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Abstract
Despite its centrality to Chinese culture and wide adoption in
Chinese communities, Traditional Chinese Medicine (TCM)
has rarely been the application domain of computational
analysis in previous academic works. Here we present the
first systematic adoption of the state-of-the-art Semantic Web
technologies in the codification, management, and utilization
of TCM information and knowledge resources. These tech-
nologies are proved effective in bridging the semantic gaps
between a plurality of legacy and heterogeneous relational
databases, enabling ontology-based query and search across
database boundaries. A global herb-drug interaction network
is constructed and represented in Semantic Web language, on
which the semantic graph mining methodology is applied for
discovering and interpreting interesting patterns. This de-
ployed Semantic Web platform provides various innovative
information retrieval and knowledge discovery services to the
TCM domain experts with positive feedbacks. This project
demonstrates Semantic Web’s advantages in connecting data
across domain and community boundaries to facilitate inter-
disciplinary and cross-cultural studies.

Introduction
Traditional Chinese Medicine (TCM) is an ancient medical
system that accounts for around 40% of all health care de-
livered in China (WHO 2002). However, the applications of
computational analysis in TCM domain, if exist, have rarely
been documented in previous academic works. Our joint
group of the Zhejiang University and the China Academy
of Chinese Medical Sciences (CACMS), has taken the first
systematic approach to leverage the progress of biomedical
informatics to address the preservation and modernization of
this Chinese cultural heritage (Chen et al. 2006, Feng et al.
2006). We have constructed over 70 relational databases and
various Web applications that provide knowledge and infor-
mation services for TCM practitioners. However, the rapid
accumulation of TCM data resources makes data integration
across institutions a difficult and time-consuming task. Im-
plicit or even lost data semantics hinders the efforts to link
the data from disparate databases. Autonomous and arbi-
trary designs of database schemas make the data exclusively
understood by originators and processed by ad hoc applica-
tions. The situation of database management and integration
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hinders the sharing and utilization of TCM information and
knowledge resources.

The Semantic Web (http://www.w3.org/2001/sw/) tech-
nologies, by providing a common framework that allows
data to be shared and reused across application, enterprise,
and community boundaries, can potentially address the chal-
lenges of TCM informatics. The health care and life sci-
ences communities have already taken efforts in the adop-
tion of Semantic Web technologies. Most notably, the World
Wide Web Consortium (W3C) established a Semantic Web
interest group to focus on Health Care and Life Sciences
(http://www.w3.org/2001/sw/hcls/). This community con-
ducted a series of projects including ontology engineering
(Smith et al. 2007) and Semantic Web applications (Sougata
2005, Cheung et al. 2005, Stephens et al. 2006), demon-
strating that the Semantic Web is a feasible technical frame-
work for knowledge representation, integration, and discov-
ery in biomedical domain (Neumann et al. 2004). How-
ever, these successful projects focus exclusively on ortho-
doxy medicine, and never on TCM domain.

We have conducted the first project to adopt the Semantic
Web solution in the integration, management, and utiliza-
tion of TCM information and knowledge resources. As the
result, a set of semantic-based tools and systems are devel-
oped and deployed to facilitate TCM practitioners in achiev-
ing collective intelligence. We have engineered the Unified
TCM Language System (UTCMLS), the largest TCM Se-
mantic Web ontology including 5,000 concepts and 20,000
instances. This ontology provides a common knowledge
representation scheme to improve the quality of semantic
search and query, and to infer semantic suggestions such
as synonyms and associated concepts. We have also de-
ployed at CACMS the ontology-based query and search en-
gine (Figure 3), which maps legacy relational databases to
the Semantic Web layer for query and search across database
boundaries. Based on this semantic integration capabil-
ity, we have mapped a global herb-drug interaction network
(Figure 6), and developed the Spora system (Figure 4) based
on Semantic Graph Mining methodology for discovering in-
teresting patterns from complex networks in TCM domain.
TCM domain experts evaluate the platform’s major techni-
cal features as original and productive in TCM drug usage,
discovery, and safety analysis.
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Approach
Our approach put a special emphasis on making connections
between TCM and biomedicine in purpose of facilitating in-
terdisciplinary and cross-cultural information retrieval and
data analysis. The major concern of TCM informatics is
how to consolidate and utilize its own data, and how to con-
nect its data with the data of other domains, especially the
biomedicine. Figure 1 reveals that the two independent med-
ical systems have potential connecting points, such as: (1)
the patient that represents electronic medical records and
clinical trials that record the methods and results of inte-
grative clinical practices, and (2) the chemical that refers to
bioactive compounds from Chinese herbal medicine serving
for drug discovery and safety analysis. We first engineer the
TCM domain ontology based on this conceptual map, and
then use the ontology to glue more and more databases. The
resulting Semantic Web Platform provides a set of applica-
tions for end users, enabling searching, querying, navigating
around an extensible set of databases. Semantic graph min-
ing capabilities are also implemented on the Semantic Web
layer for discovering interesting patterns from various large
biomedical networks.

