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1. Executive Summary
Historically, redlining prevented residents of specific areas from accessing credit due to

race or ethnicity. Today, government regulations prevent financial institutions from making
lending decisions based on an applicant's demographic attributes. As the Bank of Montreal
(BMO), the sponsor financial institution of the Spring 2023 Lehigh Fintech Capstone class,
completed its acquisition of Bank of the West in February 2023, this paper conducts a
comprehensive examination of the lending behaviors of Bank of the West and reports our
findings to personnel at the Bank of Montreal.

Specifically, this paper analyzes the lending behaviors of Bank of the West (BOW) in
Arizona and California using the Home Mortgage Disclosure Act (HMDA) loan-level data and
Census tract demographic information for 2021. The analysis aims to help BMO Harris (which
recently acquired Bank of the West) understand if BOW's lending falls short of BMO Harris's
goal to serve underserved communities and steps BMO Harris can take to address any
shortcomings. The analysis uses maps, regression models, and an experiment with OpenAI's
ChatGPT API to assess the impact of demographic information on loan decisions.

● In areas with high Black populations, BOW is less likely to receive any mortgage
applications and fewer applications but has a lower denial rate than similar-sized
banks.

● In areas with high Hispanic populations, BOW is less likely to receive any mortgage
applications but receives more applications and has a lower denial rate than
similar-sized banks.

● In areas with high Asian populations, BOW is more likely to receive mortgage
applications and receives more applications but has a higher denial rate than
similar-sized banks.

● ChatGPT makes lending decisions consistent with real loan outcomes, but adding
demographic information changes the loan approval rates. Bias can be reduced by
explicitly asking it to decide without prejudice.

● By segmenting the data by major minority groups, we can identify differences in loan
practices towards different minority groups and understand the factors contributing to
these differences. For example, the higher loan approval rates for Black and
Hispanic/Latino groups at Bank of the West may be due to specific outreach programs or
underwriting practices designed to support these groups.

● For San Francisco, BOW generally has a lower denial rate for majority-minority tracts
than competitors. In Los Angeles, BOW does not receive loan applications in most
majority-minority tracts.
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2. Introduction
Fair lending is an essential practice providing equal access to credit while eliminating

discrimination based on race, sex, age, or nationality. In this report, we offer a comprehensive
analysis of the credit lending history of Bank of the West (BOW) in California and Arizona during
the fiscal year 2021.

Our primary objective is to examine the impact of the acquisition of BOW by Bank of
Montreal Harris (BMO Harris) in Q1 2023. Investigating BOW's lending practices is crucial,
ensuring the bank's lending responsibly and avoiding unfair lending issues. By providing our
insights, we aim to assist BMO Harris in avoiding potential penalties, fines, loss of reputation, or
legal action. We aim to promote fair lending practices and emphasize the importance of giving
all borrowers equal access to credit and financial services.

To conduct our analysis, we compiled loan data from Home Mortgage Disclosure Act
(HMDA), which includes applications, approvals, and rejections. Our data allowed us to
compare how BOW's lending practices differed from other financial institutions operating in the
same tracts. We augment this data with demographic information from the Census to allow us to
control for tract-specific traits.

In addition to analyzing the lending practices of BOW, our report discusses the
regulatory background of fair lending practices and the introduction of machine learning and AI
into the lending space. It will provide context for our analysis and demonstrate the importance of
incorporating new technologies into the industry.

As part of our analysis, we conducted an experiment where we used ChatGPT as a
mock loan officer to test its results against actual data. It allowed us to evaluate AI, as an
unbiased loan officer, in the lending process and explore the potential benefits of incorporating
this technology into financial institutions.

We utilized various techniques, such as exploratory data analysis, maps, and
regressions, to analyze our findings, which we discuss in detail throughout our report. By
examining the lending practices of BOW, we gained a deeper understanding of the intricacies of
lending practices and the role of data analysis and machine learning in the financial sector.

Overall, our findings and insights can assist BMO Harris in evaluating its acquisition of
BOW. As the financial industry continuously evolves and new technologies are introduced,
staying current with the latest trends and best practices is necessary to succeed in this
competitive field.
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3. Discussion

Regulatory Background

The fair lending landscape is a multifaceted and constantly evolving area of law and
regulation. It strives to ensure that potential borrowers have equal access to credit and other
financial services. Banks must adhere to numerous federal and state laws and regulations when
lending to underserved communities.

The Equal Credit Opportunity Act (ECOA) is the primary federal law that oversees fair
lending practices. It mandates that lenders cannot discriminate against loan applicants based on
race, color, religion, national origin, sex, marital status, or age. The ECOA requires that lenders
consider all creditworthy applicants with complete impartiality (CFPB, 2013).

Compliance with the ECOA is crucial for lenders since the consequences of
non-compliance can be severe, leading to enforcement actions and reputational harm. Banks
may also face regulatory investigations for failing to adhere to the ECOA (U.S. Dep. of Justice,
2022). By complying with this law, lenders can establish a relationship of trust and confidence
with their customers, enhancing their reputation and credibility. This statute promotes economic
development, reduces poverty, and encourages financial stability by eradicating discriminatory
lending practices (FDIC, 2018). Adherence to the ECOA is essential for lenders striving to
achieve these goals.

