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Abstract : In this study, a mixed-methods research approach was employed, integrating social network analysis,
descriptive analysis, and inferential statistical analysis to examine the health topic subject directories and the inter-
connections among health topics within the subject directory system of the MedlinePlus portal. One hundred and
fifty-nine health topics related to children’s health as well as 1457 qualified keywords were collected and analyzed.

As a result, 184 new connections (140 bidirectional and 44 unidirectional) were proposed to be added to the original subject directory on

MedlinePlus. Five new core topics were identified as influential topics in the subject network. This new optimized structural network was

proved to be significantly improved from the original one and the importance of the newly identified core topics were verified. The evaluations

also included participants containing both medical professionals (2) and medical students (31). The user evaluation results confirmed that the

recommendations suggested by this study are solid and effective. The findings of this research would improve the information searching effec-

tiveness for the portal users and offer insights to public health portal creators.
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1.0 Introduction

tural characteristics of a Web portal can considerably influ-
ence user behaviors, including information-seeking activi-

Web portals are playing a significant role among the Web ties and decision-making processes (Baird et al. 2012). For

resources that are available to the public for seeking health instance, some scholars argued that information systems

information. Some scholars posited that distinctive struc- should focus on their interaction features such as website
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structure and information organization, webpage display,
usability, as well as system performance (Li et al. 2021).

In an examination of numerous public health portals,
two primary search functions had been identified: subject
directories which facilitate browsing and search engine ca-
pabilities that allow for query searches (Zhang et al. 2015).
As explained by Ellis and Vasconcelos (2000), subject direc-
tories function as indices for diverse subjects, arranged in a
hierarchical structure to proffer an organized and easily nav-
igable information landscape. Such directories empower us-
ers to sift through information, navigating through primary
and subsidiary categories, thereby offering flexibility to ex-
plore areas of interest in either a broad, narrow, or related
context. Conventionally, the construction of these subject
directories involves the expert hand of human indexers, who
apply advanced indexing and abstracting methodologies to
ensure the precision and exhaustive nature of the subject di-
rectories. Since the advent of Web-based information seek-
ing, the focus on subject directories and the method of
browsing has been significantly amplified. Typical scholarly
efforts were centered on ontology (Naskar and Das 2019)
and the discernment of user preferences (Oh et al. 2015).

Among those comprehensive sites that are universally re-
garded as online health portals, MedlinePlus is normally
considered a successful representative. The portal was
launched in 1998 by the National Library of Medicine and
was the first primary initiative for providing online health
information to the public (Miller et al. 2000). The Med-
linePlus portal uses an organized subject directory system to
enable users to browse information from a general level to a
specific level through its hierarchical structure, and vice
versa. Meanwhile, related subjects (health topics) are also
listed in Web pages as individual topics so that users can
“jump” to relevant topics when necessary. In other words,
the MedlinePlus platform exemplifies an effective applica-
tion of subject directories, significantly enhancing public
comprehension of health-related issues and bolstering
health literacy (Ahmed 2019). As per the findings in Ah-
med's research, the MedlinePlus platform is meticulously
organized, with the lion's share of its content categorized
into more than 1000 health topic pages, aimed at both Eng-
lish and Spanish-speaking audiences. These curated pages
provide an extensive range of health information, encapsu-
lating aspects like body systems, various disorders, and con-
ditions, and are customized to suit the needs of different de-
mographic groups. Each topic page is distinct, incorporat-
ing resources from related health topics. Such a topic-based
subject directory system is described by Ahmed as a “portal”
model, a model that has persistently been a dependable res-
ervoir of health information.

Compared with other health consumer groups, the chil-
dren group is a unique one considering its two outstanding
characteristics. First, children usually depend on their par-

ents or caregivers. Hence, when evaluating how children re-
lated health information is organized, researchers often in-
vestigate mothers (Bernhardt and Felter 2004), parents, and
preschool caregivers (Naidu et al. 2015) rather than children
because these are the ones that actually search for children
related health information. Second, due to the immaturity
in both physical and mental aspects, compared with other
demographic groups, such as men and older adults that are
listed on MedlinePlus, children are faced with a wider range
of health conditions that include, but are not limited to,
daily health problems such as oral health and fever (Fallis
and Frické 2002), growth and nutrition problems (Kuper-
minc and Stevenson 2008), genetics related issues (Silven-
toinen et al. 2021), as well as mental disorders (Liu et al.
2020). Such facts indicate that it is necessary to investigate if
the current children related subject directory system on
MedlinePlus is fulfilling the information needs of children,
their parents, as well as caregivers.

This research study focuses on the evaluation and opti-
mization of the children related topic-based subject direc-
tory employed by the public health portal MedlinePlus. The
primary research problem of this study is to explore, assess,
and optimize the connections among the children related
health topics in the subject directory of MedlinePlus. The
research objects are the health topics related to children on
MedlinePlus. These health topics refer to the corresponding
topic pages created by MedlinePlus for introducing related
information and resources. The connections among the
health topics hold significance for this investigation, as they
facilitate the construction of networks for later analysis. The
connections among the health topics can be divided into
two types: structural connections and semantic connec-
tions. To be more specific, structural connections represent
the physical linkages set by the portal creators for connect-
ing a specific health topic to other topics, while semantic
connections refer to the linkages hidden behind the textual
information of the topic pages among various health topics.
In other words, the structural connection between two
health topics is ascertained by the presence of embedded
links, whereas the semantic connection is established based
on the similarity of the respective topics' Web page content.

Based on the primary research problem, this study at-
tempts to address the following three research questions:

RQI1: How are health topics related to children con-
nected in the subject directory on the MedlinePlus portal:
are the structural and semantic connections of the health
topics consistent?

RQ2: Are there significant differences between the orig-
inal children subject directory and the optimized children
subject directory in terms of its link structure on the Med-
linePlus portal?
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RQ3: Are there any significant differences between the
optimized subject directories from this study and the evalu-
ation results from the health field experts?

2.0Literature review

Health consumers have shifted from passively accepting or-
ders from their physicians to actively searching for online in-
formation that relates to their health conditions (Nie et al.
2014). As Ellis-Danquah (2004) pointed out, the compre-
hensiveness of online health information has the potential
to enable consumers to make important health-related deci-
sions. However, they have to overcome the challenges
brought by the myriad of Web information resources and
find specific, reliable, and timely health information first.

