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Abstract. Phone market campaign is one of the selling methods that banks use to attract new term 
deposits. Identifying attributes of customers is essential to increase the successful rate of a phone 
marketing campaign. This paper uses a dataset from a Portuguese bank where various features and 
attributes of customers are summarized. Four methods are used to analyze this issue, firstly decision 
tree method, then random forest method, K nearest neighbor and lastly logistic regression. After 
evaluating and reviewing their confusion matrices and generated scores, the decision has been 
made to choose the model of random forest as it possesses the highest mean of all metrics of 
classification. In conclusion, the duration of contact, age, how many days have passed since last 
contact, the month of the contact, and the number of contacts on one customer are deemed as more 
important than other attributes under a random forest classifier. The findings of this paper implicates 
that the Portuguese bank needs to focus more of these attributes to obtain a sustainable 
development. 
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1. Introduction 

Phone sales are an essential component of promoting depositing sales in many industries. Although 

random customers are found mainly at the very beginning of the phone calling promotion sales, 

specific clients are mostly preferred to be called afterwards, which require data analysis to reveal 

attributes of clients. Successful identification, analysis, and confirmation of attributes of clients 

usually play an important role in increasing the response rate of clients. 

Compared to other ways of promoting sales such as internet sales and in-person sales, phone is 

also the easiest way that has the lowest cost way of promoting businesses. Nowadays, technology has 

connected individuals in various ways, but phone calls are still the most efficient ways to reach 

business agreements. According to Cardone (2015) from the website Entrepreneur, phones are used 

effectively as tools to approach potential customers, follow up with customers that are already on a 

sale, and finally complete sales [1]. Despite there are other methods like social medias, many require 

a lot of advertisement and premium fees. Thus, it is worth investigating in how to obtain more 

potential customers through phone calls. 

Moreover, there are advantages on customers’ sides to use phone consultations. For instance, some 

customers are afraid of information leak, given the fact that many websites ask for personal 

information input, and usually manually typed information are hard to analyze due to different levels 

of willingness of customers to give out their information. According to Li (2021), it is also noteworthy 

that many clients feel lazy to consult on sales when they see they will have to type personal 

information to proceed further [2]. Li (2021) also pointed out that there are multiple important 

customers features that are necessary to give credit when calling to them, which are duration of calls, 

callers’ backgrounds, etc. The analysis on callers’ features is vital to optimize in increasing sales and 

conducting marketing activities [2]. 

Although lots of industries have tried to find approaches to analyze phone calling customers’ 

features, banks, especially commercial banks are one of the oldest business entities who specializes 

in improving the efficiencies of phone calling services. As technology develops further, most fields, 

including banking industry, have been using machine learning skills to analyze features of a large 

scale of customers via phone calling. Machine learning consists of a series of built-in algorithms to 

reveal features and characteristics of datasets in a lot of industries. Several main steps of machine 
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learning include data prepossessing, data recognition, data analysis, model construction, and future 

data prediction based on existing built data. The levels of the complication of machine learning are 

dependent on how deeply analysts want on these datasets. Furthermore, during the process of machine 

learning, interactions with human-made decision will be frequently required and consulted. Any 

improvement during the process can be made and then applied to the process [3]. 

Previous studies have used a dataset from a Portuguese bank and have praised the merits of this 

dataset of acting prosperously to learn behaviors of customers who may be interested in applying 

term deposits in the future. To be more specific, both inbound and outbound analysis for phone calls 

is performed jointly to determine whether a customer is more likely to be attracted on phone sales [4]. 

The analysis has been useful to increase sales of banks. Consequently, this paper focuses the same 

dataset by applying the machine learning method. There are a total of four methods that will be used 

to analyze this dataset which are firstly decision tree method, then random forest method, K nearest 

neighbor and lastly logistic regression. During the research process, comparisons are made among 

these four methods and the single best model will also be determined. The model that stands out will 

be preferred and recommended in the future for sales promotion. 

The remaining of this paper is constructed as the following: Section 2 is a combination of multiple 

data prepossessing procedures including data recognition, data cleaning, and model building; Section 

3 is the discussion of the four methods; Section 4 is the displays of simulation results after running 

models; Section 5 is the discussion based on the simulation results from last section; and finally, 

section 6 is the conclusion summarizing the whole paper. 