Numerous other federal laws and regulations govern fair lending, including the Fair
Housing Act, the Community Reinvestment Act, and the Home Mortgage Disclosure Act (U.S.
Dep. of Justice, 2022). These impose requirements on lenders, including reporting and outreach
requirements, and stipulations to provide certain types of loans to underserved communities. By
adhering to these laws, lenders can ensure that they operate ethically and equitably, fostering a
fair and inclusive lending environment for all borrowers (FDIC, 2018).

When assessing a bank's compliance with fair lending laws and regulations concerning
underserved communities, regulators consider various factors. Some factors include lending
policies, such as underwriting criteria, loan pricing, and marketing strategies, compliance
management that ensures compliance with fair lending regulations, or outreach initiatives
directed towards underserved communities, including collaborations with community
organizations. By evaluating these factors, regulators can determine whether a bank is fulfilling
its fair lending obligations and fostering a level playing field for borrowers of all backgrounds.

For example, to identify infringements of the ECOA, regulators have two principal
theories of liability: disparate treatment and disparate impact. Regulators often refer to the
"three-part burden shifting test" as a framework originated by the U.S. Department of Housing
and Urban Development to evaluate discrimination claims violating the ECOA and the FHA
(FDIC, 2021). Regulators use "three-factor" tests, and in certain instances, "four-factor" tests, to
identify whether a lender's policies result in higher denial rates or higher interest rates for
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minority borrowers (Federal Register, 2013). A three-factor test will look at differences in key
redlining variables while analyzing the presence of disparity facing protected classes. A
four-factor test incorporates the lender's business necessity for the policy. These tests often
involve regression analysis or chi-square tests to identify a statistically significant impact on
groups of underserved borrowers.

While no outline specifies how banks must lend to underserved communities, fair lending
laws and regulations mandate that banks cannot discriminate against loan applicants based on
their protected characteristics. Failure to comply with these laws and regulations may lead to
enforcement actions by federal and state regulators and private lawsuits by individuals
subjected to discriminatory lending practices.

Lenders also employ special purpose credit programs (SPCPs) to increase access to
credit and financial services for underserved communities and populations. These programs
typically involve partnerships between banks and community organizations, and may be
supported by government funding or other incentives. A typical program may include targeted
marketing and outreach efforts to underserved communities, as well as flexible underwriting
criteria and loan terms to meet the specific needs of the target population. Many SPCP's provide
financial education and other resources to help borrowers build credit and manage their
finances more effectively. Examples of special-purpose credit programs include programs to
support affordable housing, small business development, and community development projects.
These programs can play an essential role in increasing access to credit and promoting
economic development in underserved communities. Specific examples of SPCPs that banks
employ to support underserved communities are available within the Appendix.

Impact of Machine Learning (ML) Models on Fair Lending

We did a literature review to explore the benefits and risks of implementing machine
learning (ML) models in credit scoring, including addressing issues of credit invisibility among
minority consumers, the potential for discrimination in ML algorithms, and the use of fairness
processors to balance profit and fairness in credit scoring.

Courchane and Ross (2018) discuss the benefits and risks of implementing ML models
to replace traditional credit scoring methods. Alternative models utilizing a more significant
amount of data elements have the potential to broaden credit access to historically underserved
populations.

Breevoort, Grimm, and Kambara (2015) combined CFPB Consumer Credit Panel data
with Census and American Community Survey data for demographic information. It estimated
that about 15% of blacks and Hispanics are “credit invisible” compared to 9% of Whites and
Asians, signifying that they have no records at the national credit reporting bureaus. Because of
this, alternative data sources and modeling approaches like ML are needed to broaden access
to credit for minority consumers. However, this risk may not be eliminated if the data sources
have inherent biases.
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Fuster, Goldsmith-Pinkham, Ramadorai, and Walther (2021) examined the effects of
machine learning algorithms in credit markets using HMDA and McDash data from 2009 to
2013. It found that while ML models had higher accuracy, they also resulted in less lending to
minority borrowers, which may lead to discrimination. The study recommends that companies
using or planning to use ML algorithms also develop internal monitoring mechanisms to ensure
responsible and unbiased lending.

Kozodoi, Jacob, and Lessmann (2022) wrote the paper “Fairness in credit scoring:
Assessment, implementation, and profit implications.” It contributed to developing statistical
fairness criteria for credit scoring and explored algorithmic options for incorporating fairness
goals in the ML model development pipeline. The study suggests that reducing discrimination
while maintaining profit levels is possible and outlines techniques to help decision-makers
analyze the profit-fairness trade-off specific to their context.

Context - The Merger of BMO and Bank of the West

In 2018, the National Community Reinvestment Coalition (NCRC) filed a complaint with
the US Department of Housing and Urban Development (HUD), alleging that BMO Harris Bank,
one of the largest banks in the midwest, engaged in illegal redlining practices. According to the
NCRC's analysis, BMO's lending practices favored predominantly white neighborhoods over
predominantly non-white communities, even when controlling for income and other factors. The
complaint alleged that this resulted in a lack of access to credit and other financial services for
residents of non-white neighborhoods.