2.1 Browsing and subject directories

Previous studies have revealed that a substantial proportion
(80%) of online users seeking web-based information initi-
ated their search from a general portal site (46%) rather than
a search engine like Google (33%) (Horrigan et al. 2003).
Therefore, Web portals could be seen as the front door for
the information needed by online users (Zhang et al. 2016).
More than that, as users always desire easy access to and valid
information from Web portals, the interaction between
portals and users has been enhanced under the integration
of Web 2.0 (Postigo 2011). Public health portals such as
MedlinePlus predominantly employed a portal model in
which information was organized by subjects or categories
(Ahmed 2019). Despite the considerable advancements in
search capabilities and search engine-based interfaces over
the past decade or so, the portal model and its subject direc-
tories continue to play a crucial role as a valuable source of
health information. Noticeably, in recent years, online
health communities (OHCs) have raised wide attention
among scholars on Q&A sites regarding diabetes related is-
sues (Zhang and Zhao 2013), knowledge sharing among
physicians (Qiao etal. 2021; Yang et al. 2021), user identities
(Zhao et al. 2022), as well as information needs of patients
and their family members (Ma et al. 2021).

When searching information in Web portals, compared
with search engines, some researchers considered the subject
directory services as a better retrieval tool since it provides
more satisfying results that have gone through manual re-
view and classification (Chung and Noh 2003). When it
comes to the health area, as Yeo et al. (2010, 60) pointed out
in their study, “existing disease information systems support
the classification of disease data and provide users with the
data through the web” while the data formats applied
among different databases vary. Previous research consid-
ered browsing as an alternative method for acquiring infor-
mation in an increasingly fragmented digital landscape. It

was argued that browsing potentially facilitates a more pro-
found engagement for information seekers in comparison
to search engines and social media platforms (Mdller et al.
2020). Meanwhile, the utilization of the Internet as a pri-
mary source of health information by laypeople continues
to grow. Nonetheless, the process of locating and identify-
ing appropriate information remains a challenge as there is
an insufficient level of support provided for the exploration
of health information within these platforms (Pang et al.
2016).

Subject directories play an important role in organizing
information on the Internet, with some specialized systems
following standard library schemes like DDC or UDC
while others use schemes specifically designed for online re-
sources (Chung and Noh 2003). In the case of public health
portals, subject directories are generated from multiple
sources such as user interviews, literature reviews, commu-
nication with clinical institutions, and information ex-
change with other health portals (Schilling and McDaniel
2010). However, the way in which subject directories are or-
ganized can vary greatly, despite sharing common sources
for classification (C. Gray 2005). One of the advantages of
subject directories is that they are humanly indexed, which
tends to result in more relevant information being retrieved
compared to other search tools (Ellis and Vasconcelos
2000). However, Ellis and Vasconcelos also noted that sub-
ject directories have the drawback of requiring more time to
include new subjects and review them. As a result, the suc-
cess of subject directories highly depends on professional
human experts and the efficiency of adding new subjects,
which can be challenging due to the vast amount of online
information available.

Given these issues, one of the primary tasks of a subject
directory is to effectively and efficiently maintain and revise
its categories. To do so, it is important to come up with a
practical method to optimize a subject directory based on
the semantic connections among the items it describes and
organizes. Before automatic means for producing directory
systems occurred, most of the subject directories on the
Web for either general or specialized sites were classified or
categorized by the editors or surfers until some researchers
like Chung and Noh (2003) and Yang and Lee (2004) pro-
posed directory systems based on automatic classification,
text-mining technology based on Self-Organizing Map, and
text categorization techniques to automatically assign Web
content to relevant subject categories, thus reducing the
manual working hours. Although Chung and Noh high-
lighted that the sustainability of manual classification ef-
forts became untenable as the volume of Web documents
experienced a substantial growth, they did admit that their
automated classification scheme based on k-nearest neigh-
bors (kNN) could only achieve a precision of 77%, thus re-
quiring human subject specialists to verify and reassign in-
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correct classified documents. Consequently, it can be in-
ferred that automated classification and its associated tech-
niques are best employed as ancillary tools, with the aim of
streamlining the time and effort dedicated to the creation of
subject directories. Moreover, some other prior studies at-
tempted to better collect and understand the vocabulary
used by specific groups of consumers from other creative
ways such as users’ searching query terms through transac-
tion logs (Zhang and Wolfram 2009). Recently, as social net-
work analysis arose with greatly increased online searching,
researchers have also proposed to optimize subject directory
through a social network analysis of the structural and se-
mantic relationships among various subject terms so that
the interconnectedness among categories and subcategories
of subject directory could be improved (Zhang et al. 2015;
Zhang et al. 2016; Zhu and Zhang 2020).

2.2 Children related health information

According to the literature, children’s health seems to be a
common topic among the experiences of seeking health in-
formation online (Bray et al. 2019; Meppelink et al. 2019;
Dalton et al. 2020). Earlier studies used to examine the per-
spectives of children, parents, and health professionals on
providing preparatory information to children undergoing
medical procedures. They found that children's health liter-
acy is influenced by adults, often leading to misconceptions
about procedures, thus highlighting the need for improved
health literacy, and emphasizing the importance of address-
ing children's concerns to reduce anxiety and ensure a better
understanding of medical procedures (Bray et al. 2019).
However, the seeking behavior of children has been rarely
discussed in the previous literature. Considering the lack of
required online searching literacy and other qualifications
among children, their needed health information, for in-
stance, a cough condition (Pandolfini et al. 2000), would
normally be sought by their parents (Khoo et al. 2008).

Such a fact was discussed by scholars like Meppelink et
al. (2019), and they underscored the importance of address-
ing confirmation bias in health communication, particu-
larly for parents with high health literacy levels seeking early-
childhood vaccination information. Meanwhile, prior re-
searchers also pointed out that amid the rapidly changing
COVID-19 pandemic, children are exposed to vast infor-
mation and adult stress. Children, even as young as two
years old, notice these changes. It is essential for adults to
communicate honest, age-appropriate information to
them. Considering the child's developmental stage is crucial
for effective communication. Providing accurate and mean-
ingful explanations can benefit the long-term psychological
well-being of children and their families (Dalton et al.
2020).

Based on the WHO website (https://www.who.int/health
-topics/child-health#tab=tab_1) and MedlinePlus portal
(https://medlineplus.gov/childrenandteenagers.html), chil-
dren are closely linked to a group of health issues including
diabetes, violence, nutrition, growth disorders, genetic
problems, school health, and mental health. As for the re-
sources containing children related health information, a
list of nine websites specifically designed for children to get
access to health information used to be identified by Izen-
berg and Lieberman back to 1998 (Izenberg and Lieberman
1998), and three of those portals, including Children with
Diabetes, Dole 5 a Day, and KidsHealth.org, are still availa-
ble today. However, prior studies had questioned the relia-
bility of health information related to children, such as chil-
dren with high fevers (Impicciatore et al. 1997), and child-
hood diarrhea (McClung et al. 1998), offered by some
online websites. As a result, the researchers pointed out that
even from those major academic medical centers” online
portals, health information might be inaccurate and of low
quality.

