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Graphic design currently lacks computationally accurate methods for identifying and optimizing user
visual preferences, hindering personalized and precise design outcomes. This paper presents a
computational method integrating multidimensional feature encoding and Apriori rule mining to extract
interpretable visual preference patterns from user feedback, enabling targeted design optimization. A
multidimensional feature matrix encompassing color, layout, font, and graphic structure is constructed
and encoded into a standardized preference dataset derived from 1280 user-selected design samples. The
Apriori algorithm extracts high-confidence association rules linking visual element attributes to user
preference outcomes, filtering representative combinations with minimum support 0.05 and confidence
0.6. Rule sets are vectorized to represent structured user group preferences, and a preference pattern map
is generated via K-means clustering with five clusters, achieving an average silhouette coefficient of 0.63.
High-confidence rules are embedded as constraints in an automated design generation module,
reconstructing visual solutions aligned with user preferences, validated at 89.2% extraction accuracy
under support threshold 0.09. Experimental validation confirms 89.2% preference extraction accuracy at
support threshold 0.09 and silhouette coefficient 0.63 for five clusters, demonstrating effectiveness and
adaptability in preference modeling and optimization.

Povzetek: Razvita je metoda za modeliranje vizualnih preferenc v graficnem oblikovanju z
vecdimenzionalnim kodiranjem znacilk in rudarjenjem asociacijskih pravil Apriori. Pravila se uporabijo
za grucenje uporabnikov in optimizacijo oblikovalskih resitev, kar omogoca razloZljivo in podatkovno

podprto prilagajanje oblikovanja.

1 Introduction

Existing research on rule extraction suffers from
insufficient modeling capabilities and a lack of structured
expression, making it difficult to systematically extract
stable and interpretable visual preference rules from user
feedback. This study aims to verify the effectiveness of
association rule mining methods in modeling visual
preferences in graphic design and proposes three core
hypotheses. First, a multidimensional feature encoding
system constructed based on user behavior feedback can
effectively improve the Apriori algorithm's ability to
extract high-confidence visual preference rules. Second,
vectorizing and clustering high-confidence rules can
generate a semantically interpretable map of user
preference patterns. Third, embedding such rules into an
automated design generation module can more stably
output visual solutions that meet user preferences across
cross-task scenarios compared to traditional feature
dimensionality reduction or ensemble learning methods.
The proposed method constructs a multidimensional
visual feature matrix and combines it with user behavioral

feedback to generate standardized preference labels. Then,
the Apriori algorithm is used to mine high-confidence
association rules, which are then vectorized and clustered
to form a user preference pattern map. Finally, these rules
are embedded in an automatic design element combination
module for targeted reconstruction. This entire process,
from data representation and rule mining to structure
identification and result reconstruction, systematically
addresses the shortcomings of existing research in
modeling capabilities and structural representation,
ensuring that the extracted preference rules are stable and
interpretable, directly serving the design optimization
goal. Faced with diverse user aesthetic preferences and
complex media environments, traditional graphic design
methods often rely on designers' subjective experience and
lack systematic integration and quantitative analysis of
user visual preference data [1], [2]. This approach
struggles to provide targeted visual expression when faced
with large-scale design demands or diverse user groups,
resulting in a disconnect between design output and user
perception [3], [4]. Existing research on summarizing
design experience in graphic design visual elements has a
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relatively mature cognitive system, but mapping user
preference behavior data into computable visual patterns
is still in the exploratory stage [5], [6]. At the same time,
the increasingly diverse forms of user feedback on graphic
design, such as ratings, click behavior, and browsing time,
make extracting structural and pattern-based preference
information from them a key challenge in current research
[71, [8]. The lack of an effective feature encoding system
limits the construction of a structural mapping relationship
between user preferences and design elements, while the
sparsity and interpretability of association rules further
exacerbate the uncertainty in the process of visual
preference pattern recognition [9], [10]. Therefore,
establishing a computable feature model of design
samples and systematically extracting stable preference
patterns from user feedback to provide a basis for
optimizing and recommending design elements has
become a core issue in the current intelligent
transformation of graphic design [11], [12]. The core
contribution of this research lies in the construction of a
complete technical chain from visual feature encoding to
preference rule mining and design optimization. By
structurally linking user behavioral feedback with
multidimensional ~ visual element  attributes, a
computational modeling of user visual preferences is
achieved. This proposed method breaks through the
limitations of traditional design, which relies on subjective
experience and provides a data-driven personalized
optimization framework for the graphic design field. This
framework not only improves the accuracy of preference
identification but also ensures the semantic interpretability
of the extracted rules, thus supporting subsequent design
generation and recommendation tasks. To address these
issues, this paper introduces a rule-mining-driven visual
element recognition and optimization method, focusing on
the inadequate modeling and lack of structured expression
in existing research on visual preference rule extraction.
First, a visual element feature matrix encompassing
multiple dimensions, including color type, layout form,
font style, and graphic structure, is constructed and
combined with user feedback to construct a standardized
design preference dataset, ensuring data comparability in
terms of dimensional consistency and category distinction.
Furthermore, the Apriori association rule algorithm is
used to mine patterns in the relationship between visual
element attributes and user preference results, identifying
effective rule sets with high support and confidence. The
preference information is then transformed into structured
input variables through rule vectorization. Subsequently,
the KM clustering algorithm is used to group the rule
vectors and generate preference pattern maps for different
user groups, capturing the distribution patterns of group
preference characteristics. Finally, the high-confidence
rule set is embedded as a design logic constraint in the
element automatic combination module, enabling
personalized reconstruction and optimization of design
results. This method integrates the entire process from
design data characterization, preference information
mining, and pattern structure recognition to visual result
reconstruction, providing data support and a logical
framework for the construction of intelligent design
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assistance systems. It has practical value and research
significance in improving visual expression accuracy, user
matching, and design solution optimization capabilities.

