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ABSTRACT In the contemporary world of digital finance and data-driven decision-making, the ability to effectively obtain,
analyze and interpret knowledge about financial propositions (FPs) has become a critical challenge. FPs often contain critical
information about investments, risk assessments, forecasts, and strategic intent. However, this data is not always complete
and is often presented in semi-structured or unstructured forms, which limits its direct applicability. The motivation for this
study is the exponential growth in both the volume and complexity of financial documentation, which requires more
advanced and efficient approaches to context identification and knowledge obtaining (KO). By using natural language
processing (NLP) techniques, machine learning (ML) algorithms, semantic analysis, and other innovative tools, public-private
companies can increase the accuracy and efficiency of financial decision-making, ensure regulatory compliance, and minimize
human error. The concept of a financial system is also formalized by defining its main components and describing it as a
system with distinct properties and relationships. Such a systematic approach allows for a deeper understanding of the
relationships between budgeting, forecasting and risk assessment, which is critical for obtaining the "right" knowledge. Based
on the formalization of the FP, a conceptual scheme for KO about the FP is proposed, where the FP is considered as a
multimodal information object from which structured knowledge is obtained using various methods. This knowledge is
further used for analytical support of decision-making, but has significant limitations that require the involvement of experts
and additional models. The article explores modern methods and technologies aimed at automating and improving the
process of KO about such FPs, and also offers suggested directions for research in this area. Among them, it is planned to
study the latest technologies and advanced approaches to further improve the automation and accuracy of KO about FPs,

which will contribute to more informed and final decision-making in the financial sector.
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I. INTRODUCTION

he rapid digitalization of the financial sector has
T transformed how financial information is generated,

shared and utilized. This has led to a significant
increase in the volume, diversity and complexity of financial
documentation, among which financial propositions (FPs)
play a critical role in investment planning, risk assessment and
strategic  decision-making. These documents typically
combine narrative descriptions, numerical estimates, forecasts
and regulatory statements. They are predominantly presented
in semi-structured or unstructured formats making it
challenging to extract actionable insights quickly and
accurately.

As the volume and complexity of financial documentation
increases, manual analysis becomes increasingly inefficient
and error-prone. Therefore, there is a demand for advanced
methods and technologies that can automate the extraction,
analysis and interpretation of knowledge about FPs from their
description and context. Such opportunities exist not only to
increase the efficiency of decision-making but also to ensure
compliance with regulatory acts and minimize operational
risks in business solutions.

Despite the increasing availability of natural language
processing (NLP) and machine learning (ML) techniques,
extracting actionable and reliable knowledge about FPs
remains a challenging task. Existing approaches are often
designed for isolated subtasks, such as sentiment analysis,

entity extraction or document classification, and lack a unified
view of the FP as a holistic system of interconnected
components. As a result, important dependencies between
budgeting, forecasting, risk management and compliance are
often ignored, which reduces the effectiveness and
interpretability of automated analysis.

In addition, a lack of a generally accepted formalization of

a FP concept makes it difficult to select and compare
appropriate knowledge obtaining (KO) methods. Without
such formalization, it is difficult to systematically evaluate
existing technologies, identify their limitations or determine
their applicability to real-world financial decision support
systems. This study aims to investigate and analyze current
methods and technologies for extracting, analyzing and
interpreting knowledge about FPs in order to improve the
accuracy and efficiency of decision-making processes in the
financial sector. Therefore, the investigation tasks are:

- To formalize the concept of a FP by identifying its core
components and system properties;

- To review the applicability of existing methods and
technologies for KO about FPs;

- To analyze the challenges associated with processing
semi-structured and unstructured financial data;

- Explore potential innovative hybrid approaches and
emerging technologies that could enhance the
automation and accuracy of KO and context extraction
for financial offers.
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Il. ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS
A. Financial proposal. The term FP has been defined in
various ways across academic and professional literature,
reflecting its diverse applications in different domains.

In paper [1] authors define a proposal as a
comprehensive, structured document that combines a
compelling scientific idea with a clear and justified
financial plan. It is not merely a request for money, but a
detailed representation of how funds will support the
successful execution of a proposed project.

