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A disease in traditional Chinese medicine is defined as a sequence of syndromes. The
diagnosis of syndromes in traditional Chinese medicine is called syndrome differentiation.
The construction of a syndrome differentiation system directly from clinical medical rec-
ords using machine learning is still infeasible due to the lack of standardization of symp-
toms and syndromes in current clinical medical records. This article proposes a sophisti-
cated approach to developing a syndrome differentiation system for 18 deficiency syn-
dromes according to the knowledge of textbooks. This approach defines the syndrome dif-
ferentiation problem as a membership problem of fuzzy sets. This approach designs a num-
ber of membership functions for fuzzy sets of syndromes based on a symptom grouping
scheme and a symptom weighing scheme. Symptoms are grouped according to syndrome
location, cause, and mechanism in the symptom grouping scheme. The symptom weighing
scheme assigns exponentially decreasing weights to symptoms in each symptom group.
An experimental evaluation based on a benchmark of 50 case reports shows that the pro-
posed membership functions are very practical based on three differentiation metrics. This
syndrome differentiation system can produce clinical medical records with standard symp-
toms and syndromes. In the future, these standard clinical medical records can be utilized
to construct syndrome differentiation systems using machine learning.

Keywords: traditional Chinese medicine, syndrome differentiation, deficiency syndromes,
fuzzy sets

1. INTRODUCTION

Technology has been applied extensively in western medicine to advance the diagno-
sis of diseases. On the contrary, technology is still rarely exploited in the diagnosis of
diseases in traditional Chinese medicine (TCM). It would be promising to fulfill the appli-
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cation of technology to advance the diagnosis of diseases in TCM.

A disease usually transforms through a series of stages in TCM [5, 11, 37, 47, 70].
Each disease stage is defined as a syndrome in TCM. A syndrome can be a deficiency or
excess syndrome. A deficiency syndrome is caused by the deficiency of one of the basic
elements qi, blood, yin, and yang of organs. An excess syndrome is caused by external
pathogenic factors or by accumulated pathologic products due to dysfunction of organs. A
symptom is a subjective or objective indication or evidence of a disease. Each syndrome
can be characterized by a set of symptoms.

The diagnosis of syndromes in TCM is called syndrome differentiation. The syn-
drome differentiation problem is a classification problem. Given the set of symptoms of a
patient and a set of syndromes, determine which syndromes this patient suffers from. To
develop a syndrome differentiation system, we need to solve two main issues. First, deter-
mine the set of symptoms a patient will indicate when this patient suffers from a syndrome.
Second, determine the weight of each symptom used to evaluate whether the patient suffers
from the syndrome.

There are two common approaches to solve these two issues. The first approach uses
directly the knowledge of experts [4, 32, 35, 60]. There has been a large volume of know-
ledge of syndrome differentiation in TCM books and journals. Developers need to sort out
and implement the knowledge manually using appropriate techniques. The second ap-
proach automatically infers and implements the knowledge of syndrome differentiation in
TCM from a large volume of clinical medical records using machine learning techniques
[14, 18, 20, 33, 41, 49, 53, 61-62, 66-68, 72].

These two approaches are complementary. The first approach provides a body of
knowledge that is relatively valid, but it is hard to rapidly update the knowledge. The sec-
ond approach can automatically learn and promptly update the knowledge. However, be-
cause there is a lack of standardization of symptoms and syndromes in most TCM clinical
medical records, it is still infeasible to directly adopt the second approach in large scale at
this time. In particular, TCM diseases have no standard classification until ICD-11 (Inter-
national Classification of Diseases). ICD-11 was officially endorsed by WHO in 2019 [50].
Currently, ICD-10 is in use in Taiwan.

This article adopts the first approach to investigate the solutions to the syndrome dif-
ferentiation problem. The knowledge of syndrome differentiation is based on 5 traditional
Chinese medicine diagnostics books [5, 11, 37, 47, 70]. This article explores the classifi-
cation approach based on fuzzy sets [1, 10, 65]. This article also uses the solutions to de-
velop a syndrome differentiation system to aid the diagnosis of syndromes for practitioners.
In the future, this system will be used to immensely produce standard clinical medical
records with standard symptoms and syndromes. After that, we could apply the second
approach to infer new knowledge from the collected standard clinical medical records and
to automatically and continuously upgrade the system.

The rest of this article is organized as follows. We first review related work in Section
2. We then define the syndrome differentiation problem in TCM as a membership problem
of fuzzy sets in Section 3. We next describe our syndrome differentiation system based on
fuzzy sets in details in Section 4. We then illustrate an experiment to evaluate our syndrome
differentiation system in Section 5. Finally, we give a conclusion in Section 6. The list of
abbreviations used in this article is summarized in Table 1. The list of notations used in
this article is summarized in Table 2.
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Table 1. The list of abbreviations.

