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Abstract

Artificial intelligence (Al) systems are providing a new opportunity to financial service firms to develop
distinctive capabilities to differentiate themselves from their peers. Key to this differentiation is the ability to
execute business in the most effective and efficient manner and to take the smartest possible business decisions.
Al systems can process large amounts of data with levels of accuracy and consistency that is not possible for
humans to achieve, providing a route to more accurate predictions and data-driven analytical decision making.
In this paper, we discuss the benefits of Al for improving data analytics and decision-making, current and
potential applications of Al within financial services, operational challenges and potential solutions for Al
adoption, and conclude with the requirements for successful adoption of Al systems
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1. Introduction

Advances in artificial intelligence (Al) technologies have seen a step change over the past 10 years, leading to
substantial digital disruption of the business world. Al is providing firms with new opportunities to develop
distinctive capabilities that can be used to differentiate them from their peers. Key to this differentiation is the
ability to execute business in the most effective and efficient manner and to take the smartest possible business
decisions. Using advanced technologies, such as Al, to support a firm’s distinctive capabilities is instrumental in
achieving this end [Davenport and Harris (2017)].

Despite being a quantitative field, the financial services industry was initially slow to adopt Al, when compared
to other functions such as marketing and supply chain management, for example. Adoption rates have, however,
improved in recent years, and the financial services industry was reportedly among the top three users of Al in
2018 [Chui and Malhotra (2018)]. Al is now being used for compliance, risk management, credit rating and loan
decisions, fraud prevention, and trading/portfolio management, among others. In 2016, for example, JPMorgan
Chase used Al-based software to analyze commercial loan contracts, and it was able to analyze 12,000 loan
documents within seconds, compared to 360,000 human hours for the same task [Economist (2017)].

Historically, decision-making in financial service firms has largely been reliant on a combination of descriptive
analytics (such as reports, scorecards, and dashboards) that only provide information about past events and
predictive analytics (such as linear regression analysis) using historical data to understand patterns and predict
the future. These techniques rely on data generated from past events and lack the sophistication to handle the
vast quantity of data required for more accurate predictions [Davenport and Harris (2017)]. With the advent of
big data there is a ready supply of data for more accurate predictive decision-making. However, this big data is
frequently unstructured and is constantly changing at a rapid pace. Al systems have been designed to process
large amounts of data with levels of accuracy and consistency that are not possible for humans to achieve [Wall
(2018)]. Consequently, the application of Al for data analytics makes it possible to generate more accurate
predictions and solving time variant problems [Bahrammirzaee (2010), Buchanan (2019)]. Makridakis (2017)
suggests that the increasing use of Al will result in interconnected firms and decisions based on advanced
analytics and extensive use of big data, promising widespread competitive advantage to the firms employing the
new technology.

2. Benefits of Al for Decision Making

For many firms, the key driver of adopting Al-based systems and technologies is cost reduction. In a global
survey conducted by Deloitte, covering 1,219 executives from 24 countries, around 76% of the respondents
stated that adoption of Al was aimed at reducing costs and increasing productivity. 36% of the respondents
reported that Al capabilities met expectations while 47% reported that they exceeded expectations. !

Using Al in the workplace enables more efficient operations, which ultimately results in cost-savings. It allows
automation of mundane and repetitive tasks, allowing employees and managers to spend more time decision-
making and developing action plans for the future [PwC (2019a)]. PwC reports an average improvement of 40%
in volumes with just ‘2’ staff members along with 200 virtual assistants achieving the output of 600 full-time
employees. PwC undertook the automation of 3 million transactions per month, which translated into a 200%
return on investment (Rol) in one year, and 35% automation of their back-office work has brought 650-800%
Rol in 3 years. They witnessed a 76% improvement in processing times [PwC (2019)a].

PwC is also using Al to combat cyber-attacks. According to a Global CEO survey, 76% of U.K leaders see
cyber security as the second largest threat their businesses faces. PwC uses a digital game that stimulates the
experience of a cyber-attack for the employees. This helps employees detect cyber-attacks cases faster and be
better prepared to deal with such an attack [PwC (2019b)].

Thus, from the above examples and statistics, it is clearly visible that there is great scope for transforming the
way firms operate using Al If the Al technology is used effectively, it can boost organizational performance
through improved efficiency, consistency in operations, and allowing employees to focus on taking actions in
light of the available analysis rather than spending workhours on the analysis process itself. This provides the
firm with a more focused approach to making faster and smarter decisions.

!'It is reported that a Fortune Global 100 Biopharma company that set-up an Al/Cognitive center of excellence
(CoE) realized 10-15% savings on its baseline costs [Aguilar and Girzadas (2019)].
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In the following sections, we will discuss existing and potential applications of Al systems, with specific
examples pertaining to financial services, the operational challenges and solutions for Al adoption in financial
service firms, and the requirements for successful Al adoption.

