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ABSTRACT

Liquidity risk is one of the most important risks in the banking sector. Generally,

financial loans offer a long period of liabilities’ time. Meanwhile, the source of loans funding is
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from short-term deposits. As a result, liquidity shortages possibly happen especially when
withdrawals are proportionately higher than usual. Therefore, banks need tools to anticipate
changes in cash flow in advance to manage their risks effectively.

The objective of this study is to mitigate the effectiveness of liquidity shortages by the
use of predicting the churn of fixed-deposit accounts using various machine learning techniques.
In this study, a Random Forest model offers the best recall of 79% on the validation data contained
4,919 three-month fixed deposit accounts. Meanwhile, an average recall reduces to 64% when
applies the model to the tested data having 191 closed accounts from 4,878 accounts in total.
Contrastingly, the total balance of predicted closed accounts is 99.67% of the actual closed
accounts. It can imply that our model is a useful tool to prevent the further liquidity crisis.

Keyword: Fixed-Deposit, Machine Learning, Churn Prediction
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3.5 nszuaumsilasunlasdoya (Data Transformation)
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(Synthetic Minority Oversampling Technique: SMOTE) ey 1¥ive yanand diutiesiay
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Original Train Set K-Mean DownSampling SMOTE
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4.2 nszuaumsnt lames msiimes nunzauiigadimiudane3 iy Random

e { [ 1
Forest 10813 19Wan% U GridSearchCV Wafi la 301w 5

1
2
3
4
5
6
7

# Fit random forest classifier

param_grid = {'max_depth': [3, 5, 6, 7, 8], 'max_features': [2,4,6,7,8,9],
'n_estimators':[5@,1ee], 'min_samples_split': [3, 5, 6, 7]}

RanFor_grid = GridSearchCV(RandomForestClassifier(), param_grid, cv=5,
refit=True, verbose=8)

RanFor_grid.fit(X_train,y_train)

best_model(RanFor_grid)

©.952429164495813002
{'max_depth': 8, 'max_features': 9, 'min_samples_split': 3, 'n_estimators': 1680}
RandomForestClassifier(max_depth=8, max_features=9, min_samples_split=3)
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Confusion matrix
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Predicted label
accuracy=>0.9399; misclass=0.0601
Random Forest = RandomForestClassifier(max_depth=8, max_features=9, min_samples_split=3)
precision recall fl-score  support
2] 8.99 8.95 a.97 849
1 Q.34 Q.64 e.44 33
accuracy a.94 282
macro avg a.65 a.7g a.71 282
weighted avg .96 .94 .95 382

MMNN 6 Confusion Matrix : Random Forest
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Random Forest Feature Importance

WA 7 Feature Importance : Random Forest

6. M3l

u1aguuu$1a09 Random Forest 1daglugiuuu file .pkl tioi1 11149

©

A934

2
e

o
6.1 msendoyariveriuin Tugiuuy Excel 50 CVS File

6.2 Fon 19 115unsuNe NS TUIeA18 Model N1ADN HININN 8
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M Anaconda Prompt (anaconda3) = m) X

n PredictChurn.py

«_features=9, min_samples_split=3)

M 8 M3iFenly Model
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precision | recall fl precision | recall fl

0.34 0.64 | 0.44 0.99 0.95 0.97
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macro avg weighted avg

precision | recall fl precision | recall f1

0.66 0.79 | 0.71 0.96 0.94 0.95
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Q
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precision | recall fl precision | recall fl
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M519f 4 wanmsnadevlsz@nTnmueUTIaeIAIeToYa Unseen HUUA DAY

macro avg weighted avg

precision | recall f1 precision | recall fl

0.52 0.64 | 043 0.94 0.60 0.72
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