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GENERIC MODEL:

+ Main Aim

- Input financial/market data: Big Four V' + ‘R’

- Ontology as the core data pre-processing component of the Model
- Essential Definitions

- Graph Database Component Development

- Machine Learning Engine Overview (inc. Feedback Loop)

USE CASE:

* The features of model building and implementation

. Bankru%tcy Prediction Computational Model Components
and Dat

- Ontology of Bankruptcy Prediction Development
+ Graph Database Component Development

* Machine Learning Engine Overview

* Accomplished to date & Contribution to knowledge

- Published Papers to date




Main Aim

©)

To form a Use Case based on Generic Computation Model for
Data Analysis

USE CASE:
Bankruptcy Prediction Computational Model (BPCM)

BPCM processes financial information of a company and
carries out a comprehensive investigation of companies'
financial activities during a particular time period.

This involves: modern methods of searching, processing and

storing a heterogeneous data, advanced machine learning
methods.

We aim to create a generic methodology of data pre-processing
and analysis, which can be applied to various financial/market
data types



Generic
Computational
Model

Components
and Dataflow

Layer 1

Layer 2

Layer n

data file

data file

Feedback Loop
with Features’ Weights

(cycle n)

data file

Queries (starting from cycle n: based on weights)

data file



An Ontology full graph with weights is a labelled graph
G,, = <V,E,L,,>

= V is the set of vertices (features),

= E is the set of edges (relationships),

Essential = L, is the set of four types of labels: {value:0, value:i, weight:o, weight:k}
Definitions * value:o the value is not yet identified

» value:1 1ranges over the real dataset values
» weight:0 the feature is irrelevant to this particular model’s cycle’

» weight: k ranges over the weights (0,1] which were added as the result of
analysis executed during the previous model’s cycle; k=1 indicates a
direct dependence between the final outcome of the model and the
feature’s value.

EXAMPLE: ratiolD: Gearing value: 31.16429818 weight: 0.5771

*taken from the use case, Gearing feature node, Neo4j environment




Essential
Definitions

An Ontology full graph is a labelled graph
G= <V,E,L>, where

= VV1is the set of vertices,

= [/ is the set of edges, and

= [ is the set of two types of labels {value:o, value:i}
* value:o indicates ‘the value is not yet identified’ and

* 1 ranges over the real dataset values

An Ontology template graph is a labelled graph which, as the
full graph, contains a full set of vertices, edges, and labels
exported from OBP ontology, however the values in labels are

not identified. In other words, it’s a graph which contains no
information about a particular company.
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Financial /

Market
Data Features

Big Data

Variety
Velocity
Veracity
Value
Volume

Financial Data
(input/output data for BPCM)

Variety

Velocity

Veracity
Value

Veolume
Relationships

4V + R



Why do we use

Ontology?

Ontology Features:

- Formal description of knowledge as a set of concepts
* Synonyms
* Definitions
* Meaning of Data

- Relationships between concepts: hierarchical & non-
hierarchical

- Mapping and integration

- Reasoning (e.g. detects concentrations of concepts)

Inspired by FIBO
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Generic Steps of

Ontology Creating

Compositional

‘ Classes on
Multiple Demand
Hierarchies
Single
Subsumption
Structured Hierarchy
Controlled
Controlled Vocabulary
Vocabulary (hierarchy)

Source: Aranguren, M.E., Wroe, C., Goble, C. and Stevens, R., 2008. In situ migration of handcrafted
ontologies to reason-able forms. Data & knowledge engineering, 66(1), pp.147-162.
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Steps of

developing a
Graph Database

\J
p—

Importing the Ontology files (e.g. OWL or RDF format) into the Graph
Database

D>
Creating hierarchical & non-hierarchical connections between the
ontologies/taxonomies (if there are two and more ontology files)

Matching the node labels with the indicators’ names in the input data file
taken from the external data sources (e.g. CSV file from traditional database).

\A
AN

The quantitative input data from the external data sources is transferred to
graph database as "value” attributes of corresponded nodes.

