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Abstract
Artificial Intelligence (Al) is a term shaped by socio-behavioural rationales of human capabilities. Al is
broadly characterized by a suite of technologies and capabilities, which are largely autonomous and
predictive. Expectations of Al are derived and often benchmarked against human intelligence. The cor-
ollary is understanding that Al may be approached by attempting to understand human intelligence it-
self. The pace of Al application in industry is clearly accelerating as companies begin to leverage Al to
increase profitability and achieve scale. This review is centred around how Al is currently being applied
in Financial Institutions providing services by covering key implementation aspects, underpinning new
products and services, playing a strategic role in digital transformation. This also covers how financial
service providers across the globe are meeting the challenges of Al adoption with its emerging risks and
regulatory implications, as well as the impact of Al on the competitive landscape and employment lev-
els. In the findings, it reveals how Al is expected to galvanize a paradigm shift within the Financial Ser-
vices industry, driven by data and innovative algorithms to transform business model transformations.
Financial Institutions are beginning to leverage Al to increase profitability and achieve scale, but their
success will be highly dependent on the evolving investment into use cases, adoption pattern, and regu-
latory environment.
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Annomayus
UckyccrBennslii nHTeUIeKT (Al) — 970 TepMuH, cHOPMUPOBAHHBIN COLMATBHO-TIOBEACHIYSCKHUMU 060C-
HOBAHMSAMM YEJIOBEUECKUX BO3MOXKHOCTEH. Al B 11eI0OM XapaKkTepu3yeTcsi HAOOPOM TEXHOJIOTHH U BO3-
MOJKHOCTEH{, KOTOpBIC B 3HAYMTEIBHON CTEIICHH aBTOHOMHBI M Ipejckasyemsl. Oxunanus ot Al gacto
CPaBHHBAIOTCS C YEIOBEUECKHM HHTEIUIeKTOM. CIIeJCTBHEM 3TOTO SIBILIETCS IOHHUMAHHE TOro, 94To K Al
MOJKHO MPHOJIN3UTHCS, MBITAsACH MOHATH CaM YeI0BeYECKU MHTEIUIeKT. Temmbl npuMenenus Al B mpo-
MBIIIICHHOCTH SIBHO YCKOPSIFOTCS, IOCKOJIBKY KOMITAHWH HA4MHAIOT HCIONB30BaTh Al I OBBIICHHMS
NPHOBUIEHOCTH M JOCTIDKEHHsI MaciuTaba. DToT 0030p cocpemoTodeH Ha ToM, kak Al B Hacrosmee
BpeMsI NIPHMEHSAETCS B (DMHAHCOBBIX YUPEHKICHMSX, HPEAOCTABISAIOUMX YCIYTH, BKIIOYas KIIOYEBbIC
ACIEKTHI BHEAPCHUS, OCPKKY HOBBIX IIPOIYKTOB M YCIyT, HIPasi CTPATErHYECKYIO POk B U(POBOi
TpaHc(hopManuH. ITO TAKKE KacaeTcsl TOro, KaK IMOCTABIIUKY (PMHAHCOBBIX YCIYT II0 BCEMY MHPY pe-
aoT npobneMsl BHeApeHus Al ¢ ero HOBBIMM PHCKAMH M PETYIISITOPHBIMH ITOCICACTBUAMH, a TAKXKE
BiusiHue Al Ha KOHKYPEHTHYIO CPely M yPOBHH 3aHSATOCTH. B BBIBOJaX IOKa3aHO, KAK O3KMAAETCS, Y4TO
Al BbI30BET CMEHY MapaJurMbl B OTpaciu (GHMHAHCOBBIX YCIIYT, yHPAaBIIEeMyI0 JaHHBIMH H HHHOBAIlH-
OHHBIMH AJITOPUTMAaMH I HpeoOpa3oBaHus Ou3Hec-Mojeneil. OUHAHCOBBIC YUPEHKACHNUS HAYMHAIOT
ucrosp308aTh Al TS OBBIICHNS TPUOBUIBHOCTH 1 JOCTIKEHUS MaciuTaba, Ho UX ycrex OyZIeT B 3Ha-
YHUTENHHON CTENCHN 3aBHCETh OT PAa3BHBAIOIUXCS MHBECTUIMI B BapHAHTHI MCIIONB30BAHUS, MOJEIU
BHE/IPCHHSI U HOPMATHUBHO-TIPaBOBOH cpefbl. B BbIBOJaX mokas3aHO, Kak oxupaercs, uto Al BbizoBeT
CMCHY TapafirMbl B OTPAcay (PMHAHCOBBIX YCIIYT, YIPABIICMYIO JaHHBIMH H HHHOBAI[IOHHBIMH QJIr0-
pUTMaMU I IpeoOpa3oBaHus OusHec-Mojeneil. OHHAHCOBBIE yUPEXKIACHNS HAYMHAIOT HCIIOIb30BaTh
Al 115 noBblIeHNUST NPUOBUIBHOCTH M JOCTH)KEHMS Maciitaba, HO UX ycrex OyAeT B 3HAUUTENbHOM
CTCNCHH 3aBHCETh OT PA3BUBAIOLINXCS WHBECTHIMII B BAPUAHTHI HCIIOJIB30BAHMS, MOJACIH BHEIPCHHUS
1 HOPMATUBHO-TIPAaBOBOH cpebl. B BeIBomax mokasaHo, uto Al, kak oxumaercs, BEI30BET CMEHY I1apa-
JIUTMBI B OTpaciy QHMHAHCOBBIX YCIIYT, YIPABISIEMYIO JaHHBIMU M HHHOBAIIMOHHBIMH aITOPUTMaMH IS
npeobpasoBanus GusHec-Moeneil. OUHAHCOBBIC YUPEXKACHHS HAYMHAIOT UCHOI630BaTh Al 1 MOBBI-
IICHUs] TPHOBUIEHOCTH M JTOCTIDKEHHSI MacIuTaba, HO UX ycIeX OyAeT B 3HAYUTENILHON CTEICHU 3aBU-
CeTh OT Pa3BUBAIOIINXCS HHBECTHIIMN B BApHAHTBI HCIIOJIb30BAaHMUS, MOJCIN BHEIPCHHUS M HOPMATHBHO-
[IPaBOBOM CPEIBI.