2 Related works

Existing research focuses on the mapping mechanism
between visual elements and user behavior. However, in
the context of graphic design, structuring the modeling of
visual element attributes and user preferences remains a
research difficulty. Pan et al. [13] proposed a personalized
emotion recognition framework based on convolutional
neural networks. By analyzing user facial expressions and
visual elements of design works, they can accurately
identify and classify emotional expressions in graphic
design, thereby assisting designers to more effectively
convey and stimulate the audience's emotional resonance.
This focus on the user's emotional state provides technical
support for understanding how design works to trigger
visual feedback. Kong et al. [14] combined design
principles with a data-driven ranking model to build an
automated suggestion system for graphic design aesthetic
optimization. They wused learned human aesthetic
preferences to evaluate and optimize the generated
candidate solutions, thereby improving the efficiency and
quality of the design process. This method emphasized the
feasibility of iterative improvement based on existing
designs. Gbadegbe et al. [15], based on the expectancy
value theory and Bronfenbrenner ecosystem theory, used
a quantitative research method to analyze the factors
affecting the graphic design preferences of 340 visual arts
students in Ghana, revealing how personal motivation,
design ecosystem, and multiple attributes jointly drive
students to choose graphic design. This study, drawing
from an educational context, expands understanding of the
mechanisms underlying design preference formation.
However, none of these studies delve into the complexity
and uncertainty inherent in modeling visual preferences
due to individual differences.

These studies have made some progress in emotion
recognition and aesthetic optimization, but they often
focus on modeling user perception and lack a systematic
exploration of the structural connections between design
elements and preferences. Particularly in the context of
graphic design, a computational modeling framework for
mapping the combination of visual elements to user
preferences has yet to emerge, making it difficult to
effectively implement design optimization tasks.

In the area of rule mining methods and their
application in design optimization, existing research has
explored multiple levels of algorithm improvement and
cross-domain transfer. Liao S et al. [16]conducted
clustering and association rule mining on survey data from
2011 Taiwanese TikTok users to generate user profiles
and identify social interaction patterns, providing
evidence that TikTok transcends traditional social media
development paradigms. Li Y et al. [17] proposed the
MCoR-Miner algorithm for maximal co-occurrence
nonoverlapping sequential rule mining using depth-first
search and indexing mechanisms, demonstrating superior
efficiency and recommendation performance compared to
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existing methods. In addition, Akgul et al. [18] combined
fuzzy language summarization with genetic algorithms to
extract fuzzy rules between emotional needs and product
design form elements, and verified its effectiveness by
comparing it with the results of fuzzy association rule
mining, providing an operational technical path for the
systematic transformation of emotional needs in complex
product design. This method extends rule mining from
structured data to the mapping relationship at the semantic
level. However, these studies have largely focused on
improving algorithmic performance or discovering rules
in specific domains, but have not adequately addressed the
complex aesthetic relationships between visual elements
and the dynamic evolution of user preferences in the
context of graphic design. Currently, there is a lack of rule
mining methods specifically tailored to graphic design
tasks to extract structured visual preference rules from
user behavioral feedback, nor is there a rule-driven
modeling system for design optimization.

3 Visual preference recognition and
rule modeling methods

3.1 Construction of feature coding for
graphic visual elements

Visual preference modeling is based on the structured
expression of design features. The study constructs a
multi-dimensional joint feature vector system to quantify
the visual attributes of graphic design samples in terms of
color, layout, font, and graphic structure. The color
dimension is represented by the HSV (Hue, Saturation,
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Value) color space, and the ratio vector is constructed
based on the pixel density of the main color distribution
[19], [20], C=[c;,c3,...,c1], Where ¢, is the proportion of the
(x,y,) color kth categories [21], [22], and the sum is 1.

Ly= /(xc—xo)zwc-yo)z (1)

(x0.y,) is the coordinate of the center point of the
image. The graphic structure dimension constructs a
compactness index through the contour geometry ratio:

A
O]

g
G, 1,

A, is the actual area of the graphic, and 4,, is the area
of the minimum enclosing rectangle. Font style extraction
uses a pretrained convolutional neural network to extract
embedding vectors. Principal component analysis (PCA)
is then used to reduce the dimensionality of the font to
generate a fixed-length high-dimensional representation,
F=[f,f)»-of,], Where m represents the number of
dimensions after dimensionality reduction. The final
unified visual feature vector has one hundred ninety two
dimensions, composed of three color ratio components,
one layout offset value, one graphic compactness value,
and one hundred eighty seven dimensions from the PCA-
reduced font embedding.

The above-mentioned encodings are concatenated to
form a unified visual feature vector, V=[C,L;.F,G.], which
is used to represent the visual feature structure of a single
design sample. Table 1 shows the schematic structure of
the sample encoding, demonstrating the numerical
representation of each attribute in a unified format:

Table 1: Multidimensional visual feature encoding of design samples

Sample ID | Color vector C main color ratio Layout offset L, Graphics compactness G.
S01 [0.41, 0.35, 0.24] 0.126 0.782
S02 [0.22,0.55, 0.23] 0.294 0.605
S03 [0.48,0.31, 0.21] 0.102 0.863
S04 [0.36, 0.28, 0.36] 0.189 0.712
S05 [0.33,0.46, 0.21] 0.275 0.643

In Table 1, the color ratio vector, layout offset, and
graphic compactness are presented in specific numerical
form. The font style features are extracted through a pre-
trained convolutional neural network and reduced in
dimension by PCA to form a high-dimensional embedding
vector, which is not listed in Table 1 due to its high
dimension. This visual feature vector fully covers the four-
dimensional attributes of color, layout, font, and graphic
structure, with a total dimension of 192. Among them, the
font dimension contributes 187 dimensions after principal
component analysis compression, forming a standardized
data structure for subsequent association rule mining.