Among all children related conditions, mental illnesses
account for a high proportion in the prior literature. Typical
mental disorders such as ADHD (attention deficit/hyper-
activity disorder) were included in a few earlier studies (Sage
etal. 2018; Tandi Lwoga and Florence Mosha 2013). For in-
formation about mental illness related to children, not sur-
prisingly, the Internet had been recognized as one of the pri-
mary sources (Bouche and Migeot 2008; Sage et al. 2018),
or even the most important resources in Tanzania (Tandi
Lwoga and Florence Mosha 2013).

2.3 Social network analysis

Tracing its origins to the 1930s, social network analysis was
first conceptualized as a novel theory by Barnes (1954), with
its foundations grounded in social action theories (Cole-
man 1986). Consequently, by the 1980s, social network
analysis had emerged as a well-established discipline within
the realm of social sciences (Borgatti et al. 2009). Social net-
work analysis has been defined as 2 methodology for explor-
ing social structures through the application of network and
graph theories (Otte and Rousseau 2002). It provides a re-
search framework to measure structural relationships be-
tween members within a network and intends to reveal real-
ity occurring among the interactions and progress behind
the scenes (Borgatti et al. 2009). The goal of social network
analysis is to discover and measure structural relationships
among entities and nodes within a given network (Zhang et
al. 2016; 2015). For Web portals, Zhang et al. (2016, 2168)
stated that social network analysis could be employed to
“gauge and compare the connection network structure and
semantic network structure of the subject directory”.
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In the context of the healthcare sector, previous scholarly
endeavors have explored the applications of social network
analysis. A comprehensive examination of 52 related studies
within the healthcare domain revealed an emergent theme;
the scholars recommended that subsequent research efforts
should pivot toward the assessment of interventions under-
pinned by social network analysis (Chambers et al. 2012).
Moreover, health care settings were considered to be possibly
understood better if social network analysis was combined
with public health communication methods (Luke and Har-
ris 2007). Prior investigations in health informatics have en-
compassed the examination of information exchanges among
health consumers (Mertens et al. 2012), the influence of cul-
ture on consumers' health information-seeking behavior
(Smith and Christakis 2008), the utilization of feedback from
adolescents regarding health information (N. J. Gray et al.
2005), and hospital nursing (Pow et al. 2012).

In recent years, social network analysis was also applied
with other proper research methods (e.g., content analysis),
especially when the research target shares common charac-
teristics with social network analysis and other specific ap-
proaches. For example, a study examining breast cancer-re-
lated health information on Twitter was conducted by Kim
et al. (2016). Conversely, several researchers proposed the
intriguing concept of applying social network analysis to as-
sess the topic or subject-based navigation systems of public
health portals, such as the World Health Organization
(Zhang et al. 2015) and the government agriculture portal
(Zhang et al. 2016).

To summarize, the existing body of literature has primar-
ily focused on social network analysis of sites and search-
based navigation approaches. Past research has largely ad-
dressed health consumers actively seeking specific health in-
formation or emotional support. However, the importance,
benefits, and potential growth of well-organized health in-
formation for general browsing purposes, as provided by
professional health institutions, have not been thoroughly
investigated. Moreover, subject directory systems pertaining
to children have been infrequently addressed in prior stud-
ies. An examination of the children's section within a repre-
sentative health Web portal's subject directory could yield
opportunities for improving the system's efficacy and af-
ford a fresh perspective for health consumers and profes-
sionals alike in understanding relevant health information.

3.0 Methodology

3.1 MedlinePlus and its health topics

MedlinePlus delivers trustworthy and contemporary health
information, addressing the requirements of a broad spec-

trum of health professionals and health consumers. The
portal uses five broad sections to divide its over 1000 health

related issues: Body Location/Systems, Disorders and Con-
ditions, Diagnosis and Therapy, Demographic Groups, and
Health and Wellness. Each of these five sections includes a
list of subcategories, and each subcategory has an introduc-
tion page that contains a group of health topics in an alpha-
betical order.

A health topic pertains to a particular health-related con-
cern and is represented by a distinct Web page, commencing
with an overview table encompassing sections such as “ba-

sics,” “learn more,” «

see, play, and learn,” and “research,”
among others. Concurrently, the Web page features a “re-
lated health topics” column situated on the right side, de-
signed to assist end-users in navigating to other relevant
health topics. For instance, the topic Children’s Health has
13 related health topics: Child Dental Health, Child Devel-
opment, Child Safety, etc.

The dataset for this study was extracted from the children
subcategory on the MedlinePlus portal. Three steps were fol-
lowed to collect the topic data. The first step was to deter-
mine the health topic that could serve as the starting point for
the subcategory group relating to children’s health. It decided
the initial numbers as well as specific related health topics to
start to construct the structural link network. The second
step was to expand the health topic group into a reasonable
size through involving more health topics listed under the “re-
lated health topics” column from the previously selected
health topics’ Web pages. A proper group size enabled this
study to generate a meaningful and strong network so that in-
depth explorations could be applied to an appropriate range
of the subject directory system. The last step was to collect
data related to each selected health topic through its individ-
ual Web page. The data gathered contained two parts: all the
health topics listed as the “related health topics” were ob-
tained as structural connection data and all the textual infor-
mation in the introductory section was collected as semantic
connection analysis data.

The sampling strategy included the first and second
steps mentioned above. For these two steps, the general pro-
cess was that once a specific health topic was selected to
serve as the starting point, this initial topic and the health
topics listed under the “related health topics” column of the
initial topic were then collected to form the first level of
health topics. Subsequently, the health topics listed under
the “related health topics” column of each health topic in-
cluded in the first level were then collected to form the sec-
ond level of health topics. This data collection process was
repeated until the attainment of a third level was achieved.
An ideal health topic group should contain between 100
and 150 topics to generate a corresponding social network
so that the network could possess enough information for
later analysis. The determination of the group size in this
study was based on the relevance of health topics collected
across various levels, as the relevance tends to decrease with
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increasing distance from the initial health topic. For in-
stance, within the MedlinePlus subject directory pertaining
to children's health, the starting topic Children's Health en-
compasses 13 closely related health topics in the first level,
including Childhood Immunization and Hearing Problems
in Children. Upon examining the second level, out of 54
health topics, a portion remains highly relevant to Chil-
dren's Health, such as Child Behavior Disorders, Growth
Disorders, and Developmental Disabilities. However, cer-
tain topics, like Hepatitis B, Benefits of Exercise, and Assis-
tive Devices, appear less relevant. In the third level, the rele-
vance of the 91 topics to Children's Health continues to de-
crease, making it challenging to find strongly related topics,
such as Child Nutrition. At the fourth level, topics become
even more diffuse, pertaining to different demographic
groups or specific conditions, organs, or body systems. Ex-
amples include Depression, Miscarriage, Tumors and Preg-
nancy, Vitamin A, and Calcium. Consequently, the rele-
vance of topics at deeper levels diminishes in comparison to
the initial topic. Based on this analysis, a group size of 100-
150 topics at three levels was deemed reasonable.

