TRANSACTIONS OF THE CHINESE SOCIETY FOR AGRICULTURAL MACHINERY
Vol. 47, No.9, 2016

doi;10.6041/j. issn. 1000-1298. 2016. 09. 038

Research on Ontology Non-taxonomic Relations Extraction in
Plant Domain Knowledge Graph Construction

Zhao Ming Du Yaru Chen Ying
( College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Du Huifang Zhang Jiajun Wang Hongshuo

Abstract; In order to provide more specific knowledge and technology of plant field, the main task of KG ( knowledge
graph) is to extract a wealth of concepts and relationships. Due to the relation extraction is the most difficult in KG
construction, this paper makes use of ontology learning, and proposes a non-taxonomic relation learning method to obtain
representative concepts and their relations from unstructured and semi-structured texts of Baidu Encyclopedia entry content
by using lexicon-syntactic patterns based on dependency grammar analysis. Moreover, the methods of adding constraint
models and words filtering were adopted to build heavy weight ontology automatically based on a lightweight ontology and
greatly improved the precision of the relation extraction. The approach established a concept structure from the plant domain
corpus, ameliorated the discovery of the most representative non-taxonomic relation, and formalized them in the
standardized OWL 2. 0. A set of experiments was performed using the approach implemented in the plant domain. The
results indicated that extraction by patterns should be performed directly after natural language processing, which has a

comparatively high accuracy compared to the former algorithms, and this approach can exiract non-taxonomic relations with

high effectiveness, which lays the foundation for KG construction of plant field.
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0 Introduction

“Knowledge Graph”""', which is defined as the

knowledge representation method, contains a large
number of entities, taxonomy relationships and non-
taxonomy relationships between entities, and it is a
semantic knowledge base. Knowledge graph supports
comprehensive  information  retrieval, intelligent
question-answering , intelligent decision-making and so
on. The main task of knowledge graph construction is
to extract rich entities and relationships, in which
extracting non-taxonomy relationships is the most

difficult

relationships

problem. Extracting non-taxonomy

though ontology learning not only

enhances the completeness and complexity of

knowledge representation, but enriches and extends the
knowledge graph to a great extent'>’.

Ontology"*’ , used for describing or representing the
entities and relationships in a certain field, is a basic
knowledge system and the formal explicit specification

of shared conceptual model. The applications and
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solution based on ontology is implemented on the basis
of ontology construction. However, traditional ontology
construction tools (e. g. , Protégé, KAON) support the
process of manually building an ontology, which is
often time-consuming and difficult to dynamically
update in a timely way, thus causing the so-called
“knowledge acquisition bottleneck” problem. How to
build ontology automatically or semi-automatically,

namely, ontology learning, has long been a problem
4-5]

worthy of study Currently, we summarized the
methods in three categories; methods based on the
dictionary, methods based on pattern matching and
methods based on association rules.

Methods based on the dictionary can abstract
relations that exist in dictionaries, e. g., WordNet;
only synonymy, antonymy and part-whole relations can
be drawn from the WordNet. This method has a great
limitation. In the researches of the methods based on
pattern matching, researchers set various parameters

]

such as correlation threshold of entities'® | similarity

weight'”’ | log likelihood® ~*’ and granular computing

Corresponding author; Zhao Ming, Professor. E-mail: zhaoming@ cau. edu. cn. Tel: +86 — 138 —81027032.



2 TRANSACTIONS OF THE CHINESE SOCIETY FOR AGRICULTURAL MACHINERY 2016

model " to extract non-taxonomy relationships. Since
the mistakes of part-on-speech tagging have a great
influence on the accuracy, we have to explore more
effective methods.

Methods based on association rules''’ summarize the
language patterns used frequently to identify the
appropriate semantic relationships though studying the
related texts. Researchers adopt semantic dependency
labeling ,

method  ( part-of-speech tagging, role

semantic analysis ) to gain the verb frameworks with
semantic dependency, build corpus of verb vector''?!
and calculation of sentence similarity. Another part of
researchers have proposed a heuristic classification of
non - relational learning framework, which integrated
semantic patterns and statistics'*’. The method has a
high extraction accuracy, but some headwords may
impact on the selection of non-taxonomy relationships.
In addition, non-taxonomy relationships contain a
mount of attribute relationships such as origin, plant
diseases and insect pests, instead of the relationships
between entities. And these attribute relationships are
more complex, so the extraction effect is poor. Due to
the entity ambiguity has influence on non-taxonomy
relationship category, the precision rate and recall rate
of the methods based on association rules can be
further optimized in ontology construction.

