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Abstract

Background: Oral health surveys largely facilitate the prevention and treatment of oral diseases as well as the awareness of
population health status. As oral health is always surveyed from a variety of perspectives, it is a difficult and complicated task
to gain insights from multidimensional oral health surveys.

Objective: We aimed to develop a visualization framework for the visual analytics and deep mining of multidimensional oral
health surveys.

Methods: First, diseases and groups were embedded into data portraits based on their multidimensional attributes. Subsequently,
group classification and correlation pattern extraction were conducted to explore the correlation features among diseases, behaviors,
symptoms, and cognitions. On the basis of the feature mining of diseases, groups, behaviors, and their attributes, a knowledge
graph was constructed to reveal semantic information, integrate the graph query function, and describe the features of intrigue
to users.

Results: A visualization framework was implemented for the exploration of multidimensional oral health surveys. A series of
user-friendly interactions were integrated to propose a visual analysis system that can help users further achieve the regulations
of oral health conditions.

Conclusions: A visualization framework is provided in this paper with a set of meaningful user interactions integrated, enabling
users to intuitively understand the oral health situation and conduct in-depth data exploration and analysis. Case studies based
on real-world data sets demonstrate the effectiveness of our system in the exploration of oral diseases.

(JMIR Med Inform 2023;11:e46275) doi: 10.2196/46275
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Introduction

Background
It is well known that oral health affects systemic health. Oral
infections and inflammatory factors have been proven to be
highly related to chronic diseases, such as cardiovascular and
cerebrovascular diseases and diabetes mellitus [1]. In the field
of clinical medicine, oral diseases can be prevented and treated

by means of regular professional dental treatments and
appropriate oral hygiene practices, which would do great favors
for oral health, advance systemic well-being, and improve the
quality of life.

As an effective way to investigate oral health status, oral health
surveys can determine the frequency, intensity, and spread of
oral diseases, such as oral behaviors, oral health cognition, and
quality of life in a particular time frame [2]. On the basis of the
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analysis and mining of oral health surveys, we can obtain deeper
insights into the oral health status of individuals, understand
oral diseases, and identify their impacting factors.

However, oral health surveys are always conducted from
different perspectives and thus, are presented in the form of
multiple dimensions. Traditional data mining methods always
use simple statistical charts to visualize surveys, which are
limited for the efficient and intuitive mining of deep-seated
information. For example, it is difficult to observe the
differences and similarities among different oral diseases. The
oral health status across different areas and age groups lacks
representative descriptions and intuitive comparisons. Thus, it
is a difficult task to gain insights from multidimensional oral
health surveys, especially for the exploration of relationships
among diseases, behaviors, symptoms, and other attributes.

After a series of in-depth discussions with domain experts in
the field of stomatology, it was concluded that a visualization
system can deliver more comprehensive, interactive, and
understandable information to users, which can further help
them analyze oral health data rapidly and effectively. However,
some challenges remain in implementing an oral health
survey–oriented visualization system:

• Challenge 1: both oral diseases and related individuals have
different general traits, which makes it difficult to present
and compare the different characteristics of oral diseases
in addition to their related populations (groups).

• Challenge 2: the occurrence and progression of oral diseases
have their own rules, and unhealthy or careless behaviors
will prompt the rise of oral diseases. Therefore, it is
necessary to investigate the correlations between the
diseases and behaviors.

• Challenge 3: oral health surveys include a rich set of data
attributes, such as groups, diseases, and behaviors, which
present various semantic relationships. It would be of great
interest to explore the semantic relations from
multidimensional attributes and provide an intelligent
retrieval tool based on these relations.

To address the challenges, we developed a visualization
framework for the visual analytics and deep mining of
multidimensional oral health surveys. First, we designed a set
of visualizations to depict the characteristics of diseases and
groups combined with multidimensional attributes, such as the
struct view, radar view, and cloud view, allowing the
comparison of the different traits between various oral diseases
and groups (challenge 1). We then designed a scatterplot matrix
to analyze the correlation between diseases, behaviors,
symptoms, and cognition based on group information, which
can further help users discover the relationships among diseases,
behaviors, and other attributes (challenge 2). Furthermore, a
knowledge graph was designed to integrate diseases, groups,
behaviors, and other information, allowing users to gain an
overarching view of people with oral diseases. In addition, a
query function was provided to conduct personalized retrieval,
allowing users to obtain a more detailed understanding of human
interests (challenge 3). A visualization framework was
implemented to integrate a set of meaningful interactions,
allowing users to obtain deeper insights into the patterns of oral

diseases according to their requirements. Case studies based on
real-world data sets were conducted to demonstrate the
effectiveness of our system in visual analytics and deep mining
of oral health surveys.

The major contributions of our work are summarized as follows:

• The characteristics of diseases and groups were depicted
through portraits in light of multidimensional attributes,
enabling users to intuitively and efficiently convey and
disseminate information.

• A visualization framework was implemented to enable users
to visually analyze and deeply mine the correlation features
among oral diseases, behaviors, symptoms, and cognitions.

• A knowledge graph visualization was designed to generate
structured knowledge containing semantics, supporting
efficient queries on groups or attributes to grasp the
semantic characteristics of multidimensional oral health
surveys from macro and micro perspectives.

Related Work
This section covers 3 relevant topics: survey data visualization,
multidimensional data visualization, and knowledge
graph–based data mining.

Survey Data Visualization
Questionnaire survey is a key research tool to uncover and probe
the existing states in many research domains [3]. Visualization
provides analysts with deeper insights of information through
visual recognition. Many researchers have applied data
visualizations to realize hidden information capture and
personalized exploration of questionnaire data. For example,
Drapala et al [4] designed multidimensional data visualizations
to explore surveys for the evaluation of information systems.
Zhang et al [5] visualized the questionnaire data collected from
patients and committed to predetermining orphan disease.

Surveys are widely used in medicine [6]. The World Health
Organization provides guidelines for national oral surveys,
enabling massive epidemiological studies and discussing survey
principles. Powell et al [7] conducted a web-based questionnaire
to determine the characteristics of health information seekers
visiting a national health service website. O’Brien et al [8]
conducted a web-based survey to investigate the use of disability
and rehabilitation services among Canadian adults living with
HIV. Aggarwal et al [9] piloted a large number of patient
samples to explore the patients’views on using their health data
in artificial intelligence research. Nakamura et al [10] compared
clinicians’ and patients’ perspectives on treating the symptoms
of acute cerebral hemorrhage using survey data.

Multidimensional Data Visualization
Multidimensional data visualization [11] aims to express
complex data in a visually intuitive format, using interactive
elements to enable users’ comprehension of the correlation
among various dimensions of the data. With the development
of science and technology, multidimensional data have been
reflected in a variety of fields. The oral surveys used in this
study were multidimensional data with attributes, such as
diseases, regions, ages, and behaviors. Currently,
multidimensional data visualization includes spatial mapping,
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glyph [12], small multiples [13], and other methods. Examples
of spatial mapping include scatterplot matrices [14,15], parallel
coordinates [16,17], table lenses [18], pixel charts [19], and
dimensionality reduction [20,21]. Scatterplot matrices and
parallel coordinates are the 2 most widely used multidimensional
data visualization strategies. The scatterplot matrix presents
high-dimensional data using scatterplots, arranging them based
on attributes. This mapping from multidimensional to 2D space
helps identify correlations, clusters, outliers, and other notable
characteristics. It is a valuable tool for exploring and analyzing
complex data sets. Parallel coordinates use a series of parallel
axes to represent each variable dimension of high-dimensional
data, with the position along each axis corresponding to the
variable’s value.