All samples form a feature matrix XeR"*?, where n
represents the number of samples, and d represents the
number of feature dimensions for each sample. This
matrix serves as the basic data interface for subsequent
preference modeling and rule mining, ensuring numerical

alignment and structural adaptation between the encoding
and model layers.

3.2 User behavior data and visual
preference label generation

The generation of user visual preference labels uses
behavioral feedback data as input, constructing a
structured preference mapping system to support
subsequent rule learning tasks. The original behavior data
matrix is denoted as R:rf]{“), where rff) represents the
response value of user i to the design sample j on the
behavior dimension of category . To unify the numerical
scale of each type of feedback, the range normalization
method is used to independently standardize each type of
feedback [23], [24]. The normalization result is defined as:

o ”ij'mi”(”i)

= 3)

Y max(r;)-min(r;)
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max(r;) and min(r;) represent the maximum and
minimum values of all feedback from the user i, and
74€[0,1].
Each element in the original behavioral data matrix
represents a specific user's response to a specific
behavioral dimension of a designed sample. To ensure
numerical comparability across different feedback types,
range normalization is used to independently normalize
each type of feedback. The normalized results serve as
input to a weighted fusion model, which combines three
types of feedback: clicks, ratings, and dwell time, to
generate a single, comprehensive preference score. This
process  transforms  multi-source,  heterogeneous
behavioral signals into a unified numerical representation,
providing a stable and semantically clear supervisory
variable for subsequent association rule mining. After the
multi-source behavior signals are normalized, a weighted
fusion model is used to generate a comprehensive
preference score [25], [26], denoted as s;, which is
calculated as follows:

i
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sty 47 Oy O ot frry=1 (4

7,0, #,%, and 7,**) are the normalized results of click,
rating, and duration feedback, respectively. a+f+y=1 and
a,f,y€[0,1] are empirical weight parameters. The weight
parameters o and B are set based on empirical research on
the relative contribution of multi-source behavioral
signals in visual preference prediction. Clicking behavior
and rating behavior have a high consistency in expressing
user preferences, while the explanatory power of dwell
time as implicit feedback is slightly lower [27]. Through
cross-validation and grid search, the parameter space is
optimized, and a is finally determined to be 0.4 and B to
be 0.3 to maximize the correlation between preference
labels and wusers' actual choice behavior. This
configuration remains stable on multiple independent
datasets, ensuring the generalization ability of the fusion
model in different scenarios. Table 2 lists the standardized
behavior values and final scores of some users in different
dimensions:

Table 2: Normalization of user behavior feedback and preference scores

User ID | Click normalization |Score normalized Duration normalized Overall preference score s
uo1 0.82 0.67 0.75 0.743
uo2 0.45 0.51 0.48 0.480
uo3 0.91 0.76 0.82 0.853
uo4 0.63 0.69 0.65 0.660
uo5 0.27 0.34 0.30 0.305

In Table 2, the raw user feedback, after normalization
and weighted fusion, has clear distribution boundaries,
allowing for precise mapping to preference labels. This
process not only establishes a signal foundation for
preference discrimination but also ensures the semantic
stability and numerical rationality of the label dataset. This
provides clear supervisory variables for Apriori rule
mining and ensures that the rule results are consistent with
behavioral responses.

Preference labels are generated based on the
aforementioned scoring results, which are converted to a
discrete binary form using a threshold function. Setting the
global preference boundary parameter 6, the label
generation function is defined as:

1, s;=0
Vi {0 8;7<0 ©)

>

yl,ieo,l indicates whether user i exhibits a positive

preference for sample ;. This preference label is aligned
with the sample feature vectors one by one to construct a
training dataset D:(xj,yl.j), which supports subsequent

high-confidence visual rule association mining. This
encoding strategy ensures numerical consistency in
behavioral feedback data and clear discriminant
boundaries for labeling, enhancing the model's
adaptability for extracting preference patterns.

3.3 Apriori-based visual element-preference
association rule mining

Uncovering the potential correlation patterns between
visual features and user preferences is a key step when
building a design preference modeling mechanism. Let the
feature vector of a design sample be ijRd, and its
corresponding user preference label be yer,l. The two

are combined to form the labeled training sample set
D=(x;.y;). To map continuous-valued features to discrete

item sets, a symbolic encoding operation ¢:RY—I* is
constructed to project sample features onto a discrete
attribute set 1. This allows each sample to consist of a set
of attribute items, forming a transaction item set 7,
satisfying the input format requirements of the Apriori
algorithm.

The frequent item set F is defined as the attribute
combination set, whose frequency in the preference
positive example set is greater than the minimum SC ¢
[28], [29], expressed as:
RTUST; /\yl.jzl}l

AT ©

Based on the frequent item sets, the generated
association rule is in the form of [=y,=1, where 7 is the

combination of visual elements, and the latter is the
preference expression. The confidence of the rule is
defined as:

F={I<]]|



Visual Preference Modeling and Optimization in Graphic Design...
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Rule filtering relies on a confidence threshold,
retaining rule sets that satisfy conf greater than or equal to
the confidence threshold [30]. Due to the exponential
growth of the attribute item set space, a layered expansion
and pruning strategy is employed to improve
computational efficiency. Pruning is based on the Apriori
principle: if the item set / is infrequent, then any superset
of it is also infrequent, thus avoiding unnecessary
computation.

conf (1=>yij=1):

3.4 Visual preference pattern discovery and
user clustering

To achieve structured modeling of visual preference rules
at the user level, a set of high-confidence rules needs to be
vectorized, and a user-rule response matrix needs to be
constructed as the basis for clustering. Each rule r
corresponds to a visual element combination a,,as,...,q;,
which is mapped to the complete set of discrete attributes
1. A binary indicator vector r,€0,1" is constructed, where
r,[{]=1 indicates whether attribute i belongs to rule r, and
is zero otherwise. After vectorizing all rules, it can obtain
the rule encoding matrix Re0,1"!.

Algorithm 1: Rule vectorization and constraint filtering
for visual preference optimization.