The data were collected in August 2020. All the infor-
mation collected for this study is publicly accessible online
(https://medlineplus.gov/healthtopics.html). Although Med-
linePlus has been observed to make minor adjustments to its
subject directories regularly, no time patterns were found to
exist among health topics.

The Web pages encompassing all three levels of health
topics were collected, and the text from these topics’ pages
was extracted using a coded Python program, resulting in
the creation of a word list. Textual information from the
overview table as well as side menu text and navigating hy-
perlinks were ignored because the textual information made
no difference among various health topics’ pages - it is
standardized by the portal creators to keep a consistent for-
mat among different Web pages of health topics. Therefore,
the complete set of textual information, ranging from the
entries in the “basics” column to those in the “for you” col-
umn, was comprehensively collected. The automatically
collected textual information was further filtered through
manual review. After the review process, it was used as se-
mantic data in this study. Subsequently, this word list un-
derwent further refinement. Initially, a stop-word list was

utilized to eliminate irrelevant words. Secondly, synonyms
were consolidated. Lastly, all the words on the word list were
converted to their regular forms. For instance, “psychother-
apies” was converted to “psychotherapy”.

3.2 The formation of social networks

In this study, each health topic selected from the subject di-
rectory of MedlinePlus served as a node while the structural
connections among these health topics served as the edges.
Unlike the structural connections which could be directly
observed through the hyperlinks set by the portal creators,
the semantic connections were not directly reflected
through any visible links. Therefore, there were no edges in
the network that could represent the semantic connections
possessed among the health topics. Some of the edges be-
tween two health topics are unidirectional, while others are
bidirectional. It was important to differentiate unidirec-
tional edges from those bidirectional ones because the for-
mer type of edges may cause “dead ends” in the subject di-
rectories and prevent users from navigating back to the pre-
vious health topic’s page.

A group of matrices were built to represent the structural
link network and the semantic network among the selected
health topics related to children:

The initial matrix, known as the subject link matrix
(SLM), illustrates the structural connections between the
collected health topics. Within this matrix, 1; signifies
whether health topic iis classified as a “related health topic”
of another health topic j, and ‘n’ represents the quantity of
health topics chosen from the subject directory, resulting in
an 1 X n asymmetrical matrix. In the matrix, the cell value
of I conveys the relationship between two health topics — if
topic i is included in the related health topics for topic j, the
cell value I is allocated a value of 1; otherwise, it receives a
value of 0. It is important to note that the matrix is asym-
metrical, as the linkage of topic i to topic j does not ensure a
reciprocal connection from topic j to topic i (Equation (1))

The equation formulated for the SLM is depicted below,
illustrating that a health topic cannot contain itself as a con-
nected health topic (Equation (2)).

Following the SLM, a subject-keyword matrix (SKM) is
developed. In this matrix, each row is associated with a

l l l;
SLM = ( 11 in ij ) (1)
lnl lnn
Equation 1.
l;=0, 1<i<n (2)

Equation 2.
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health topic, and each column corresponds to a keyword
originating from the word list previously generated. The cell
value reflects the level of connection between keyword j and
topic i. This connection is determined by the weight, or the
term frequency (tf), of the keyword presented in the respec-
tive topic's Web page. Equation (3), established for the
SKM, is shown below. Here, f; denotes the frequency oc-
currence of keyword i in a health topic j's Web page. ‘n’ rep-
resents the number of chosen health topics, while ‘m’ indi-
cates the total number of keywords in the word list that have
been extracted from the health topic's Web pages.

Following the creation of SLM and SKM, a subject-se-
mantic matrix (SSM) was developed to depict the semantic
connections among the selected health topics by utilizing
similarity measures based on the subject-keyword matrix
(SKM). Equation (4) presents the subject-semantic matrix.
In this equation, s; represents the similarity value between
health topics i and j, while ‘n’ signifies the number of cho-
sen health topics. For similarity measure, the cosine-similar-
ity measure was used as the major similarity measure in this
study along with the Pearson correlation similarity measure
and the Euclidean distance similarity measure for compar-
ing purposes. The Pearson correlation similarity measure, as
described by Segaran (2007), is employed to calculate the
strength of two correlated variables. The Euclidean distance
similarity measure serves as the basis of many measures of
similarity and dissimilarity, including Manhattan Distance,
Minkowski Distance, etc. (Borgatti et al. 2013). Therefore,
these two similarity measures were applied as supplemental
methods to compare and verify the results generated accord-
ing to the cosine similarity measure. The cosine-similarity is
displayed in Equation (5).

According to Equation (5), the cell value (similarity) be-
tween topic i and topic j is maintained as equal to that be-
tween topic j and topic i, indicating that the SSM is a sym-
metrical matrix. Additionally, the SSM is non-directional

since both directions exhibit the same similarity between
two topics from a semantic standpoint.

3.3 Data analysis and optimization method

Upon determining the similarities among all health topics
in the semantic network, each edge was assigned a similarity
value based on each of the three similarity measures. These
edges were subsequently categorized into one of three
groups: Edge Set A, Edge Set B, and Edge Set C. Edge Set A
contains edges where a topic is linked to itself, yielding a
similarity value of 1. Since these edges do not contribute to
subsequent analysis, they were omitted. Edges in Edge Set B
had corresponding links in the structural link network,
while edges in Edge Set C did not share any links with the
structural link network.

The average similarity for edges in Edge Set B was calcu-
lated and employed as the threshold for selecting recom-
mended topic edges within the structural link network, a
procedure known as optimization of the structural link net-
work. If an edge in Edge Set C exhibited a similarity value
exceeding the threshold, the corresponding edge/link was
suggested for addition to the structural link network. The
recommended edges in Edge Set C had two situations: 1) no
connection between two topics, T1 and T2, in the struc-
tural link network, and 2) merely a single connection from
topic T1 (T2) to topic T2 (T1) within the structural link
network. Both instances were considered. As a result, the
recommended edges formed a new set, Edge Set D, which is
a subset of Edge Set C. It is clear that the optimized or final
structural link network encompasses both Edge Set B and
Edge Set D.

