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ABSTRACT Medical guidelines are effective to guide medical practice and improve therapeutic effect.
Currently, medical guidelines are primarily used in medical institutions but are still not available to the
public. To improve the practicality of guidelines in family practice, this paper proposes a novel approach
to assisting family medical decision support using semantic technology and open data analysis. A disease-
specific knowledge model is constructed using semantic guideline expressions, which provide standard care
plans to the public. Amedical text corpus is formed by collectingmedical information from open data sources
online. Via text mining and sentiment analysis of the medical text corpus, the word frequency and sentiment
score of different medical procedures are calculated, which are used to provide detailed instructions for
public treatment. A guideline-based knowledge model is constructed to create eczema-specific standard care
plans. According to the resulting frequencies, hydrocortisone butyrate cream (HBC) elicited themost concern
among hormone drugs (54%), followed by mometasone furoate cream (MFC), accounting for 28% among
all hormone drugs. According to the average sentiment score, MFC is more frequently recommended than
HBC. For skin care products, YMJ elicited the most concern, while Cetaphil was the most recommended.
The results of the word frequency analysis and sentiment analysis are combined to provide detailed and
clear recommendations to supplement standard care plans for family medical decision support. The method
proposed by this paper is an important supplement and extension to in-hospital data analysis.

INDEX TERMS Medical expert systems, text mining, semantic web, sentiment analysis, family practice.

I. INTRODUCTION
With increasing public health awareness and the need to
address aging, family healthcare scenarios are becoming
more common [1], [2]. However, the contradiction between
the increase in health awareness and a lack of medical knowl-
edge makes it difficult for family practice to become popular
on a large scale. This contradiction is also the root cause of
over-treatment and increases in medical expenses. How to
provide the public with effective medical knowledge through
computer software and services is an urgent problem that
must be solved in the field of family practice.

Medical practice guidelines, as prescriptive standards of
clinical conduct [3], are helpful to provide medical knowl-
edge to the public. Many studies have shown that medical
guidelines can improve therapeutic effect and even shorten
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the clinical process [4]–[6]. The key problem that restricts
the practicability of medical guidelines is that the treatment
procedures defined in guidelines are too general to direct
the treatment practice. For example, the medical guideline
of acute appendicitis suggests using antimicrobial agents but
does not provide specific drug names or doses. To address
this problem, many papers have proposed combining elec-
tronic medical records with medical guidelines for more pre-
cise implementation [7], [8]. Clinical data are collected and
stored by electronic medical record systems and other hospi-
tal medical information systems. Previous studies extracted
specific treatment details from clinical data to supplement
and describe the procedures in medical guidelines, which can
effectively improve the practicability of the guidelines [9].
The limitation of clinical data is reflected in its privacy
security and information barrier between different medical
institutions. Therefore, the results based on in-hospital clini-
cal data analysis primarily serve institution-specific clinical
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decision support. Conversely, this paper is based on open
online data, with the goal of improving the availability of
medical guidelines in public applications.

Unlike local services within health care organizations, pub-
lic services do not have access to clinical data recorded in
hospital information systems. Another problem is that the
clinical data in electronic medical records systems is well-
structured, while open data outside of hospitals, which pri-
marily comes from the Internet, is primarily unstructured.
Therefore, the approach to improving the usability of guide-
lines for family practice is different from that for medical
institutions.

With the penetration of Internet technology into daily med-
ical treatments, people are more accustomed to seeking help
and sharing clinical experience on the Internet. Therefore,
a large amount of open online medical data has accumu-
lated [10], [11]. With the rapid growth of medical social
websites, the average number of search results for common
diseases such as hypertension in search engines has exceeded
100 million. The scale of online data is huge and is growing
rapidly. The openness of online data also makes it more
convenient to serve the public [12]. Medical procedures or
treatment details can be extracted from open online data,
which provides a feasible solution to improve the practica-
bility of medical guidelines in family practice.

This paper presents a novel approach to extract effective
medical knowledge from online medical data, and demon-
strates the construction of a semantic-based framework to
provide medical decision support to make medical guidelines
more convenient and effective to the public with regard to
family practice. The primary contributions of this study can
be summarized as follows: (1) a feasible technical solution
is provided to improve the practicality of medical guide-
lines in family practice; (2) disease-specific standard care
plans are generated from guideline-based knowledge model;
(3) medical suggestions about detailed treatment proce-
dures are extracted from online data; and (4) family med-
ical decision support is provided by combining standard
care plans and detailed treatment procedures. This paper
explores extracting disease-specific treatment procedures
from online social data and proposes a novel method to
provide guideline-driven medical decision support for family
healthcare. Family medical decision support can enhance
the care of patients in family practice and improve patient
outcomes in primary care practice.