In “Methods and Mechanisms of Financing Investment
Activities in  Industrial Enterprises” by Nodir
Giyosalievich Khidirov [2], the term FP refers to a
structured set of methods and mechanisms formulated to
attract and allocate financial resources for investment
activities within industrial enterprises. FP outlined in the
article [3] is described as a methodology for assessing
financial risks, structuring investment development, and
ensuring that enterprise development is sustainable in an
economic, financial and environmental sense.

Also, one of the FP types is a grant proposal. In the
article [4] “Competing for Research Funding: Key
Elements Impacting the Evaluation of Grant Proposals” by
Mihaela Mocanu, Valentina Diana Rusu, and Anca-
Diana Bibiri, a grant proposal is defined as a structured
request submitted by researchers aiming to secure funding
for a research project.

B. FPs context and data consolidation. Data consolidation
plays a critical role in financial management by
transforming fragmented datasets into a unified and coherent
structure. In the context of FPs, this process ensures that all
relevant financial metrics, such as costs, revenue
projections, investment risks and funding requirements, are
consistently organized and aligned with the objectives of the
project. Consolidated and consistent data enables more
accurate forecasting, improves budget transparency and
facilitates compliance with reporting standards.

Using intelligent tools such as automated software, web
crawlers, and ML algorithms significantly enhances the
accuracy and efficiency of this process. These technologies
enable real-time data collection, pattern recognition, and
trend analysis, making them valuable for preparing well-
informed and evidence-based FPs. Several articles have
focused on this topic. For example, in study [5], author uses
Python crawler and k-means algorithms to grab
information from the website and express it through the
charts. Fan Zhang, Ye Ding, and Yuhao Liao were
processing and analyzing large-scale financial information,
especially trends of stock prices, with there’s visualization
using matplotlib. In article [6], Liyang Wang, Yu Cheng,
Xingxin Gu and Zhizhong Wu used a quite complicated
approach to process the data in the risk monitoring system.
Preprocessing includes:

- data cleaning, such as removing outliers and filling

missing values;

- data normalization to ensure comparability across

different scales;

- feature extraction to identify and construct features that

are most helpful for predictive models.

Authors were using Hadoop Distributed File System
(HDFS) to store market data, Apache Spark for complex
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computations, Hive & Pig for complex data querying and
analysis tasks, and Apache Flink for continuous data
streams. In study [7] Jingru Wang, Wen Ding, Xiaotong
Zhu were using NASDAQ Financial Fundamentals dataset
obtained from the Kaggle platform, which comprises
quarterly financial fundamental data for companies listed
on the NASDAQ stock exchange.

C. Structure of FP. The structure of a FP ensures the
transparency, feasibility and strategic alignment of a
project with its funding objectives. A well-structured Fp
enables evaluators to clearly understand the goals and
plans.

In study [8], the authors investigate the interrelations
among components of business models, which are
pertinent to understanding Fps as systems which include:

- value proposition — the benefits which a business model
provides to its customers, product and service offering;
the specific products and services designed to realize the
value proposition;

- financial model — encompasses funding, cost, pricing,
distribution, revenue, and profit models;

- customer and market segment — the target customers and
market segments of the business model.

The article "Some observations on contemporary
FPs" [9] conceptualizes a FP as a system composed of
multiple interrelated components rather than a list of
financial figures. According to the study, key components
identified include: budgeting and cost estimation, financial
forecasting, risk management, funding sources and
contract types, and regulatory compliance. The article
emphasizes that the links between these components are
crucial. For example, budget decisions impact risk
management strategies, which in turn influence funding
approaches and compliance requirements.

D. Context extraction and KO technologies applied for FPs.
Gaining insight into Fps is no longer limited to manual
reviews or basic statistical summaries. Today, researchers
and practitioners leverage a diverse range of intelligent
methods, tailored not only to the structure of financial
products but also to the specific analytical goals in play.
Depending on the context, the process may involve
structured and unstructured data mining.