Abbreviations

Definitions

TCM traditional Chinese medicine
CW constantly-weighted
EW exponentially-weighted
(CW/EW)N | (constantly-weighted/exponentially-weighted) naive
(CW/EW)G | (constantly-weighted/exponentially-weighted) grouping
(CW/EW)NG | (constantly-weighted/exponentially-weighted) nulled-grouping
(CW/EW)2G | (constantly-weighted/exponentially-weighted) 2-level-grouping
(CW/EW) N2G | (constantly-weighted/exponentially-weighted) nulled-2-level-grouping
BCD baseline differentiation coefficient
ACSC absolute clinical similarity coefficient
RCSC relative clinical similarity coefficient
Table 2. The list of notations.
Notations Definitions
U the universal set of symptoms
P(U) the power set of the universal set of symptoms
D the set of syndromes
A the syndrome differentiation function for a syndrome d
o) the syndrome differentiation function for a set of syndromes D
Md the membership function of a fuzzy set for a syndrome d
the fuzzy set for a syndrome d with the universe of discourse U and the
(U, ua) membership function sa
Sd the set of symptoms for a syndrome d
S the set of symptoms of a patient
p(n, m) the constantly-weighted ratio function of n over m
y(n, m) the exponentially-weighted ratio function of n over m
Sa,i the set of symptoms for the ith group of a syndrome d
Ud,i the membership function of a fuzzy set for the ith group of a syndrome d
Sd,ij the set of symptoms for the ith group and jth subgroup of a syndrome d
Ui the membership function of a fuzzy set for the ith group and jth subgroup
B of a syndrome d
a(d, x) the baseline differentiation between syndromes d and x
54 the average of the baseline differentiation between d and all other syn-
dromes in D
So the average of the baseline differentiation coefficients & for all syndromes
inD
aX,Y) the Jaccard similarity coefficient of two sets X and Y
the set of syndromes diagnosed by the system for the set of symptoms of a
S«(S) -
patient
$e(S) the set (_)f syndromes diagnosed by a case report ¢ for the set of symptoms
of a patient
oc, the ACSC for a case report ¢ and a threshold
ac,r the ACSC for a benchmark C of case reports and a threshold
the set of the first |Sc(S)| ranked syndromes diagnosed by the system for
St(S) the set of sympt f a patient
ymptoms of a patien
Be the RCSC for a case report ¢

Pc

the RCSC for a benchmark C of case reports




1082 P.-S. LIN, N.-W. LIN, M.-H. YEH, C.-C. YEH, H.-P. CHIU, M.-C. WU

2. RELATED WORK

To the best of our knowledge, there are three most related work with this research.
All apply the classification approach based on fuzzy sets to solve the syndrome differenti-
ation problem in TCM.

Yang et al. [60] proposed a two-stage syndrome differentiation approach and defined
24 fuzzy sets (U, uq) for 24 syndrome locations or causes d. The universe of discourse U
of a fuzzy set is the universal set of symptoms. The membership function of a fuzzy set is
defined as 6::U — [0, 1]. They used questionnaire to collect weights of symptoms for 22
common syndromes of heart diseases from 21 experts and used weights to define the mem-
bership functions. Given the set S of symptoms a patient suffers from, they computed the
most similar syndrome location fuzzy sets and the most similar syndrome cause fuzzy sets
in the first stage. They then inferred the diagnosed syndrome indirectly from the combina-
tion of these syndrome locations and syndrome causes in the second stage.

Chen et al. [4] also proposed a two-stage syndrome differentiation approach and de-
fined 46 fuzzy sets (U, wq) for 46 syndrome locations, causes, characteristics, or conditions
d. The universe of discourse U of a fuzzy set is the universal set of symptoms. The mem-
bership function of a fuzzy set is defined as o:U — [0, 1]. The weights of symptoms for
these fuzzy sets are determined from a large volume of electronic medical records. Given
the set S of symptoms a patient suffers from, they computed the superposition of the mem-
bership degrees of each symptom in S for each fuzzy set to determine the diagnosed syn-
drome locations, causes, characteristics, and conditions in the first stage. They then in-
ferred the diagnosed syndrome indirectly from the combination of these syndrome loca-
tions, causes, characteristics, and conditions in the second stage.

Long et al. [35] use semantic techniques based on ontologies to develop a prototypi-
cal system for the diagnosis of Psoriasis. This system uses the fuzzy pattern recognition
for syndrome differentiation of basic syndromes and uses a case database and case-based
reasoning for syndrome differentiation of final syndromes. The weights of symptoms in a
fuzzy set for a basic syndrome are determined according as they are main symptoms or
minor symptoms of the syndrome. The final syndromes for the patient are based on the
similarity between the fuzzy vector obtained from the fuzzy sets for basic syndromes and
the fuzzy vectors for the cases in the case database.

Lin et al. [32] presented a preliminary version of this article. That article proposed a
one-stage syndrome differentiation approach and defined directly 18 fuzzy sets (P(U), wu)
for 18 deficiency syndromes. The universe of discourse P(U) of a fuzzy set is the power
set of the universal set U of symptoms. The membership function of a fuzzy set is defined
as &y: P(U) — [0, 1]. The membership function is designed based on grouping of symptoms
according to syndrome locations, causes, and mechanisms, and exponentially decreasing
weighing of symptoms.

