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Featured Application

This study integrates biometric data into a footwear fitting system, addressing the issues
of cold start and data sparsity in recommendation systems, and provides ergonomic shoe
recommendations tailored to individual body structures. Furthermore, this study offers
solutions to the following challenges: (1) Children’s Footwear Selection: Addresses the issue
where shoes may be the correct size but do not match the child’s body structure. (2) Elderly
Footwear Selection: Responds to changes in bone structure that occur with aging and
improves the inadequacy of traditional shoe designs for the elderly. (3) Women’s Footwear:
Solves the issue of adapting men’s shoe sizes for women, enhancing the overall fit and
comfort. (4) Footwear for Specific Groups: Provides solutions for specific populations,
such as diabetic patients and high-heel wearers, helping to reduce the risk of foot-related
diseases. (5) Sports Footwear: Offers personalized footwear recommendations for specific
activities, such as soccer shoes or basketball shoes, based on performance and ergonomic
needs. This research presents a footwear fitting system based on foot pressure and leg
shape, addressing the issue of shoes being the right size but not matching body structure.
Drawing upon medical and ergonomic research, it offers new solutions for optimal shoe
fitting that go beyond traditional sizing methods.

Abstract

(1) This study aims to enhance the precision of ergonomic fitting in traditional shoe size
selection by integrating literature and measured biometric data. (2) A correlation table be-
tween biometric features and shoe models was established, which was then embedded into
a knowledge graph (KG) for visual, accurate recommendations. The experiment employed
pressure sensors and depth cameras to collect biometric data from the foot and leg, evaluat-
ing the consistency of the system’s recommendations and user satisfaction. (3) The results
indicate that the biometric-driven shoe recommendation system significantly outperforms
traditional size-based systems in terms of stability and satisfaction. (4) The KG framework
has notably improved ergonomic adaptability in the early prototype stage, offering a viable
technological approach for intelligent shoe selection and holding significant potential for
further optimization.

Keywords: biomechanics; personalized footwear recommender system; knowledge graph
(KG); pressure sensing measurement; ergonomic fit
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1. Introduction
Footwear compatibility has become a central focus in biomechanics and medicine,

influencing both comfort and long-term musculoskeletal health [1–3]. However, for con-
sumers, the process of selecting footwear that meets the needs of diverse populations
remains inadequate. Traditional shoe sizing systems are primarily based on foot length,
overlooking individual variations in arch morphology, gait mechanics, and plantar pressure
distribution [4,5]. Studies have shown that 83.2% of people wear improperly fitted shoes,
and 55.5% of patients wear shoes with rigid, non-cushioned insoles lacking built-in arch
support. Participants wearing ill-fitting shoes experience more severe heel pain, which
restricts their daily activities [6]. Among school-aged children (7–12 years old) in Shanghai,
the overall prevalence of flatfoot is 56.1% [7]. In healthy working adults, the prevalence
rates of high-arched and flatfoot conditions are 50.8% and 34.2%, respectively [8]. Inap-
propriate footwear can trigger a series of biomechanical problems, such as increased knee
varus torque and compensatory ankle supination, which may contribute to long-term
musculoskeletal health issues [9–13]. Vulnerable groups such as children, the elderly, and
diabetic patients face amplified risks due to structural foot variations and sensory im-
pairments [14–18]. Notably, the absence of gender-specific design further complicates the
issue. Women’s footwear is often derived from simple scaling of male models, failing to
accommodate narrower female foot structures and the biomechanical load redistribution
caused by high-heeled shoes [19].

Additionally, footwear characteristics such as material, shape, and structure are in-
trinsically linked to biomechanical function. The mechanical properties of shoe materials
influence the progression of compensatory biomechanical responses [11]. Proper footwear
selection should therefore not be based solely on aesthetics but should account for individ-
ual needs. Well-fitting shoes can have a significant impact on foot health outcomes [1]. The
footwear industry is in urgent need of a multimodal recommendation system that integrates
plantar pressure distribution, leg morphology, and shoe attributes. This system would
optimize both anatomical and functional compatibility, overcoming the limitations of the
traditional shoe sizing system and providing a more precise biomechanical framework for
personalized shoe design.

Although previous studies have examined the effects of footwear on foot health, most
have concentrated on a single factor, overlooking individual variations among consumers.
The conventional shoe sizing system, based solely on foot length, proves inadequate in
meeting the diverse needs of different populations, particularly regarding biomechanical
differences such as arch shape, gait, and plantar pressure. In response, this study pro-
poses a multimodal shoe recommendation system that integrates plantar pressure, leg
characteristics, and shoe attributes. This approach overcomes the limitations of traditional
sizing systems, offering more precise and personalized footwear options. The findings of
this research address a technological gap in shoe design and contribute to the industry’s
progression toward a more scientific and precise approach.

2. Research Background and Related Work
2.1. Cognitive Pathways in Shoe Selection

The process of shoe selection is fundamentally influenced by the user’s perceptual
and emotional experiences [20]. The input methodology has transitioned from fragmented
biometric data to a more comprehensive biological profile structured for knowledge graph
integration: heterogeneous data, including gait, foot shape, and pressure distribution, are
modeled, summarized, and linked within the graph. This creates a high-dimensional,
low-redundancy individual biological profile. Using this profile, users obtain the physical
attributes and behavioral data of various shoe models, incorporating market feedback.
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Through a process of cognitive decoding, users internalize these inputs into emotional
values such as functional fit and comfort [21]. The three-dimensional decomposition of
physical properties, behavioral data, and market information, coupled with the integration
of biological information driven by the knowledge graph, collectively facilitates the precise
output of emotional cognition, as depicted in Figure 1.

Figure 1. The footwear selection process, based on user needs, provides personalized recommenda-
tions by integrating footwear characteristics, user behavioral data, and market insights. Throughout
this process, a knowledge graph is progressively developed and refined to enhance the accuracy and
relevance of the recommendations.