Input: High-confidence association rule set R = {ri, 12,
e Tn},s

Discrete attribute space A = {ai, as, ..., am},
Candidate design sample set D = {d, do, ..., di}
Output: Filtered design candidate set D' € D,
Rule activation matrix V € {0,1}"xk

. Initialize V as zero matrix of size n x k
: for each rule r; € R do

: Construct binary indicator vector v; € {0,1}™
: for each attribute a; € A do

: if aj is contained in 1; then

2vilj] 1

s else

: Vi[j] —0

cend if

10: end for

11: Store vias row iin V

12: end for

OO ~NANWN DB W

13: Initialize D' < @

High confidence Convert each rula into a binary Constructing the

attribute indicator vector fule encoding matrix

preference rule set
X Uk &)
User UE?I\, for data
0 Table
==
I 1

Calculate the activation response

Constructing a user-ruls
of each user for each ruie el

Generale user preference Build & user-sampl
es
response m atric

uild a mple
tags for sampl preference relationstip table

Define the reqular subspace
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14: for each design sample d, € D do
15: Compute response vector s; € {0,1}»
16: for each rule r; € R do

17: if d, satisfies all attributes in r; then
18: s[i] < 1

19: else

20: si[i] « 0

21: end if

22: end for

23: if sum(s)) > 1 then

24: Append d; to D'

25: end if

26: end for

27: Return D', V

Based on this, the paper defines a rule activation
vector z,ER™ for each user u;. Its kth dimension represents
the probability response value z;, that the user satisfies rule
i, calculated as follows:

I {]l |rkg]}/\yj/':1 } |
Zy= - : 8
=1 ®)

T; is the set of discrete attribute items of sample /, and
yi].=1 represents the preference expressed by user i for

sample j. By traversing the rule hits of all preferred
samples, the complete set of user rule vectors
7=[z] z],....2; ] ER™™ is obtained, which serves as the
basis for expressing the preference structure space.

To identify the distribution pattern of user preference
structure in the rule subspace, the KM algorithm is
introduced to perform unsupervised clustering of Z. The
objective function is to minimize the sum of the squared
Euclidean distances from each sample to its corresponding
cluster center, expressed as:

n

Lkmeanszz //Zi'.uc([)//z (9)
=1

Mo is the center vector of the cluster ¢(i) to which
user i belongs. By iteratively optimizing cluster centers
and sample allocation, users in the same cluster maintain
high consistency in their rule response structure. After
cluster modeling, a user preference pattern map
P=C,,C,,...,Cx is obtained, where each cluster C; consists
of a group of users with similar distribution in the rule
vector space. This structure supports subsequent design
optimization, recommendation strategy embedding, and
pattern consistency assessment based on preference type.
Figure 1 illustrates the preference pattern modeling
process based on rule vectorization and user clustering.

Analyze the consistency of user
preferences wilhin a cluster

Generate a user Y

preference pattern map —

For personalized design
nmendation

——-1 M EE

Use K.means clustering
algorithm to group users

Comparing preference
differences between clusters

Figure 1: Preference pattern modeling based on rule vectorization and user clustering



300 Informatica 49 (2025) 295-308

Figure 1 shows the process of constructing a rule
encoding matrix by converting high-confidence
preference rules into binary attribute indicator vectors.
Simultaneously, preference labels for the designed
samples are generated based on actual user behavior data.
Each user's activation response to each rule is further
calculated to form a wuser-rule response matrix.
Subsequently, the KM clustering algorithm is used within
the rule subspace to group users and generate a visual
preference pattern map. This map can be used to analyze
the consistency of user preferences within a group and the
differences in preferences between different groups.
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3.5 Visual element combination
optimization and generation

After completing preference rule mining and user pattern
identification, a design generation mechanism with
constraint control capabilities must be constructed to
ensure that the design solution's visual attribute structure
is highly consistent with high-confidence preference rules.
This mechanism guides the generation of candidate design
samples by converting rule sets into combined constraints
and outputs the final optimization results based on
feasibility screening and polynomial scoring sorting.
Figure 2 shows the structural process of the design
optimization mechanism driven by preference rules.

Input phase

High confidence
preference rule set

Coding and constraint phase

Rule structure Design constraint
encoding module generator

] —

Candidate design
generator

A .
LLLLLL

L. LU L [
LLLLLL

Optimizing the build phase
Preference
consistency filter

Output stage

Design scoring and

Optimized design output
ranking module S

==,

b
y

g

A
I [ I

Figure 2: Preference rule constraint-driven design optimization mechanism

In Figure 2, a set of high-confidence rules is first
structured and encoded to generate logical templates
recognizable by the constraint system. This template then
serves as the basis for constructing the conditional space
for design generation. Candidate design solutions are then
combined and generated based on the rule constraint logic.
A preference consistency filter is then used to eliminate
structurally non-compliant samples. The scoring module
ranks and evaluates the filtered design set, ultimately
outputting the optimal design solution that conforms to the
preference rule structure. This architecture uses rules as
logical input and embeds semantic knowledge into the
design generation process, ensuring that the output
solution is highly consistent with user preferences at the
visual attribute level.