Mapping from Relational Data to Ontologies
The semantic mediator maps relational schemas into a
shared domain ontology, and defines each relational table as
a Semantic View over classes defined in the ontology (Chen
et al. 2006). A visualized mapping tool has been devel-
oped and deployed to facilitate the TCM database adminis-
trators to define such Semantic Views in a graphical view
(Figure 2). The database administrators can specify table-
to-class mappings in a drag-and-drop fashion aided by the
intelligent schema reasoner. This paradigm can improve ef-
ficiency and reduce errors compared with editing configu-
ration files. Given table-to-class mappings, the engine in-
fers potential table joins based on semantic associations in-
ferred in the ontology. If two tables have foreign key rela-
tionships in relational schema, the engine is able to define
the semantics of this join automatically. Class-level match-
ing can also be inferred based on instance-level similarities.
The generated semantic views can be deployed via invoking
a semantic registration service and then take effect in query-
rewriting mechanism. A query-rewriting engine translates
a Sparql (Prud’hommeaux and Seaborne 2007) query into a
series of SQL queries against underlying relational schemas,
based on mapping rules derived from semantic views.

Ontology-based Query and Search
The Semantic Web portal (Figure 3) supports interactive dis-
covery of TCM information and knowledge across database
boundaries. In response to a keyword search, the portal dis-
plays content entries in the middle, and a recommended list
of synonyms and associated concepts on the right. Using
the classes and concepts in the searching results, the user
can start to specify an accurate semantic query. Based on
the semantic associations defined at the ontological level,
the user can keep searching and navigating information and
knowledge unaware of database boundaries.

Figure 1: The Semantic Web layer integrates heterogeneous
relational databases from both TCM and Western Medicine,
supporting various Web-based applications.

In the paradigm of Semantic Search, the system accepts
one or more keywords, performs a thorough content search
on the Semantic Web, and presents searching results as a
logical chain of evidences. The TCM knowledge is not or-
ganized as explicitly-linked Web resources, which makes
link-based analysis not applicable for searching of the TCM
knowledge, so we utilize the TCM domain ontology to im-
prove the quality of search. The multimedia content, such
as textual documents, images, and reporting tables, are an-
notated and indexed in terms of the ontology. The semantic
associations of concepts are analyzed to determine the rele-
vance and importance scores of concepts and content entries.

Semantic Query facilitates interactive and dynamic gen-
eration of the Sparql query, which is informally a graph pat-
tern involving a set of variables, the class and property con-
straints for these variables, and the relationships between
these variables. The system guides users through specify-
ing and refining a query in an intuitive way. First, users can
specify interesting classes by navigating on a graphical view
of domain ontology. Second, a query form corresponding
to property definitions of each selected class will be auto-
matically generated and displayed. Third, users can check
and select interesting properties and input query constraints
into the text boxes. Finally, the constructed semantic query
is translated into SQL queries based on the mapping rules
derived from semantic views.
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Figure 2: The relational-database-to-ontology mapping tool.

Semantic Navigation enables users to navigate TCM in-
formation and knowledge on the semantic level. The associ-
ation between a patient’s disease and a therapy that cure the
disease can be critical for a clinical decision-making. How-
ever, the patient’s EMR and the document for the therapy
may not have explicit links or shared keywords. In our ap-
proach, semantic associations of concepts are inferred and
ranked based on the ontology together with other knowl-
edge resources, and are used to enhance the connectivity of
the knowledge base. Among the results of a semantic query
or search, in addition to multimedia content, there is a rec-
ommended list of associated concepts serving for users to
pursue the navigation.

Semantic Graph Mining
We developed the Spora system (Figure 4) that implements
the semantic graph mining algorithms as generic operators
that work on top of the Semantic Web layer and query se-
mantic graph models in Sparql. The Spora system facilitates
TCM domain experts to perform knowledge discovery ex-
periments in an intuitive manner. Users can create an Exper-
iment by specifying a knowledge discovery process as a tree
of operators with customizable properties, and then execute
the process and review the visualized results. The user inter-
face contains four units: (1) Login, Introduction, and Nav-
igation panels; (2) Explorer panel that manages Semantic
Web resources(including experiments and operators) that is
visible and controllable by users; (3) Operator and Operator
Parameter Panels that display operators and their customiz-
able parameters; (4) Result panel that visualizes data mining
results through interactive tables, histograms, etc. Based on
the above semantic integration capability, a global network
of herb-drug interactions (Figure 6) can be mapped. Here we
present our approach of semantic graph mining in analyzing
this herb-drug interaction network.

