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Abstract—The purpose of this research project was to analyze
customer complaint data from financial institutions and identify
areas of opportunity for these institutions to improve their
customer satisfaction rate. In addition to pointing out areas
for improvement, this paper also looks into similar research
and tries to understand if themes found in this analysis are
consistent with those done by other researchers. Banking is an
essential piece to everyday life for all people across the world.
Banks need to ensure that their products and processes are
simple and accessible to all. Although banks have a monopoly
on our financial n eeds t heir d esire t o r etain e xisting customers
and gain new ones drives the necessity of providing excellent
and timely customer service.
The study was conducted using a dataset of over two million
customer complaint records and examining what were the
top three financial i nstitutions r eceiving c omplaints a nd which
products received them. In addition, other aspects of complaints
such as state of origination was also looked at.Analysis was done
using machine learning, python, tableau and other tools to show
the data points and their correlation. Understanding the top
financial institutions methods of handling customer complaints,
we are able to make recommendations for further product
improvements to increase customer satisfaction. Concluding the
research project is a list of challenges and opportunities for further research projects. In addition, there are recommendations
for the financial i nstitutions i nvestigated i n t his p roject o n how
to move forward from analyzing customer complaint data.
Index Terms—Machine learning, Finance, NLP, online information

I. I NTRODUCTION
With the development and increased use of technology
providing feedback has become instant and easy. Feedback
can be negative or positive but to companies it should be
what they constantly ask for and want to receive. Customer
feedback can also make or break a company [1]. With
either positive or negative customer feedback a company
can capitalize on what customers offer to them via multiple
channels and incorporate it back into their innovation chain.
Time and time again we have seen companies that do not
listen to their customers fail – whether it be they continue to
exist but struggle to gain momentum or they fail completely
and are forced to shut their doors. One prime example
of this is the sad fate of Blockbuster; although they had
plenty of opportunities to reimagine the way they brought
movies to families across the United States they took the
stance that they knew their customers and they would stick
to what they knew – brick and mortar stores with VHS
tapes [1]. Netflix entered the scene and completely changed

the landscape of at-home entertainment and eliminated their
first competition, Blockbuster [1]. Artificial intelligence can
improve satisfaction rate in banking by using ML and NLP
models [2]–[7], [7]–[11] [12]–[34].Although it is difficult
to compare services between Netflix and Blockbuster to
financial institutions, fundamentally they serve to provide
a service to us the customers, whether it be entertainment
or keeping our money secure in a checking account or
helping us finance a home . The Blockbuster example is a
prime example of why companies should ask for and utilize
customer feedback. Financial institutions are a staple to our
lives but with banks competing to differentiate themselves
there are institutions that can fold to others by not evolving
to meet customer needs.
A. Research Paper’s Structure
This research paper is structured to explain the importance
of customer satisfaction to a financial institution. Section
two focuses on explaining the problem in detail and its
significance to the market. Section three highlights the dataset
used to conduct the analysis and how it was prepared for
processing. Section four discusses the approach and methods
used to analyze the large dataset. Section five, and six dive
deeper into published research found over the course of
the project that guided and informed this research. Section
seven investigates the data analysis and tools used to conduct
the research, such as using machine learning to develop
a series of graphs from the data set. Section ten rounds
off the research project by highlighting some challenges in
the project and opportunities to expand the research while
provide recommendations to the top three banks on where
focus should be for improvements within their product lines
to ensure customer satisfaction remains high and drives
higher customer retention in return.
Banking is a necessity everyone must interact with on a
regular basis. The days of cash only transactions are over and
financial institutions Capital One, Bank of America, Wells
Fargo, BB&T just to name a few, now take on the role
of intermediary when it comes to us and our assets. Each
of the financial institutions given as an example and many
more provide us with a number of services when it comes to
finances – checking and savings accounts, loans, mortgages,
credit cards. If we do not like something in the services, we
receive we naturally turn to the company we are experiencing
problems with and voice our dislikes in hopes that it will

