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ABSTRACT

The Consumer Financial Protection Bureau is a federal agency responsible for protecting
rights of retail consumers. The agency was established in USA for enabling the USA
consumers to report complaint and support related information regarding their respective
financial concerns with the federal government. The Consumer Complaint Database is a
collection of complaints received by Consumer Finance Protection Bureau on a range of
consumer financial products and services offered by banks and other financial institutions
across the United States of America. There is no licensing associated with the data and is
intended for public access and use. Each complaint consists of attributes that can uniquely
describe and identify it. These features have been utilized for data analysis and predictions.
In this paper we are using text classification techniques like Naive Bayes, Decision Tree,
Generalized Linear Model, Fast Large Margin, Deep learning and Support Vector
Classifier in Rapid miner tool to classify the consumer complaints into respective product
or service offered by the financial institutions. This information can be used in prescriptive
analysis to enhance financial consumer services and improve the response quality of

automated consumer support systems.

Keywords—financial, Consumer complaints, data mining, Generalized Linear Model, Fast

Large Margin, Naive Bayes, Deep learning
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1 Introduction

All of us have a relationship with a financial institution. At a minimum, most of us have a
checking account and a credit card, while others might have various loan related products.
Irrespective of the type of product, retail consumers have long term relationships with their
banks / financial institutions. The effectiveness of such relationship between consumer and
the financial institutions to continue depends on the customer service provided by these

institutions that is quick, accurate and transparent as much as possible.

This paper presents a study about the complaints of consumer financial protection bureau
(CFPB) of United States of America (USA). Over the past few years (2018 Jan — 2019
December), the financial consumers have lodged over three hundred thousand complaints on
various financial institutions of USA. The study focuses specifically on identifying the
patterns from existing data to analyze the current trends and use this data to predict the future
trends and numbers of complaints that could appear, and to leverage the banks to empower
themselves with the resources needed in terms of manpower, technology to resolve those

complaints efficiently and effectively.

One of the commonly used industry metrics for measuring consumer satisfaction is to look
at how consumer complaints are resolved over time. The study of consumer complaints
decodes how consumers recognize and consider the financial products and services to assist
in identifying the potential problems in the current market and help achieve improved
outcome for every customer. Further exploring the findings will help the financial
institutions to focus on the areas of improvement in providing satisfactory customer services
in relation to the products they offer and make changes in a right way in terms of their

policies, decision making and practices.
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Customer complaints are a rich source of information in terms of the problem symptoms as
seen from a customer point of view towards the services and products in offer from their
side. An effective analysis of such information will enable the institutions to identify,
forecast and enable themselves with the capacity to take better action upon them. The
current research is all about using large volume of customer complaints data in recent years
and applying different probabilistic models using rapid miner, to compare the results of
predictions derived from different models. Also by using the customer complaint text and
using deep learning technique to identify the keywords that contribute the most towards the
classification of the products offered by the financial institutions and then how reliably the
recommended types of models can be used to improve the response quality of automated
consumer support systems. The rest of the research report is as follows: Literature Review
forms the second part of the project. The methodology is then discussed along with the
architectural design. Later the models are developed, designed and implemented presenting
the results of the research experiment. Finally, the research is concluded with the model

findings and any future work.

1.1 Research Questions

RQ1: How consumer complaint narrative is useful in classification of complaints into

respective financial product offered by financial institution?

RQ2: How Rapid miner data mining tool is useful in implementing different classification
methods to compare the results obtained to suggest the best approach to improve overall

consumer experience?

The models build with a classifier technique can lose useful information inherent in the data.
Text classifier models build separately with complaint features and perceptual feature

perform badly (Al"1as et al. 2016). Comparing different classifier models can perform well
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because the approach is more holistic and get to see different aspects of the consumer
complaint narratives. The proposed approach can be operationalized in automated response
system like chat bot to improve the user interaction experience in terms of improved response
from the right service department for the issue the customer is interactive for. This way of
combining the technology-human partnership along with the CFPB team, which is the prime
source of information provider, could certainly improve consumer experience in terms of
delay, misroute, human error and unjust practice in the financial institutions while providing
customer service and also helps us find effective and informative analysis of consumer
complaints narratives. For this research | propose to classify the consumer complaints
narrative into respective product using Rapid Miner tool for applying and comparing Naive
Bayse, General Linear Model, Fast Large Margins, Support Vector Classifier and

Deep learning models.

1.2 Objectives and Contributions

» Feature Extraction and selection of feature sets.

» Implementation of multi text classifiers (e.g. Naive Bayes, GLM, SVC, FLM, Random

Forest) and comparing the performance.

Then main purpose is analyzing the consumer complaint narratives by CFBP and gain
insights about improving the customer service from the financial institution point of view
and as well from the customer point of view. To fulfil this purpose, we build and evaluate
individual classifier models and compare the performance of the them along with deep

learning model. The following section describes literature review of related recent

researches used to gather various ideas that helped to identify the area of our research. The
next section follows methods and their specifications, wherein the methodology part has been

covered in detail with necessary steps for data pre-processing, building different models, and
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their evaluation. Finally, the research is concluded with the model experiment findings and

any future work.

2 LITERATURE REVIEW

2.1 Introduction

This chapter thoroughly discuss the relevant and related studies done earlier in the area of
consumer complaint analysis. It focuses on what previous studies have mentioned about how
the financial organization have used the consumer complaint database to review the trend,
deduce hypothesis, and responded to those complaints and finally the impact towards
consumer satisfaction. Literature was sourced from what is considered as credible, like

journals, web articles, news reports, IEEE papers and books.

