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A Comparative Analysis of Ensemble Leaming-Based Classification Models
for Explainable Term Deposit Subscription Forecasting
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ABSTRACT

Predicting term deposit subscriptions is one of representative financial marketing in banks,
and banks can build a prediction model using various customer information. In order to
improve the classification accuracy for term deposit subscriptions, many studies have been
conducted based on machine learning techniques. However, even if these models can achieve
satisfactory performance, utilizing them is not an easy task in the industry when their
decision-making process is not adequately explained. To address this issue, this paper
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proposes an explainable scheme for term deposit subscription forecasting. For this, we first
construct several classification models using decision tree-based ensemble learning methods,
which yield excellent performance in tabular data, such as random forest, gradient boosting
machine (GBM), extreme gradient boosting (XGB), and light gradient boosting machine
(LightGBM). We then analyze their classification performance in depth through 10-fold
cross—validation. After that, we provide the rationale for interpreting the influence of customer
information and the decision-making process by applying Shapley additive explanation
(SHAP), an explainable artificial intelligence technique, to the best classification model. To
verify the practicality and validity of our scheme, experiments were conducted with the
bank marketing dataset provided by Kaggle, we applied the SHAP to the GBM and LightGBM
models, respectively, according to different dataset configurations and then performed their
analysis and visualization for explainable term deposit subscriptions.
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Financial Marketing, Term Deposit Subscription Forecasting, Explainable Artificial
Intelligence, Ensemble Learning, Bagging, Boosting
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(Artificial Intelligence, Al) 7]4¥ke] 5% 7|HE
o] 1%l At} Moro[22]= SVM(Support
Vector Machine), 2JAF27 U--(Decision Tree,
DT), 9% 217(Artificial Neural Network,
ANN)E o]&3te] 7] 7 REES Thdst

At A9 A3, ANNE SVM, DTHT -3

% Moro[22]¢} ‘54 gt Hlo]H A&
o]-gsto] HF RS /gt Ab7E BarE ]
t}. Lee and Hwang[14] K-Means Clustering
& &l vol, 2 T FAIE ME kst
g5 HolHE Tkl en, ANN, Naive
Bayes, AdaBoost, ¥ #2~E(Random Forest,
RF)E o]&3ste] &7 ZdS 7iEstsich 34
A&

Lt
WARFES B AF AT ANNS e B

FE =9 4= 274 (Deep Neural Network,

DNN) 2398 Aatd om, 7] ANN 2]
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HELOC(Home Equity Line of Credit), Lend-

F RdEL Sy BF AYgEE RYA ing Club, UCI2] Default of Credit Card Clients
b E@ulael o] HYWLEe] e tolg Alg &-g3te] GBM(Gradient Boosting
ndlo] gaAA A4S gotstr] o Hol, Machine), XGBoost(eXtreme Gradient Boost—
121 9185 7ol BF EE S wde]  ing)E o] §dte] muS Tsheon], SHAP
Al Auul TE2E= AL ol g HAE (SHapley Additive exPlanations)< 7} &€l
W alZe FAT W 1 olfE ek £ g 83l A0le] A FHE oS o
A% Basth AW, g AFAE  HYEGTE FREAE AT 1 ool
e o 2AE G fA) ol BY <Table 1>¥} o] thest fofol|A] A 7hsgh
o] AEE gtHEEk= v AE Ho|H[29], o] LA TS el Ul A7]Hed A = SHAP
2 Qs AA Al AgAA ofele £ & o8 e AT SR
el W% of g Hofol A XAl #d A750]
A 7= wAE As] e, H A AEAATE w5 ok B A7 dw 7Y o
W 7153k ¢1¥# 5 (Explainable Al, XAI)ol o 2ol T3l A=Al XAl 7|¥ e A& Alel=
gt Fagol T gor] osh gAn oS wnath S8 F§ Hob F A
AFEo] A JATH1 58 FokollA Hl2~ =993 A4 Al &2 &3, dolg Ulg]
(Table 1) Summary of Previous Works Based on XAl with SHAP
Ref. Category Area Purpose Al Method
[6] |Classification |Economic Persona.l credit rating C.l assification GBM, XGBoost
to provide reasons for its change
Multi-class Classification of sentence data that | Attention-based
[7] classification Economic explain the rationale for the rise and | bidirectional-long short-term
fall of the stock prices memory (Bi-LSTM)
[8] | Classification | Business Process mining to improve a service | DT, RF, nllul.tmormal Illalve
refund process bayes, logistic regression
[11] |Prediction Education Students ‘ﬁnal grade prediction in XGBoost
mathematics
[15] |Prediction Energy Hourly electrical load forecasting | XGBoost
[18] |Classification | Architecture F.e?llure mode and effects analysis of RF
reinforced concrete (RC) members
o e Safety . . .. .
[24] | Classification . . Occupational accident prediction LightGBM
engineering
[28] | Prediction Pathology Influenza occurrence prediction LightGBM
[29] | Classification | Energy Anomaly detection for differential RF
pressure control valve
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Data preprocessing