For instance, in [10], Shuaiqun Pan, Sergio J.
Rodriguez Méndez, and Kerry Taylor introduced a creative
approach to assessing grant applications by assigning
“innovation and creativity” (IC) scores. Their solution
employed a Random Forest (RF) classifier trained on text
representations generated with a modified version of the
TF-IDF algorithm - utilizing only the inverse document
frequency (IDF) component. Despite this simplification,
their model demonstrated impressive performance,
reaching an accuracy of 84.17% across all types of grant
applications. In paper [11], authors provided a well-
organized and structured overview of how NLP is used in
financial systems, proposing a detailed taxonomy of NLP
methods used in financial applications, grouping them into
categories such as probabilistic models, vector-space
approaches, deep learning techniques (like LSTM and
BERT), and hybrid models that combine multiple
strategies. Another inventive application of NLP appears
in [12], where the authors designed a system to help
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investors identify significant financial events. Their
approach includes segmenting text to group related
content, applying co-reference resolution to track
dependencies within the documents, and using Latent
Dirichlet Allocation (LDA) to filter out less relevant
information.

In “Extraction of Forward-looking Financial
Information for Stock Price Prediction from Annual
Reports Using NLP Techniques” [13] authors developed a
methodology for the extraction of FLS from 10-K reports
and used those for stock price growth prediction using 4 4-
step algorithm. In this study, Forward-Looking Statements
(FLS) are first identified using a combination of rule-based
methods, manual labelling, and ML models. The approach
builds on previous work by incorporating the state-of-the-
art NLP model DistilBERT and comparing its
performance with traditional models like SVM and LSTM,
resulting in three versions of FLS datasets for each report.
The sentiment of the identified FLS is then assessed using
FinBERT. Finally, both the sentiment and the number of
FLS items are used as inputs in a Random Forest model to
predict the stock price growth rate over various time
horizons — one day, one week, one month, six months, and
one year after the report’s publication.

In [14] authors review the evolution of automatic IE
methods as applied to scientific literature, tracing key
milestones in entity recognition, relation extraction, and
structured data retrieval from research articles. Also in this
paper scientific IE (ScilE) process is presented, and key
challenges of the sphere: formats of scientific texts, the
need for (and lack of) training data, and the sparsity of
information of interest in literature. In work [15] provides
a comprehensive systematical overview of IE of different
areas and their most typical methods: entity and relation
extraction (RNN, CNN, PCNNs, CAN, LSTM, K-CNN,
CRN, 2ATT-BiGRU, FastText-BiGRU-Dual Attention,
GREG, SKEoG, AGCN, FC-GCN, IPR-DCGAT,
BioGraphSAGE, KERE, NAM, ATLOP, HDP, KSBERT,
KEWE-BERT, Gated-K-BERT, GraphRel, A2DSRE,
REIF), event extraction (DMCNN, JRNN, DCFEE, HNN-
EE, CNN-BIGRU, DEGREE, UIE), and multimodal
information extraction (IKRL, Rp-BERT, UMGF, MEGA,
CAT-MNER, HVPNEeT). In paper [16] author presented
Financial BERT, which has the same structure as BERT, a
new pre-trained language model, which has been trained
on a large corpus (TRC2-financial, Bloomberg News,
Corporate Reports, Earnings Call Transcripts) and can be
fine-tuned for multiple NLP tasks. Requiring minimal task-
specific architectural modification, our model achieves
state-of-the-art performance on the Sentiment Analysis
task, significantly outperforming other compared models
(BERT-base, FIinBERT). In paper [17], the authors
conducted a comprehensive analysis of recent approaches
in the intersection of NLP and financial market prediction.
They identified key methodologies for text representation,
sentiment analysis, information retrieval, and predictive
modelling.  Specifically, they categorized text
representation techniques into traditional methods such as
Bag-of-Words and TF-IDF, as well as advanced
approaches using contextualized word embeddings like
BERT. For sentiment and emotion analysis, both lexicon-

Vol 3, No 2, Paper 02012, pp. 1-7 (2025)

based and transformer-based models were discussed,
highlighting their importance in interpreting financial
texts. The authors also emphasized the role of IE (NER,
FinBERT, etc.) and graph mining techniques, including the
construction of financial knowledge graphs and the use of
graph embeddings.

In paper [18], the author proposed that the BERT model
achieved 62.38% precision in predicting sentiment for the
POSITIVE class and 55% for the NEGATIVE class of the
texts of 8-K current reports published in the EDGAR
system. In paper [19], the authors of the chapter explore
how to extract and represent financial entities and
relationships using techniques like named entity
recognition (NER), entity linking, and relation extraction,
and then apply knowledge graph construction, refinement,
and visualization to support applications in finance and
legal analysis.