One-stage syndrome differentiation approach has the following advantages. Since a
syndrome usually consists of a syndrome location and a syndrome cause, there are symp-
toms that are common to the location, symptoms that are common to the cause, and symp-
toms that are neither common to the location nor common to the cause, but unique to the
syndrome. These symptoms unique to the syndrome fuzzy set are difficult to determine if
they should be included in a syndrome location fuzzy set or in a syndrome cause fuzzy set
in a two-stage syndrome differentiation approach. In addition, the syndromes diagnosed in
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the one-stage syndrome differentiation approach are usually more precise than the syn-
dromes inferred from the combination of multiple syndrome locations and multiple syn-
drome causes diagnosed in the two-stage syndrome differentiation approach. For example,
if syndrome locations A and B and syndrome causes X and Y are diagnosed, syndromes
AX, AY, BX, BY can be inferred in the two-stage syndrome differentiation approach.
However, with the appropriate handling of the symptoms unique to a syndrome, only one
or two of the four syndromes may be diagnosed in the one-stage syndrome differentiation
approach.

3. THE SYNDROME DIFFERENTIATION PROBLEM

This section defines the syndrome differentiation problem in TCM. The syndrome
differentiation problem for a single syndrome could be defined as a decision problem.
Given the set of symptoms of a patient, decide if this patient suffers from a specific syn-
drome?

Let D be the set of syndromes, U be the universal set of symptoms, and P(U) be the
power set of U. The solver of the syndrome differentiation problem for a syndrome deD
is a Boolean function &4: P(U) — {true, false}. Given the set of symptoms SeP(U) of a
patient, the syndrome differentiation function 64(S) for a syndrome d returns true if this
patient suffers from the syndrome d; otherwise, it returns false.

The syndrome differentiation problem for multiple syndromes could be defined as a
classification problem. Given a set of syndromes and the set of symptoms of a patient,
classify which syndrome this patient suffers from?

The solver of the syndrome differentiation problem for a set of syndromes D is a
function ép: P(U) — D. Given the set of symptoms SeP(U) of a patient, the syndrome
differentiation function Jp(S) for a set of syndromes D returns the syndrome, which this
patient suffers from.

4. SYNDROME DIFFERENTIATION BASED ON FUZZY SETS

The syndrome differentiation problem is inherently fuzzy. In many cases, it is difficult
to give a definite solution to decide if a patient suffers from a specific syndrome. In addi-
tion, in many cases, a patient may suffer from more than one syndrome. Hence, it is more
appropriate to define the syndrome differentiation problem as a membership problem of
fuzzy sets. Given a set of syndromes and the set of symptoms of a patient, evaluate the
degree to which this patient suffers from each syndrome.

Let (P(U), w) be a fuzzy set for a syndrome deD with the universe of discourse P(U)
and the membership function uq: P(U) — [0,1]. Given the set of symptoms SeP(U) of a
patient, the function xu(S) gives the membership degree of S in (P(U), ). The syndrome
differentiation problem could then be defined by a set F of fuzzy sets (P(U), ud) for all
syndrome deD.

This section describes the approach to solving the syndrome differentiation problem
based on fuzzy sets. It will give the details for the set D of syndromes, the universal set U
of symptoms, and various potential membership functions sq for deD.
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3.1 The Set of Syndromes

This article uses a scope of 18 deficiency syndromes as an example to demonstrate
the efficacy of solving the syndrome differentiation problem based on fuzzy sets. These
deficiency syndromes are collected by referring to five traditional Chinese medicine diag-
nostics textbooks [5, 11, 37, 47, 70]. Each syndrome implies a syndrome location and a
syndrome cause. These 18 syndromes could be divided by the following five syndrome
locations according to viscera: lung, heart, spleen, liver, and kidney, as listed in Table 3.

These 18 syndromes could also be divided by the following five syndrome causes: qi
deficiency, blood deficiency, yin deficiency, yang deficiency, and essence deficiency, as
listed in Table 4.

Table 3. Deficiency syndromes divided by syndrome locations.

Locations Syndromes

Lung |lung gi deficiency, lung yin deficiency
heart qi deficiency, heart blood deficiency, heart yin deficiency,
heart yang deficiency, heart yang collapse
Spleen |[spleen gi deficiency, spleen qi fall, spleen blood control failing, spleen yang deficiency
Liver |liver blood deficiency, liver yin deficiency
kidney essence deficiency, kidney failing to receive qi, kidney qgi insecurity,
kidney yin deficiency, kidney yang deficiency

Heart

Kidney

Table 4. Deficiency syndromes divided by syndrome causes.
Causes Syndromes
lung qi deficiency, heart qi deficiency, spleen qgi deficiency, spleen qi fall,
spleen blood control failing, kidney failing to receive gi, kidney gi insecurity
Blood deficiency |[heart blood deficiency, liver blood deficiency
lung yin deficiency, heart yin deficiency, liver yin deficiency,
kidney yin deficiency
heart yang deficiency, heart yang collapse, spleen yang deficiency,
kidney yang deficiency
Essence deficiency |kidney essence deficiency

Qi deficiency

Yin deficiency

Yang deficiency

3.2 The Set of Symptoms

Each syndrome could be identified by a set of symptoms. The set of symptoms for
each deficiency syndrome is also collected by referring to five traditional Chinese medi-
cine diagnostics textbooks [5, 11, 37, 47, 70]. The symptoms of heart qi deficiency and
heart yang deficiency syndromes are listed in Table 5 as examples.