alter the way we do business with them moving forward and
avoid similar issues in the future. Complaining to a financial
institution can be done through multiple channels – via the
web, over the phone, even sometimes over their app or on
social media.
The market today offers numerous companies to pick from
when it comes to banking – there are small town banks, credit
unions, and large financial institutions that offer a variety of
products to customers. When customers have a number of
options companies strive to differentiate themselves in the
market and win customers – either by providing competitive
rates for loans, checking rates with a higher than average
interest rate, rates on mortgages, incentives for opening up
credit cards, and quality customer service [35]. Customer
satisfaction counts for a lot today than all of the products a
company can provide [35]. “If your customer is not satisfied,
he or she will stop doing business with you [35].” Customer
satisfaction is defined as the customer’s “perception that his
or her expectations have been met or surpassed [35].” For
banking, customers expect their funds to be available to them
when needed, that includes making sure the technology that
supports customers is working properly. When customers
have a good experience with a company with a product it
is more likely that they will return the next time they have a
need for that product or a new one [35]. Financial institutions
want customers to build portfolios with them, it results in
greater profits for them, so customer satisfaction is what every
bank strives for.
Since interacting with financial institutions is such a fundamental part of everyone’s lives it is important to do further
research and analysis into what customers struggle with to
identify areas of opportunity for banks – not only for their
product development but also for overall customer service
and interaction. There is plentiful literature available on
the importance of customer satisfaction and the impact on
business if it is low. Each financial institution might define
success has something different, but it is at the heart of a
bank to serve a customer for all their financial needs so in
our analysis and research we will look to provide insight into
areas that they can focus on improving to hopefully reach
new customers or encourage existing customers with other
products to expand their services.

Complaint narratives will be used for a more detailed description of the issue submitted. The dataset spans the years
2011 to 2019 allowing us to do a year-over-year comparison
of complaint volumes in certain products and states.
The second dataset was sourced from the Consumer Financial Protection Bureau and has over two million records to
analyze for this project [37]. Fields from the first dataset can
be mapped to the fields in the second dataset thus creating
a larger sample to run analysis on. Things to note about the
CFPB dataset are that complaints in this set are only published after the company responds and the relationship with
the consumer is confirmed [37]. Data points collected and
that appear in both data sets are: company name, company’s
response to the consumer, whether the response was timely
(a yes or no response), date and state received, the product
the complaint is against, and the issue, some complaints have
additional details provided in the form of sub-issue [37]. A
full list of data provided can be seen in Table 1.
Not all datapoints in the dataset were used during this
research project. The most important datapoints and those
that were used in the analysis were: company, product, subproduct, issue, sub-issue, complaint ID, and state. Timely response was considered as an additional aspect for correlation
but responses were only limited to ‘yes’ and ‘no’ which do
not provide enough to draw out any conclusions. Additional
details for timely response would have required criteria that
would define what timely is for each bank.

II. DATASET

III. A PPROACH AND M ETHOD OF E CALUATION

The first dataset was sourced from DataWorld [36]. The
dataset consists of fifteen thousand records. Information that
is provided includes: date complaint was received, product
and sub-product, issue with product and complaint narrative,
company response, company name, state and zip code of
complaint origination, complaint submission method, time
response, and whether the consumer disputed or not. The data
fields that will be used for analysis will beproductand subproduct, issue with the product, company response, company
name, state of complaint origination, complaint submission
method, and consumer disputed field. All records that are not
complete with these fields will be excluded from evaluation.

With our current dataset we will be able to extract the top
customer complaints by banking institution and the method
they were received. The data set also provides the state the
customer was from, the date the complaint was received,
status of the complaint and whether the complaint was
addressed in a timely manner.
In this work, we implement business investment and customer satisfaction by both machine learning and NLP models
based on the NLP models developed by our research mentors
for textual online finance information [38]–[46]. We utilize
the BERT model as the main embedding layer for our NLP
model. We will be using data visualization to show the

A. Data Cleaning, Processing and Input Tools
As [?] proposed a modular experimental setting with the
flow of data to results, we have processed our data in order
to find if there are any duplicate or null values present in our
dataset. While processing the data, we found that there were
no duplicate values but there were two null values that were
removed in order to visualize the data in Tableau.
For initial data analysis we used Tableau (Table 2 for initial
code) to create some visualizations for a subset of the data
set. Moving forward we plan to make use of Python Jupyter
Notebook and some of their libraries like Seaborn and Pandas
for achieving the results using machine learning techniques.
For Python, we will use Pandas and Matplotlib. For R, we
will use tidyverse and ggplot2.