Knrouegvie cnosa
MalnHHOEe O0ydYeHHe, aBTOMATH3alHsl POOOTOTEXHHMYECKHX MPOIECCOB, MCKYCCTBEHHBIH HHTEIUICKT,
(hMHAHCOBBIC YCIIyTH, TEXHOJIOTHYECKUE HHHOBALNH, (PHHTEX

Jna yumupoesanus
Maneesh Kumar Pandey, Sergeeva I. Artificial Intelligence Impact Evaluation: Transforming Para-
digms in Financial Institutions // Mup skonomuku u ympasiermst. 2022. T. 22, Ne 1. C. 147-164.
DOI 10.25205/2542-0429-2022-22-1-147-164

1. Introduction

In modern world, fought with multidimensional and complex ecosystems, organi-
zations need to enhance digital operations to achieve a disruptive and agile advantage
more than ever. A blueprint to provide common understanding of the future goals to
align strategic objectives and tactical demand is one of the key elements to achieve
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that. They need to take a customer led approach to support dynamic and rapidly evolv-
ing needs. A scalable and open technology, which is easy to use, always available,
engaging experiences, products, and services to attract and retain customers, is the new
pivot. Artificial intelligence (Al) comes to the forefront with the simulation of human
intelligence in machines that are programmed to think like humans and mimic their
actions. The spectrum of Al harbours a plethora of technologies that solve real prob-
lems now — including computer vision, natural language processing, speech recogni-
tion, and machine learning. These technologies can be combined to create new capa-
bilities for specific needs to achieve continuous improvement, phenomenal speed and
more effective utilization of resources. Al is a vital part of an increasingly converging
field of digital disciplines, which sees an unprecedented overlap of technical develop-
ments with various structured, unstructured, and predictive technologies to lift organ-
izational synergies. The boundaries of Al have always been somewhat subjective.
Having said that, 2 broad categories of Al are prevalent and are used to classify most
of the developments. They are Weak and Strong Al. While Weak AI defines “Simu-
lated” thinking without any kind of consciousness about what it’s going, strong Al
does “Actual” thinking with a conscious, subjective mind. Machine Learning (ML) at
the core of Al, uses algorithms to learn from data sets & perform tasks without being
explicitly programmed and hence forms the basis of most of the Al use cases. Accord-
ing to a definition which was originally coined [1] and refined by [2], machine learn-
ing describes the change of a system resulting from an interaction with its environ-
ment. Most spectacular recent discoveries in Al have been achieved in Machine
Learning and Deep Learning, which have been hugely benefited from increased data
availability and computing power.

Notwithstanding the type of Al, the objective of Al is to be able to adapt to an un-
certain and changing complex environment, interact naturally with humans, deal with
complex and heterogeneous data and combine several tasks in the most integrated way
possible. Currently machine learning is leading the way for today’s Al major business
applications, which is enabled by actionable insights from data to drive business and
user decisions, leading to build and operate increasingly autonomous systems.
To bridge the multitudes of gap between “Weak™ and “Strong” Al, an unprecedented
number of investments has been made, but at the same time organizations are con-
fronted with questions around Ethical and unbiased use of Al.

The aim for the review is to highlight the stakes of Al within the financial sector
and their implications. However, beyond the news headlines and opinion pieces, there
is still very limited empirical evidence available on the current state of Al adoption in
finance and its implications. This review will provide some empirical data and shed
light on the evolving landscape of Al-enabled Financial Services analyse and look the
potential applications, and risks that might propagate with it. This will serve as an im-
portant reference for leaders in all sectors to better understand current areas of focus,
attitudes toward Al and future considerations that need to be addressed, in order to
deploy Al technology to transform their businesses, in both traditional Financial Ser-
vices and Fintech.