Table 5. Symptoms of heart gi deficiency and heart yang deficiency syndromes.
Syndromes Symptoms

spontaneous sweating, pale white complexion, palpitations, oppression in the chest,
lack of strength, lassitude of spirit, shortness of breath, pale tongue, white fur,
weak pulse

spontaneous sweating, pale white complexion, chest pain, heart pain,

Heart yang | darkish complexion, palpitations, oppression in the chest, lassitude of spirit,
deficiency |shortness of breath, cold of the extremities, fear of cold, pale tongue,

enlarged tongue, white fur, slippery fur, weak pulse, sunken pulse

Heart qi
deficiency
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Let D be the set of syndromes and Sy be the set of symptoms for a syndrome deD.
Let the union of Sy for all syndrome deD be the universal set U of symptoms. There is a
total of 124 symptoms in U and the size of the power set P(U) of U is 2%,

3.3 A Naive Membership Function

This section gives a naive membership function of a fuzzy set for a syndrome. Let S
be the set of symptoms of a patient and Sq be the set of symptoms for syndrome d. Then a
naive membership function g4 for syndrome d can be defined as a constantly-weighted
(CW) ratio function

ug(S) = p(ISn Sdl, [S), for SeP(U), )
where
po(n, m) = n/m. (2)

Since the weights of symptoms in this naive membership function are equal, this
membership function is called constantly-weighted naive (N) membership function, abbre-
viated as CWN.

3.4 Improving Membership Functions Based on Grouping of Symptoms

This section improves the membership function of a fuzzy set for a syndrome based
on grouping of symptoms, namely, the division of the set of symptoms for a syndrome into
multiple groups. Intuitively, if a patient suffers from a syndrome, he should have at least
one symptom in almost every group of symptoms for this syndrome. We will perform
symptom grouping based on syndrome location, cause, and mechanism.

3.4.1 Symptom grouping based on syndrome location and cause

The set Sq of symptoms for syndrome d contains the symptoms collected through four
examinations: inspection, listening and smelling, inquiry, and palpation. In particular,
tongue inspection in inspection and palpation contain abundant and unique symptoms.
These symptoms should play significant roles in syndrome differentiation. In addition,
since each syndrome implies a syndrome location and a syndrome cause, it is useful to
identify the group of symptoms that are common to the set of syndromes with the same
syndrome location, that are common to the set of syndromes with the same syndrome cause,
and that are unique when the specific syndrome location and syndrome cause occur sim-
ultaneously. This subsection defines the membership function of a syndrome based on the
division of the set of symptoms for a syndrome into five groups: palpation, tongue inspec-
tion, location, cause, and feature. Intuitively, if a patient suffers from a syndrome, he
should have at least one symptom in almost every symptom group for this syndrome. The
symptom groups for heart gi deficiency and heart yang deficiency syndromes are listed in
Table 6 as examples.

The first group, called the palpation group, of symptoms consists of symptoms col-
lected through palpation. As an example, the set of symptoms {weak pulse} is common to
all gi deficiency and yang deficiency syndromes. The second group, called the tongue
inspection group, of symptoms consists of symptoms collected through tongue inspection.
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Table 6. Symptom groups of heart gi deficiency and heart yang deficiency syndromes.
Symptom Groups
Syndromes
y Palpation Tongge Location Cause Feature
Inspection
albitations lack of streng- |spontaneous
Heart qi pale tongue, palprtations, th, lassitude of [sweating, pale
- weak pulse - oppression in L :
deficiency white fur spirit, shortness|{white complex-
the chest .
of breath ion
spontaneous
lassitude of spi-|sweating, pale
pale tongue, en- I - :
palpitations,  |rit, shortness of |white complex-
Heart yang |weak pulse, larged tongue, T . :
. : .~ |oppression in |breath, cold of |ion, chest pain,
deficiency [sunken pulse |white fur, slip- o -
erv fur the chest the extremities, |heart pain, dar-
pery fear of cold kish complex-
ion

As an example, the set of symptoms {pale tongue, white fur} is common to all gi deficiency
and yang deficiency syndromes.

The rest of the symptoms collected through inspection, listening and smelling, and
inquiry are divided into the following three groups. The third group, called the location
group, of symptoms consists of symptoms that are common to the set of syndromes with
the same syndrome location. There are five syndrome locations, as shown in Table 3. Using
the syndrome location, heart, as an example, the set of symptoms that are common to the
five heart syndromes is {palpitations, oppression in the chest}.