II. METHODS
Medical data on the Internet is primarily in text form, and
its sources are complex and lack integration [13]–[15]. How
to extract effective information from these data and express
them as standard knowledge is the key problem to solve. Due
to the complexity of medical terms, it is impossible to find
key medical information via traditional word segmentation
methods. To solve these problems, this paper uses semantic
technology to build a guideline-based knowledge model that
defines key information elements in treatment procedures to

support word segmentation, and uses word frequency statis-
tics and text sentiment analysis to extract treatment sugges-
tions that can provide decision-making support to the public.

A. DISEASE-SPECIFIC KNOWLEDGE MODELING
A semantic web provides a common framework for data
sharing and reusing [16]. In a semantic web, online data
is expressed as natural language, which is understandable
to humans but also easily processed by machines, making
information discovery, sharing and integration more intel-
ligent [17]–[19]. Semantic technologies typically use Web
Ontology Language (OWL) to describe knowledge termi-
nologies [20], use Semantic Web Rule Language (SWRL)
to support semantic reasoning [21], and use Jena Seman-
tic Web framework to complete system architecture [22].
With the rapid development of knowledge graphs in recent
years, semantic technology has made remarkable progress
in language development, tool development, standard estab-
lishment and other aspects, and has been used in industry,
logistics, medicine and other fields [23]–[25].

To describe guideline-based standard care plans effec-
tively, a disease-specific guideline model has been con-
structed with Protégé. In previous work, we designed four
super classes called ClinicalPathway, CPElementBase,
CPEventModel, andPatient in guideline ontology, and sum-
marized 84 guideline-related classes and 98 individuals [26].
For a specific disease, the corresponding classes, instances,
and properties must be expressed and added to the guide-
line model. Considering the chronic disease eczema as an
example, Eczema is an instance of the class Disease. Its
ICD10 code is set as L30.902 through the data property
hasICD_10Code. The Chinese name of eczema is defined
by the property rdfs:comment.

FIGURE 1. Key treatment procedures defined in the instance EczemaCP.

EczemaCP is an instance of the class ClinicalPathways,
which is used to document the standard care plans of eczema.
The routine treatment procedures for chronic eczema are
shown in Fig. 1, which includes key procedures, such as
urine analysis (UA), cell broadcast center (CBC), antipruritic,
glucocorticoid, etc. These treatment procedures are defined
in the class CPEventModel and each procedure has its own
properties to explicit details such as name, dose and operator.

Semantic technology is used to construct disease-
specific knowledge model, define the instance of treatment
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procedures, and refine the key elements during medical
guidelines. The role of semantic technology is primarily
embodied in two aspects. First, a standard disease-specific
care plan is expressed electronically from the disease guide-
line. Second, these key elements defined in the knowl-
edge model will serve as an important part of customized
dictionary for the web text segmentation, providing a
basis for extracting key clinical information from the text
corpus.

B. DATA ACQUISITION AND PROCESSING
Clinical data can be directly exported from the database of
electronic medical record system. With multisource hetero-
geneous systems, semantic technology can be used for data
standardization and unified processing. Semantic technology
has been intensively studied in the field of medical data
analysis [27], [28]. The process of data acquisition, integra-
tion and analysis of online medical data is more complex
than in-hospital clinical data analysis. The first step is to
identify the reliable online data sources and then actively
obtain related information from them. Due to the limited
amount of data on a single platform, it is necessary to obtain
data from multiple platforms. However, there are marked
differences in the structure and organization of web pages
in different platforms. The methods for data acquisition are
also different. In this paper, the data acquisition process
is implemented through a topic-focused crawler based on
Python.

The topic-focused crawler is used to obtain relevant med-
ical data for a specific disease. According to the differ-
ent HTML document structures, website platforms can be
divided into two types: static websites and dynamic websites.
For different types of platforms, the data-crawling process
varies significantly and requires introducing different Python
third-party libraries. For static websites, the corresponding
URL can be obtained directly using the obtain method of the
Request object. The primary difficulty lies in the analysis of
the HTML structure of web pages. Python libraries Beauti-
fulSoup and LXML are used to parse web pages and extract
the target information. For dynamic websites, the content
of web pages changes dynamically with time, environment,
or user actions. Selenium is used to simulate the browser’s
page interactions for dynamic websites. Considering Zhihu
website (zhihu.com) as an example, we use Selenium to
simulate the pull down operation of the browser; thus, that
much more data can be downloaded from the server to the
browser. Based on the downloaded results, the BeautifulSoup
library is then used for page parsing to extract the target
information.