ISSN 2542-0429
Mup skoHommkmn u ynpasnenms. 2022. Tom 22, Ne 1
World of Economics and Management, 2022, vol. 22, no. 1



150 MeHepaxmeHT
2. Theoretical background

Through history we have seen three significant industrial revolutions so far. The
first revolution started in 1784 when we saw the first steam engine. The second revolu-
tion was in 1870 when we saw the start of electricity. Third revolution was the IT
revolution in 1969, and we are now witnessing the fourth revolution, Al [3]. The
fourth revolution is about big data, intense automation, and a world where everything
is connected based on Al technology. In 1950, five years before the term ‘Artificial
Intelligence’ (AI) was coined by John McCarthy, Alan Turing already posed the ques-
tion “Can machines think?” and devised the Turing Test described in his paper,
“Computing Machinery and Intelligence”, to be used as a guideline to measure the
machine’s capability to think as a human. 70 years on, the world’s computational ca-
pability has grown by leaps and bounds, and so has the application of Al across a wide
array of industries, including Financial Services. This revival of Al was also attributed
to heavy investments from Japan, the UK, and the US, which further propelled Al so-
lutions to various industrial domains.

For last 2 decades, the US has been the main player within Al technology. Having
3033 start-ups or 37.41 % of all Al start-ups worldwide [4]. This accounts for a sig-
nificant 71.78 % of the world’s total funding. They were also the first country invest-
ing heavily into Al. In the time period from 2012 to 2016, the US invested $18.2 bil-
lion towards this technology compared to $2.6 billion in China and $850 million in the
UK. However, from 2017, the US has lost their leading position to China who has
started investing heavily in this technology and surpassed the US in total funding [5].
In the Asian market China leads along with a proportion 68.67 % of Asian Al start-ups
the last five years. There are two main reasons for the explosive growth in Al the last
few years. First and foremost, the amount of data available has increased tremen-
dously. Today we create 2.5 quintillion bytes of data every day, and 90 % of all data
generated has been generated over the last two years alone. Secondly, the increase in
computing power and data storage combined, have given us more possibilities in de-
veloping new Al solutions. Worldwide we have established 5154 Al start-ups over the
last five years, 175 % growth relative to the previous twelve years [6]. Europe on
the other hand has fallen a bit behind in the Al race, and based on data from
McKinsey’s digital survey in 2017, the same gap between Europe and China/ USA
remains [7]. Despite having the similar size of GDP as of US and China, the spending
on Al in Europe is significantly lesser than that of China and US. On the other hand,
the Al intellectual capital that Europe has, has a formidable advantage over US and
China. European Commission has also taken the Al situation seriously and are putting
up a fund of public and private investments to invest €20 billion each year from over
the next decade [8].

According to current market trends, Al model development and management is
a priority focus area, however data management challenges persist, as data scope or
quality is among the top three challenges to Al / ML adoption [10]. There are still very
organizations with Al systems having complete access to all relevant data. Data sourc-
ing, synthesis and ingestion have been touted as key capabilities to have in order
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to reap full benefits of the Al systems in the long-run (see figure). Key market players
believe that the cloud stack is very important in relation to ML and they plan to use
public cloud to train Al models in the future. In juxtaposition to that, 5G, lIoT and
Edge computing are emerging as a hotbed for Al application.

3. Current state and issues of artificial intelligence usage
in financial services

According to the OECD [9] “Al has pervasive, far-reaching and global implica-
tions that are transforming societies, economic sectors and the world of work, and are
likely to increasingly do so in the future.” With the potential of Al in mind, many pub-
lic and private institutions have investigated the application of Al on Financial Ser-
vices. The key aspects of Al applications relevant to Financial Institutions are Market
Adoption, Application, Business model creation and transformation, Workforce trans-
formation, and Regulation.

a. Market Adoption: The market adoption of Al allows for differentiated product
and service offerings and there has been a significant uptick in adoption, where major
industry players are seeing Al as a priority and have Al projects at business unit(s)
level. However, Enterprise-wide Al strategy is still on a lower side. Financial institu-
tions are seeking to differentiate themselves by using Al to build new products and
data ecosystems [11].

Financial institutions are grappling with the dilemma of whether to go for enter-
prise-wide digital transformation or continue to adopt on a need basis to achieve
growth. Though, the rise of new technologies is increasing user expectations and at-
tracting competitors to the market [12], but while implementing Al, organisations face
many practical challenges to its implementation including leadership, expertise and
data quality and the top three reasons of such failures are Al technology not perform-
ing as expected, Lack of skilled staff and Unrealistic expectations. However, to miti-
gate this and effectively implement machine learning and Al at scale, organisations
will likely need to make considerable investments in data capabilities to ensure the
organisation has widespread access to high-quality and relevant data, both internally
and externally [11]. Alongside investments in data, organisations have invested heav-
ily in Al implementation itself. In a 2017 survey, 52 % of respondents in the Financial
Services industry indicated they were making ‘substantial investments’ in Al. 66 %
said they expected to be making ‘substantial investments’ in Al over the next three
years, and 72 % of business decision-makers believed that Al would significantly ad-
vantage their business in the future [13]. To remain competitive, incumbent institu-
tions are leveraging data and analytics to predict client needs and improve profitabil-
ity. They may eventually implement Al to unlock insights and reallocate staff to
higher-value work [12]. Therefore, deriving maximum impact from Al, and the wider
embracing of digitalisation, will require organisations to have the necessary infrastruc-
ture and talent. Financial disruptors, FinTechs, who do not need to transform their core
business offerings, may therefore be at an advantage in the race to the adoption of Al.

b. Application: Organisations are applying Al in a variety of ways to streamline
back-office processes, to enhance the digital customer experience and to improve
revenue models. Technology providers have launched multiple platforms and solu-
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tions, with a strong focus on growth through launching platforms / solutions organi-
cally and in partnership with customers / other tech firms. For example, with the goal
of “Watson Anywhere’, IBM extended the reach of Watson platform so that it could be
deployed on any private, public, hybrid, or multi-cloud environment. Among the suite
of Al applications, research to date has found that the capabilities of Al are strongest
when leveraged in tandem with other technologies and that many applications of Al
use a combination of automation and enhancement of existing processes.

