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Summary 

Business Intelligence (BI) tools allow ordering and analyzing data from various sources to 
obtain knowledge that facilitates the interpretation and understanding of information, improving 
decision making in a company and achieving a competitive advantage. This article seeks to 
propose BI solutions for customer service, using two anonymous banking institutions as a 
database and source of information. Through the use of Rstudio©, as a digital tool to work 
with Data Mining, processes and statistical analysis were performed to extract all relevant 
information for the development of management indicators. Through these indicators and 
the Benchmarking methodology, the results between both banks were compared, where it 
was determined that there were two serious problems: customer segmentation and excess of 
products offered. Finally, a series of solutions based on business intelligence were proposed to 
optimize resources and improve customer service, thus increasing the level of competitiveness 
of both banks.
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Summary

Business Intelligence (BI) tools allow ordering and analyzing data from various sources, to 
obtain knowledge that facilitates the interpretation and understanding of information, improving 
decision-making in a company and achieving a competitive advantage. This article seeks to 
propose BI solutions for customer service, using two anonymous banking institutions as a 
database and source of information. Through the use of Rstudio©, as a digital tool to work 
with Data Mining, statistical processes and analyzes were carried out to extract all the pertinent 
information for the development of management indicators. Through these indicators and 
the Benchmarking methodology, the results between both banks were compared, where it 
was determined that there were two serious problems: customer segmentation and excess 
products offered. Finally, a series of solutions based on business intelligence were proposed to 
optimize resources and improve customer service, thus increasing the level of competitiveness 
of both banks.

Keywords: Business Intelligence, business intelligence, business intelligence, management 
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Introduction 

Today, one of the key factors for decision making in a company is the speed with which it has 
access to accurate information. In any decision-making process, if one party fails, all parties 
fail. On the other hand, if the data is not presented in a way that facilitates its interpretation, 
reliable information cannot be obtained. Indicators make it possible to establish measurement 
parameters and understand the state of a business, in addition to facilitating evidence-based 
decision making. Business intelligence allows to extract quality information from the collection 
and analysis of any amount of data from different sources, especially indicators, a fundamental 
part for a Business Intelligence solution to work, on the other hand, data analysis supported 
by this solution allows the use of Data Mining tools, which can detect patterns or actions that 
are hidden and can not be obtained empirically, which in the end can become a competitive 
advantage for companies.

Another factor of utmost importance for companies is customer service. The cost 
of acquiring a customer is much higher than the cost of keeping one, and customers are 
increasingly demanding, so a bad experience becomes a bad reputation for the company and 
loss of customers. 

 From the above, this research proposal arises, which proposes to implement business 
intelligence solutions for customer service through indicators, built from information provided 
by two banking institutions, and the Benchmarking methodology applied between these two 
companies. 

Research Phases

Obtaining information

The information was obtained through banks A and B to obtain the following study variables 
such as: types of accounts, products, records, sex, nationality, age, region, last entry in the 
account, among others. This information was stored in a csv file.

With this data, data mining was performed to develop indicators and detect patterns that 
were of interest for the study.

Data cleansing 

The database provided by the banks consisted of the following: clients (rows) and variables 
(columns), where the most important variables are: Date of account opening, client’s age, 
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gender, products purchased, if he/she is a main client, client’s location, nationality, opening 
funds, income, if he/she has a mortgage, among others. On the other hand, there are others 
that were useful such as: Client Code, account number, among others since they are data that 
are transactions that do not contribute in the study, later in the study another cleaning will be 
made for the level of effect between the variables, by means of Data Mining tools.  On the other 
hand, there were data that could not be taken for the study due to lack of information or errors 
in the values.

The data were archived in Excel documents, which were supplied by the banks from their 
information systems. Table 1 below shows an example of the above.

Table 1. Bank data

Source: Own elaboration with banks 

The variables were then coded to facilitate the calculation in the Rstudio© tool. This coding 
is used to be able to introduce qualitative data in the software, given that the software does not 
recognize the character variables in its Data Mining algorithms.