2.2. Biometric Data and the Mapping of Shoe Features
2.2.1. Deconstructing Shoe Features

The features of footwear can be classified into three categories: physical properties,
behavioral data, and market information. Physical properties include the materials, struc-
ture, and shape of the footwear, with a primary focus on the intrinsic characteristics of
the shoe itself. Behavioral data encompasses gait, pressure distribution, and contextual
factors, emphasizing the individual’s biomechanical features, such as gait patterns and
foot pressure distribution. These behavioral metrics reflect the biomechanical performance
of the individual, whether in motion or at rest, and directly influence the comfort and fit
of the footwear. While physical properties pertain to the hardware characteristics of the
shoe, behavioral data focuses on how well the footwear accommodates the user’s dynamic
movements and biomechanical needs. This classification method constitutes an original
framework, developed through a comprehensive analysis of footwear adaptability and the
alignment between footwear and user biomechanics. Although some aspects of behavioral
data have been discussed in the literature, the classification system proposed in this study
aims to provide a more precise biomechanical perspective for footwear design.

Market data was derived from the top 5 best-selling sports shoes in the outdoor
category on Tmall and JD.com over the last 12 months, serving as objective samples. The
reviews, sales figures, and competitor data were collected from the public rankings on
these platforms, as well as reports from QuestMobile and Business Assistant. From these
sources, high-frequency indicators were extracted to construct a feature-element encoding
matrix (Table 1), which facilitated the mapping of feature categories to subcategories. The
data was collected from January 2024 to December 2024, ensuring the reproducibility of
the results.

We selected the top 5 best-selling sports shoe models from the Tmall and JD platforms
as samples, representing 10 brands and 50 distinct shoe styles. The sample selection
adhered to clear criteria: first, sales performance was the primary criterion, and only the top
5 best-selling models were included to ensure the sample accurately reflected the dominant
market demand. Second, to maintain the focus and relevance of the analysis, only shoes
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from the sports and outdoor category were considered, excluding other categories that
did not align with the research objectives, such as fashion or high-heeled shoes. Moreover,
data was sourced exclusively from Tmall and JD, two of the leading e-commerce platforms,
ensuring the representativeness and broad applicability of the dataset.

Table 1. Deconstruction and Encoding Matrix of Footwear Feature Elements.

Feature
Classification Feature

Serial Number

1 2 3 4

Physical
Attributes

Materials L1 Foam sole Rubber sole EVA midsole Flyknit

Structure L2 One-piece upper Air cushion structure Carbon plate
embedded Removable insole

Morphology L3 Ankle-high shoes Low-top streamlined Thick-soled pops Split-toe construction

Behavioral
Data

Gait patterns L4 Normal gait Knee Varus Knee Valgus Neutral gait
Plantar pressure L5 Forefoot high pressure Heel high pressure Low arch pressure Balanced whole palm
Usage scenarios L6 Casual Running Hiking Comprehensive training

Market
Information

User reviews L7 Positive Neutral Negative Wait and see
Sales figures L8 Online pop-ups Regional special shoes Limited edition Regular style

Competing
products L9 Direct competitor Cross-border

substitution New brands Traditional upgrade

In terms of exclusion criteria, any models that did not rank among the top 5 in
sales, non-sports or non-casual functional shoes, and those with incomplete data (e.g.,
missing reviews, sales figures, or competitor data) were excluded from the sample. These
exclusion criteria guaranteed the completeness, accuracy, and market representativeness of
the final dataset.

In the preprocessing phase of the text data, stopwords and unstructured information
(e.g., punctuation) were removed from the reviews, and stemming techniques were applied
to standardize the vocabulary. A unified word segmentation method was adopted to ensure
data consistency and facilitate subsequent analysis.

2.2.2. Analysis of Biometric Data

This study investigates high arch feet, flat feet, knee valgus, and knee varus. Relevant
peer-reviewed literature from the past decade was retrieved from databases such as Google
Scholar and Web of Science, with data on arch types and femorotibial angles being extracted
and standardized [8–15]. A dual review process was employed to ensure data quality, and
a data correlation table (Table 2) was constructed, summarizing both the research findings
and conclusions. Multiple rounds of review were conducted to ensure accuracy, providing
a basis for future research.

Table 2. Mapping Table of Biometric Feature Data.

User Features Experimental Data Foot Features Leg Features

High-arched foot Arch index ≤ 0.21
Focused forefoot/heel pressure

Smaller contact surface
Heel pronation

Increased burden on knee and hip
joints

Knee shows valgus and hip external
rotation

Flat foot Arch index ≥ 0.26
Increased pressure on mid-foot

Larger contact surface
Forefoot pronation

Increased burden on knee and hip
joints

Knee shows Varus and hip internal
rotation
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Table 2. Cont.

User Features Experimental Data Foot Features Leg Features

Normal arch Arch index between 0.21–0.26 Even pressure distribution Straight legs and stable gait

Genu varum
Distance between inside of

both knees > 30 mm
Femoral-tibial angle > 179◦

Foot eversion
Arch collapse

Increased lateral plantar pressure

Increased burden on the lateral aspect
of the knee

Lower limb force lines shifted
outwards

Unstable gait

Genu valgum
Distance between medial

ankle bones > 30 mm
Femoral-tibial angle < 174◦

Foot pronation
Arch increase

Increased medial plantar pressure

Increased burden on the medial
aspect of the knee

Lower limb force lines shifted
inwards

Unstable gait

The selection of biomechanical indicators is primarily based on their relevance to
the functional compatibility of footwear. For instance, the correlation between plantar
pressure distribution and the comfort of insoles, as well as the design of the shoe sole, has
been validated through numerous clinical studies, making these factors key biomechanical
indicators. These indicators were chosen not only because of their direct association with
shoe comfort and long-term foot health but also due to their frequent appearance in the
literature and their established role in supporting the functionality of footwear.