In addition to the conventional multidimensional visualizations
mentioned above, users can use data portraits [22] to define and
describe the various attributes of objects. Data portraits provide
a more tangible representation of multidimensional data,
allowing for a condensed and effective perception of information
panoramas; for example, Xiong and Donath [23] proposed a
novel graphical representation based on users’past interactions,
encoding people’s data with flower and garden metaphors. He
et al [24] used accounting indexes to draw the data portrait of
the value creation index of all 17 industries, by means of which
the characteristics of various industries under COVID-19 can
be captured. In this study, we applied data portraits to depict
diseases and groups of different regions, genders, and ages.

Knowledge Graph–Based Data Mining
The knowledge graph, introduced by Google in 2012 to refine
its search engine, is a typical multilateral relational graph
comprising entities and relationships [25]. It serves as a semantic
network that reveals the connections between various elements.
Knowledge extraction [26], knowledge fusion [27], and
knowledge reasoning [28] are the fundamental components
involved in constructing a knowledge graph. Knowledge
extraction is the process of extracting valuable structured
information from large-scale text data, where entity extraction
[29] refers to identifying specific entity objects in the text,
whereas relation extraction involves extracting the associations
and connections between entities. Knowledge fusion involves
leveraging technologies such as information extraction, entity
alignment, and relationship linking to integrate knowledge from
multiple knowledge graphs. This integration results in a more
comprehensive, consistent, and accurate knowledge system that
enhances knowledge discovery, inference, and application.
Knowledge reasoning can generate new factual conclusions by
using entity and relation information, thereby expanding the
knowledge graph. This process can be categorized into 3 types:
logical rule–based reasoning [30], distributed feature
representation–based reasoning [31], and deep learning–based
reasoning [32].

The data derived from knowledge reasoning can be leveraged
in a variety of downstream tasks related to knowledge graphs,
such as recommendation systems [33], question answering [34],
and information retrieval [35]. For instance, Li et al [36]
introduced KG4Vis, a knowledge graph–based visual
recommendation method that learns the embedding of

knowledge graph entities and relations to capture ideal visual
rules. Sousa and Couto [37] provided a new system, named
K-BiOnt, by integrating knowledge graphs into biomedical
relation extraction, improving the system’s ability to identify
true relations. Tang et al [38] proposed an intelligent
question-answering search system for electric power domain
knowledge. The system uses knowledge reasoning to retrieve
and analyze information accurately and presents the query
results in a visual format. Latif et al [39] developed a
visualization system, VisKonnect, to analyze the intertwined
lives of historical figures according to the events they
participated in through a knowledge graph.

Methods

Oral health data are introduced in this section. A series of
analytical tasks are then defined following a thorough discussion
with dental experts. Further presentation of the pipeline of our
visualization system is encouraged, with the goal of completing
the desired analysis tasks.

Data Description
In this study, the real-world data set was obtained from the Oral
Health Status Survey and Prevention of Common Diseases in
Zhejiang Province [40]. The survey covered several areas,
including Jianggan, Hangzhou; Yuyao, Ningbo; Luqiao,
Taizhou; Wenling, Taizhou; Wuyi, Jinhua; and Liandu, Lishui.
The respondents were from 5 age groups: 3 to 5 years, 12 to 15
years, 35 to 44 years, 55 to 64 years, and 65 to 74 years,
representing both urban and rural communities. The data set
depicts the oral health status of individuals in 5 age groups in
these 6 regions as well as behaviors, symptoms, and cognition
associated with oral health. In total, 17 diseases, 14 behaviors,
10 symptoms, and 11 cognitions were considered as research
qualities after sorting.

Ethical Considerations
As the data used in the study were deidentified, no ethical
approval was sought.

Task Analysis
After detailed discussions with domain experts in the form of
structured interviews, we developed a list of analytical tasks
for the visual analysis of oral health based on oral health survey
reports.

Task 1: How Can the Characteristics of Various Oral
Diseases Be Described and Compared?
There are many types of oral diseases, including caries,
periodontal disease, and oral mucosal disease. Unfortunately,
some simple traditional statistical analyses struggle to uncover
the underlying characteristics of the various diseases behind the
data. Is a disease, for example, more likely to occur in men or
women? At what age group may a malady be more likely to
happen? Intuitive and efficient induction will play a vital role
in medical research as well as in the formulation of preventive
measures.
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Task 2: How Can We Describe and Compare the
Characteristics of Oral Diseases Among Different
Groups?
Different age, region, and gender groups exhibit distinct overall
characteristics in terms of prevalence and related attributes.
Analyzing various groups based on disease, behavior, symptoms,
cognition, and other dimensions can address the limitations of
traditional summary evaluations. It enables us to grasp the
specific requirements of different groups, aids in the efficient
allocation of medical resources to enhance medical service
quality, and provides a more comprehensive and precise
depiction of the overall disease situation and characteristics of
individuals.

Task 3: How Can the Association Among Oral Diseases,
Behaviors, Symptoms, and Cognition Be Explored and
Presented?
Each disease has its own set of rules regarding its occurrence
and development, and it is often the case that bad behavior or
carelessness can contribute to the likelihood of developing a
disease. Is smoking associated with gum bleeding? Is tooth loss
associated with food restriction symptoms? Grasping the
relationship between oral diseases, behaviors, cognitions, and

symptoms and how these factors interact with each other is a
nontrivial task that requires the analysis of intricate and abstract
data.

Task 4: How Can Semantic Information of Data Be
Revealed in Interpretable Insight and Offer Assistance
for Personalized Investigation?
How can we enhance and present the relationship between
diseases, behavior, and other factors discovered after mining
the correlation? How can users swiftly grasp the traits of specific
diseases or groups at a detailed level? In addition, how can users
gain a comprehensive understanding of the overall semantic
context encompassing diseases, groups, behaviors, and other
attributes from a macro perspective? Using effective
visualizations can substantially aid users in comprehending and
preventing oral diseases, promoting health awareness, and
fostering healthy coping strategies.

System Overview
In this study, we developed a multidimensional survey
visualization system for oral health that enables users to perceive
the characteristics and patterns of oral diseases. Figure 1 shows
the pipeline of the system to illustrate the design and
implementation of the visualization framework.

Figure 1. The pipeline of our visualization system.

Before visualization, the original oral survey report data set is
loaded and preprocessed in 3 steps: weighted evaluation,

normalization, and classification. Then, rich visualizations are
leveraged for the visual analysis of multidimensional oral health
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data, focusing on portrait analysis, correlation analysis, and
semantic analysis. Various types of views, including the struct
view, radar view, and cloud view, are used to depict the data
portraits of diseases and groups. A scatterplot matrix view can
be used to examine the correlation of attributes between groups
and analyze the differences between groups. A graph view is
used to link groups, diseases, behaviors, symptoms, and
cognitions, thereby uncovering the semantic associations.
Thereafter, the system’s effectiveness in revealing
multidimensional oral health surveys is evaluated through case
studies, user studies, and expert interviews. In addition, a rich

visual interface and user-friendly interactions are provided for
users to explore the multidimensional oral health data in depth.