The fourth group, called the cause group, of symptoms consists of symptoms that are
common to the set of syndromes with the same syndrome cause. There are five syndrome
causes, as shown in Table 4. Using the syndrome cause, gi deficiency, as an example, the
set of symptoms that are common to the seven qi deficiency syndromes is {lassitude of
spirit, lack of strength, shortness of breath}.

The fifth group, called the feature group, of symptoms consists of symptoms that are
not in the previous two groups. These symptoms appear when the syndrome location and
the syndrome cause occur simultaneously. Using the heart gi deficiency syndrome as an
example, the set of symptoms in the feature group is {spontaneous sweating, pale white
complexion}. These two symptoms are not common to the five heart syndromes and are
not common to the seven (i deficiency syndromes, but are characteristic symptoms for
heart gi deficiency syndrome.

In this way, a membership function ug for syndrome d can be defined as a linearly
weighted function as follows

Ug(S) = Die1sWi x Ugi(S), for SeP(U). ©)

Here ugq,i is the membership function for the group with the set Sq; of symptoms and can be
defined as
Ud,i(S) = p(|Sﬁ Sd,i|, |Sd,i|), for SEP(U), (4)

and w; are weights for each group.
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If a patient has no symptom in a group, then he loses the weight of that group. This
can effectively differentiate irrelevant syndromes from relevant syndromes. Currently, w;
are assigned weights 0.1, 0.1, 0.3, 0.3, and 0.2 for the palpation, tongue inspection, location,
cause, and feature groups, respectively, based on clinical experience of practitioners. Since
the weights of symptoms in each group of the membership function defined by Egs. (3)
and (4) are equal, this membership function is called constantly-weighted grouping (G)
membership function, abbreviated as CWG.

Each syndrome implies a syndrome location and a syndrome cause. For a patient with
the set S of symptoms, if uqi(S) = 0 for both the location group and the feature group of d,
then this patient should not suffer a syndrome relevant to the syndrome location of d. Sim-
ilarly, if ug;(S) = 0 for both the cause group and the feature group of d, this patient should
not suffer a syndrome relevant to the syndrome cause of d. This nulling of syndromes with
small membership degrees helps us focus on more relevant syndromes. Therefore, a con-
stantly-weighted nulled-grouping (NG) membership function, abbreviated as CWNG, ug
for syndrome d can be defined as

0, if(Uy5(S) =0 AU, 5(S)=0)v (Uy 4(S) =0 AU, (S) =0);
Uy (5) = D1 xUy(s), otherwise.

©®)

3.4.2 Symptom grouping based on syndrome mechanism

Some syndromes are closely related due to syndrome mechanism. For example, a
yang deficiency syndrome is usually transformed from a qgi deficiency syndrome if the qi
deficiency syndrome is not properly treated. Many symptoms in the set of symptoms for
the qi deficiency syndrome are also in the set of symptoms for the yang deficiency syn-
drome. Therefore, the symptoms unique to the yang deficiency syndrome should be the
primary symptoms to identify the yang deficiency syndrome. The symptoms common to
the qi deficiency syndrome should be the secondary symptoms to identify the yang defi-
ciency syndrome. This subsection proposes a 2-level grouping to divide each group of
symptoms further into two subgroups if the current syndrome is transformed from a closely
related syndrome due to syndrome mechanism. The 2-level symptom groups for heart yang
deficiency syndrome are listed in Table 7. The symptom groups for heart qi deficiency
syndrome are not further divided. Except for the location group, the other four symptom
groups of the heart yang deficiency syndrome are further divided into primary and second-
ary subgroups.

In this way, a membership function ug; for symptom group i of syndrome d can be
defined as

Ugi(S) = Dj1.W; X Uaiy(S), for SeP(U). (6)

Here ugq;; are the membership functions for the primary or secondary subgroups with
the set Sqj of symptoms and can be defined as

U,ii(S) = p(ISMSail, Saiil), for SeP(U), (7

and w; are weights for each subgroup.
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Table 7. 2-level symptom groups of heart yang deficiency syndrome.

Symptom Groups
Syndromes | Primary/ . Tongue .
Secondary Palpation Inspection Location Cause Feature
lack of stre- spontaneous
. alpitations, |ngth, lassi- -
Heart qi pale tongue, P A . .. |sweating, pale
deficiency weak pulse white fur oppression in [tude of spirit, white com-
the chest shortness of lexion
breath P
enlarged cold of the EZZ?: DZ;R,
Primary [sunken pulse |tongue, slip- extremities, darkis% co’m-
Heart yang pery fur galprg?;:grrllsi,n fear of cold plexion
deficiency hpp h lassi f spontaneous
ale tongue the chest as:s!tudeo sweating, pale
Secondary |weak pulse pale ' spirit, short- ; '
white fur ness of breath white com-
plexion

Currently, w; are assigned weights 0.8 and 0.2 for the primary and secondary sub-
groups, respectively, based on clinical experience of practitioners. The membership func-
tion defined by Egs. (3), (6) and (7) would be called the constantly-weighted 2-level-group-
ing (2G) membership function, abbreviated as CW2G. The membership function defined
by Egs. (5)-(7) would be called the constantly-weighted nulled-2-level-grouping (N2G)
membership function, abbreviated as CW2NG.