The CFPB is established with four missions: (1) To enforce laws to ensure access to credit,
(2) To educate consumers, (3) To protect the financial interests of service members, and (4)
To protect the interests of older Americans [1]. Created in 2011 by congress as a result of
Dodd-Frank Wall Street Reform and Consumer Protection Act (“Dodd-Frank Act”), the
office hears directly from the consumers about their concerns in the financial sector. CFPB
receives and process the consumer complaints in relation to different financial products
including credit cards, mortgages, student loans, Auto loans, credit reports, consumer loans,
and debt collection. This data is updated nightly and free to access by public from CFPB
website [2]. This encourages not only the public and financial institutions to read about the
overall quality of the services provided, also it encourages the data analyst, scientist and
academicians to explore and analyze these information, build valuable insights to benefit
financial institutions in reframing their polices and regulations toward consumer service
quality. Nonetheless, there have been numerous published work documenting analysis of

CFPB database. Following is the review of these studies.
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Ayres et al. (2013) conducts an early analysis of CPFB consumer complaint database at
institution wise and using zip code to analyze at demographic level. In this article the authors
have analyzed the data in three main ways. First, they view the data by company and next
they analyzed the percentage of company responses disputed by the customer and finally the
percentage of the company responses CFPB didn’t receive in a timely manner and especially
for mortgages the timely response not provided by the financial institutions. The authors
found financial institutions like Bank of America, Citibank, and PNC Bank were
significantly (at 10% significance level) below in responding timely to the average timely
response by all financial institutions. Additionally, customers of big financial services
providers, like Wells Fargo, Amex, and Bank of America, were significantly more proactive
and likely to dispute than the average consumer to dispute the company's response. With zip
code associated with the consumer complaint and the census zip code tabulation area
(ZCTA), they were able to close in the demographic information with complaints. Regression
analysis conducted on the demographic information indicated a significant increase in the
mortgage complaints with increased population of certain category such as senior citizens

and students of high school and college.

Littwin (2015) conducts her analysis on CFPB database from a different perspective in
relation to Ayres et al. (2013). In this research, the author investigates and analyze the CFPB
database at the government financial agencies, i.e., the author explores the reasons why
government agencies should gather and process the CFPB consumer complaints and whether
the resources required to run the complaint processing is justified. Her analysis is based on
three primary reasons to process the CFPB consumer complaints, firstly to settle consumer
disputes, next is to make the government organization responsible for establishing
regulations towards consumer focus and finally to resonate good will for the government
financial institutions. She conducts regression based analysis to show that (1) the CFPB has
been successful in providing a platform for dispute resolution for consumers, (2) the CFPB

is good on multiple regulatory activities and shows a very high commitment in making sure
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the customers complaints are taken care by the respective financial institutions\banks, and

(3) there is good will associated in CFPB way of actions and practice.

Both Ayres et al. (2013) and Littwin (2015) conduct good research and come up with
valuable insights about consumer complaints which were intended to benefit CFPB, financial
institute and its consumers. But both of them don’t consider narrative of the consumer
complaints as a big source of information which could be put into use for getting valuable
insights to the financial companies and the regulatory authorities who sets the rules and
policies for these financial institutions. As a matter of fact, consumer complaint narratives
submitted to CFPB has been increasing from year on year basis. Analysis the context of these
complaint narratives could potentially lead to some interesting narratives build on these
insights. Obviously manually reviewing these tons of narrative for insights is not only time

consuming, but exhaustive and could subject to human biases.

One possible solution to the above challenge of labelling the narrative based upon their
context at the time of submission by customer itself. CFPB provides the options to choose
from the list choices in the drop-down box at the time of complaint submission. This is
predefined convention provided by the researches of CFPB in categorizing the complaints
into their primary reason. This approach had a couple of shortcomings. First, the consumer
if forced to pick a reason from the list of drop down. Customers lack of knowledge about all
the topic of selecting would mislead him or her in selecting the wrong choice from the list
or the list might not have the relevant category to choose from and they might end up
selecting anyone from the choice. Second, the complaints might span across more than one
issue categories, but due to the limitation of CPFB design of drop-down list, consumer must

limit to just one the category.

The above shortcoming demanded the scholars of CFPB database to use text mining approach
as a process of extracting knowledge from unstructured text documents (Aggarwal and Zhai,
2012). Text mining is considered much more complex as compared to other techniques as it

involves handling data that is inherently complex, unstructured and noisy. Previous research
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were conducted using text mining approach to decode consumer complaints from other fields
such as travel agencies (Lehto et al., 2007), low-cost carriers (LCCs) (Yee and Pei, 2014),
National Highway Administration (Ghazizadeh et al., 2014) and the hotel industry (Berezina
et al., 2016). These studies using both semi-automated and fully automated approach on text
narratives to extract useful insights in their respective fields. Predominantly used approaches
among text mining is Latent semantic analysis (LSA) which is based on the idea of grouping
or identifying similar clusters based on similar narratives by reducing the dimensionality of
the textual data (Deerwester et al., 1990). This method being one of the earliest possible idea
put into practice based on the fact of using the key words to group the complaints into a
common predefined group or topic. However, this approach has a limitation of usage in
clustering techniques or hierarchical clustering (Zhao and Karypis, 2002)) by creating a
cluster of complaint narratives into groups or topics in context of text mining. Consumer
complaint narratives not necessarily belong to single group and could have multiple groups

put together in the narration of the complaint.

On the other hand, Latent Dirichlet allocation (LDA) (Blei et al., 2003) is a probabilistic
approach for analyzing CFPB consumer complaint narratives as it doesn’t required a
predefined annotations into which the narratives need to be clustered/grouped into, instead
the groups are learned by the analysis of the original texts. Application of LDA based
modeling has been in different fields of text data analysis like email (Blei and Lafferty,2009),
abstracts (Griffiths and Steyyers, 2004), and newspaper archives (Wei and Croft, 2006).