Visual Exploration
We developed a user-friendly visualization system to help users
observe oral disease characteristics, disease-behavior
correlations, and the semantic information of diseases and
multidimensional attributes. This system includes a control
panel (Figure 2A), group view (Figure 2B), scatterplot matrix
view (Figure 2C), struct view (Figure 2D), graph view (Figure
2E), and radar view (Figure 2F), offering user-friendly
interaction.

Figure 2. The visualization interface for a multidimensional oral health survey. (A) A control panel enabling users to load data sets and select attribute
labels for different groups. (B) The group view to show the composition features and allow users to select groups. (C) The scatterplot matrix view to
reveal the correlation features of attributes. (D) The struct view to present the characteristics of oral diseases. (E) The graph view illustrating the semantic
knowledge of attributes such as population and disease. (F) The radar view with 2 cloud views to reveal the characteristics of different groups on
attributes such as diseases and behaviors. AE: ashamed to eat; AL: attachment loss; BCGI: Bacteria can cause gum inflammation; BCTD: Bacteria can
cause tooth decay; BGNBT: Bleeding gums are normal when brushing teeth; BT: brush the teeth; BTUPBG: Brushing teeth is useless in preventing
bleeding gums; DC: difficulty chewing; CW: communication worry; DRoot: decayed teeth root due to caries; DROOT: decayed teeth root due to caries;
DT: decayed tooth; DW: dietary worry; ESCTD: Eating sugar can cause tooth decay; FCPT: Fossa closure can protect the teeth; FDNPT: Fluoride does
not protect teeth; FHE: father's highest education; FL: food limitation; FRoot: fill teeth root due to caries; FROOT: fill teeth root due to caries; ft: fill
deciduous tooth due to caries; FT: fill tooth due to caries; GBI: bleeding gums index; HE: highest education; HS: hinder to speak; MHE: mother's highest
education; MT: missing tooth; OC: only child; OHIL: Oral health is important to life; PDD: periodontal pocket depth; PDL: periodontal pocket depth
4~6mm; PW: pronunciation worry; ROCI: Regular oral check-ups are important; SD: swallowing discomfort; ST: Time since the last dental visit; SW:
sleep worry; TCI: Tooth condition is innate, not acquired; TS: tooth sensitivity; TW: toothwash within 12 months; UT: Use the toothpick.

Data Portrait Analysis

Struct View
To visually and effectively depict different diseases, we designed
the struct view. Disease profiles are presented as large rectangles
containing smaller rectangles, categorized by area, gender, age,
and city. Each small rectangle’s width represents the prevalence
rate of the disease, whereas its color is randomly chosen.
Clicking a small rectangle on the screen will display the region,
gender, age, and urban and rural areas, along with the prevalence
value. In total, 17 diseases were identified. To accommodate
the limited screen space and enhance visual presentation, users
can use sliding blocks.

Radar View
Radar view is a widely used metaphor in visualization. It allows
for the presentation and comparison of group characteristics
based on area, age, and gender. We developed a radar view
specifically for this purpose. When the user selects a group, the
radar view displays the disease attribute values in the specified
region and age group for both men and women. Each axis maps
the number of teeth with a type of oral disease to comprehend
and compare the oral disease status of men and women in a
fixed region and fixed age from a single radar view. By choosing
different radar views, we can also compare different age groups
and regional groups from the list.
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Cloud View
To indicate distinct behaviors, symptoms, and cognitions of
each group and explore their correlation with diseases, we offer
cloud views that correspond to male and female groups in
addition to the radar view. The original data provide the
prevalence rate and average number of teeth for the disease
attribute in each group. However, the attributes related to
behaviors, cognition, and symptoms are usually represented by
the proportions of individuals in different degrees. Drink sweat
milk, for instance, divides individuals into 4 categories: seldom,
1 per month, 1 per week, and ≥1 per day. It is challenging to
evaluate and compare the strengths of each group in these
attributes. To address this, we calculated the weighted average
and converted it to a value between 0 and 1, known as the
strength value. Words are color-coded based on their attribute
category, and their size indicates the attribute strength. In this
way, users can gain a more intuitive understanding of the
behaviors, cognition, and symptoms of different groups and
compare them to disease features in the radar view.

Correlation Analysis
We used a scatterplot matrix (Figure 2C) to infer the correlations
among complex data attributes. The scatterplot matrix, an
extension of the scatterplot for multidimensional data, is crucial
for visualizing binary relationships. Nevertheless, the number
of matrix elements that can be displayed is constrained by screen
size when there are too many dimensions. Here, we applied
internet-based methods for users to select the disease, behavior,
cognition, and symptom tags in the control panel. The selected
tags served as dimensions in a scatterplot matrix view. As we
need to use groups to model the associations between the
attributes, we first selected several groups within the group view
(Figure 2B). In the scatterplot matrix view located on the
diagonal, the histogram is used to show and compare the
performance of the selected groups in the corresponding
attributes. For disease attributes, the height of the bar maps the
prevalence, whereas for behaviors, cognitions, or symptoms,
the height of the bar depicts the strength value. Scatterplots
outside the diagonal are deployed to present 2-by-2 relationships
between attributes, with each scatter representing a group. The
scatterplot has 2 dimensions: the strength value of the attribute
or the normalized number of teeth. Owing to their symmetrical
nature, we designed a matrix above the diagonal that offers
relationships for all groups, whereas the matrix below the
diagonal presents the relationships of the currently selected
group under the corresponding attributes. The distribution of
scattered points serves as a visual representation of the
correlation between the multidimensional attributes.

Semantic Analysis
How can acquired knowledge be logically and scientifically
presented after obtaining relevant features and information? We
constructed a large-scale knowledge graph (Figure 2E)
consisting of entities such as groups, diseases, behaviors,
symptoms, and cognitions and established relations among
groups and diseases, behaviors, symptoms, and cognitions.
These relations can be broken down into 4 categories: group
has diseases, group holds behaviors, group shows symptoms,
and group carries cognitions. There are 112 group entities in

the graph; for example, “Jianggan District, 12-15 years old,
female.”

To characterize groups based on multidimensional attributes
and establish the association between groups, we categorized
the average tooth value for disease and the strength values of
behavior, symptoms, and cognition under the guidance of
experts. By considering the numerical distribution of all groups
across each attribute and their respective strengths, we divided
them into 4 to 5 categories. There are 66 disease entities,
including the 4 categories of decayed tooth (DT) due to caries:
almost noDT (DT1), mild DT (DT2), moderate DT (DT3), and
severe DT (DT4). Similarly, behaviors, symptoms, and
cognitions were classified into entities according to their strength
value, with a total of 38 behavior entities, 30 symptom entities,
and 60 cognition entities. This enables semantic associations
among groups, diseases, behaviors, symptoms, and cognitions
through the knowledge graph, providing users with a precise
and comprehensive semantic expression. To efficiently extract
group or attribute characteristics from large-scale entities, we
set up a search function in our hub. Users can input keywords
related to the node they wish to query, such as groups, diseases,
behaviors, cognitions, and symptoms. When searching for a
single group or multiple groups, associated disease, behavior,
cognition, and symptom entities will be displayed below the
search box, organized by category, and ranked to provide a
visual description of various attributes of the group. Users can
infer the risk of oral diseases through their own similar groups
from group-related behaviors, cognitions, symptoms, and other
attributes and further grant decision evidence for the prevention
of oral diseases. Thus, the visualization tool can easily allow
users to identify and intervene in potential oral disease risks
and enable medical teams to formulate personalized prevention
strategies.