The methods of

extraction cover agriculture'*
] [16]

non-taxonomy relationships

', medical diagnosis and

treatment' "’ | website!'®) | aviation management[”] and

so on. In addition, some researchers focus on the

18]

unsupervised learning method' to extract non-

taxonomy relationships form web text, and make

9] Chinese

evaluation of the method' ontology
construction automatically, especially researches of
non-taxonomy relationships learning in agricultural field
just getting started. Hence, aiming at limitation of non-
taxonomy relationships extraction based on pattern
matching method, this paper selected plant terms in
Baidu Encyclopedia as corpus, adopted lexicon-

syntactic patterns to extract non-taxonomy
relationships, improved it by stoplist filtering and
method of increasing the restriction for the the pattern,
and made discussion on the relationship between non-
taxonomy relationships categories to carry out the

research.

1 Non-taxonomic relation learning methods

The specific steps of the non-taxonomic relation
extraction method are as follows;

(1) Grab the web terms content as corpus,
preprocess the corpus and uselexicon-syntactic pattern
matching method to extract relation.

(2) According to characteristics and deficiencies of
this method, put forward a type of guidance mode to
improve the accuracy of the extraction.

(3) Based on relation triples of the above extracted
methods, use OWL language to formalize the relations.

The overall process is shown in Fig. 1.

Annotation
Set

‘ Model Setting ‘
I

| Non-taxonomic Extraction ]
I I

Result Adding

Filtering Restriction
| I

[ Testing ‘

Formalization and

Visualization

Fig. 1 Flow chart of technological process

1.1 Non-taxonomy relationships extraction based
on lexicon-syntactic patterns
1.1.1 Data acquisition and preprocessing
This paper grabbed 9623 plant entries and their
Baidu

Encyclopedia using a corpus collection seript tool. The

respective contents as corpus from the
corpus are stored in GBK format text files. The
preprocessing process uses an open source tool named
LTP ( Language technology platform) ' which
mainly uses three modules, i. e., word segmentation,
POS tagging and interdependence syntactic analysis, to
preprocess the corpus. Preprocessed results are saved
in XML format.
1.1.2 Modes acquisition

To acquire lexical-grammatical patterns, we selected
a small group of high-quality and typical entries of
plant materials from the Baidu Encyclopedia (97 entries

and 19 types) to find the typical statement that expressed



No.9  Zhao Ming, et al: Research on Ontology Non-taxonomic Relations Extraction in Plant Domain Knowledge Graph Construction 3

the non-taxonomic relation. In this paper, we focus on
non-taxonomic relations with agricultural value, such
as the geographical distribution, fit environment,
diseases and insect pests, economic value of plants.
Tab. 1 lists some of these statements. At present, we
identify these statements by means of artificial reading
of the entry content. This approach is only suitable for
the condition in which there are relatively few selected
entries and they do not have a scope of scalability. In
the future, we can automatically look for two or more
agricultural concepts that appear at the same time by
using a program.

Using interdependence syntactic analysis to address
these statements and by combining manual summary
and statistical analysis, we summarize the lexicon-
syntactic patterns expressing a non-taxonomic relation.
First, we conduct interdependence syntactic analysis
on these statements and determine concepts and non-

taxonomic relations in these sentences, denoted as R,

number of

Y

i i

Then, we count the

(X, Yi).

interdependent  relation sequence X;, R

occurrences in other annotations, i.e. , X;, R;, Yj.(i7é
J). After artificially eliminating the ungrammatical
sequences, we take the remaining multi-occurrence
sequences as the lexicon-syntactic patterns. Moreover,
we summarize some patterns as a supplement. A set of
lexicon-syntactic patterns are shown in Tab. 2 ( see

interdependence syntactic tagging definition in LTP

official document) .