2.2.3. Mapping of Shoe Features and Biometric Data

Based on the information in Tables 1 and 2, the subcategories are consolidated, and key
features for each category are extracted through the coding matrix, resulting in a mapping
between shoe features and biometric data (see Table 3). During the mapping process,
care is taken to ensure the accurate alignment of foot-leg features with the shoe feature
subcategories. This alignment is grounded in scientific evidence and industry standards,
minimizing the influence of market-driven data. The mapping outcomes not only form
the relational edges within the KG but also provide interpretable pathways for future
recommendations and design enhancements.

Table 3. Mapping of Footwear Design Elements to Biometric Data.

User Features Foot Features Leg Features

High-arched foot
Focused forefoot/heel pressure ↔ L1(1), L2(2), L5(1)

Smaller contact surface ↔ L2(1), L3(4)
Heel pronation ↔ L2(3), L4(2), L5(3)

Increased burden on knee and hip joints ↔ L2(3),
L6(3)

Knee shows valgus and hip external rotation ↔
L4(3), L5(2), L6(3)

Flat foot
Increased pressure on mid-foot ↔ L1(3), L2(3)

Larger contact surface ↔ L3(3), L1(2)
Forefoot pronation ↔ L3(1), L2(4)

Increased burden on knee and hip joints ↔ L2(4),
L5(3)

Knee shows Varus and hip internal rotation ↔ L4(2),
L5(3), L6(4)

Normal arch Even pressure distribution ↔ L5(4) Straight legs and stable gait ↔ L3(2), L5(4)

High-arched foot
Focused forefoot/heel pressure ↔ L1(1), L2(2), L5(1)

Smaller contact surface ↔ L2(1), L3(4)
Heel pronation ↔ L2(3), L4(2), L5(3)

Increased burden on knee and hip joints ↔ L2(3),
L6(3)

Knee shows valgus and hip external rotation ↔
L4(3), L5(2), L6(3)
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Table 3. Cont.

User Features Foot Features Leg Features

Genu varum
Foot eversion ↔ L4(3), L5(4)
Arch collapse ↔ L2(4), L3(2)

Increased lateral plantar pressure ↔ L5(1), L2(2)

Increased burden on the lateral aspect of the knee ↔
L4(3), L5(4)

Lower limb force lines shifted outwards ↔ L6(3),
L2(2)

Unstable gait ↔ L6(4), L2(4)

Genu valgum
Foot pronation ↔ L4(2), L5(3)
Arch increase ↔ L1(3), L2(3)

Increased medial plantar pressure ↔ L5(3), L2(4)

Increased burden on the medial aspect of the knee
↔ L4(2), L5(3)

Lower limb force lines shifted inwards ↔ L6(4),
L2(4)

Unstable gait ↔ L6(4), L2(4)

2.3. Shoe Recommendation Approach Integrating Biological Data

As illustrated in Figure 2, the shoe recommendation approach that integrates bio-
logical data transforms a two-dimensional matrix of correlations into a multidimensional
knowledge graph to enable complex, multi-source, and heterogeneous recommendations.
The purpose of constructing the knowledge graph is to convert fragmented information
into a structured knowledge network, allowing machines to comprehend the semantic
relationships in the real world. It integrates data from multiple heterogeneous sources,
uncovers latent knowledge, and provides decision support across various domains [22,23].
In the context of shoe recommendations, this approach can dynamically connect user
behavior, shoe attributes, and biomechanics, ensuring accurate recommendations.

 

Figure 2. Technical Framework for Footwear Recommendation Based on Biometric Data.
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3. Construction of a Biometric Data-Driven Footwear Recommendation System
The methods below describe the extraction, ontology construction, and integration

processes enabling KG-based footwear recommendations driven by multimodal biome-
chanical data.

This study introduces a footwear recommendation system that integrates biomechani-
cal data. The system’s technical architecture includes modules for processing multimodal
data (MD) (such as foot pressure and gait information), matching biometric data (BD)
(specifically foot and leg characteristics), and constructing a KG, as illustrated in Figure 3.
To address complex task requirements, the system incorporates a knowledge graph to
enhance the representational capacity and precision of the recommendations, enabling
highly personalized footwear suggestions.

Figure 3. Recommender System Technical Architecture.

3.1. Extraction of Footwear Features
3.1.1. Acquisition of Core Elements

The extraction of key features from footwear is vital for both shoe design and market
research, as the composition of these features varies due to multiple influencing factors.
This section is based on the integration of multi-source data collected over the past year
and utilizes Natural Language Processing (NLP) and KG construction methods to identify
the core features and classification logic of footwear, proposing a dynamic extraction frame-
work. Detailed information regarding the sources of market data, product descriptions,
and biomechanical reference data is provided in Sections 2.2.1 and 2.2.2.

3.1.2. Technical Approaches to Feature Extraction

NLP and KG are two fundamental technologies within artificial intelligence. NLP
enables semantic understanding and generation through basic tasks such as tokenization
and pre-trained language models, which are commonly used in systems like question-
answering systems [24]. Knowledge Graphs construct a knowledge network around
entity-relationship triplets, supporting a variety of applications [25]. The integration of
these technologies is reflected in NLP’s ability to extract entity-relationship knowledge
that enriches the knowledge graph, while the knowledge graph injects domain-specific
knowledge to enhance the NLP model’s performance. Hugging Face Transformers and
Neo4j are used to support the practical application of both technologies.

3.2. Construction of the Biometric Data-Driven Footwear Recommendation Knowledge Graph
3.2.1. Pathway for Building the Footwear Recommendation Knowledge Graph

The construction of the KG comprises four layers: data layer, pattern layer, knowledge
layer, and application layer [26]. The process for building the KG is shown in Figure 4.
The first step is the development of the data layer, which involves basic tasks such as
tokenization, entity recognition, and syntactic analysis, coupled with pre-trained language
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models to achieve semantic understanding and generation. The survey data is then or-
ganized into “subject-predicate-object” triplets. The second step is to build the pattern
layer, which involves developing the ontology for the graph. In this study, the core idea
of ontology development is to design it through a biometric data-driven approach. The
third step is the development of the knowledge layer, which includes knowledge extrac-
tion and graph visualization. The final step is to build the application layer, focusing on
evaluating the functionality of the KG. We evaluated the advantages and disadvantages
of the graph through task tests and satisfaction surveys, and ultimately proposed areas
for improvement.