In paper [20], authors proposed a semantic web—based
solution to automatically extract information from banks’
annual financial reports, build a financial ontology,
transform extracted data into a knowledge graph, and run
smart SPARQL queries. The steps of the pipeline are:
retrieving of the annual financial report from the
repository, data conversion into W3C-compliant tabular
data format with relevant data extraction, modelling and
visualization of the knowledge base.

In paper [21], the FinTOC-2020 Shared Task on
structure extraction from financial documents, its
participants' results and their findings are presented. The
main task was to extract the TOC (table of contents) from
French and English documents. One of the team DNLP
used Tesseract, an open-source OCR tool, to extract the
text regions. The other team, Taxy.io, proposed a
DBSCAN clustering on pages and a multilingual BERT
model. The UWB team used a Maximum entropy classifier
on top of a diverse set of features, including orthographic
characters and character n-grams.

In paper [22], the main goal was to extract structured
data from a document named KIDs (Key Information
Documents). Two approaches were introduced here: rule-
based and ML-based IE. For rule-based IE, around 100
rules were defined to extract data fields. In most cases, it is
a simple TokensRegex. For the ML-based approach,
CascadeTabNet, the OCR method Tesseract was used to
extract text from segmented cells.

In paper [23], the main goal was to extract textual
features from annual reports of FTSE350 companies.
Several methods for resolving were introduced: multi-task
classification methods, encoder: pre-trained masked
language model, joint multi-task learning, weighting,
sequential multi-task learning, etc. Methods that were
used: RoOBERTa encoder, fine-tuned on masked-language
modelling with FTSE350 corpus (domain adaptation).

In paper [24], the author proposed a VIBERTgrid
BiLSTM-CRF model, which demonstrates a significant
improvement in performance (up to 2 percentage points)
on named entity recognition from unstructured documents
in the financial domain. This model combines the strengths
of both transformer-based multimodal architectures
(VIBERTgrid) and sequence-based models (BiLSTM-
CRF).
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I1l. RESEARCH RESULTS AND THEIR DISCUSSION.
A. Definition of FP. From a systems perspective, financial
planning integrates budgeting, cost estimation, financial
forecasting, risk assessment, financing mechanisms and
compliance requirements. These factors are interdependent
and collectively determine the feasibility, sustainability
and expected outcomes.

In this work, we were focused on formalizing the
concept of a FP and identifying its core characteristics. By
analysing various definitions across academic literature, it
was found that FPs are not only documents requesting
funding, but also complex systems that encapsulate
strategic intentions, budget allocations, expected outcomes
and risk management approaches.

An FP is an entity that represents a complex system of
interconnected financial, strategic and regulatory elements
designed to justify the allocation of financial resources to
a specific project, investment or activity. In this context,
the FP is not only a funding request, but also a knowledge
that contains explicit information, such as costs, timelines
and funding sources and tacit knowledge, such as strategic
intent, assumptions and risk tolerance.

Thus, an FP can be formally considered as a system, the
structure, content and internal relationships of which
determine both the information value and the applicability
of automated methods for obtaining knowledge and
supporting decisions.

B. Comparative analysis of KO methods. The concept of
knowledge about FPs includes extracted entities, such as
costs, funding amounts and risk types and inferred
relationships between investment goals and returns. These
parameters are typically hidden within unstructured text
and require advanced IE or KO techniques for retrieval.

KO methods go far beyond manual review or simple
rule-based systems. These methods include a range of ML
and NLP approaches aimed at understanding and analysing
financial text, tables and structured data. Key methods
include:

- Classification algorithms (Random forests, SVMs) for
evaluating proposal quality or predicting outcomes;
Text representation models, such as Bag-of-Words, TF-
IDF, contextual embeddings and others;

Named Entity Recognition (NER) to extract financial
entities such as organizations, currencies, dates or KPIs;
Sentiment analysis to assess tone or outlook within
forward-looking ~ statements  or  management
commentary;
Event detection and relation extraction to identify
significant financial events and relationships within
proposals;
Table and structure extraction to interpret structured data
inside financial documents, such as budgets or risk
tables;
Multimodal approaches that combine text, visual layout
and numerical data.
Technologies used for KO:
- Pre-trained language models (BERT, FinBERT,
RoBERTa and domain-adapted models fine-tuned on
financial texts);
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- Optical Character Recognition (OCR). Tools like
Tesseract to extract text from scanned or image-based
documents;

- Deep learning architectures. LSTM, CNNs, BiLSTM-
CRF and transformer-based networks for sequence
labelling, classification or feature extraction;

- Topic modelling. Methods like Latent Dirichlet
Allocation (LDA) for filtering or organizing content;

- Knowledge graphs and ontologies. To structure and link
financial concepts and support advanced querying;

- Semantic web and SPARQL. For data integration and
smart querying of structured financial knowledge;

- Clustering and rule-based systems: DBSCAN,
TokensRegex or custom rule pipelines for structured
extraction tasks.

