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Natural Language Processing (NLP) is used to extract desired patterns from
unstructured data and to convert the raw data into actionable insights. This
capability serves as the foundation for all Al-human interactions in the financial
sector. Al systems can gather, analyze, warn, and anticipate data thanks to NLP
starting from customer care to risk prevention.

This article represents some important applications of NLP in different fields
of economics and finance. It is aimed to show how NLP can be beneficial for the
industries. The following topics(issues) are discussed here:

e how NLP can be helpful when predicting financial trends with stochastic
time series,

e why financial statements analysis is extremely helpful in accounting,

e how to gain the general idea of the content without diving into much details
and how it affects one’s decision making process (on the example of FED (Federal
Reserve System)),

e detection of language (style) change in financial reports (statements) on the
example of FOMC (Federal Open Market Committee),

e why words can be treated like triggers in finance and what the benefits are.

The work is written by using scientific abstraction and a combined
examination of different modern applications of the methodology. The level of
reliability and validity of the sources through their comprehensive study have been
verified.

This article substantiates the fact that the limitations of the unstructured data
can be overcome by using Al - NLP. Human and artificial intelligence, when
skillfully mixed, can lead to better investment decisions and risk management and
reducing human error is critical and can help expose the hidden intentions (here:
trends, expectations, movements, etc.) of unstructured data.

Keyword: natural language processing, artificial intelligence, finance, economics,
unstructured data, statement analysis, decision making process.

Introduction. Natural Language Processing (NLP) enables econometric analyses
based on information included in user reviews, employee evaluations, surveys, news, and
other textual sources. With this kind of information, there are no more constraints for
economists to examine those phenomena where measurements on the relevant elements
are already accessible, generally through thorough and often expensive or difficult-to-
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arrange research investigations or by accident of existing datasets. The capacity to deal
with textual data allows economists to investigate a wider range of issues and gives a
plethora of information to mine in the expanding context of online documents and
behavior. Reviews and other writings may be used to examine counterfactuals (what
could have been). The ability to conduct what-for studies when experiments are
impossible to do is extremely important. When controlled trials are feasible but their
capacity to imitate real-world settings is questioned, textual analysis can assist in
determining how realistic those trials are.

It is worth mentioning that NLP can reveal whether sentiments, information, tone,
or themes are associated with specific results. These hints can be utilized to build
testable hypotheses about which factors influence decisions and how. When NLP
technologies are paired with appropriate models, they may occasionally yield solid proof
of textual beliefs that predict important events. It allows to measure information
transmission on numerous characteristics of a product, person or event. NLP can offer
the measures needed to determine what function the messenger of specific sorts of
information plays. For example, we can investigate if evaluations written in a more
informal tone are more persuasive to younger people. Even in the absence of studies,
NLP tools allow us to explore relationships between information, who it originates from,
and what other circumstances might magnify or lessen its influence.

Applications of NLP. In the field of finance, the vast majority of models has
traditionally been based on predominantly numeric data inputs. Nevertheless, the later
advancements in NLP has given the opportunity to effectively join numeric and textual
data when analyzing financial questions such as stock price predictions, interest rate
predictions etc. This is a true game-changer for financial markets as most of the decisions
finance specialists are making heavily depend on the financial news texts they are
bombarded with on a daily basis. Therefore, the value of processing the financial news
texts cannot be understated. One approach Pratyush Muthukumar and Jie Zhong
mention in their article “A Stochastic Time Series Model for Predicting Financial Trends
using NLP” (Muthukumar and Zhong) is the way these hybrid models are constructed.
Specifically, the outcomes/results of the sentiment analysis based on the textual data
processing are directly utilized as an input to the numeric model. The authors consider
this method as a novelty in the sphere. It is worth mentioning that they have proposed a
novel architecture that applies Naive Bayes’ sentiment analysis to financial news texts
and uses the learned representations alongside financial numerical data to train a
Generative Adversarial Network (GAN) for time-series prediction of stock prices. Hybrid
modes like this are of a high value as they are able to account for factors that would not
be otherwise considered due to the lack of perspective. Therefore, being able to not only
watch the numbers talk but look a closer look at the “talk” itself gives even a better
understanding of what is happening and what is likely to happen next.