The set of high-confidence preference rules is denoted
as R=r,r,...,r,,. Each rule r; consists of a set of visual
element attributes, which are encoded and mapped into a
formal logic vector through the rule structure. The design
constraint generator defines a response function W(s,,7;)
for each rule based on this logic template, where the value
is 1 if the candidate design s, satisfies the visual
configuration in rule r, and 0 otherwise:

1, Ifdesign s, Satisfy the rules 7,
¥ _ t
(07) { 0, otherwise (10)

Based on this response function, a multi-rule
weighted scoring model is defined to evaluate the
preference fit of candidate design solutions:

m
J6)= ) (s (11)
k=1

The confidence weight of the «; in rule r, represents
the structural importance of the rule in the preference
distribution. A candidate design sample set is dynamically
constructed from the visual element attribute space using
a stratified sampling strategy. The number of samples is
adaptively adjusted based on the coverage of the
constraint rules, ensuring efficient exploration of the

solution space while satisfying high-confidence
preference rules. This strategy avoids enumerative
exhaustive search to improve computational efficiency.
Unlike black-box methods such as generative adversarial
networks, it maintains an explicit connection between the
generation process and the rule logic. The generated
candidate set undergoes consistency filtering and then
enters the scoring and ranking phase, ultimately outputting
the optimal solution. The sample generator constructs the
candidate set s, ,s,,...,s from the design space S, and then
uses the consistency filter to eliminate samples that do not
meet the preference response threshold z:

lP(stsrk)z‘[]

Svalid= [SIES Z
k=1

Finally, the design with the largest score is selected
from the samples that meet the response constraints as the
final optimization output:

s =arg S,Z%?ﬁdj(s’) (13)

This mechanism achieves a combined optimization of
rule-driven  structural control and scoring-driven
optimization, ensuring both logical consistency and
preference matching when outputting visual design
results. This creates a complete closed-loop from rule
mining to automated optimization generation.

(12)

4  Experimental setup and

Implementation process

4.1 Planar visual element dataset
construction and experimental
configuration

The dataset contains 1,280 graphic design samples from

commercial visual communication and digital media

content, covering advertisements, brand logos, publication

covers, and social platform interfaces. The visual element
attributes, such as main color distribution, layout



Visual Preference Modeling and Optimization in Graphic Design...

structure, font style, and graphic composition, are all
structurally annotated. User feedback is collected via
offline platforms and web interactions, with all data
anonymized to ensure participant privacy during
processing. In the experimental data construction stage,
the study collects a graphic design dataset for visual
preference modeling based on commercial visual
communication (covering commercial advertising, brand
identity design, publication covers, etc.) and digital media
content (covering social platforms, data visualization,
etc.). The total number of image samples is 1,280,
covering core dimensions, such as main color, typesetting,
font style, and graphic composition. Each type of graphic
visual element attribute constructs an attribute label
system, and all samples complete the visual feature
structured annotation. User feedback data comes from
offline test platforms and web-based interactive behaviors.
The collected indicators cover the design selection click
frequency, dwell time, and explicit rating values. After
normalization and conflict elimination, user preference
mapping labels are generated, and a preference record
matrix corresponding to the sample set is established. The
platform hardware configuration is a dual-core Xeon
processor with 128GB of memory and an RTX A6000
graphics card. The software development environment is
Python 3.10. Data processing and algorithm training are
deployed in TensorFlow 2.13 and Scikit-learn 1.4
environments, respectively.
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4.2 Visual preference rule training and
optimization task process

During the model training and task execution phases, this
study uses a unified preference modeling and rule-driven
optimization process, completing a closed-loop design
from visual sample input to optimization output. The
model training phase uses the pre-processed 192-
dimensional sample input matrix as a foundation, loading
visual feature vectors and user preference labels, and
constructing a mapping space between visual attributes
and behavioral labels. Based on this, the Apriori rule
mining algorithm constructs frequent item sets and
confidence matrices. Minimum support and minimum
confidence serve as constraint thresholds to dynamically
adjust the rule selection process, ultimately forming a
complete set of rules. The rule set is then vectorized and
clustered, mapped to the corresponding user group index,
and the modeling of the multi-preference subset
distribution structure is realized. To ensure that the
generated solution strictly matches the user preference
rules, the system builds a design optimization engine
based on preference constraints. Its core strategy is to
introduce a logical condition verification mechanism
when generating design candidates. All candidate outputs
must meet the structural conditions of at least one set of
high-confidence preference rule items. To clarify the
process of task and parameter configuration at each stage,
Table 3 shows the key task parameter composition during
the training phase and optimization engine initialization
process.

Table 3: Preference rule model training and design optimization task configuration parameters

Stage (Ijqput . data T_otal sample Core operating procedures Parameter settings
imensions size
Data loading 192 1280 Read visual feature vectors and| Batch IS|ze: 128, _Loadlng
preference labels method: Memory mapping
. Constructing frequent itemsets| Minimum  support: 0.05,
Rule mining 192 1280 and confidence matrices minimum confidence: 0.6
. Filter weakly cprrelated_ rules Redundancy threshold: 0.15,
Rule filtering - 894 to generate high-confidence - : .
maximum itemset length: 5
rule sets
. Converting rule sets into| Encoding method: sparse matrix
Rule vectorization . ; -
. - 1280 structured vector| mapping, dimension
encoding . .
representations compression: no
Prefere_nce- Embedded logic matching| Matching strategy: minimum
constrained . . . ;
A 192 Dynamic mechanism  for  solution|coverage, number of execution
optimization : N )
engine generation and filtering threads: 4

As shown in Table 3, frequent item set generation and
high-confidence rule screening constitute the bulk of the
rule mining phase, determining the size of the constraint
space for the subsequent optimization engine. The rule
vectorization step implements the structural expression of
preference logic, providing precision support for
clustering and optimization. The optimization engine
configuration parameters in the final phase directly impact
design generation efficiency and preference coverage.

This structure ensures logical continuity and parameter
control throughout the entire task chain, ensuring
consistent functional coupling between objectives at each
stage.

During the rule mining phase, the maximum item set
length is set to 5, and the redundancy threshold is set to
0.15, aiming to balance the expressiveness of the rule
structure with generalization performance. Excessively
long item sets can lead to sparse rule coverage, reducing
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cross-scenario  adaptability;  excessive  redundancy
weakens the discriminability between rules and affects the
accuracy of identifying user preference patterns. This
parameter combination, through multiple rounds of cross-
validation, maintains a high-confidence rule set size while
ensuring that the generated rules have clear semantic
boundaries, avoiding overfitting to specific behavioral
data and losing the universal explanatory power of visual
element combination patterns.