Figure 4. The Path to Constructing a KG for Shoe Recommendations.

3.2.2. NLP-Based Footwear Information Extraction

This study extracts information from official footwear brand websites and converts
unstructured textual data into structured information, providing a data foundation for KG-
based recommendations. The research process includes: pre-processing and simplifying
text, recognizing and extracting key entities, identifying relationships between entities,
extracting event elements, identifying features through attribute extraction, and labeling
semantic roles to clarify the role of each entity.

3.2.3. Ontology Construction for Footwear Recommendation KG

In the construction of the knowledge graph for shoe recommendation, NLP is first
employed to extract entity information from text data, such as shoe descriptions, user
reviews, and other relevant sources. This includes details about shoe style, material,
intended usage scenarios, and their interrelationships, such as “suitable for pairing” and
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“commonly used for.” Additionally, individual biomechanical features, such as arch type
and leg shape, are extracted from medical literature and sports science texts, along with the
relationships between these features and shoe characteristics, such as “suitable for” and
“should avoid.”

Within the Neo4j graph database, we define multiple classes for the shoe recommen-
dation KG, including “Shoe”, “Material”, “Structure”, “Arch Index”, and “Femoral Angle”,
among others. Each class is assigned a unique identifier through a URI naming convention.
For instance, an instance of the “Shoe” class, such as “Air Jordan”, is identified by a URI
like /shoes/Nike/AirJordan. The relationships between classes, such as “Has_matching”,
“Has_guidance”, and “Has_characteristics”, also follow consistent URI naming rules to
ensure clear and consistent semantics of the relationships, as shown in Figure 5.

 

Figure 5. Ontology Construction of KG for Shoe Recommendation.

To ensure compatibility with existing standards, we referenced existing ontologies
and product classification standards related to footwear, such as Schema.org and FOAF,
for semantic alignment. This approach allows for better data exchange and semantic
interoperability with other platforms. For example, we adapted the “Shoe” entity definition
from Schema.org, extending it to include biomechanical features like arch type and gait.

Next, specific instance data extracted from text, such as the “Air Jordan” shoe under
the “Nike” brand and its suitability for “sports” scenarios, as well as individual biome-
chanical feature data like “normal arch” and “external rotation gait,” is imported into the
Neo4j graph database for storage, forming the instances of the KG. By utilizing Cypher
query language and the semantic information in the ontology, we enable intelligent shoe
recommendations. For example, when a user inputs a request like “red Nike shoes suitable
for running for high arches,” the system can quickly and accurately recommend shoes that
meet the criteria based on the instance data in the KG.

3.2.4. Ontology and Graph Database Mapping

The Neo4j graph database consists of four elements: labels, nodes, relationships, and
properties. In the mapping process, classes are mapped to labels, instances to nodes, object
properties to relationships, and data properties to properties. This establishes a clear
correspondence between the ontology schema and the graph data model [26], as shown
in Figure 6.
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Figure 6. Ontology and Neo4j Mapping Relationships.

3.2.5. Neo4j-Based KG Visualization

Using the Neo4j Browser and the py2neo plugin, the data is loaded into Python 3.11
and converted into the appropriate programming format. Python commands are utilized
to dynamically import both entities and relationships. This import process is performed in
two stages: importing entities and importing relationships.

The visualization-based recommendation system in this study, which is built upon
a KG, consists of three core stages that complete a decision-making loop. In each stage,
visualization serves not only to present the data structure but also to aid in understanding
and validating the accuracy and effectiveness of the knowledge graph.

The first stage centers on a data-driven shoe attribute matching mechanism, as illus-
trated in Figure 7a. The system creates a shoe product ontology, converting shoe design
parameters into structured semantic features. These features are then combined with a per-
sonalized biometric data graph to generate dynamic constraints. The goal of visualization
at this stage is to help both users and designers understand the relationship between shoe
attributes and biomechanical characteristics. It also serves to verify the accuracy of the
cross-domain mapping between the biometric data space and the product feature space.
Figure 7a demonstrates how the attribute matching process works through the visualiza-
tion interface, assisting users in identifying shoe attributes that comply with ergonomic
adaptation principles.

The second stage leverages the biomechanical feature data collection and analysis
module. The system utilizes multi-modal sensors to gather foot or leg parameters from
users, constructing a personalized biometric feature graph, as shown in Figure 7b. The
visualization goal at this stage is to illustrate the compatibility between the user’s biome-
chanical data and shoe attributes, helping verify the validity of the data and the degree
of personalization in the recommendations. Through Figure 7b, users can visually assess
how well they align with the recommended shoes, which helps them better understand the
biomechanical rationale behind the recommendation.

The third stage integrates multi-source heterogeneous user-shoe data to generate a
personalized and feasible shoe recommendation plan, as shown in Figure 7c. At this stage,
the knowledge graph visualization not only displays the recommendation results but also
highlights the collaborative effects of biomechanical principles, product design knowledge,
and market dynamic data. The visualization aims to help users comprehend the underlying
logic of the recommendation system, ensuring the scientific integrity of multi-source data
integration and enhancing the interpretability of the recommendations. Figure 7c illustrates
how the integration and collaboration of multi-source heterogeneous data are visualized,
supporting the verification of the accuracy and reliability of the recommendations.
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Figure 7. KG-based Recommender System.