In this study, the node-level measurements from the so-
cial network analysis were applied to investigate the charac-
teristics of each health topic’s position within the network.
To be more specific, the centrality was selected as the actor
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feature for comparison. The centrality consists of three
measurements to accurately identify crucial actors or nodes
and gauge their connections or edge strength within a net-
work. It lays the foundation to specify and evaluate the po-
tential optimized edges for the study. The centrality in-
cludes degree, betweenness, and closeness. It can indicate
the importance of an actor within a network from multiple
perspectives. For instance, the degree refers to the number
of connections an actor possesses to other actors within the
network. The betweenness represents the number of an ac-
tor sitting between pairs of other actors on their shortest
paths (Freeman 1978). The closeness measures the extent to
which an actor is distant from other actors within the net-
work (Freeman 1978).

Based on the analysis results of centralities, a group of in-
fluential health topics were discovered. Compared with
other actors, influential actors can have more impact on
other actors. They play a more important role in controlling
the information flow among the whole network through lo-
cating at a comparatively central position. The influential
health topics on the portal can be recognized when a topic
is found to have many “related health topics” on its Web
page and being listed as one of the “related health topics” on
many other topics’ Web pages. These characteristics quan-
tify the impact or contribution of a health topic to the sub-
ject directory and provide quantitative data to investigate
the relationships among the health topics in the network.

3.4 Evaluation

After the health topic suggestions were made for optimizing
the current children related subject directory system, two
groups of evaluators were invited to assess the optimization
results. One group contained two medical professionals
while the other group involved 31 medical students as gen-
eral users. The two medical professionals were recruited
from a formal research institute in the United States. They
either went through the preliminary examination of a M.D.
program or obtained at least a master’s degree in a medical
or health related field. They have had at least five years of
experience in the field. For the general user group, the stu-
dents were recruited from two formal research institutes —
one in China and the other in the United States. The users
were required to major in a medical or health related disci-
pline, and both undergraduates and graduates were re-
cruited.

In terms of the evaluation lists and procedures, for the
medical expert group, a list that contained around 200
paired health topics were generated. Among them, about
two thirds of the paired health topics were health topics
which were suggested to be added to the structural network
in the subject directory of MedlinePlus. Besides those rec-
ommended topics, the remaining one third of paired health

topics were also evaluated. Those health topics were not
linked on the structural link network in the MedlinePlus
portal and were found to have low semantic connections ac-
cording to the similarity results generated in this study.
They were used for comparative purposes. Such a mixed list
of paired health topics could avoid potential bias from the
experts. A screenshot of a health topic page, featuring its “re-
lated health topics” list, was presented to the evaluators
along with a succinct explanation of the methods employed
by the MedlinePlus portal to generate and showcase struc-
tural connections among pertinent health topics. Subse-
quently, evaluators were instructed to discern and indicate
pairs of health topics they deemed relevant.

Different from the expert group, the evaluation list for
the general user group was shorter — the experts’ evaluation
list mentioned above was divided into three sub-lists with
various focuses. All the sub-lists for the user group main-
tained the same composition — each sub-list contained
around 50 recommended health topic pairs along with 25
irrelevant paired topics. The users were then divided into
three sub-groups accordingly, and each user sub-group eval-
uated a corresponding sub-list. The same set of evaluation
materials was subsequently disseminated among the three
distinct user sub-groups. In this context, they played the
role of regular MedlinePlus subject directory system users in
order to scrutinize and assess the recommended results.

3.5 Data analysis instruments

The analyses were processed using UciNet (Version No.
6.669) and SPSS (Version No. 25.0).

4.0 Results and discussion
4.1 The original structural network analysis

The starting health topic was Children’s Health, and a total
of 159 health topics distributed at three levels were in-
cluded. From the introductory pages of the 159 health top-
ics, textual content was extracted. A validation process was
carried out, and all stop-words were eliminated. Keywords
with only a single occurrence were disregarded, revealing
1919 keywords that featured in a minimum of two separate
health topics' pages. Lastly, when refining the keyword
compilation further at cut-off point 2 to obtain more mean-
ingful similarity assessment results, the total number of key-
words amounted to 1457.

On the other hand, 472 structural connections about
children’s topics were observed in the original network cre-
ated by the MedlinePlus portal. A visualized figure of the
structural link network of children related topics is dis-

played in Figure 1.
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Figure 1. Display of the structural link network of children related topics

In Figure 1, both unidirectional and bidirectional con-
nections were identified in the structural network of the
children subcategory. Based on the visual observation in
Figure 1, the children related health topics in the structural
network were evenly distributed — no topics were found to
be apparently clustered within this network.

With respect to the semantic network, the cosine similar-
ity measure was employed to ascertain the similarity be-
tween two health topics' pages based on the textual key-
words. Consequently, the average similarity value for the
472 structurally connected edges in Edge Set B amounted to
0.444744, whereas the average similarity for the remaining
24,650 pairs of topics (Edge Set C) was 0.086589. The over-
all average similarity stood at 0.093318.

Subsequently, among the 24,650 semantic connections
absent in the structural link network, 184 pairs of topics ex-
hibited a similarity value surpassing the threshold (i.e., the
average similarity value of Edge Set B). This indicated an in-
consistency between the structural and semantic connec-
tions. Out of these 184 pairs of topics, 140 pairs were rec-
ommended to establish bidirectional connections, with ten
sample pairs of these edges presented in Table 1.

In addition to the aforementioned 140 pairs of bidirec-
tional edges, there were 44 unidirectional pairs of health top-
ics possessing a similarity value exceeding the threshold. Six
(6) sample pairs of these health topics are shown in Table 2.

According to Table 2, both hierarchical and associative
relationships were identified in the recommended unidirec-
tional connections of children related health topics. For in-
stance, Pregnancy and Pregnancy and Medicines were pre-
senting a hierarchical relationship while Children’s Health
and Toddler’s Health were presenting an associative rela-
tionship.

Going forward, the node-level features including the
three centrality measurements were analyzed. Those health
topics that were playing the most influential roles were iden-
tified and listed. In the meantime, same node centrality fea-
tures were investigated from the revised semantic-based net-
work and key health topics were identified and compared.