This process maintains the consistency of preference
logic in the training and generation stages, ensures the user
fit and rule interpretation ability of the output results, and
provides a basic comparison structure for subsequent
generalization verification.

5 Experimental results analysis and
preference recognition evaluation

5.1 Evaluation indicators for visual
preference rule extraction

In the performance analysis stage of visual preference rule
extraction, to comprehensively evaluate the performance
differences of this method in actual design tasks, the

90

85

70

65 -
001 002 003 004 005 006 007 008 009

Minimum Support Threshold
—e— Method - P —— IG-P -#- RF-R
Method - R -+- [IG-R FP-Growth - P
—+— PCA-P RF-P FP-Growth - R
-4- PCA-R

Rule Count

Y. Wuetal.

recognition effects of five different rule mining and
feature modeling strategies under multiple SCs are
compared. The processing logic of various methods in
preference modeling is essentially different. Among them,
PCA and Information Gain (IG) methods focus on
screening preference dimensions from the perspective of
dimension compression and feature importance; Random
Forest (RF) method uses an integrated tree structure to
build an attribute selection scoring mechanism; FP-
Growth (Frequent Pattern Growth) directly mines
potential common structures from the candidate set scale
expansion items. The method in this paper combines
visual encoding and Apriori logic rule screening, and uses
user behavior-driven preference labels as supervisory
variables to construct a multidimensional item set
mapping mechanism, thereby improving rule coverage
and semantic accuracy. The evaluation indicators use
precision and recall to characterize the performance of
preference determination, while the number of rules and
average confidence are used as indicators of structural
integrity and credibility. Figure 3 shows the comparison
of the preference rule extraction performance of each
method under different SCs. Notes: N represents the
number of rules; C represents the average confidence; P
represents precision; R represents recall.
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Figure 3: Comparison of preference rule extraction performance of various methods at different SCs

In Figure 3, as the SC increases from 0.01 to 0.09, the
precision of the proposed method steadily increases from
76.5% to 89.2%, demonstrating a consistent trend of high-
confidence rule sets enhancing preference accuracy. In
contrast, the PCA method achieves a final precision of
only 81.0%, and its recall decreases from 84.9% to 69.6%,
indicating that the dimensionality compression process
interferes with the identification of preference boundaries.
The FP-Growth method shows a high recall rate in the low
support range, reaching 89.5% at 0.01. However, as the
SC increases, the confidence increases slowly, and the
number of rules drops sharply to 589, reflecting its lack of
a structural compression mechanism for rule
generalization ability.

The proposed method extracts 894 high-confidence
rules at 0.05 support, with an average confidence of
77.5%, which is much higher than 70.3% and 67.4% of

PCA and IG, respectively. This is mainly attributed to the
fact that the proposed method introduces a behavior-
driven supervision strategy in the rule generation stage,
enabling the rules to have stronger user-perceived
matching capabilities. Based on the above indicators, the
proposed method consistently maintains a leading trend
within the support range, validating its optimization
advantages in designing visual preference modeling.
Based on the above indicators, the proposed method
continues to maintain a leading trend within the support
range. Its optimization advantage comes from the fact that
the behavior-driven supervision strategy strengthens the
semantic mapping between visual element combinations
and user preferences in the rule generation stage, avoiding
the loss of key perceptual information in the unsupervised
dimensionality reduction process. At the same time, the
discretized attribute space and the frequent itemset
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pruning mechanism synergistically improve the structural
generalization ability of high-confidence rules.

5.2 Evaluation of visual preference group
clustering

After extracting high-confidence preference rules, the
study further models and analyzes the group structure of
users in the rule response space. The selection of K-Means
for clustering is grounded in its computational efficiency
and interpretability within the context of this study's
structured rule vector space. The cluster number k is
determined by maximizing the average silhouette
coefficient across a range of candidate values from three
to seven. This metric evaluates intra-cluster cohesion and
inter-cluster separation, providing an objective criterion
for identifying the optimal partitioning that best reflects
the underlying structure of user preference patterns within
the rule response space. The rule vectors derived from
Apriori mining are inherently discrete and sparse, forming
a feature space where centroid-based partitioning aligns
with the objective of identifying distinct, interpretable
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Figure 4: Performance evaluation of user preference clustering structures using different methods

In Figure 4, when the KM is 5, the silhouette
coefficient of the proposed method reaches 0.63, 0.1
higher than the PCA solution. This gain is primarily due
to the expressive power of the rule vector in the attribute
combination dimension, enhancing the discriminability of
user preference features. At the same KM value, the DBI
drops to 1.03, significantly lower than IG's 1.24 and FP-
Growth's 1.11. This is because the behavior-driven rule
vector effectively eliminates redundant noise in some
preference expressions, thereby compressing the fuzzy
intervals of cluster boundaries. Except for the optimal
point at KM of 5, the proposed method maintains high
silhouette values and low separation index throughout the
entire KM range from 3 to 7, demonstrating its robust
ability to identify user preference structures. A larger
silhouette coefficient value indicates a higher probability
that a sample point is correctly assigned to the current
cluster and a higher degree of differentiation from other
clusters. Therefore, a higher silhouette coefficient
indicates better clustering results. This demonstrates that
the preference rule model constructed by this method
effectively improves the stability and semantic
consistency of cluster boundaries. Results show that the
preference rule model, which co-encodes behavioral
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preference groups. Alternative density-based or
hierarchical methods often require parameter tuning
sensitive to data distribution or produce less intuitive
cluster boundaries, which may obscure the direct mapping
between rule sets and user segments essential for
subsequent design optimization. K-Means provides a
stable, deterministic outcome suitable for integrating into
the constraint-driven generation pipeline, ensuring
consistent cluster assignments across iterations necessary
for evaluating recommendation performance. To verify
the impact of different modeling approaches on user
clustering, user response matrices are constructed based
on the five feature extraction strategies described above,
and the KM clustering algorithm is uniformly used for
multi-clustering. The average silhouette coefficient and
the Davies-Bouldin Index (DBI) are used as the primary
indicators in the evaluation process. The former reflects
intra-cluster consistency, while the latter measures inter-
cluster separability, comprehensively characterizing the
rationality of the cluster structure and the clarity of its
boundaries. Figure 4 shows the trends of these two
indicators for different cluster numbers.
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feedback and visual features, constructs a clear and
separable user pattern structure within multi-cluster
partitioning, effectively improving the stability and
semantic consistency of cluster boundaries.