4. Results and Discussion on the Practical Application
4.1. Questionnaire Collection and Participant Selection

This study tests the research hypothesis using a combination of experimental data
and survey results. Conducted from 19 February 2025 to 8 April 2025, a total of 351 valid
questionnaires were collected both online and offline. These questionnaires aimed to
identify the main concerns of participants during the shoe selection process, providing
insights into common challenges and pain points that users face when choosing footwear.
Based on this data, the research team selected 12 participants aged 22–26, who met specific
criteria, for a more in-depth experimental comparison.

The questionnaire was designed to assess three key areas: background information,
shoe selection behaviors and perceptions of current issues, and the acceptance of shoe
recommendation systems. Specifically, the questionnaire collected basic information such
as gender, age, and foot shape, while also exploring issues related to the adaptability
of existing shoe size recommendation systems (e.g., whether shoes often fail to meet
individual foot characteristics). Additionally, the questionnaire gauged users’ acceptance
of biometric data-driven recommendation systems (e.g., whether participants believe an
intelligent recommendation system based on foot and leg characteristics can significantly
improve shoe selection accuracy). This data will be used to analyze the differences and
advantages of traditional shoe size recommendation methods compared to biometric data-
driven approaches.

The central hypothesis of this study is: the shoe recommendation method based on
biometric data outperforms the traditional approach and more effectively satisfies users’
personalized needs for compatibility and comfort, taking into account variations in foot
and leg types.

4.1.1. Questionnaire Results

Analyzing the dimensions, we observe that: in the demographic background, gender
distribution is balanced, with a wide age range, primarily concentrated between 25–34 years
old. Foot type distribution shows that 51.14% have normal feet, 24.5% have high arches, and
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22.79% have flat feet. Most participants purchased shoes online, with 84.9% choosing brand
official e-commerce platforms and 87.18% using comprehensive e-commerce platforms;
only 27.07% bought shoes in physical stores, as shown in Figure 8a. Regarding decision-
making in shoe selection, 71.79% relied on personal size experience and online reviews,
60.97% followed brand recommendations, but only 21.37% opted for foot biomechanics
testing, as shown in Figure 8b. The reliability of the questionnaire showed a Cronbach’s
alpha coefficient of 0.875, indicating good reliability [27]. Factor analysis suitability tests
revealed a KMO value of 0.897, and Bartlett’s test of sphericity was significant with p < 0.001,
confirming the suitability of the data for factor analysis [28]. Analysis using a five-point
Likert scale showed that respondents were moderately dissatisfied with traditional shoe
size methods, and more likely to agree that discomfort caused by foot or leg characteristics
after selecting shoes was a common issue. The majority of respondents also expressed a
preference for a personalized shoe recommendation system that incorporates foot and leg
pressure, preferring body compatibility as the basis for shoe selection decisions.

Figure 8. Questionnaire results.

4.1.2. Participant Selection

In accordance with the principles of scientific validity, ethics, and operability, and
adhering to the established inclusion and exclusion criteria, 12 participants (8 males and
4 females) were selected for this study. The selection criteria included: participants who
experienced clear fitting issues during the shoe selection process, such as mismatches
between foot shape and shoe design, or instances where the shoe size appeared to fit
but caused discomfort. Additionally, participants were required to have healthy feet,
with no history of major foot diseases or injuries, and to demonstrate a positive attitude
toward participation, following all experimental instructions and completing subsequent
comparative tasks. Detailed information is provided in Table 4.

Table 4. Basic Information About the Participants.

Gender Number Age Education Level

Male 8 22~26 Master’s degree
Female 4 22~25 Master’s degree

All participants were adults with full civil capacity, who provided informed consent
before joining the study by signing a written consent form. This consent form outlined
the study’s purpose, procedures, potential risks and benefits, the intended use of collected
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data, and the right to withdraw from the study at any time, ensuring both scientific rigor
and ethical compliance throughout the research.

It is important to note that, while the sample of 12 participants offers initial data for
validating the experimental design, the sample size is very small, and the findings should
only be considered as preliminary evidence for concept validation, not as broadly general-
izable results. The primary purpose of sampling these 12 participants was to evaluate the
feasibility and potential effectiveness of the bio-data-driven shoe recommendation system
in the shoe selection process. Future studies should replicate this experiment with a larger
sample to further confirm these initial findings.

4.2. Application Testing of the Recommendation System

This study employs a cross-experimental design to evaluate the effectiveness of a
foot recommendation strategy. Twelve participants were tested sequentially under two
conditions: one based on foot and leg shape features (experimental group) and the other
based on traditional shoe size recommendations (control group). During the experiment, a
Kingfar pressure measurement device with a sampling frequency of 8Hz was used to collect
foot pressure data. Additionally, a Kinect v2 depth sensor (depth resolution: 512 × 424) was
utilized to capture the participants’ three-dimensional lower limb shape features [29], as
shown in Figure 9a,b. Data from both the pressure device and Kinect sensor were collected
and calibrated in real-time using the ErgoLAB 3.0 ergonomic platform and Kinect SDK 2.0.

Figure 9. Experimental Equipment and Participants.

The calibration procedure for the pressure measurement device involved multi-point
calibration in both static and dynamic conditions to ensure measurement accuracy and
consistency. The Kinect sensor was calibrated using a spatial calibration board to enhance
the accuracy and reliability of the three-dimensional data. All participants completed
standardized tests under both experimental conditions (Figure 9c), with the test order
randomized to mitigate potential learning and sequence effects.
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4.2.1. Experiment Acquisition and Analysis of Biometric Data

The arch index and femorotibial angle are crucial indicators for assessing the structure
and function of the lower limbs. The arch index is used to evaluate the shape of the foot
arch, with the normal range typically between 0.21 and 0.26. This value reflects the height
and flexibility of the arch; an excessively high value may indicate a high-arched foot,
while a low value could suggest flat feet [30]. The femorotibial angle is used to assess the
alignment of the knee joint, with a normal range typically between 174◦ and 179◦, reflecting
the angle between the femur and tibia. A larger femorotibial angle may indicate knee varus
(O-shaped legs), while a smaller angle may suggest knee valgus (X-shaped legs) [31].