2. Data Analysis 

2.1 Data Collection 

Analysis is performed on 411,89 customers of the Portuguese dataset to find out which attributes 

are mostly significant in responding phone call sales of its bank term deposit. In this dataset, if the 

customer agreed to take the term deposit, the dependent variable will be marked as a "yes", and "no" 

otherwise. The dataset comes from Kaggle: Kaggle.com//datasets/yufengsui/Portuguese-bank-

marketing-data-set [5]. 

2.2 Data Recognition  

This paper overviews the original dataset in Table 1. In the dataset, there are categorial values such 

as "job" and "marital", etc; and there are numerical values such as "duration" and "contact-num", etc; 

and other specific values such as "date" and "yrmth" because they are not categorical values but are 

stored with numbers [5]. 

To be more specific, "default" indicates whether the customer has defaulted on any kind of credit; 

"contact-num" is the number of times that this specific customer has been contacted; "p-days" 

represents the days that passed after last call on the customer and "999" means that this customer has 

never been called before; "p-outcome" shows the outcome of the previous market campaign from 

"success", "failure" and "nonexistent"; "date" tells the last contact date'; "yrmth" is a six-digit string 

showing the year and month in "YYYY-MM" form; "y" is the dependent variable marking whether 

the customer has subscribed a term deposit [5]. 
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Table 1. Data Type Overview 

Explanatory Variable Data Type   

age float64   

job 

marital 

education 

default 

mortgage 

loan 

contact_type 

duration 

contact_num 

p_days 

p_outcome 

y 

duration_mins 

date 

yrmth 

object 

object 

object 

object 

object 

object 

object 

int64 

int64 

int64 

object 

object 

float64 

object 

int64 

  

2.3 Data Cleaning 

Data cleaning is extremely important in data prepossessing to improve the efficiency of data 

analysis, where it can wipe out some useless data such as "N/A" type. Moreover, before any kind of 

data cleaning, it makes sense that duplicated values must be removed by counting the unique values 

of customer identification number. In other words, there is one duplicated record from the data (Note 

that “date” has been transferred to a “datetime64” type of data). 

From Table 2, there are a lot of missing values on certain types of data, and these kinds of data 

types will largely impact data efficiency. Data cleaning is legitimately a three-step process which are 

screening, diagnosis, and editing [6]. Inappropriate and unavailable missing values sometimes crash 

the modelling and will output inaccurate results from "wrong" models, which consequently generate 

negative reports; and that is why data cleaning is important. 

 

Table 2. Data Missing Numbers 

Explanatory Variable Data Type Missing Count  

age float64 500  

job 

marital 

education 

default 

mortgage 

loan 

contact_type 

duration 

contact_num 

p_days 

p_outcome 

y 

duration_mins 

date 

yrmth 

object 

object 

object 

object 

object 

object 

object 

int64 

int64 

int64 

object 

object 

float64 

object 

int64 

329 

80 

1725 

8578 

985 

985 

0 

0 

0 

0 

0 

0 

0 

0 

0 
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2.3.1 Numerical Values Cleaning 

Table 3 indicates that the "age" column from the top one clearly showed that there are missing 

values; and from Table 4, all missing values from "age" have been filled with the imputation of the 

median value and colored red to make sure that these rows of records are complete and readable. 

Since "age" is the only explanatory variable that needs data imputation, the median strategy is 

reasonable because other strategies such as mean strategy is inappropriate because the attribute of age 

does not support fractions. Hence, all missing values under ages are filled with the median of the age 

group. 

 

Table 3. Numerical Missing 

 age duration contact_num p_days 

45 NaN 165 4 999 

66 NaN 5 1 999 

258 NaN 1307 1 999 

337 

549 

NaN 

NaN 

97 

59 

2 

1 

999 

999 

 

Table 4. Numerical Filling 

 age duration contact_num p_days 

45 38 165 4 999 

66 38 5 1 999 

258 38 1307 1 999 

337 

549 

38 

38 

97 

59 

2 

1 

999 

999 

2.3.2 Categorical Values Cleaning 

After conducting data imputation on numerical data, this research cleans the categorical data. As 

listed in Table 5, which displays parts of the dataset, there are many different types of missing date, 

that is, different types of data own different categories of themselves. Behind this thought, the method 

of most frequent imputer is used. As its name suggests, under each categorical explanatory variable, 

missing values are imputed by the most frequent ones of themselves. 