5.3 User satisfaction verification of the
optimized design scheme

To further verify whether the perceived differences in
recommended design solutions across different preference
patterns exhibit structural consistency, this study
categorizes user groups into five preference groups and
constructs an evaluation system for group response
consistency and recommendation acceptance rate. In the
consistency analysis, the mean cosine similarity of ratings
is used to measure the convergence of responses to the
same recommended solution across users within a cluster,
focusing on the model's ability to maintain group
behavioral stability. The acceptance rate evaluation uses
the proportion of users with scores higher than the
preference threshold as an indicator to measure the
effective adaptation of the recommendation scheme in the
target preference group. The left sub-figure of Figure 5
shows the distribution differences of the consistency



304  Informatica 49 (2025) 295-308

scores of the above five methods in each cluster, and the
right sub-figure shows the corresponding recommendation
acceptance rate performance.
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Figure 5: Comparison of design response consistency and acceptance rates of different methods in each preference
group

In Figure 5, in terms of consistency scores, the
proposed method achieves mean scores of 0.842 and 0.826
in Clusters 1 and 3, respectively. These scores are
significantly higher than FP-Growth's scores of 0.782 and
0.762, and are 0.13 and 0.133 higher than the PCA
method. This demonstrates that the preference modeling
strategy based on the combination of visual element
encoding and the Apriori rule is more effective in
enhancing the expressive power of rating structures within
a group. This advantage is not limited to a single cluster
but is consistently demonstrated across all preference
groups. In Clusters 2 and 4, the consistency score of this
method is also higher than that of the other four methods,
which are 0.803 and 0.835, respectively.

In the evaluation of recommendation acceptance rate,
this method reaches 0.812 in Cluster 1, which is 0.085 and
0.119 higher than FP-Growth and RF, respectively,
indicating that the recommended design scheme has a
larger proportion of high-scoring feedback in this
preference group, and the model output is closer to its
explicit preference trend. In Cluster 5, FP-Growth and RF
are close in value, but this method still leads with 0.779,
indicating that it still has a robustness advantage in the
boundary preference cluster. These results demonstrate
that combining visual features with behavioral responses
for rule-driven modeling significantly improves the
consistency of rating structures and the strength of output
acceptance within user clusters, validating this strategy’s
broad adaptability and structural stability for identifying
preference patterns.

5.4 Comparative analysis of the distribution
of visual elements in graphic designs
after design optimization

To evaluate the actual impact of the optimization
mechanism in improving the matching degree between
visual structure and user preferences, this section conducts
analysis based on the two dimensions of color distribution
and layout structure, and compares the structural
performance of the results generated by each method from
the two aspects of the proportional difference of the visual
main tone and the spatial offset of the typesetting center
of gravity. At the color level, the average primary color
ratio is used to measure the color balance of design
samples under five main tones. The purpose is to examine
whether the recommendation mechanism has color bias or
concentration tendencies. The layout dimension uses the
image center of gravity offset as a quantitative indicator of
the balance of the layout structure, reflecting whether the
optimization leads to the generation of a more visually
stable layout composition. The dispersion of these offset
values across all color categories is quantified by their
interquartile range to assess structural consistency. The
five color types represent different visual expression
preferences. Cool blues are often used for rational and
technological styles, while warm reds tend to be
emotionally stimulating and visually impactful. Grayscale
structures convey a simple and neutral visual tone; vibrant
yellow has attention-directing properties; deep green is
often associated with natural compositions. The left sub-
figure in Figure 6 shows the average primary color
proportions for each method under the five color
categories, while the right sub-figure shows the
distribution of layout offset values for the corresponding
color samples.
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Figure 6: Multi-method comparison of visual dominant tone distribution and typographic structure shift in design
optimization results

In Figure 6, both PCA and IG methods show a clear
trend of cold blue dominance in the color structure
distribution. The average dominant color ratio for this
category in PCA is 0.312, significantly higher than that of
other categories. This suggests that traditional
dimensionality reduction strategies have not effectively
suppressed color centralization in design solutions, and
the lack of color diversity can lead to reduced preference
matching accuracy. This method creates a more dispersed
color structure across the five main tones. Vibrant yellow
and deep green account for 0.172 and 0.167 of the totals,
respectively, remaining within the low-skew range. Cool
blue and warm red increase in their proportions to 0.221
and 0.234, respectively. This indicates that color selection
behavior driven by high-confidence preference rules is
aligned with user aesthetic intent, and the color matching
strategy exhibits a clear trend toward harmony.

Regarding layout deviation, the proposed method is
controlled at 0.244 or below in all color types, which is
lower than the minimum deviation value of 0.248 of FP-
Growth, and converges to 0.238 and 0.223 in the cold blue
and vibrant yellow categories, respectively, showing the
convergence enhancement effect of the layout structure in
recommendation generation. The deviation values of the
corresponding categories of the PCA method are 0.294
and 0.289, respectively, indicating that the problem of
unstable layout structure has not been resolved. The
results show that the optimization strategy based on
preference rule constraints not only reduces the
dominance of a single dominant tone at the color structure
level but also improves the stability of the spatial
composition, effectively supporting the output of

preference consistency from the perspective of the input
feature structure.