Kaveh et al. (2016) conducts their research and analysis on CFPB database from a different
angle using the Latent Dirichlet allocation (LDA) probabilistic approach instead of Latent
semantic analysis (LSA) to overcome the shortcoming of being able to cluster the consumer
complaint narrative into more than one category rather than to a group of predefined
annotation. In this research, the authors investigate and analyze the CFPB database using the

consumer complaint narratives and doesn’t consider the need of labeling these complaints
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from the customer during issuing them. Their analysis is based on two primary reasons,
firstly to address the existing challenge in CFPB to categorize the complaints by the
consumers at the time of input. Thus, the purpose of complaints that belong to more than one
category is defeated and by using the LDA approach this is achieved with a more generic
probabilistic model. Next to reveal the trend of these complaints over time and analyze the
effectiveness of CFPB regulations as well as financial companies in address these consumer
complaints. The authors demonstrated that CFPB regulations have been successfully
enforced for certain category of products like “Harassment”, “Mortgage/Loan Modification
and Foreclosure” and “Loan/Student Loan” and few others like “Credit Reporting”, “Credit
Score” and “Dispute” needs further check on the regulations as the time trends is in
increasing line. This is in contrary to finding through regression-based analysis by Littwin
(2015) to show that the CFPB has been successful in providing a platform for dispute

resolution for consumers.

Tom Sabo. (2017) conducts his research and analysis on CFPB database from a perspective
of using SAS contextual analytics software to apply machine learning on the text complaints
narrative to form a repeatable model. The objective is to infer actionable insights of the
consumer complaint narratives and use that to predict if it resulted in monetary benefits. The
approach is through exploring the sentiments in the complaints and incorporating machine
learning techniques to model the natural language available in each free form complaints
against disposition code of the complaints, mainly focusing if it resulted in financial payout
from the financial institution. The whole approach is based on using SAS visual analytics
and SAS visual statistics to apply a process which is built on three formerly presented papers
using SAS Global Forum. Firstly Tom Sabo. (2014) defines a process for conducting research
analytics, next again by Tom Sabo. (2015) extends the framework to apply on government
spending and next to apply the framework in conflict affected regions by auto categorizing
it.  The author showcased a repeatable process that combines the advantages of both
statistical and classification-based complaint analysis to figure out areas which resulted in
financial benefits to the customers. The analysis conducted quantitatively showcases the
means to validate the action taken by CFPB. Author claims this approach is beneficial in

assessing time to value of the service and assessing the quality of analysis in assessing
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consumer complaint data. This could be applied not just in the area of mortgage, but in debit
card to assess the quality of costumer care and organizational satisfaction. In retail field
could use this approach to assess whether their brand image is affected negatively by the

financial organization that is supporting them.

2.2 Conclusion of literature review

The literature study shows that the earlier analysis of CFPB is done keeping the financial
institutes and agencies in mind. Followed by the idea of using consumer complaints
narratives and applying LSA and LDA approach for conducting the research. Latest being
the usage of SAS statistical analysis software to predict monetary benefits to consumer using
their complaints dataset. Hence, we see a potential scope in conducting ‘Text analysis of
consumer complaints narrative’ by applying different datamining techniques to categorize
the complaints into respective products offered by the financial institute, and compare those

results from the aspect of accuracy and time taken, to help improve the consumer experience.

To the best of our knowledge, this is the first study of using RapidMiner software to analyze
consumer complaint narratives provided by the CFPB datasets. The RapidMiner tool
approach helps us to classify structured and unstructured consumer complaint narratives into
a variety of groups or topics in the context of text mining and using which their underlying
text meaning would be shown. The classification task is humanly impossible by reading the
full text of the narratives and identifying the similarities between them and grouping them
under the predefined categories of the CPFB dataset. Our approach here is to build models
based on multiple classification techniques such as Naive Bayes, Generalized Linear
Model, Fast Large Margin, Decision Tree, Support Vector Machine, and Deep
Learning methods and compare them against each other in various aspects and discuss about
the results obtained. Furthermore, it is possible to reveal the trend of consumer complaint
based on respective product offered by the financial institution and evaluate the effectiveness

of the CFPB policies set for the financial companies in addressing these complaints. In the
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following, proposed is the use of Rapid miner for text analysis of CFPB consumer complaints

database and discussed the results of the different classifier models build.

3 Proposed Scientific Methodology and Design
3.1 Introduction

The research is utilizing the consumer complaint narratives and classifying them into
respective products predefined by the CFPB dataset using different datamining classification
techniques. We have selected Crisp-DM methodology (Azevedo & Santos 2008) to achieve
the same and its steps are shown in figure 1. CRISP-DM specifically means Cross Industry
Process for Data Mining. It is a structured approach with a proven methodology with being
robust and practically powerful. The usefulness and flexibility help to take all aspects of data
mining into consideration. In the very beginning stage of projects based on data mining, the
business understanding plays an important role. Once the business has understood, the data
understanding step follows where we identify all the required variables needed in data
preparation step. If the pre-processing of data goes correct, it then leads to the good accuracy
of the model. After pre-processing of data, we apply the machine learning algorithms to build
the models. The next step is deployment of models, evaluating and comparing the results in
terms of accuracy, classification error, configuration matrix and model scoring time, in terms
of training and testing the data, to get a holistic picture. There are six steps in all but
depending on design architecture, the steps can be intermixed and needs to be followed at
appropriate place in the model building process with different parameter settings for the
correctness of the model and further improving the computational time. All the steps are

discussed and followed in our research work. Figure 1: Different phases of CRISP-DM.
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Figure 1: Different phases of CRISP-DM.

