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Framing
Why is predicting bank account balance important? 

Insights for banks to track deposit engagement and
keep customers.
Banks are interested in clients with high balances

Analyzed customer account balance using data from
10,000 customers

...from several anonymous banking institutions

2 approaches: regression with ANOVA, and XGBoost
with SHAP



Background: Data set

Source: Kaggle

Prediction Goal: Customer’s account balance —
a continuous financial outcome of direct
relevance to banking strategy. 

Synthetic data: The data describe customers of
a bank and were synthesized from a real dataset 

Unavoidable in banking scenarios
≥95% utility in ML tasks compared to raw
data



Objectives

1. Which customer characteristics are most
strongly associated with account balance at
the bank?

2. How well can variables such as credit
score, age, tenure, geography, product
usage, and active membership explain
differences in customer account balance?

3. Do demographic and account-related
factors—geography, gender, number of
products—significantly affect customer
balance?

4. Are more engaged customers (active
members, credit card holders) likely to have
higher balancesthan less engaged
customers?



Background: Variables



Background: Variables



Exploratory Data Analysis

6884 customers have their
account balance = 0.

Without 0, it’s a normal
distribution.

The data is
widespread.

Customer
characteristics vary



Balance x
Categorical

Geography: Germany
customers tend to
have higher balances.

NumOfProducts:
important but non-
linear relationship with
balance.

Gender &
HasCrCard: weaker
differences, less
predictive.



Balance x Quantitative

Correlations between
balance and credit
score, tenure, and
estimated salary are all
close to 0.

Age has the largest
correlation with Balance
but still very small.

Correlogram



First-Order Model
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Both normality and constant
variance conditions of the
residuals are violated due to
the excessive amount of 0-
balance customers.

Member Status is least
important to predict
Balance. 



Log
Transformation

Square-root
Transformation



0-FILTERED BALANCE
TRANSFORMATION RESIDUALS PLOTS



MODEL SELECTION
SUMMARY

The AIC models have slightly higher      and           (both are
moderate), but they also use more parameters. The BIC models
have the same fit with less parameters → easier to interpret.



CATEGORY X
CATEGORY

INTERACTION

Non-parallel lines indicates
interactions between
Geography and Number of
Products as well as
between Exit Status and
Number of Products. 



QUANTITATIVE X
CATEGORY

INTERACTION

No clear interactions
between 1 and 2 in
#Products.

Almost little to no
interactions among the
countries.

INTERACTION SUMMARY



FINAL MODEL SELECTION
About the same fit and adjusted R squared with AIC models.

Convergent agreement across three selection methods.

Easier to interpret and prevent overfitting with fewer parameters.



SHAP ANALYSIS: XGB MODELS
Regression: poor performance

Composite: poor performance, but sensitive to real patterns

Binary classifier: good performance



SHAP ANALYSIS: EXPLANATION

Binary Classifier

Regression 
Model

Composite
Model



Limitations!!!
Synthetic data
Skew hurts prediction
Underspecificity
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