TABLE I
C OMPLETE L IST OF C OMPLAINT DATA C ONSUMER F INANCIAL
P ROTECTION B UREAU PUBLISHES . [1: DIRECT PULL OF DESCRIPTIONS
FROM CFPB]
Field Name
Date received
Product

Sub-product

Issue

Sub-issue

Consumer
complaint
narrative

Company public
response

Company
State

ZIP code

Tags

Consumer
consent
provided?
Submitted via
Date sent to
company
Company
response to
consumer
Timely response?
Consumer
disputed?
Complaint ID

Description
The date the CFPB received the complaint. For
example, “05/25/2013.”
The type of product the consumer identified in the
complaint. For example, “Checking or savings
account” or “Student loan.”
The type of sub-product the consumer identified in
the complaint. For example, “Checking account” or
“Private student loan.”
The issue the consumer identified in the complaint.
For example, “Managing an account” or “Struggling
to repay your loan.”
The sub-issue the consumer identified in the
complaint. For example, “Deposits and withdrawals”
or “Problem lowering your monthly payments.”
Consumer complaint narrative is the consumersubmitted description of “what happened” from the
complaint. Consumers must opt-in to share their
narratives. We will not publish the narrative unless the
consumer consents, and consumers can opt out at any
time. The CFPB takes reasonable steps to scrub
personal information from each complaint that could
be used to identify the consumer.
The company’s optional, public-facing response to a
consumer’s complaint. Companies can choose to
select a response from a pre-set list of options that
will be posted on the public database. For example,
“Company believes complaint is the result of an
isolated error.”
The complaint is about this company. For example,
“ABC Bank.”
The state of the mailing address provided by the
consumer.
The mailing ZIP code provided by the consumer.
This field may: i) include the first five digits of a ZIP
code; ii) include the first three digits of a ZIP code (if
the consumer consented to publication of their
complaint narrative); or iii) be blank (if ZIP codes
have been submitted with non-numeric values, if
there are less than 20,000 people in a given ZIP code,
or if the complaint has an address outside of the
United States).
Data that supports easier searching and sorting of
complaints submitted by or on behalf of consumers.
For example, complaints where the submitter reports
the age of the consumer as 62 years or older are
tagged “Older American.” Complaints submitted by
or on behalf of a service member or the spouse or
dependent of a servicemember is tagged
“Servicemember.” Servicemember includes anyone
who is active duty, National Guard, or Reservist, as
well as anyone who previously served and is a
veteran or retiree.
Identifies whether the consumer opted in to publish
their complaint narrative. We do not publish the
narrative unless the consumer consents, and
consumers can opt-out at any time.
How the complaint was submitted to the CFPB. For
example, “Web” or “Phone.”
The date the CFPB sent the complaint to the
company.
This is how the company responded. For example,
“Closed with explanation.”
Whether the company gave a timely response. For
example, “Yes” or “No.”
Whether the consumer disputed the company’s
response.
The unique identification number for a complaint.

Fig. 1. States that received > 200 complaints

Fig. 2. Company’s Products vs the Number of Complaints > 100

breakdown of customer complaints by financial institution,
the type of product and number of complaints it receives,
and the number of complaints received by state. Using data
visualization, we will be able to: tell which product received
the most complaints, identify the financial institutions with
the most complaints, look across the financial institution
and products and determine which state produces the most
complaints.
Initial data visualizations of a sample size of seven thousand records show that Mortgages received the greatest number of complaints closely followed by Data Collection and
Credit Reporting. Adding an additional layer to complaint
analysis we are able to see that the sub-product that receives
the most complaints is credit reporting. This is reflective
of the data that was analyzed by the Consumer Financial
Protection Bureau which also captured credit reporting as the
product that received the most complaints. In addition, we
see in Figure that the number of complaints captured at the
national level also mirror our initial results that complaints
originate mostly in the Eastern part of the United States.
Looking at the sample dataset we are able to see that
complaints are mostly concentrated in the Eastern states of
the U.S. with a significant number also originating from
California and Texas (Figure 1). Complaints breakdown for
states was based on if they received more than two-hundred
complaints. Tableau was used in order to process a sample
population from our dataset and create the data visualizations.
Tableau will continue to be a main tool used in order to help
show the data in an effective and digestible manner.

