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PredicƟng Customer Responses in TelemarkeƟng 

Part 1: 

Report Overview: 

This report analyzes customer behaviour in a Portuguese bank's telemarkeƟng campaigns with the goal of 
idenƟfy the key factors that drive acceptance of the bank’s long-term deposit offers. By idenƟfying and 
invesƟgaƟng key customer aƩributes, this report will provide acƟonable insights to refine telemarkeƟng 
strategies, improve customer conversion rates and opƟmize resource allocaƟon. 

 

ExploraƟon of the Dataset:   

We first invesƟgate the key variables to understand what influences customer decisions in these telemarkeƟng 
campaigns. We explore how age, call duraƟon, occupaƟon, and previous campaign outcomes impact the 
likelihood of accepƟng long-term deposits. This will allow the bank to further focus on idenƟfied high-
acceptance groups and refine their approach to lower acceptance ones. 

 

InvesƟgaƟon of the Dataset’s Variables: 

The following examines the distribuƟon of the dataset’s categorical variables and basic staƟsƟcs for the 
numerical ones. This will highlight the imbalance in customer responses and the impact of factors like call 
duraƟon, age, and occupaƟon, which will be explored further in subsequent secƟons. Table 1.1 shows the 
distribuƟon of the categorical variables and Table 1.2, the numerical ones. 

R code for Table 1.1 

 

 

Table 1.1 

 

 

Catagorical Variable
value: admin bluecollar technician services management self-employeed retired entrepreneur unemployed housmaid student unknown

# of instances 1005 883 688 392 323 159 165 146 111 108 81 39
value: married single divorced unknown

# of instances 2500 1147 442 11

value:
university 

degree
high school

professional 
course

basic 9y basic 4y unknown basic 6y illiterate

# of instances 1259 914 533 572 428 167 226 1
value: no unknown yes

# of instances 3300 799 1
value: yes no unknown

# of instances 2164 1832 104
value: no yes unknown

# of instances 3334 662 104

value: cellular telephone

# of instances 263 1461
value: may jul aut jun nov apr oct sep mar dec

# of instances 1373 707 633 528 443 214 68 64 48 22
value: thu mon tue wed fri

# of instances 856 851 839 792 762
value: nonexistent failure success

# of instances 3506 452 142
value: no yes

# of instances 3649 451
y

contact

month

day_of_week

poutcome

job

marital

education

default

housing

loan
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(Table 1.1) reveals six variables with unknown values (highlighted in red) that need to be removed before 
further analysis. The 'y' variable reveals a significant imbalance in the dataset, with only 11% of customers 
accepƟng the offer. This imbalance demonstrates the need for improvement in idenƟfying customers likely to 
accept long-term deposits. All customers were contacted by phone, so call duraƟon will be a factor that 
requires consideraƟon.   

 

StaƟsƟcs of the Numerical Variables: 

The following examines the dataset’s numerical variables as well as presents several staƟsƟcs. Special focus will 
be given to customer age and call duraƟon due to their influence on campaign outcome that will be expanded 
upon in further analyses. (Table 1.2) shows the max, min, median, and mean of applicable variables.  

 

R code for Table 1.2 

 

 

Table 1.2 

 

 

(Table 1.2) reveals that most customers fall within the age range of 32 to 47, indicaƟng that targeƟng younger 
or older segments may present opportuniƟes for expanding the customer base. The average call duraƟon is 
around five minutes, suggesƟng that customers make decisions quickly, and longer calls may indicate increased 
or decreased consideraƟon of the offer. Further analysis will determine its impact. 

 

 

 

Numeric Variable Min 1st Qu. Median Mean 3rd Qu. Max

age 18 32 38 40.12 47 88

duration 0 103 181 256.8 317 3643

campaign 1 1 2 2.539 3 35

pdays 0 999 999 960.2 999 999

previous 0 0 0 0.1907 0 6

emp.var.rate -3.4 -1.8 1.1 0.085 1.4 1.4

cons.price.idx 92.2 93.08 93.75 93.58 93.99 94.77

cons.conf.idx -50.8 -42.7 -41.8 -40.5 -36.4 -26.9

euribor3m 0.635 1.334 4.857 3.621 4.961 5.045

nr.employed 4964 5099 5191 5166 5228 5228
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InvesƟgaƟon of Customer AƩributes 

We now closely examine selected customer aƩributes, including age, occupaƟon, and the outcome of previous 
telemarkeƟng campaigns. They were chosen based on their influence on the outcome of the call and will be 
demonstrated in the following visualizaƟons. 