3.5 Improving Membership Functions Based on Exponentially Decreasing Weighing
of Symptoms

The set Sy of symptoms for a syndrome d usually contains the maximal number of
characteristic symptoms for d. In practice, however, a patient often has only a small portion
of Sy such that the membership degree usually tends to be too small. To enhance the prac-
ticability, we propose to assign exponentially decreasing weights to symptoms so that a
small portion of the symptoms can still sufficiently manifest the syndrome. Let m be the
size of Sy and n be the size of the intersection of Sq and the set of symptoms of a patient.
An exponentially-weighted (EW) ratio function that assigns weights to symptoms accord-
ing to a geometric series with a constant ratio of 1/2 can be defined as

0, ifn=0;

_ n P . 8

y(n,m) = %+Tl><zi:1(%), ifO<n<m; (8)
1 ifn=m.

The comparison of the behavior of an exponentially-weighted membership function and
the behavior of a constantly-weighted membership function is shown in Fig. 1. For a Sy of
size 10, it needs 5 symptoms to achieve a membership degree of 0.50 for the constantly-
weighted membership function, while it only needs 1 symptom to achieve a membership
degree of 0.55 for the exponentially-weighted membership function. In practice, the expo-
nentially-weighted membership function can effectively alleviate the issue that the mem-
bership degree usually tends to be too small.
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——(

Fig. 1. Exponentially-weighted and constantly-weighted membership functions.

Then an exponentially-weighted naive (EWN) membership function could be defined
as

ua(S) = AISNSdl, ISal), for SeP(U). )

An exponentially-weighted grouping (EWG) membership function could be defined
as Egs. (3) and (10)

Ug,i(S) = AISSa,il, [Sa,il), for SeP(U). (10)
An exponentially-weighted nulled-grouping (EWNG) membership function could be
defined as Eqgs. (5) and (10).

An exponentially-weighted 2-level-grouping (EW2G) membership function could be
defined as Eqgs. (3), (6) and (11).

Ud,ij(S) = AISMSa,ijl, [Sa,ijf), for SeP(U) (11)
An exponentially-weighted nulled-2-level-grouping (EWN2G) membership function
could be defined by Eqgs. (5), (6) and (11).

4. EXPERIMENTAL EVALUATION

This section uses 3 metrics to evaluate the differentiation capabilities of the 10 mem-
bership functions defined in Section 3.

4.1 Baseline Differentiation Coefficients

This section uses the baseline differentiation coefficients (BDC) to investigate the
baseline differentiation among syndromes. In clinical cases, the differentiation among syn-
dromes should be smaller than the baseline differentiation coefficients.

The baseline differentiation between syndromes d and x can be defined as

d, X) = Ua(Sa) — Ux(Sa) = 1 — ux(Sa). (12)

Note that ug(Sq) = 1 for any syndrome d and &(d, x) may be different from &(x, d). The
BDC & for syndrome d is the average of the baseline differentiation between d and all
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other syndromes in D and can be defined as

8y = BT Doy O (@ X)- (13)

The BDC &b for the set D of syndromes is the average of the baseline differentiation
coefficients & for all syndromes in D and can be defined as

8o = By Qe - (14)

The BDC &p for the set D of syndromes for the 10 membership functions are shown
in Fig. 2. For both constantly-weighted and exponentially-weighted membership functions,
the grouping of symptoms can improve the BDC, and the nulling of syndromes with small
membership degrees can further improve the BDC. Except that the EWN membership
function is exceptionally small, the BDC for exponentially-weighted membership func-
tions are only slightly smaller than that for constantly-weighted membership functions.
This demonstrates that the grouping of symptoms can significantly alleviate the amplifying
effects of the exponentially weighing of symptoms.

BDC

1.000
0500 0821 0.860
0.800 0.744 0.747 ﬂﬁ_g_______._————"
0700 0.823
0600 0719 0.745
0500 0.647
0.400
0.300
0.200
0.100 0.19
0.000

N G 26 NG N2G
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Fig 2. The BDC oo for the 10 membership functions.