While KO methods have significantly improved the
accessibility and structuring of information contained in
Fps, they still have fundamental limitations (Table 1) in
capturing implicit intentions, validating predictions,
ensuring consistency across contexts and supporting
responsible decision-making. These limitations underscore
the necessity of adopting a hybrid approach that combines
automated context extraction with expert evaluation,

domain knowledge and robust governance mechanisms.
TABLE 1. A list of unsolved problems for existing KO methods.

Unsolved Types of Limitation explanations
problems methods
Implicit All automatic ~ The methods only work with
assumptions  methods (KG, explicit content. Strategic
and strategic  rule-based, intentions and implicit
intent ML, assumptions are not explicitly
transformers)  represented in the data
Subjective and ML classifiers, Models can simulate
normative transformers  “scoring” but have no
assessments objective criterion of “quality”
without external rules
Consistency  Rule-based, Most pipelines are document-
between ML, centric and do not guarantee
documents and transformers  inter-document or temporal
contexts consistency.
Validation of ~ All Obtaining is not equal to
predictions and IE/NLP/LLM verification. Methods are
causal claims  methods unable to assess the economic
plausibility of forecasts
Quantifying  Sentiment Qualitative descriptions of
risks under analysis, topic  risks are not reliably
uncertainty modelling, transformed into numerical
transformers  indicators without external
models
Explainability Transformers, High accuracy comes at the
of complex multimodal cost of low decision
models KIE transparency
Resistance to  Transformers, Models are sensitive to
manipulative ML classifiers stylistic changes, decorations

or rhetorical
text

and adversarial phrasing

Legal and Rule-based, Formal compliance is not
regulatory KG, semantic  equal to legal adequacy. It
interpretation  web requires legal expertise

The limitations
and quality of
ground truth

ML, DL,
transformers

Financial marked-up corpora
are limited, closed and unified
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Different types of KO methods have their own
advantages and complement each other. However, no
single method can completely solve the problems related
to implicit intent, subjective evaluation, predictive
verification, legal interpretation and liability. These
limitations are inherent to the decision-making
environment and not specific to any particular algorithm,
highlighting the necessity of adopting a human-machine
hybrid approach in financial decision analysis. To put this
hybrid perspective into practice and to clarify the
interaction between automated methods and expert
involvement, a conceptual framework for KO about FPs is
proposed below (Fig. 1).

This framework integrates various KO methods,
verification mechanisms, and human oversight, thereby
clarifying the capabilities and limitations of automation.
The proposed conceptual scheme considers a financial
offer as a multimodal information object from which
structured knowledge is obtained using different types of
methods. This knowledge is further used for analytical
support of decision-making but is subject to significant
limitations that require the involvement of experts and
additional models.

The proposed conceptual scheme illustrates Fp analysis
as a multi-layered process in which heterogeneous
obtaining methods transform unstructured documents into
structured knowledge. While automated techniques
significantly improve accessibility and consistency of
obtained knowledge, fundamental limitations related to
interpretation, validation, and accountability necessitate
the inclusion of expert-driven governance. Thus, effective
analysis of FPs should be understood as a hybrid human-Al
process rather than a fully automated pipeline.

The proposed conceptual scheme provides a system-
level understanding of KO about FPs by integrating
heterogeneous methods, representations, and decision-
making roles into a unified analytical framework.

First, the scheme clearly defines the functional layers,
distinguishing between document preprocessing, KO,
knowledge representation, verification and decision

Financial Proposal (FP)
(Text, Tables, Numbers, Layout)

Preprocessing & Normalisation
(OCR, Parsing, Cleaning, Layout)

ML models Transformers,
Rule-based 1E [ (RF/SVM) ] [FinBEFtT etc. J [ Others J
Structured Knowledge Representation
(Entities, Relationships, Graphs, Facts, etc.)