Whether crawling static or dynamic websites, the most
important task is to analyze the website type, parse the HTML
document structures to obtain as much of the topic-related
results as possible and save them locally. In this paper,
a MySQL database is used to store the target information,
primarily including the page information and the comment
information.

C. TEXT SEGMENTATION AND KNOWLEDGE EXTRACTION
Hydrocortisone and cortisone are two different glucocorti-
coids, and cortisone is 1.25 times more potent as an anti-
inflammatory. The text ‘‘hydrocortisone’’ contains the word
‘‘cortisone’’; therefore, particularly in Chinese, it is not pos-
sible to calculate the frequency of drug use by searching and
calculating the frequency of drug names appearing on theweb
pages. This practice is common in medical terminologies.
Under such circumstances, it is impossible to extract key
treatment information by calculatingword frequency directly.
The text of the page content must be segmented first. Text
segmentation is the process of dividing a document or a
sentence into its base components such as lines, words and
characters. Chinese text segmentation is an important and
widely studies sequence modeling problem. There are many
tools or services for implementing Chinese text segmentation.
The Jieba library is used in this paper to segment Chinese text.

The Jieba library is a mainstream Python third-party eco-
logical library for text analysis. Its principle of text segmen-
tation is to use a Chinese word library, compare the target
content with the library, and find phrases with the highest
probability through graph results and dynamic programming
methods. In addition to word segmentation, the Jieba library
can also use customized Chinese dictionaries to support the
identification of medical terms. Three segmentation modes
are supported by the Jieba library: (1) precise segmenta-
tion mode divides sentences accurately without producing
redundant phrases and is suitable for text analysis; (2) all
segmentation mode lists all possible phrases in the sentence
but includes redundancies; and (3) search engine mode seg-
ments long words to improve the recall rate based on the
precise segmentation mode. To ensure maximum accuracy
and minimum redundancy, this paper creates a customized
dictionary using a disease-specific knowledgemodel and uses
the precise segmentation mode to divide the medical text.

After Jieba word segmentation, the word list from medi-
cal texts is created. Then, based on the statistical methods,
the word frequencies of medical knowledge terms defined in
the knowledge model are calculated.

The disease-specific knowledge model accurately
describes the definition, attributes and relationships of the
key treatment procedures. The customized word dictionary
obtained from the model contains a variety of expressions
for the key treatment procedures. For example, the com-
mon expressions of the drug mometasone furoate cream
include ‘‘mometasone furoate’’, ‘‘eloson’’ and ‘‘furoic acid’’.
There also may be a variety of treatment procedures for a
disease; for example, there are a variety of topical drugs
for infants with eczema. During family care and treat-
ment of eczema patients, drugs must be selected, and
word frequency statistics are used to indicate the degree
of concern associated with drugs. Assuming that n types
of hormone drugs are available for disease D, each hor-
mone drug may have m different expressions in the medical
text, and the frequency of each expression in the online
data is Xi,j (i = 1, 2, . . . ,m; j = 1, 2, . . . , n). Then, the word
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frequency of certain hormone drug can be calculated by:

WFj =
m∑
i=1

xi,j (1)

Among all hormone drugs, the degree of concern of a
certain hormone drug is calculated by:

pj =
m∑
i=1

xi,j

/
n∑
j=1

m∑
i=1

xi,j (2)

D. SENTIMENT ANALYSZE
When people post information on the Internet, personal emo-
tional information is typically included. For example, ‘‘It
is better to use eloson’’, and ‘‘It is not recommended to
use eloson’’. For the keyword ‘‘eloson’’, the first sentence
contains positive sentiment information, while the second
contains negative sentiment information. Direct statistics of
the word frequency of the keyword ‘‘eloson’’ cannot accu-
rately determine the attitude of the online data to ‘‘eloson’’;
thus, we must analyze the sentiment polarity of the sentence
according to the context, and even calculate the sentiment
score of the keyword. Sentiment analysis, as a subdomain
of opinion mining, is focused on the extraction of emotions
and opinions of the people towards a particular topic from
textual data. Sentiment scores can describe people’s attitudes
towards certain keywords. This section focuses on analyzing
the sentiment scores of keywords, which can more accurately
determine people’s underlying attitude towards a given treat-
ment based on online data.