Controversy over the merger between BMO Harris and Bank of the West (BOW) centers
on concerns over both banks' lending practices to Black residents. The Fair Housing Center of
Central Indiana has opposed the merger, arguing that BMO Harris has a poor track record of
mortgage lending to Black residents, highlighting Marion County for evidence. Black
homeowners account for nearly 30% of Marion County. Still, from 2018 to 2021, only 10% of
applications for loans from BMO Harris were from black applicants, significantly lower than the
16% average from the county's top 50 lenders (Cheang, 2022). During the same timeframe,
BMO Harris' denial rate for Black homeowners in Marion County was 56%, a vastly different
number than white applicants' denial rate of 30%; additionally, the bank originated only 5% of its
loans to Black applicants from 2018 to 2021, the fifth worst rate of mortgage origination to Black
borrowers from all lenders in Marion County (Cheang, 2022).

The California Reinvestment Coalition (CRC) also raised concerns about the Bank of the
West's activities. Bank of the West lent to Black borrowers at a rate of 1.2% of originations
compared to the bank's peers, which lent to Black borrowers at 2.3% (CRC, 2022). The CRC
highlighted BOW's poor lending track record to Black borrowers, as well as the hundreds of
loans it made to predatory corporate landlords like Wedgewood Homes (a Los Angeles-based
real estate investment company that was sued by the California Attorney General in 2021 after it
was found to have unlawfully evicted tenants from properties purchased at foreclosure sales).
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Similarly, BMO Harris was criticized for helping to secure a deal for Invitation Homes, one of the
nation's most prominent corporate landlords, that has been investigated for negligence. The
community groups requested that regulators require a strong Community Benefits Agreement
(CBA) to be negotiated with community groups and enforced through Community Reinvestment
Act evaluations.

BMO Harris denied the allegations, stating that it has a strong record of fair lending
practices and is committed to serving all communities. However, the bank did agree to work with
the NCRC and HUD to address the concerns raised in the complaint. BMO Harris has taken
several steps to address the allegations of redlining that have been made against it. Some of
these steps include: conducting an internal review of lending practices, increasing lending in
underserved communities, investing in community development (affordable housing, small
business development, and other programs), improving internal diversity and inclusion, and
working with community organizations to better understand the needs of underserved
communities and to develop strategies for addressing those needs.

BMO Harris has taken steps to address these allegations and improve its lending
practices. However, the bank has a history of redlining that must be addressed. Financial
institutions must ensure that their practices are fair and equitable for all communities and
actively work to address any issues that may arise.

It is to be noted that Bank of the West does not have any officially documented history of
confirmed redlining and that they have worked with community groups to develop a Special
Purpose Credit Program mortgage product to target underserved BIPOC (Black, Indigenous,
and People of Color) homebuyers in California and commit $100 million for such loans (OCC,
2023).

4. Data

Sample Construction

The analysis sample was a census-tract-by-bank level dataset containing information on
census tracts in Arizona and California in 2021. We focus on these states because the Bank of
the West has a significant presence. Demographic information about tracts comes from the
United States Census Bureau.

We download loan-level data (the “HMDA” data) from the Modified Loan/Application
Register (LAR)11 from the CFPB website. We restrict the loans to applications in Arizona,

11 The Modified Loan/Application Register (LAR) is loan-level data for an individual financial institution, as modified by
the Bureau to protect applicant and borrower privacy. “A downloadable modified LAR file is available for every
financial institution that has completed a HMDA data submission in the selected year. The modified LAR data
represents the most current HMDA submission made by an institution.” (see
https://ffiec.cfpb.gov/data-publication/modified-lar/2022) or (see
https://ffiec.cfpb.gov/data-browser/data/2021?category=states)

https://ffiec.cfpb.gov/data-publication/modified-lar/2022
https://ffiec.cfpb.gov/data-browser/data/2021?category=states
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California, and to banks whose loan origination volume is within 50% and 200% of BOW’s loan
origination volume. This restriction ensures we are dealing with comparable banks. Next, we
aggregate loan-level HMDA data to bank-tract level. In doing this, we combine all other banks
as “competitors” of Bank of the West.

The final sample includes data on loan volumes, types, characteristics, and outcomes,
along with borrower demographics and local demographics. Therefore, it allows us to examine
their fair lending performance and identify potential areas for improvement.

Descriptive Statistics

The final dataset contains 13837 observations for 7511 unique census tracts in Arizona
and California. Of these observations, 4500 are associated with Bank of the West loans, while
the remaining 9337 are from all other banks in the dataset.12

- Loan Numbers (approved and accepted): The maximum number of approved loans in
a single census tract is 836, while the minimum is 1. It indicates significant variation in
loan volume across different census tracts. The average number of applications per tract
is 44.74, with a min of 1 and a max of 954, showing a considerable variation again.