Validation & Consistency Checks
(Rules, Constraints, Ontologies)

v

[ Decision Support & Analysis ]

(Scoring, Ranking, Risk overview)

Human Expert & Governance Layer
(Interpretation, Validation, Responsibility)

FIG. 1. Conceptual scheme of KO about FPs.
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support. This division clarifies the role and limitations of
each method, avoiding the erroneous assumption that any
single technology can completely solve the problem of
financial solution analysis.

Secondly, this paper formalizes the concept of financial
planning as a complex, multimodal and interdependent
system, rather than a simple financial document. This
formalization provides a general analytical framework for
comparing different data collection methods and
understanding their applicability and limitations.

Third, a comparative analysis of KO methods was
conducted based on the proposed scheme. This analysis
highlights the complementary advantages of different
types of methods and clearly points out the problems that
automated methods cannot yet solve.

Ultimately, by introducing multi-layered verification
and governance, the framework demonstrates the necessity
of a hybrid human-machine approach and lays the
foundation for future research on the security,
interpretability, and reliability of financial decision support
systems.

VII. CONCLUSIONS
This paper formally defines financial planning as a
complex, multimodal, and interdependent system that
integrates budgeting, forecasting, risk management,
financing mechanisms and regulatory compliance
requirements. This formalization provides a common
analytical framework for assessing the applicability and
limitations of automated KO methods and distinguishes
financial planning from general financial documentation.
The results of the comparative analysis show that while
different methods have their own advantages, none of them
can independently address the key issues related to implicit
strategic intent, subjective assessment, predictive
validation, legal interpretation and accountability.
Aforementioned unresolved problems are inherent to the
financial decision-making context rather than to specific
algorithms. To overcome these limitations, this paper
proposes a conceptual framework for KO from FPs. This
framework integrates heterogeneous KO methods,
structured  knowledge  representation,  verification
mechanisms  and human-machine  collaborative
management. The framework clarifies the functional roles
and boundaries of automation and supports the design of
hybrid human-machine decision support systems.
Standardization of financial decisions can clearly
identify and categorize the knowledge contained in
financial documents. By identifying different types of
knowledge and their interrelationships, the scope and
limitations of automated KO can be clearly defined, which
will help to make financial decisions more consistent and
easier to interpret.
Future research should focus on:
- enhancing the security of KO processes, protecting them
from manipulative or adversarial content;
- improving the interpretability of complex models used
for financial text analysis;
- increasing the reliability of KO through validation,
consistency checks and integration with economic and
simulation models;
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- investigation of LLaMA as language models, financial
ontologies like FIBO and layout-aware models like
LayoutLM and LLMs.

These directions are crucial for advancing trustworthy

and responsible intelligent financial decision support
systems.
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Ornapg metopgis i TexHONOTi BUAOOYBaHHA 3HaHb
npo ¢iHaHcoBI npono3uuii

Makcum Asapos’, Bacunb Jlawkesmny

Kadeapa cuctTeMHOro npoekTyBaHHsA, GaKyAbTET ENEKTPOHIKM Ta KOMN' IOTEPHUX TEXHOOTIN,
JIbBiBCbKMI HaLioHaNbHWIA yHiBEpPCUTET iMeHi IBaHa ®paHKa, J1bsis, YKpaiHa

*ABTOp-KopecnoHaeHT (EnekTpoHHa agpeca: maksym.azarov@Inu.edu.ua)