As mentioned above, financial analysis suffers from solely using quantitative
methods which often do not provide a good approximation of reality. Such deficiencies
affect not only the investment decisions of portfolio managers who are trying to predict a
specific trend or stock price but also analysts who base their decisions on the
scrutinization and thorough analysis of financial statements of each company of interest.
The latter provides them with credit risk analysis which can then be useful in both
financing and investing decisions. In particular, a lot of companies are entitled by law to
publicize periodic financial statements. These statements contain a lot of numeric data
related to the periodic performance of the company as well as some notes and
disclosures which further explain the structure and calculations expressed in numeric
terms. Besides, the textual data contains sections such as Management’s Discussion and
Analysis (MDA). The latter textual data serve as basis for tone analysis and sentiment
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analysis of the company. Further combination of this analysis with the accounting choices
made by the company can give a better understanding of the future prospects of the
entity. The need for a qualitative tool in financial statement analysis has risen from the
flexibility accounting standards provide the companies with, which later results in figures
that often do not faithfully depict the economic reality of the company. For example, under
IFRS (International Financial Reporting Standards) there are three acceptable methods a
company can use to account for depreciation of assets. Depreciation, being considered in
the balance sheet of the company affects the carrying amount of inventory and PPE
(property, plant and equipment) therefore the total assets and any other ratios calculated
based on it. Besides, depreciation is also accounted for in the income statement through
the cost of goods sold (inverse relationship), hence it affects the gross profit as well as
the net income and any other profitability measures of the company. This is just one
example of how flexibility of accounting methodology creates an opportunity for
manipulation of numeric information. Other examples include valuation of assets through
fair value vs historical cost models, capitalizing vs expensing the R&D costs as well as
differences arising from various accepted accounting standards in different jurisdictions.
Hence, the need to process the textual data accompanying financial statements (Ravula).

Over the course of the history of world economic development, economies of
different countries and regions have become more and more interconnected and
dependent. Nowadays, one of the biggest economies that affects most of the world is the
U.S. economy. Several of the world financial crises have roots in the U.S. and it is evident
how financial health of the U.S. economy is so vital for the world as a whole.
Consequently, the U.S. economy is constantly under the radar of numerous analysts who
try to gain an understanding of possible future economic developments in the U.S. and
make data-driven conclusions based on these predictions. In particular, the Federal
Reserve System (FED) of the U.S. has a significant role in shaping global monetary and
financial conditions. Therefore, any news, reports, communications and documentation
published by FED are key indicators for all of the players of the bigger financial system.
Especially, when it comes to FOMC (Federal Open Market Committee) meetings and
decisions that FOMC makes regarding the Federal Funds Rate, financial markets make
very timely and strong reactions to whatever decision has been made. There are
numerous tools in use for analyzing FOMC meetings and recently NLP has joined the
toolkit. In the article “FedNLP: An interpretable NLP System to Decode Federal Reserve
Communications” (Lee et al.) Jean Lee and others have used a multi-component NLP
system which gives end-users the ability to gain a general idea of the course of the
meeting and ability to make conclusions based on this information without the need to go
through the lengthy and complex communication language of Fed communications. It is
worth emphasizing that the value of the work lays on the simplicity by which the finding of
the analysis is presented to the end-users. It is also important to mention that the end-
users are assumed to have a background in finance and no programming skills. This
quality is achieved by the extensive use of graphical interface as a means of
communication of the analysis carried out. Another feature that makes the analysis more
holistic is the use of different forms of communications such as reports, post-meeting
minutes, members’ speeches, press releases and others. The main objective of the
analysis is to predict the direction of change of FFR (Federal funds rate). Some of the
methods in use are sentiment analysis, summarization, topic modeling and others. And
for making predictions, the best performing model was the XGBoost with TF-IDF features
which achieved an accuracy of 0.73 and F1 score of 0.66.