Tab.1 Some of statements listed

Category Entry name Sentence
) HEH A58 WAL E, H 40% E ik
Flowers Dendrobium o -
SREFLI 2 000 fiF R
Tea Tie Guayin BRI T A R S VG
Polygonatum BB BRI SR, B IR,
Root herbs ’
Odoratum i | 76 LU DX RS- 280 ] A% K
c Solanum TR T HA 2008 SR
rops .
’ Tuberdsm  Sh, B A E R AT %

Tab.2 Set of lexicon-syntactic patterns

Patterns

Examples

SBV (Y, X), HED (Root, Y), VOB (Y, Z)—Y (X, Z)

SBV (Y, X), HED (Root, Y), CMP (Y, Z), POB (Z, W)—
Y Z (X, W)

VOB (X, Y), DE (Z, X), ATT (W, Z)—X (W, Y)

SBV (Y, X), HED (Root, Y), CO0O (W, Z)—Y (X, Z)

FEAHEFNFTHMBEME, —have (Insect peat, Scale insect)
B R AR 2R B EE . —born in (Tie Guanyin, Xiping)

MEHIEEEDLREMH WE R, —harm (peats, pinus massoniana)
FEBEFNFEHRABEN, —have (insect peat, burnet moths)

Patterns are expressed in the following form;
Dependency ( head node, dependent node) — non-
taxonomic relation ( Agent concept, patient concept) ,
which can be formalized as follows:

AD,(s;,1)=L(4,B) (1)

Formula (1) says that L(A, B) is determined when
all dependencies D, are met, among which L, A and B
are the specified elements of s; and ¢,.

1.1.3 Adding rules for pattern

For the lexicon-syntactic patterns extracted, a
question worth attention is that, some patterns contaion
parallel relationship ( COO )

contruction (VV). If the dependencies of a node is

and the serial verb

COO, the nodes equated with dependencies node
pointed to, and the property is transitive, i. e. ,in the
sentence 5 HUEF N7 WABEIK ", the “4r5¢
W7 and “BEMK” will be considered equal. If the
dependencies of a node is VV, the nodes and the

dependencies node pointed to will be considered as

shared subject, that is VV (X, Y), SBV(X, Z)—
SBV(Y, Z), and the property is transitive too,1i. e. ,
in the sentence“ # = TN ZE &M, WEEX =%
PRAPHEY) ", “77"and “ K7 are VV, “}” share the
same subject.

Another noteworthy problem is, the patterns in Tab. 2
not using attribute relationship ( ATT) and adverbial
relationship( ADV) , which will lead to that the entity
relationships

and relationship of non-taxonomy

extracted are all the central word in the statement. For
example, in the sentence B3 5= F Rt 2R B
PEEE.”, we use the pattern SBV (Y, X), HED
(Root, Y), CMP(Y, Z), POB(Z, W)—Y_Z(X,
W) to extract the pattern “ Fn_:‘l: ( %Xﬂ% ’ ﬁﬂz) 7 s
the adverbial “Jii” of relationship is missing, which
affect the accuracy of relationship name. Considering
the need to raise the recall in summarizing the lexicon-
syntactic patterns, we used the weak qualified pattern,
and post-processing method to solve the conditions of

lack of semantic extraction result. If there is a
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restrictive  modifiers before entity and relationship
names in non-taxonomy relationships extracted, it will
be make up.

In addition, due to the text of Baidu Encyclopedia
describe surrounds the terms, so many subject of the
sentence is the default entity name. It results that the
non-taxonomy relationship extracted lacks agent
concept. In this paper, we treat the entry name as a
default agent concept to solute the situation above.
1.1.4 Non-taxonomic relation extraction

The detailed process of extracting non-taxonomic
relations on the basis of lexicon-syntactic patterns is as
follows first, LTP is used to preprocess the original
document. Then, we convert the pattern matching
issue to the problem of searching for a sub-tree in a
D-tree ( dependency tree). If the sub-tree nodes are in
the tree and meet every constraint of their former parts
the pattern match is a success, and these nodes can be
translated into non-taxonomic relations according to the
latter part. Take the second line in Tab. 1 as an
example, i. e. , CERULE R TR R A
PE_.” The sentence D-trees are shown in Fig. 2, where
“ERILE” and “/44” have a subject-predicate relation
(SBV), the virtual node Root and “7=F” have an
HED relation, “y*” and “F 7 have a verb-
complement structure (CMP) , and “F” and “PGEE”
have a preposition-object relation (POB). To meet the
former part of the model, according to latter part of the

model, we translate these nodes into non-taxonomic
relations, e. g. , product_ in (W, PUER).