3. Potential and Existing Applications of Al for Financial Services
Al has already been applied in a wide range of financial service functions from auditing to assessing market
risk. Some of these will be discussed below.

3.1 Auditing

Given the growing population size and increased complexity of transactions, the use of Al in auditing appears
inevitable. Over the last two decades complex Al systems have been developed, in the form of expert systems
and neural networks, to assist auditors in decision-making. The primary objective of the development and
adoption of these Al-based systems is to eliminate potential bias and omissions that may occur in manual audit
processing [Omoteso (2012)].

When using Al systems, it is important that auditors do not over-rely on Al decision recommendations, but use
them as an aid to inform their decision-making. This is because current Al cannot replicate the versatility or
judgment of the human auditor. However, use of Al systems ensures efficiency and effectiveness, consistency,
improvement in decision making accuracy, and reduced decision-making time. For example, a study of 96
auditors to test the value add of using an expert system to help assess the risk of management fraud found that it
enhanced the auditor’s ability to discriminate between various levels of management fraud compared to the use
of traditional checklists and logit statistical models [Omoteso (2012)].

3.2 Credit Rating

Credit-reporting firms such as Experian PLC, Equifax Inc., and TransUnion have been using Al to improve
identity verification. The main driving factor for this shift is the growing amount and complexity of information
that needs to be analyzed in describing and verifying the identity of a person. For example, Experian has a
database of around 1.2 billion consumer credit-history records. Using Al technology will allow Experian to
verify the identity of a customer more effectively while asking fewer questions. One way in which this is
achieved is by analyzing a number of data points when a person enters their username and password for internet
banking. The data points would include analyzing the IP address, device identifiers, speed of entering the
details, etc. [Council (2019)]. Experian has been working on the development of the Al technology for 18
months and during the testing phase it was seen that around 20% of the identities it believed were fake
previously, turned out to be true while 5% of the identities they believed were real, turned out as fake.

3.3 Mergers and Acquisitions (M&A)

Al is rapidly redesigning the way M&A transactions are being undertaken. Traditionally, M&A required tedious
calculations using excel spreadsheets and the manual review of documents and contracts that were extremely
time consuming. Now, with Al powered analytical tools it is possible to undertake a real time in-depth analysis
of the specific elements of the target company. Such manual work is not only time-consuming and costly but
can also lead to important information contained in several amendments and pages to be over-looked or missed
[Deloitte (2018)]. Al based tools allow for quick and accurate calculations and swift extraction of relevant
provisions. Young et al. (2018) suggest that Al systems can be used for all transactions and phases during an
M&A cycle — diligence, negotiation, and post-merger integration, as well as for divestiture and spin-off
decisions.

= Due diligence: during the due diligence step, Al tools enable real-time and accurate financial analysis of
the target company. It makes it possible to get a better understanding of the target’s real growth-drivers and
undertake more in-depth analysis of their customer retention efforts and profit margins at the group as well
as business section levels; for example, by product, geography, type of consumer, etc.

= Negotiation: Al tools provide more in-depth and valuable details during the due diligence and contract
review process, enabling the deal team to quickly decide whether to further engage with the target
company, provide a counteroffer, etc. The tool also identifies the potential risks involved.

=  Post-merger integration: Al tools play a crucial role post-merger in identifying opportunities for synergies
and growth potential, as well as contributing to business optimization strategies.

Al can achieve all this with cost savings of up to 20% and in nearly half the time [Young et al. (2018)].



3.4 Insurance

Insurance companies have been investing in Al technology in earnest since 2014, with key growth areas
including robotic process automation, deep learning, embedded solutions, machine learning, video analytics, and
natural language processing [Jubraj et al. (2018)]. Al can be applied across all insurance functions, from the
front to the back office. It is estimated that Al can help the insurance sector achieve cost saving of up to
U.S.$390 bln by 2030 [Nonninger (2019)]. In the front office, Al can be used in the form of chatbots to speed-
up and streamline the claims process for consumers and mitigate the number and magnitude of fraudulent claims
for the insurers. Insurance companies can also use Al to improve operational efficiency, by, for example,
analyzing vast amounts of data to calculate a more accurate pay-out amount. Intelligent First Notification of
Loss (i-FNOL), for example, uses computer vision and machine learning that analyses images of an accident to
establish who was at fault [Jubraj et al. (2018)]. In the middle office, Al plays an important role in improving
fraud detection and in the back-office it plays a crucial role in risk assessment and accurate calculation of claim
amounts (Nonninger, 2019).

