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Abstract 

According to the data of 41,888 telemarketing time deposits of foreign banks, 17 
variables related to bank customers, products and socio-economic attributes were used 
for model construction, and three models, CART, AdaBoost and SVM, were established 
using decision trees, Boosting and other methods. aspects are studied. By comparing the 
kappa values, sensitivity-specific curves, and ROC curves of each model, the Ada boost 
algorithm is found to be optimal, and suggestions are given to banks to improve their 
marketing success rate. 
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1. Introduction 

As a fast, convenient and economical marketing communication tool, telemarketing has been 
widely used among enterprises and consumers. However, because the phenomenon of 
telemarketing has long appeared in the streets, but people's acceptance of telemarketing is 
becoming less and less, the marketing effect often makes marketers exhausted. Therefore, we 
need to screen the key influencing factors that affect the success rate of telemarketing to help 
it target target customer groups more directly and effectively and develop more correct and 
reasonable marketing methods. The findings of this paper have important theoretical and 
practical implications for commercial banks in managing customers, identifying valuable 
customers, and maintaining customer loyalty. 

2. Data description, sources and selection of variables 

The dataset for this experiment is derived from the marketing activities of Portuguese banking 
institutions, in the form of telephone interviews, integrated based on the results of the 
interviews. In the text, 41,188 pieces of bank telemarketing data from abroad were collected, 
analyzed for 150 characteristic variables related to the bank's customers, products and socio-
economic attributes, and then reduced to 17 variables by human semi-automated selection. In 
order to clarify the effect of the unbalanced data set on the model, a new balanced data set was 
generated by Chawla's SMOTE algorithm after pre-processing the missing values. The resulting 
model predictions are more skewed towards the majority category of the sample, so this paper 
uses a balanced dataset for training and evaluation of the model. 

The ultimate goal of the telephone interview is to determine whether the user will subscribe to 
the bank's product, a time deposit. Therefore, the task corresponding to this dataset is a 
classification task, and the classification goal is to predict whether the customer will (yes) or 
will not (no) subscribe to a term deposit, corresponding to the feature y in the dataset[1]. 
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Import the dataset. We name the data set that contains all the data as bank. we view the 
distribution of the data in each column by using the describe(), hand(), and info() functions. 

a) The 17 features in the dataset include 7 numeric features and 10 category features. 
Numerical characteristics include Age, Balance, Day, Duration of call, Total number of calls 
between current marketing and customer, Time since last call, Total number of calls between 
past marketing and customer, nr.employed; category characteristics include Job, Marital status, 
Education level. default history, housing loan, personal loan, contact details, Month, Poutcome 
(whether the last marketing campaign was successful), y (whether a fixed deposit was 
subscribed). 

b) Balance of the sample: 11.7 per cent positive and 88.3 per cent negative for y (which is time 
deposit denial). 

 
Figure 1. Proportion of pledged time deposits (y) 

 

2.1. Treatment of missing value data 

While there are no missing values for all numeric features, there are values in the form of 
'unknown' for category features, and their statistics are as follows 

 

Table 1. Statistical results for missing values 
listings Number of unknown values 

Job 288 
Education 1857 

Contact 13020 
Poutcom 36959 

 

We leave these missing values untouched and retain the 'unknown' form as one possible value 
for the feature. For example, the poutcome of the last marketing campaign is mostly 'unknown', 
which can be attributed to the fact that it is the first time for these customers to participate in 
this campaign without having experienced the last one. 

2.2. Data type conversion in data pre-processing 

Since there are numeric and categorical data types in the table, but the machine learning model 
can only read numeric data, we need to convert the types. We can use the Categorical Encoding 
method[2], where for numeric features we standardize them with StandardScaler(), and for 
categorical features we use Categorical Encoder(encoding='onehot-dense') for unique hot 
encoding.  

3. The rationale, construction process and implementation of three model 

Determining whether a user subscribes to a term deposit is actually a biclassing problem, which 
is modeled using two single classifiers, SVM[3] and decision tree[4], and an integrated approach, 
AdaBoost, respectively. First, the dataset is divided into training and test sets according to 4:1, 
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using the method train_test_split; after that, a model evaluation function evaluate is defined, 
which is used to output the model's prediction report, confusion matrix and classification 
correctness. At the same time, we perform 3-fold cross-validation to improve the accuracy. The 
evaluation criterion is the area-AUC value under the ROC curve. 

3.1. Decision Tree Algorithm 

3.1.1. Fundamentals of the Decision Tree Algorithm 

A decision tree is a tree structure in which tests on each attribute can be represented by an 
internal node, each test output by a branch, and each category by a leaf node. The decision tree 
algorithm is used to discover the classification rules embedded in the data by constructing 
decision trees[4]. Wherein how to construct decision trees with high accuracy and small size is 
the core of the decision tree algorithm[4].  

3.1.2. Decision tree algorithm to analyze the flow of this case 

Decision Tree ID3 Algorithm Process. 

Input: training set D, target feature Y, feature set F. 