3.2 Business understanding

The business plays an important role while building the model. In this stage we understood
the project requirements and the objectives undertaken. We also considered the feasibility
of the project based on the research question posed. We identified the missing factors in
the project undertaken, which in our case the objective was to classify, consumer complaint
narratives into respective products or services offered by the different financial institutions.
We then assessed and evaluated the project details and timeline for applying the different

mining techniques and compare the results.
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3.3 Data understanding

The Consumer Complaint Database is a collection of complaints received by Consumer
Finance Protection Bureau on a range of consumer financial products and services offered
by banks and other financial institutions across the United States of America. There is no
licensing associated with the data and is intended for public access and use. Each complaint
consists of attributes that can uniquely describe and identify it. This dataset is a collection
of 3,99,697 complaints considered between the time frame of Jan 2018 to Dec 2019 for our
analysis. The complaints have 18 attributes like the date of submission, the product and the
issue the complaint is about, the company the complaint was sent to for response, etc.
Additionally, there is a consumer complaint narrative filed in the database including the
consumer descriptions of what happened. However, this field is not populated for all the
records as it is available only if the consumer opts to share. This research focuses
exclusively on consumer complaint narratives. Hence, after removing the records with no
consumer complaint narratives; the total of 62,345 records remained. There could be
possibility of repetitive narratives among these selected records; however, using the data
as is a viable option to conduct our analysis and hence we have used a portion of the data
for our text mining analysis. The below Figure 2 shows a screenshot of the dataset
downloaded from CFPB website [1]. Column 2 and column 5 are the collection of Product
and Consumer_Complaint_Narratives respectively would be our main concern for this
paper. Product column has all the different services offered by the financial institutes like
credit, debit, mortgage, student loan to name a few. The other column information related
to state, sub products, timely response are the ones we would be taking a quick look into.
This way of perceiving the data distribution by visual graphic representation with different
aspects would help us understand the dataset holistically. Rest of the columns of the dataset

is of no concern from the point of view of this paper and hence not been discussed in detail.
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Figure 2: A Screenshot of the Dataset with all attributes.
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3.4 Descriptive Statistics Using Tableau

The substage of data understanding is summarizing the attributes of the data in the form of visuals
and graphs which could give a quick reference to its pattern of distribution. Using the visual way
is advantageous in understanding the data, patterns, trend and overall distribution for the dataset
downloaded. Data collected in 3.1 is processed through Tableau Software [4] for graphical
representations using bar plot, inverted bar plot, scatter plot etc. As seen in figure 2, consumer
complaints collected by CFPB in 2015 was 54,754 and in the following year there is an increase
by 42% to the total records to bring the total to 77819. The trend seems to be going upward with
the next year total shows 115,171 which corresponds to 48% jump in comparison to earlier year
and 54% increase to the year before. Year 2018 see a mere 3% more than the previous year. Figure
3 shows the breakup of the complaints into respective products offered by the various financial
institutions. Products offered by these financial institutions are segregated as mortgage, credit
reporting services and other personal consumer products, debt collection, virtual currency,
consumer loan, prepaid car, student loan, automobile loan and other products. At the beginning of
CFPB, the complaints collected were driven by mortgage related and credit card leading to the
increase number of complaints in these categories throughout the data trend. Figure 4 shows the
state wise distribution of the complaints with California being the highest recorded consumer
complaints with 55670 followed by Florida with a count of 39,045 and third being Texas with
37,978 complaints registered overall. The distribution looks to be scaling across the country from
west to east of the united states. However, there are complaints which don’t have a note of the state
from which these complaints have been registered and fall under null state. Figure 5 shows the
product wise over all complaints received from the customer. Credit reporting, credit repair
services and other personal consumer products has the maximum collection of the complaints with
99,247 count followed by debt collection of 90,010 and mortgage complaints count at 54,403
respectively. Credit reporting, credit card or prepaid card, student loan, are the next set in terms of
complaints with the rest of the products put together make up to a very small percentage of the
over complaints. Figure 6 depicts the monthly distribution of the complaints registered with CFPB
segregated by products offered. It is interesting to see a sudden peak of student loan early in the
year 2017.
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Following the announcement of Equifax data breach [5], and as per the reports shared by Thomson
Reuters [6], the number of complaints against credit reporting increased massively by 83% in
September 2017 suggesting the peak of brown line in figure 6. This increase in credit report
complaints remain even if we exclude the complaints relevant to Equifax data breach [6]. That is
non-Equifax consumer complaints has been the area of deriving maximum complaints per month
in the year 2017. Company response to the complaints has been shown in figure 7. If the company
responds to the complaint registered by the consumer with in 15 days from the date of registered,
then it is considered as “timely” [7] response. Historically CPFB has been timely responding to
vast majority of the complaints over the years. With these initial trends and understanding of the
data it asks us to move to the next phase of CRISP DM for data preparation for our analysis over

the research question posted earlier.

3.5 Data Preparation

In this step, we pre-process the raw data files and bring them into useful data that can be fed into
the model. If pre-processing of data has been done properly, it can significantly result in increase

in performance of the model.
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missing for the
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Figure 8: Parent Process - Data preparation steps in Rapid Miner.
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Figure 9: Sub Process - Sub steps inside preprocessing box.
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As shown in figures 8 and 9, the process consists of handling of NULL values, removal of
unnecessary data, evaluation of highly correlated variables, under sampling and over sampling of
the data in target variable to make the percentage of all the product category under consideration
to have more or less equal quantity of entries to help avoid degrading the performance of the
model. The initial steps taken towards data preprocessing is explained in the next part of the paper.
This involves, data segregation by filtering, balancing of the data categories in label identified with
under sampling of the excess complaints receiving category to the least complaints registered
category. The steps were performed in Rapid Miner and the following section briefs about the

approach, operators used with help of screenshots shown above.

3.5.1. Data Filtering and Balancing

As shown in figure 8, the initial box is to load the raw data which could be in csv, excel or Jason
format. In our case the raw data is in csv format. The preprocessing step in further subdivided in
sub processes with which involves, unification, change role, defining target variable, discretize
numerical target, map nominal values and define the class. This operator introduces a process
within a process. Whenever a Subprocess operator is reached during a process execution, first the
entire subprocess is executed. Once the subprocess execution is complete, the flow is returned to
the process (the parent process). Subprocesses are useful in many ways. They give a structure to
the entire process. Process complexity is reduced, and they become easy to understand and modify.

In our example, as shown in the below figure 10.