This study collected key experimental data through multimodal biomechanical analy-
sis. The results from foot pressure tests revealed distinct pressure patterns in the subjects
during static standing. After preprocessing with the ErgoLAB 3.0 platform, the arch index
was calculated using the footprint area ratio algorithm, based on the foot pressure data.
The formula is as follows:

Arch Index =
Amidfoot

Aforefoot + Arearfoot
×100% (1)

where
Amidfoot: Contact area of the midfoot region, which spans from the navicular to the

cuboid bones.
Aforefoot: Contact area of the forefoot region, which includes the metatarsals and

phalanges, mainly responsible for providing propulsion and flexibility.
Arearfoot: Contact area of the rearfoot region, including the talus and calcaneus, which

are essential components of the ankle joint.
For lower limb morphology analysis, a three-dimensional skeletal model was recon-

structed using the Kinect SDK 2.0 to measure the femorotibial angle on the coronal plane.
This angle is defined as the angle between the mechanical axis of the distal femur and the
mechanical axis of the proximal tibia. Data collection is illustrated in Figure 10.

Figure 10. Plantar Pressure and Skeletal Line Acquisition.

The arch index demonstrates comparable reliability to other arch height measurements,
with the footprint area ratio algorithm selected for its simplicity. The foot length, excluding
the toes, is divided into three equal sections: A for the forefoot, B for the midfoot, and
C for the rearfoot. The arch index is calculated by dividing the midfoot area (B) by the
total footprint area (i.e., arch index = B/[A + B + C]) [32], as shown in Figure 11a. This
process for calculating the arch index consists of three steps. First, the foot pressure map is
converted to a grayscale image and binarized using Otsu’s thresholding method to extract
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the pressure areas, as shown in Figure 12a,b. Second, each foot is divided into the forefoot,
midfoot, and rearfoot sections, as illustrated in Figure 12c. Finally, the pixel area for each
section is calculated, and the arch index is derived, with results presented in Table 5.

Figure 11. Footprint Area Ratio and Femoral-tibial Angle.

Figure 12. Foot Pressure Mapping: (a) Grey Scale. (b) Binarisation. (c) Trisection.

Table 5. Arch Index (AI) and Femoral Tibial Angle (FTA) Results.

Participants 1 2 3 4 5 6 7 8 9 10 11 12

Left Foot AI 0.119 0.188 0.274 0.214 0.157 0.095 0.067 0.033 0.256 0.077 0.149 0.125
Right Foot AI 0.115 0.197 0.263 0.217 0.123 0.138 0.163 0.065 0.329 0.124 0.181 0.088
Left Leg FTA 182◦ 178◦ 179◦ 181◦ 178◦ 179◦ 181◦ 177◦ 173◦ 179◦ 172◦ 173◦

Right Leg FTA 180◦ 175◦ 179◦ 180◦ 177◦ 179◦ 182◦ 173◦ 171◦ 179◦ 173◦ 173◦

In three-dimensional Euclidean space, the femoral-tibial angle (FTA) is defined as the
angle between the projection of the femoral mechanical axis direction vector (vf) and the
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tibial mechanical axis direction vector (vt) on the coronal plane [31]. The mathematical
expression is given by:

FTA = arccos
(

vf·vt

∥ vf ∥·∥ vt ∥

)
(2)

where
vf: the femoral mechanical axis direction vector, defined as the unit vector from the

center of the femoral head to the center of the knee joint (the midpoint of the femoral
intercondylar notch).

vt: the tibial mechanical axis direction vector, defined as the unit vector from the
geometric center of the proximal tibial plateau to the center of the ankle joint (the midpoint
of the medial and lateral malleolus), independent of the medullary cavity’s morphology.

∥·∥: denotes the vector magnitude operator.
arccos: inverse cosine function.
This formula is based on the cosine theorem in vector space. The core principle is to

quantify the spatial relationship between the two axes by utilizing the geometric properties
of the vector dot product. The numerator vf·vt represents the correlation of the projections
between the two vectors, and its value is equivalent to ∥vf∥·∥vt∥·cosθ. The denominator,
∥vf∥·∥vt∥, is a normalization factor that eliminates the effect of vector length differences on
the angle calculation. The inverse cosine function (arccos) then maps the normalized scalar
value to an angle.

In this study, the range of the FTA computed using the three-dimensional vector
projection method is confined to [0◦, 180◦], which is determined by the mathematical prop-
erties of the inverse cosine function. However, the “apparent angle” (e.g., 181◦) reported in
traditional clinical measurements arises from the geometric projection properties of two-
dimensional X-ray images. When the femoral and tibial axes are significantly misaligned
medially in the coronal plane, the extension lines of these axes outside the projection plane
create a virtual intersection, resulting in an extrapolated angle. This discrepancy stems
from differences in the definitions of measurement rather than a computational error. The
FTA was computed by extracting the coordinates of the hip, knee, and bare joints, with the
results shown in Table 5.

4.2.2. Biometric Data-Driven Shoe Recommendation Process and Results

Based on the results outlined above, we quantitatively evaluated the biomechanical
characteristics of the foot and lower limb, classifying 12 subjects systematically. The foot
arch index analysis revealed that 9 subjects were diagnosed with high arches (foot arch
index ≤ 0.21), 2 subjects with flat feet (foot arch index ≥ 0.26), and 1 subject fell within
the normal range (0.21–0.26). In the lower limb alignment evaluation, which involved
measuring the FTA, the results showed that 3 subjects exhibited knee varus (FTA > 179◦),
4 subjects had knee valgus (FTA < 174◦), and 5 subjects had a normal physiological leg
angle (FTA 174◦–179◦).