There are two primary methods to analyze sentiment polar-
ity: sentiment dictionaries and machine learning. Due to the
limited amount of corpus data, this paper uses a sentiment dic-
tionary to analyze sentiment polarity. A sentiment dictionary
combines two types of dictionaries: one is the positive and
negative sentiment dictionary provided by Taiwan University,
and the other is the positive and negative sentiment dictionary
and the degree level dictionary provided by the Zhihu web-
site.

The process of sentiment polarity analysis includes the
following steps:

(1) Searching keywords from the corpus;
(2) Extracting the sentence S with its keywords from the

text corpus;
(3) Text segmentation with the Jieba library;
(4) Identifying the sentiment words in sentence S with

the positive and negative sentiment dictionary. The num-
ber of the positive sentiment word is Npj (j = 1, 2, . . . , n),
and the number of the negative sentiment word is
Nnj (j = 1, 2, . . . , n).

(5) Identifying the sentiment degree words in sentence
S with the degree level dictionary. Assuming that k degree
words are identified in sentence S, each degree word has its
degree level Dl,j (l = 1, 2, . . . , k; j = 1, 2, . . . , n), which can
be queried in the degree level dictionary. Thus, the degree

level of sentence S can be calculated by:

Dj =

l∑
k=1

Dk,j (3)

(6) Calculating the sentiment score of the keyword with
Formula (4). To avoid the situation where the degree level of
sentence S is equal to zero, we add 1 to the degree level of
sentence S. Similarly, the sentiment score of the keyword is
also increased by 1. For certain hormone drugs, the sentiment
scores of m different expressions must be summed up with
Formula (5), where Sj stands for the sentiment score of certain
hormone drug:

Yi,j = 1+ (Npj − Nnj)× (1+
l∑

k=1

Dk,j) (4)

Sj =
m∑
i=1

Yi,j (5)

(7) Calculating the average sentiment score by dividing the
sentiment score with the word frequency yields:

Ej = Sj
/
WFj (6)

FIGURE 2. Technical architecture of providing family medical decision
support.

E. TECHNICAL ARCHITECTURE
The technical architecture of providing family medical deci-
sion support is shown in Fig. 2, which includes four phases.
First, semantic technologies are used to represent guideline-
based knowledge model, which is responsible for customized
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dictionary construction and standard care plans creation. Sec-
ond, topical crawlers are created to capture medical informa-
tion from online text. Via data cleaning and text segmentation,
word lists are extracted from the medical information. Third,
word frequency statistics and sentiment analysis are both
used. Finally, family assistant decision support is provided
by combining guideline-based standard care plans and online
data analysis results.

III. RESULTS
Eczema is a chronic inflammatory and itchy skin disease
that has a high incidence and frequently recurs, and typically
requires long-term treatment. In recent years, the incidence
of eczema in infants and young children has increased each
year, causing serious problems to patients and their fami-
lies [29], [30].

According to the clinical pathway issued by theMinistry of
Health, the urticarial treatment cycle typically lasts for 7 days.
External use of glucocorticoids is the primary method that is
used to treat mild to moderate eczema. Anti-allergic agents
and anti-inflammatory drugs are typically used to assist
this treatment: common glucocorticoids include mometasone
furoate, hydrocortisone, cortisone and betamethasone; anti-
allergic agents include Glycyrrhizin Tablet, Chlorphenamine
Maleate Tablet, etc.; and anti-inflammatory topical drugs
primarily include Mupirocin Ointment. In these drug termi-
nologies, expressions such as hydrocortisone and betametha-
sone are the primary components of hormone drugs, and
Glycyrrhizin Tablet is the alias name of common drugs.
There are many expressions of terms in the medical field.
For example, each drug contains its name, primary ingredient,
alias name, etc. In most cases, these words are not common
words. Therefore, direct use of traditional methods ofmedical
text segmentation cannot effectively identify key information.

Various drugs are involved in the treatment procedures
of eczema. Table 1 lists 5 common hormone drugs, 4 anti-
allergic agents and 1 antibiotic anti-inflammatory drug. The
type, drug names, primary ingredient, and aliases of drugs are
given. Because certain drugs have multiple aliases, only one
of the most common aliases is listed.