Visual Interface
We provided a rich set of interactions to assist users in
conducting an in-depth analysis of multidimensional oral health
surveys. Groups, diseases, behaviors, cognitions, and symptoms
can be selected by users, thus enabling personalized and targeted
exploration. We offer operations for data loading in the control
panel, as shown in Figure 2A. Users can select labels from 4
categories on the control panel: disease, behavior, symptom,
and cognition labels. We provided different labels for different
age groups because of substantial variations in survey data
across age groups. We provided a nested pie chart to display
the sample size composition of the groups in 6 regions, including
urban and rural areas. The inner circles indicate gender, whereas
the outer circles indicate age. Users can select a region, choose
age and gender within the corresponding pie chart, and click
the “Add” button to include the selected group. After adding
the groups, they are displayed in a list below the button,
distinguished by random colors. In this way, the chosen label
determines the attributes of the scatter matrix, whereas the
chosen groups facilitate attribute comparison in the diagonal.
All attribute features of the chosen group are also visible in the
cloud view and radar view. The graph view shows the semantic
relationships of all groups and attributes and offers search
capabilities to aid in investigating specific groups and attributes.
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Results

Overview
As a web-based visual analysis system, this system was
developed using the classic front-end–based frame of ES6+d3.
js+csv. A Windows platform with a 2.3 GHz Intel Core i7 CPU
and 16 GB of memory was used as the front-end page server.
The evaluation experiments were performed using a Google
Chrome web browser. Our system can facilitate the efficient
and intuitive information mining of experts and users regarding
oral diseases. Case studies, user studies, and expert interviews
were conducted to demonstrate the usability and viability of
our system.

Case Study

Case 1: Disease Analysis
Each disease has its own characteristics, and we introduced a
structural view to reveal the characteristics of various diseases.
As shown in Figure 3A, we recorded the patient composition
of 5 diseases, fill deciduous tooth due to caries (ft), fill tooth

due to caries (FT), decayed teeth root due to caries (DRoot),
fill teeth root due to caries (FRoot), and attachment loss
(AL)12+, in the 4 dimensions of age, city (urban or rural), area,
and gender. We found that the width of block A is much larger
than that of the 5 blocks on its right. Block A represents the
proportion of people with ft in Jianggan. We examined the
economic situation of 6 regions with this question in mind.
Jianggan exhibits the best overall development among the 6
areas, which explains the higher prevalence of children with
filling caries in Jianggan. Blocks B, C, D, and E represent the
proportion of urban and female patients with FT and FRoot,
respectively. These findings suggest that urban residents possess
a better understanding of filling decayed teeth and roots
compared with rural residents, and women demonstrate higher
awareness than men. Blocks F, G, and H illustrate the
proportions of individuals, aged 35 to 44 years, 55 to 64 years,
and 65 to 74 years, with DRoot, which shows that the risk of
DRoot will increase with age. Similarly, AL12+ is also more
likely to occur in the older adult population. Block 1 represents
the proportion of men with AL12+, which indicates that men
are more likely to experience significant periodontal AL.

Figure 3. Characteristics and risk factors for diseases. (A) Portraits selected from the struct view. (B) Attribute correlations selected from scatterplot
matrix. AL12+: attachment loss ≥12 mm; BT: brush the teeth; DC: difficulty chewing; DRoot: decayed teeth root due to caries; FDNPT: fluoride does
not protect teeth; ft: fill deciduous tooth due to caries; FT: fill tooth due to caries; FRoot: fill teeth root due to caries; GBI: bleeding gums index; PDL:
periodontal pocket depth 4~6mm; PDD: periodontal pocket depth ≥6 mm.

“You get what you grow, you get what you grow.” Oral diseases
do not just appear out of nowhere; they are frequently tightly
tied to certain actions and cognition. These diseases bring
symptoms that affect our daily lives, and some can even spread
and lead to other illnesses. As shown in Figure 3B, we
intercepted 4 pairs of examples of correlation from the
scatterplot matrix view: disease and behavior, disease and
symptom, disease and cognition, and disease and disease. We
can see that bleeding gums index (GBI) is negatively correlated
with brush the teeth, DRoot is positively correlated with
difficulty chewing, DRoot is negatively correlated with fluoride
that does not protect teeth, and periodontal pocket depth (PPD)
of ≥6 mm was positively correlated with the periodontal pocket
length of 4-6 mm.

We have summarized some information after a thorough disease
analysis. The periodontal health of men is significantly lower
than that of women, and individuals lack caries awareness and
treatment, and the rate of caries filling treatment is generally
low. Middle-aged and older adult groups need to take more

proactive measures to prevent and treat periodontal disease in
rural areas, which is significantly lower than that in urban areas.

Case 2: Group Analysis
We proceeded with our investigation of the group after
examining the characteristics of diseases. The radar view and
cloud view in Figure 4A show the diseases, behaviors,
symptoms, and cognitions of urban and rural groups of people
aged 35 to 44 years, 55 to 64 years, and 65 to 74 years. The
horizontal comparison reveals age characteristics, the vertical
comparison reveals urban and rural characteristics, and the
figure reveals gender characteristics. We learned that the overall
disease conditions of the 35 to 44 years age group were less
severe than those of the older group. With increasing age, AL,
missing tooth (MT) due to caries, DRoot, and DT due to caries
showed a deteriorating trend. In the cloud view, the number of
yellow words representing symptoms of the group from 65 to
74 years was significantly higher than that of the age group
from 35 to 34 years (data for the 55-64 years age group are
unavailable and thus not included). When comparing urban and
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rural regions, it is evident that the occurrence rates of calculus
index, GBI, and DT due to caries were higher in rural areas,
whereas FRoot and FT exhibited lower rates. Behaviors such
as highest education, use fluoride toothpaste, and toothwash
within 12 months, indicated in blue, and cognition, indicated
in green, were generally stronger in cities than in villages.
Analyzing men and women (55-64 years age group) in the city

through the radar view and cloud view, it is apparent that men
have greater severity of periodontal diseases, such as PPD
≥6mm, calculus index, GBI, and AL. On the other hand, women
showed significantly higher occurrences of FRoot and FT than
men, suggesting that women in this group were more conscious
of filling teeth due to caries.

Figure 4. Characteristics and comparison of groups. (A) Radar views and cloud views of male and female groups of 3 ages in city and village. (B) The
bar charts in the scatterplot matrix of boy and girls aged 12-15 years in each attribute in 6 regions. AE: ashamed to eat; AL: attachment loss; BCGI:
Bacteria can cause gum inflammation; BCTD: Bacteria can cause tooth decay; BGNBT: Bleeding gums are normal when brushing teeth; BTUPBG:
Brushing teeth is useless in preventing bleeding gums; DC: difficulty chewing; DRoot: decayed teeth root due to caries; DROOT: decayed teeth root
due to caries; DT: decayed tooth; ESCTD: Eating sugar can cause tooth decay; FCPT: Fossa closure can protect the teeth; FDNPT: Fluoride does not
protect teeth; FHE: father's highest education; FL: food limitation; FROOT: fill teeth root due to caries; ft: fill deciduous tooth due to caries; FT: fill
tooth due to caries; GBI: bleeding gums index; HE: highest education; MHE :mother's highest education; MT: missing tooth; OC: only child; OHIL:
Oral health is important to life; PDD: periodontal pocket depth; PDL: periodontal pocket depth 4~6mm; ROCI: Regular oral check-ups are important;
ST: time since the last dental visit; TCI: Tooth condition is innate, not acquired; TS: tooth sensitivity.