Filter Examples Select Attributes Hominal to Text Rebalance store
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unm [';-

out [}
- ’
Create Filters: filters
Drefines the list of filters to apply.
iMsumer complaint narrative is not MIissing -

Figure 10: Filtering and balancing the CFPB consumer complaint dataset.
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Raw data downloaded from CFPB website is saved into Rapid minder data folder. This is now

used from the retrieved operator. As most of the attributes for our consideration has null values to

be remove, the next operator ‘Filter Examples’ is used with the below condition to keep all the

rows having consumer complaint narrative from out raw data. This brings down the count from
399,697 to 254783 data set. Further data set is reduced with the relevant attribute out of the 18

total attributes captured by CFPB. The reduced number of attributes helps in focusing our

objective and reducing the load on the system resources. Nominal to text operator ensures the

transformation of the attribute to text for our text analysis approach. A quick look here at the aspect

of how the data is distributed in terms of our target variable categories shows a need of rebalancing

the data with under and over sampling approach to balance the data for applying machine learning

algorithm at the later stage.

q inp _'
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Furthermore, to filtering it is required to balance the product categories samples as shown in the
above figure 11. Each operator, ‘filter positives’ and ‘sample positives’, is used for every category
of the product in the target attribute. In reference to descriptive statistics section figure 5, the top
5 products are considered for sampling and balancing. Student loan category is taken as the base
with 100% data selected. Debt collection is under sampled to 50% of the overall count. Although
Mortgage has been one of the top count category throughout the years, but in the data sample
selected this is not as high as it is in the overall trend and hence a 100% sample is selected to match
with other categories and so is Credit card or prepaid card with full selection of data. Credit
reporting, credit repair services, or other personal consumer reports being the highest count and
hence a mere 12.5% of count is considered. The figure 12 below shows the distribution of product

categories by comparing the balanced and raw data.
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Figure 12: Comparison of Balanced and Raw dataset.
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3.6 Modeling

In this stage, we consider the balanced dataset prepared in earlier section to apply predictive
modeling. The data is split at a ratio of 75% to 25% into training and testing sets respectively. To
begin with the Naive Bayes model is build and assessed first in terms of data performance,
accuracy, classification errors and scoring time required to train the model. Additional classifier
models like Decision Tree, Random Forest, Gradient Boosted Tree, Fast Large Margins, General
Linear Model, Support Vector Machine and Deep Learning are built with appropriate tuning

parameters. Overall comparison of each model against other to understand the results derived.

3.7 Deployment

In this stage the models are deployed, trying to configure and tune them for the desired results.
Models created are checked for its suitability and analyzed in terms of data prepared during
preprocessed stage is useful by running the model with raw context of the data as well. Checking
if the data used is helping us with the outlined project objectives determined the success of the

deployment and motivates further in building the other models for comparison.

3.8 Evaluation

Rapid miner evaluation page which displays information with confusion matrix, accuracy,
precision, classification errors will be used to evaluate the predictive models implemented. During
the model building process, we need to continuously check the confusion matrix and then perform
the required feature engineering to make the improvement until desired output is obtained. This is
the important step in order to obtain the best performance of the model for different scenarios. The
evaluation of the model is done by seeing the confusion matrix which gives the deep insights of
the classification algorithm performance. The confusion matrix shows the matrix of N*N, where

value of N is defined by the total number of classifications. It shows the accuracy calculated by
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the correct prediction of the predictor for test data in terms of true positive and true negative score.
A few other parameters such as recall value, kappa and precision can be obtained from confusion
matrix useful for judging the performance of the models. The Precision gives correct proportion
of positive predictions while Recall gives proportion of actual positives correctly predicted.
Precision and Recall are defined as, Precision = TP/(TP+FP), and Recall = TP/(TP+FN), where
TP, FP and FN are terms from confusion matrix (TP= True positive, FP= False positive and FN=
False Negative). Check and verify the research question posed in this paper is specifically

answered which meets the goal of the project.
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4 Implementation
4.1 Current Implementation

This section explains about the current implementation of the complaint handling by CFPB.
Consumers sends thousands of complaints to the respective financial institutions about the product
or service they want to get information or complaint about and CFPB acts as a third-party platform
to manage the process how these complaints are handled. Presently CPFB collects complaints from
these main sectors, the bureau, consumer and the financial institutions responsible for the

products/services offered.

Complaint
Response
.By Company

Complaint
Submitted
. By Consumer

Review and Route

Complaint \ Consumer
Published Review
. By Bureau / . By Consumer

Figure13: Current Implementation of CFPB [1].

Analyze and
Report
. By Bureau

.By Bureau

The above figure shows the six steps involved in the CFPB complaint process. To begin with
consumer submits a complaint regarding the issue with the product or service offers by the
financial company. There are multiple channels like phone calls, email, fax, web, postal mail, and
referral systems are facilitated by CPFB to a complainer to submit about the issue. Complainer
will receive an email updates about the complaint and they can log in to CFPB portal to tack the
status of the complaint. In the next step, CFPB will take the issue forward with the concerned
company along with any relevant documents provided by the complainer. They monitor the
response and follow up with the company should there be a delay in acknowledging, responding

to the complaint. Third step, the respective company will acknowledge, reviews the complaint,
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responds with the consumer as relevant and updates their response. In the next step, CPFB now
has all the required information to publish about the complaint in their own format which is in the
form of consumer complaint database an OLTP (Online Transaction Processing) data. Step 5,
CFPB will notify the consumer about the response provided by the company. Consumer can review
the updates given by the company and provide their feedback. Finally, CFPB co-ordinate should
there be a further need of communication between the complainer and consumer. With enough
data in hand about the complaint cycle, they use this source of information to help supervise the
companies, regulating authorities to update the policies according to consumers and informs

congress about the complaints that they receive [1].