Table 2 below shows how the coding was done to be recognized by the Rstudio© 
software, only the qualitative data is transformed, everything else that was in quantitative data 
was kept the same as it was delivered. This transformation is done in an orderly manner and 
with consecutive numbers according to the number of values of the variable, in some cases a 
Boolean is used in its value Yes or No (0 or 1) for the coding.
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Table 2. List of coded qualitative variables

Source: Own elaboration

Next, the data already coded in the Rstudio© software were extracted, and the summary 
function was applied to check if the program was reading the data correctly and generating 
descriptive statistics of the data, which should be done to see what the software is detecting and 
to have an empirical view of the behavior of the data. Table 3 shows the values of each variable: 
maximum and minimum, its average, variance, quartiles and the type of data it contains. Being 
able to verify what data the software detects is of utmost importance so that the Data Mining 
algorithms can work correctly and continue with the study. 

  It is important to mention that this article has been applied and analyzed in bank A, since 
the methodological steps and algorithms applied are the same for bank B. 
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Table 3. Summary of descriptive statistics for Bank A

It can be seen that the results of this table are measures of central tendency of the variables, 
and it can also be seen that there was no problem in reading the data.

Source: Own elaboration

Data Mining 

This stage was divided into two phases, the first one of data exploration and transformation, 
and the second one of selection and application of the data mining method that best suited 
the research. 

The data exploration and transformation phase is composed of a superficial exploratory 
analysis of the data. Through the cor and summary(cor) functions, specific aspects such as the 
degree of correlation and variance for each variable, maximum, minimum and median values, 
among others, were observed. This was done in order to pinpoint the independent and/or 
duplicated variables, which were eliminated using the null function.  This analysis can be seen 
in Table 4.
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Table 4. Correlation analysis by Cor function in Rstudio © Table 4.

Source: Own elaboration

This correlation analysis was then generated using the corrplot function to graphically 
observe the degree of correlation between the filtered variables and to facilitate the location of 
the most important variables for future analysis.   

A data transformation process was carried out where all the variables were scaled using 
the scale function; this is nothing more than subtracting the mean and dividing by the standard 
deviation, so that the resulting variables have mean 0 and standard deviation 1. This was done 
in order to prevent some variables from having a greater influence than others on the variance 
and, therefore, to prevent the selected grouping algorithm from generating erroneous results.

For the phase of selection and application of data mining methods, different types of 
hierarchical clusters based on Euclidean distances were used, since each one uses a different 
function (equation) and representation, so that various groupings (models) can be obtained to 
explain the largest possible amount of data through an optimal number of patterns or, at least, 
to indicate dependencies in the data. In order to choose each of the models to be used, three 
criteria of preference were established: that it should be an optimal method for the amount of 
data, that it should fit the problem and that it should work with Euclidean distances. Finally, all 
the models obtained were compared with each other to decide which of them best described 
the information analyzed.
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Evaluation and comparison 

At this stage, the information obtained was evaluated and deciphered according to the 
clustering method used. In addition, the number of clusters that best described the data was 
selected and the basis for the design of the indicators was established.

Table 5 shows the different algorithms used for the clusters. This table summarizes how 
the clustering process is established, using the mathematical distances between the data 
obtained and grouping them according to the algorithms used.

Table 5. Types of distances applied in the Clusters

Method Description

Minimum distances (single linkage)
Algorithm that relates clusters according to the minimum distance 

between the closest entities. 

Maximum distance (complete 

linkage)

Algorithm that relates clusters according to the maximum distance 

between the nearest entities. 

Ward (minimum variance)

Algorithm that attempts to reduce the variance by considering 

the union of each pair of clusters and choosing to combine those 

that generate a smaller increase in the sum of the squares of the 

deviations when joined.

Ward.D2
Algorithm similar to the previous one. The difference is that the 

dissimilarities are squared before updating the cluster.

Centroids
Algorithm that groups individuals according to the geometric center 

of the cluster (centroid).