The scatterplot matrix views facilitate intuitive comparison of
attributes between different groups, as depicted in Figure 4B.
This figure presents behavior comparisons between boys and
girls aged 12-15 years in 6 regions: Jianggan, Yuyao, Luqiao,
Wenling, Wuyi, and Liandu (from left to right). Each column
represents a region, allowing for comparisons across different
regions within each subpart. For example, the attributes of
father’s highest education and mother’s highest education
indicate that boys and girls in Jianggan outperform those in
other regions. In addition, Liandu exhibits a longer time since
the last dental visit (ST) compared with others. In the attributes
smoke, only child, and ST, boys are significantly more numerous
than girls, while in DT and FT, girls are more numerous than
boys.

We summarized some information after a comprehensive group
analysis. There are differences in oral health conditions. The
higher quality of dental care and periodontal health in rural areas
compared with urban areas may be because of the difference in

economic prosperity and level of education and knowledge
about oral health between the two. There are gender differences
in oral health conditions. The mean and rate of caries in women
were slightly higher than those in men, whereas the number of
caries fillings and periodontal health in women were better than
those in men. There are age differences in the oral health
conditions. The prevalence of dental loss and periodontal
diseases increased as individuals aged, especially among the
older adult group with a weak awareness of the treatment of
dental loss and caries. This information can aid medical teams
in developing targeted and personalized prevention strategies
to address these gender and age disparities in oral health.

Case 3: Semantic Analysis
We constructed a macro knowledge graph for groups, diseases,
behaviors, symptoms, and cognitions, effectively converting
complex and diverse objects into accessible and intuitive
information. Figure 5A shows the semantic association between
the different degrees of MT due to caries and the population.
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MT1, MT2, MT3, and MT4 represent disease severity, with the
population classified accordingly. Not only diseases but also
behaviors, symptoms, and cognitive attributes can be
categorized. Figure 5A displays the information of the group

linked to the MT4 entity node, revealing that the severe dental
disease group consisted entirely of older adults aged 65 to 74
years.

Figure 5. Discovery of query based on knowledge graph. (A) Similarity and difference attribute information of different degrees of MT due to caries
and population. (B) Similarity and difference attribute information of different gender groups. (C) Similar and difference attribute information of different
area groups. AE: ashamed to eat; AL: attachment loss; BCGI: Bacteria can cause gum inflammation; BCTD: Bacteria can cause tooth decay; BGNBT:
Bleeding gums are normal when brushing teeth; BT: brush the teeth; BTUPBG: Brushing teeth is useless in preventing bleeding gums; CW: communication
worry; DC: difficulty chewing; DRoot: decayed teeth root due to caries; DROOT: decayed teeth root due to caries; DT: decayed tooth; DW: dietary
worry; ESCTD: Eating sugar can cause tooth decay; FCPT: Fossa closure can protect the teeth; FDNPT: Fluoride does not protect teeth; FHE: father's
highest education; FL: food limitation; FROOT: fill teeth root due to caries; ft: fill deciduous tooth due to caries; FT: fill tooth due to caries; GBI:
bleeding gums index; HE: highest education; HS: hinder to speak; MHE: mother's highest education; MT: missing tooth; OC: only child; OHIL: Oral
health is important to life; PDD: periodontal pocket depth; PDL: periodontal pocket depth 4~6mm; PW: pronunciation worry; ROCI: Regular oral
check-ups are important; SD: swallowing discomfort; ST: Time since the last dental visit; SW: sleep worry; TCI: Tooth condition is innate, not acquired;
TS: tooth sensitivity; TW: toothwash within 12 months; UT: Use the toothpick.

After exploring the groups corresponding to the attributes, we
further explored the attributes of groups. Figure 5B illustrates
the corresponding attribute association between men and women
aged 35 to 44 years in Luqiao, and the commonalities and
differences between groups are intuitively presented. For
example, AL in both groups was mild, whereas men were more
likely than women to have PDL.

Figure 5C illustrates the data for those aged 35 to 44 years in 6
regions. It provides a comprehensive overview of the semantic
relationships between these groups, highlighting shared

characteristics as well as unique attributes. Notably, we observed
a consistent association between the groups facilitated by distinct
attributes. Groups from the same region or gender exhibit
stronger connections. Specifically, there was a significant
overlap in attributes between Jianggan men (point L) and
Jianggan women (point K), indicating a close relationship. In
addition, a strong association exists between Jianggan women
(point K) and Wuyi women (point I).

We summarized some information after a thorough semantic
analysis. All age groups exhibited low performance in actions,
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including using fluoride toothpaste, dental floss, and scheduling
timely visits to an oral hospital. Thus, these actions should be
appreciated and strengthened. Middle-aged individuals and
older adults still have poor health knowledge and awareness of
health care. It is necessary to disseminate and strengthen certain
cognitions, such as the knowledge that fossa closure and fluoride
can protect teeth.

User Study
To further evaluate the effectiveness of our system, we invited
20 undergraduate and graduate students (12 male students and
8 female students) in digital media technology to participate in
a user study. We first introduce the purpose and features of this
system and then teach students how to use it. Typically, users
need only 10 to 15 minutes of training time to understand the
meaning of each view and the function of our system. Afterward,
they were asked to perform a series of tasks over a defined
period, which were closely related to the analysis tasks in
Methods section. The specific tasks were as follows:

• Disease
• Task 1.1. Which disease is more prevalent in Jianggan

than in other areas?
• Task 1.2. Which gender has the highest prevalence of

AL12+ disease?

• Group
• Task 2.1. What are the 3 main behavioral characteristics

of the male population aged 55 to 64 years in Jianggan?
• Task 2.2. Which area has a higher prevalence of DRoot

among girls aged 12 to 15 years?

• Correlation
• Task 3.1. Is GBI positively or negatively correlated

with use of the toothpick (UT)?
• Task 3.2. Which disease is most likely to present with

symptoms of difficulty chewing?

• Semantics
• Task 4.1. What are the groups with severe DT (DT4)?
• Task 4.2. What are the common characteristics of the

women aged 55 to 64 years in Luqiao and Wenling?

To further demonstrate the effectiveness of the system, users
will perform the task twice, once without the system and once
with it. When the system was not applicable, we provided the
users with a condensed version of the surveys. For each
experiment, we set the maximum completion time to 90 seconds.
Table 1 and Figure 6 record the percentage of the users able to
complete the task correctly in a given time and the average and
SD of the time completed.

Figure 6. User study results. (A) Comparison of completion time. (B) Completion of accuracy rate. DT: decayed tooth system for data mining; OUR:
use our system for data mining; SUR: data mining without our system.

Table 1 presents completion time, average completion time,
and standard completion time for both cases. Figure 6 displays
specific completion time and accuracy rate through a box chart
and a bar chart. It is obvious that using this system would result

in more accurate and efficient exploration of oral health surveys.
In addition, we collected user feedback after performing the
above tasks. They all agreed that the system was quite intriguing
and may give them a more intuitive understanding of oral health.
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Table 1. User study results.

Standard completion times (s)Average completion times (s)Accuracy rate (%)Category and user task

SUROURSUROURSURbOURa

Disease

30.4510.138.3310.4780100T1.1

28.688.126.998.290100T1.2

Group

31.817.7533.5519.058595T2.1

39.729.2542.2929.357595T2.2

Correlation

39.215.338.914.5485100T3.1

36.7519.2539.2120.857090T3.2

Semantics

4218.1542.2919.0675100T4.1

53.831.854.4834.734590T4.2

aOUR: use our system for data mining.
bSUR: data mining without our system.