- Denial Rate: Among all banks, the mean denial rate (denial_rate) is about 18%, which
indicates that, on average, 18% of loan applications in the dataset/tracts were denied.
The lowest denial rate in the sample is 0, meaning there were some instances where all
loan applications were approved, while the largest denial rate is 0.857, indicating that a
large proportion of loan applications were denied in some cases. Overall, the summary
statistics suggest that a significant proportion of loan applications are denied, and the
sample has a high degree of variability in denial rates. It is an important factor to
consider when evaluating fair lending practices across different census tracts.

- Average Approved Loan Amount: This variable describes the mean (average)
approved loan size as $482,531.43, and the standard deviation of approved loan sizes is
$998,587.47, indicating a considerable variation in the loan sizes. Overall, the summary
statistics suggest a wide range of approved loan sizes, with a large amount of variation
in the loan amounts. The median (50th percentile) loan size is smaller than the mean,
indicating that the distribution of loan sizes may be skewed to the right, with some
enormous loan amounts pulling up the average.

- Total Request Loan Amount: The mean of the sum of all requested loans in a tract is
$20,570,612. It can be used to compare loan amounts to other census tracts. Some
census tracts have higher loan amounts than others. We can combine this with median
income, minority percentage, or other relevant variables to see where questions arise.

12 In our regression analysis, we will use two derived datasets. When the outcome requires us to know
lending outcomes, we only use tracts where BOW and competitors are active. When we are examining
lending volumes, we augment the dataset to include tracts where BOW is not active and set the number
of loan applications to zero.
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- Approved Loan Interest Rate: The mean interest rate for approved loans is 3.14%, with
a minimum of 1.58% and a maximum of 7.68%. It suggests that there is variation in
interest rates across different census tracts, which signals a correlation to specific areas.

- Loan-to-Value (LTV) Ratio: LTV ratio expresses the ratio of a loan to the appraised
value or market value of an asset. In our analysis, the mean LTV ratio (mean_LTV) is
63.66%, with a minimum of 2.88% and a maximum of 1,815.71%. A 63.66%
loan-to-value (LTV) ratio means that a borrower has taken out a loan that is equal to
63.66% of the appraised value or purchase price of the asset that is being used as
collateral for the loan. This mean ratio is generally considered to be a fair and
reasonable LTV ratio in most cases. However, the max LTV ratios might be a recording
error from the raw dataset because it is unrealistic to have such a ratio.

Table 1 compares lending practices between Bank of the West and its competitors,
highlighting significant variations in the number, value, and interest rates of loans across
different bank tracts. Additionally, descriptive statistics for the entire dataset are provided.
Notably, the mean denial rate across all banks is approximately 18%, and Bank of the West has
a slightly higher denial rate than its competitors. Taking a closer look at the mean values for
Bank of the West (BOW) and its competitors, BOW shows a higher mean denial rate for loan
applications and a higher mean interest rate for approved loans.

Denial rate refers to the percentage of loan applications the bank denied, which varies
based on the loan product and purpose. Table 2 shows the denial rates for different loan
products and loan purposes offered by all other banks and Bank of the West. Something worth
noting is that Bank of the West has higher denial rates than all other banks in every loan type
and purpose. Therefore, stakeholders need to consider what caused such high denial rates from
this table and provide reasoning to back up the high rate or develop new strategies to mitigate
the possible fair lending issue.

Table 3 shows the median income of loan applicants for different loan products and
purposes offered by all other banks and Bank of the West. Bank of the West’s applicants has a
higher median income for most loan products and purposes. Besides, the median income of
FHA loan applicants is generally lower than conventional loans. FHA loans are a type of
mortgage loan that the Federal Housing Administration backs. These loans are designed to
make homeownership more affordable and accessible, especially for people with lower incomes
or credit scores. As a result, FHA loans may be more accessible to people with lower median
incomes than conventional loans.
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Table 1: Descriptive Variables of Whole Dataset

Means

Count Std Min Max All Obs
Bank of the

West
All Other

Banks

Loan Applications 13,837 54.44 1.00 964.00 44.74 3.38 64.67

Number of Approved Loans 13,837 46.54 1.00 836.00 37.49 2.39 54.40

Denial Rate 13,837 0.16 0.00 0.86 0.18 0.21 0.17

Average Approved Loan
Amount ($ Million) 13,837 1.00 0.02 55.25 0.48 0.48 0.48

Total Requested Loan
Amount ($ Million) 13,837 31.99 0.02 827.75 20.57 1.77 29.63

Total Approved Loans
Amount ($ Million) 13,837 28.30 0.02 638.74 17.81 1.31 25.76

Avg Approved Loan Interest
Rate 13,837 0.45 1.58 7.68 3.14 3.41 3.02

Avg Approved Rate Spread 13,249 0.38 -1.21 4.01 0.36 0.47 0.31

LTV (%) 13,833 19.76 2.88 1815.71 63.66 61.05 64.91

Table 2 Denial Rates by Product and Purpose

All Other
Banks

Bank of the
West

Loan Type Loan Purpose

Conventional

Cash-out refinancing 0.13 0.26

Home improvement 0.37 0.38

Home purchase 0.09 0.13

Other purpose 0.36 0.45

Refinancing 0.12 0.34

Federal Housing Administration
FHA

Cash-out refinancing 0.29 0.76

Home improvement 0.18 1

Home purchase 0.11 0.38

Other purpose 0.23 1

Refinancing 0.18 0.67
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Table 3 Median Income of Applicants by Product and Purpose