The World Economic Forum publication, The New Physics of Financial Services,
affirmed that cloud computing provides the data storage and the processing power
necessary to train new Al models, making cloud infrastructure critical in implementing
Al solutions [11]. Similarly, the 2019 Refinitiv Machine Learning Survey found finan-
cial organisations increasingly rely on data and analytics to drive business decisions,
gleaning insights through the application of Aurtificial Intelligence [14]. Moreover,
in addition to cloud technology and big data, Application Programming Interfaces
(APIs), open-source algorithms and the Internet of Things (IoT) are often applied in
tandem with Al [15].

The application of Al is predicted to become increasingly sophisticated not only by
automating simple tasks, but also through helping humans make decisions and learn-
ing from the interactions between humans and the technologies [12]. The marketplace
is becoming busier with start-ups, funding in Al rapidly to grow, and at the same time
acquisition spree is not slowing down.

¢. Business Model Creation and Transformation: The use of Al in Financial
Services has wide-ranging implications for competitive positioning and dominant
business models within the industry. The most notable of these shifts is the tendency
for Al algorithms to exhibit a ‘flywheel’ effect that rewards early movers with the po-
tential to establish barriers to entry. This ‘Al flywheel’ is the tendency of Al models to
exhibit self-reinforcing economies of scale wherein an accurate model attracts new
users and additional data that increases the model’s accuracy. This flywheel effect will
redefine how organisations establish successful business models in the Financial Ser-
vices sector, increasing the importance of granular data flows and the likelihood of
‘winner-takes-all’ dynamics [11]. Hence, with these competitive dynamics in mind,
organisations are making bets on new capabilities and business models enabled by Al.

Many new Al-enabled business models place emphasis on creating a reimagined
customer experience, allowing customers’ finances to run themselves and acting as a
trusted adviser in moments of need. As financial institutions continue to apply Al to
customer advice and interactions, they lay the groundwork for ‘self-driving finance’
which will upend existing competitive dynamics, and ultimately push returns to the
owner of the customer experience [11]. This needs to rapidly acquire new capabilities
may have played a role in the increased interest of incumbent financial institutions in
forming partnerships with FinTechs that they once viewed as potential competitors.
When these partnerships work, both institutions stand to benefit. Incumbent Financial
Services firms are able to leverage the technological expertise of FinTechs and the
FinTech is able to rely on the pre-existing reputation and customer reach of the in-
cumbent firms [16]. Therefore, this literature suggests that the impact on competitive
dynamics will be a key determinant of the overall impact of Al. As such, this research
seeks to further understand these dynamics.
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d. Workforce Transformation: As Al evolves, financial service providers will
race to be the quickest to adopt the technology, to acquire the most valuable Al talent,
and to create the most value [17]. The innovations driven by this small cadre of work-
ers has transformed the talent needs within financial institutions. With the streamlining
of back-office processes, organisations may become leaner. According to [18], the
jobs with the highest probability of becoming automated are those which do not re-
quire specific skills or training. In their study of OECD countries, researchers found
higher levels of education translated into a lower risk of job automation [18].

The increased use of Al will largely impact routine and mundane roles where tasks
performed are repetitive. However, because these roles account for a considerable
number of jobs in the Financial Services industry, net job losses are likely. Having
said that, other studies assert that Al will not be significantly impactful on the number
of employees at financial organisations over the next couple of years instead of, even
that the number of roles will increase among the most technologically advanced com-
panies [19]. Hence, financial institutions are working rigorously to retrain their work-
force to shift their expertise to more strategic and outcome-driven tasks.

e. Regulation: Al is also changing how organisations interact with regulators. As
the sophistication of algorithms and the volume of data rises, the uses of Al in finance
are expanding, and so are pertaining risks [20]. The Financial Stability Board (FSB)
and the Bank of England, amongst other regulators and supervisors, have highlighted
this concern, citing the potential additional and unknown challenges associated with
new technologies [21]. With these additional and unknown challenges, there are also
implications for user trust. As the industry continues to transform, regulation will be
integral to managing the risks, appropriately regulating the use of Al and instilling
trust in consumers.