We also investigate the BDC &y for all syndromes in D for the 5 constantly-weighted
membership functions and the 5 exponentially-weighted membership functions as shown
in Figs. 3 and 4, respectively. For each d, we rank & from large BDC to small BDC. Fig.
3 depicts the ranks of & for the five constantly-weighted membership functions. For ex-
ample, & for CWN, CWG, CW2G, CWNG, CWN2G in heart gi deficiency syndrome are
0.748, 0.709, 0.750, 0.810, and 0.843, respectively. Therefore, they are ranked as 4, 5, 3,
2, and 1, respectively. It shows that the ranks of & for CWNG and CWN2G are consist-
ently higher than that of CWN, CWG, and CW2G. It also shows that the ranks of & be-
tween CWNG and CWN2G are mixed and the ranks of &y between CWN, CWG, and
CW2G are mixed. Therefore, it is difficult to determine the best membership function
among constantly-weighted membership functions. Fig. 4 depicts the ranks of & for the
five exponentially-weighted membership functions. It shows that the ranks of & for
EWNZ2G are consistently first, the ranks of & for EWG is consistently fourth, and the ranks
of & for EWN is consistently fifth. It also shows that the ranks of & between EWNG and
EW2G are mixed and either second or third. Therefore, it is obvious that EWN2G is the
best membership function among exponentially-weighted membership functions.



Fuzzy SYNDROME DIFFERENTIATION FOR TCM DEFICIENCY SYNDROMES 1091

Rank of BCD
6
2
. L—/
3 AVAVATAVAY VNS
2 » » > ool
1 et Woothosot * e
0
N} N
B g T ST I Sy
P S Ol O S O S Gl N S
¥ ¥ ¥ % W ¥ O & W
& P e PSS S e &S e &
Y &8 N T R APONE & F & @*‘\ \
& e & @& 3 S \Eef\ \_’\QO *?17 P b(\v:\
¥ BN & & E &
L
e CWN e CWG W26 CWNG  ++ 8 s CWN2G

Fig 3. The rank of BDC & for the 5 constantly-weighted membership functions.
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Fig. 4. The rank of BDC & for the 5 exponentially-weighted membership functions.

4.2 Clinical Similarity Coefficients

This section uses two types of clinical similarity coefficients: absolute clinical simi-
larity coefficients (ACSC) and relative clinical similarity coefficients (RCSC) to investi-
gate the differentiation capability of the 10 membership functions for a benchmark of 50
clinical case reports collected from journals and books [2, 3, 6-9, 12, 13, 15-17, 21-31, 34,
36, 38-40, 42-46, 48, 51-52, 54-59, 63-64, 69, 71]. Each syndrome appears in at least one
case report in the benchmark.

Since a patient usually suffers from more than one syndrome, we use Jaccard similar-
ity coefficient [19] to evaluate the similarity between the sets of syndromes diagnosed by
a case report and by the 10 membership functions. The Jaccard similarity coefficient o(X,
Y) of two sets X and Y is defined as

a(x,Y)z%. (15)
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4.2.1 Absolute clinical similarity coefficients

This section uses ACSC to evaluate the precision of the 10 membership functions
with respective to a benchmark of case reports and a membership degree threshold.

Given the set S of symptoms of a patient and the set of membership functions uq for
all deD, the set S{S) of syndromes diagnosed by this set of membership functions using
threshold zcould be defined as

S«S) = {d|uq(S) > 7 for all deD}. (16)

Let S¢(S) be the set of syndromes diagnosed by a case report ¢ with the set S of symp-
toms. The ACSC «, . for a case report ¢ and a threshold zcould be defined as

ae,-= 0(Sc(S), S9)). 17
The ACSC «c, - for a benchmark C of case reports and a threshold zcould be defined
as
aC,T =ﬁZCEC aC,T' (18)

The ACSC for a benchmark evaluates the average ACSC over all case reports in the
benchmark. For the benchmark of 50 clinical case reports, the ACSC for the 5 constantly-
weighted membership functions and the 5 exponentially-weighted membership functions
are depicted in Figs. 5 and 6, respectively. For example, aco2 for CWN, CWG, CW2G,
CWNG, CWN2G are 0.231, 0.227, 0.259, 0.246, and 0.303, respectively in Fig. 5.

From Figs. 2, 5 and 6, ACSC is consistently smaller than BDC. This is because BDC
concerns the difference of membership degrees, while ACSC concerns the difference of
syndrome sets. An ACSC «c,. = 0.406 is actually quite good because if |Sc(S)| = 1, then «, -
=0or 1.If|Sc(S)| = 2, then o= 0, 0.33 or 1. If |S¢(S)| = 3, then ¢,.= 0, 0.2, 0.5 or 1. For

ACSC
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0.200
0.150
0.100
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e CVV N CWG CW2G CWNG === CWN2G

Fig. 5. The ACSC ac, - for the 5 constantly-weighted membership functions.
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Fig. 6. The ACSC ac, for the 5 exponentially-weighted membership functions.

the EN2G membership function with ac,0.06 = 0.406, there are 6 case reports with ac,-= 1.
There are 10 case reports with ac,- = 0. Among them, 9 case reports have no syndrome
with ug(S) > = The remained one case report has only one syndrome with ug(S) > = There-
fore, in clinical case reports, since the sets of symptoms for patients are usually very small,
the membership degrees are still very small even using the exponentially-weighted mem-
bership functions.