Calculating the value attributes of the features (if required) by using graph
data base built-in math formulae

The Graph Database is ready to be used for Feature Selection and analytical
purposes by means of queries

Exporting the values of the features (e.g. as CSV file)

Receiving the file with weights of the features (e.g. CSV file) from ML engine
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Building

Machine Learning
Engine

Step 1

Importing the
files:

 Training
Data Input
& Output
Data

o Input Data:
exported
fromhthe

ra

%atgbase

Step 2

Designing and
Training the
Neural
Network
relevant for
particular
data type

Step 3

Usage and
diagnostics

Result:

e Output Data

e Used
Features’
Weights,
required for
the next
cycle

Step 4

Transfer the
Features'
Weights using
Feedback
Loop
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Bankruptcy
Prediction
Computational

Model

Layer 1

Components
and Dataflow

Layer n

RDF file

Feedback Loop
with Features’ Weights

CSV file

CSV file

(cycle n)

Queries (starting from cycle n: based on weights)

CSV file
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Company name

Numberof Increase(Decrease)
employees Cash & Equiv.
Lastavailyr  th GBP Last avail. yr

o InterestPaid  Profit (Loss) before Profit (Loss) after

mGaPL-unn.yrmGaPunml yrthBPu-mnll yr th GBP Last avail. yr

Trade Debtors Stock & W.LP. Current Asset:

Interest ax
mGBPLann‘.ynhl;apunmlyrmmpm"'"“‘"G”L-"""""'GBPL‘“""L’”"GBP"'-

163,00 146921 4415653 -37676.83 647970 -1066 386786 317922 30467 27673 2177806 122774
r
143,00 163929 4028957 -35287.93 001.64 -1066 308157 253609 1683 27673 2104932 12003
)
100.00 47020 3507463 2227024 12804.39 927 1081.87 75330 702841 9944.43 2221602 25044
51
® [J 700 49229 2083957 2713350 250608 269 138608 110445 200814 %326 54329 10175
5
135,00 67031 2800246 -21851.05 615141 131 1661.69 1346.59 487637 3446.85 1150134 96403
6
40
22900 4293.66 2633342 -6411.22 1992220 -138.81 832492 721243 379449 2396.95 2135848 31006
¥
94.00 804.49 -21085.01 61 msm m:\sgg 5866.62 3431.87 961618 11423
8
e 1n nc1a €COo
188.00 1587.83 ~15.50 204251 63038 744437 73556
Yo [ [ [
7200 2l 3 251 9557.57 109104
0 -
¥ 10
24.00 62371 16685.27 -13669.29 301597 -2188 844.08 657.4% 228004 143356 5284.47 33187
11
i
114,00 87520 15547.87 -10396.36 515151 -2067 171521 148269 228505 48554 6920.77 87419
12
¥
17800 58609 1480286 -9027.35 577551 -456 177636 1565.08 1571.60 2150.98 6153.15 78553
13
RE)
96.00 108565 1342382 -10668.17 275565 1199 194275 185751 4068.05 2500 9481.04 66120
14
Y
104.00 26356 1324291 -8781.59 446132 -081 188584 151750 307538 896.82 499362 21183¢
1
s
64.00 62735 11404.10 -8480.43 202367 065 51226 40591 1905.08 7.8 357431 2636.1
16
’ 16
7200 1614.11 1134023 -5431.14 5909.09 0.1 142097 126523 236764 144889 7908.07 35173
17
y o
105.00 218069 11337.08 -7019.60 4317.45 150 242162 1928.99 139240 1089.30 712393 81580
18
)
57.00 1024.35 10821.84 6060.91 476093 180 40879 25803 606.04 2041.02 6186.66 52215

Data Sources:

« Fame Bureau Van Dijk (https://fame.bvdinfo.com/)

« Annual reports and Independent Auditors’ Reports, provided at Companies
House website (hitps://beta.companieshouse.gov.uk).



https://fame.bvdinfo.com/
https://beta.companieshouse.gov.uk/

Ontology of
Bankruptcy
Prediction

(OBP)
Content

Based on:

UK and international legislation which set the principles for the
preparation and analysis of financial statements

- IFRS Standards htips://www.ifrs.org

- UK Companies Act 2006
http://www.legislation.gov.uk/ukpga/2006/46/contents

- International Standards on Auditing (ISA)
https://www.iaasb.org/standards-pronouncements

* etc
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https://www.ifrs.org/
http://www.legislation.gov.uk/ukpga/2006/46/contents
https://www.iaasb.org/standards-pronouncements

OBP vs FIBO

FIBO

> @ Business Entities

> ® Business Process Domain

> ® Corporate Actions and Events
Domain

> @ Derivatives Domain

v @ Financial Business and Commerce

v @ FIBO FBC Debt and Equities Module

@ Credit Events Ontology

Credit Ratings Ontology

@ Debt Ontology
@ Guaranty Ontology
> @ FIBO FBC Financial Instruments Module
> @ FIBO FBC Functional Entities Module
> @ FIBO FBC Products and Services Module
> © Foundations
> @ Indices and Indicators
> ® Loans
> ® Market Data Domain
> © Securities

Aim:  machine-readable and
unambiguous data standard of the
financial terminology in general