CLARA (Clustering Large 

Applications)

Algorithm that allows to perform as many groupings as indicated 

by the K parameter. It is used when there are large amounts of data 

because it reduces RAM consumption.

Source: Own elaboration

Figure 1 shows how to program the algorithm in the Rstudio© software; this procedure 
is the same for each cluster algorithm, only the one that was really useful for the study is 
presented, which was the CLARA algorithm.  This algorithm is used because it was the one that 
generated more accuracy in the distribution of the groups and fulfilled the objective of achieving 
a simpler segmentation for the banks.
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Figure 1. Algorithm script used to perform the cluster analysis. 

Source: Own elaboration

Figure 2 shows the grouping performed by the algorithm and the characteristics of each of 
these groups. The objective of this characterization is to generate types of customers with their 
qualities, which will be used to generate a key indicator for the study and detect patterns that 
the banks did not know about their customers.

Figure 2. Results obtained from the grouping and characteristics of each cluster.

Source: Own elaboration
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Figure 3 shows graphically how the banks’ clients were grouped, although it is difficult to 
see each of the points, the most important is represented in Figure 2.

Figure 3. Graphical representation of the clusters 

Source: Own elaboration

Table 6 shows the different algorithms with the optimum number of groups detected by 
the algorithm and then the number recommended by the researchers.

Table 6. Grouping by each clustering algorithm 

Cluster method Optimal number of groupings Recommendation index

Minimum distances 6 9

Maximum distances 7 11

Ward.D 6 7

Ward.D2 6 7

Centroids 5 11

Table 7 shows the characteristics of each cluster translated into the original values, which allow 
us to identify patterns and knowledge to generate indicators, on the other hand it can be seen 
that in the relevant products there is an acronym, which indicates the type of account held by 
customers, for example: CA (Savings Account), CP (Main Account), CC (Checking Account) 
and DD (Direct Debit). Finally, there are the number of customers belonging to a cluster. 
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On the other hand, there are variables that are not contributing, as was the case with the 
customer segmentation that the banks had carried out.

Table 7. Client characteristics by cluster  

Cluster Segmentation Sex Age Nationality State Revenues Relevant products Size

1 3 Male 23 Venezuelan Sucre                           
90.974,40 

CC, CP, Insurance and 
DD. 1848

2 3 Female 23 Venezuelan Miranda                         
274.123,65 CP and DD. 366

3 3 Female 22 Venezuelan Miranda                           
56.788,89 

CA, CC, CP+, Pension 
and DD. 2459

4 3 Male 27 Venezuelan Capital Dept.                         
130.612,95 CC, CP AND DD. 1077

5 2 Male 42 Venezuelan Capital Dept.                         
183.409,98 

CC, CN, CP, Insurance 
and DD. 577

6 3 Male 24 Venezuelan Falcon - CC, CP AND DD. 1669

Source: Own elaboration

Construction of indicators

In this stage, management indicators were constructed based on the information obtained 
from the cluster algorithms and statistics generated by the Rstudio® software, where 4 
indicators were created with their respective indicator sheets. The following tables show the 
elements that make up the indicators’ data sheet: name of the indicator, definition, calculation 
method, sources, person responsible for the calculation, unit of measurement, periodicity and 
observations. 

After developing the indicators, they were applied to real data to obtain information that 
could be used in decision making. 
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Table 8. Output Efficiency Indicator Sheet 

INDICATOR DATA SHEET (1)

NAME OF THE 
INDICATOR: Product efficiency.

DEFINITION: It represents the percentage of success (sales) that a product has in the 
market. 

CALCULATION 
METHOD:

Ratio of the quantity of product 
X sold to the total number of 
customers.

Numerator: quantity of product X sold.

Source of numerator: company.

Denominator: total number of 
customers.

Denominator source: company.

RESPONSIBLE: Sales manager of the company.

UNIT OF 
MEASUREMENT: Percentage.

PERIODICITY: Monthly.