Insurance companies are also using Al to get a better understanding of insurance risks to improve pricing and
for developing new products. In the case of property insurance, Al is being used to analyze building permits for
code violations, structural modifications, etc. Insurance companies are also trying to speed up claim processes
by allowing people to send images of damage via an app. While the adoption of Al in the insurance industry is
still in the early stages it has a vast potential for presenting new competitive opportunities [Murawski (2019)].

3.5 Anti-Money Laundering (AML) Compliance

Adoption of Al for AML compliance has been slow compared to other areas of financial services. However,
interest in this area is increasing due to pressures from increased volumes of international transactions, frequent
changes in regulatory requirements, and the use of economic sanctions by governments. The workload in the
AML compliance and know your customer (KYC) space is continuously increasing. Banks and financial
institutions have to hire large numbers of employees due to the manual nature of this tedious and time-
consuming work. The banks face several important challenges, such as high numbers of false positives, poor
data quality, and manual updating and comparison processes [Breslow et al. (2017)].

To improve efficiency and effectiveness, banks have been investing heavily in three areas: data-aggregation
platforms, Al-based statistical modelling tools, and Al-based visualization tools. These steps are expected to
reduce error rates by up to 30%, bring down false positives from 90% to under 50%, and reduce the risk of
being penalized [Breslow et al. (2017)]. HSBC recently partnered with a start-up providing Al-based solutions
for automating their AML compliance processes with the aim of improving efficiency. Since implementation,
HSBC has seen a 20% reduction in the number of cases referred for further investigation [Irrera (2017)].
Similarly, when United Overseas Bank (UOB) launched an Al pilot program for AML compliance, for
transaction monitoring it saw a 5% increase in true positives and a 40% decrease in false positives. Furthermore,
in individual/corporate name screenings, the bank observed a 60%/50% drop in false positives. Operational
efficiency rose by 40% [Singh et al. (2018)].

3.6 AI and Market Risk

Market risk refers to the risk associated with trading and investing in financial markets. Trading in financial
markets involves the use of risk management models and Al has been used to perform stress tests of such
models — also known as model validation. Investment firms are making use of unsupervised learning of the Al
systems to identify new patterns of relationship between financial assets. Al systems also play an important role
in helping trading firms gain an understanding of the impact of their trading on market pricing. These firms are
making use of clustering methods to avoid large exposure in illiquid markets [Aziz and Dowling (2019)]. These
advanced Al systems can notify investors to change their trading patterns whenever necessary. The primary
advantage of using Al capabilities, as opposed to manual trading advice, is that the system can provide real-time
feedback and analyze far more data to improve predictions [Aziz and Dowling (2019)].

We can see from the preceding sections that Al has a vast and diverse potential to improve how businesses, and
in specific financial services companies, operate and grow. However, firms may face several barriers in
implementation. The next section will elaborate on such barriers and detail the existing and potential measures
to overcome them.

4. Operational Challenges and Potential Solutions for AI Adoption

Despite the many benefits associated with the use of Al, there are various barriers to its implementation that
need to be identified and effectively managed in order to fully benefit from its application with financial
services.



4.1 Availability of Data

The basic requirement for implementing Al is the availability of a large labelled and categorized dataset. The
full benefits of Al cannot be realized unless there is a rich set of data available, since Al systems are not
programmed but “trained” on this vast dataset. In some domains, organizing and labelling large data sets could
be challenging. One solution to this problem is the use of unsupervised or semi-supervised approaches to “train”
the system. This could include two methods:

= Reinforcement learning: this technique involves training the system through trial and error. It uses the
“carrot and stick” methodology — the system or algorithm receives a reward (such as a high score) when it
successfully performs a task and low score otherwise. Microsoft used this method for its decision services
to adapt to user preferences. Another potential application of this method is in the use of Al- driven
portfolio management, where the score is based on the gains and losses in value.

=  Generative adversarial networks (GANs): under this technique two systems compete against each other
to improve their understanding of a concept. GANS train a generative network by framing the problem as a
supervised learning problem with two sub-models: the generator network that we train to generate new
examples, and the discriminator network that tries to classify examples as either real (from the domain) or
fake (generated) [Brownlee (2019)].

4.2 Explainability and Transparency

Another challenge arises from being able to explain how the Al system has arrived at a solution or decision.
This is particularly a drawback in cases where the user needs to know the reason behind a particular prediction
and the prioritization process of key decision criteria that led to the decision outcome. This can important for
lending decisions in the European Union (E.U.), where under the guidelines of General Data Protection
Regulation (GDPR) citizens have a right to know how the decision was derived. Two techniques used to make
Al more transparent include:

= Local interpretable model agnostic explanations (LIME): LIME identifies the parts of the input that
were most relevant to arriving at a decision

=  Attention techniques: these highlight the parts of the input that the model focused on while arriving at a
decision.