All Other
Banks

Bank of the
West

Loan Type Loan Purpose

Conventional

Cash-out refinancing 105 135

Home improvement 128 146

Home purchase 131 225

Other purpose 134 151

Refinancing 123 183

Federal Housing Administration FHA

Cash-out refinancing 75 69

Home improvement 51 79

Home purchase 80 91

Other purpose 29 36

Refinancing 28 83

Table 4 splits the data into 5 different quintiles based on the percentage of the
population that is not white (minority groups) for a given tract. The patterns for BOW and other
banks are quite similar: The fraction of loans (in units and dollars) declines dramatically across
the quintiles; approval rates for loans are generally high and have minor deviations across both
banks and for all minority rate quantiles.

Table 4 Minority Quintiles Loan Analysis

% of Loans Made % of Dollars Loaned Approval Rate (%)

All Other
Banks

Bank of the
West

All Other
Banks

Bank of the
West

All Other
Banks

Bank of
the West

Minority Rate Quantile

1 (Lowest) 32 29 32 33 85 71

2 37 35 36 35 84 72

3 19 18 19 16 84 71

4 10 14 10 12 84 69

5 (Highest) 3 4 3 4 86 70
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Table 5 examines how lending behavior in a census tract relates to residents' income in
the census tract. The results demonstrate that higher median income is associated with higher
loan approval rates. It might be because tracts of higher-income residents have more financial
resources and may be more likely to qualify for larger loans. In contrast, tracts where residents
have lower income may have more financial constraints, including lower credit scores, more
debt, and less stable employment. It may result in lower loan approval rates and smaller loan
amounts for tracts of lower median income quintiles. Overall, the relationship between median
income quintiles and approved loan amounts reflects loan applicants' financial resources and
creditworthiness in different income groups and the lending practices of banks and financial
institutions.

Table 5: Median Income Quintiles Loan Approval Analysis

Average Loan Portfolio ($ Millions) Approval Rate (%)

All Other
Banks

Bank of the
West

All Other
Banks

Bank of the
West

Median Income Quintiles

1 (Lowest) 10.13 0.39 80 65

2 16.31 0.64 82 67

3 23.99 0.65 84 68

4 33.02 1.07 87 71

5 (Highest) 65.56 2.43 89 72
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Maps

Before turning to our regression analysis, we consider visual evidence.

Figure 1 displays the logarithmic number of loans BOW made in San Francisco, CA.
The red dots signify tracts with a majority-minority population. This means that the percentage of
white people is less than 50% of the population in that tract. The darker the green shading, the
more loans the Bank of the West has in that tract. The shaded white tracts with red dots indicate
tracts where BMO Harris might want to increase lending activity.

Figure 1: BOW Loan Volume in San Francisco

(An interactive version of this graph can be found here)

Figure 2 displays the difference between the denial rate of the Bank of the West and all
other competitor banks. Dark red means the denial rate of Bank of the West is higher than all
other competitor banks, while green means lower. For San Francisco, there are generally more
green shades, meaning BOW has a lower denial rate for majority-minority tracts than
competitors for this city. The shaded red tracts with red dots indicate tracts where BMO Harris
might want to examine lending decisions.

Figure 3 repeats the same information for Los Angeles. The biggest issue to be noted
from LA’s maps is BOW’s lack of loans in the bulk of LA’s majority-minority tracts.

Interactive plots for other variables of interest can be found at
https://github.com/LeDataSciFi/FinTech-Capstone-2023/tree/main/images.

https://ledatascifi.github.io/FinTech-Capstone-2023/images/BOW_log%28numloans%29.html
https://github.com/LeDataSciFi/FinTech-Capstone-2023/tree/main/images
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Figure 2: BOW Denial Rates in San Francisco

(An interactive version of this graph can be found here)

Figure 3: BOW Lending in Los Angeles

Panel A: Loan Amounts Panel B: Denial Rates

https://ledatascifi.github.io/FinTech-Capstone-2023/images/denial_rate_percent_difference.html
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5. Analysis

Regression Analysis

As regulators often focus first on access issues (National Credit Union Administration,
2009), we first discuss pipeline issues. Building on the map-based discussion in the prior
section of how loan volume in a tract is related to the demographics of the tract, we now
formalize that analysis with regressions. Specifically, we estimate regressions of the form:

y = a + b*BOW + c* HighMinority + d*BOW*HighMinority
+ e*TractDemoVars + f*BankApplicantVars+u

where BOW is an indicator equal to one for BOW's observations. HighMinority is an indicator
equal to one if the tract is a "high minority" tract (precise definition depends on the model and
we elaborate later). TractDemoVars is a vector of tract-level controls, specifically log(1+Median
Household Income) and Poverty Ratio. BankApplicantVars is a vector of controls describing the
applicant pool BOW or its competitors have in a given tract, specifically Mean Loan to Value.
Depending on the table, y is an indicator for receiving any loans in a given tract, (logged) loan
volume, denial rate, or average interest rate spread.