4.2 Proposed Implementation

Data Extraction

T

Data Pre - Processing

V2

Dimention Reduction

25 %
Final Features

Classifier

\V

Evaluation

Figure14: Decision Model.
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The current model has undergone some changes over the years in terms of broadening their
platform to receive complaints about a variety of financial products, which once started for
mortgage and credit report alone. The second step and third step are identified as key areas which
plays an important role in overall consumer complaint experience from the above flow chart. A
gap in routing the complaints by the CFPB and/or internally by the company to the right service
providing department could potentially delay the overall consumer response time and experience.
To enhance this experience, the next section talks about proposed “Text Mining” implementation

model and continue with discussion of the results along with limitation and future scope of work.

4.2.1 Data Extraction
This dataset contains 3,99,697 rows extracted directly from the website CPFB [1]. Jan 2018 to Dec

2019 is the data period selected for the analysis. Each row consists of 18 attributes like the date
and mode of submission, the product and issue of the complaint is about, company to which the
complaint was sent to for response, etc. Additionally, there is a consumer complaint narrative filed
in the database including the consumer descriptions of what happened. However, this field is not
populated for all the records as it is available only if the consumer opts to share. Taking out the
record with no consumer complaint narratives; the total of 62,345 records remained for our

analysis.

4.2.2 Data Pre-processing, Dimension reduction and Final Features

The implementation of the text analysis of CFPB data base begins with data preprocessing from
the data extraction phase. It is required to introduce to terminology used in this paper before going
ahead with the data pre-processing tasks. A document refers to an arrangement of words and
punctuations in a systematic way. In our analysis each row of consumer complaint analysis refers
to total number of documents. The term refers to word. Each word of the complaint narrative is
considered as a term. The term-document matrix is the table generated considering all terms and
the documents with the number of occurrences counted. Each rows of the matrix denoted a term
and each column denotes a document. The below figure 14 is a screenshot showing the successful

step in Rapid miner to generate the term-document matrix.
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Figure 15: Step to generate Term-Document Matrix.

The subprocess includes 5 tasks as shown in figure 16, namely, (1) remove special characters and
tokenize into terms, (2) Filter stop words, (3) stemming, (4) generate tokens, and (5) filter tokens

to construct term-document matrix. Each subtask process is further explained in next section.

Tokenize Filter Stopwords (En... Stem (Porter)
1 I 1 Generate n-Grams (... Fitter Tokens (by Le...
] doc doc (] doc doc | ) ] doc doc L L
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Figure 16: Subtasks involved to process document.

In step 1 every document is processed by changing the case of the letters into lower. This ensures
consistency across all documents generated in the previous step. Followed by removing the special
characters (e.g.!l: %$#&*?,/.;”\) as they offer least contribution for text analysis, post which the
remaining content are used to generate all terms. Next step is to filter out the stop words. They are
a commonly used group of words in any language, in our case its English language. Removing
them increase the focus of text analysis on the important words that contribute towards the
categorization of the target variable and reduces the burden on the system by effectively reducing
the terms in the term document matrix, thus contribute directly towards feature reduction. This
analysis involves two categories of stop words being used, the commonly known stop words (some

9% ¢

generic words such as “a”, “an”, “is”, “the” etc), and domain specific stop words.
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0. Original Document (dc)

This is my second written request for the removal or block of information that does not belong to me, my identity has been stolen and accounts had
been open in my name, | have try to resolve this with credit reporting agencies, | have field a police report ( XXXX Police # XXXX ) an FTC (
IDTheftReport_XXXX ) report had been filed copies are attached. Please remove this account from my credit file. Please remove all none account

holding inauiries, anv address other than my current and send me copies of updated report.

— 1. converting to lower case l

this is my second written request for the removal or block of information that does not belong to me, my identity has been stolen and accounts had
been open in my name, i have try to resolve this with credit reporting agencies, i have field a police report xxxx police # xxxx ) an ftc (
idtheftreport_xxxx ) report had been filed copies are attached. please remove this account from my credit file. please remove all none account

holding inquiries, any address other than my current and send me copies of updated report.

2. Removing special characters l¢

‘this’, ‘is’, ‘my’, ‘second’, ‘written’, ‘request’, ‘for’, ‘the’, ‘removal’, ‘or’, ‘block’,” of’, ‘information’, ‘that’, ‘does’,'not’, ‘belong’, ‘to’ ‘me’,” my’, ‘identity’

‘ i

‘has’,” been’, ‘stolen’, ‘and’, ‘accounts’,” had’, ‘been’, ‘open’, ‘in’, ‘my’, ‘name’, ‘I, ‘have’, ‘try’, ‘to’, ‘resolve’, ‘this’, ‘with’, ‘credit’, ‘reporting’,’

agencies’,’l’, ‘have’, ‘field’, ‘@’, ‘police’, ‘report’,’xxxx’, ‘police’, ‘xxxx’, ‘an’ ,'ftc’, ‘idtheftreport’,’xxxx’, ‘report’, ‘had’, ‘been’, ‘filed’, ‘copies’, ‘are’
y

Jattached’, ‘please’, ‘remove’, ‘this’, ‘account’, ‘from’, ‘my’, ‘credit’, file’, ‘please’,’remove’, ‘all’, ‘none’, ‘account’, ‘holding’, ‘inquiries’, ‘any’,