Due to their long duration of use, repeatability and fre-
quent occurrence in infants and young children, the treatment
process of eczema depends primarily on family care. Too
many types of drugs to choose from is the primary prob-
lem in home care for eczema. Therefore, this paper chooses
eczema as an experimental case to show how to use medical
knowledge models and open online data to extract effec-
tive treatment information, generate key treatment elements,
and provide decision support for family practice via word
frequency statistics and sentiment analysis. The decision-
support process of family medical consultation for eczema
is shown in Fig. 3. An eczema-specific web text corpus is
created via websites crawler, and a guideline-based eczema
knowledge model is constructed to generate standard care
plan and create related dictionaries for Jieba word segmen-
tation. Via frequency statistics and sentiment analysis of the

TABLE 1. List of commonly used drugs for eczema.

FIGURE 3. Eczema-specific decision support process for family medical
consultation.

eczema-specific word list, detailed medical decision support
can be provided for family practice.

A. GUIDELINE-BASED ECZEMA KNOWLEDGE MODEL
A good medical knowledge model forms the foundation
for effective extraction of key information elements for text
analysis. Based on the eczema clinical pathway published
by the Ministry of Health, the structure and content of the
pathway are analyzed to identify key information elements
during treatment. According to the key information elements,
a knowledge engineering method is used to construct the
eczema-specific ontology model and define the correspond-
ing classes, instances, and properties.

Based on the existing knowledge model, we define the
disease instance Eczema, construct the care plan instance
EczemaCP, and explicitly express the key information ele-
ments in the treatment procedures of eczema. In the knowl-
edge model of eczema, the association relationship between
the care plan instance and the drug instance is shown in Fig. 4,
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where the prefix CP is the abbreviation of clinical pathways
and the name of the entire ontology model namespace.

FIGURE 4. Relationships between the care plan instance EczemaCP and
the drug terms in the Eczema knowledge model.

Fig. 4 lists three important properties and their values of
the instance EczemaCP. The value of the object property
usedforDisease indicates that the applicable disease of the
care plan instance EczemaCP is the disease Eczema. The
value of the datatype property hasDuration represents a
7-day treatment period for this instance. The object prop-
erty hasOrderEvert contains multiple values; each attribute
value represents a key treatment procedure during eczema
care plan. For example,HormonesEvent,AntiallergicEvent
and AntibioticsEvent represent the hormone drug therapy,
allergy drug therapy and antibiotics therapy, respectively,
which are prescription class instances of doctor’s orders. Each
doctor’s order instance has its own properties associated with
the specific drug via the object property hasRelatedTerm.
Considering hormone drugs as an example, the instanceHor-
monesEvent associates with instances of drugs including
Momeiasone, Hydrocortisone, Desonide, Triancinolone
andBetamethasone, which correspond to five different types
of common hormone drugs listed in Table 1. For each drug
instance, its name, primary ingredient name, and alias are
set by defining its attributes rdfs:label and rdfs:comment.
On the Protégé platform, the drug instances Momeiasone,
Mupirocin, and Glycyrrhizin are also defined as shown
in Fig. 4.

B. ECZEMA-SPECIFIC TEXT CORPUS
According to the size of the correlation data, four web
forums were selected as data source websites, including
DXY (dxy.cn), Zhihu (zhihu.com), Yuer (ci123.com) and
19Lou (19lou.com). The keyword ‘‘eczema’’ was entered
into the four platforms to search for eczema-specific infor-
mation. The search results provided by each platform listed
eczema-related articles or consultation information. Due to
the marked differences in the web page structures of the
different platforms, it is necessary to analyze the HTML

structure of web pages and create different web crawlers to
collect data from these heterogeneous platforms.

For the platform DXY, Yuer and 19Lou, the search results
are organized as static pages. Then, we visit each result
page and download the data to the local database. On the
Zhihu website, the search results are organized as dynamic
pages. The browser drop-down operation is simulated via
Selenium to load the result page dynamically and then down-
load detailed data. Due to the download restriction of each
website, the number of downloaded eczema-specific pages
is limited. The number of pages obtained from DXY, Yuer,
19Lou and Zhihu is 198, 1002, 1248 and 205, respectively.
These pages are raw materials that are used to construct an
eczema-specific text corpus.