The Semantic Web can be modeled as a directed graph
that represents a statement with (1) a node for the subject,
(2) a node for the object, and (3) an arc for the predicate, di-
rected from the subject node to the object node. The merg-
ing of two semantic graphs is essentially the union of the
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accompanied with a
recommended list of
associated concepts
for further navigation.

Ranked Classes

1. The user
enter the name
of a herb.
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 Concepts

Associated
 Concepts

3. Based on the
semantic associations,
the user can keep
searching and
navigating unaware of
database boundaries.

5. Using the classes and
concepts in the
searching results, the
user can start to specify
an accurate
semantic query.

Figure 3: The ontology-based query and search portal.

two underlining sets of statements. Within a multiple se-
mantic graph, a member graph can obtain a URI as its name
for its provenance to be traced. This model gives an elegant
solution to connect data from different sources and domains.
Definition 1 (Semantic Graph). We define a seman-
tic graph as SG = {C,P,NCP,ST } in which C =
{c1, c2, . . . , cm} is a set of classes, P = {p1, p2, . . . , pn}
is a set of properties, NCP = {r1, r2, . . . , ro} is a set of
normal resources that are neither classes nor properties,
and ST = {st1, st2, . . . , stl} is the set of statements. Let
R = C ∪P ∪NCP be the set of resources. Let st ∈ ST be
a statement in the form of subject-predicate-object triplet:
< s, p, o > in which s ∈ R,and p ∈ P . We call s,p,and o
the subject, the predicate, and the object of st, respectively.

Domain knowledge and/or personal preference can be
used to assign various types of weights to resources and
statements.
Definition 2 (Weighted Semantic Graph). A
weighted semantic graphWSG = {R,ST ,W} has a func-
tionW: R∪ ST → D, which relates a resource or a state-
ment to a value of set D. By default these weights are 1.0.
Assigning a weight of type W and value v to a resource r
is achieved by inserting a statement 〈r,W, v〉. Assigning a
weight of type W and value v to a statement st = 〈s, p, o〉
is achieved by inserting the following statements: 〈st, rdf :
type, rdf : Statement〉, 〈st,W, v〉, 〈st, rdf : subject, s〉,
〈st, rdf : predicate, p〉, and 〈st, rdf : object, o〉.

Given a weighted semantic graphWSG = {R,ST ,W},
the in-degree centrality CI of a resource is measured by the
weighted sum of statements with the resource as object, the
out-degree centrality CO is measured by the weighted sum
of statements with the resource as subject.

The Closeness Centrality (Brandes 2001) CC of a re-
source r is defined as the inverse of the sum of the distance
dG from r to all other resources.

CC(i) =
1∑

j ∈ R

dG(i, j)
(1)
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Figure 4: The Spora system for TCM knowledge discovery.

The Betweenness Centrality (Brandes 2001) CB of a re-
source r is defined as the ratio of shortest paths across the
resource in the graph. Let σst = σts denote the number of
shortest paths from s ∈ R to t ∈ R. Let σst(r) denote the
number of shortest paths from s to t that some r ∈ R lies on.

CB(r) =
∑

s6=r 6=t∈R

σst(r)
σst

(2)

Similarly, the Betweenness Centrality CB of a statement is
defined as the ratio of shortest paths across the statement in
the graph.

Frequent patterns are itemsets, subsequences, or substruc-
tures that appear in a data set with frequency no less than a
user-specified threshold (Han et al. 2007). In the traditional
frequent pattern mining problem setting, a transaction is ab-
stracted as a set of items, and frequent item-sets are extracted
from a set of transactions. In medical domain, documents
(EMRs or clinical trials) is better abstracted as a semantic
graph of interrelated terms rather than a set of terms, and a
knowledge base can be abstracted as a set of named semantic
graphs. The problem of mining frequent semantic subgraph
is therefore defined as follows.

Definition 3 (Frequent Semantic Subgraph). In
a knowledge base KB, every transaction can be repre-
sented as a named semantic graph of statements. One
graph α occurs in another graph β iff. α ⊆ β.
ST = {s1, s2, . . . , sn} is the set of all statements in KB.
A semantic graph α, which contains k statements from ST ,
is frequent if α occurs in graphs of knowledge base KB no
lower than θ|KB| times. where θ is a user-specified min-
imum support threshold (called min sup in our text), and
|KB| is the total number of graphs in KB.