Output: decision tree T. 

 1: Create a root node. 

 2:if the target features of the data are positive:then 

 3:Returns a single-node decision tree T. with a predicted category of parent; 

 4:if the target features of the data are all negative classes:then 

 5:Return a single-node decision tree T. with negative prediction category; 

 6:if the data feature set F are all empty sets:then 

7:Return a single-node decision tree T. that predicts that the category is the majority of classes in the 

data; 

 8: calculates the information gain of the features in F and selects the feature A with the largest 

information gain. 

 9: Setting feature A as the root node of the decision tree T. 

 10: Use D(i) to denote a subset of features A taking the value i. 

 11:for each of the values of feature A i do 

 12:If D(i) is empty: then 

 13:Create a new leaf node under this branch with predicted classes for the majority of classes in the 

current dataset D; 

 14:else: Recursively call ID3 algorithm to create a new subtree under this branch. 

3.2. SVM algorithm 

3.2.1. The fundamentals of the SVM algorithm 

The SVM determines the optimal partitioning hyperplane by using the maximum classification 
interval to obtain good generalization capabilities. The SVM maps the low dimensional data to 
the high dimensional space by means of kernel functions and makes the data in the high 
dimensional space linearly divisible, thus being able to handle the case of linear indivisibility in 
the low dimensional space. 

3.3. Adaboost algorithm 

3.3.1. The fundamentals of the Adaboost algorithm 

The basic principle of Adaboost[5] algorithm is to combine several weak classifiers to make a 
strong classifier.Adaboost uses the idea of iteration, only one weak classifier is trained in each 
iteration, and the trained weak classifiers will be used in the next iteration.  
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3.3.2. Adaboost algorithm to analyze the flow of this case 

Adaboost Algorithm Process. 

Input: training set D={,......}, weak learning algorithm h(𝑥1,𝑦1)(𝑥𝑛,𝑦𝑛) 

Steps. 

1. initialized sample weights. 

The initialized data has the same weight 

2. For t=1 to T do 

2.1 Train a classifier using training set data D and weights.𝑤𝑡  ℎ𝑡(𝑥) 

2.2 Calculation of current weak classifier error. 

𝜀𝑡 =
∑ 𝑤𝑖

𝑡 𝐼   (𝑦𝑖 ≠ ℎ𝑡(𝑥))𝑛
𝑖=1

∑ 𝑤𝑖
𝑡 𝑛

𝑖=1

 

2.3 Calculation of weights based on current weak classifier errors. 

𝛼𝑡 =
1

2
 ln()

1−𝜀𝑡

𝜀𝑡
 

2.4 Update the weights as follows: increase the weight of the error splitting sample𝑤𝑡+1ℎ𝑡(𝑥) 

𝑤𝑡+1 →
𝑤𝑖

𝑡 . 𝑒−𝛼𝑡 𝑦𝑖 ℎ𝑡(𝑥)

𝑍𝑡
 

2.5 Output final classifier: H(x) =𝑠𝑖𝑔𝑛(∑ 𝛼𝑡 ℎ𝑡(𝑥𝑇
𝑡=1 )) 

End For 

Output: integrated classifier H(x) 

4. Data analysis and statistics 

4.1. Correlation analysis between individual numerical features 

 

 
Figure 2. Correlation analysis of the seven numerical characteristics 

 

As shown in the figure, the correlation between the duration of the call and the outcome (y) is 
39%. We can see that the longer the duration of the call, the more likely the customer is to 
accept the bank's marketing campaign and subscribe for a time deposit. However, the duration 
feature should be removed because in practice you don't know how long the duration will be 
until the call is made. However, at the end of the call, it is clear that you will know whether the 
customer is willing to subscribe or refuse.  
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4.2. Analysis of the Effect of Numerical Features on y(Whether to purchase 
time deposits) 

 

 
Figure 3. Impact of age on results 

 

In terms of age structure, younger and older people are more likely to be willing to make a 
deposit, with the largest proportion between the ages of 30 and 40. 

 

  

  

 
Figure 4. Distribution of numerical data other than age, duration 
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Table 2. Numerical data distribution 
 Balance Day Campaign Pdays Previous 

Mean 1362 15 2.7 40 0.5 Max 
Max 102127 31 63 871 275 
Min -8029 1 1 -1 0 

 

In terms of other numerical data, Balance averaged 1,362, with more than 90% of individual 
balances below 10,000; Day (last telemarketing date) had small peaks on the 7th, 13th, and 
19th, and was fairly evenly distributed; Campaign (total number of calls with this customer in 
the current marketing cycle) was approximately per cycle. The frequency concentration is 2.7; 
Pday (time since the last call) is mostly around 40 days; and Previous (total number of calls 
with this customer in the past marketing campaign) is mostly around 0.5. 

