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[Abstract]

In this paper, we propose a method to derive valuable but hidden infromation from the data which is
the core foundation in the 4th Industrial Revolution to pursue knowledge-based service fusion. The
hyper-connected societies characterized by IoT inevitably produce big data, and with the data in order
to derive optimal services for trouble situations it is first processed by discovering valuable information.
A data-centric IoT platform is a platform to collect, store, manage, and integrate the data from variable
devices, which is actually a type of middleware platforms. Its purpose is to provide suitable solutions
for challenged problems after processing and analyzing the data, that depends on efficient and accurate
algorithms performing the work of data analysis. To this end, we propose specially designed structures
to store IoT data without losing the semantics and provide algorithms to discover the useful information

with several definitions and proofs to show the soundness.

» Key words: Knowledge-based platform, Unstructured data, Tree data, Bits representation,
Binary code, Pairsets
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I. Introduction
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II. Preliminaries

1. JSON(JavaScript Object Notation)
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Table 1. JSON Encoded Person Data
firstName “John”
lastName “Smith”
age 25
address streetAddress “21 2" Street”
city “New York”
state “NY”
postalCode “10021-3100"
gender type “male”
spouse null
phoneNumbers [
type “home”
number “2125551234"
type “office”
number “646 5554567
type “mobile”
number “123 456 7890”
1
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ITlI. Tree Mining Definitions

1. Subtrees
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2. Extraction of subtrees
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IV. Semantic-based Tree Mining
Approach
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Fig. 2. Maximal Frequent Subtrees vs. Frequent Subtrees
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3. Derivation of Maximal Frequent Subtree
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Algorithm 1 genBitSeq
Input: T, L. QOutput: a set of bits sequences BF

(1) bs + <> [>initialize o vartable for o bits sequence

(2) foreachpathpeT

(3) bs + makeSequence (T, bs) >make a bits sequenced path from a root v

(4) BP + |
(5) return BP

pET

mekeSequence(node u, current_bs cb)

(6) Kk + Semantic_Dictionary(u) - L(v)  >binary code is generated from a string label considered semantics

(7)  if u has no child node I> current node is o leaf node

(8) b — cb + k

9) return cb

10)  else D> current node is an internal node
11) ch «— b + ¢

for each node v £ %’ adjacent nodes

S

(
(
(12
(
(

13) if v is not exploited
14) makeSequence(v, cb)
Fig. 7. Algorithm for Generating Bits Sequences Considered Semantics
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Algorithm 2 comFreSet
Input: BD, minsup  Output: a set of all frequent pairsets FP

d + height(BD) > obtain the highest depth

for: <+ Otod [>generate pairset w.r.t. the depth
create PairSet [P];
classify [P]; into [F]; and [C]; by the minsup
delete [P]; from the memory
FP + FP U [F);

forz + Otod I>do cross-pairset operations
find additional tree indexes by ([Cl;_1, [F];), and

delete corresponding elements from ([C;_1)

[>pruning step

[>merging step

(9) for ¢ « i—1to0 >pruning with previous frequent pairsets
(10) find additional tree indexes by ([C]s, [F]¢), and
delete corresponding elements from ([C];)
(11) find additional (key, téstr.y) pairs satisfying the minsup
by (C];,[C]s_1), and delete corresponding elements from [C]; and [C];_;
(12) [Cl: + [Cliza U [Cls
(13)  return FS > final FS has the results of eross-pairset

Fig. 8. Algorithm for Computing Pairsets

Algorithm 3 mazSubtree

Input:

FS, minsup  Output: all maximal frequent subtrees M IS

(1
2
3
4

s s s

)
)
)
)
5)
6)
)
8)
)
)
)
)
)
)

P

(9
(10
ai
az
as
(4

count <— num(FS) [>number of frequent pairsets in F.S
for £ + 0 to count [>search the first non-empty frequent PoirSet
if ‘Kz‘ of [F]g is not zero I>Kp is o set of keys in [F|p

first + £, next + £+1
break
for each key € [F] First [>set roots of frequent subtrees
create a root whose label is key
flag + false
for £ + next to count
for each key € [F/]
flag +—makeLink(key, () P> busld explicit tree structure
if flag = false
create a root whose label is key

convert all binary codes to their original string labels

makelink(key &k, whichSet ws)

(15)

pre — ws— 1 [>set previous frequent pairset

> check if there is any relation between k and other keys in ws

if 3 tistyicm,,| |tisty N tlisty| > minsup
create a node v whose label is k
v becomes a child of the node whose label is &’
return true

else

makeLink (k, pre)

Fig. 9. Algorithm for Deriving Maximal Subtrees

TiketBot

Fig. 10. Chat-bot for
booking movie tickets
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