While regulation may increase costs and delay product development, it also pro-
vides a pathway to user trust. In particular for new entrants, regulation provides reas-
surance for users and investors as they do not have an established brand name. The
role of generalised trust in promoting FinTech adoption has been highlighted as sig-
nificant in previous studies [22]. There is an ongoing debate regarding whether there
are appropriate frameworks in place for the gathering, storing, sharing and usage of
data. Moreover, policy is generally lagging the development and deployment of Al
[23]. The current regulatory environment is also fragmented, with regulation which
affects Al being initiated by state, national and global regulatory authorities, both fi-
nancial and non-financial. Regulatory themes relevant to Al include everything from
non-bank supervision to financial stability, operational resiliency and cybersecurity to
consumer protection [23]. Both regulators and the industry are still searching for the
optimal regulatory approach to Al [23], for instance the Monetary Authority of Singa-
pore (MAS) has worked with a range of public and private sector organisations to de-
velop principles for the use of Al and data analytics as they relate to decision-making
in Financial Services. The principles aim to provide financial firms with a set of foun-
dational principles to consider when using Al in decision-making, assist firms in con-
textualising and operationalising governance of Al use in business models and
structures, and promoting public confidence and trust in the use of Al and data ana-
lytics [24]. Recent published EU Commission proposal for a Regulation on Atrtificial
Intelligence (draft Al Regulation), took three years of intense policymaking on Artifi-
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cial Intelligence (Al) on European level and represents a joint commitment of the EU
Member States to foster the development and use of Al. Similar to the General Data
Protection Regulation (GDPR), the draft Al Regulation comes with an extraterritorial
effect, covering not only EU but also organizations outside of the EU. The draft Al
Regulation takes a risk-based approach when it comes to categorization of Al systems,
resulting in corresponding legal requirements. Since it complements the GDPR, using
or deploying an Al system will need to comply with both regulations. Additionally,
Swiss organizations under the scope of the revised Swiss Federal Act on Data Protec-
tion (revFADP) must confirm to the Swiss data privacy requirements as well. In addi-
tion to the GDPR and revFADP requirements, the draft Al Regulation further covers
risk management, data and data governance practices, technical documentation, re-
cord-keeping, transparency and provision of information to users, human oversight,
accuracy and robustness, and cybersecurity. From an accountability perspective, the
Al system provider must be able to demonstrate compliance with these requirements.

The World Economic Forum’s latest report on Al, Navigating Uncharted Waters,
calls for further public-private cooperation. The report maintains that unlocking the
potential of Al will require an understanding of its risks to the financial system. Finan-
cial institutions, regulators and policymakers should seek to deploy Al systems in the
current financial ecosystem and harness the potential of a financial ecosystem built on
responsible Al [25].

4. Methodology and limitations

Research involves characterizing and redefining problems, formulating hypothesis
or recommended solutions; gathering, organizing and evaluating information; making
rationalizations and reaching conclusions; and finally testing the conclusions to make
a decision if they fit the presumption [26]. A qualitative research approach was taken
due to the novelty and uncertainty linked with Al. The aim of this approach is to study
about Al in finance in a broader and detailed way. The advantage of this method is that
it is flexible and easy to adapt to changes in the research environment and variables.
While quantitative data defines, the qualitative data is described. McNamara and Bono
[27] suggest that the methodology is thoughtfully chosen to ensure that the results do
not depend on the method used, but instead reflect the nature of the reality as precisely
as possible.

As mentioned earlier that Al applications in the highly regulated financial domain
are still in early stages, therefore, apart from reviewing academic literature, industry
reports were used to a large extent to validate various hypothesis and provide required
context. Hence, a systemic content analysis approach was used to analyze relevant
literature publications, with focus on the subject area and its various nuances as it pro-
vides the chance to evaluate the data collected by professional groups, academic insti-
tutions, online publications and independent researchers which can almost never be
obtained by any other research method, and these records are also very accessible. For
example, reports by various international institutions and financial organizations are
based on long-term studies that one researcher cannot perform. These kinds of docu-
ments have therefore been very helpful for this study and most are accessible through
the official web pages of particular organizations. Like in any analytical methods
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in qualitative research, document analysis needs data to be checked and analyzed in
order to interpret meaning, gain understanding, and develop knowledge [28]. This re-
view focuses on the broad journal's database, as well as reports of major institutions
such as MAS, KPMG, WEF, etc. for covering content. This review as a whole has
certain limitations and its methodology in particular. Al is a broad, diverse, and com-
plex area with myriad applications and underlying technologies. Thus, a comprehen-
sive coverage of all of them wouldn’t have been feasible. Instead, it has been focused
on pulling together a practical approach to realistically explore the Al applications in
financial institutions of today with an outlook to future. It has been aimed to cater to a
broader audience in order to understand the fundamentals of Al in Financial Institu-
tions rather than focusing on application of a particular Al technology in a use case.

5. Discussion:
current state and future aspects of Al in financial institutions

5.1 Current State: Case Studies

Al Enabled Credit Analysis: Utilising Al to make credit decisions provides
a range of obvious benefits for lenders — it makes for a faster, more accurate, and more
automated decision-making solution. A large number of players in the Deposits and
Lending sector use Al-enabled credit analytics. By harnessing existing datasets of loan
applications, Al-enabled credit decision-making systems can be trained to predict de-
fault probabilities, determine risk-based interest rates or directly make lending deci-
sions. Alternatively, Al may be used to calculate alternative credit scores which serve
as an aid to conventional human decision-making. A 2019 paper conducted by re-
searchers at UC Berkeley found significant racial discrimination in the American con-
sumer lending market, with Latin / African-American borrowers being charged nearly
8 basis points more for mortgage products. Algorithms used by FinTechs were found
to reduce pricing discrimination by approximately one third, with no discrimination
occurring in binary lending decisions (accept / reject). The research also found that
discrimination was declining throughout the examined timeframe (2009-2015) which
may suggest a positive outlook through making the lending market more accessible for
previously disadvantaged groups [29]. Conversely, the results of this study show that
almost half of all participant organisations state that bias in credit analytics does cur-
rently exist and that Al will exacerbate that bias, with a further 15 % stating that Al
will, in fact, introduce bias. While it might seem intuitive that replacing the human
component in credit analytics could reduce bias, the use of Al for lending decisions
does possess potential shortcomings, some of which relate to the wider risks of Al.

