a quadrant which has the larger object size than s,, the ratio of s, to s, is always between 0 and
1. Since there are four quadrants, they can have six pair ratios. n, is the overall object number of a quadrant
which has the smaller object number than ny, 1, is the overall object number of a quadrant which has the
larger object number than #,, the ratio of n, to n, is always between 0 and 1. They also have six pair ratios.
The object number and object size of each quadrant can be calculated by summing them up. If an object
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appears in more than one quadrant, it belongs to the quadrant which owns its largest size. If two quadrants
have the same size of an object, each quadrant has 0.5 objects.

Overall Complexity: Overall complexity is calculated by taking a weighted average of five measures.
According to Alemerien and Magel (2014) [21], weights of alignment, grouping, size, density, and balance are
Wy =0.21, Wi = 0.22, W = 0.18, Wp = 0.20, Wp = 0.19, respectively. The equation for overall Complexity
(C) is:

Wy x AC+ W x GC+ Ws x SC+ Wp x DC + Wp x BC

C= (6)
Wy + Ws + Wg + Wp + Wp

4 Results
4.1 Kappa Statistic

Two independent coders conducted thematic analysis of the thirty interview transcripts using a
structured coding protocol. The finalized coding framework comprised 544 distinct codes, systematically
classified into four mutually exclusive categories: essential, configurable-default, non-functional, or unad-
dressed elements. As presented in Table 2, inter-rater reliability analysis yielded a Cohen’s kappa coefficient
of k = 0.73 (95% CI [0.68,0.78]). This demonstrates substantial agreement according to conventional inter-
pretation thresholds, where values between 0.61-0.80 represent strong concordance. The robust inter-coder
reliability supports the internal validity and coding consistency of our qualitative analysis.

Table 2: Final Kappa table

Coder 2 .
Items Row marginal
Required Default Useless Not discussed
Required 85 24 1 14 124
Default 6 54 4 3 67
Coderl  Ugeless 1l 10 145 15 181
Not discussed 8 7 6 151 172
Column marginal 110 95 156 183 544

4.2 Use Case Diagrams and Descriptions

The content analysis outcomes informed the systematic development of use case diagrams and com-
prehensive scenario descriptions. As illustrated in Fig. 4, System As “advanced search” functionality was
modeled through structured use case analysis, revealing: (1) the primary actor (design engineer) requires
targeted part retrieval functionality; (2) core interaction involves keyword input through three essential
interface components (Objects 1-3); (3) an optional configuration element (Object 12) typically retains
default parameters; (4) remaining UI components demonstrated no measurable utility; and (5) the workflow
necessitates system-generated part verification feedback. This structured representation captures both the
essential task flow and interface optimization opportunities identified through empirical analysis.

The use case analysis yielded systematic categorization of interface components across all evaluated
workflows. As presented in Table 3, quantitative analysis revealed significant variation in functional ele-
ment distribution: For System A, the advanced search functionality comprised 3 essential components, 1
configurable-default element, and 9 non-functional items, while the creation workflow contained a balanced
3:3:6 ratio of these respective categories. The workflow assignment interface showed greater complexity with
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6 essential, 3 default-configured, and 15 obsolete elements. System B demonstrated different optimization
patterns, with its advanced search featuring 4 core elements, 2 default-configurable items, and 12 redundant
components. The creation interface exhibited 5 fundamental, 6 customizable-default, and 6 unnecessary
elements, whereas the workflow assignment function contained 10 mission-critical, 10 preset-configurable,
and 5 extraneous components.

"Advanced search" Ul

e

Required
Required
o o
Product part
ol "Required
Design
engineer

Default

Figure 4: Use case diagram

Table 3: Results of content analysis, identifying required objects, default object, and useless objects for six Uls

Items Required Default Useless
“Advanced search” ,2,3 12 4,5,6,7 8,910, 11,
System A 13
“Create” 2,3,7 4,5,10 1,6,8,9,11,12
“Assign workflow” 2,10, 13, 17,18, 23 1,38 4,5,6,7, 911,12,
14, 15, 16, 19, 20, 21,
22,24
“Advanced search” 1,2,3,14 16,17 4,5,6,7,8,9,10, 11,
System B 12,13, 15,18
“Create” 1,2,4,5,12 9,13, 14, 15, 16, 3,6,7 8,10, 11
17
“Assign workflow” 5,10, 12, 14, 19, 20, 21, 1,2,3,4,6,7,9, 8,13,15,18, 24
22,23,25 11,16, 17