The coefficient of interest in all regressions is d. This coefficient tells us how BOW's
lending changes in high minority tracts relative to low minority tracts, and compares this
difference to the corresponding change at competitor banks.

Table 613 focuses on BOW’s probability of receiving loan applications in minority census
tracts. First, the model for census tracts with a high Hispanic population shows how the
likelihood of receiving any applications is lower if BOW were present in that census tract and
higher probability if the census tract just has a Hispanic population over the median. The
negative coefficient of interest in this model (interaction term) suggests that census tracts
served by Bank of the West with a Hispanic population above the median Hispanic rate are
even less likely to receive loan applications. The model developed for black minorities follows
the same pattern, census tracts in areas served by Bank of the West are less likely to receive
loan applications, and census tracts with a black population above the median black rate across
all regions are more likely to receive applications (all other variables held constant). The
interaction term is also interpreted in the same manner. Census tracts served by the Bank of the
West with a black population above the median are even less likely to receive loan applications.
The model developed for Asian minorities follows a different pattern, census tracts served by the
Bank of the West are less likely to receive loan applications, and census tracts with an Asian
population above the median are also less likely to receive applications. In this case, the

13 Table 6 and Table 7 omit the inclusion of BankApplicantVars as control variables given that there are
tracts where BOW receives no applications, hence the bank related variables for these observations are
null.
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positive coefficient for the interaction term suggests that census tracts served by BOW with an
Asian population above the median are more likely to receive loan applications.

Table 6: Does the bank receive any applications?

Table 7 instead looks at the intensive margin; how many loan applications does a bank
receive in a tract? Judging by the coefficients of the model developed for Hispanic minorities, it
is apparent that the number of applications is expected to decrease in tracts where the Bank of
the West is active and when the tract has a Hispanic population above the median. The number
of applications is also expected to decrease when Bank of the West is present in the tract and
when the tract has a Hispanic population above the median. Nevertheless, it is also true that, on
average, the logarithm of the number of applications is 0.085 higher in areas where the Hispanic
rate is above the median. The loan application is for Bank of the West, compared to areas
where the Hispanic rate is below the median, and the loan application is not for Bank of the
West. Regarding the model developed for the black minority group, the number of applications
is expected to decrease when BOW is present in the tract, and they will increase in tracts where
the black population is above the median. Judging by the interaction term coefficient in this
model, the number of applications is expected to decrease if a given tract has a black rate
above the median and is serviced by the Bank of the West compared to a tract with a black rate
above the median and serviced by competitor banks. For the Asian minority group, the number
of applications is expected to decrease in tracts where BOW has a presence and in tracts with
an Asian population above the median. Regarding the interaction term for this model, the
number of applications is expected to increase in tracts where the Asian rate is above the
median Asian rates and the bank is BOW, compared to areas where the Asian rate is below or
equal to the median Asian rates and the bank is BOW.
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Table 7: Logged Application Volume

Now we turn to understanding the loan process. Table 8 explores how denial rates are
related to tract demographics. Column 1 represents the model developed for the Hispanic
minority group, and the denial rate will tend to increase in census tracts with a greater Hispanic
population than the median if Bank of the West is reviewing the given application. Nevertheless,
it is also suggested by the coefficient on the interaction term that in areas where Bank of the
West has a presence, the effect of being in a census tract with a Hispanic rate above the
median on the denial rate may be less robust than in areas where other banks are present.
Regarding the black minority models, the denial rate will also increase if the black population
exceeds the median. If the Bank of the West receives the loan application, and just like for the
Hispanic models, the effect of being in a census tract with a high black population on the denial
rate is less when the Bank of the West reviews the applications. Regarding the Asian minority
models, the denial rate will increase if BOW reviews the applications and decrease census
tracts where the Asian population is above the median. Judging by the interaction term
coefficient in this model, the effect of being in a census tract with an Asian rate above the
median on the denial rate may be stronger in tracts where BOW is present than in tracts where
other banks are present.

Finally, we examine loan pricing. Table 9 uses the average interest rate spread on loans
the banks approve in a tract as the dependent variable. The first model developed looks at how
interest rate spread is affected in tracts with a high Hispanic population. The average interest
rate spread is 2.66%, which will tend to increase if BOW is pricing the loans and if a tract has a
Hispanic population above the median. Judging by the interaction term of this model, it is also
apparent that the effect of being in a census tract with a Hispanic rate above the median on the
interest rate spread may be stronger in tracts where BOW has a presence than in tracts where
other banks are present. The average interest rate spread for Black communities is 3.067%,
which is higher than in Hispanic communities. This rate will increase if BOW is pricing the loans



19

and if a tract has a black population above the median. In the same manner, as the Hispanic
minority model, the effect of being in a census tract with a black population rate above the
median on the interest rate spread may be stronger in tracts where BOW has a presence than
in tracts where other banks are present. Regarding the model developed for the Asian minority
group, the average spread is 3.077%, which again will increase if BOW is pricing the loans and
if a tract has an Asian population above the median. In this case, the interaction term suggests
that the effect of being in a census tract with an Asian population rate above the median on the
interest rate spread may be less strong in tracts where BOW has a presence than in tracts
where other banks are present.