OBP

@ owl:Thing
— @ Financial_Data_Sourses
— @ External
@ Internal
~ @ Profit_and_Loss_Account
— @ Cash_Flow_Statement
(0 Balance_Sheet
—) Assets
— @ Liabilities
- Finacial_Ratios
— @ Activity_Ratios
— ) Creditors_Payment
« @ Debtors_Turnover
) Stock_Turnover
— @ Financial_Sustainability
— @ Current_Liability_Coverage
« @ Cash_Flow_Coverage
- @
) Interest_Cover
—@ Liquidity_Ratios
« @ Current_Ratio
—@ Liquidity_Ratio
— @ Profiatability_Ratios
— ) Net_assets_Turnover
~ @ Gross_Margin
—@ Profit_Margin
— ) Return_on_Capital_Employed
~ @ Return_on_Shareholder_Funds

Aim:  machine-readable and
unambiguous data standard of the
financial terminology on
companies’ financial analysis
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OBP
Overview

Formal Description
of Concepts

Annotation properties IData es l'"?.“.’.‘.‘l‘.’a's = @ Profit_and_Loss_Account — http://www.semanticweb.org/nataliayerashenia/
Classes | Object properties Data properties ‘Annotations Usage I

Class hierarchy: Profit_and_Loss_A RI[II=H M [x] @ Annotations: Profit_and_Loss_Account S
_ nonvm
AHEAN Asserted ynonyms

@ owl:Thing rdfs:label [type: xsd:anyURI]
@ Financial_Data_Sourses Income_Statement
@ External
@ Internal rdfs:label [type: xsd:anyURI]
& Profit_and_Loss_Account
@ Cash_Flow_Statement -7
) Balance_Sheet rdfs:label [type: xsd:anyURI]

@ Finacial_Ratios
@ Activity_Ratios
@) Financial_Sustainability
@ Liquidity_Ratios
@ Profiatability_Ratios

Profit_and_Loss_Statement

rdfs:comment

An accounting document which sets out the details of a company’s profits and
losses to give an overall profit or loss figure. Directors have a duty to prepare a
profit and loss account that gives a true and fair view of the profit or loss of the
company for its financial year (section 396, Companies Act 2006).

Definition

OBP’s
Class Structure

protége
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Annotation Individuals | = ® Gearing — http://www.semanticweb.org/nataliayerashenia/ontologies/2019/

Classes 1 erties | Data properties Annotations | Usage |
Class hierarchy: Gearing RIIHME X @ Usage: Gearing BSOS
‘ Asserted Show: @ this disjoints named sub/superclasses

@ owl:Thing Found 13 uses of Gearing
@ Financial_Data_Sourses () 'Longterm_Liabilities_(Debt)'

() External I "Longterm_Liabilities_(Debt)" directly_related_to Gearing
~@ Internal
OBP ) Profit_and_Loss_Account @ 'Shareholders’ Funds_(Equity)
B i o mm "Shareholders'_Funds_(Equity)" indirectly_related_to Gearing
Overview i T
@ Liabilities " Gearing

) Gearing SubClassOf Financial_Sustainability

‘@ Finacial_Ratios :
: ) Class: Gearing

@ Activity_Ratios

! —@ Financial_Sustainability . .
Concept S () Current_Liability_Coverage = Normative_Value Non—hlerarchlcal
o ° () Cash_Flow_Coverage mm Normative_Value Domain Gearing . .
Relationships o Relationships
Py . Ir_lt(:.rest_c_over () Short_Term_Loans_and_Overdrafts
Liquidity_Ratios B Short_Term_Loans_and_Overdrafts directly_related_to Gearing

— @ Profiatability_Ratios

B Value
B Value Domain Gearing

B Weights
B Weights Domain Gearing

Properties

protége




Steps of developing an OBP Ontology

Step 1. Creating a Conceptual Example. Conceptual Representation of Step 2. Creating Formal
Representation of OBP Ontology Gearing Ratio in OBP Ontology Physical Representation of OBP
Ontology

of Financial Elements v @ owl:Thing
COMPANY’S FINANCIAL RECORDS v @ Company's_Financial_Data

v (@ Balance_Sheet_Data
v @ Assets
@ Current_Assets
@ stock_& W.LP
Balance Sheet @ Total_Assets
l @ Total_Assets_Less_Current_Liabilities
Has Subclass @ Trade_Debtors
l v @ Liabilities