 

Table 5. Categorical Missing 

 job marital education mortgage 

13 services married high.school NaN 

17 unemployed married NaN yes 

34 blue-collar married NaN no 

63 

71 

NaN 

student 

married 

divorced 

NaN 

NaN 

no 

no 

 

Table 6 is what is displayed after the method of most frequent method. Items colored red are the 

most frequently categories under each categorical variable. For example, under “education”, the most 

frequent type of education is “university. degree”. 

 

Table 6. Categorical Filling 

 job marital education mortgage 

13 services married high.school no 

17 unemployed married university.degree yes 

34 blue-collar married university.degree no 

63 

71 

admin 

student 

married 

divorced 

university.degree 

university.degree 

no 

no 
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In addition, to be considered valid in the later machine learning process, all categorical data types 

require indicator modification before entering machine learning. At this point, the method of one-hot 

encoding is to be proposed. One-Hot encoding applies when there are no specific orders within 

categorical values, and then change all categories into binary data types, that is either one or zero. 

The choices of determining which categories to be one or zero are purely dependent on the exact 

needs from data exploration and visualization of that categorical data type. Thus, it is decided between 

binaries one and zero. When there are more categories within one categorical variable, multiple 

categories can be jointly marked as one. Categories with higher successful response rate from clients 

are marked as one, with the remaining to be marked as zero [7]. To be more specific, take the 

categorical explanatory variable "yrmth" as an example, where single month is extracted as another 

column to explore which months exactly have a higher response rate. Those months with a higher 

response rate will be marked as zero.  

Figure 1 shows the response rate of each month. March, December, September, and October are 

the four months with relative larger response rates compared to the remaining six months. Therefore, 

a listed containing March, December, September, and October will be created to help make up a new 

column consisting of only binary values, if the client was contacted among March, December, 

September and October, the value in this column is one.  

 

 
Fig 1. Response Rate Regarding Month 

 

Similar analysis of One-Hot encoding will be performed on other categorical values to ensure that 

categories are mostly close to the increase response rate [7]. However, note that despite there are 

some categorical data types such as "loan" having almost the same response rate for all its categories, 

which could be seen from the Figure 2, it is still vital not to omit this categorical value. The rationale 

behind this thought is for the completeness of the analysis. 

 

 
Fig 2. Response Rate Regarding Loan 

 

Furthermore, for the simplicity of this report, after a clear thought for the purpose, it is suggested 

that two explanatory variables "date" and "yrmth" be omitted. Hence, that leaves two main data types 

which are numerical and categorical. The numerical data types consist of "age", "duration", "contact-
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num", "p-days" and "duration-mins"; whereas categorical data types contain "job", "marital", 

"education", "default", "mortgage", "loan", "contact-type", "p-outcome" and "y". 

2.4 Train and Test Split 

To summarize, after a wide range of data cleaning in both numerical and categorical values, the 

dataset has been split into training sets and testing sets, with the test size to be 0.25 and the random 

state to be 666.  

Explanatory variables (x) contain variables age, duration, number of contacts, days before last 

contact, month when in contact, whether the customer is: a student, retired, illiterate single; whether 

the customer has mortgages or loans; and whether the customer responded from last marketing 

campaign. Dependent variable (y) is whether the customer responded this marketing campaign. 

3. Methods 

3.1 Feature Selection 

Feature importance analysis is one of the most popular data analysis approaches to extract main 

features from datasets. Feature importance analysis, or feature selection method, is extremely helpful 

when the dataset is complex and hard to compile. There are, indeed, cases where research based on 

multiple subsets of the original dataset is needed, when, however, the original dataset is not 

worthwhile to conduct a complete and over-arching statistical analysis. At these times, the feature 

selection method is instrumental to data analysts by reducing the amount of work in computation so 

that they are more focused on what have been filtered afterwards [8]. Moreover, after the feature 

selection method, the generated output possesses great qualities and reliabilities because most 

pronounced features are shown in the results of the subset, which means that the subset after the 

feature selection method will prevent problems such as data overfitting [9]. 