The first major issue — especially for organisations with little to no existing control
over and/or awareness of bias in datasets — is bias propagation. Using existing, biased
datasets to train new Al systems will carry this bias forward into subsequent decision-
making. More specifically, there is a fundamental question around whether previous
credit rejections should be factored into the training process of Al. The alternative,
solely using data on actual defaults, leads to sparse datasets, relating to the technical
issue around class imbalance, which may complicate training machine learning algo-
rithms to detect defaults. Bias propagation may be further exacerbated through the
‘black box’ characteristic of many systems which underlie Al — the notion that certain
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learning processes and decision-making in most machine learning algorithms are diffi-
cult to explain, especially regarding contributions of individual inputs.

Besides the obvious issue of depriving lending decisions of insight into the influ-
ence of input factors, the lack of an explainable decision-making framework might
also make it difficult to handle appeals and customer complaints. Users of non-
traditional data (such as social media, browsing preferences, or psychometric testing)
in Al-enabled credit analytics are more inclined to state that Al will exacerbate or cre-
ate bias. Intuitively, one would expect more granular datasets which encompass more
individualised behavioural patterns to reduce ethnic or other biases. However, the lack
of structure and the multitude of information contained in these sources might lead to
the loss of overview over the correlation between the data on hand and biased features,
meaning that input features may effectively serve as proxies for biased factors if not
monitored and controlled appropriately. Where the technical and/or organisational
hurdles towards implementing these controls become too high, third-party solutions
may become an alternative. Notably, there are organisations which actively address
this issue in a B2B context, such as the FinTech ZestFinance, which is applying con-
temporary research on algorithmic explainability to construct credit models with asso-
ciated indications of fairness for input signals [30].

Al Driven Investment Management: Al is widely adopted in the Investment
Management sector, where it is becoming a fundamental driver for revenue generation.
The value proposition of Al for asset managers, is dependent on the direct contribution
of Al towards investment returns in the short, medium, and long term. The current
market trends indicate that only a handful of players perceive Al to contribute ‘highly’
or ‘very highly’ to their investment returns, in the long-term outlook. Taking into ac-
count the different strategies which will be highly supported by Al for generating in-
vestments returns, a few observations can be made. Majority of investment managers
are currently using Al in their investment process. Portfolio risk management is cur-
rently the most active area of Al implementation at an adoption rate of 61 %, followed
by portfolio structuring (58 %) and asset price forecasting (55%). Often, these use
cases are combined, leveraging the economies of scale of Al.

The current contribution of Al to investment returns, primarily focuses on Al-
enabled impact assessment and sustainable investment. Approximately 27 % of firms
using Al in that area perceive Al to possess a ‘high’ or ‘very high’ current impact on
investment returns. This points towards a direct effect of the convergence between
digitalisation and sustainability [31], allowing financial organisations to extract value
by the combination of these two trends. Examples of companies applying Al-enabled
impact assessment and sustainable investing strategies are Arabesque Asset Manage-
ment, Clarity Al and Motif: On the other hand, it is notable that users of Al for asset
price forecasting do not widely perceive Al to significantly increase actual investment
returns, despite its relatively high implementation rate. In the long-term, other Al-
enabled use cases than sustainable investing is expected to contribute more signifi-
cantly towards increasing investment returns. Majority of Al adopters currently using
asset volatility forecasting and asset price forecasting, respectively, anticipate Al to
contribute ‘highly’ or ‘very highly’ to investment returns in the long term. This points
to a future where organisations could attain technological maturity to forecast financial
market time series accurately. This prediction is in part supported by research confirm-
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ing that machine learning algorithms, such as neural networks, systematically outper-
form simpler (linear) models in certain financial forecasting tasks [32]. As indicated in
previous sections, however, real-world adoption may still be thwarted by data-related
issues and a lack of algorithmic explainability.

The State of Al-Enabling Technologies: The long-established, simple machine
learning algorithms are currently more widely used than complex solutions. Conse-
quently, many firms are not yet using highly sophisticated Al applications — even
those that are already commaoditised to a certain extent. This is due to the primary hur-
dles which prevent the construction of Al systems in the first place. Autonomous deci-
sion-making — one of the defining technological facets of Al — remains difficult to
implement in organisations. Underlying technologies, such as reinforcement learning,
do not seem to have reached a state of maturity comparable to other established algo-
rithm classes used in natural language processing or computer vision. Furthermore, the
implementation of autonomous decision-making in organisations is shown to be hin-
dered by trust and adoption issues. Al Leaders use a larger portfolio of more demand-
ing Al techniques which are, in turn, enabled by a range of more complex underlying
algorithm classes. These findings complement earlier conclusions and demonstrate the
commitment that Al Leaders have made to shaping their business through Al. Fin-
Techs’ training and deployment of Al systems are widely centred around cloud-based
solutions, whereas many Incumbents still rely on legacy computational infrastructure.
However, evidence from Al Leaders shows that firms with heavy organisation-wide
computational workloads might also consider on-premises GPU solutions.