According to these numbers, the number of relevant pages
obtained from 19Lou is highest. 19Lou is an online commu-
nity website that provides a platform for the free exchange
of information about local life and consumption. 19Lou is
one of the most influential social online media in China. This
paper considers the 19Lou forum as an example to show how
web page parsing is performed in this study. We analyze the
page structure, then use the LXML library to parse HTML
webpage files, and finally extract all div elements whose
class value is ‘post-cont’. The first one of the div elements
is the topic of the article, while the others are the reply
messages of this article. The basic attributes of the article
are then extracted from pages, including article type, posted
time, author, etc. Via these operation, the eczema-specific
information of 1,130 articles and 7,990 reply messages are
extracted from 19Lou and saved into the local MySQL
database.

C. MEDICAL DECISION SUPPORT FOR ECZEMA
Using these processes, the guideline-based eczema knowl-
edge model is constructed using semantic technology, and
the eczema-specific text corpus is built using web crawlers.
This section presents how to provide eczema-specificmedical
decision support based on the knowledge model and text
corpus. The standard care plan for eczema is first created
from the guideline-based eczema knowledge model; then
the detailed treatment procedures are extracted by the word
frequency statistics and sentiment analysis of the eczema-
specific text corpus. The entire process can be summarized
as follows:

(1) Extract the eczema-specific standard care plan from the
knowledge model. The standard care plan can provide basic
treatment scheme for the public, while certain procedures
may be ambiguous or undefined. The following processes are
primarily used to address this problem.

(2) Obtain the attribute values of each drug instance from
the eczema knowledge model through SPARQL semantic
searching, and create a customized dictionary for word seg-
mentation. The customized dictionary contains the medical
term information such as drug name, ingredient and Chinese
alias of the drug.
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TABLE 2. Frequency statistical results of commonly used drugs for
eczema.

(3) Query the eczema-related text statements from the
MySQL database, including 1,130 articles and 7,990 reply
messages.

(4) Segment the text statements using the Jieba library.
In this step, the load_userdict method of Jieba library is
used to load the customized dictionary created in Step (2),
the Chinese stop words list is introduced to improve statistical
efficiency, and the precise segmentation method called lcut is
used to segment the eczema-related text obtained in step (3).
After text segmentation, a word list including eczema-related
keywords is generated.

(5) Calculate the occurrence frequency of eczema-related
keywords based on the result word list of text segmentation.
The eczema-related keywords primarily include the critical
treatment procedures, which are defined in a keyword list
extracted from guideline-based eczema knowledge base.

(6) Analyze the sentiment score of each eczema-related
keyword. The sentence where the keyword exists is also
queried from the MySQL database to execute sentiment anal-
ysis. Sentiment dictionaries and degree level dictionaries are
developed to calculate the sentiment score of each keyword.

(7) Provide eczema-specific medical decision support by
combining the results of word frequency statistics and senti-
ment analysis.

Word frequency statistics are performed in step (5). Table 2
shows the statistical results of the frequency of commonly
used eczema-related drugs. The first column lists the drug
instance names defined in the knowledge model. The follow-
ing four columns list the statistical result of the four different
platforms, respectively. The last column lists the aggregated
frequency of each drug instance, whose value is equal to the
sum of the previous four columns.

Table 2 shows that hydrocortisone butyrate cream elicited
the most concern among hormone drugs, and compound gly-
cyrrhizin tablets elicited the most concern among anti-allergy
drugs for eczema. According to Formula (2), the proportion
of each hormone drug and each anti-allergy drug can be
calculated, as shown in Fig. 5 and Fig. 6.

FIGURE 5. Comparison of degrees of concern of different hormone drugs.

FIGURE 6. Comparison of degrees of concern of different anti-allergy
drugs.

Among all hormone drugs, the degree of public concern
for hydrocortisone butyrate cream is the highest (417), which
accounts for 54% of all hormone drug concerns. Followed
by mometasone furoate cream, the frequency is 213, or 28%
of all hormone drugs. The frequencies of these two hormone
drugs are much higher than those of other hormone drugs.

Among all anti-allergy drugs, the degree of public concern
of compound glycyrrhizin tablets is the highest (32), account-
ing for 82% of all anti-allergy drugs. The word frequencies
of all anti-allergy drugs are shown to be lower than those of
all hormone drugs. These results make sense because hor-
mone drugs are the primary prescriptions for eczema, while
anti-allergy drugs have not received much attention.

Additionally, as the only antibiotic drug, the word fre-
quency of mupirocin ointment is 72. Compared to the anti-
allergy drugs, this antibiotic drug is more often used in
conjunction with the hormone drugs for eczema treatment.