Expert Interview
After domain experts used this system to examine oral survey
data, we conducted a semistructured interview to collect their
opinions on system capability, visual design, and interaction.

System Capability and Effectiveness
The experts expressed their appreciation for the functions
provided by this system. They concluded that the system makes
it possible for both experts and regular users to quickly and
intuitively perceive the initially complex and laborious
large-scale oral survey data as well as to easily compare the
characteristics of various diseases and groups. Moreover, they
agreed that the system effectively revealed the correlation among
diseases, behaviors, symptoms, and cognitions. In particular,
the oral survey data were transformed into a knowledge graph,
a novel approach that is not commonly used in daily survey
data analysis. By leveraging the knowledge graph and its query
function, this breakthrough enables researchers to go beyond
traditional methods that focus on specific tasks and features. It
allows them to comprehend large-scale data with complex
semantic patterns, making it easier to understand. Ultimately,
it greatly enhances their insights into the data.

Visual Design and Interactions
Domain experts praised the user-friendly interface and the
well-designed system, aligning each view with its respective
function and interaction. The layout facilitates rich interactions,
correlation discovery, semantic analysis, and attribute feature
exploration. Users can easily comprehend and use them without
prior knowledge. One of the experts recognized the scatterplot
matrix view’s value in conveniently analyzing group comparison
and attribute correlation simultaneously. Another expert
emphasized the search capability of the knowledge graph, which
allowed him to independently examine valuable information
that was difficult to find in regular visual graphs. He suggested

that it would be better if the system could offer label options or
prompts to explore the nodes. Overall, the experts evaluated
the system’s integration of visualizations and interactions,
offering a comprehensive range of intelligent explorations for
oral health surveys.

Discussion

Principal Findings
A series of studies and experiments have demonstrated that our
system can help users understand their oral health conditions
and conduct in-depth data exploration and analysis. Furthermore,
we conducted a thorough investigation of the visualization
analysis tools to compare them with our system. We found that
existing tools and libraries provide a rich set of plotting
capabilities. However, the visualization analysis tools used in
our study are primarily oriented toward specific tasks to visually
present and obtain deep insights into oral health surveys. It is
implemented using web-based technologies such as the D3.js
visualization framework, which offers greater flexibility and
customization options for analyzing oral health report data.
Existing tools related to oral health analysis mostly include 3D
digital dental model software and oral x-ray image processing
software, which provide detailed visualization of dental
structures. Nevertheless, these tools fail to capture the broader
context of oral health such as group characteristics and disease
patterns. Moreover, they often provide simple chart-based
visualizations, such as pie charts and bar charts, lacking the
personalized visualization design and interactive features
essential for the comprehensive examination of intricate data.
Therefore, it was concluded that our system allows for more
customized visualizations based on specific requirements,
facilitating a more detailed analysis of oral health surveys.

Overall, our system has specific advantages compared with
other analysis tools; however, there are also some issues that
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are not well solved, which will be addressed in future work. (1)
Scalability is the major concern of this system. The current
design in the scatterplot matrix view displays up to 8 attributes
and 6 groups simultaneously, whereas the struct view shows up
to 7 diseases simultaneously. Even if we set the interaction or
scrolling function in it, it still imposes a heavy memory burden
on users. Therefore, in the future, we intend to tackle the
problem of how to show information more effectively in a
limited screen space. (2) Despite its ability to analyze various
factors, such as groups, diseases, behaviors, and other attributes
in existing data, it currently lacks the capability to predict oral
health for new groups or individuals. Combining the deep
learning model and oral health professional knowledge, learning
from existing multidimensional surveys, and predicting the
prevalence of unknown groups will be the focus of future work.
(3) In this study, the oral health sample was limited to Zhejiang
Province, with a small-scale and narrow regional span, resulting
in insufficient group differences. Future studies should consider
the multidimensional feature of the disease to explore more

robust results. We plan to expand our data collection by
conducting oral surveys in additional regions, enabling a more
comprehensive exploration of oral health from various
dimensions.

Conclusions
In this study, we proposed a visualization framework for
multidimensional oral health surveys. We drew data portraits
for diseases and groups based on multidimensional attributes.
Then, we built correlation patterns for diseases, behaviors,
symptoms, and cognitions to reveal their correlation features.
On the basis of the extricated knowledge of diseases, groups,
behaviors, and other attributes, a knowledge graph is provided
to reveal the semantic information. A series of user-friendly
interactions are integrated to propose a visual analysis system
that can help users further explore the regulations of oral health
conditions. Case studies based on real-world data sets
demonstrate the effectiveness of our system in the exploration
of oral diseases, thereby offering enhanced data analysis
capabilities and decision support for health care teams.

Acknowledgments
This work was supported in part by the National Natural Science Foundation of China (62277013 and 62177040), National
Statistical Science Research Project (2022LY099), Zhejiang Provincial Natural Science Foundation of China (LTGG23H260003),
the China Oral Health Foundation (A2021-008), and Zhejiang Statistical Science Research Project.

Conflicts of Interest
None declared.

References

1. Fisher J, Selikowitz HS, Mathur M, Varenne B. Strengthening oral health for universal health coverage. Lancet 2018
Sep;392(10151):899-901 [doi: 10.1016/s0140-6736(18)31707-0]

2. Pattanaik S, John MT, Kohli N, Davison ML, Chung S, Self K, et al. Item and scale properties of the Oral Health Literacy
Adults Questionnaire assessed by item response theory. J Public Health Dent 2021 Sep 10;81(3):214-223 [doi:
10.1111/jphd.12434] [Medline: 33305385]

3. Heisel MJ, Flett GL. The Social Hopelessness Questionnaire (SHQ): psychometric properties, distress, and suicide ideation
in a heterogeneous sample of older adults. J Affect Disord 2022 Feb 15;299:475-482 [doi: 10.1016/j.jad.2021.11.021]
[Medline: 34774647]

4. Drapała J, Żatuchin D, Sobecki J. Multidimensional data visualization applied for user’s questionnaire data quality assessment.
In: Agent and Multi-Agent Systems: Technologies and Applications. Berlin, Heidelberg: Springer; 2010.

5. Zhang X, Klawonn F, Grigull L, Lechner W. VoQs: a web application for visualization of questionnaire surveys. In:
Advances in Intelligent Data Analysis XIV. Cham: Springer; 2015.