REMARKS:

Source: Own elaboration

Table 9. Company Coverage Indicator Sheet

INDICATOR DATA SHEET (2)

NAME OF THE 
INDICATOR: Coverage of the company.

DEFINITION: This is the percentage of products adapted to reality.

CALCULATION 
METHOD:

Quotient of the sum of the efficiency 
of all products divided by the total 
amount of products.

Numerator: Sum of the efficiency of each 
product. 

Source of numerator: company.

Denominator: total number of products 
offered by the company.

Denominator source: company.

RESPONSIBLE FOR 
THE CALCULATION: Sales manager of the company.

UNIT OF 
MEASUREMENT: Percentage.

PERIODICITY: Monthly.

REMARKS:

Source: Own elaboration
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Table 10. Most Sold Product Indicator Sheet

       INDICATOR DATA SHEET (3)

NAME OF THE 
INDICATOR: Best selling products.

DEFINITION: Percentage of revenues represented by the five best-selling products.

CALCULATION 
METHOD:

Ratio of the number of best-selling 
products to the total number of 
products sold.

Numerator: number of best-selling 
products.

Source of numerator: company.

Denominator: total number of products 
sold.

Denominator source: company.

RESPONSIBLE FOR 
THE CALCULATION: Sales manager of the company.

UNIT OF 
MEASUREMENT: Percentage.

PERIODICITY: Monthly.

REMARKS:

Source: Own elaboration

Table 11. Consumption Index Indicator Sheet

INDICATOR DATA SHEET (4)

NAME OF THE 
INDICATOR: Consumption index. 

DEFINITION: Average number of products purchased per customer.

CALCULATION 
METHOD:

Ratio between the total amount 
of products sold and the total 
amount of customers.

Numerator: number of products sold.

Source of numerator: company.

Denominator: total number of 
customers.

Denominator source: company.

RESPONSIBLE FOR 
THE CALCULATION: Sales manager of the company.

UNIT OF 
MEASUREMENT: For each customer.

PERIODICITY: Monthly.

REMARKS:

Source: Own elaboration
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Table 12. Sales by State Indicator Sheet

INDICATOR DATA SHEET (5)

NAME OF THE 
INDICATOR: Sales by state. 

DEFINITION: Percentage represented by each state in terms of sales.

CALCULATION 
METHOD:

Quotient between the quantity of 
products sold in state X and the 
total quantity of products sold.

Numerator: number of products sold in 
state X.

Source of numerator: company.

Denominator: Total number of products 
sold.

Denominator source: company.

RESPONSIBLE FOR 
THE CALCULATION: Sales manager of the company.

UNIT OF 
MEASUREMENT: Percentage.

PERIODICITY: Monthly.

REMARKS:

Source: Own elaboration

Results of the study

Both banks are present in these results in order to achieve a benchmark with respect to the 
indicators described above.

Current values of indicators

After the indicators were constructed, they were applied to determine the current situation of 
each bank, as well as to demonstrate the usefulness and purpose of the indicators. The table 
below shows the meaning of each color in the indicator graphs. 

Table 13. Color index in the graphs.

Color Score

Green. Excellent.

Purple. Adequate.

Red. Deficient.

Source: own elaboration.
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Product efficiency

The results obtained by applying the indicator defined as “Product Efficiency” to each banking 
institution are shown in the graphs below:

Efficiency is measured by the percentage of success (sales) that a product has in the 
market.

Figure 4. Product efficiency, Bank A.

Figure 5. Product efficiency, Bank B.

It can be seen that there are many products that are not used by the customers of both 
banks. 
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Best selling products 

The results obtained by applying the indicator defined as “Best-selling products” to each 
banking institution are shown in the graphs below:

Figure 6. Percentage of total sales, Bank A.

Figure 7. Percentage of total sales, Bank B.
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Where it can be seen that the banks have too many products that should be reviewed in 
view of the current market.

Sales by State 

The results obtained by applying the indicator defined as “Sales by State” to each banking 
institution are shown in the graphs below:

Figure 8. Sales by State, Bank A.