The frequent semantic subgraph discovery (FSSD) pro-
cess first construct a set of named semantic graphs using se-
mantic queries, and then feed the resultset to an existing fre-
quent pattern mining operator which treats each statement as
an item. For example, the analyst retrieves a set of “Kidney
Yang Deficiency(KYD)” (an instance of Syndrome) related

EHRs to discover interesting patterns related to drug effi-
cacy:

1. These EHR transactions are represented as semantic
graphs of statements.

2. Merge EHR graphs with domain knowledge, and add an-
notations to every EHR transaction utilizing Sparql con-
struction queries.

3. Specify restrictions in Sparql, and run the Sparql to get a
resultset of named graphs.

4. Run frequent semantic subgraph discovery algorithm
against the resultset, and again add annotations to every
discovered pattern using semantic search.

5. Visualize patterns for user interpretation.

Many complex networks have the property of commu-
nity structure, in which network nodes are joined together
in tightly knit groups, between which there are only looser
connections ( Girvan and Newman 2002). The problem of
Semantic Graph Clustering is defined as follows.

Definition 4 (Semantic Graph Clustering). In a knowl-
edge baseKB, given a problem-solving context PC, group-
ing individuals of a given class D into communities, such
that there is a higher density of interactions within commu-
nities than between them.

Algorithm 1 Semantic Graph Mining
1: SGs ← PC.getAssociations(KB,D);
2: WSG = PC.frequentPattern(KB,SGs);
3: CS.add(getComponents(WSG));
4: for all (c ← CS) do
5: if isCommunity(c) then
6: move(c,CS,RS);
7: continue;
8: end if
9: removeCentralityResources(c);

10: while notDivided(c) do
11: removeCentralityStatement(c);
12: end while
13: addCentralityVertices(getComponents(c));
14: CS.add(getComponents(c));
15: CS.remove (c);
16: end for
17: for all (c ← RS) do
18: c.merge(PC.getAssociations(KB, c)) ;
19: end for
20: return WSG,RS;

Suppose our problem is to discover significant patterns
from the global network of herb-drug interactions. The in-
puts are an integrated knowledge base KB in TCM domain,
a problem-solving context PC specifying the user’s prefer-
ence, and targeted class of population D (e.g. the set of
herb-drugs); and the output is a set of frequent patterns and
community structures extracted from KB that meet the crite-
ria of PC. Our generic approach is defined in Algorithm 1.
The first step is to ask the PC to find all interesting semantic
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Frequent Pattern One Frequent Pattern Two

Figure 5: Discovered patterns can be annotated with domain knowledge based on semantic associations of concepts, and
visualized as a semantically-enriched graph to facilitate human interpretation. The Pattern One, including four herbs and
two symptoms, is interpreted by the fact that the formula FGD composed of these herbs frequently treats the syndrome KYD
containing these symptoms. The Pattern Two, including four herbs and two drug efficacies, is interpreted by the fact that the
formula FGD composed of these herbs has these two drug efficacies.

associations between individuals of D from KB (by gener-
ating and executing a set of Sparql queries), and to merge
the resulting semantic associations into a set SGs of named
semantic graphs. The second step is to ask the PC to extract
frequent patterns from SGs w.r.t. KB, and these frequent
patterns are then merged together into a concise, weighted
graph WSG. The third step is to add all components (a graph
component refers to a connected subgraph) of WSG into the
set CS.

In the fourth step, we recursively pick a component c in
CS to test if c satisfies the criteria for a community. We
move c from CS to the result set RS if c is a community,
and split c into smaller components otherwise. The split-
ting of c takes three major sub-steps: (1) remove centrality
resources (whose closeness centrality ratio exceed a user-
defined value) from c; (2) recursively remove the statement
with max betweenness centrality ratio until the c ceases to
be connected. (3) add centrality resources into every com-
ponents of c. After c is divided into a set of components, we
add these components into CS, and remove c from CS.

The final step is to generate semantic annotations for dis-
covered communities with context analysis. For every com-
munity c in RS, ask the PC to find all interesting semantic
associations between individuals of c from KB (by generat-
ing and executing a set of Sparql queries), and to merge the
resulting semantic associations to c.