There are numerous papers scrutinizihng FOMC statements and the Federal
Reserve System itself has initiated conferences and researches on this topic in recent
years. One article that is of a particular interest is named “Hanging on every word:
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Semantic analysis of the FOMC's post meeting statement” (Acosta and Meade). The
analysis was conducted based on the FOMC statements from 1999 to 2014. The article
describes how the language of FOMC statements have changed throughout this period of
time. Nowadays, an untutored eye would not see much difference in language from one
statement to the other. In fact, not many words are changed in the main text of the
statement. Nevertheless, much has changed in the formulation of the statements since
the beginning of post meeting statements. A more detailed analysis conducted by the
authors suggests that the semantic persistence of the statements differ much more than it
might seem. While the early statements are written at a reading grade level of 9 to 14
years of schooling, the more recent statements are written at a reading grade level of
three years beyond a 4-year college degree. The main methods used in the analysis are
semantic similarity of FOMC statements (cosine similarity), TF-IDF methodology and
other common NLP methods. One distinct feature of the analysis is the more thorough
description analysis of the FOC statement following the 2008 Global Financial Crisis.
Various NLP methods show how the 2008 December FOMC statement is so dissimilar
from the receding statements.

Another intriguing article on the latter topic has recently been published by the
Kansas City Federal Reserve Bank: “How You Say It Matters: Text Analysis of FOMC
Statements Using Natural Language Processing” (Doh et al.). The analysis is quite
unique in nature as are the findings of it. In particular, it is concluded that the quantitative
decision regarding the target policy rate is as important as the assessment of the risk in
the economy. Besides, the analysis identifies the tone of a post-meeting statement by
quantifying how close it is semantically to alternative versions of statements, whose more
or less accommodative tones can be determined based on the rationale given for each
alternative in FOMC documents. The recent COVID crisis comes to prove the points
made in the statement. Now we live in times when each day market participants are
looking for clues to when exactly tapering will start and when exactly the Fed will raise the
target policy rate. The ones who will be able to correctly predict the right moments will at
least not bear the costs of it, if not benefit from it vastly. Starting from the first signs of the
end of COVID recession, the Fed has been bombarded with questions regarding the start
of the tapering and rate hikes, in response to which the public only gets qualitative
information containing words like “sufficient levels”, “substantially improved” and so on.
Therefore, now more than ever Fed-watchers are looking for clues to the Federal
Reserve’s communications via natural language processing methodologies.

Conclusion. As to conclude this research raises important questions about how
NLP can be used to transform large quantities of text into valuable insights for financial
analysts, portfolio managers and economists as the data at this vast amount is far
beyond human capabilities to process. The applications of NLP discussed in this article
show that, as with robotic process automation, human error reduction is very important
and can help to reveal threats or good intentions concealed in unstructured data.
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PLUYUL LE24h UTUYUUL Uhrunnke3nruLere
SLsStuuahsnr@3UL Ut 64 dhuutLuLsrnru

sSharutu 2uruususu
EnlLwup wEwnwlwl hwdwuwnpwuh
inunbuwaghwnncpywl W unwdwndwl wlyncpintinh
nwuwfunu W wuwhnwln,
p. Gnluwl, Swywunwuh SwlnwwbwnnipnLl

Fuwywlu |Ggyh Jvwynwdp (NLP) oquwgnpdynd E ny  Junnigwdpwihl
wnyjwiubphg gwulwih ophUwswihnienLuutn unwlwine W sdowydwd  inyjwiubpp
Uphpwnth nwpbuGine hwdwp: Wu huwpwynpniejntup hhdp £ hwlunhuwuncd
wphGunwywl pwuwywunipjwl W Jdwpnne pninp thnfuwgnbgneeincuutph  hwdwn
dhuwlivwywl  nnpnned: - Al hwdwlwpgbpp Ywpnn GU hwdwpt,  JGpinoot,
LUwhuwggniawgub] nL uwlpuwwnbub] ingjuijutn NLP-h 2unphpy’ uyuwd hwdwhunpnutph
uwwuwnynwdhg Uhusle nhuytph wuhiwnpgGned:

Annwop  uGpywjwgunid £ NLP-h npn2  Jwplnp  Yhpwnnigyndultp
wnunGuwghwnnjwu  no $huwlulbph  wwppbp  nppnlGpnud: Lwwwnwyu  E
uGpywjwgut)], RrE pluswtu NLP-U Jwpnn E oguwlwp |hut] wnunbunipjwl hwdwn:
Annywéned pubwpyyned BU hGnlyw| pEdwltpp (nunhputpp).

e hUswtu NLP-U Ywpnn E oquwywpn |hub] uwmnfuwuwnhly dwdwlwlywihu
ownpbpny $huwliuwywu Jhinnedutpp yuwlpuwwnbubihu,

ehusnt £ dhUwluwlwl hwoytnynipjntuutph  JyGpnudneeyniup  swithwquwug
ogunwywp hw2ywuwwhnipjwl Jty,

e hUswbu uwnwlw] pnjwlnwyncejwlu punhwuntp  wwwnybpwgnd®  wnwlg
JwUupwdwulbph JGg punpwlwint, W hUuswbu E wu wgnnud Jwpnnt' npn2nduGph
wywgdwu gnpdpupwgh Jpw (Qwlwihu  nbgGpdwhu  hwdwywnagh (FED)-h
ophuwynd),

o Phuwluwywu hwdtinynipynctulGph 2wpwnpdwl [Ggyh (n6h) thnthnpunipjwu
hwjinuwptpnud FOMC-h (fwaluwjhu pwg 2nLywh yndhwintGh) ophuwynd,

e husnL pwntpp Ywpnn GU hwunbu qw| npwtu $huwluwywu fupwulbp W npnup
GU ognLwinutpp:

Uohuwwinwlpp gpdwd £ ghnwywl yGpwgwnpydwu W JGpnnwpwuntejwl tnwnpptn
dwdwluwlwyhg Yhpwnnipntuutph  hwdwygywd puuntgjwu  dhongnd, W npuwlg
hwdJwynnUwuh nLuncdbUwuhnpnijwu Uhongny uwinnLgyt E wnpjnLputnh
hwywuwnhnrpjwu nL uwytpwywuncpjwl Jwywpnwyp:

Uohuwwnwlpp hhduwynpned £ wju thwuwnp, np ny junnigwdpwihu wnduiutpp
uwhdwuwthwynedubpp Ywpbh £ hwnprwhwpt® ogunwgnpsting Al NLP: Uwnpnywjhu
nL wnphGunmwywu huwnbGlEyunp Gpp hdunnpbu Jhwaéngynd Bu, Ywpnn B hwlqbgut
wybh Jwy uGpnpnudwihu npnanudubph nL nhuytph Ywnwdywnpdwu, huy Jdwpnyuwihu
upuwih LJwabgnudp Ywplnp £ W Ywpnn £ oqut) pwgwhwjinbine ny unnigywdpwjhu
unyjwiubph pwpldws Jhinnedubpp (wyjunntn® Jhinnwdubn, wyuywihpubn, swupdnudubp W
wyu):

Spduwpwnebp’ plwlwl [Gqyh WDwlhnd, wphbunwlwl pwlwlwlnipncl,
$huwtiulibn, wnlwnbuwaqpwinntynil, ns Juwnnrgywépuwyhu wnyjuibn,
hwpybGuinynrpyncbnh YGpincéneeyncl, nnnpncdubnh Yuywgned:
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NMPUMEHEHUE OBPABOTKU ECTECTBEHHOIO A3bIKA
B 9KOHOMUKE N PUHAHCAX

TUITPAH KAPAMAH
rnpernodasamerib U acriupaHm
akyrnbmema 3KOHOMUKU U ¢hbUHaHco8
EpesaHckoeo eocydapcmeeHHO20 yHUsepcumema,
2. EpesaH, Pecrniybniuka ApmeHusi