One-hot encoding for
character variables

Model construction
and evaluation

3
RF

i i i
| [ eBM ] [ XGBoost | [ LightcBM |
I ] ]

)

Nextfo|dl Performance evaluation |7

Final fold

The best
model

Model explanation
using SHAP

Explainable term deposit
subscription forecasting

(Figure 1) System Architecture
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(Table 2) List of Independent and Dependent Variables and Their Data Type

Independent Variables

Data Type

Age

Integer

Job: type of job

Character: admin, unknown, unemployed,
management, housemaid, entrepreneur, student,
blue-collar, self-employed, retired, technician,
services

Marital: marital status

Character: married, divorced (divorced or widowed),
single

Education

Character: unknown, secondary, primary, tertiary

Default: has credit in default?

Logical: yes or no

Balance: average yearly balance (unit: €)

Integer

Housing: has a housing loan?

Logical: yes or no

Loan: has a personal loan?

Logical: yes or no

Contact: contact communication type

Character: unknown, telephone, cellular

Day: last contact day of the month

Integer

Month: last contact month of the year

Character: Jan., Feb., Mar., ---, Nov., Dec.

Duration: last contact duration (unit: sec)

Integer

Campaign: number of contacts performed during this
campaign and for this client

Integer (includes last contact)

Pdays: number of days that passed by after the client
was last contacted from a previous campaign

Integer (“~1” means the client was not previously
contacted)

Previous: number of contacts performed before this
campaign and for this client

Integer

Poutcome: outcome of the previous marketing
campaign

Character: unknown, other, failure, success

Dependent Variable

Data Type

Deposit: has the client subscribed to a term deposit?

Logical: yes or no
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7 223 74487 flell, Kaggleoll A Bank
Marketing Dataset[22]<S 331t} Bank
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(Table 3) Advantage and Disadvantage of Tree-based Ensemble Learning Methods

Methods Advantage Disadvantage
h Can effectively handle a large number of | _ Building and testing the model is somewhat
independent variables without variable l h h achine leami hod
RF deletion sower‘t an other machine earning methods
- . . - Unsatisfactory performance on high
- Good predictive performance with relatively . ;
: . dimensional sparse data
little hyperparameter tuning
- Good predictive performance for ranking or | - Building and testing the model is
Poisson regression which RF is harder to | considerably slower than other machine
GBM achieve learning methods
- Several hyperparameter tuning options make | - Can overemphasize outliers and cause
the function very flexible overfitting
- Can reduce overfitting based on
regularization technique and train more - Unsatisfactory performance on sparse data
XGBoost quickly than GBM or RF and very dispersed data
- Good predictive performance on small data, | - Prone to overfitting if hyperparameters are
data with subgroups, big data, and not adjusted correctly
complicated data
- Faster training speed, higher efficiency,
. better. accuracy than another popular - Prone to overfitting when trained on small
LightGBM | boosting algorithm datasets (< 10,000 records)
- Support of parallel or GPU learning and ’
lower memory usage
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el edicted|  True False

