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ABSTRACT

As local currencies become established as alternative currencies for revitalizing local economies, cases of abuse are on
the rise. This study presents a two-stage machine learning framework to address the issues of unknown fraudulent
transactions and a lack of data labels. First, we used an unsupervised learning model to generate pseudo-labels from
unlabeled data. During this process, we analyzed the differences between fixing the outlier rate at 1% and allowing the
model to determine the optimal threshold on its own. In the next step, we trained various supervised learning models on
labeled data and compared their performance. As a result, tree-based ensemble models, such as Random Forest, XGBoost,
and LightGBM, performed the best. In particular, XGBoost achieved the highest F1-Score in an environment with an
extremely limited outlier rate of 1%, while Random Forest achieved the highest F1-Score in an environment with a
relaxed outlier range. This demonstrates the potential for effective fraud detection even in unlabeled data.
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(a) Data Collection
Collecting local currency data
(https://data.gg.go.kr)

{

(b) Data Preprocessing
1. Data loading and basic preprocessmg
2. Feature engineering
3. Distribution analysis(EDA visualization)
4. Feature selection and standardization

/}\ (c) Unsupervised learning
- S 1. Hyperparameter setting
</ is there . No (contamination rate=0.01, adaptive)
alabel? _— 2. Anomaly detection (IF, LOF, OC-SVM)

e ‘

Create Pseudo Label

(d) Supervised learning

1. Outlier Oversampling
2. Model Selection et
(LG, DT, RF, SVM, XGBoost, LGBM)
3. Train-test-evaluate
4. Result Aggregation (Precision, Recall, F1)

Fig. 1 FDS detection performance comparison process

1. Evaluation metrics (Silhouette,
Extremeness, Cohesion, Mann-Whitney U)
2. Score calculating
3. Normalization and Composite score
4. Optimal model Selection (Ensemble)
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Table. 1 Evaluation Criteria

Silhouette [40]

7 ;=1 max(a(i),b(i))

Indicates how well each data point belongs within its
assigned cluster, and how far it is from other clusters

Extremeness [33]

Average absolute z-score of all detected outliers; higher

scores mean anomalies lie farther from the main distribution

Cohesion [41]

2 d(x/,,z(")
T =
|A| (‘A| 71) P<q.pgE A

Mean pairwise distance within the outlier set; lower values
indicate a tighter, more coherent anomaly group

Separation [41]

1
T L P X d s
[alTz] = 2,5 4,0 wp )

Mean distance between outliers and normal points; larger

values show a clearer normal-anomaly gap

Mann-Whitney U (Mann-Whitney U) [42]

A, A
min( Uy = U,). Uy = n'n¥ + w

—R
Rank-sum test that detects distribution differences between
two samples without assuming normality; robust for skewed
financial data

Notation
a(i) :Mean distance from point i to all other points in the same cluster
b ( z') : Mean distance from point i to the nearest different cluster

« A, N: Sets of data points detected as anomalies (A) and normals (N)

« F':Setofall features (variables) in the dataset

+ |ALIN|,| £ ]: Counts of anomalies, normals and total features, respectively
s q : Two data points used when computing distances(cohesion or separation)
g, Oy Mean and standard deviation of feature f (for z-score)

d (p;, ;) : Euclidean distance between points p b; and D),

R: Rank-sum of anomaly group in the Mann-Whitney U test
U, U: Mann-Whitney U statistic for the anomaly group and the overall test
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Fig. 2 (a): Distribution of operating stores count,
(b): Payment ratio to 3-month moving average
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Fig. 3 Outlier detection results by unsupervised learning model (Outlier Ratio: 1%)

Isolation Forest Local Outlier Factor

One-Class SVM Voting Ensemble
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Fig. 4 Outlier detection results by unsupervised learning model (Outlier Threshold: automatic model setting)
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Table. 2 Unsupervised learning Models Evaluation Result
(Outlier Ratio: 1%)

Model Silhouette | Extremeness | Cohesion | Separation Vlz’lth;:r:: Composite
M (t) A | M | Y| Score
)

IF | 0706 2.099 9233 | 8708 |-21951910| 0577
LOF | 0353 0.828 5426 | 4.166 | 12523895 | 0.400
OC- 1688 1.961 10338 | 8409 | 18256042 | 0.578
SsWw| : : - :
Ense | 731 2368 11027 | 9.792 | 14505830 | 0.758
-mble

Table. 3 Unsupervised learning Models Evaluation Result
(Outlier Threshold: automatic model setting)

X3t 0|4l BHXIE 25t oitleld 22 o

or

Hlm

Table. 4 Supervised learning Models Evaluation Result
(Outlier Ratio: 1%)

1% Precision Recall F1-Score
XGBoost 0.4143 0.7632 0.5370
LightGBM 0.3919 0.7632 0.5179
RF 0.3971 0.7105 0.5094
DT 0.3380 0.6316 0.4404
SVM 0.2037 0.8684 0.3300
LR 0.1372 0.8158 0.2348

Table. 5 Supervised learning Models Evaluation Result
(Outlier Threshold: automatic model setting)

Model Precision Recall F1-Score

. . . Mann- .
Model Silhouette | Extremeness | Cohesion | Separation Wh:;ntn“ey Composite XGBoost 0.8298 0.9613 0.8907

h h W) ) ) Score
LightGBM 0.8303 0.9648 0.8925

IF 0.664 1.781 8.478 7.555 129639538 | 0.519
RF 0.8540 0.9472 0.8982

LOF | 0.398 0.889 5.930 4469 | 7520398 0.400
DT 0.8131 0.9190 0.8628

OC-
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