Sentiment analysis of the drugs is executed in step (6). For
each eczema-related keyword, the sentence where it exists
is extracted from the articles or reply messages. Via text
segmentation of the sentence, the sentiment words and degree
level words are identified. Then, the sentiment score of each
keyword is calculated with Formula (6). The sentiment anal-
ysis results of commonly used drugs for eczema are shown
in Fig. 7. The value on the vertical axis indicates the word
frequency of each keyword. The size of each bubble, which
is also shown next to the bubble, indicates the average senti-
ment score of each keyword, which is calculated by dividing
sentiment score by word frequency.
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FIGURE 7. Sentiment analysis results of commonly used drugs for
Eczema.

According to the sentiment analysis results, the aver-
age sentiment score of mometasone furoate cream is 2.95,
which is higher than hydrocortisone butyrate cream (1.68).
This result demonstrates that mometasone furoate cream
is more recommended than hydrocortisone butyrate cream
for eczema treatment. Among all drugs, the sentiment
score of Triamcinolone Acetonide and Econazole Nitrate
Cream is the highest, but its word frequency is relatively
low.

The standard care plan, combined with frequency sta-
tistical results and sentiment analysis results, will provide
intuitive and friendly eczema-specific medical suggestions
to people of the public that must chose a drug to treat
eczema. This method can provide clinical decision sup-
port to help establish a final treatment plan in family
practice.

Compared to in-hospital clinical data, open online medical
data typically contains more information about routine health
care, nursing and other nonprescription treatment details.
For eczema, in addition to drug therapy, daily skin care is
also the primary treatment and corresponds to the instance
SkinCareEvent defined in the eczema-specific knowledge
model. There are many different skin care products for
infants, and the choice of skin care products is important
for treatment results. Currently, the skin care brands on the
market primarily include Aveeno, California Baby, Johnson
and Johnson, Cetaphil and YMJ. Five commonly used skin
care products of these brands are defined in the medical terms
corresponding to the instance SkinCareEvent. The process
of frequency statistics and sentiment analysis of different
skin care products is the same as that applied to the different
drugs above. By calculating the word frequency and average
sentiment score of different skin care products, the results are
shown in Fig. 8. The bars in Fig. 8 show the word frequencies
of five skin care products, and the line points represent their
average sentiment scores.

According to the frequencies shown in Fig. 8, the native
skin care band called YMJ elicited the most concern and has
a word frequency of 439, which accounts for 68% of all skin
care products. According to the sentiment analysis results,
the skin care band called Cetaphil, with an average sentiment
score 5.76, is the most recommended.

FIGURE 8. Frequencies and sentiment scores of commonly used skin care
products for Eczema.

IV. DISCUSSION
The object of this paper is to solve the contradiction between
the increase in health awareness and the lack of medi-
cal knowledge. Medical guidelines can help address this
problem. However, the scope of use of medical guide-
lines is currently limited to medical institutions. Previous
work primarily focused on knowledge base construction and
in-hospital clinical data analysis. Patient-specific individ-
ual guidelines [26] and hospital-specific customized guide-
lines [9] are created via semantic technology and clinical data
timing, concentrating on the extraction and representation of
CP domain terms and rules. Therefore, previous experience
in building knowledge models provides a solid foundation
for generating standard care plans. The challenge is how to
perform text mining and extract effectivemedical suggestions
from online data. Many studies have focused on the analysis
of online medical data. Reference [31] analyzed information
in online health communities and investigated which factors
influence patient decisions to switch from a doctor’s online
to offline medical service. Reference [32] constructed a novel
healthcaremonitoring framework based on the cloud environ-
ment and an online data analytics engine to store and analyze
healthcare data precisely. However, studies about extracting
disease-specific treatment procedures from online medical
data are rare; thus, this topic is an emerging research direction
in medical informatics. Reference [33] shows that few good-
quality online decision aids are available for people with knee
osteoarthritis or low back pain. Studies about combining the
results of online data analysis with medical guidelines are
even rarer, and it is data-deficient to compare the results of
other studies.

Generally speaking, the family medical decision support
provided in this paper includes standard care plans and
detailed treatment procedures. Standard care plans extracted
from guideline-based knowledge model provide the pub-
lic with a standard, general treatment scheme. In this pro-
cess, semantic technologies are introduced for knowledge
representation, reasoning and inquiry. Detailed treatment
procedures, as a supplement to standard care plans, pro-
vide detailed, clear and implementable treatment recom-
mendations to the public. Detailed treatment procedures are

VOLUME 9, 2021 116619



H. Wang, G. Qian: Guideline-Driven Medical Decision Support Methods for Family Healthcare

obtained via frequency statistics and sentiment analysis of
online text corpus.