4.3. Analysis of the effect of category-type characteristics on y(Whether to 
purchase time deposits) 

4.3.1. Analysis of the impact of Job (job type) on y 

 

 
Figure 5. Numerical data distribution 

 

 
Figure 6. Violin diagrams of the distribution of the three job types that have a heavy effect on 

y with age 

 

Figure 5 shows that, among the different occupations, the highest purchase rates are for 
students, retirees, and administrators, in order of prevalence. Based on this, we observed the 
distribution of age with occupational status and used a violin plot to visualize it. As shown in 
Figure 6, among the retired population, the older they are, the more likely they are to purchase 
products; students, administration this young and middle-aged purchases are more youthful. 
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4.3.2. Analysis of the impact of Marital (marital status) on y 

Table 3. Different marital status corresponds to y 
 Married Single Divorced 

total amount 27214 12790 5207 
Yes 2755 1912 622 
No 24459 10878 4585 

 

From Table 3: Compared to married (10.1%), single (14.9%), and divorced (11.9%), it can be 
seen that the largest percentage of purchases in this survey were made by single people, 
possibly due to the fact that single people are more free financially. Married people have the 
highest number of product purchases, while divorced people have the lowest number. 

4.3.3. Analysis of the effect of education on y 

 
Figure 7. Percentage line graph of education status against y status 

 

Figure 7 shows that the higher the level of education, the more likely it is to buy a product 
compared to Primary, Secondary and Tertiary in this survey. It could be that higher education 
level is more likely to buy time deposit products because they know more about investment 
methods. 

4.3.4. Analysis of the impact of Default, Housing, Loan, Contact, Poutcome on y 

  

  

 
Figure 8. Analysis of the impact of Default, Housing, Loan, Contact, Poutcome on y 
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In terms of Default, it can be seen that customers without a default record are more willing to 
participate in the campaign, probably because customers without a default record have a good 
reputation and a wide account are more willing to buy the product. 

In terms of Housing and Loan, it can be seen that customers without loans are more willing to 
participate in activities than customers with loans, probably because customers with loans are 
not able to consume such a fixed deposit product. 

From the contact aspect, we can see that mobile phones are more effective for contacting 
customers, probably because there are more mobile phone users and therefore it is easier to 
contact customers. 

Compared with other financial products, the risk of time deposit is small, and most of the buyers 
are not willing to bear the high yield brought by the high risk of other financial products, so 
there are fewer risk-averse old customers and the purchase rate is higher. 

4.4. Data analysis results 

First of all, the choice of the number of marketing campaigns, the number of calls to the same 
customer should not exceed three, so that not only saves time, to invest energy into new 
customers. If you call the same customer more than once, it will definitely cause customer 
resentment, thus reducing the customer's desire to buy the product. 

Secondly, in the selection of the age group of customers, the bank should focus on people in 
their 20s and 60s, who are more than 60% likely to buy marketing products respectively. 

As you can see in the relationship matrix, the longer a customer is on the phone, the more likely 
they are to buy a marketing product, and the more likely they are to do so. 

5. Testing and analysis of three algorithms 

 

Table 4. Comparison of test results of the three algorithms 
 Crossval Mean Scores Time 

SVC 0.90770 209.26s 
Dec Tree 0.69980 4.62s 
Adaboost 0.90357 30.56s 

 

 
Figure 9. ROC comparison chart of the three algorithms 
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From Table 5, it can be seen that within the three classifiers, the Support Vector Machine (SVM) 
and Adaboost algorithm have a higher accuracy of more than 90%, while the Decision Tree 
algorithm is only about 69%. However, in terms of time consumption, the decision tree 
consumes the least time of only 4.625, while the SVC algorithm takes 209.26562. 

Figure 11 shows that the decision tree model only gets 70.85% AUC in the test set, either 
because there is overfitting phenomenon that requires further tuning, or because it is difficult 
to predict the fields of continuity in the data set (e.g., duration, age), which requires a lot of pre-
processing work. The scores of the Support Vector Machine (SVM) and Adaboost models are 
consistent with the results of the training set, reaching more than 90%, indicating that the 
models are well fitted, and therefore they are models that we can adopt. 

6. Conclusions 

This paper takes a foreign bank as an example, selects 41,188 telemarketing time deposit 
records as a sample, uses R software, establishes three models, decision tree, AdaBoost, SVM, 
to predict the success rate of bank telemarketing, and identifies some of the independent 
variables that affect the prediction results. By comparing the kappa value, sensitivity-specificity 
curve and ROC curve of each model, AdaBoost model was found to be optimal. In response to 
the above findings, it is suggested that banks can pay attention to past telemarketing campaigns 
and proactively adjust their telemarketing programs to improve the success rate. A brief 
strategy is to first use a trained machine learning model (without duration) to make predictions 
through basic information about the customers and then conduct telemarketing to these 
customers. Based on the results of the telemarketing, the model with duration is then used 
again to make predictions to identify those customers who are more likely to buy a financial 
product if they did not do so after the first marketing, and then conduct a second telemarketing 
campaign for those people. After that, conduct a third marketing campaign, or focus on 
developing new customers, as appropriate. With this strategy, the bank's next marketing 
campaign is likely to have better results than the last one. 
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