‘address’, ‘other’, ‘than’, ‘my’, ‘current’, ‘and’, ‘send’, ‘me’, ‘copies’, ‘of’, ‘updated’, ‘report’

| 3. Removing Stop Words N 5 term- dacument matrix
Terms Documents
‘second’, ‘written’, ‘request’, ‘removal’, ‘block’, ‘information’, ‘belong’
di |.. |dc |[. |dn
‘identity’, ‘stolen’, ‘accounts’, ‘open’, ‘name’, ‘resolve’, ‘credit’, ‘reporting’,’
agencies’, ‘police’, ‘report’,‘ftc’, ‘idtheftreport’, ‘report’, ‘filed’, ‘copies’, .
credit 0 2 0
‘attached’,’ remove’, ‘account’, ‘credit’, ‘file’ ,'remove’, ‘account’, ‘holding’,
report 0 4 1
‘inquiries’, ‘address’ ‘current’ ‘send’ ,‘copies’, ‘updated’, ‘report’
account |1 3 1
4. Stemming 'l‘ agenc 2 1 0
. . ) . — mortgage | O 0 2
‘second’, ‘writt’, ‘request’, ‘remov’, ‘block’, ‘informat’, ‘belong’ ‘identity’ , 9ag
i A PR bureau | 1 0 1
stol’, ‘account’, ‘open’, ‘name’, ‘resolve’, ‘credit’, ‘report’,” agenc’, ‘police’,
‘report’,‘ftc’, ‘idtheftreport’, ‘report’, ‘file’, ‘cop’, ‘attach’, ’ remove’,
‘account’, ‘credit’, ‘file’ ,remove’, ‘account’, ‘hold’, ‘inquir’, ‘address’

Figure 17. Data preprocessing tasks for a consumer complaint with complaint ID 3156280.
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The domain specific words are not standard as the language-based stop words. It requires deep
understanding of the objectives set in the analysis of text and core domain knowledge. In our case
we are trying to drive the topics from the consumer complaints and the company names would not
provide any value add to the terms. Also, it is observed the company names appearance is very
frequent in most of the complaints and it doesn’t convey any meaningful message, Hence, it is
wise to categorize company names ( e.g. Citibank, Wells Fargo, Chase) into domain specific
words which would in turn be included in the stop words list. Likewise, state names were included
into the stop word list as it adds least value to our classification. Keen observation reveals CFPB
acts from its end to the personal and sensitive information by masking them. So, the words xx,
XXX, XXXX appear in every other consumer complaint narrative, which makes these a suitable

candidate to be included in stop words.

The purpose of stemming is to bring the text into its base form by reducing its variations. For
instance, “protect”,” protection”,” protecting” were converted to “protect”. This step helps
improves the text classification analysis by concentrating on the core word than using additional
resources in differentiating the variations of the words from the same base. This also avoid
confusion to the text mining algorithms. The final task is the generation of term-document matrix.
The matrix represents the distribution of the terms with every document. This indeed, reduces the
narratives (documents) into word vector represented as the column. In our analysis, TF-IDF [8] is
the base on which segregation of terms are done and final matrix is obtained. This becomes the

input to train and test our model with text classification algorithms.

4.3 Classifier

The reduced dimension data is used as an input for various Supervised learning algorithms. We
have used SVM algorithm as our major classifier. Other classifiers like Naive Bayes, Generalized
Linear Model, Fast Large Margin, Decision Tree, Random Forest, Gradient Boosted Trees, and

Deep Learning classifier were also used to compare the performance of the model. Considering
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the features which were extracted from text, we have used SVM algorithm for classification. SVM
is capable of handling large number of features and mainly the feature selection is done
automatically by the algorithm itself. SVM use multiples of segregation line to identify the patterns
from the test and training dataset. The SVM performs good for polynomial classification where
the numerical data type is converted to text and fed as input. It slides through the features to form
different lines of filters. Further these segregated spaces are used to understand the pattern in it

and classify the texts into respective label.

4.4 Experiment

For experiment purpose, 75% of the dataset is used as training dataset and 25% is used as testing
dataset. The training dataset is fed as input to different classifiers to train the model. Appropriate
tuning parameters were chosen for generating our model by using different evaluation technique.
Each algorithm has its own tuning parameter. For SVC there are different hyperplane parameters
to separate different classes by maximizing the distance between the hyperplane and sample points.
For deep learning different number of hidden layers can be used by changing the values for each
iteration. Likewise, decision tree, random forest is based on the number of trees/forests proposed
by trial and error method to come to the best optimal classifier. The balanced dataset is also an
important parameter for model to achieve higher accuracy. If the dataset is not balanced to make
the different categories of the labels of equal ratio, the accuracy will be affected. For training the
model we have used the multiple classifiers and tried running it individually and together to
compare the results side by side. Due to the limitations in system requirements and considering
the processing time we have used 6 classifiers for this experiment, where increasing number of

classifiers and data rows have a direct impact with model performance.
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5 Evaluation

5.1 Modelling Results

The experiment was conducted mainly focusing on different classifier models using Rapid Miner
tool to understand the best model(‘s) for text classification for the CFPB dataset on consumer
complaints narrative. The entire dataset is divided into 2 folds for training and testing. Considering
the dataset, the experiment was conducted by applying Naive Bayes, Generalized Linear Model,
Decision Tree, Fast Large Margin, Deep Learning and Support Vector Machine algorithms, which
are suitable for text classification problem and compared the results. To understand the results, it

is important to know the different sections of the result page in Rapid Miner as explained below.
Model: Shows a graphical representation of the model, where possible.

Simulator: Provides an easy-to-use, real-time interface to change the inputs to a model and view

the output. It shows predictions, confidences, and explanations for those inputs.

Performance: Lists the model's prediction accuracy and other performance criteria, depending.
The performance is calculated on a holdout set which has not been used for any of the performed
model optimizations. This hold-out set is then used as input for a multi-hold-out-set validation
where the performance for 7 disjoint subsets are calculated. The largest and the highest
performance are removed and the average of the remaining 5 performances is reported. Although
this validation is not as thorough as a full cross-validation, this approach strikes a good balance

between runtime and model validation quality.

Optimal Parameters: Shows the model's performance for different parameter settings. Only

created for models which are automatically optimized.

Predictions: Gives a prediction and an explanation for that prediction for each row with a

missing value of the target column as well as for the hold-out set.