In the results section, medication recommendations for
eczema are considered as an example to show how to
provide family medical decision support by combining
the disease-specific knowledge model and text corpus
based on open online data. A standard 7-day care plan
of eczema is generated from the guideline-based knowl-
edge model, and key treatment procedures, such as hor-
mone drugs, anti-allergy drugs and skin care products,
are not explicitly suggested. Patients may select hormone
drugs and anti-allergy drugs based on the results shown
in Fig. 5, Fig. 6, and Fig. 7. The selection of skin care
products can be based on the results shown in Fig. 8.
With the frequencies and sentiment analysis results, sug-
gestions of detailed treatment procedures are provided to
supplement and refine the guideline-based standard care
plans.

Compared to other diseases, the treatment procedures for
eczema are relatively simple. We chose eczema as an exper-
imental example for two reasons. First, the characteristics of
the online data made eczema a good object for research. For
diseases with more complex treatment procedures, such as
acute appendicitis, key treatment procedures rely on in-
hospital interventions, such as operations, where data are
primarily recorded in the electronic medical record systems.
For these diseases, key treatment procedures are too com-
plex to convey to the public. Thus, the online data for these
diseases are lower than those for simpler diseases. Second,
the assistant decision support method based on online data
is proposed primarily for the family medical scenario. This
method is suitable for chronic, long-lasting and recurrent dis-
eases whose treatment procedures depend on long-term drug
control and routine care. During long-term treatment, there
are often problems with the choice of drugs or equipment.
Therefore, the methods proposed in this paper are not limited
to eczema but can also provide corresponding auxiliary treat-
ment support for chronic diseases and daily healthcare of the
elderly.

Compared to in-hospital clinical data, the disadvantage of
online data is primarily reflected in its low quality. Online
data rely on the description of the treatment procedures of the
disease by patients, who typically lack the knowledge of stan-
dard terminology and medical profession. Thus, descriptions
of treatment procedures are typically unclear and incomplete.
To address this problem, semantic technology is introduced
into the text analysis process in this paper, and word fre-
quency statistics and sentiment analysis are also combined
to improve the accuracy of text analysis. In future work,
patient-specific characteristic data will be integrated to pro-
vide personalized treatment procedures. Currently, personal-
ized recommendations are difficult to achieve due to a lack
of necessary original data support. In this paper, guideline-
based standard care plans and data-based detailed treatment
procedures are provided to assist the clinical decision support
in family practice.

Compared to in-hospital clinical data, the advantages of
online data primarily lie in its openness and increasing quan-
tity. These data are available freely on the Internet, which can
be better accessed and used by the public without involving
the disclosure of patient privacy. Research based on online
data is more focused on statistical results rather than indi-
vidual records. The method presented in this paper is an
exploratory attempt to provide a basic technical framework to
assist family medical decision support via Internet-based data
extraction. Based on the current amount of eczema-related
data on various platforms, it is not sufficient to reach the level
of big data currently. With the development of information
technology and further popularization of web applications,
online medical data will likely continue to increase and reach
a higher level of standardization. Open online data will be
an important supplement to clinical data and contribute to
the development of family practice. For example, the analysis
results of skin care products, as mentioned in the experimen-
tal results, can support eczema treatment. These nonprescrip-
tion data can only be obtained through the online platform,
which is an important supplement and extension to the clini-
cal treatment plans. Additionally, medical-related data on the
Internet may expose public opinions more efficiently, thus
contributing to epidemic surveillance and early warnings of
depression.

V. CONCLUSION
This paper applies medical guidelines to family practice
and proposes a novel approach to family medical deci-
sion support. Standard care plans are created based on the
guideline-based knowledge model, which serve as standard,
general treatment schemes for the public. Detailed treatment
procedures are extracted from online text corpus to provide
detailed, clear and implementable treatment recommenda-
tions. In this paper, semantic technology is used to describe
knowledge expression, reasoning and searching.Web crawler
technology is used to collect online data. Frequency statis-
tics and sentiment analysis are combined to extract medical
suggestions from text corpus. Based on these technologies,
this paper proposes a novel family medical decision support
method that is an important supplement and extension to
in-hospital data analysis. As a portion of medical big-data
analysis, the proposed methods will play an important role
in promoting family practice.
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