As a result, two ranking lists were built in terms of each
of the three node centrality measurements — one was based
on the original structural link network, and the other was
based on the revised semantic-based network. The ranked
health topics located on each ranking list were compared re-
garding their consistency. If a health topic was ranked high
in the revised semantic-based network but low in the origi-
nal structural link network, it indicated that this health
topic was an influential one within the subject directory in
terms of its semantic connections with other topics. How-
ever, such semantic influence was not reflected in the origi-
nal structural link network. Hence, those health topics with
strong semantic connections but which did not appear in
the original network should be identified and integrated
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Pairs of Topic A & Topic B Pairs of Topic A & Topic B
Topic A Topic B Topic A Topic B
Children's Health Child Behavior Disorders Child Dental Health Dentures
Children's Health Toddler Development Child Dental Health Child Mental Health
Children's Health Baby Health Checkup Child Dental Health Child Nutrition
Children's Health Child Mental Health Child Development Medicines and Children
Child Dental Health Toddler Health Child Development Toddler Health

Table 1. 10 sample bidirectional pairs of health topics that require structural linkages in the children related topic group

Topics and their related topic Topics and their related topic
Topic Related topic Topic Related topic
Children's Health Child Nutrition Teen Mental Health Teen Health
Child Dental Health Children's Health Teenage Pregnancy Teen Health
Child Dental Health Cosmetic Dentistry Toddler Nutrition Toddler Health
Table 2. 6 sample unidirectional edges recommended for the children topic group
Out_Degree Revised_Out_Degree In_Degree Revised_In_Degree
Childhood Immunization Child Development Children's Health Children's Health
Medicines Medicines and Children Childhood Immunization Medicines and Children
Child Development Children's Health Medicines Toddler Health
Medicines and Children Toddler Health Birth Defects Medicines
Hearing Disorders and . Uncommon Infant and Uncommon Infant and
Deafness ChildMenelibleslh Newborn Problem Newborn Problems
Heari .
Birth Defects Child Dental Health caring Disorders and Child Development
Deafness
Child Dental Health Childhood Immunization Teen Mental Health Childhood Immunization
Dental Health Teen Health Sports Fitness Teen Mental Health
Child Behavior Disorders Child Behavior Disorders Assistive Devices Birth Defects
Inf:
Sports Fitness Infant and Newborn Care Common Infantand Child Mental Health
Newborn Problems

Table 3. Degree centrality of the children subcategory

into the original structural link network to make the subject
directory more effective.

Table 3 displays the ranking lists of the degree centrality
features between the original structural and revised seman-
tic-based networks of the children topic subcategory. The
three health topics that had the largest differences in terms
of their rankings on the ranking lists are highlighted for
both out-degree and in-degree centralities. Here, the in-de-
gree and out-degree refer to the inbound and outbound
edges possessed by a given node, respectively:

From Table 3, four different health topics were identi-
fied as key nodes in the network in terms of their in-degree

and out-degree centrality. To be more specific, Children’s
Health, Toddler Health, Medicines and Children, and
Child Mental Health were not included in the top 20 rank-
ings of the original structural network. However, these four
topics possessed strong impact in terms of their semantic
connections with other topics in the network. Hence, the
importance of these four health topics, especially the two
topics that occurred in both the in-degree and out-degree
ranking lists (Toddler Health and Child Mental Health),
was underestimated in the original subject directory.
Following the same procedures described above, six
health topics were identified as key nodes in the network in
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terms of their in-closeness and out-closeness centrality. For
the out-closeness feature, Children Development, Chil-
dren’s Health, and Toddler Health were not included in the
top 20 rankings of the original structural network. For the
in-closeness feature, Medicines and Children, Child Mental
Health, and Child Dental Health were not included. Simi-
larly, the importance of these six health topics was underes-
timated in the original subject directory despite that they
served as key nodes in the semantic-based network.
Regarding the betweenness centrality feature between
the original structural and revised semantic-based networks,
the three health topics that had the largest differences in
terms of their rankings on the ranking lists are Medicines

and Children, Prenatal Testing, and Child Safety.
4.2 The optimized structural network

Since the structural and semantic connections were not
consistent regarding children related health topics in the
subject directory of MedlinePlus, recommendations were
made for a group of health topics in order to add more rele-
vant connections that had high similarity values in terms of
Web page textual information. Moreover, some hidden core
health topics were detected through the comparison of the
ranking lists between the structural and semantic network.
As a result, an optimized structural link network was devel-
oped. This optimized subject directory is shown in Figure 2.
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In Figure 2, the original structural connections are
shown in black lines while the recommended connections
are in red lines. It is clear to find that a lot of recommended
connections were added to the health consumer groups (i.c.,
children, teenagers, toddlers, infants, older adults etc.) re-
lated health topics. Moreover, newly suggested connections
were also found in the health topics relating to pregnancy,
hepatitis and daily exercises. After the optimization process,
the structured connections in the optimized subject direc-
tory combined both Edge Set B and Edge Set D. Hence,
there were 656 connections in total as a result, thus leading
the average similarity value to increase to 0.476088. The av-
erage similarity among the rest of the 24,466 pairs of topics
(new Edge Set C) was decreased to 0.083055.

In terms of the key nodes, the five core health topics
identified were: Medicines and Children, Children’s
Health, Toddler Health, Child Development, and Child
Mental Health. Combining all connections relating to these
five core topics, there were 57 suggested links in total, ex-
cluding the overlapped links. These 57 suggested links
weighted 30.98% of all the recommended links, hence they
could prove the important roles played by the five core top-
ics.

To verify that there are significant differences between
the original and optimized structural networks of children
related topics in terms of similarity values, a null hypothesis

was created:
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Figure 2. Optimized children structural link network
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HO1: There are no significant differences between the
original and the optimized structural networks in terms of
similarity values among the health topics related to children
on the MedlinePlus portal.

The similarity values of the selected children related health
topics were not able to be analyzed through the standard T-
test since they did not follow a normal distribution. There-
fore, the Mann-Whitney test was applied to investigate the
differences of similarity values between the original and opti-
mized subject directories. Table 4 summarizes the mean rank
and sum of ranks of the similarity values from the original
structural network (n=472) and the optimized structural net-
work (n=656). The statistical analysis revealed that there was
a systematic difference (p=0.002<0.05). Therefore, the hy-
pothesis was rejected. In other words, the similarity value of
the connections was significantly improved after the optimi-
zation process.

Similarly, node-level centrality data could not be ana-
lyzed through standard inferential statistical tests because
the data did not follow a normal distribution either. How-
ever, UciNet uses a series of permutation tests (also called
randomization tests) to modify the standard methods and
makes the data suitable for the revised inferential statistical
test (Borgatti et al. 2013). Therefore, to verify that there are
significant differences between the original and optimized
structural networks, a series of the customized T-tests were
applied to investigate the differences of the three node cen-
trality features. As a result, the p-values of both out-degree
and in-degree centrality were smaller than the significant
level (0.05), which indicated that there was a significant dif-
ference of degree centrality measures between the original
structural network and the optimized structural network.