Different supervised machine learning techniques have
been used in text classification [?]. Therefore, based on this
dataset we will be able to classify consumer complaints,
which are in text data, into the following categories: debt
collection, consumer loans, mortgage, credit card, credit
reporting, student loans, bank account or service, payday
loan, money transfers, prepaid card, and other services. These
categories will assist in identifying the areas of issues and
will help with predicting product and issues using the historical complaint data. From this, we will be able to provide
plotting graphs, scatter plots, histograms, and correlation
matrix.
IV. R EASON FOR BIG DATA SOLUTION
A big data solution will allow for greater detection about
customer sentiment regarding a company’s products or services. Using Machine Learning will allow for a more robust
way to process information [47]. The machine power can
process the dataset in order to calculate various types of
variables from the population [47] at a faster and more
efficient way. In addition to overall sentiment, we will be able
to look at multiple facets of the complaints received, such as,
channel complaint was received through, the company that
received the complaint, the state from which the complaint
originated from, and whether or not it was resolved in a
timely manner. Similarly, the Consumer Financial Protection
Bureau uses the large dataset of complaints to analyze it
and help govern and guide companies with more informed
financial laws, rules and regulations [37].
V. P UBLISHED R ESEARCH
To understand how a company can be successful one needs
to begin by understanding what complaints most are received.
Merriam-Webster defines complaint as “[an] expression of
grief, pain, or dissatisfaction”. “Customer experience is the
emotion felt by customers1 when they come into any contact
with a company – no matter how or by what means. It is what
customers remember from their interaction with a business.
[48]” There are a number of studies that have been done that
show that customers that have a positive experience with a
company are 86% more likely to return and do business with
that company again and goes up to 92% when that customer
is already an existing customer [48]. In addition to those
higher percentages, losing customers can be very costly for
a business. In another study done, 50% of customers said
they left because they did not feel valued and had a poor
experience with customer service [48]. Another staggering
number is that 80% of customers would willingly pay more
for a product or service if the customer experience is better
[48]. If those numbers are not enough to convince a company
the value that customer satisfaction provides then it has been
analyzed that acquire new customers can cost five to twentyfive times more than retaining an existing customer [48].
A. Customer Satisfaction & Measurement
To effectively measure and predict customer satisfaction
one must define how to measure it. An important piece

to measuring satisfaction is also understanding quality as
it plays a key role in how the customer determines their
expectations of the product they are interacting with [35].
Quality is difficult to define in the realm of customer satisfaction for the simple fact that it can vary person-to-person –
thus making it more difficult to quantify [35]. Surveys give
companies the insights directly from their customers. “Strong
relationships lead to higher levels of loyalty with customers
[thus] resulting in profitability [49]”. Service quality, when
looking at the “Relationship Survey Framework”, depends
on the following customers experiences: installation, complaint, billing, purchase, pre-sales, and any other ones they
interacted with [49]. When all those experiences are positive
then it builds or improves upon the relationship resulting in
an overall better product experience, price, and increase in
corporate reputation [49].
B. Customer Complaint Handling on Customer Satisfaction
Another study was done on banks in Asia on the “effect
of bank commitment, bank communication, and handling
customer complaint on customer loyalty through customer
satisfaction” was completed by obtaining a sample from
customers [50]. “The commitment of a service provider
greatly impacts on customer loyalty. In this case, when the
service provider is highly committed to providing services
to its customers, it will make customers satisfied and then
will not switch to other competitors and continue to use the
service or product” [50]. Similarly, as seen by the top three
banks identified in this research project, the banks are heavily
focused on providing exceptional service to their customers.
The study found that commitment, communication and the
way incidents are handled all have a great impact on one
another [50].
A third aspect of the study done focused on the bank’s
communication and its impact on customer satisfaction. The
research data showed that bank communication also had a
positive and significant effect on customer satisfaction [50].
“Communication is very important in a business.
From the two million data records natural language processions identified the top complaints that companies received:
top three being around loans, mortgages and payments(Figure
3). To identify areas of opportunities analysis of the top three
financial institutions will be compared to the three financial
institutions that have the least number of complaints against
them. In addition to the bar chart in Figure 3 that shows the
frequency of key words.
The three companies that received the most complaints
in our dataset against them were Equifax, Experian, and
TransUnion regarding credit reporting. Since these three
companies are not financial institutions and only serve as
credit reporting bureaus they will be excluded as part of this
analysis.
C. Bank of America
Bank of America first came into the market in 1923
but was established as the leading bank with the merger