3.1.1 Decision tree 

A decision tree is a simple representation of feature selection methods. By definition, a decision 

tree maps a known model or other input to their output with desired attributes or features. There are 

basically two types of trees: One is information node called the leaf node; and the other is called a 

test node which extends to other nodes. The goal is to reach a leaf node that contains predictive 

features of the input within a random tree, with the start as a root node to be the input [10]. 

3.1.2 Random forest 

Random forest combines a randomized list of random decision trees which predict, and then return 

with feature importance analysis of explanatory variables. Random forest serves as an extraordinary 

technique in classifying and regressing huge datasets and problems. Generally speaking, random 

forest aggregates the results generated from multiple decision trees to provide a better and accurate 

overview of the feature importance of datasets [7]. 

3.2 K-Nearest Neighbor (KNN) 

K-Nearest Neighbor (KNN) is one of the supervised machine learning algorithms that is used 

mainly in finding the classification of a dataset. The rationale behind this algorithm is to find the most 

appropriate group of a data point after identifying the features of the data point and its associated 

groups (i.e., nearest neighbors) [11]. The value of K is dependent on the most similar number of 

groups, meaning that K is not best when it is smaller, nor is it greatest when it is bigger, and only 

most suitable K is needed to complete the process. 

3.3 Logistic Regression 

The logistic regression model is another well-known model used in machine learning, it does not 

regress on simple explanatory variables; instead, the logistic regression incorporates a special 
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technique called "odds", which is the ratio of the probability of the case occurring divided by the 

probability of the case not occurring. In fact, the natural logarithm is taken for regressors. According 

to LaValley & Michael (2008) [12], the formula for a simple logistics regression is 

 

ln(odds(Y)) =  𝛽0  +  β1X                             (1) 

4. Simulation results 

4.1 Scoring Standards 

In this section, four methods of building models based upon the clean dataset will be discussed. 

After featuring analysis for each method, a confusion matrix will be provided to assist in visualizing 

the results from test sets. There are four areas within a confusion matrix: Top-Left (True Positive/TP): 

amount of projected correct values that have actually occurred by the test; Bottom-Right (True 

Negative/TN): amount of projected incorrect values that have not actually occurred by the test; 

Bottom-Left (False Positive/FP): amount of projected incorrect values that have actually occurred by 

the test; Top-Right (False Negative/FN): amount of projected correct values that have not actually 

occurred by the test [9].  

Under each method, several scores based on the confusion matrix will be computed. The accuracy 

score of a confusion matrix is the ratio of the true predictions (TP + TN) divided by the total number 

of observations (TP+TN+FP+FN) [9]. Moreover, the recall (sensitivity) score is defined as the ratio 

of true positives (TP) divided by all positive results (TP+FN) [13]; the ratio of true positves (TP) 

divided by all positive predictions (TP+FP) defines the precision score [13]; the specificity socre is 

defined as the ratio of true negatives (TN) divided by all negative results (TN+FP) [13]; the F1 score 

is the one of the balance scores defined as the result of 2*(precision score * recall score) divided by 

the summation of the recall socre and the precision score, which is used to adjust the both recall and 

precision score when the dataset is single and individual [13]; balanced score is the arithmatic average 

between sensitivity and specificity, which is used to deal with imbalanced classifiers [13]; the score 

of area under the curve (AUC) is interpreted as the probability of how much a classifier values a 

random positive result higher than a random negative result [14]. 

4.2 Results Based on Decision Tree 

Figure 3 shows the feature importance under the supervision of a decision tree classifier. It 

indicates that several interested and relevant variables such as duration and age are analyzed regarding 

the response rate of answering phones by measuring relative importance of each explanatory variable. 

Moreover, Figure 3 also shows that the duration of contact, age, how many days have passed since 

last contact, the month of the contact, and the number of contacts on one customer are deemed as 

more important than other attributes or explanatory variables under a random forest classifier.  