5.2 Future Aspects

For harnessing the potential of Al inevitably demands understanding the state of
underlying technologies. Tying together high-level techniques in Al as well as ena-
bling low-level machine learning algorithm classes and algorithms, various Al applica-
tions can be stacked in terms of technology adoption, usage, and deployment to deter-
mine their relevance to organisations and evaluate the potential impact on future trends
surrounding Al.

Based on the type and applicability of Al would be further described into the fol-
lowing sub-sections as follow:

A. Autonomous Al —the Future of Financial Services

The fact that autonomous decision-making remains the least-implemented applica-
tion field of Al with a very low overall implementation rate, and that even Al Leaders
do not show significantly higher adoption rates, illustrates how far the Financial Ser-
vices industry remains from harnessing Al systems which make independent decisions
free from human input. There are three reasons namely Regulation, Trust, and Techno-
logical Limitations are specifically impeding companies from implementing autono-
mous Al:

Regulation — While the regulation of Al is an ongoing consideration for regula-
tors, autonomous decision-making poses specific challenges which policymakers are
just beginning to address. For instance, a 2019 bill proposed in the US state of Wash-
ington (State of Washington, 2019), intends to investigate different notions concerning
the human influence on algorithmic decisions (including whether decisions are final,
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contestable or reversible), bias against groups or individuals, ability for explaining
decisions, as well as data management, storage, and security. This area of regulation
might also become a priority for organisations to navigate, with one respondent spe-
cifically expressing the need for a better understanding of the regulatory framework
around autonomous decision-making. Similarly, as seen in recent European Commis-
sion data strategy consultation, authorities are exploring benefits of data-driven Al and
ML (including public policy benefits), so the regulatory and legislative focus is likely
to promote combination of increased Al adoption and efforts to mitigate the risks it
may bring.

Trust — Trust issues may be caused by the lack of explainability inherent in many
prevalent Al solutions. Thus, this aspect remains especially relevant for investment
managers — where the ability to substantiate Al decisions may be prioritised over accu-
racy. Building trust requires transparency and communication, which is drawing a lot
of attention from regulators and governments in many countries. Transparency and
communication with customers have long been key to build trust but Al in financial
services will require a paradigm shift in approaches and techniques, to achieve that.
Effective explanations will also require a degree of subtlety; given the huge potential
range of use cases, close attention to the context of each will be key. Organizations are
exploiting potential for alignment of scope of ‘data ethics’ and Al guidance across
different authorities, depending on sector, service, and wider context.

Technological limitations — Whereas technological advances such as deep rein-
forcement learning have attained impressive levels of algorithmic decision-making
capabilities in closed environments, real-world applications (in open environments)
are more challenging. Furthermore, meta-learning — applying learned rules and pat-
terns to completely different environments — remains a major challenge [33]. Indeed,
survey findings illustrate that trust and user adoption are perceived to be the most sig-
nificant hurdle to Al implementation for those stating that use Al for fully autono-
mous decision- making, followed by access to talent, as well as access and quality of
data Incumbents and FinTechs still overwhelmingly utilise Al as a tool which merely
complements human decision-making, as very few FinTech companies see their Al
solutions characterised as ‘fully autonomous’, while majority believe that the Al solu-
tions that they employ do not make any business-relevant decisions. This raises an
obvious question as to whether the increased autonomy of Al in FinTechs can be ex-
plained by more advanced technology or higher trust and willingness to adopt coming
from the user side.

B. Implementation of Underlying Machine Learning Paradigms

Machine learning is a scientific domain at the core of Al, which uses algorithms to
learn from data sets & perform tasks without being explicitly programmed. It forms
the basis of most Al use cases. Machine learning directly benefits from increased data
availability and computing power, therefore it has become instrumental in advancing
most of the other Al fields. Current investments are largely focused in machine learn-
ing. Deep learning is a subset of machine learning where neural networks-algorithms
inspired by the human brain-learn from large amounts of data. Similarly, to how we
learn from experience, the deep learning algorithm would perform a task repeatedly,
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each time tweaking it a little to improve the outcome. Three types of deep learning
namely supervised, unsupervised and reinforced.

« Supervised learning relies on a system that is fed/shown multiple iterations of
labelled training samples to train itself. Throughout the training, the system learns to
correctly classify inputs according to desired output labels defined by the user. Super-
vised learning is the most frequently implemented domain. Many mainstream applica-
tions of Al, especially in the areas of classification and forecasting, are based on su-
pervised learning algorithms.

o Unsupervised learning algorithms discover the underlying (latent) structures in
chaotic datasets which are not labelled. For example, it clusters random images ac-
cording to the aggregate similarity of their pixels, that can be used for supervised clas-
sification after being labelled.

« Reinforcement learning is radically different from the two aforementioned
paradigms in that it is based on an action-response model, where certain action poli-
cies maximise expected rewards in environments that are governed by a set of rules (or
laws). In theory, a trained reinforcement learning algorithm is capable of making
autonomous decisions in dynamic environments.