Fig. 4. Comparison of Word Frequency between Bank of America, Wells
Fargo, and JPMorgan Chase & Co.
Fig. 3. Frequency of Key Words

between BankAmerica and NationsBank in 1998 [51]. Bank
of America offers a large variety of products to their consumers, to include personal banking such as checking and
savings accounts, home and personal loans, credit cards,
small business accounts, wealth management activities, and
products and support to larger businesses and institutions
[52]. In 2019 Bank of America received the J.D. Power U.S.
Retail Banking Advice Study highest ranking for customer
satisfaction [53]. “The study measures satisfaction across
twenty-three of the largest banks across the U.S.” [53].
D. Wells Fargo
Wells Fargo was first founded in 1852 but similar to
Bank of America current day Wells Fargo was established
in 1998 with the merger of Wells Fargo & Company and
Norwest Corporation [54]. Wells Fargo customers have many
products to choose from including banking and credit cards,
loans, investing and retirement support, wealth management,
services to small businesses, and commercial products as well
[55]. Wells Fargo is committed to transforming their business
and practices, with a focus on customer experience and
customer-focused innovation [56]. One of Wells Fargo’s goals
is customer service and advice and like Bank of America,
Wells Fargo ranked third in customer satisfaction in the J.D.
Power 2019 U.S. Retail Banking Advice Study [56].
E. Comparison of Top Three Companies with Highest Complaints
Initial word processing on the dataset, we were able to
compare Bank of America, Wells Fargo, and JPMorgan Chase
& Co. on the volume of complaints they received. As seen in
Figure 4 the most seen words in customer’s complaints for
the three companies include loan, mortgage, and payments.
Figure 5 further breaks the words most used in the complaints
across the companies and looks to show how frequently it was
used.

Fig. 5. Comparison of Word Frequency between Bank of America, Wells
Fargo, and JPMorgan Chase & Co.

VI. H OW ANALYSIS WILL HELP CUSTOMER
SATISFACTION

Understanding where customers complain the most will
helps guide financial institutions towards improvements that
will hopefully alleviate the pain points. A Bain & Company
brief discusses the importance of analytics in deepening
customer relationships in banking [57]. They outline that
analytics “enable banks to activate, not just retain, their highvalue customers” and harnessing the full power of analytics
works best with five principles: “segmenting customers by
value, automating forecasts, predicting loyalty, understanding
what causes churn, and taking a test-and-learn approach”
[57]. Our focus on complaints will help to inform why a
customer might leave thus understanding customers’ struggles. Our analysis of complaint data will lead to predicting
behavior of customers on certain products and issues. Bain &
Company discusses how a predictive model using a data set
with known drivers of Net Promoter Score (NPS) [57]. “A

predictive model starts with basic features present in ordinary
segmentation, such as channel usage, the frequency and
nature of sales and service interactions, product usage, and
revenue. It then taps more advanced sources of data, such as
natural language processing of contact center conversations,
including volume and tone [57].”
The Bain & Company did a study on the impact of predictive NPS model and “using a predictive model achieves 70%
predictive accuracy and a 30% success rate on commercial
campaigns, compared with a roughly 5% success rate for
the average campaign” [57]. Using the support of these
successful number we will look to predict possible outcomes
for Bank of America, Wells Fargo, and JPMorgan Chase &
Co.