Similarly, the p-values of both out-closeness and in-close-
ness centrality were smaller than the significant level (0.05)
as well, which indicated that there was a significant differ-
ence of closeness centrality measures between the original
structural network and the optimized structural network.
In other words, both the degree and the closeness centrality
measures in the optimized structural network had generated
a significantly higher average value than the original struc-
tural network.

Unlike the degree and the closeness centrality measures,
the p-value of the betweenness centrality was larger than the
significant level (0.05), which indicated that there was no
significant difference between the original and the opti-
mized structural networks. The reason for this phenome-
non is that after the optimization, more connections were
added to the structural network, and more pairs of health
topics had been linked directly. Betweenness centrality de-
notes the frequency with which a node functions as a con-
nector between two other nodes via the shortest path within
the network. Our findings showed that the betweenness
centrality had less impact on the network optimization. It is
not surprising because the betweenness of a node measures
the extent to which two other nodes are connected through
this specific node in a network.

4.3 Evaluation from experts and users

In the last stage of the evaluation, two field experts were in-
vited to evaluate the optimization results generated by this
study. In terms of the recommendation results assessed by
the health professionals, one expert identified 115 relevant
pairs while the second expert identified 113 relevant pairs.
Subsequently, a Kappa test was conducted between the two
evaluators' lists, revealing a “Measure of Agreement” value
0f 0.952 (p < 0.001), signifying an almost perfect agreement
between the two experts. Following this, the evaluation lists
were combined, and another Kappa test was employed to
determine the consistency between the joint evaluation re-
sults from the experts and the corresponding recommenda-
tions derived from this study. The “Measure of Agreement”
value was 0.951 (p < 0.001), also indicating an almost per-
fect agreement.

In addition to the Kappa test, a Chi-square test was uti-
lized to provide supplementary validation of the agreement
achieved between the study's results and the assessments of
the two health professionals. The Pearson Chi-square value,
degrees of freedom (df), and p-value were 0.049, 1, and
0.825, respectively. The test outcomes demonstrated no sig-
nificant difference between the findings of this research and
the evaluations from the medical professionals.

Similarity value

The Mann-Whitney test Original structural network Optimized structural network
Mean rank 590.21
Sum of ranks 249575.00 387181.00
z-statistic -3.125
p-value 0.002

Table 4. Statistical analysis result for HO1
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In addition, the optimization results were also evaluated
by 31 students as a general user evaluation. In the user
group, 4 users (13%) were recruited from the United States
and 27 users (87%) were recruited from China. The Chinese
users were recruited from a top 5 university in China, and
all of them were ensured to be able to read English texts pro-
ficiently. Among them, 22 (71%) are female while nine
(29%) are male. Moreover, 19 users (61%) were in the 19-23
age group, 11 users (35%) were in the 24-27 age group, and
one user (3%) was in the 28 and over age group. In terms of
their educational backgrounds, 16 (52%) were undergradu-
ates while 15 (48%) were graduates.

The 31 users were divided into three sub-groups and
each sub-group was required to evaluate one of the three
sub-lists of paired health topics. The three sub-lists focused
on different topics - the first user sub-group (12), the sec-
ond user sub-group (12), and the third user sub-group (7)
focused on health-related services, child health and develop-
ment, and nutrition, respectively. Overall, about 89% of the
recommended connections proposed by this study were
confirmed by the users. The detailed confirmation rates for
each sub-list are displayed in Table 5. In addition, within
each sub-group, two evaluation lists were randomly selected
to perform a Kappa test to examine the agreement level in
each sub-group. The “Measure of Agreement” values are
shown in Table 5 as well.

In conclusion, the analysis results show that the health
topic suggestions proposed by this study were confirmed and
agreed by both medical professionals and general users.

4.4 The comparison among the three similarity
measures

For comparison purposes, the semantic network was also
processed through UciNet using the Pearson correlation
similarity measure and the Euclidean distance similarity
measure. Interestingly enough, the overlap condition was
uncovered between the recommendation results generated
by the cosine and the Pearson correlation similarity
measures. To be more specific, the cosine similarity measure
explored six more bidirectional connections and one addi-
tional unidirectional connection than the Pearson correla-
tion similarity measure. On the other side, the results con-
cluded through the Euclidean distance measure only shared
four common connections with the cosine similarity meas-
ure. The rest of the 115 connections uncovered by the Eu-
clidean distance similarity measure were unique.

Moreover, Table 6 shows the five core health topics gen-
erated by the three similarity measures among their recom-
mended connections:

According to this table, it is not surprising to find that
the five key nodes in the network identified by the cosine
and the Pearson correlation similarity measures were the
same. However, the five core health topics identified
through the Euclidean distance similarity measure were dif-
ferent as they were mostly concentrating on specific dis-
eases, devices, and medical checking procedures. Moreover,
the suggested connections generated through the Euclidean
distance similarity measure were highly clustered among the
five key health topics. The health topic Dwarfism was sug-
gested to be linked to other 16 topics, including topics like

Health related services
related sub-list

Confirmation rates &
Kappa test results

Child health and development

Nutrition related sub-list
related sub-list

Confirmation rate of 87.85%, N=48

recommended connections

92.19%, N=48 86.29%, N=50

0.742 (substantial
agreement), N=72

“Measure of Agreement”
value of Kappa test

0.724 (substantial agreement),

0.830 (almost perfect
N=72 agreement), N=75

Table 5. Confirmation rates and Kappa test results of user evaluation results

. . o Pearson correlation Euclidean distance
The core health topic list Cosine similarity measure L. .
similarity measure similarity measure

Core health topic 1 Medicines and Children Medicines and Children Dwarfism
Core health topic 2 Children's Health Children's Health Mobility Aids
Core health topic 3 Toddler Health Toddler Health Artificial Limbs
Core health topic 4 Child Development Child Development Barotrauma
Core health topic 5 Child Mental Health Child Mental Health Baby Health Checkup

Table 6. Five core health topics identified through the three similarity measures
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Dentures and Cosmetic Dentistry. Given that the outcomes
yielded from the Euclidean distance measure did not exhibit
comparable efficacy to those produced by the cosine simi-
larity measure and the Pearson correlation similarity meas-
ure, the proposed connections derived from the Euclidean
distance measure were deemed unacceptable.

Since the recommendation results generated between the
cosine similarity measure and the Pearson correlation simi-
larity measure had great overlap, a series of Mann-Whitney
tests were applied. The results showed that there was no sig-
nificant difference in terms of similarity values generated
between the cosine and the Pearson correlation similarity
measures (p-value=0.429>0.05).