6. Atkinson NL, Saperstein SL, Pleis J. Using the internet for health-related activities: findings from a national probability
sample. J Med Internet Res 2009 Feb 20;11(1):e4 [FREE Full text] [doi: 10.2196/jmir.1035] [Medline: 19275980]

7. Powell J, Inglis N, Ronnie J, Large S. The characteristics and motivations of online health information seekers: cross-sectional
survey and qualitative interview study. J Med Internet Res 2011 Feb 23;13(1):e20 [FREE Full text] [doi: 10.2196/jmir.1600]
[Medline: 21345783]

8. O'Brien KK, Solomon P, Worthington C, Ibáñez-Carrasco F, Baxter L, Nixon SA, HIV‚ Health And Rehabilitation Survey
Catalyst Team. Considerations for conducting web-based survey research with people living with human immunodeficiency
virus using a community-based participatory approach. J Med Internet Res 2014 Mar 13;16(3):e81 [FREE Full text] [doi:
10.2196/jmir.3064] [Medline: 24642066]

9. Aggarwal R, Farag S, Martin G, Ashrafian H, Darzi A. Patient perceptions on data sharing and applying artificial intelligence
to health care data: cross-sectional survey. J Med Internet Res 2021 Aug 26;23(8):e26162 [FREE Full text] [doi:
10.2196/26162] [Medline: 34236994]

10. Nakamura C, Bromberg M, Bhargava S, Wicks P, Zeng-Treitler Q. Mining online social network data for biomedical
research: a comparison of clinicians' and patients' perceptions about amyotrophic lateral sclerosis treatments. J Med Internet
Res 2012 Jun 21;14(3):e90 [FREE Full text] [doi: 10.2196/jmir.2127] [Medline: 22721865]

JMIR Med Inform 2023 | vol. 11 | e46275 | p. 12https://medinform.jmir.org/2023/1/e46275
(page number not for citation purposes)

Xu et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://dx.doi.org/10.1016/s0140-6736(18)31707-0
http://dx.doi.org/10.1111/jphd.12434
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33305385&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2021.11.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34774647&dopt=Abstract
https://www.jmir.org/2009/1/e4/
http://dx.doi.org/10.2196/jmir.1035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19275980&dopt=Abstract
https://www.jmir.org/2011/1/e20/
http://dx.doi.org/10.2196/jmir.1600
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21345783&dopt=Abstract
https://www.jmir.org/2014/3/e81/
http://dx.doi.org/10.2196/jmir.3064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24642066&dopt=Abstract
https://www.jmir.org/2021/8/e26162/
http://dx.doi.org/10.2196/26162
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34236994&dopt=Abstract
https://www.jmir.org/2012/3/e90/
http://dx.doi.org/10.2196/jmir.2127
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22721865&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


11. Zhou Z, Zhang X, Guo Z, Liu Y. Visual abstraction and exploration of large-scale geographical social media data.
Neurocomputing 2020 Feb;376:244-255 [doi: 10.1016/j.neucom.2019.10.072]

12. Scheepens R, van de Wetering H, van Wijk JJ. Non-overlapping aggregated multivariate glyphs for moving objects. In:
Proceedings of the IEEE Pacific Visualization Symposium. 2014 Presented at: IEEE Pacific Visualization Symposium;
Mar 04-07, 2014; Yokohama, Japan [doi: 10.1109/PacificVis.2014.13]

13. Brehmer M, Lee B, Isenberg P, Choe EK. A comparative evaluation of animation and small multiples for trend visualization
on mobile phones. IEEE Trans Visual Comput Graphics 2020 Jan;26(1):364-374 [doi: 10.1109/tvcg.2019.2934397]

14. Viau C, McGuffin MJ, Chiricota Y, Jurisica I. The FlowVizMenu and parallel scatterplot matrix: hybrid multidimensional
visualizations for network exploration. IEEE Trans Visual Comput Graphics 2010 Nov;16(6):1100-1108 [doi:
10.1109/tvcg.2010.205]

15. Chen H, Engle S, Joshi A, Ragan ED, Yuksel BF, Harrison L. Using animation to alleviate overdraw in multiclass scatterplot
matrices. In: Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems. 2018 Presented at: CHI
'18: CHI Conference on Human Factors in Computing Systems; Apr 21-26, 2018; Montreal, QC, Canada [doi:
10.1145/3173574.3173991]

16. Zhou Z, Ye Z, Yu J, Chen W. Cluster-aware arrangement of the parallel coordinate plots. J Visual Languages Comput 2018
Jun;46:43-52 [doi: 10.1016/j.jvlc.2017.10.003]

17. Zhou Z, Ma Y, Zhang Y, Liu Y, Liu Y, Zhang L, et al. Context-aware visual abstraction of crowded parallel coordinates.
Neurocomputing 2021 Oct;459:23-34 [doi: 10.1016/j.neucom.2021.05.005]

18. Rao R, Card SK. The table lens: merging graphical and symbolic representations in an interactive focus+context visualization
for tabular information. In: Proceedings of the Conference Companion on Human Factors in Computing Systems. 1994
Presented at: CHI94: ACM Conference on Human Factors in Computer Systems; Apr 24-28, 1994; Boston, Massachusetts,
USA [doi: 10.1145/259963.260391]

19. Keim DA, Kriegel HP. VisDB: database exploration using multidimensional visualization. IEEE Comput Grap Appl 1994
Sep;14(5):40-49 [doi: 10.1109/38.310723]

20. Xia J, Chen T, Zhang L, Chen W, Chen Y, Zhang X, et al. SMAP: a joint dimensionality reduction scheme for secure
multi-party visualization. In: Proceedings of the IEEE Conference on Visual Analytics Science and Technology (VAST).
2020 Presented at: IEEE Conference on Visual Analytics Science and Technology (VAST); Oct 25-30, 2020; Salt Lake
City, UT, USA [doi: 10.1109/vast50239.2020.00015]

21. Xia J, Huang L, Lin W, Zhao X, Wu J, Chen Y, et al. Interactive visual cluster analysis by contrastive dimensionality
reduction. IEEE Trans Visual Comput Graphics 2022;29(1):734-744 [doi: 10.1109/tvcg.2022.3209423]

22. Donath J, Dragulescu A, Zinman A, Viégas F, Xiong R. Data portraits. Leonardo 2010 Aug;43(4):375-383 [doi:
10.1162/leon_a_00011]

23. Xiong R, Donath J. PeopleGarden: creating data portraits for users. In: Proceedings of the 12th annual ACM symposium
on User interface software and technology. 1999 Presented at: UIST99: Twelfth Annual Symposium on User Interface
Software and Technology; Nov 7-10, 1999; Asheville, North Carolina, USA [doi: 10.1145/320719.322581]

24. He P, Niu H, Sun Z, Li T. Accounting index of COVID-19 impact on Chinese industries: a case study using big data portrait
analysis. Emerg Market Finance Trade 2020 Jul 25;56(10):2332-2349 [doi: 10.1080/1540496x.2020.1785866]

25. Ji S, Pan S, Cambria E, Marttinen P, Yu PS. A survey on knowledge graphs: representation, acquisition, and applications.
IEEE Trans Neural Netw Learn Syst 2022 Feb;33(2):494-514 [doi: 10.1109/tnnls.2021.3070843]

26. Zheng S, Wang F, Bao H, Hao Y, Zhou P, Xu B. Joint extraction of entities and relations based on a novel tagging scheme.
In: Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers).
2017 Presented at: 55th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers); Jul
30-Aug 4, 2017; Vancouver, Canada [doi: 10.18653/v1/P17-1113]

27. Liu F, Chen M, Roth D, Collier N. Visual pivoting for (unsupervised) entity alignment. Proc AAAI Conf Artif Intel 2021
May 18;35(5):4257-4266 [doi: 10.1609/aaai.v35i5.16550]

28. Wang X, Wang D, Xu C, He X, Cao Y, Chua T. Explainable reasoning over knowledge graphs for recommendation. Proc
AAAI Conf Artif Intel 2019 Jul 17;33(01):5329-5336 [doi: 10.1609/aaai.v33i01.33015329]

29. Lample G, Ballesteros M, Subramanian S, Kawakami K, Dyer C. Neural architectures for named entity recognition. In:
Proceedings of the 2016 Conference of the North American Chapter of the Association for Computational Linguistics:
Human Language Technologies. 2016 Presented at: 2016 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies; Jun 12-17, 2016; San Diego, California [doi:
10.18653/v1/n16-1030]