Fig. 6. Distribution graphs

A. Complaints Handling on Bank Brand
In a study on “the impact of the magnitude of service
failure and complaint handling on satisfaction and brand
credibility in the banking industry” there is a correlation
between customer satisfaction and how complaints are handled [58]. The study also points out the variability in what
is considered “effective” handling; the fact that humans are
involved introduces the variable that cannot be controlled
[58]. An individual, despite what the bank may consider
timely, can have differing opinions on how a complaint
should be handled and what timeframe it should be handled
in [58]. “Davidow (2003) concluded that there are six aspects
of responsiveness: timeliness, redress, apology, credibility, attentiveness, and facilitation. Among these factors, timeliness
is a controllable element that customers consider and judge
firms regarding it since failure occurs” [58].
VII. T HE R ESEARCH
The research was conducted using machine learning and
there were several graphs and matrixes produced. In the
following sub-sections graphs generated will be discussed
and a code snippet used to generate the graphs is shown
as well.
The histogram (code in Figure 6) is an acquainted graphical presentation for addressing the frequency of a batch of
data. The scope of the information is divided into intervals
and the number of qualities falling into each interval is
counted. The histogram then, at that point, comprises of a
progression of square shapes whose widths are characterized
by as far as possible inferred by the bin widths, and whose
statures rely upon the number of qualities in each bin.
In the above graphs (Figure 6), we are identifying the
distribution graph for columns from the dataset which has
no NAN values. The histograms are displayed with the
frequency of counts in y-axis while x-axis contains the values
of the column picked.
A. Correlation Graph & Matrix
The correlation graph (code in Figure 7) is a (K × K)
square and even framework whose ij passage is the connection between the sections I and j of X. Huge data in this

Fig. 7. Snippet of Code for creating Scatter and Density Plot

graph show genuine collinearity between the factors. In any
case, the nonexistence of outrageous relationships doesn’t
suggest the absence of collinearity. The regressor factors
for numerous relapses can be profoundly multicollinear even
though no pairwise connections are huge.
In the above dataset, we only have complaint-id as numerical with int64 data type. All other columns are objects. So,
the graph is linear showing for only complaint-id.
B. Scatter Plot/Density Plot
A scatterplot (code in Figure 7) is quite possibly the most
impressive yet basic visual plot accessible (Figure 8). In a
scatterplot, the data points focused are set apart in Cartesian
space with qualities of the dataset lined up with the directions.
The credits are as a rule of nonstop information type. One of
the critical perceptions that can be closed from a scatterplot is
a connection between two ascribes under request. Assuming
the qualities are directly connected, then, at that point, the
information focuses adjust more like a fanciful straight line;
in case they are not associated, the information focuses are
dispersed. Aside from essential relationships, scatterplots can
likewise demonstrate examples or gatherings of groups in the
information and distinguish exceptions in the data.
VIII. C HALLENGES & O PPORTUNITIES
Getting access to data was straightforward and it was
plentiful in quantity once downloaded. Access to customer
complaints is made easy through the collection process of the
Consumer Financial Protection Bureau. To really calculate
customer satisfaction a deeper understanding of the resolution
would have been needed, such as the definition of what timely
response means and whether the customer actually received a
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Fig. 8. Scatter and Density Plot for Complaint ID

resolution to their complaint that did not require any further
follow-up. This data would be gathered easily via a survey to
customers. Companies use a CSAT, a customer satisfaction
score, as a performance indicator for how their service is
doing for certain products [59]. CSAT is measured through
customer feedback and is done so by allowing customers
a scale of one to five, ranging from Very Unsatisfied to
Very Satisfied [59]. Once responses are collected, they are
averaged out to provide a composite customer satisfaction
score [59].
Another challenge to the research was having no demographic attributes to run analysis one in correlation with
complaints. As seen in previous studies done on Indonesian
banks, they were able to further extract insights based on
age, gender, and education level. Such information could
prove to be valuable to companies in identifying the root
cause of the issue and adjusting their marketing towards those
demographics that need it based on the data showed.
To further develop this research topic, it would recommend
collecting more data on the customers having the problems.
In addition to more data on the customers themselves, expanding the banks in this research project would be helpful in
understanding if these issues are only limited to one company
or whether there is an overarching problem with the industry.
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