 

Age DistribuƟon of Customers: 

Through analysing customer age, we idenƟfy potenƟal areas for increasing the customer base, parƟcularly 
among younger age groups. (Figure 1.1) shows the distribuƟon of the bank’s customer ages.  

 

R code for Figure 1.1 

 

 

Figure 1.1 

 

(Figure 1.1) shows that 87% of customers are aged 28 to 58, likely more financially stable and potenƟally 
interested in long-term deposits. The lack of customers under 28 and over 58 indicates an opportunity to 
increase the customer base. The bank could introduce reƟrement planning seminars for customers 
approaching 58, while offering personalized savings plans for younger customers in the 28-35 age range. This 
will potenƟally create more recipients for future campaigns. 
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Customer OccupaƟon and Age: 

Here, we conduct a deeper analysis of the bank's customers' occupaƟons and their respecƟve age 
distribuƟons. (Figure 2.1) illustrates the job distribuƟon and (Figure 2.2), the corresponding age paƩerns. 

 

R code for Figure 2.1 

  

R code for Figure 2.2 

 

 

                       Figure 2.1                                                                                           Figure 2.2 

 

 

A large porƟon of the bank's customers fall into administraƟve, blue-collar, and technician roles (Figure 2.1), 
with most aged 35 to 45 (Figure 2.2). In contrast, students, housemaids, and the unemployed are smaller 
segments (Figure 2.1), likely due to lower incomes. Age paƩerns align with expectaƟons, students aged 25-30 
and reƟrees 55-65. The bank could offer tailored financial products such as income protecƟon plans, and 
reƟrement planning workshops to beƩer engage these smaller subsets. 
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Customer OccupaƟon and Its Impact: 

This secƟon examines the readiness of customers to accept the long-term deposit based on their job 
categories. (Figure 3.1) reveals that students, reƟrees, and unemployed had the highest rates of acceptance.  

R code for Figure 3.1 

 

 

Figure 3.1 

 

 

(Figure 3.1) shows that students and reƟrees, despite being smaller segments, had the highest acceptance 
rates at 23%, likely due to reƟrees seeking financial security and students aiming to start saving early. 
Unemployed customers followed with a 17% acceptance rate, highlighƟng the appeal of financial stability 
during unemployment. In contrast, entrepreneurs had the lowest acceptance rate at 5%, likely due to a need 
for financial flexibility. AdministraƟve workers, blue-collar workers, and technicians, though making up a 
significant porƟon of the customer base, had lower acceptance rates (13%, 12%, and 5%, respecƟvely). Offers 
could be made to target these important, yet low-acceptance subsets such as career advancement loans and 
packages that allow for flexible cash flow in order to raise their acceptance rate. 

 

 

 

13% of 1005

7% of 883

5% of 146

10% of 108

9% of 323

23% of 165

8% of 159

9% of 392

23% of 81

12% of 688

17% of 111

entrepreneur

blue-collar

self-employed

services

management

housemaid

technician

admin.

unemployed

retired

student

0 5 10 15 20

Percentage

C
us

to
m

er
 J

ob

Customers Who Said Yes by Job



Az-Zubayr Harrison – Unit 8: Programming Exercise [22/09/2024] 

 

Influence of Previous Campaigns on Future ones: 

The outcome of previous campaigns significantly influences customer acceptance in current telemarkeƟng 
efforts. (Figure 4.1) shows us the considerably posiƟve impact a previously successful campaign has on future 
campaigns. We also see the detrimental impact a failed, or non-existent campaign has.  

R code for Figure 4.1 

 

Figure 4.1 

 

 

As shown in (Figure 4.1), a previously successful campaign strongly influences customer acceptance, with 65% 
of those customers again saying 'yes'. PosiƟve interacƟons boost the likelihood of future success while even a 
failed campaign sƟll had 15% of customers sƟll accepted the offer. This is sƟll more than those customers with 
no previous campaign aƩempt at 8%. The data shows even previous contact, regardless of outcome, makes 
customers more open to future offers. This indicates a blanket increase in campaigns will sƟll increase 
customer acceptance rates, even if only for future ones. 