 

 
Fig 3. Feature Analysis under Decision Tree 
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The confusion matrix is provided in Figure 4. Hence, amount of projected incorrect values that 

have not actually occurred by the test is 514; amount of projected correct values that have actually 

occurred by the test is 8422; amount of projected incorrect values that have actually occurred by the 

test is 643; amount of projected correct values that have actually not occurred by the test is 693. 

 

 
Fig 4. Decision Tree Confusion Matrix 

 

Table 7 shows the evaluation scores for decision tree method generated from the confusion matrix. 

The train accuracy is 100%, while the test result is 87.0% accurate compared to the training result, 

which means that under this training and testing split, the decision tree model is slightly overfitting. 

Scores other than test AUC are all fair and satisfactory. The train AUC returns a score of 100%, while 

the test AUC is only 68.4%, again meaning that the decision tree classifier is overfitting. 

 

Table 7. Evaluation Scores for Decision Tree Method 

Train Test 
Recall 

(Sensitivity) 
Specificity Precision Balanced F1 

Train 

AUC 

Test 

AUC 

1.000 0.870 0.924 0.457 0.929 0.691 0.926 1.000 0.684 

4.3 Results Based on Random Forest 

Figure 5 is the feature importance under the supervision of a random forest classifier [15]. It is 

clear to see that the duration of contact, age, how many days have passed since last contact, the month 

of the contact, whether the last contact was successful and the number of contacts on one customer 

are deemed as more important than other attributes or explanatory variables under a random forest 

classifier.  

 

 
Fig 5. Feature Importance of Random Forest 

 

The confusion matrix is provided in Figure 6. Hence, amount of projected incorrect values that 

have not actually occurred by the test is 494; amount of projected correct values that have actually 

occurred by the test is 8803; amount of projected incorrect values that have actually occurred by the 

test is 671; amount of projected correct values that have actually not occurred by the test is 304. 
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Fig 6. Confusion Matrix of Random Forest 

 

Table 8 shows the evaluation scores for random forest method generated from the confusion matrix. 

It is a good sign that both the test accuracy score and test AUC score are near 90%, which is acceptable 

for a single model. It is also worth noting that the F1 score is near 95%, meaning that both recall 

(sensitivity) and precision scores are great indications of the model. The balanced accuracy score of 

random forest is like the decision tree method.  

 

Table 8. Evaluation Scores for Random Forest Method 

Train Test 
Recall 

(Sensitivity) 
Specificity Precision Balanced F1 

Train 

AUC 

Test 

AUC 

0.952 0.905 0.967 0.424 0.929 0.696 0.948 0.964 0.898 

4.4 Results Based on K-Nearest Neighbor 

The confusion matrix for K-Nearest Neighbor is provided in Figure 7. Hence, amount of projected 

incorrect values that have not actually occurred by the test is 449; amount of projected correct values 

that have actually occurred by the test is 8881; amount of projected incorrect values that have actually 

occurred by the test is 708; amount of projected correct values that have actually not occurred by the 

test is 234. 

 

 
Fig 7. Confusion Matrix of K-Nearest Neighbor 

 

Table 9 shows the evaluation scores for K-Nearest Neighbor method generated from the confusion 

matrix. Similarly with the random forest method, the F1 score is near 95%, meaning that both recall 

(sensitivity) and precision scores are great indications of the model. Compared to the random forest 

classifier, although the test accuracy score is also above 90%, the test AUC score is not as good as 

the random forest classifier, but the overall performance of the K-Nearest Neighbor classifier is better 

than the decision tree method. The balanced accuracy score of K-Nearest Neighbor, however, is fewer 

than both the decision tree method and the random forest method. 
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Table 9. Evaluation Scores for K-Nearest Neighbor Method 

Train Test 
Recall 

(Sensitivity) 
Specificity Precision Balanced F1 

Train 

AUC 

Test 

AUC 

0.907 0.908 0.974 0.388 0.926 0.681 0.949 0.890 0.874 

4.5 Results Based on Logistic Regression 

The confusion matrix for K-Nearest Neighbor is provided in Figure 8. Hence, amount of projected 

incorrect values that have not actually occurred by the test is 385; amount of projected correct values 

that have actually occurred by the test is 8897; amount of projected incorrect values that have actually 

occurred by the test is 772; amount of projected correct values that have actually not occurred by the 

test is 218. 