We constructed a biometric data-driven KG using the Neo4j graph database. A dy-
namic Cypher query strategy was employed to map each subject’s biometric parameters
(e.g., arch index, FTA) to standardized entities within the KG. The KG was visualized
through a directed layout, illustrating the biomechanical relationships between foot arch,
knee joint, and shoe features. The KG recommendation path is shown in Figure 13, where
shoe attributes are matched with biometric data to generate personalized recommenda-
tions. Due to the large-scale nature of the shoe database construction, the initial system
architecture focused on recommending shoe features. To further validate the system’s
effectiveness, we selected specific shoes for the experimental group based on their features,
enabling experimental verification.
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Figure 13. Shoe Recommendation Process Based on Biological Data.

4.2.3. Shoe Recommendation Results Analysis

Based on the biometric features of the subjects, the experimental shoe set is selected
by matching shoe characteristics with the subjects’ biometric profiles, as shown in Table 6.
Currently, the system is in the lightweight phase, and the integration of multi-source data
remains limited, primarily drawing from official brand websites such as Nike, Adidas,
Asics, and Brooks. As a result, the recommendation system currently operates on a 1-to-1
basis, where each specific shoe feature corresponds to a single recommended shoe for the
experimental group. Moving forward, the system will undergo upgrades to support a
1-to-many recommendation model. Specifically, the system will incorporate collaborative
filtering algorithms, leveraging user purchase history and behavioral data to generate a
recommendation list containing multiple shoes. This will allow for more personalized shoe
recommendations tailored to each user.

Table 6. Biodata-Driven KG Shoe Recommendation Results (Experimental group).

Participants Recommended Shoes Reason for Recommendation

1 Nike Air Max 270 Featuring a foam sole and air cushion construction with a low-top shape
2 Nike ZoomX Vaporfly Combines a foam sole, air cushion construction, carbon plate technology
3 Asics Gel-Nimbus 23 EVA midsole and rubber sole provide comfort and abrasion resistance
4 Adidas Ultraboost 22 Streamlined low-top design combined with air-cushioned construction
5 Nike ZoomX Vaporfly Same as 2
6 Nike ZoomX Vaporfly Same as 2
7 Nike Air Max 1 Low-top design with foam sole and air cushion construction
8 Nike Air Zoom Pegasus Foam sole, air cushion construction and removable insole
9 Brooks Glycerin 19 Features a combination of EVA midsole and rubber sole
10 Nike ZoomX Vaporfly Same as 2
11 Nike Air Zoom Pegasus Same as 8
12 Nike Air Zoom Pegasus Same as 8

Additionally, future versions of the system will feature dynamic learning based on
user preferences. By analyzing user feedback—such as preferences or aversions toward
specific shoes—the recommendation model will be continuously optimized. This will
enable the system to provide a more accurate range of shoe options that align with both
users’ biometric characteristics and their personal preferences, improving the accuracy of
recommendations and enhancing user satisfaction.

Regarding the database, we plan to expand the data sources by integrating a broader
variety of shoe brands and types. This will include acquiring comprehensive market data
from various e-commerce platforms, such as Amazon and JD.com, as well as incorporating
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user preference data from diverse regional markets. This expansion will help diversify the
database and enable the recommendation system to better cater to the varied demands of
different market segments.

To achieve this goal, we expect to complete the optimization of the system architecture
and the expansion of the database within the next 12 to 18 months. In subsequent versions,
we will gradually incorporate collaborative filtering and user preference learning capabili-
ties. This technological advancement will significantly enhance the system’s flexibility and
adaptability, enabling it to perform more effectively across diverse markets and meet the
growing demand for personalized recommendations.

The control group shoes were selected through a standardized process, using the
subjects’ most recent self-purchased shoes as a baseline, thus eliminating potential biases
introduced by brand preferences or purchase channels. The recommendation results are
presented in Table 7.

Table 7. Shoe Recommendation Results Based on User Preferences (Control group).

Participants Recommended Shoes Participants Recommended Shoes

1 New Balance NB 327 7 Timberland Motion6
2 ERKE high-top boardshorts 8 Skechers D’Lites1
3 Superstar Shoes 9 Balenciaga3xl
4 Air Force 1 10 Air Jordan 1
5 ERKE boardshorts 11 Nike Vomero17
6 Air Jordan 1 12 Air Force 1

The experimental design followed a randomized, double-blind, crossover control trial.
Participants wore shoes from both the experimental and control groups in succession, each
for a 15 min standardized gait task. The tasks included walking on flat ground, climbing
stairs, and other combined movements. A minimum 48 h interval was maintained between
tests to prevent fatigue effects. Upon completion of the trial, a double-blind subjective
evaluation was conducted using a seven-point Likert scale, which had been validated
for reliability and consistency. The evaluation assessed various biomechanical perception
metrics, including stability and overall satisfaction.

To evaluate the differences in shoe recommendation effectiveness between the exper-
imental and control groups, this study utilized IBM SPSS Statistics 27 software for data
analysis. Initially, descriptive statistics were performed on the stability and satisfaction
scores of the two groups to understand the basic distribution of the data. Subsequently,
independent samples t-tests were conducted to compare the scores of the experimental
and control groups, assessing the statistical significance of the recommendation system’s
performance. A significance level of α = 0.05 was applied, meaning that a P-value less than
0.05 was considered statistically significant. Additionally, normality tests were carried out
on the scores to ensure that the data met the assumptions required for t-testing.

This study employed a controlled experiment (n = 12 in both the experimental and
control groups) to assess the superiority of the bio-data-driven KG recommendation system
in the dimension of subjective perception. The analysis revealed significant differences in
both stability and satisfaction between the two groups. The experimental group reported
significantly higher stability (5.92 ± 0.79) and satisfaction (6.42 ± 0.67) scores compared
to the control group (3.83 ± 0.72 and 3.67 ± 0.89, respectively). The independent samples
t-test showed statistically significant differences for both stability (p < 0.001) and satisfaction
(p < 0.001), and these differences remained significant after Bonferroni correction. In terms
of effect size, the Cohen’s d for stability was 2.71, indicating a large effect, while the Cohen’s
d for satisfaction was 3.51, also indicating a large effect. These findings demonstrate that
the bio-data-driven KG recommendation system provides a statistically significant and
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practically valuable improvement over traditional size-matching methods, particularly in
terms of biomechanical compatibility.