4.3 Adaptive Uls

Figs. 5 and 6 present the optimized adaptive interface configurations derived for each use case through
the systematic application of the OOUIC framework. These visual representations demonstrate the refined
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UT architectures resulting from: (1) elimination of non-functional elements, (2) strategic reorganization of
essential components, and (3) intelligent placement of configurable-default elements based on usage patterns.

w i’ =

(a) (b)
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Figure 5: Adaptive Uls of “advanced search” UI, “create” Ul, and “assign workflow” UT of System A. (a): Adaptive UI of
System A’s “advanced search” Ul, including three required objects and one default object; (b): Adaptive UI of System As
“create” U, including three required objects and three default objects; (c): Adaptive UI of System A’s “assign workflow”

UL, including six required objects and three default objects



4620 Comput Mater Contin. 2025;85(3)

(a)
................................................
K |
(4] ]
(I 5) ]
2 |
—© |
B 1@
[ @ |
@B 1
[ [16) ]
(b)
(5 ] @ ]
) ] o]
]
[ 1<) i@ ]
) ) [ 6) ]
]
[ [9) ]
® ® @]
Co—1
 ® ]
)
(c)

Figure 6: Adaptive Uls of “advanced search” UI, “create” UI, and “assign workflow” UI of System B. (a): Adaptive Ul
of System B’s “advanced search” UI, including four required objects and two default objects; (b): Adaptive UI of System
B’s “create” UL, including five required objects and six default objects; (c): Adaptive UI of System B’s “assign workflow”

UL, including ten required objects and ten default objects

Fig. 5a reduced from 13 to 4 objects by eliminating 9 non-functional elements (e.g., redundant buttons,
coded as 4-11, 13) and reorganizing 3 essential elements (e.g., search input, submit button, result display,
coded as 1-3) and 1 configurable-default element (e.g., filter toggle, coded as 12) into high-visibility top-left
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zones. Non-functional elements were removed to optimize usability; Fig. 5b reduced from 12 to 6 objects by
eliminating 6 non-functional elements (e.g., unused dropdowns, coded as 1, 6, 8, 9, 11, 12) and reorganizing
3 essential elements (e.g., part specification input, save button, template selector, coded as 2, 3, 7) and
3 configurable-default elements (e.g., default parameter fields, coded as 4, 5, 10) into prioritized top-left
and secondary bottom-right zones; Fig. 5¢ reduced from 24 to 9 objects by eliminating 15 non-functional
elements (e.g., redundant navigation links, coded as 4-7, 9, 11, 12, 14-16, 19-22, 24) and reorganizing 6
essential elements (e.g., task assignment input, team member selector, confirm button, coded as 2,10, 13,17, 18,
23) and 3 configurable-default elements (e.g., preset workflow templates, coded as 1, 3, 8) into high-visibility
top-left zones.

Fig. 6areduced from 18 to 6 objects by eliminating 12 non-functional elements (e.g., decorative graphics,
unused toggles, coded as 4-13, 15, 18) and reorganizing 4 essential elements (e.g., search bar, query submit,
result filter, result table, coded as 1-3, 14) and 2 configurable-default elements (e.g., advanced filter options,
coded as 16, 17) into high-visibility top-left zones; Fig. 6b reduced from 17 to 11 objects by eliminating 6
non-functional elements (e.g., redundant icons, coded as 3, 6-8, 10, 11) and reorganizing 5 essential elements
(e.g., part name input, specification fields, save button, coded as 1, 2, 4, 5, 12) and 6 configurable-default
elements (e.g., default settings menus, coded as 9, 13-17) into prioritized top-left and secondary bottom-right
zones; Fig. 6¢ reduced from 25 to 20 objects by eliminating 5 non-functional elements (e.g., unused buttons,
coded as 8,13, 15, 18, 24) and reorganizing 10 essential elements (e.g., task input, assignee dropdown, priority
selector, coded as 5, 10, 12, 14, 19-23, 25) and 10 configurable-default elements (e.g., preset task templates,
coded as 1-4, 6, 7, 9, 11, 16, 17) into high-visibility top-left and secondary bottom-right zones.