30. Chen Y, Goldberg S, Wang DZ, Johri SS. Ontological pathfinding: mining first-order knowledge from large knowledge
bases. In: Proceedings of the 2016 International Conference on Management of Data. 2016 Presented at: SIGMOD/PODS'16:
International Conference on Management of Data; Jun 26-Jul 1, 2016; San Francisco, California, USA

31. Wang CC, Cheng PJ. Translating representations of knowledge graphs with neighbors. In: Proceedings of the 41st
International ACM SIGIR Conference on Research & Development in Information Retrieval. 2018 Presented at: SIGIR
'18: The 41st International ACM SIGIR conference on research and development in Information Retrieval; Jul 8-12, 2018;
Ann Arbor, MI, USA [doi: 10.1145/3209978.3210085]

JMIR Med Inform 2023 | vol. 11 | e46275 | p. 13https://medinform.jmir.org/2023/1/e46275
(page number not for citation purposes)

Xu et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.neucom.2019.10.072
http://dx.doi.org/10.1109/PacificVis.2014.13
http://dx.doi.org/10.1109/tvcg.2019.2934397
http://dx.doi.org/10.1109/tvcg.2010.205
http://dx.doi.org/10.1145/3173574.3173991
http://dx.doi.org/10.1016/j.jvlc.2017.10.003
http://dx.doi.org/10.1016/j.neucom.2021.05.005
http://dx.doi.org/10.1145/259963.260391
http://dx.doi.org/10.1109/38.310723
http://dx.doi.org/10.1109/vast50239.2020.00015
http://dx.doi.org/10.1109/tvcg.2022.3209423
http://dx.doi.org/10.1162/leon_a_00011
http://dx.doi.org/10.1145/320719.322581
http://dx.doi.org/10.1080/1540496x.2020.1785866
http://dx.doi.org/10.1109/tnnls.2021.3070843
http://dx.doi.org/10.18653/v1/P17-1113
http://dx.doi.org/10.1609/aaai.v35i5.16550
http://dx.doi.org/10.1609/aaai.v33i01.33015329
http://dx.doi.org/10.18653/v1/n16-1030
http://dx.doi.org/10.1145/3209978.3210085
http://www.w3.org/Style/XSL
http://www.renderx.com/


32. Vashishth S, Sanyal S, Nitin V, Agrawal N, Talukdar P. InteractE: improving convolution-based knowledge graph embeddings
by increasing feature interactions. Proc AAAI Conf Artif Intel 2020 Apr 03;34(03):3009-3016 [doi: 10.1609/aaai.v34i03.5694]

33. Wang X, Xu Y, He X, Cao Y, Wang M, Chua TS. Reinforced negative sampling over knowledge graph for recommendation.
In: Proceedings of The Web Conference 2020. 2020 Presented at: WWW '20: The Web Conference 2020; Apr 20-24, 2020;
Taipei, Taiwan [doi: 10.1145/3366423.3380098]

34. Zhang Y, Dai H, Kozareva Z, Smola A, Song L. Variational reasoning for question answering with knowledge graph. Proc
AAAI Conf Artif Intel 2018 Apr 26;32(1) [doi: 10.1609/aaai.v32i1.12057]

35. Xiong C, Power R, Callan J. Explicit semantic ranking for academic search via knowledge graph embedding. In: Proceedings
of the 26th International Conference on World Wide Web. 2017 Presented at: WWW '17: 26th International World Wide
Web Conference; Apr 3-7, 2017; Perth, Australia [doi: 10.1145/3038912.3052558]

36. Li H, Wang Y, Zhang S, Song Y, Qu H. KG4Vis: a knowledge graph-based approach for visualization recommendation.
IEEE Trans Vis Comput Graph 2022 Jan;28(1):195-205 [doi: 10.1109/TVCG.2021.3114863] [Medline: 34587080]

37. Sousa D, Couto FM. Biomedical relation extraction with knowledge graph-based recommendations. IEEE J Biomed Health
Inform 2022 Aug;26(8):4207-4217 [doi: 10.1109/JBHI.2022.3173558] [Medline: 35536818]

38. Tang Y, Han H, Yu X, Zhao J, Liu G, Wei L. An intelligent question answering system based on power knowledge graph.
In: Proceedings of the IEEE Power & Energy Society General Meeting (PESGM). 2021 Presented at: IEEE Power & Energy
Society General Meeting (PESGM); Jul 26-29, 2021; Washington, DC, USA [doi: 10.1109/pesgm46819.2021.9638018]

39. Latif S, Agarwal S, Gottschalk S, Chrosch C, Feit F, Jahn J, et al. Visually connecting historical figures through event
knowledge graphs. In: Proceedings of the IEEE Visualization Conference (VIS). 2021 Presented at: IEEE Visualization
Conference (VIS); Oct 24-29, 2021; New Orleans, LA, USA [doi: 10.1109/vis49827.2021.9623313]

40. Wang H, Chen H, Zhu H, Zhou N. Oral Health Status Survey and Prevention of Common Diseases in Zhejiang Province.
Zhejiang, China: Zhejiang University Press; 2019.

Abbreviations
AL: attachment loss
DRoot: decayed teeth root due to caries
DT: decayed tooth
ft: fill deciduous tooth due to caries
FT: fill tooth due to caries
GBI: bleeding gums index
MT: missing tooth
PDD: periodontal pocket depth

Edited by J Hefner; submitted 05.02.23; peer-reviewed by MC Skelton, M Pang; comments to author 10.04.23; revised version received
28.05.23; accepted 31.05.23; published 01.08.23

Please cite as:
Xu T, Ma Y, Pan T, Chen Y, Liu Y, Zhu F, Zhou Z, Chen Q
Visual Analytics of Multidimensional Oral Health Surveys: Data Mining Study
JMIR Med Inform 2023;11:e46275
URL: https://medinform.jmir.org/2023/1/e46275
doi: 10.2196/46275
PMID:

©Ting Xu, Yuming Ma, Tianya Pan, Yifei Chen, Yuhua Liu, Fudong Zhu, Zhiguang Zhou, Qianming Chen. Originally published
in JMIR Medical Informatics (https://medinform.jmir.org), 01.08.2023. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in JMIR Medical Informatics, is properly
cited. The complete bibliographic information, a link to the original publication on https://medinform.jmir.org/, as well as this
copyright and license information must be included.

JMIR Med Inform 2023 | vol. 11 | e46275 | p. 14https://medinform.jmir.org/2023/1/e46275
(page number not for citation purposes)

Xu et alJMIR MEDICAL INFORMATICS

XSL•FO
RenderX

http://dx.doi.org/10.1609/aaai.v34i03.5694
http://dx.doi.org/10.1145/3366423.3380098
http://dx.doi.org/10.1609/aaai.v32i1.12057
http://dx.doi.org/10.1145/3038912.3052558
http://dx.doi.org/10.1109/TVCG.2021.3114863
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34587080&dopt=Abstract
http://dx.doi.org/10.1109/JBHI.2022.3173558
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35536818&dopt=Abstract
http://dx.doi.org/10.1109/pesgm46819.2021.9638018
http://dx.doi.org/10.1109/vis49827.2021.9623313
https://medinform.jmir.org/2023/1/e46275
http://dx.doi.org/10.2196/46275
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