From the below mentioned test results, we can see there is a drastic change in the accuracy between

different applied classification models. Naive Bayes was the first classification technique which
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requires less time to train and score. The result was not satisfactory. Decision tree was the next
used algorithm, where number of decision trees are constructed by using various sub samples of
dataset for prediction. For choosing the depth value, different decision tree is fit with different
depth value ranging from 1 to 25. This was the poorest performing algorithm with least accuracy.
Third classification tried and tested was GLM which didn’t help much and performed very
mediocrely. FLM showed some promising result in terms of classification. This is a subvariant of
SVM and produced the result like those delivered by classical SVM. These models scored above
70% accuracy which was the best derived from the experiment performed along with the optimal
parameters applied for obtaining those results. The below set of 5 screenshots show the individual

model’s performance table along with the confusion matrix depicting relative class precision and

recall.

Performance table and Confusion Matrix resulted post execution of model

Criterion
Accuracy

Classification Error

pred. Credit reporting, cre

pred. Credit card or prepai...

pred. Mortgage
pred. Debt collection
pred. Student loan

class recall
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true Credit reporting, credit.
0

24

23

28

0

0.00%

Value
30.3%

69.7%

true Credit card or prepaid
0

138

409

3

0

25.09%

true Mortgage
0

1

465

2

0

99.36%

true Debt collection

0

16

513

42

0

7.36%

Standard Deviation

+26%

+26%

true Student loan

0

6

250

17

4

1.44%

class precision
0.00%
7459%
25.00%
4565%

100.00%




Decision Tree -

Performances
Criterion
Accuracy

Classification Error

Confusion Matrix

pred. Credit reporting, cre...

pred, Credit card or prepai...

pred. Mortgage
pred. Debt collection
pred. Student loan

class recall

Performance

frue Credit reporting, credit..  true Credit card or prepaid..

218

0

99.29%

Value

18.8%

81.2%

533

0

0.00%

Generalized Linear Model - Performance

Performances
Criterion
Accuracy

Classification Error

Confusion Matrix

pred. Credit reporting, cre..

pred. Credit card or prepal...

pred. Mortgage
pred. Debt collection
pred. Student loan

class recall
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257

0.35%
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25.4%
74.6%
true Credit card or prepaid..
0
40
16
458
L]
7.66%

true Mortgage
495

0

0.00%

frue Mortgage
0

44

16

405

10

337%

true Debt collection

545

0.00%

true Debt collection

1

54

28

485

83.62%

Standard Deviation
+07%

+0.7%

true Studentloan

153

124

4477%

Standard Deviation

+20%

£20%

true Student loan

0

PX]

15

235

2

073%

class precision
13.87%

0.00%

0.00%

0.00%

90.51%

class precision
50.00%
2312%
17.58%
26.36%

5.88%




Fast Large Margin - Performance

Performances
Criterion
Accuracy

Classification Error

Confusion Matrix

pred. Credit reporting, cre...
pred. Credit card or prepai...
pred. Mortgage

pred. Debt collection

pred. Studentloan

class recall

true Credit reporting, credit...
247

4

88.53%

Deep Learning - Performance

Performances
Criterion
Accuracy

Classification Error

Confusion Matrix

pred. Credit reporting, cre...

pred. Credit card or prepai...

pred. Mortgage
pred. Debt collection
pred. Student loan

class recall
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frue Credit reporting, credit..

10

38.87%

Value
69.6%
304%
true Credit card or prepaid... true Mortgage
172 55
342 6
2 3n
12 7
3 6
6207% 8350%
Value
69.3%
30.7%
true Credit card or prepaid...  true Morgage
18 1
264 10
76 n
162 55
12 1
49.62% 8281%

Standard Deviation

+27%

+27%

true Debt collection

204

k)
13

58.49%

true Debt collection

91.69%

true Student loan

66

183

66.06%

Standard Deviation

+1.0%

+1.0%

true Studentloan

1

1

21

66

186

67.64%

class precision
33.20%
93.44%
86.87%
88.11%

87.14%

class precision
79.14%
89.80%
73.76%
56.38%

8267%




Support Vector Machine - Performance

Performances
Criterion Value Standard Deviation
Accuracy 72.9% +1.8%
Classification Error 271% +1.8%

Confusion Matrix

true Credit reporting, credit...

true Credit card or prepaid..

true Mortgage

true Debt collection

true Student loan

pred. Credit reporting, cre.. 176 23 6 73 4

pred. Credit card or prepai... 14 390 2 21 4

pred. Mortgage 32 80 452 a7 73
pred. Debt collection 50 a7 5 358 19
pred. Student loan 8 6 10 17 184
class recall 62.86% 7276% 95.16% 63.25% 64.79%

Comparison Table: Accuracy, Standard Deviation and Total Time

class precision
62.41%
90.49%
61.58%
76.33%

81.78%

Standard

Model Accuracy Deviation Total Time
Decision Tree 18.80% 0.70% | 1 hr. 12 mins
Generalized Linear Model 25.40% 2.00% | 42 mins40's
Naive Bayes 30.30% 2.60% | 24 mins 54 sec
Deep Learning 69.30% 1.00% | 5 hr. 52 mins
Fast Large Margin 69.60% 2.70% | 8 hr. 35 mins
Support Vector Machine 72.90% 1.80% | 10 hr. 48 mins

Accuracy and Runtime Graph of Classifiers
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6 Conclusion

Text classification of CFPB consumer by comparing multiple classifiers was proposed in this paper
to reveal useful information from the CFPB consumer complaint narratives. The topic accuracy
/runtime analysis of these topics can be useful in evaluating the effectiveness of the CFPB
regulations in addressing the consumer complaint issues. It was demonstrated by comparison
charts and table for different classifiers that Support Vector Classifier provided the best accuracy
from Rapid Miner tool at the cost of prolonged runtime. The proposed approach can be certainly
useful in monitoring the consumer complaint narratives for CFPB. It can be easily operationalized
to automate the prediction of topic assignments of the new complaint narratives that will be
received in the future. The proposed approach is never intended to replace human analysts, instead
it can be used as a support for the existing CFPB analysts to investigate consumer complaints more
efficiently and effectively, and eventually improve consumer complaint overall experience in the

financial markets.
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