HED POD
AN CMP V/L\_l.l\ ‘/L\_'_L_\
Root  EKMF il O F wmE &ZEE F

Fig.2  An example of a D-tree

1.1.5 Add constraints for lexical-grammatical patterns

Only adopting an interdependent relation as the
constraint condition of a model can lead to the model
being set too broadly and some common semantic
relations being extracted outside the plant field. To
avoid this problem, this paper adds more constraints to
the lexicon-syntactic patterns to improve the extracting
accuracy.

(1) Filtering initial results

This paper adopts a word filter method, saving a

relation only if the agency and patient concepts of the

relation are all in the word list. This approach can
greatly improve relation extraction accuracy.

(2) Adding constraints when manually setting
patterns

The flow chart of the improved method is shown in

Fig. 3.

Extract though the
lexicon-syntactic
patterns

l

Select the correct
i .
nstance

l

Construet

Several :
ts candidate rules by
ag sets bl
characters of the

instances
L 4

Test the Laplacian
——— value of candidate

)
Choose the best

Fig.3  Flow chart of the improved method

A single constraint is shown in Fig. 4. Several

restriction combinations can be represented by

“Constraint Combination” objects.

Sentence |Standard Confined
Para ID D D Offset Related to Stardard Value

Fig.4 Data structure of a single constraint

By first using basic patterns such as SBV — HED —
VOB to extract tagging sets preliminarily, for a
successful extraction example, this paper transforms
the agency concept, relation name, patient concept
and their part of speech to restrictions, as in Fig. 4,
and then calculates the Laplacian value of the
restrictions of all subsets under the tagging sets. The
Laplacian value is calculated as

Laplacian = Z : 11

where e is the number of extraction errors and n is the

(2)

total number of extractions. The Laplacian is used to

estimate the constraint; a low Laplacian value means

that the restriction combination performs well on the

tagging sets extraction.

1.2 Non-taxonomic relation extraction from semi-
structured text

Apart from the unstructured free text, there is a
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large amount of semi-structured text in the Baidu
Encyclopedia. The text is the knowledge that has been
summarized and refined. Compared with the NLP
( Natural Language Processing), our method reused
the knowledge, though collecting the semi-structured
text has the advantages of simplicity and high
accuracy; thus, it is also an important approach to
ontology learning. The Baidu Encyclopedia consists of
entry names, cards, paragraph titles, entry text, body
pictures, entry links, among other text. Among these
models, the semi-structured information of the entries
that can be used for non-taxonomic relation extraction
exists in the tables.

Most of the entry body text is free text with a semi-
structured pattern, but some of it will also express
knowledge with the table at the same time. Tab. 3
summarizes the nutrients of Solanum tuberdsm. The entry
name “Solanum tuberdsm” demonstrates a non-taxonomic

relation of “nutrient” with “anthocyanin”, “selenium”,

“moisture” , and “inorganic salt”, among others.

Tab.3 Nutrients of Solanum tuberdsm in Baidu

encyclopedia ( per 100 g)

1.3 Formalizing extraction results
This paper expresses the extraction triples in OWL
( Ontology Web Language ) and formalizes the

extraction results with the help of a Protégé
visualization plug-in OWL Prop Viz. Part of the visual

results is shown in Fig. 5.

Fig.5 Partial results of visualization

2 Discussion

In this research, we select 70 sentences containing
plant distribution relations and 31 sentences containing

plant diseases and pests from the corpuses. Then, we

Composition Content test the performance of the non-taxonomic relation
Anthocyanin/g 0.01 . . .
Selenium/mg 0.02 extraction methods. As a baseline for the extraction
Moisture/g 9.9 methods, the results based on manually setting patterns
Axunge/g 0.2 are shown in Tab. 4. The SBV — HED — VOB pattern is
Inorganic Salt/g 0.68 il J | d&i d
Protein/g 4.768 mainly used to extract plant diseases and pests
Ve/mg 28. 4 relations, whereas the SBV — HED — CMP — POB
Carbohydrate/g 82.5 pattern is primarily used to extract distribution
Cellulose/g 2.7 .