Table 8: Denial Rates

Interpreting regression models is crucial to understanding relationships between
variables and making informed decisions. Our analysis of multiple regression models shows
several key takeaways and areas of concern. Regarding the models that focus on the
probability of receiving applications, the negative takeaway is that census tract served by BOW
with a Hispanic or Black population above the respective median are less likely to receive loan
applications. The opposite can be observed for census tracts served by BOW with an Asian
population above the median. A positive take away from the models using the logarithm for the
number of loan applications is that census tracts served by the Bank of the West with a Hispanic
or Asian population above the median are associated with a higher number of loan applications.
This is not the case for census tracts with a black population above the median, which is
associated with lower numbers of loan applications. The positive takeaway from the denial rate
models is that for census tracts with black and Hispanic populations above their respective
medians, and where BOW has a presence, the effect on the denial rate may be less strong than
in areas where other banks are present. Nevertheless, an area of concern could be that for
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census tracts with an Asian population above the median where BOW has a presence, the
effect on the denial rate is stronger than in tracts where other banks are present. The positive
take away from the interest rate spread regression models is that for the Asian minority group,
the effect of being in a census tract with an Asian population rate above the median on the
interest rate spread may be less strong in tracts where BOW has a presence than in tracts
where other banks are present. This is not the case for the Hispanic and Black minority groups,
where the effect of being in a census tract with a black or Hispanic population rate above the
median on the interest rate spread may be stronger in tracts where BOW has a presence than
in tracts where other banks are present.

Table 9: Interest Rate Spread

6. ChatGPT Loan Officer
The mortgage lending industry is undergoing a technological revolution, with new

developments in artificial intelligence technology (AI) and other technologies poised to reshape
how loans originated and were underwritten. AI, in particular, has the potential to transform the
lending process by improving accuracy, streamlining workflows, and enhancing the customer
experience. However, as with any new technology, there are opportunities and shortcomings to
consider. This section of the report will explore the role of developing technologies, including our
experiment using OpenAI’s ChatGPT and API.

To explore the potential of AI, we experimented using OpenAI’s ChatGPT and API to
determine whether the system could accurately assess and approve or deny loans based on
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specific variables. We began by selecting 100 random loans from our census tract-bank dataset
with specific variables such as ‘loan_amount’, 'loan_purpose', 'property_value', 'income',
'total_units', and more. We then tasked ChatGPT with writing code that would accept or deny
these loans based on the selected variables, excluding any demographic information. If
ChatGPT accepted a loan, it had to provide an interest rate it would charge.14

The results are in Table 10 Panel A. The "Approval Rate" column shows the percentage
of loans that ChatGPT approved. The "Interest Rate" column shows the average interest rate
ChatGPT charges for loans approved in each demographic group. The t-stat column shows the
results from an Unequal Variance t-test comparing "No Race" to each of the other inputs.

Our first trial, "No Race," fed the raw application data to ChatGPT without information
regarding the loan applicant's race. Relative to the real outcomes ("Original Data"), ChatGPT
rejects more applications and suggests a higher interest rate. We viewed this test as a
"calibration" test. Differences between "No Race" and "Original Data" are likely due to
ChatGPT's more accurate pulse on the economy and lending conditions than loan decisions
made in 2021.

We repeated this exercise two more times to test for consistency and randomness with
ChatGPT's outputs. We recognized that the results were all statistically similar and had very
similar average interest rates. This instills confidence that the decisions made by ChatGPT were
not made in complete randomness but instead were determined based on the inputs provided.

Then we resubmitted the loans to ChatGPT but added demographic information. We did
this for "White," "Black," "Hispanic," and "Asian," where a new column was added to the dataset
that said every applicant was of that race. Looking at the results for the "White" and "Asian," the
resulting t-stats are -0.69 and -1.47, implying that the mean interest rate for these demographics
is not statistically distinct from the rates in the "No Race" experiment. Looking at the results for
"Black" and "Hispanic" applicants, the t-stats are -6.94 and -5.25, respectively, implying that the
mean interest rates for these pseudo-applicants are not statistically similar to the rates charged
for "No Race" applicants.

Based on our results, we attempted to reduce the bias ingrained in our original prompt
results. In Panel B Table 10, we used the same prompt but added the caveat that the AI should
use no bias in making its decision, changing the prompt question to "You should use no bias in
making this decision. Should this loan be granted? If so, at what interest rate?" These results
differed significantly from the results seen in Panel A. Comparing the new results to the "No
Race" results. Each test resulted in t-stats below the typical thresholds.

14 2.6% of the approved loans across our experiments had no listed interest rate.
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Table 10: ChatGPT Loan Officer

Panel A: “Given the following loan data:...
Should this loan be granted? If so, at what interest rate?"

Panel B: “Given the following loan data:... You should use no bias in making this
decision. Should this loan be granted? If so, at what interest rate?"