From Figs. 5 and 6, ACSC for the four grouping membership functions is consistently
larger than that for the naive membership functions. This confirms that the grouping mem-
bership functions consistently improve the naive membership functions in clinical case
reports. For ACSC, the effect of the nulled membership functions is ignorable. This is
because the nulled membership functions have effect only in the lower division of the
membership degrees. However, ACSC concerns only the upper division of the member-
ship degrees. Therefore, the lines for CWG and CWNG are almost the same except for
small z. The same goes for CW2G and CWN2G, EWG and EWNG, and EW2G and
EWN2G.

From Fig. 5, the optimal ACSC 0.339 occurs at 7= 0.3 for the constantly-weighted
membership functions. From Fig. 6, the optimal ACSC 0.406 occurs at 7= 0.6 for the 4
exponentially-weighted grouping membership functions and the optimal ACSC 0.331 oc-
curs at 7= 0.97 for the exponentially-weighted naive membership function. This is because
the membership degree for each exponentially-weighted membership function is consist-
ently larger than its corresponding constantly-weighted membership function. In general,
the threshold 0.3 is too small because it is easy to pass the threshold with a small number
of symptoms. On the other hand, the threshold 0.97 is too large because it is difficult to
pass the threshold even with a large number of symptoms. The threshold 0.6 is much more
appropriate. It has enough space to spread patients suffering or not from a syndrome. It
even has enough space to spread patients slightly, moderately, or seriously suffering from
a syndrome. This result concludes that using both grouping scheme and exponentially de-
creasing weighing scheme provides a more appropriate optimal threshold at 0.6.
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4.2.1 Relative clinical similarity coefficients

This section uses the size of the set S¢(S) of syndromes identified by a case report to
decide how many syndromes a patient suffers from and no membership degree threshold
is used. Given the set S of symptoms of a patient, the set S¢(S) of syndromes diagnosed by
a case report ¢, and the set of membership functions ug for all deD, the set S¢(S) of syn-
dromes the patient suffers from could be defined as

S¢(S) = {d | rank(ua(S)) < [S¢(S)|, for all deD}. (19)

The rank function ranks the membership degrees from large values to small values.
The RCSC £ for a case report ¢ could be defined as

Be = o(Sc(S), Si(S)). (20)
The RCSC £ for a benchmark C of case reports could be defined as
B = |€1|ZCGC B.. (21)

The RCSC for a benchmark evaluates the average RCSC over all case reports in the bench-
mark. For the benchmark of 50 clinical case reports, the RCSC for the 10 membership functions
are depicted in Fig. 7.

RCSC
0.700
0.573 0.586
0.600 0.544 0.544
0.477 —- —
0500 — — 0.578
0,518 0.538 0515
0.400 0.457
0300
0.200
0.100
0.000
N G 26 NG N2G
—.—CW Ew

Fig. 7. The RCSC g for the 10 membership functions.

From Figs. 5, 6 and 7, RCSC is consistently larger than the corresponding ACSC. The
largest RCSC is 0.586 which is pretty good. This implies that for the same number of
diagnosed syndromes, the diagnosis of the proposed membership functions is very similar
to the diagnosis of the clinical case reports. Although RCSC is useful for reference, ACSC
should be a more appropriate metric for clinical evaluation. From Fig. 7, although RCSC
for the exponentially-weighted membership functions is consistently larger than that for
the constantly-weighted membership functions, the RCSC for the constantly-weighted
membership functions is also pretty good. The largest RCSC for the constantly-weighted
membership functions is 0.578. RCSC for the four grouping membership functions is con-
sistently larger than that for the naive membership functions. This also confirms that the
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grouping membership functions consistently improve the naive membership functions in
clinical case reports.

5. CONCLUSIONS

This article investigates the syndrome differentiation problem for 18 deficiency syn-
dromes. It applies the classification approach based on fuzzy sets to solve the syndrome
differentiation problem. The syndrome differentiation problem is defined as the member-
ship problem of fuzzy sets. It proposes a symptom grouping scheme to divide symptoms
for each syndrome into five groups based on symptom location, cause, and mechanism. It
also proposes a symptom weighing scheme to assign exponentially decreasing weights to
symptoms in each symptom group. Applying these two schemes, it investigates 10 mem-
bership functions for fuzzy sets. An experiment shows promising results for this approach
using three metrics: the baseline differentiation coefficients, the absolute clinical similarity
coefficients, and relative clinical similarity coefficients. This experiment verifies that the
membership functions using both symptom grouping scheme and symptom weighing
scheme are very practical.

In the future, we will continue to investigate the efficacy of the above two schemes
to excess syndromes. We will also extend the benchmark to a larger scale so that the bench-
mark can be used as a standard benchmark for future syndrome differentiation research.

In the future, this system could be used to immensely collect standard clinical medical
records. After that, we could apply the machine learning approach to infer new knowledge
from the collected standard clinical medical records and to upgrade the system automati-
cally and continuously.

The ultimate goal of this research is to develop a practical clinical syndrome differ-
entiation system. This syndrome differentiation system could be used in the clinical TCM
diagnosis, the training of TCM practitioners, the support of an experimental environment
for TCM research.
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