AHOTALLIA Y cyyacHomy cBiTi unmdpoBMx PiHAHCIB Ta NPUAHATTA PillEHb HA OCHOBI AAHWX 34aTHICTb ePEKTUBHO BUIyYaTH,
aHani3yBaTu Ta iHTepnpeTyBaTV 3HaHHA NpPo ¢iHaHcoBi Npono3suuii (P) cTana KPUTUYHO BaXKAMBUM 3aBAaHHAM. Pl yacTo
MiCTATb BaXXMBY iHPOPMALLitO NPO iIHBECTULT, OLLIHKY PM3MKiB, NPOrHO3M Ta cTpaTeriyHi Hamipn. O4HaK Ui AaHi He 3aBXAu €
NMOBHWMMW 1 HEPIAKO NPeACcTaBAEHi B HAMNIBCTPYKTYPOBaHOMY abo HECTPYKTYPOBAHOMY BUIIALI, WO 0OMEKYE MOXKIMBOCTI iX
6e3nocepesHbOIO BUKOPUCTAHHA. MOTMBALLEIO LLbOTrO AOCAIAKEHHA € eKCNOHEHLMHe 3pOCTaHHA AK 06cAry, TaK i CKNagHoCTI
diHaHCOBOI AOKyMeHTauji, Wwo noTpebye 3acTocyBaHHA 6ifbl MPOCYHYTUX Ta edeKTUBHUX MiaxoAiB A0 iaeHTUdiKau,ii
KOHTEKCTY 1 BUA0DOYBaHHA 3HaHb. BUKOPUCTaHHA MeToZiB 06po6KM NPUPOAHOT MOBU, aNITOPUTMIB MALUMHHOTO HaBYaHHS,
CEMaHTMYHOTO aHani3y Ta iHWMWX iIHHOBALNHMX IHCTPYMEHTIB A€ 3MOry NPUBATHUM KOMMAHIAM i AepKaBHUM YCTaHOBam
NiABULLUTI TOYHICTb Ta ePeKTUBHICTb MPUIMHATTA GiHAHCOBUX pilleHb, 3a6e3ne4nTn BiANOBIAHICTb HOPMATUBHUM BUMOTaM i
MiHiMi3yBaTK ntoacbKi nomuaku. KoHuenuito O popmanisoBaHO WAAXOM BU3SHAYEHHS i OCHOBHUX KOMMOHEHTIB Ta ONUCY SIK
CMCTEMM 3 OKPEMMUMM BNACTUBOCTAMM | B3AEMO3B'A3KaMU. TaKMii CUCTEMHUI NiaXia Aa€ 3MOTY rIMbLLe 3p03YMiTU 3a1eXKHOCTI
MiX Ot0ayKeTyBaHHAM, MPOrHO3yBaHHAM Ta OLHIOBAHHAM PU3UKIB, WO € KPUTUYHO BaXK/IMBMM A1A BUAOOYBAHHA
peneBaHTHUX 3HaHb. Ha ocHoBi dopmanizauii I 3anponoHOBAHO KOHLENTyaNbHY CXxemy BUA00YBaHHA 3HaHb npo I, y
Me¥Kax AKoi piHaHCOBa MPOMNO3ULLA PO3rNALAETLCA AK MYNbTUMOAANbHUI iHGOPMALiNHUIA 06’EKT, 3 AKOrO 33 AOMNOMOroH
Pi3HNUX MEeTOoAiB OTPMMYIOTb CTPYKTYPOBaHi 3HaHHA. Hapani ui 3HAHHA BMKOPUCTOBYIOTbCA AA AHANITUYHOI MiIATPUMKMK
NPUNHATTA pilleHb, O4HAK MatoTb MeBHi 0OMEKEHHS, W0 3yMOB/HOE NOTPEDOY B 3a/ly4eHHi eKCrepTiB i f04aTKOBUX MOgENeN.
Y cTaTTi [OCNiAKYIOTbCA CydacHi MeToaM W TeXHOJOorii, CMPAMOBaHIi Ha aBTOMaTM3aLito Ta BAOCKOHANEHHA Mpouecy
BMA06YyBaHHA 3HaHb NPo @I, a TaKOXK NPONOHYTLCA NePCNEKTUBHI HANPAMM NOAANbLUMX AOCAIAKEHD Y il cdepi. 30Kpema,
NJAHYETbCA BMBYEHHA HOBITHIX TEXHOJOTIW i NepefoBuMX MNiAXOAiB ANA MiABWULLEHHS pPiBHA aBTOMAaTM3auii Ta TOYHOCTI
BMA00OYBaHHA 3HAHb, WO cCnpuaTMme 6inbll 0BFPYHTOBAHOMY M CBOEYAaCHOMY NPUNHATTIO pilleHb Y GiHaHCOBOMY CEKTOPI.

K/IIOYOBI CJ/IOBA ¢iHaHcoBi nponosuuii, BUAobyBaHHA 3HaHb, 06pobKa MNPUPOAHBLOI MOBM, MALUMHHE HABYAHHSA,
CEMaHTMYHUI aHanis.
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