5.5 Testing model stability and preference
generalization

In a multi-task design environment, to verify the cross-
task adaptability of the preference modeling method in
terms of maintaining structural rules and outputting
results, it is necessary to examine its robustness and
generalization capabilities under conditions of sample
distribution changes. The stability evaluation uses the rule
overlap rate as the core indicator to quantify the degree of
intersection between the high-confidence rule sets
extracted by each method in different tasks, reflecting the
model’s transferability at the rule structure level. The
generalization ability is measured by the output
consistency score, that is, the structural similarity between
the recommended designs received by users with the same
preferences in different tasks. This indicator focuses on
evaluating the consistency of the recommendation
mechanism in maintaining preferences. The five selected
task scenarios encompass distinct design domains:
commercial advertisements, publication covers, social
platform content, data visualization interfaces, and brand
identity design. Each task comprises an independent
dataset of 256 samples with non-overlapping user groups,
ensuring structural diversity and preventing cross-task
bias. The left sub-graph in Figure 7 shows the average
level of rule set overlap between different tasks for each
method, and the right sub-graph depicts the consistency
score of the output recommendation under the
corresponding task.



306 Informatica 49 (2025) 295-308

85

Y. Wuetal.

PCA

1G

RF
FP-Growth
Method

80

]

Rule Overlap Raie (%)

50
N % & o
2% ¥ o o

5% w7

0.85

| — N
G

I RF

0-80 B FP-Growth
. Method

Consistency Score
°
2
]

2
]
=

0.65

0.60
A x* v > 2
o < 5o o o

Figure 7: Comparison of different modeling methods in multi-task preference structure stability and recommendation
output consistency

In Figure 7, in terms of rule structure stability, the
proposed method achieves rule overlap rates of 79.7% and
78.4% in Tasks 1 and 3, respectively, which is higher than
FP-Growth's 71.5% and 70.3%, a difference of over 8%,
indicating that preference rules have greater structural
scalability under task changes. This result stems from its
user-behavior-driven multidimensional vector space
construction, which improves the semantic consistency of
rule generalization. In contrast, PCA achieves the lowest
performance across all tasks, with an overlap rate of no
more than 61.3%, indicating that its unsupervised
compression-based  feature set lacks  structural
consistency.

In terms of output consistency, the proposed method
achieves scores of 0.798 on Task 2 and 0.809 on Task 5,
respectively, exceeding FP-Growth by 0.062 and 0.061.
This difference stems from the rule-driven generation
mechanism's  enhanced structural embedding of
preference logic, resulting in output samples that more
closely align with the user's original preference expression
in terms of wvisual structure and dominant color
distribution. The scores of IG and RF methods in Tasks 2
and 5 are concentrated between 0.671 and 0.712. The
range of variation is limited by their policy frameworks
that rely on local attribute contribution rates or conditional
information and do not have the ability to express global
preference structures. Experimental results show that the
strategy of integrating user behavior responses with rule
structures can effectively maintain the consistency of rule
structures and the preference fit of recommendation
outputs under task disturbance conditions, and has strong
cross-scenario adaptability.

6 Discussion

This method demonstrates advantages over traditional
modeling techniques in multidimensional evaluation. Its
improved accuracy stems from a behavior-driven
supervision mechanism that strengthens the semantic
mapping between visual element combinations and user
preferences during the rule generation phase, avoiding the
loss of key perceptual information encountered in
unsupervised dimensionality reduction by PCA. While
FP-Growth achieves high recall at low support, its rule
generalization is limited by its structural compression

mechanism, resulting in a sharp decline in the size of the
rule set at high support. This method constructs a user
preference space by vectorizing rules, enabling K-means
clustering to achieve a silhouette coefficient of 0.63,
demonstrating greater internal consistency and clearer
inter-cluster distinctions among the user groups it
delineates. The optimized output achieves higher rating
consistency and acceptance rates within each preference
cluster, validating the effectiveness of embedding high-
confidence rules as a constraint mechanism. In cross-task
testing, both the rule overlap rate and output consistency
score outperform comparable methods, demonstrating the
greater adaptability of this modeling approach based on
the collaborative encoding of behavioral feedback and
multidimensional features. These performance advantages
jointly confirm the effectiveness of this method's technical
chain from feature encoding to rule mining to design
optimization in solving the problems of user visual
preference modeling and optimization in the field of
graphic design.

7 Conclusions

This paper focuses on the accurate identification and
optimization of user visual preferences in graphic design,
and introduces a method that integrates feature encoding
and Apriori rule mining. By constructing a
multidimensional visual feature matrix including color,
layout, font, and graphic structure, and combining user
behavior feedback to generate standardized preference
labels, the Apriori algorithm is used to extract high-
confidence visual preference association rules. The rules
are further vectorized and input into the KM clustering
model to generate a preference pattern map of the user
group. Finally, the rules are embedded as constraints in the
automatic combination module of design elements to
achieve personalized reconstruction of visual solutions
and improve the consistency of output with user visual
preferences. Experimental results show that the preference
extraction accuracy of this method reaches 89.2% when
the SC is 0.09, and the average silhouette coefficient
reaches 0.63 when the number of clusters is 5, verifying
its effectiveness and adaptability in preference modeling
and design optimization. The experimental validation
demonstrates  superior performance compared to
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alternative feature modeling and rule extraction
techniques, affirming the method's advancement in
achieving precise and interpretable visual preference
recognition for targeted design optimization.

This study relies on behavioral data collected from
specific regions to model user preferences, whose cultural
background and aesthetic preferences may affect the
universality of the rules. The constructed feature encoding
system does not include dynamic interactions or three-
dimensional visual elements, limiting the model's
adaptability to complex scenarios. The current
optimization mechanism is based on deterministic rule
constraints and has not yet integrated generative
architectures to explore a richer design space. Future work
can expand the diversity of data sources, introduce
multimodal perception dimensions, and explore the
semantic embedding capabilities of neural network
structures in layout generation to improve the system's
response accuracy and output diversity to unstructured
preferences.
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