TCM Use Cases
TCM pharmacists primarily compound prescriptions as mix-
tures of multiple herbs, and establish a system of TCM
Herbal Formulae as significant patterns of herb community
structure. For example, Four-Gentleman decoction(FGD) is
an ancient herbal formula with medical actions “ to nurture
the qi (the vital substance of human body as is stated in
TCM)”. It consists the following four herbs: (1) Ginseng,
the king herb (FGD-K for short), (2) Atractylodis, the min-
ister herb (FGD-M for short), (3) Sclerotium, the assistant

herb (FGD-A for short), and (4) Glycyrrhizae uralensis, the
carrier herb (FGD-C for short). A deeper understanding of
TCM formulae system with its herb-drug interactions, can
contribute to the drug discovery and safety analysis.

Based on the combination of TCM EMR warehouse and
database of Chinese Medical Formula (DCMF), a Frequent
Semantic Subgraph Discovery(FSSD) process with mini-
mum support as 1% results in 136 frequent patterns of
herb communities, including the pattern {FGD-K, FGD-M,
FGD-A, FGD-C} that appears in 1474 evidences. This re-
sult supports that formula FGD is a frequently-used pattern
in TCM. We integrate DCMF with the Database of Struc-
tured TCM Literature (50035 records in the experiment) and
perform another FSSD process on the dataset with minimum
support as 5%, with a constraint that the discovered patterns
should include members of FPD. The result is a set of 147
patterns (Figure 5), which reveal that (1) The FPD is indeed
frequently associated with concepts related to “nurture the
qi”; and (2)The FPD is also frequently associated with con-
cepts related to cardiovascular system diseases (CVD). This
evidence is coherent with TCM pharmaceutics theory, which
claims that CVD is caused by the insufficiency of qi, and
FPD’s action is to nurture the qi, and therefore FPD is bene-
ficial for CVD.

A global herb-drug interaction network can be mapped by
inserting statements for all frequent herb-drug interactions
into a semantic graph model. The nature and frequency of
interactions involving these drugs are discovered through se-
mantic association queries. The statement represents a pair
of terms as subject and object, the type of interaction as
predicate, and frequency as weight. In the clustering pro-
cess, we first deleting a certain number of centrality nodes,
and then deleting a certain number of centrality edges. We
first delete nodes with closeness centrality exceeding a pre-
defined threshold, because these nodes are seen as not exclu-
sively belonging to any local community, and eliminating
these nodes can help to reveal the local communities. We
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Figure 6: Global network of frequent herb-drug interactions,
with drugs represented by nodes with size/font proportional
to degree, interactions represented by edges,and drug com-
munities represented by distinct colors.

then delete the edge with the max betweenness centrality
recursively until the population is separated, because these
edges are seen as connecting local communities, and there-
fore eliminating these edges can also help to reveal the lo-
cal communities. In the resulting network (Figure 6), most
nodes (99.3 %) participate in the largest connected compo-
nents, and there is also a big drug community (pink colored
on the left) that consists many biggest hubs in the network,
including the four herbs in FGD, revealing that drug hubs
tend to cluster together in TCM domain. The clustering re-
sults is evaluated by domain experts as correctly reflecting
the TCM clinical practice.

User Evaluation

TCM domain experts accepted our Semantic Web solution
with positive reactions. They are amazed by the Seman-
tic Web’s ability to address the semantic heterogeneity of
databases, and praised the mapping tool for its simplicity
and efficiency of database registration, which saved them
considerable time as newly developed databases were fre-
quently integrated into the data center. They found the se-
mantic portal’ functionalities very intuitive to use, in that it
conforms to their cognitive style and thinking strategy. In
semantic search, they tend to use the concept ranking func-
tionality to refine their queries, when the resulting entries
were overwhelmingly large. They found machine-learned
patterns and rules interesting, especially when rendered as
diagrams and semantically-enriched graphs. They realized
that all herbs are connected through decentralized orches-
tration of formulae in their hands, and developed a series
of discussions in interpreting frequent drug pairs and drug
communities. They realize that machine learning methods
essentially simulate their methodology of discovering novel
formulae, with the difference that the past methodology is
based on human observations and experiences, while the
present methodology utilizes computational power to accel-
erate the process of discovery.

Conclusion
We presented an in-use Semantic Web platform supporting
large-scale database integration, information retrieval, and
knowledge discovery for Traditional Chinese Medicine do-
main. Underlying mechanisms, including semantic query
and search, and semantic graph mining are described, and
semantic-based tools are introduced. The project contributes
to the preservation and modernization of TCM as intangi-
ble cultural heritage, and demonstrates the Semantic Web’s
ability to connect data from interrelated domains for inter-
disciplinary research.
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