relations.
Tab.4 Evaluation results based on manually setting patterns
Total Correct Extraction apart Accuracy apart from
Models Accuracy/ %
extraction number from the LTP errors the LTP errors/%
SBV —HED — VOB 24 18 75.0 20 90.0
SBV — HED — CMP - POB 22 15 138.2 16 93.8
SBV — HED — VOB (Table Filter) 18 18 100 N/A N/A

Tab. 4 shows that based on LTP preprocessing, the
extraction accuracy using the lexicon-syntactic patterns
method can reach 70% , which indicates much room
for improvement. This work adopts the word filtering
method as an improvement.

Another method to improve the model accuracy is to
add constraints to the lexicon-syntactic patterns. The
31 sentences that contain plant diseases and pests
relations can be divided into two parts; the first 15

sentences are used to calculate the Laplacian value of

constraints and then select constraints with the smallest
values from these sentences; patterns and constraints
are combined together to extract the relations from the
other 16 sentences. We attempt to choose constraints

the 5

constraints have the same Laplacian. Then, according

with the lowest Laplacian value because

to the heuristic strategy, we should choose as few
restrictions as possible, and the constraints should be
split into different objects. Finally, the results obtained

for testing accuracy are presented in Tab. 5.
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Tab.5 Extraction after adding restriction

Constraints with the Lowest Laplacian Value Laplacian Total Extraction Correct number Accuracy/ %
2,0,2,0,0,Disease 0. 125 11 10 90.9
2,0,0,0,1,n
0. 125 11 10 90.9
2,0,2,0,0,Disease
2,0,0,0,0,Harm
0.125 9 9 100

2,0,2,0,0,Disease

As shown in Tab. 5, because the method makes
full use of the language features in addition to the D-
tree by adding constraints to the models, the results
obtained by using the adding constraints method are
much better than those obtained when using the manual
pattern-setting method.

Over the past several years, there have been some
studies on non-taxonomic relation learning at home and
abroad, such as the OntoCmaps tools by Canada
ZOUAQ™"
relation extraction methods developed by GU'*'. To a

and Chinese ontology non-taxonomic
certain extent, their studies represent the current level
of non-taxonomic relation learning, the performances of

which are shown in Tab. 6.

Tab.6 Related research extraction status

Correlational Average
Corpus
research accuracy/ %
ZOUAQ?! 28.5~80.8 SCORM, Al
o Corpus of text classification, FDU
Gy 64.47

(Fudan University )

In OntoCmaps, the manually lexical-grammatical
ZOUAQ
different

patterns  that took had an undulating

performance in corpuses; the average
accuracies of the maximum and minimum values are
shown in Tab. 6. In a word, the accuracies of our
experiments and the manually setting model are the
same overall. ZOUAQ also noted that the process of
filtering the results after extracting non-taxonomic
relations by a model was necessary. GU Linglan used
the semantic role labeling function of LTP in his
extraction method. Nevertheless, because of the LTP
performance issues and the lack of filter performance of
the results, the extraction accuracy is not sufficiently
high.

Synthesizing the experiment’ s results, this paper
manually sets lexicon-syntactic patterns as the basic
method for non-taxonomic relation extraction and has

achieved approximately equal accuracy with the same

type of method. Thus, using the methods based on

word list filtering and adding restrictions to patterns

greatly improve the accuracy of relation extraction.
3 Conclusions

(1) The non-taxonomic relation extraction in this
paper greatly retains its original state; relations with
the same meaning can be clustered as one relation by
using a semantic similarity clustering algorithm in the
next work.

