'i) Check for updates

Journal of KIIT. Vol. 24, No. 10, pp. 317-324, Oct. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 317
http://dx.doi.org/10.14801/jkiit.2026.24.10.317

A77NEH] A3 dloly Zut o) 3R ©A B AT

2,

lob
Ol

o HAS *x*

A Study on an Anomaly Detection Model based on Research
Fund Expenditure Data

Hee-Min Ko*, Gyung-Ho Hwang**

o] =R 20248hdT FY3hut)sty wusted e ¢

o

i

[0 e]
4 5

jg

=7h ArpEn e £ FHE s =l 3 7 B9 HIAE oAl (Isolation Forest,
LOFE A £F oA s ALt SEARARTAN deHTHY DRI T g g
ARYe] M 2 7 -3 [FLOF ol AFE 7 Ed(d03030)stel 718d SIAARATE A=)
3, 49 10%E Fe)r|Ho BRath dBAPAY o) AukE Aol 203-205d A dlo]E|(1,973,6227,
758978 713l 287 At FEADAT el wh A 7189 39l 10% 75978 7S ForIHe s

TRekNem, B2 PHEE M2 g 718 o] HEEe gL AYsdd o Y A T2
A7 sjEo] A 7182 FR Aoz B = glo, malHd e w1 BA 713 W fAle
9 A F2 7]9EE AU

ALY

r
.ﬂ

]I,

oo gQ

tjo rlr

Abstract

This paper proposes a combined anomaly detection model that integrates domain rule-based detection with
unsupervised machine learning (Isolation Forest, LOF) to audit government R&D fund expenditure. Four rule-based
patterns and IF/LOF anomaly scores are weighted (40:30:30) into an institution-level composite risk index, from
which the top 10% are classified as watchlist institutions. Applying the model to real data (1,973,622 records, 7,589
institutions, 2023-2025) from the National Research Foundation of Korea (NRF) Ezbaro system, the top 10% criterion
selected 759 watchlist institutions, and the methods tended to flag different sets of institutions. Under the current
weighting structure, institutions with no rule-based pattern cannot reach the watchlist cutoff, indicating ML mainly
re-prioritizes institutions already flagged by rules.
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Table 1. Composite risk index criteria and weights

Component Weight Calculation method
Rule-based pattern 0% No. of triggered pattern
ocecurrence types x 25 pts (max 100)
Percentile-normalized
IF 30% institution-level anomaly
score
Percentile-normalized
LOF 30% institution-level anomaly
score
Composite Risk 100% 04xRule + 0.3xIF +
Index 0.3xLOF
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Table 2. Watchlist ratio by institution type

Institution type Total Watchlist Ratio
University 387 162 419%
Fesearch 156 60 38.5%

institute
Pudli % 20 22%
institution
Enterprise 5,802 419 7.2%
Other 597 56 9.4%
Unclassified 557 42 75%
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