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Abstract: Formal Concept Analysis (FCA) explores interpretable rules in a structured manner and has broad application prospects. This pa-
per proposes a novel rule classification model based on linguistic concept lattice (LCLC) , which extracts semantic classification rules based on
linguistic concept lattice. First, input data is mapped to linguistic terms via fuzzy partitioning to build a linguistic concept formal context, from
which the linguistic concept lattice is derived. Next, a rule extraction algorithm based on linguistic concept lattice is proposed, which deter-
mines the rule base for classification by considering the concept area and rule weight. Then, the rule reasoning mechanism of LCLC is intro-
duced, where the antecedent membership degree of the rule is calculated using a weighted average of the membership degrees after fuzzifica-
tion of the input, while considering the rule weights to determine the classification label. Ultimately, the effectiveness of LCLC was validated
through comparative evaluations with machine learning classification and other rule-based classification algorithms across eight public datas-
ets, that LCLC achieved a classification accuracy of 100% and had a more concise set of rules.
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Fig. 1 The classification system framework of LCLC
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Fig. 2 Triangular membership function

B2 =ZAREBRY

Bl1 FR1ER-AZHEMBEE. LT U=
{20 g w20y, 5w} 6 DBEAS (L= {I', 12,1 1) 4 D HEAE )R
PE class = { = 1, 1} A28,

Table 1 Binary classification dataset

F1 “HEHEE
I IS B I class
% 4.9 35 1.4 0.3 1
%, 5.5 35 4.5 1.1 -1
Xy 7.9 3.8 6.4 2 -1
Xy 5.7 4.4 1.5 0.4 1
X 5.4 3.9 1.3 0.3 1
Xg 49 3.4 33 1 -1
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Table 2 Membership degree of linguistic concepts
x2 EEHMENREE

N conoonn
0.8 0.2 0.96 0.04 0 1 0 0

x, 1 0 0 0

x, 06 04 0 08 02 0 0 075 025 006 094 0
x,3, 0 0 1 02 08 0 O O 1 0 0 1
x, 047 053 0 0 0O 1 092 008 O 088 012 0
x, 067 033 0 0 1 0 I 0o 0 1 0 0
x, 1 0 0 1 0 0 022 078 0 018 08 0

Table 3 Linguistic concept formal context(U, L , I')
R3 BEHSEXERWU L, D)

T e B ¢ E

X 1 0 0 1 0 0 1 0 0 1 0 0
X, 1 0 0 1 0 0 0 1 0 0 1 0
EN 0 0 1 0 1 0 0 0 1 0 0 1
X, 0 1 0 0 0 1 1 0 0 1 0 0
x5 1 0 0 0 1 0 1 0 0 1 0 0
X 1 0 0 1 0 0 0 1 0 0 1 0
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Fig. 3 Linguistic concept lattice
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Table 4 Classification rule base
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Table 5 Fuzzification result of input vector

x5 BWAREEMULER

I':49 *:3.9 P14 *:0.6
s, 1 0 0.96 0.65
$o 0 1 0.04 0.35
5, 0 0 0 0

AR 2 (6) A (7) 70 303+ 55 A A REAIE ) X T35 4
4 ZE RN R B, BRI
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R,: Intensity, = W, X 4 =0.35 (12)
Ry Intensity, = W, x -0 = .34 (13)

R.: Intensity, = W, X 1+0.93ﬂ =0.87 (14)
R,: Intensity, = W, X M =0.81 (15)
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Table 6 Experimental datasets

®6 LHREIEE

Dataset  #Instance #Attribute #Classe| Dataset #Instance #Attribute #Classe

Wine 178 13 3 Heart 270 13 2

WDBC 569 30 2 ILPD 583 2
Forestfires 517 8 2 Seed 210 7 3
Parkinsons 197 22 2 Pima 768 8 2
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Table 7 Comparison of classification accuracy between LCLC and

traditional classifiers

®7 LCLCEREFEHEB[HEBELR (%)
Dataset SVM NB SGD LCLC(Our)
Wine 66.67 97.15 96.30 100.00
WDBC 87.72 91.81 92.40 96.96
Forestfires 59.62 55.77 51.92 58.59
Heart 59.26 82.72 76.54 87.65
ILPD 64.94 63.79 66.09 75.86
Seed 85.71 88.89 85.71 93.65
Parkinsons 86.44 71.19 91.53 83.05
Pima 75.76 77.06 79.22 71.86
Average 73.2650 78.5475 79.9638 83.4525
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Table 8 Comparison of classification accuracy between LCLC and

rule—based classifiers

®8 LCLCEETHMMASEKRDEEELILR (%)
Dataset FRBCS EBRB BRBCS LCLC(Our)
Wine 90.95 93.11 96.26 100.00
WDBC 93.16 94.13 94.56 96.96
Forestfires 57.05 58.32 61.96 58.59
Heart 75.35 82.10 87.45 87.65
ILPD 70.69 72.27 71.82 75.86
Seed 87.57 90.95 88.57 93.65
Parkinsons 83.05 85.67 84.90 83.05
Pima 70.20 72.16 71.50 71.86
Average 78.5025 81.0888 82.1275 83.4525
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Table 9 Comparison of the number of rules between LCLC and rule—
based classifiers

#R9 LCLC SE TR 5> 25284 N £ bb 82

Dataset FRBCS EBRB BRBCS LCLC(Our)
Wine 402 455 402 43
WDBC 127 142 127 166
Forestfires 68 563 68 22
Heart 176 243 176 66
ILPD 59 286 59 33
Seed 52 168 52 40
Parkinsons 929 406 99 419
Pima 89 571 89 23
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Table 10 Ranking of classification accuracy

F10 HEEHERAR

Dataset FRBCS EBRB BRBCS LCLC(Our)
Wine 4 3 2 1
WDBC 4 3 2 1
Forestfires 4 3 1 2
Heart 4 3 2 1
ILPD 4 2 3 1
Seed 4 2 3 1
Parkinsons 35 1 2 35
Pima 4 1 3 2
Average 3.94 2.25 2.25 1.56
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