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SWIMMING IN THE DEEP
END: AN INTRODUCTION TO
DEEP LEARNING FOR BANKS

Benjamin Waters
VP, Senior Quantitative
Modeling Analyst
BOK Financial

The Rise of
Deep Learning
In recent years, Deep Learning
has contributed to advances in
areas ranging from speech/object
recognition to language translation
and various forms of classification
(binary and non-binary), with commercial
applications in health care, genomics,
security, advertising and finance. One
might characterize the early days of artificial
intelligence as being mostly concerned
with problems that were easy to formalize
mathematically but too computationally
demanding for humans to solve. In contrast, the
current era of Deep Learning has made it possible
for artificial intelligence to perform tasks that are
difficult to formalize mathematically but that humans
could solve intuitively (e.g. facial recognition). Deep
Learning modeling techniques can solve the latter
sorts of problems by not only extracting patterns from
raw data, as with more conventional Machine Learning
techniques, but also representations of more abstract
features that can be difficult to define otherwise.
Deep Learning refers to a collection of modeling
practices within Machine Learning that typically involve
training multi-layer neural networks to perform tasks in
the context of a supervised learning paradigm. In such
networks, “layers” of inputs are linearly combined
to form “neurons” according to a series of weights,
as in multi-linear regression. The values associated
with these neurons are then passed to a series of
(frequently non-linear) “activation functions” which
in turn produce the input values for subsequent
layers. The algorithms developed for training such
networks attempt to identify a weighting scheme
for defining neurons that can extract features
useful for modeling outcomes, as measured in
terms of some predetermined “loss function”
(used to define network error). In practice,
the algorithms employed by Deep Learning
practitioners during the training process

Tally Ferguson
SVP, Director
Enterprise Risk
BOK Financial

seldom produce weights that are truly optimal, but
rather are good enough for application purposes.
Networks are then said to be deep and broad insofar
as they contain a larger number of layers and neurons
per layer, respectively. Accordingly, networks with
sufficient depth and breadth with thousands (and
sometimes millions!) of neurons have the internal
representational capacity needed to uncover the
abstract features latent in raw data that other more
conventional Machine Learning techniques struggle
to find. As a general rule, more complex networks
that are deep and broad require bigger datasets
during the training process, along with some form
of regularization to control for the possibility of
over-fitting to the larger number of weights internal
to such networks. Although the algorithms used to
train such networks have been known to artificial
intelligence researchers for decades, the big datasets
and computational resources needed to effectively
leverage the increase in representational capacity that
they represent have only been available more recently
with the advent of Big Data.

Significance for Banking
Some of the more celebrated achievements in Deep
Learning have occurred outside finance in solving tasks
that involve object recognition and natural language
processing. Nevertheless, banks and other financial
institutions are well-positioned to benefit from Deep
Learning practices, which can play a role in a wide
variety of banking contexts—from line-of-business
pricing strategies to credit/market risk management
practices and fraud mitigation. Banks are replete with
predictive analytics challenges that take the form of
classification with regards to account performance/
origination, early warning detection, default, and
fraud. Other problems that are frequently modeled in
terms of a time series (e.g. mortgage prepayment) are
excellent candidates for specialized recurrent network
architectures that are designed to process data in
sequence. >>
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Furthermore, banks are already accustomed to managing
large amounts of data for pricing, risk management
and compliance purposes. The significance of this
point cannot be overstated since the real power of
Deep Learning modeling techniques ultimately derives
from the data itself and not the algorithms used to
configure internal network parameters. Indeed, the skill
required for effectively training such networks typically
decreases as the size of one’s data set increases. Deep
Learning transforms data that might only be retained
for auditing purposes into a valuable asset that can be
used to improve operational efficiency without incurring
the additional expense of purchasing an off-the-shelf
product.

to estimate the value of its pipeline of locked loans, and
effectively hedge the interest rate risk that such rate-locks
represent, BOKF contracted with an external vendor
to estimate baseline and rate scenario loan-level pullthrough rates for its mortgage pipeline. BOKF’s internal
model validation team subsequently discovered in 2017
that these estimates underestimated the true borrower
rate of pull-through, with consequences for the accuracy
of BOKF’s pipeline valuation estimates and hedging
program. Consequently, Deep Learning practices
were applied in 2018 toward the goal of developing a
challenger model that could more accurately provide
baseline and rate scenario pull-through estimates for
BOKF’s pipeline of locked loans.

Finally, Deep Learning practices can be naturally
assimilated to an existing program of Machine Learning
within banking. In truth, Machine Learning techniques like
regression, decision trees and support vector machines
(along with other forms of statistical modeling) have
frequently been used to model credit risk, strategic/
economic scenario analysis and time series forecasting.
Many banks and other financial institutions are already
familiar with some of the best practices needed to
successfully incorporate Deep Learning simply by virtue
of the industry’s experience with other forms of Machine
Learning in carrying out such vital functions.

Variables recorded in BOKF’s mortgage loan origination
system were utilized during the training process,
including (borrower) credit score, loan-to-value, debtto-income, principal, origination channel, loan program,
rate lock type, purpose, number of lock days and
number of days to lock expiration. In addition to these,
other variables were obtained/calculated from market
history to indicate how mortgage rates had changed
since the original lock date. However, since BOKF had
only a few years of locked loan history—representing
(approximately) 60,000 unique loan-level outcomes—it
was determined that there was not enough data to train
a single network big enough to capture all the dynamics
associated with pull-through, which can vary considerably
as loans reach certain stages (or milestones) signified
by key events that typically occur during the origination
process. However, there was enough history to train
four different networks corresponding to four different
stages that partition the origination process, so that
each network only had to specialize in the pull-through
dynamics associated with its stage.

A Case Study in Predicting Mortgage PullThrough
BOK Financial (BOKF) is a $38 billion financial services
company based in Tulsa, Oklahoma. The company’s stock
is publicly traded on NASDAQ under the Global Select
market listing. Through its subsidiaries, BOKF provides
commercial and consumer banking, investment and trust
services, mortgage origination and servicing, and an
electronic funds transfer network.
As part of its mortgage origination service, BOKF locks
in fixed-rate mortgages for customers that are sold to
the Government Sponsored Entities (GSEs) Fannie Mae,
Freddie Mac, and Ginnie Mae in the secondary mortgage
market. However, from the time loans are rate-locked to
the time at which they settle for delivery, BOKF bears the
risk of borrowers failing to pull-through the mortgage
origination process prior to close. Failure to pull-through
can occur for a number of reasons, but most frequently
happens as a result of either underwriting denial or
borrowers voluntarily withdrawing their rate-lock,
possibly out of a desire to lock in a lower rate. In order

Network

Hence, four deep networks were trained using a few
years of labeled history to estimate loan-level pullthrough rates, with the training set for each network
drawn exclusively from history corresponding to its stage.
The relevant stages were defined in terms of whether
a loan had been sent for review to the Processing
Department (“Processing”) or Underwriting Department
(“Underwriting”); whether the borrower had met the
conditions for initial approval (“Initial Approval”) or final
approval (“Final Approval”); and if the origination process
had progressed to the point where closing documents
had been drawn (“Pre-Closing”). The table below
summarizes the milestones that define the loan types
used for training each of the four networks: A, B, C,
and D. >>
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