4.4 Interface Complexity

As quantified in Table 4, the complexity metric analysis revealed significant optimization patterns
across all interface variants. For System A: (1) the adaptive “advanced search” UI demonstrated reduced
Grouping Complexity (GC), Density Complexity (DC), and Balance Complexity (BC), but exhibited elevated
Alignment Complexity (AC) and Size Complexity (SC) relative to the original implementation; (2) the
“create” UI adaptation showed decreased SC and DC with improved BC, while maintaining equivalent AC
and GC values; (3) the “assign workflow” UT optimization yielded lower AC, DC, and BC alongside increased
GC and SC. System B exhibited consistent improvements across all adaptive Uls, with reductions in AC, GC,
DC, and BC metrics, though with marginally higher SC values compared to baseline implementations.

Table 4: Interface complexity table shows values of five complexity metrics and total complexity of each adaptive Ul and
each original Ul

Ul System Use case AC GC SC DC BC C
Original A “Advanced search” 054 054 023 036 057 045
“Create” 058 050 0.67 054 062 058
“Assign workflow” 0.71 0.75 0.88 0.58 0.31 0.65
B “Advanced search” 0.69 0.78 0.89 0.69 055 0.72
“Create” 0.88 0.76 0.82 0.48 0.44 0.68
“Assign workflow”  0.66 0.64 0.76 0.53 0.61 0.64
Adaptive A “Advanced search” 0.63 050  0.50 0.11 0.00  0.35
“Create” 0.58 0.50 0.50 0.05 0.68 0.46
“Assign workflow” 044 089 0.89 049 018  0.58
B “Advanced search” 0.58 050 100 029 039 0.55

(Continued)
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Table 4 (continued)

Ul System Use case AC GC SC DC BC C

“Create” 0.55 0.55 1.00 0.33 0.49 0.57
“Assign workflow” 040 040 095 043 057 0.54

As illustrated in Fig. 7, comparative analysis demonstrated a consistent reduction in aggregate interface
complexity across all adaptive UI implementations relative to their original counterparts. A paired-samples
t-test revealed statistically significant differences between conditions (t(5) = 8.26, p < 0.001, Cohen’s d = 3.37),
with original Uls exhibiting higher mean complexity (M = 0.62, SD = 0.09) compared to optimized adaptive
interfaces (M = 0.51, SD = 0.09), yielding a mean difference of 0.11 (SD = 0.033). Post-hoc power analysis
(a = 0.05, n = 6) confirmed excellent statistical power (1- = 0.99), substantially exceeding conventional
thresholds for minimizing both Type I (false positive) and Type II (false negative) error rates. This robust
effect size (d > 3) and near-ceiling power provide strong empirical validation of the complexity reduction
achieved through the adaptive UI framework.
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Figure 7: Overall complexity of six use cases’ original Uls and adaptive Uls. All adaptive Uls had less complexity than
original Uls

5 Discussion

The statistical analysis yielded a significant reduction in interface complexity for adaptive Uls (MD =
0.11, t(5) = 8.26, p < 0.001), empirically validating that UCA-developed adaptive interfaces achieve lower
complexity than conventional PLM system Uls. This finding substantiates UCD’s efficacy for interface
simplification through systematic requirements transformation. The deductive content analysis methodol-
ogy employed in this study enabled rigorous categorization of qualitative interview data into predefined
functional classifications (essential, configurable-default, non-functional, and unaddressed elements). This
analytical approach offers two key advantages for adaptive UI development: (1) it establishes an objective
framework for prioritizing interface elements based on goal-achievement criticality, and (2) facilitates
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targeted optimization through non-functional element elimination and importance-based organization.
For practical implementation, designers could enhance this framework by incorporating usage-frequency
metrics or other context-aware classification schemata to further refine UI adaptations.

This study identified critical limitations in the alignment complexity metric (Eq. (1)) under specific
interface configurations. For System A’s “advanced search” UI (Fig. 2a), where all elements shared a single
vertical alignment axis while maintaining distinct horizontal positions, the metric calculation produced
counterintuitive results: as the number of objects (n) increased, alignment complexity (AC) approached 0.5,
whereas smaller n values drove AC toward 1. This inverse relationship between object quantity and calculated
complexity violates fundamental UI complexity principles. The metric only yields theoretically consistent
results—where reduced object counts appropriately correlate with lower complexity—in interfaces featuring
both vertical and horizontal element distributions. Consequently, Eq. (1)’s application is constrained to
sufficiently complex layouts with multidimensional (both vertical and horizontal) object arrangements,

limiting its generalizability for purely linear interface configurations.