(2) Considering the applicable scope of the LTP
Chinese natural language processing tools, their
performance on Chinese Wiki text has decreased. This
result suggests that the current technology in the
relatively deep natural language processing, such as
interdependence  syntactic  analysis, still needs
development before its complete practical use. Making
full use of structured and half-structured data and
reusing the purified knowledge constitute a more

practical and feasible method of ontology learning.
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SO 19 22 SO X Al 43 26 6 22 il 28 1) 5% i) 45 s
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HE— AL

LAE AR 40256 2 B F 5 05 36 T 5 I 11 453
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SO X T ST i Uy ik 4R IR 0 ek R R PR
A JEE T RHE 1A 25 A R SR AR ik A5
AT AR 3 25 A (9 il 3B, 1) 458 3 32 9 A R
A 3 T BIR T 4 75 9k X 1% T i AT Bt 9F B AR
IrRR R PATINIE, TF T Web Y SCHE
PIAEAR 73 FER R 2 Tk 5T

1 EFRICIEEEXRIES X RhE
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Fig. 1 Flow chart of technological process
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M BE T BHE ) TE R b 328 H— /it e SR O H

AACERNERY IR A5 (72 19 A T IR T 97 A~ id]
45), A 8 R R R 3% kAR 2850 R i A (3
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HARNMER AR EC R b, WA Y i 3t 3850 A |
EAPREE W HE R BF I E AR, R 1S T P
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Tab.1 Some of statements
Prigarss  wEAR A
I R T 0 MK 22 55 AT K SRR AT

s i F
’ . T 8 e i 5 A
st ST UL R T R R B T AT
o e REORRIEE 0% SR
i1 2 000 % I Mt A
B T ELAT 0 20 B0 7 TR S B
Zﬁﬁf% %g [EpLik = g =]

il 76 % FIAE 5 %

i AR B AT 55 5 B bt R — b P 8 s T 1)
AL i O AT 55— R A B e O e &
{Cry) G =1,2, N) —D RN N I 25

FEARSE . TP (a0, y,) H— DA o w, =
<x;,1,%,,2,x,,n >y, = <y.,1,y,,2,,y,,n>, JF
S bR B H AR R T 4R — T M, ] LUTE 25 52
AJFA) x (A b 500 AR P 41y o

T3 A, 25 3 R Wy U BRI 0 R R e, AR iR
I PR BT SO 1R 7 A & 2 /3R, i s X
W R AE EM A VE SRR B R R
HAE PICTEAR Y R B 3 R, g3 S AE 2
FITRJEMAF )5 23 e 45 R e AT Fn 1, B4R 5 b 1
PR AR R R AWM, L AR K KR
ZFRLIEH R (X, V) o RIGHIT X R, Y, Z A
W R P SR T X, R Y, (i) th th 5L
U Horp V2 A0k 23 A J i 1 D) 5 ik 5 DE IS
DIEARBAR Y 2 5C & TR R R0 o3 M 3 2o /) vk MO
o3 B DT AR QA D7 ik AR A5G 28 o PRAE AR D088 3 58
SERLAR 2 2 I iR ge N SR ek v ) B AR A 1Y 1)
VAR SR ) 2, AT 22 R AN Wz A R AR IR
BRI R K RN E BB B AR S TR AR
Fe e, 44 3 B 22 AR AT ¢ 2 e 9 B O 2k AR
Ir R AW N R, 3R 2 B (KA Ak
PRI LI LTP B J7 30K o

F2 WILEERRE

Tab.2 Set of lexicon — syntactic patterns

S

B

SBV(Y, X), HED(Root, Y), VOB(Y, Z) »Y(X, Z)
SBV(Y, X), HED(Root, Y), COO(W, Z) Y (X, Z)

SBV(Y, X), HED(Root, Y), CMP(Y, Z), POB(Z, W)—Y_Z(X, W)

VOB(X, Y), DE(Z, X), ATT(W, Z) »>X(W, Y)

FHEAFENCRMBEE, A (RE, Hed)
FEMEAN BB —F (RF, FE%)

Bl 7 TR BB . -7 T (B, PE )
MBS HE GRMAH L EL, ~EH(Fl, SEMR)

Horr BEOR FIIRAF AR CRAT AL RAF 19 5) —4F
PR A2 B it 2B &, 2 ) I R R .
afLIE A

AD,(s,8)=L(A,B) (1)
Hop LA B Jg s Ml e g @ ook, (1) s 48T
ARATF R AR D AR LCA,B) KA
L1.3 Dy 2 g