 

Part 1 - Conclusion:  

With just 11% of customers accepƟng the offer, improved targeƟng is needed, both for larger job segments like 
administraƟve workers and technicians and to smaller, yet high-acceptance segments like students, reƟrees, 
and the unemployed. A specific focus should be on students as targeted campaigns at students could iniƟate a 
trickledown effect as they join the workforce increasing acceptance rates among the larger subsets they 
eventually join. This is further substanƟated by the displayed impact the presence a previous campaign has on 
customer acceptance rates, successful or otherwise.  
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Part 2: 

Model Reasoning: 

In the interest of predicƟng campaign outcomes, a logisƟc regression model was used with ‘job’ and call 
‘duraƟon’ as the primary inputs. Customer occupaƟon had a demonstrated effect on customer acceptance 
rates and call duraƟon reflects the customer’s interest during the interacƟon. As the goal is to predict a binary 
outcome ('yes' or 'no'), a logisƟc regression model is the natural choice. 

 

Model Development: 

Prior to model development, the dataset was split into training (80%) and tesƟng (20%) data to prevent 
overfiƫng and bias. Below, we see the R code used to split the data, train the model and then its summary 
staƟsƟcs. 

 

R code for spliƫng data set and logisƟcal model 

 

 

Summary of logisƟcal model 
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The model’s summary indicates that students and reƟrees are significantly more likely to accept the long-term 
deposit offer, while blue-collar workers and self-employed individuals are less likely, aligning with earlier 
findings. AddiƟonally, each addiƟonal second in call duraƟons boost the chances of acceptance by about 0.4%, 
making it a key factor in telemarkeƟng success. However, the effect of call duraƟon differs by job; it posiƟvely 
influences blue-collar workers but slightly decreases acceptance for reƟrees.  

 

Model Performance: 

The iniƟal performance of the model shows a high, yet misleading accuracy score and ulƟmately proves to be 
of liƩle use with the default threshold. 

 

R code for creaƟng a confusion matrix for the model 

 

 

Confusion matrix and staƟsƟcs of the model 

 

 

The model's predicƟons yielded 12 true posiƟves, 713 true negaƟves, 77 false negaƟves, and 10 false posiƟves. 
Despite an overall accuracy of 89%, this figure is misleading due to the imbalance in the dataset, where most 
responses were 'no.' The No InformaƟon Rate (NIR) is also 89%, indicaƟng the model doesn’t outperform 
simply guessing 'no' for all cases. 
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Tuning the Model 

The model shows improvement when the threshold for predicƟng ‘yes’ is lowered from 0.5 to 0.1. The default 
threshold led to a majority of ‘yes’ responses being missed; reducing it capture more posiƟve cases and 
improves the model’s overall usefulness. 

 

R code for creaƟng a confusion matrix for the model (threshold set: 0.1) 

 

 

Confusion matrix and staƟsƟcs of the model (threshold set: 0.1) 

 

 

lowering the threshold improved the model’s predicƟons in idenƟfying ‘yes’ responses, with 64 true posiƟves, 
567 true negaƟves, 25 false negaƟves, and 156 false posiƟves. Although the overall accuracy dropped from 
89% to 78%, the model's performance became more balanced. SensiƟvity increased significantly to 72%, 
showing a much beƩer ability to idenƟfy ‘yes’ customers, compared to the previous sensiƟvity of 13%. 
However, this came at the cost of reduced specificity, which fell from 99% to 78%.  

 

Part 2 - Conclusion: 

Lowering the predicƟon threshold improved the model's ability to idenƟfy customers likely to accept long-term 
deposit offers at the expense of more false posiƟves. However, the bank’s interests will always be ensuring 
high-potenƟal customers are not missed. This strategy is necessary in a business where each successful 
conversion significantly contributes to revenue growth. By focusing on customers idenƟfied as likely to say 
'yes,' the bank can prioriƟze follow-up campaigns and allocate markeƟng resources efficiently, ensuring higher 
conversion rates and improved return on investments. 
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