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ABSTRACT

In order to identify the latest research trends using data related to national R&D projects and to produce and utilize
meaningful information, the application of automatic classification technology was also required in the national R&D
information service, so we conducted research to automatically classify and recommend research field. About 450,000
cases of national R&D project data from 2013 to 2020 were collected and used for learning and evaluation. A model was
selected after data pre-processing, analysis, and performance analysis for valid data among collected data. The
performance of Word2vec, GloVe, and fastText was compared for the purpose of deriving the optimal model combination.
As a result of the experiment, the accuracy of only the subcategories used as essential items of task information is
90.11%. This model is expected to be applicable to the automatic classification study of other classification systems with
a hierarchical structure similar to that of the national science and technology standard classification research field.
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Table. 1 Example of National R&D Project Information
Input Item (NTIS)

Research

Project information item program

G | D |HS

Project name_Korean [ N BN )

Project name_English O |O]O
National science and Research Category1 | @ | @] -
technology sté.indard field Category2| O | O -
classification Category3| O | O] -
Project type oo -

Research Objectives | @* -

Research Contents | @™ | - | -

Project summary Expectation ®

information effectiveness
Keywords-Korean | @* | - | -
Keywords-English | @* | - | -
[Legend]

G: General, D: Defense, HS: Humanities society

@: Required, O: Required by condition

3. If the project type is ‘R&D”, the project summary information is
required
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Table. 2 Composition of research fields in National
science and technology standard classification

Research field bikgor Mid Sub
category | category | category

Nature 4 47 339

Science .
Technology Life 3 49 448
Artifact 9 112 858
Human 5 61 546

Humanities .
and Social Society 9 88 634

Sciences | Human Science
and Technology 3 14 7
Total 33 371 2,898
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Fig. 1 Example of project distribution by sub-category
code in the research field (From 2016 to 2019, the
frequency of projects per code is 500 or more)
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Table. 3 National R&D project information construction status by year of NTIS (As of 2021.8.18.)

Number of projects Input status of research field code Input s.tatus ot summary

e . information

New project Cc;rit;l;c:us Sum 1 2 3 None All (5 items) None
2013 26,286 24,579 50,865 32,381 6,680 4,587 7,217 42,517 8,114
2014 27,299 26,194 53,493 32,738 8,051 5,076 7,628 44,217 1,522
2015 27,871 26,562 54,433 33,325 8,453 5,227 7,428 49,681 4,626
2016 26,947 27,880 54,827 31,126 8,380 8,283 7,038 46,413 3,432
2017 31,500 29,780 61,280 32,740 9,458 11,797 7,285 53,373 4,429
2018 26,894 36,803 63,697 33,827 9,171 13,771 6,928 55,603 7,404
2019 28,140 42,041 70,181 34,517 10,808 16,343 8,513 60,315 6,466
2020 13,130 27,741 40,871 19,060 8,261 12,158 1,392 39,487 55
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Table. 5 Speed of model creation and performance
measurement (Word2vec vs. fastText)

Word2vec fastText
Dimension 300 300 300 300
Iteration 5 4 4 6
Window size 6 4 12 10
Negative sample 3 3 3 3
Model creation time | 2:38:11 | 1:19:20 | 1:43:19 | 2:07:43
Top3 91.76 | 91.68 | 91.83 | 91.87
Top6 89.55 | 89.49 | 89.54 | 89.55
Average
Accuracy (%) Top9 88.96 | 88.89 | 88.96 | 88.96
Overall | o) g1 | 8278 | 82.82 | 82.80
average
Performance 0:21:37 | 0:21:36 | 1:04:27 | 1:05:04
measurement time
29 Ao Ao AN S At A aHch mY
AT AL A s drlolA -2 o] &Aool

o
+ Word2vec & dlo] Aglelrt= A2 £F

33. 2 Ms

10 o2 =4 a}3ic.

Table. 4 Model creation and test results (Word2vec vs.

fastText)
Word2vec fastText
Dimension 300 300
Iteration 3~8 4,6,8,10,12,14
Window size 3~8 4,6,8,10,12,14
Negative sample 3~8 1,3,5,7,9,11
Number of Models 216 216
File size 47.00G 543.67G
Top3 91.64 91.70
Average Top6 89.42 89.42
Accuracy (%) | Top9 88.84 88.84
Total 82.69 82.69

18 204 AEE7F =9Fd Word2vec, fastText2]

2e A A7 A 24 A

HE Ae)r=

H] 25

dlo] A9t FedtEF %k% Aestr] QleiA A
2] A o A OJOWE o
g mHojy] mAy, =80 174 %)o} 3, G4 247
= A28 WA oH ol tolul 2=}

X—b:]—E_ U]—/\ /\]7 g XA /\]{]-

—j% H]g, training
w1nd0w /\}0127} “?ﬂoﬂ/ﬁ Aol dEFE vA= 7
Fa3 274 tiidolti9]. 8= 4 dolE % 2013
HRE 2019371X] &) 3HA) Hlo| B & thAF 2 2 Word2vec
mdof u2}u]E|(dimension, iteration, window size,
negative sample)s FAFSIHA] HHE  Sh5obgich
dimension2 <5 A|7o]| GRS ]2 7] W&o 50, 100
© 2 gh5olqleh e5H B LEY A5 S HAE U
o E| (2020 ZHA) o] ¢F3.9%k7) A& F5f A

FEoF BT, LR, 28R

FER AEF W92 B0 25

1813



S22 2 EAISHS| =2 X| Vol, 25, No, 12: 1809-1816, Dec. 2021

melo] HBHE(F] Score)= I 67 2L, H-F-4RF
AA| B AL} 79.07% 2 7 =2 Test 5 HES
#E At

Table. 6 Classification model accuracy

Query result | Test1 | Test2 | Test3 | Test4 | TestS
Major category | 94.95% | 94.10% | 94.11% | 94.08% | 95.04%
91.79% [ 90.38% | 89.99% | 90.31% | 92.32%
90.02% | 89.11% | 89.07% | 89.03% | 90.11%
78.46% | 75.78% | 75.43% | 75.65% | 79.07%
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Average
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