X b BB TR A AR S, — A (BT T R )
AU LB T A7 I8 26 &R (CO0) HE B 25 44
(VV) X FIFFIR AR, MR BT KA K R
COO Hy &, 3235 i A oA 26 ) A7 O 2 BT 45 161 /9
Wl I Rtk B B e, piln fER) T R H
HFER T MBS " R 5 BT L
N A [ 5 X T IE S AR AR RN SR R AR R
VV G U1 5 ARAT 5% A BT 48 1) (9 35 5 m] A
iz R EilL M VV (X, Y), SBV(X, Z)—
SBV(Y, 2) JF Hizte i BAT e k. fitn, 164+

CHTET T NS S, O E R SR Y.
CPETECONT R SAE R, R IR R

T —MMEMBEEM R R, 2 B A
FIFE 1 56 & (ATT) LR R 454 (ADV) | XA 45 5
St I H ke 1 A 43 2 06 R B HE S A OGR4 IR R AR 1
) TR L B 43 1 T 3R] AT & 2R TR 1 S, A6
W, R D A R BTGB X A, R
3 SBV (Y, X), HED(Root, Y), CMP(Y, Z),
POB(Z, W)—-Y_Z(X, W) 2l e “ 5 _F (B
BT, RRLAMERT T R ARG
CJRT R TR LA PR i . AR SCHE I 9
EA R e 72 0 WS e 9 3| BN N B b Y e D R £
[l 22 SR T X s B e A =, 6 b R B
T SRR A DL, A SCR G AR B 5 i SR Al e
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B2 B R T g R BTG AR A A
Fig.2 An example of a D-tree
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(2) S0 T 1 2 A X0 o R
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W, DA B 0 ME A B CHE T R B R R A 3
B

BAFRET i 4 s i g5 KRR, AT
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Fig.3  Flow chart of the improved method
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Fig.4 Data structure of a single constraint
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Tab.3 Nutrients of Solanum tuberdsm in Baidu

encyclopedia

% T
ATES 0.01 ¢
[liPTES 0.02 mg
Ko 9.9¢
fig Wi 0.2 g
JToHLh 0.68 ¢
EHEF 4.768 g
4% C 28. 4 mg
KA G 82.5¢
YR 2.7¢

T 45 0 & i 0 100 g g

CII TR SRR (A S
Fig.5 Partial results of visualization
I3 XOC R B ) A 31 A S A R B G R
AR, I E SO A AR 2 2806 AR BUT ik bk
AE o NI 5 1Y baseline , A 2 il U B
k4 fpros . Hop SBV —HED — VOB #:0 F2 T
i E S R A EL, SBV — HED — CMP — POB & =
T2 T A X O A il B

®4 BEFREAHEER

Tab.4 Extraction of basic pattern

Frds LTP 55 ik )5 B2 LTP 55 iR 5

Bk EHETOSS - %K HEH 3 % AR %
SBV — HED - VOB 24 18 75.0 20 90. 0
SBV — HED - CMP - POB 22 15 68. 2 16 93.8
SBV — HED - VOB (il % i 3% ) 18 18 100 N/A N/A

Rt N/A RRAW

MW 4 R LLE W, 7E R LTP X SCA #E17 H
SRUE T Ab 2SS SR L, e PR A SRR T R o
WRAE 70% ity , B A BRI 4, — Jy i,
LTP % T ME ) FiE 5 XA i B STk A - 14 4b 34
SRS e n L, I, AR SCHE LTP Ab 38 4
DRy BEAT L Uk, B U BOHE R R KA ST )

— 7 T, B R T 82 T 5 W VA R A ] R, AR
SR A 1) e 3 0 ) 7 1 A D A 2R — b ek .
F 4 R U A R R B Y R

T3 — b B e A T A 3R A SO T 3 2 D
BRI oK 31 A E A R R SR R Rl 2
Ry B 1S A4 AR IR R I A9 Laplacian [H 1+,
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Tab.5 Extraction after adding restriction

4K Laplacian {6 Laplacian  #iL  1F#1  MEHR/
11 BR il {21 BB K %
2.0,2.,0.9% 0. 125 11 10 90. 9
2.0,2.0.%% 0.125 11 10 90. 9
2,0,0,0,% 0.125 9 9 100
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XK R AU P R AN 3 6 TR

F6 HXHRHMIESR

Tab.6 Extraction condition of related study
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