In conclusion, the Pearson correlation similarity measure
and the cosine similarity measure may be jointly utilized for
similarity analysis, thus optimizing additional subject direc-
tories of other online portals. When employing one of them
for similarity calculation, the other could serve as the sup-
plemental methodology for verification purposes. This
could ensure a more convincing and effective optimization
result. On the other side, the Euclidean distance similarity
measure was less effective in optimizing health topic-based
subject directories.

4.5 Novel strategies towards social networks

In prior studies, researchers attempted to create a semantic
network that was built purely based on the semantic relation-
ships possessed by the selected health topics (Zhu and Zhang
2020; Zhang et al. 2016). Several structurally connected
health topics in the original structural network were removed
in the semantic network due to low similarity values.

Compared with those prior studies, the revised semantic-
based network built in this study kept the structurally con-
nected health topics that were included in the original struc-
tural network even if they possessed low similarity values. The
reason was that these connections were derived from official
subject headings such as MeSH and had been manually re-
viewed by health professionals. In other words, the Med-
linePlus portal established these connections for specific rea-
sons. For instance, the health topics connected might be gen-
erated from other relationships such as an ontology-based sys-
tem instead of semantic relationships. Therefore, keeping
these original structural connections along with the newly
recommended health topics in the revised semantic-based
network could better reflect the overall subject directory sys-
tem of MedlinePlus from a broader view — both semantic re-
lationships and other types of relationships.

4.6 Implications for subject directory optimization

The theoretical implications of this study are manifested in
the distinctive approach employed to identify connections

possessing weak semantic relationships within a subject di-
rectory and enhance the directory by incorporating missing
links that exhibit strong semantic associations. In this con-
text, weak semantic relationships pertain to those semantic
connections that display a similarity value falling below the
prescribed threshold. Conversely, strong semantic relation-
ships denote those semantic connections that display a sim-
ilarity value surpassing the designated threshold. Compared
with prior research (Zhu and Zhang 2020; Zhang et al.
2016; Zhang et al. 2015), the similarity measurements em-
ployed by this study for calculating semantic relationships
are more diverse and creative.

The methodological implications lie in the mixed re-
search method utilized in this study: social network analysis
was applied with descriptive and inferential statistical anal-
ysis to examine missing connections in the children related
subject directory and evaluate the optimization results;
three different similarity measures were employed to calcu-
late the semantic relationships possessed by the selected
health topics; last, two levels of evaluations toward the opti-
mization results were performed in both the medical expert
group and the general user group. This combined research
method could be applied to explore health topics of other
health conditions/diseases or health consumer groups.

In light of the practical implications, the findings of this
study can contribute to enhancing users’ information
searching effectiveness when they navigate the subject direc-
tory to browse relevant medical information. Meanwhile,
the findings would also help MedlinePlus creators to opti-
mize their directories. Compared with prior studies which
focused on agriculture, general health, and mental health re-
lated topics (Zhu and Zhang 2020; Zhang et al. 2016; Zhang
etal. 2015), the children related health topics investigated in
this research study are novel.

4.7 Limitations and future research

One limitation of this study was that the optimization pro-
cess conducted in this study had only focused on the sys-
tem’s side. All the recommendations were identified and
presented according to the structural link networks built in
the subject directory system on the MedlinePlus portal. No
investigation was performed from the users’ perspective.
Another limitation of this study was that the optimization
results were presented based only on part of the subject di-
rectory system on the MedlinePlus portal. Furthermore, the
semantic analysis of this study relied upon the descriptive
text procured from the webpages of health topics within
subject directories. It should be noted that optimization ef-
forts based on such textual information may not necessarily
encompass or accurately represent all the significant associ-
ated health topics. Meanwhile, the term frequency (tf) is
only one of the possible measures for semantic analysis. In
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addition to the term frequency, the medical relevance of a
term might also be considered. For instance, if a term ap-
pears in a medical thesaurus, it receives more weight. Also,
the result evaluators, including both medical professionals
and university students, were not real users of children re-
lated health information on MedlinePlus. Using real users
of children related health information for evaluation could
definitely yield more reliable findings. The last limitation of
this study was that the methodologies applied for optimiza-
tion in this study were limited. Only the similarity values
and the three node-level centrality features were employed
for proposing suggested connections. In addition, when cal-
culating the similarity values of the selected health topics,
only three similarity measures were utilized.

The future research directions include, but are not lim-
ited to, expanding the utilization of social network analysis
techniques to encompass a broader array of subject direc-
tory systems within health portals or health information
systems. Concurrently, the incorporation of additional as-
pects from social network analysis, particularly at the net-
work level—such as the clustering coefficient—may prove
beneficial in analogous research endeavors. More similarity
measures can also be employed to set up various thresholds
in terms of exploring new structural connections. As for the
evaluation performed by the health field experts, additional
qualitative methods can be applied with quantitative analy-
sis. Moreover, besides evaluating and optimizing subject di-
rectories from the system’s side, users could also be involved.

5.0 Conclusion

This research study concentrates on the investigation and
optimization regarding the topic-based subject directory ap-
plied by the representative public health portal Med-
linePlus. As a result, the current structural link network re-
lating to children applied on the MedlinePlus portal was
found to be not consistent with their semantic relationships
among the involved health topics. Hundreds of pairs of
health topics possessing similar Web page content were not
able to be navigated to each other by the portal users. Fur-
thermore, among these missed connections, a few health
topics were found to have great impact within the whole
network in terms of linking other topics through semantic
connections. The control and responsibilities taken by these
hidden core health topics were underestimated.

The recommended new structural connections were
mostly added to the health consumer related health topics
including children, teenagers, infants, toddlers, etc. Besides
the health consumer groups, connections were also found
in pregnancy, hepatitis, and daily exercises related topics.
The average similarity value of the structural connections in
the optimized network was improved after new connections
were added. This difference was proved to be significant

through the Mann-Whitney test. Key health topics were
identified to have huge impact on the whole network. In ad-
dition, the node centrality measures were tested through the
customized T-test, the results showed that the degree cen-
trality and closeness centrality measures were significantly
increased in the optimized structural network while the be-
tweenness centrality measure was not significantly different
from the original structural link network.

In the last stage, the optimization recommendations pro-
posed by this study were evaluated by two health field ex-
perts and 31 academic users. Their evaluation outcomes
confirmed that the suggested connections generated by this
study fit into professional assessments and user evaluations.
In other words, the recommendation results were sup-
ported by both the semantic relationships and human
judgements.
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