4.3 Challenge of exclusivity

Unlike humans, Al systems are not able to transfer their learning from an experience or task to another. Thus,
whatever the system has achieved working on a task remains exclusive to that task. For another task the
company would have to train another model. This can be overcome through the following techniques:

= Transfer learning: here, the Al model is trained to complete a task and apply the learning to a different
activity. This technique can allow diverse functionality.

= Generalized structure: this method involves the use of a generalized structure to train a model to solve a
number of problems instead of just one.

= Meta-learning: this technique can be used to automate designing of the neural network itself. Google has
developed AutoML for this purpose. This reduces the workforce requirements of designing a new model for
different tasks.

4.4 Shortage of Skilled Workforce

Another critical challenge facing financial services firms in adopting Al is the acute shortage of skilled
workforce. A McKinsey report states that there are approximately 10,000 Al-related job vacancies globally.
Adoption of Al in financial services has picked up speed due to high technical feasibility and nature of work,
i.e., working with large amount of structured data. For example, Al-optimized fraud-detection systems is
expected to be a U.S.$3 billion AI market by 2020 [Bughin et al. (2017)].

5. Requirements for Successful Adoption of Al systems
There are several broad prerequisites for the successful adoption of Al systems.

First, is the availability of a vast amount of historical data. The Al system uses this data to understand patterns
and behavior over time to reach a decision or to predict the future occurrence of an event. A lack of big data will
limit a firm’s ability to fully capitalize on the potential Al offers.



Second, the quality of the Al-based analysis and predictions will depend on the level of human skills available
to design the systems. If there is an error in the algorithm or if the data is “labelled” in a faulty manner, this too
will hamper the quality of the output [Davenport and Ronaki (2018)].

Third, firms must acknowledge that not all applications of AI will be successful. Firms need to be careful
leveraging any technological advantages of the new systems. Many Al projects have failed due to a high level of
expectation and overambitious objectives. Firms must understand which technology will be best for which task -
one size does not fit all. Firms should rank in order of priority the portfolio of projects based on the needs of the
business and viability of use. The best approach to initiate the adoption of Al is an incremental approach rather
than transformative. Firms must use the technology to support human capabilities rather than immediately
attempting to replace them [Davenport and Ronaki (2018)].

Fourth, AI helps provide employees with accurate data and good quality predictions, enabling firms to make the
smartest possible decisions. This kind of intelligence will be of lesser value if decisions cannot be made quickly
in response to a situation. This is most likely to occur in firms with a rigid senior level approval or
authorization-based structure. It is imperative that in modern firms, employees at all levels have some degree of
decision-making power, especially in cases of critical and time sensitive issues. While it is not possible for every
employee to be a data scientist, the firm adopting the use of Al must train its employees to at least have some
basic knowledge of how to use and interpret data and the new Al systems. Otherwise, the extensive availability
of data and decentralized decision-making would be of no real value to the firm [Fiore (2018)].

These requirements will take time for a financial services firm to address. Consequently, the Al adoption
journey is likely to comprise of a number of stages. Thomas Davenport argues that firms are likely to transition
through three stages of Al adoption:

Stage 1: Assisted intelligence: during this stage, companies utilize big data programs, cloud-based
technologies, and science-based approaches to make data-driven decisions. The utility of assisted intelligence is
to assist humans in doing routine tasks faster. The human is still taking some of the key decisions and Al is
executing the task.

Stage 2: Augmented intelligence: this stage involves developing the machine learning capabilities using the
existing information management systems to support human analytical competencies.

Stage 3: Autonomous intelligence: this is the stage of achieving automation in processes. Al is used to digitize
processes and actions. In this stage, the machine, bots, and systems can take decisions from the information,
algorithms, and intelligence used to develop the machine learning [Mittal and Kuder (2019)].

Thus, the firm will begin the Al journey using assisted intelligence and as they become more technically
advanced, they would transition to the use of augmented intelligence followed by autonomous intelligence.

6. Conclusion

It is clear that Al provides tremendous opportunities for transforming financial service firms. If Al is adopted
effectively it can provide new operational benefits to the firm, customers, and employees. For example,
applications of Al could provide higher quality and wider variety of customized products and services to
customers, as well as opportunities to upskill employees and enhancing their career development.

Reaping the benefits of Al systems for financial services is likely to rest on the ability of firms to manage bias in
the big data used for training algorithms and recruiting sufficient numbers of Al skilled workers. These two
factors are the building blocks of Al adoption. The ability of the machine to “learn” depends largely on the
quality of the data and human workforce “training” it. Well-trained employees are also needed to be able to
correctly understand the output from Al systems and make informed decisions and/or action plans.

Putting these two building blocks in place will help drive the cultural change of data driven decision-making and
ensure that financial services firms can integrate new Al systems with their existing information systems.
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