Through high-level machine learning libraries such as Keras’ sophisticated deep
learning algorithms may be constructed with very little technical knowledge. Further-
more, pre-trained machine learning algorithms represent a significant value proposi-
tion as they eliminate the need for curating massive datasets and/or building complex
neural architectures from scratch. These high-level machine learning libraries directly
integrate ready-to-use datasets as well as pre-trained algorithms, to implement deep
learning solutions serving various industry and consumer use cases.

C. The Ease to Interface with Clients

With increased platform interoperability, it is easier to simplify interfaces by offer-
ing users the option to build programs using natural language instead of written code.
Most Financial Institutions seeking to differentiate themselves through technological
advances may explore different directions. Some of which might combine modular
technologies to create powerful multi-purpose platforms and Services, creating tai-
lored solutions for specific purposes, by potentially exploiting niche datasets. There
are challenges revolving around algorithmic explainability, interpretation of results,
and other issues in the field of machine-human interaction such as data collection and
processing, feature engineering and visualisation,

D. The Use of Computational Resources

New age FinTechs utilise cloud computing more compared to local GPU- and
CPU-based solutions, respectively, whereas Incumbents appear to be using a diverse
mix of computational solutions. This might be attributable to the fact that Incumbents
still use legacy infrastructure to train and run Al systems whereas the cloud offers the
(financial) flexibility and agility needed for FinTech’s use cases. Cloud offerings have
increasingly grown more tailored towards Al use cases, with most products including
the possibility of scaling GPU configurations. Cloud computing also offers considera-
bly easy set-up and seamless integration with machine learning libraries and back-ends
as well as maintenance, and easy upgrading to newer hardware, which is pivotal given
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the speed of advances in processing power. However, heavy, consistent users of GPUs
may be better off utilising an on-premise computational solution. Aside from obvious
benefits in data protection and security, on-premise computational facilities may also
end up being less costly at full utilisation compared to mainstream cloud solutions
[34].

6. Conclusion

The aim of this review has been to discuss impact of Al in financial services and
understand the trends across the financial institutions proving services, look at devel-
oping Al capabilities with the help of a few case studies, and outline the future of Al
technologies. A qualitative research approach was taken to gain great insights on how
financial institutions can leverage Al to position themselves to better manage future
risks, get required skill sets and operate efficiently to remain viable in the time
to come.

It is clear that for many organizations, the potential of artificial intelligence (Al) is
easier to envision than the reality, and for them the transformation has only begun. The
transformative power of the Al applications remains on the horizon. Al success in fi-
nancial institutions will depend on their operating models that can embrace Al and
drive improved decision-making. The overriding need for a data-rich interface be-
tween buyers and suppliers for a set of services are crucial to the development of Al
models. Concurrently companies must build trust with Al and embed the frameworks
necessary to ensure Al solutions operate within acceptable limits and provide appro-
priate transparency into the outcomes to achieve widespread adoption. Company sizes,
company maturity, existing organisation structures, and the market-specific use cases
will reshape the structure and competitive dynamics of the Financial Institutions.

Al technologies are being used to create new products and service lines that are in-
creasingly in demand as Financial Institutions are to create long-term value for their
customer. But there is a learning curve, and they risk getting left behind if they do not
understand what Al can do and have the people with the expertise to use it effectively.
As a result, Financial Institutions will be incentivised to be on the distributing end of
Al-enabled products and services rather than the receiving one. Frontrunners in the
development of Al will be better positioned to increase the scale of internal data flows,
maintain talent pool, instil trust and overcome regulatory issues, which allow them to
improve the quality of their Al systems. For the lower tier players, Al as a service will
be better suited at supporting certain commodifiable use cases across their organiza-
tional hierarchy.

There is still a significant amount of uncertainty around how Al will affect the
competitive environments existing within Financial Services in near future. Incum-
bents, FinTechs, and ‘Big Tech’ all bring complementary capabilities to the table. On
one hand, Agile FinTechs have the privilege of being nimble and adaptive in building
new IT systems with a significantly lower cost base, but they lack existing customer
scale, which is proving expensive and time-consuming to acquire in both B2C and
B2B domains. On the other hand, Incumbents have the scale of customers, recognised
brands and, for the most part, the trust of customers and regulators. However, most
Incumbents are burdened by costly legacy systems with heavily siloed data structures,
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which makes Al projects implementations patchy around the core business of the or-
ganisation. Moreover, big financial institutions are subject to intense political / regula-
tory pressure in their core areas of operation driven by both industry watchdogs and
governments. The evolving Al Regulatory framework, once adopted, will have signifi-
cant impact on use of Al by organizations in different areas of activities. Financial
services organization need to focus mainly on considering Al regulatory requirements
in the early stage of deployment of their Al systems / tools, compliance of decision-
making algorithms and reporting with the new Al rules, and applying a risk-based ap-
proach to implementation.

In a world shaped by constant change, Al is viewed by the financial institutions as
a technology that has the potential to shift key focus from primarily providing internal
transparency and transactional services to that of a business partner providing added
value to its clients. Largely basing their decisions, forecasts and communication on
better data-driven Al applications will be decisive toward achieving these objectives
and compete in the evolving landscape.
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