O6paboTtka ecTtectBeHHOro s3bika (NLP) wucnonb3yetca pgnsa  uM3Bne4veHus
XenaemblX 3aKOHOMEPHOCTEN W3 HECTPYKTYPUPOBAHHbIX AaHHbIX M npeobpasoBaHus
HeoOpaboTaHHbIX AaHHBIX B MONe3Hble naen. 3Ta BO3MOXHOCTb CITY>KUT OCHOBOW ANA
BCcex B3anmogenctaui Al n yenoseka B pvHaHCOBOM cekTope. CUCTEMbI UCKYCCTBEHHOTO
WHTEnnekTa Moryt cobupaTtb, aHanuMa3upoBaTtb, Npeaynpexnartb W MNpPOrHo3MpoBaTh
haHHble 6narogaps NLP, HauvHaa c  oOCnyXuMBaHWA KIMEHTOB W 3akaH4MBas
npeaoTBpaLLEHNEM PUCKOB.

B aTon ctatbe npeacTaBneHbl HEKOTOpblE BaxkHbIe NpuMeHeHns NLP B pasnuyHbix
obrnacTax 3KOHOMWMKM M uHaHCOB. Llenb ctaTbm — nokasatb, kak NLP moxeT ObiTb
nonesHoiM AN NpoMblWfeHHocTU. B ctaTbe paccmatpuBaloTcd cregylolme Tembl
(Bonpochl):

e kak NLP moxeT ObITb NONe3HbIM Npy NPOrHO3NPOBaHMN (OMHAHCOBbLIX TEHAEHLUWN
C MOMOLLIbIO CTOXaCTUYECKUX BPEMEHHbIX PSAOB,

enoyeMy aHanua (pUMHAHCOBOW OTYETHOCTU  YpEe3BblYAWHO TMoNe3eH B
OyxranTepckom y4eTe,

e kaKk nonyyntb oblwee npeacTaBneHMe O COAEepXaHuu, He BAaBasCb B
noapobHOCTU, M KaK 3TO BRMSET Ha MNPOLECC MPUHATUSA peweHun (Ha npumepe
FED(®enepanbHas pe3epBHasa cuctema),

e 0OHapyXeHne naMeHeHus sA3blka (CTUNs) B OMHAHCOBBLIX OTYETax Ha MpuMepe
FOMC (®egepanbHblil KOMUTET MO OTKPLITLIM PbIHKaM),

e IOYEMY CMOBa MOXHO paccMmaTtpuBaTb Kak Tpurrepbl B (puHaHCax M B 4eMm
3aKMYaTCa NpenmyLLecTBa.

Pabota HanmcaHa ¢ ucnonb3oBaHMEM MeToda HayyHom abcTpakumm wm
KOMOVHUPOBAHHOIO M3Y4YEHUs1 PasfMYHbIX COBPEMEHHbLIX MPUIOXKEHUA METO4ONormu, a
YPOBEHb HAOEXHOCTM W [OCTOBEPHOCTU WCTOYHMKOB Obll NpoOBEpeH nyTeM KX
BCECTOPOHHETO N3YYeHMSI.

B aTon ctatbe obocHOBbIBAETCA (PaKT, YTO OrpaHMYEHUSA HECTPYKTYPUPOBAHHbIX
OaHHbIX MOXHO npeogonete c¢ nomowbio Al - NLP. [pu ymenom covetaHuu
YeroBEYECKUA U UCKYCCTBEHHbIA MHTENMNEKT MOXET MpuBecTu K bonee adpdeKTUBHBIM
WHBECTULMOHHBIM pELUEHNSIM W YNPaBIieHUI0 PUCKaMu, a COKpalleHue YeroBeqeckux
OWMBOK MMeeT pelualllee 3Ha4YeHne U MOXET NMOMOYb BbISIBUTb CKPbITbIE HaMepeHUsi
(34€ecb: TeHOEHUUN, OXXUOAHUSA, OBWKEHUSA U T.4.) B HECTPYKTYPUPOBAHHbLIX AAHHbIX.

KniouyeBble cnosa: o6pa6omKa ecmecmeeHHOe0 A3blKa, UCKyCCITlGeHHbIU
UHmMeJsisiekm, d)IJHaHCbI, 3KOHOMUKa, aHaliu3 om4yemm+yocmu, rnpuHamue peweHuU.
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