True TP FN

False FP TN
AYEs BE A5A9 A5kt 2 o
Ste] A=A E UE= HEoltk o &
Sol, mule] JIHest 0%, 1007]9] B3
A ko)) H-aioks ouo]

st Aol

Aeenraen TP+ TN
Y= TP+ TN+ FP+ FN

)

Fht A Uk o e At



fol

106 =473 A A126¢ A3

(Table 5) Guidelines of Landis and

Koch
Kappa Statistic Strength of Agreement
<0 Poor
0—02 Slight
02 —04 Fair
04 — 06 Moderate
06 — 08 Substantial
08 —1 Almost perfect

(TP+ FN) X (TP+ FP) (3)

Py)=
(TP+ TN+ FP+ FN)?

PN) = (TN+ FN) < (TN+ Fzz) )
(TP+ TN+ FP+ FN)

P(E) = P(Y)+ P(N) (5)

Accuracy— P(E)

K=

Fl-Score= 7}3} A#-A 42} vpz7bA] =
<Table 4>9} o] EFHFHE 7Ivto R 2 (7)
FE (9717 w2, A 8 (Precision) @
S (Recall)®] %30TS o] &ale] LB nd

o g Bk ARolth

Precision— TP
recitsion (TP+ FP)
TP

Recall = m

(Precision X Recall) (9)

F,=2X
1 (Precision+ Recall)

3.3 € o5 @t

o] DT 7]HE AHE: sy 7HES 2d

[¢]
el B2 TS 7= 2T 234

(Table 6) Selected Hyperparameters for Each Tree-based Ensemble Learning

Model

Methods Ref.

Selected Hyperparameters

RF [21]

Number of trees (n_estimators): 128
Number of features (max_features): auto, sqrt, log2

Number of trees (n_estimators): 100, 250, 500

GBM [26] |Learning rate (learning_rate): 0.01, 0.05, 0.1

Maximum depth of the individual regression estimators (max_depth): 5, 10

XGB [26]

Specify which booster to use (booster): gbtree, dart

Number of trees (n_estimators): 100, 250, 500

Maximum depth of the individual regression estimators (max_depth): 6, 8 10
Subsample ratio of the training instance (subsample): 0.5, 0.75, 1

LightGBM | [26]

Specify which booster to use (booster): ghdt, dart

Number of trees (n_estimators): 1000, 1500

Learning rate (learning_rate): 0.01, 0.05, 0.1

Maximum tree leaves of the individual regression estimators (num_leaves): 64
Subsample ratio of the training instance (subsample): 0.5

Subsample ratio of columns when constructing each tree (colsample_bytree): 1
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(Table 7) Performance Comparison
(the values in the bold font
indicate the best values for
respective metrics)

Methods Accuracy | Kappa | F1-Score
RF 0.857 0.715 0.850
GBM 0.863 0.726 0.860
XGBoost 0.855 0.710 0.851
LightGBM 0.864 0.727 0.861

ANN_1 [14] 0.539 0.078 0.524
ANN_2 [14] 0.539 0.078 0.524
DNN [27] 0.511 0.032 0.626
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(Table 8) Performance Comparison on AL golg 4= 9t} w3k LightGBMo] 7}
the D?taset EXC|UdIng. Xo]— _?__Zr_:l_ /B]_\_a_% E%—S}(}jg\% DUrathl’l'_‘ x‘ﬂ
Duration (the values in the )
bold font indicate the best QI dlolE] Al A= GBMe| 718 -3 A4
valugs for respective At =Y
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R oepe wx ionS F33 lo]E
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1o J]=0 AAZO 2~F B
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ANN_1 [14] 0.474 -0.062 0.265 T % LightGBM 2] SHAPS 48331
ANN_2 [14] 0.474 -0.062 0.265 o <Figure 5> <Figure 8>7H#] 24
DNN [27] 0.470 -0.071 0.209 A Qg Al ZtskE Faskdth BE Figure
ol A AAE =Ygl B3k AP <Table
214 A7} Durations #1¢]a vlo]E] Al 2>E 7 g9+ 3l
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