Looking forward to the possibility of AI technology being used in practice for loan
decision-making, our results raise some red flags. Using the same loan information yet
changing the race assigned to the “applicant” yielded very different results in how many loans
were accepted and the interest rates charged, indicating that the AI had an inherent bias.
Additionally, the drastic change in the results by adding a simple change in the prompt of “You
should use no bias in making this decision” sheds concern on how AI platforms analyze data,
and there is significant importance to training the data properly and creating a prompt that shies
away from adding any bias into the results.
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7. Conclusion
In conclusion, this report comprehensively analyzes Bank of the West's (BOW) lending

practices and its acquisition by Bank of Montreal Harris (BMO Harris) in California and Arizona
during the fiscal year 2021. The report aims to promote fair lending practices and eliminate
discrimination in credit lending. Through our analysis of loan data from HMDA, census tract
data, maps, and regression models, we found that BOW's lending practices vary depending on
the demographic makeup of the census tracts it serves. Specifically, we found that BOW's
presence in census tracts with many Hispanic or Black people is less likely to receive loan
applications. In contrast, the opposite is true for the Asian population. Additionally, the
experiment with OpenAI's ChatGPT and API highlighted the importance of avoiding biases in
loan decisions, particularly when using AI and machine learning technologies, to promote fair
and unbiased lending practices for equitable access to credit.

Overall, this report provides valuable insights into BOW's lending practices and
emphasizes the importance of promoting fair and unbiased lending practices to ensure
equitable access to credit for all borrowers. Our analysis underscores the need for proper data
training, compliance with regulations, regular audits, and ongoing monitoring to avoid biases in
lending decisions. As the financial industry continuously evolves and new technologies are
introduced, staying current with the latest trends and best practices is crucial to ensuring fair
and unbiased lending practices.
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Appendix

The Impact of ChatGPT

ChatGPT has played a significant role in the Lehigh University Spring 2023 FinTech Capstone
project. ChatGPT is a large language model trained by OpenAI that uses deep learning
algorithms to generate natural language responses to text input.

While the team members have the required coding expertise, the team found that ChatGPT acts
as a supportive tool to debug the code and generate some code for specific requests. The
support provided by ChatGPT has undoubtedly increased the team's overall capability in the
project, allowing them to delve deeper into the project's technical aspects without being limited
by their knowledge or experience. Overall, ChatGPT has made the workflow of the FinTech
Capstone project team smooth and quick, enabling them to complete their project effectively
and efficiently.

In conclusion, the team's ability to leverage the power of ChatGPT has helped them gain
insights into their project that they may only have discovered with the input of an intensive
amount of time. Therefore, ChatGPT has been a crucial support tool for the FinTech Capstone
project team.

Replication - Github

The repository at https://github.com/LeDataSciFi/FinTech-Capstone-2023/ contains the code to
reproduce the datasets and analysis in this report.

https://github.com/LeDataSciFi/FinTech-Capstone-2023/
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Special Purpose Credit Programs

Bank Name Details Attestation

First
Republic

Bank

Eagle Community Home Loan Program - made more than 10,400
Eagle Community Home Loans totaling $4.6 billion, and 55% of
these loans were made to minority individuals.

Minority
Race

Attestation

MUFG
Union Bank,

National
Association

(125 grant recipients, $2 mill in grants) MUFG Union Bank
Community Recovery Program (CRP), a $10 million initiative to
support nonprofit organizations that are dedicated to social and
economic justice within communities of color.

Any race

PNC Bank,
National

Association

Community Benefits Plan to provide $88 billion in loans,
investments, and other financial support to bolster economic
opportunity for underserved individuals.

Low income
or

community
of color.
Any race

technically.

Citibank,
National

Association

Citi is allocating $50 million to its own impact investment fund that
supports exclusively Black business owners. Citi is also putting
down some $550 million toward affordable housing.

Of color

Homebridge
Financial
Services,

Inc.

No specific program. Diversity and equity program for internal
corporate structure and employees. N/A

Bank of the
West

Work with community groups to develop a Special Purpose Credit
Program (SPCP) mortgage product to target underserved BIPOC
homebuyers in California and commit $100 million for such loans.

BIPOC
(Black

indigenous
and people

of color)

Charles
Schwab

Bank, SSB

Community Reinvestment Act program, the company serves the
credit needs of communities in which it operates by offering loans,
investments, grants and services to support affordable housing,
small business and sustainable job creation, and financial
education. Since its inception in 2004, Charles Schwab Bank, SSB
has invested, lent, and granted over $2 billion to underserved
communities.

Of Color

Movement
Mortgage,

LLC

Black American Homeownership initiative landing page (campaign
launched in 2019 to raise awareness of the gap in homeownership)

Of color
(Black

Americans
primarily)
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Navy
Federal

Credit Union

Provide credit lending assistance for black homeowners who are
current or former military service members.

Black
households

Guaranteed
Rate Affinity,

LLC

This new initiative aims to make homeownership more accessible
by providing up to $8,000 in assistance to underserved potential
homebuyers. The program expands home purchase opportunities
by helping more people overcome accessibility challenges such as
deposit minimums and move-in repair and maintenance costs.

Of color
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