The density complexity (DC) metric calculation in this study maintained constant window dimensions
across comparative UI versions to isolate the impact of object quantity. While this controlled approach
demonstrated that DC decreases proportionally with object reduction, its practical utility is limited in
dynamic interface environments where viewport dimensions adapt to content. In such responsive layouts,
concurrent scaling of both object counts and window area creates an indeterminate relationship: DC may
increase, decrease, or remain stable depending on their relative scaling factors. Consequently, DC loses
discriminant validity when applied to self-adjusting interfaces where viewport and content maintain pro-
portional relationships. This fundamental constraint suggests the metric is primarily suitable for evaluating
static Ul configurations with fixed display parameters.

To address the limitations of the Alignment Complexity and Density Complexity metrics, we propose
several actionable revisions and future research directions. For Alignment Complexity, which may over-
simplify user preference alignment by assuming uniform weighting, we suggest incorporating user-specific
preference weights to better capture individual variability. For Density Complexity, which struggles with
non-uniform design element distributions, we recommend integrating spatial clustering techniques to refine
the metric’s sensitivity to localized design features. Additionally, alternative metrics like perceptual entropy,
which quantifies visual complexity based on information theory, or cognitive load indices, derived from
user interaction studies, could complement the current framework. These modifications will be empirically
validated in future work, with plans to test their effectiveness across diverse product categories to ensure
robustness and generalizability.

Based on complexity metric analysis, this study proposes three evidence-based design principles for
interface simplification: (1) Size Standardization. Maintain dimensional consistency among functionally
equivalent objects. While adaptive Uls generally exhibited increased size complexity (except System A’s “cre-
ate” UI), this resulted from eliminating redundant same-size elements per Eq. (3). To optimize visual parsing,
designers should first remove non-essential objects, then enforce size uniformity within object categories;
(2) Negative Space Optimization. Actively manage blank areas post-element removal. Excessive whitespace
from object reduction may compromise layout aesthetics when implementing quadrant balancing. Designers
should either: (a) proportionally reduce window dimensions, or (b) strategically resize retained elements
to occupy available space effectively; (3) Central Axis Alignment. Implement center-aligned layouts for
unidirectional (purely vertical/horizontal) object arrangements. As demonstrated in System As “advanced
search” UI (Fig. 5a), this approach can minimize balance complexity to zero when object centroids align with
the viewport midline.



4624 Comput Mater Contin. 2025;85(3)

A limitation of this study is its reliance on semi-structured interviews and deductive content analysis
for requirements elicitation, which, while rigorously executed, lacks direct verification of task performance
improvements through usability testing or observational data. This approach effectively captures user-
reported needs but may not fully reflect actual interaction efficiencies in real-world settings. To address this
gap, future work will incorporate usability testing with task-based performance metrics (e.g., task completion
time, error rates) and observational data collection during live PLM system interactions to validate the
adaptive UIs’ impact on operational efficiency. These studies will involve diverse user groups to ensure robust
evaluation across varied contexts, enhancing the framework’s practical applicability.

While this study validates the Object-Oriented User Interface Customization (OOUIC) framework
within the context of Product Lifecycle Management (PLM) systems for design engineers, its principles are
designed to generalize across diverse systems and user roles. The framework’ reliance on User-Centered
Design (UCD) and Use Case Analysis (UCA) enables its adaptation to other domains, such as healthcare
systems, where adaptive UIs could streamline patient record navigation for clinicians, or educational
platforms, where personalized interfaces could enhance student engagement with learning management
systems. The framework’s modular architecture, particularly the integration of deductive content analysis
and complexity metrics, supports scalability to varied user needs and system requirements. Future work will
empirically test the OOUIC framework in these domains to confirm its generalizability, with preliminary
simulations suggesting applicability to systems with similar complexity profiles.

6 Conclusion

This study empirically validated the efficacy of the Object-Oriented User Interface Customization
(OOUIC) framework through systematic implementation of Use Case Analysis (UCA) to develop and
evaluate adaptive interfaces for two Product Lifecycle Management (PLM) systems. The results demonstrate
that UCD methodologies effectively support complexity reduction in adaptive UT design, with statistically
significant improvements observed across multiple complexity metrics (p < 0.001). Key practical recom-
mendations emerge from these findings: (1) Deductive content analysis serves as a robust method for object
prioritization through structured categorization of user requirements; (2) Beyond non-functional element
removal and importance-based grouping, designers should enforce dimensional uniformity among homo-
geneous objects to minimize size complexity; and (3) Dynamic viewport resizing and proportional element
scaling represent viable strategies for whitespace optimization in simplified layouts. These evidence-based
principles collectively advance the development of cognitively efficient interface adaptations.
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