 

 
Fig 8. Confusion Matrix of Logistic Regression 

 

Table 10 represents the scores generated from the confusion matrix are placed for K-Nearest 

Neighbor for further evaluation. Similarly with random forest and K nearest neighbor, the F1 score 

is near 95%. The test accuracy score is also above 90%, the test AUC score is not as good as the 

random forest classifier, but the overall performance of the logistic regression classifier is better than 

the decision tree method. The balanced accuracy score of logistic regression classifier, however, is 

fewer than all three other methods. 

 

Table 10. Evaluation Scores for Logistic Regression Method 

Train Test 
Recall 

(Sensitivity) 
Specificity Precision Balanced F1 

Train 

AUC 

Test 

AUC 

0.904 0.904 0.976 0.333 0.920 0.655 0.947 0.896 0.896 

5. Discussion 

Four methods are being used to analyze the dataset, which are firstly decision tree method, then 

random forest method, next K nearest neighbor and lastly logistic regression The joint evaluation 

scores for the four methods are summarized in Table 11. All of the four models are terrific models to 

evaluate the attributes of a client that banks need to focus when initiating a phone marketing campaign 

[16]. The higher the scores are, the better the classifier is. 

Table 11 summrizes all of the metrics for four classifiers such as precision and recall. Firstly, note 

that the goal is to find the best model with the highest accuracy scores such that if further investigation 

is required, the performance of the chosen model would still be satisfactory, which leads to higher 

testing and testing AUC accuracy scores [14]. By looking up the sum of test and test AUC columns 

of each method, it is found that random forest possesses the highest scores of accuracy. Therefore, 

based on the primary criterion, random forest is the best [13]. Furthermore, it is still important to 

evaluate other metrics in the table. For example, evidently the F1 score of other three methods 
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outperform that of decision tree and K nearest neighbor has the highest F1 score, but F1 score of 

random forest and logistic regression is still very close. In addition, random forest has the highest 

balanced accuracy score among the four methods [13].  

In summary, the method of random forest is to be proposed, because it has the highest accuracy 

scores as well as balanced accuracy scores, in the meantime it F1 socre is not bad.  

 

Table 11. Combination of Scores among four Methods 

Train Test 
Recall 

(Sensitivity) 
Specificity Precision Balanced F1 

Train 

AUC 

Test 

AUC 
Mean 

1.000 

0.952 

0.907 

0.904 

0.870 

0.905 

0.908 

0.904 

0.924 

0.967 

0.974 

0.976 

0.457 

0.424 

0.388 

0.333 

0.929 

0.929 

0.926 

0.920 

0.691 

0.696 

0.681 

0.655 

0.926 

0.948 

0.949 

0.947 

1.000 

0.964 

0.890 

0.896 

0.684 

0.898 

0.874 

0.896 

0.719 

0.770 

0.752 

0.738 

6. Conclusion 

This paper uses four methods which are firstly decision tree method, then random forest method, 

K nearest neighbor and lastly logistic regression to research on revealing main features of customers 

who are more likely to be attracted to term deposits of a Portuguese bank through machine learning.  

Since the mean of random forest is the highest, the best model among decision tree, random forest, 

K nearest neighbor and logistic regression is random forest. In conclusion, the duration of contact, 

age, how many days have passed since last contact, the month of the contact, and the number of 

contacts on one customer are deemed as more important than other attributes under a random forest 

classifier [17]. The Portuguese bank may develop algorithms to better situate customers based on the 

research results, namely, certain customers within the importance of variables such as the duration of 

contact and age may require more attention to improve the successful rate of response. 

However, as is mentioned above, this paper only uses four methods to determine attributes of 

individuals, which means that there are other methods that will necessarily produce different results. 

In addition, results will also vary based on different selection of training and testing data split. In this 

case, there may be multiple results if training and testing split ratio are different [4]. Furthermore, 

results from this paper may also be affected by different adoptions of data prepossessing methods. In 

particular, this paper uses median imputation method for numerical variables and most frequent 

imputers method for categorical variables. Any methods other than those two methods may yield 

different results [4]. Finally, it is recommended that individuals choose their methods of selection 

wisely according to different protocols when analyzing this dataset, as this dataset can provide other 

research purposes if necessary.  
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