To further validate the superiority of the data-driven KG recommendation system in
terms of subjective perception, this study also analyzed users’ comfort and fit perceptions.
The differences in comfort ratings between the experimental and control groups indicate
that the KG recommendation system significantly enhances user comfort and shoe fit.
After using the KG recommendation system, users were more likely to choose shoes that
aligned with their individual biomechanical characteristics, which significantly increased
the satisfaction ratings of the recommendation system (experimental group satisfaction
rating: 6.42 ± 0.67 vs. control group: 3.67 ± 0.89).

In addition to significant differences in stability and satisfaction, the experimental
group also demonstrated superior performance in other biomechanical indicators com-
pared to the control group. For instance, after using the KG recommendation system, the
experimental group exhibited a marked improvement in the plantar pressure distribution
of the footwear. This result aligns with the findings of previous studies (Menz et al., 2021),
which indicate that appropriate footwear recommendations can significantly enhance plan-
tar pressure distribution and improve foot comfort [33]. Furthermore, Cheng et al. (2022)
highlighted that optimizing arch support design can effectively reduce pressure in the
forefoot, further confirming the efficacy of the KG recommendation system [34]. Users
in the experimental group reported reduced forefoot pressure in the KG-recommended
footwear, particularly in the medial forefoot.

Regarding user feedback, the experimental group demonstrated higher satisfaction
with the recommendation system. According to post-assessment evaluations, 8 out of
12 participants (67%) reported that the shoes recommended by the KG system offered better
comfort and more suitable shoe choices. This feedback is corroborated by biomechanical
data. For instance, the 9 participants reported reduced pressure in the forefoot area and felt
less discomfort during walking and running. Additionally, 7 participants indicated that
the shoes recommended by the KG system helped alleviate knee discomfort, particularly
during prolonged standing.

Biomechanically, the differences in features between the experimental and control
groups reinforce the effectiveness of the KG recommendation system. Notably, users with
higher arches in the experimental group experienced a significant reduction in forefoot
pressure, which is consistent with Cheng et al. (2022)’s findings on footwear with arch
support [34]. Through the integration of arch index and insole design within the KG
model, the experimental results further validate the accuracy of the KG recommenda-
tion system. Additionally, the observed reduction in knee varus moment corresponds
with specific design features, such as insole cushioning and arch support, found in the
KG-recommended footwear. These biomechanical improvements are consistent with es-
tablished principles in the literature [35,36], reinforcing the scientific foundation of the KG
recommendation system in footwear design and showcasing its potential for personalized
footwear recommendations.

However, this study does have certain limitations, particularly regarding sampling
selection bias and the control of blinding in experiments. Firstly, although the sampling
process was random, the participants’ age and activity levels predominantly ranged from
22 to 26 years, which may limit the generalizability of the findings, especially in terms
of applicability to other age groups or individuals with varying activity levels. Secondly,
despite efforts to minimize the influence of confounding variables, selection bias could
still potentially affect the results. For example, the participants may be biased towards
those with higher physical activity levels or greater biomechanical demands, which could
influence the broader applicability of the results. Additionally, this study failed to imple-
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ment full experimental blinding, and the researchers may have unintentionally influenced
the interpretation of the data during the collection and analysis phases. Therefore, future
research should strengthen blinding procedures, expand the sample size to include partici-
pants from diverse age groups and activity levels, and consider other factors that might
affect the effectiveness of the recommendation system, in order to validate the universality
and reliability of the KG-based recommendation system.

By analyzing users’ biomechanical data, the KG recommendation system can dy-
namically adjust its recommendation criteria. For example, when the system detects a
high arch, it prioritizes recommending shoes with enhanced arch support, optimizing the
recommendation process. The system also adjusts the comfort ratings of the recommended
shoes based on real-time data, improving the accuracy of the match. Through continuous
feedback on users’ foot characteristics and performance, the KG model can iteratively
improve recommendation accuracy and user satisfaction, thus verifying the effectiveness
of bio-data-driven personalized recommendation systems.

5. Conclusions
This study introduces a biometric data-driven KG framework for personalized shoe

recommendations. Its innovation lies in combining biometric features, such as the arch
index and tibiofemoral angle, with ergonomic design principles, thereby overcoming the
limitations of traditional size-based fitting systems. The system employs multi-modal data
integration, initially utilizing a natural language processing framework alongside a domain
expert knowledge base to extract relevant entities such as biometric attributes and shoe
models from various sources. A multi-layer semantic matrix is then constructed to form
the KG recommendation system. The system further integrates pressure sensors and 3D
skeletal capture devices to collect real-time biomechanical data, which is mapped to KG
nodes for generating personalized recommendations. Additionally, a hybrid collaborative
filtering mechanism is utilized to optimize the recommendation process across multiple
dimensions. Results from a double-blind controlled experiment show that the experimental
group significantly outperforms the control group in terms of stability, satisfaction, and
other key metrics, validating the superior ergonomic fitting performance of this system.

There are several directions for improvement in this research. First, the database
architecture is limited, with weak integration of heterogeneous data sources. Future work
will involve reconstructing the database to support multi-dimensional data fusion and
dynamic updates, enhancing both the data ecosystem’s integrity and scalability. Second,
the recommendation model currently serves as a lightweight prototype, and its adaptation
to various biometric features requires further optimization. We plan to perform transfer
learning experiments using open-source bioinformatics databases to develop an intelligent
recommendation system that incorporates dynamic feedback based on biological markers.
Third, the sample used for validation may be subject to bias, and future research will incor-
porate large-scale, multi-center, longitudinal cohort data from multiple regions. Stratified
sampling and adversarial training strategies will be employed to increase the model’s
robustness and generalizability.
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