Figure 9. Sales by State, Bank B.
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Dashboard generation

To facilitate the reading of these graphs, a global dashboard of each of the indicators was 
generated using pivot tables and the result of each of the proposed indicators 

Figure 10. Dashboard of Bank A

Figure 11.  Dashboard of Bank B
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Conclusions and recommendations

Finally, the conclusions of the research project, the new objectives and recommendations to be 
taken into account to improve the customer service process and the future situation of each 
bank in general are presented.

Conclusions

• The format of the data provided is never ideal. A well-executed data selection, 
cleaning and data transformation process is the basis for designing a strategy to 
generate desired and safe results because if the input data is not reliable, neither will 
be the information obtained (Garbage In, Garbage Out). This methodology prevents 
obtaining erroneous information by ignoring non-influential variables, reducing noise, 
eliminating inconsistencies and validating that the information is adequate for the data 
mining algorithm.

• Although data mining processes are methodical, it is very common to perform several 
iterations throughout the project varying several parameters, such as the mining 
algorithm, objectives and even the data. This is done in order to obtain accurate 
information of the highest possible quality to facilitate decision making. 

• Both companies have certain deficiencies at the time of collecting information and/
or recording the data, since the following errors were found: one variable with all its 
corresponding values empty (Last date as main client) and they did not reflect the 
date of obtaining the data but the date of recording the entire set. In addition, the 
existence of empty values in the gross income of the household may pose a legal 
problem, since Venezuelan regulations make it mandatory to declare income.

• Two major problems were identified in each banking institution: customer segmentation 
and the excess of products offered. This arises due to a deficiency in customer 
service, since the companies did not know how to pinpoint the characteristics and 
needs of their clients. Therefore, in addition to classifying them in an incongruent 
hierarchy, they created a large number of products that are not generating benefits 
for the company.

• The critical variables associated with the segmentation process were gross household 
income, cluster size and the following products: savings accounts, checking accounts, 
individual accounts, individual plus accounts, payroll accounts, credit cards and direct 
debit.

• The following indicators were designed: product efficiency, company coverage, 
best-selling products, consumption index and sales by state, to measure the current 
situation of each company in terms of sales and to identify products that do not have 
added value.
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 The results obtained by applying the company’s Coverage indicator are well below 
the suggested acceptable value; however, they are not definitive due to the lack of 
information on revenues for each product. Even so, taking into account that this is the 
most important indicator, the results obtained from the application of the Coverage 
indicator are well below the suggested acceptable value.

• Through statistical tools and procedures, reliable information was obtained to 
determine the current situation of a company in one or several specific aspects, 
which, in turn, facilitated the benchmarking process by comparing only the most 
influential details for the analysis.

Recommendations:

• The database should be improved or an automated database should be created to 
collect and record the information. This will facilitate the application of the indicators 
and data mining process by not having to invest so much time and resources in data 
cleaning.

• It is essential to constantly evaluate the results of the indicators collected, according 
to the frequency established for each one of them, in order to take preventive and/or 
corrective measures in the event of finding any value outside the range established as 
optimal by the company.

• Compare the results obtained with those of the previous period to verify that sales are 
in line with the objectives and that the corrections made, if any, are effective.

• Products that score 20% or less on the Product Efficiency indicator should be 
subjected to a thorough analysis, taking into account the income generated by such 
products, to decide whether they should be eliminated, modified or left as they are. 
It is very likely that in most cases products with low efficiency will be eliminated if 
they happen to be interest-bearing assets, such as loans or mortgages, since in an 
inflationary situation money loses value over time if the contract is not anchored to 
a strong currency such as the dollar. However, if the relevant studies are carried out 
as indicated above and it turns out that customers need this type of product, the 
company must make the corresponding decisions in order to meet those needs.

• Implement a new segmentation that works for each bank, so that they can provide 
personalized customer service and offer products related to the characteristics and/
or requirements of the customer or consumer.
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