A Company’s Has Subclass
Financial Statements

Ontology of
Bankruptcy
Prediction

The Elements l @ Current_Liabilities
ofa ’s Financial

3 nancia " , @ Longterm_Liabilities
for Financial Ratios calculation Sh](j:)ta‘:‘::m Iﬁ:ﬁﬁ:ﬁ sm:;&ﬂgers @ shareholders'_Funds
& Overdrafts (Debt) (Equity) @ Short_Term_Loans_&_Overdrafts
T T @ Trade_Creditors

| Directly Related To | v @ Cash_Flow_Statement_Data
: : @ Operating_Cash_Flow
v @ Income_Statement_Data

@ Cost

@ Gross_Profit

@ Interest_Paid

@ pBIT

@ Turnover

Directly Related To Inversely Related To

as a core
component
of the system

Financial Ratios
used for bankruptcy prediction

Has Subclass

v @ owl:Thing
v @ Finacial_Ratios
v @ Activity_Ratios
@ Creditors_Payment
@ Debtors_Turnover

@ Stock_Turnover
I :
COMPANY’S FINANCIAL RATIOS WLavirige Ratlos

Leverage Ratios

Has Subclass

Profitability Liquidity Activity Solvency
Ratios Ratios Ratios Ratios

@ Cash_Flow_Coverage_Ratio
@ Current_Liability_Coverage_Ratio
6]
@ Interest_Cover
v @ Liquidity_Ratios
@ Current_Ratio
@ Liquidity_Ratio
v @ Profiatability_Ratios
@ Gross_Margin

Note: The composite Ontology of Bankruptcy Prediction content is based on R TN
the IFRS Standards and the UK Companies Act 2006 & Retin. gn Capttal. Employest

@ Return_on_Equity
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[ COMPANY’S FINANCIAL RECORDS J

MO[] se)
S owoouy

©
2
:

2}
=3
&

Full version of
Ontology of

Operating Interest i T P A ———
Cash Flow Turnover Cost Gross Profit Paid PBIT i !
a p C y a— g S ] 1
1 : 1
[ ) [ ]
Trade Stock Current Total | | _ | Total Assets
I e lc On Rl S £ Assets [ Liabilities

Shareholders’
Funds

Conceptual
Representation

Financial Sustainability

Profitability Liquidity Activity

Note: This image shows only the objects of the OBP ontology which are involved in this particular Use Case




The ontology editor can be used to create a new ontology
framework as the system evolves and adapt it to the new
requirements.

Both new ontology made from scratch or third-party ready made
RDF file can be used to in BPCM model

Protégé as an

environment to
develop and edit  ‘BPCM ontology part
OBP ontology 1.owl’
< < Taxonomy of Financial
protege A Statemen}’;s’ Elements
- OWL file b
Two files in Protégé: p N
i et g BPCM ontolog par
long run, it doesn’t matter what N J 2.0wl
ontology development tool is Taxonomy of Financial
used. Ratios OWL file

\_ J




Data Files

=

(Training Data (45

UK Companies)

’Training Data 2019 45.csv’ —
CSYV file containing financial ratios of
45 UK companies is used as training
data for the Neural Network in
Python.

’Training Output_2019_45.csV’
— CSV file containing information
about the bankruptcy level of 45 UK
companies is used as training data for
the Neural Network in Python.

’Company_A_Fin_Elements.csv
” — CSV file with financial data of
Company A including the Elements
of Cash Flow Statement, Income
statement and Balance Sheet was
taken from Fame Bureau Van Dijk
database. The file is used as testing
input data for Neo4j Graph.

’Ratios_ Export_NN.csv’ — CSV
file automatically built in Neo4j
graph database containing values of
14 financial ratios of Company A is
used as testing input data for the
Neural Network in Python.

Testing Company A
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Steps of
developing a
Graph Database
in Neo4j

e oS-

Importing the OBP Ontology OWL files made in Protégé into Neo4j

- olcFr2

Creating non-hierarchical connections between the ‘Elements of a
Company’s Financial Statements’ and ‘Financial Ratios’
taxonomies

Exporting the CSV file containing info about the company's financial
records. Matching the node labels of “Elements of Financial
Statements” taxonomy with the elements’ names in the CSV file.

- o4

The quantitative data from CSV file containing a company’s records
is transferred to Neo4j as “value” attributes of corresponded
nodes.

Calculating the value attributes of the Ratios by using built-in math
formulae

- ot

A company’s graph database is ready to be used for Feature Selection
and analytical purposes (by means of Cypher queries)

Exporting the values of the Ratios as CSV file
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1€047% MATCH (n) RETURN n;

OBP Ontology

Representation =

In Neo4j
Environment

Statement
-)_

Operatin
Cash Flog/

33 nodes divided into three
categories: Ratio, Criteria
(financial indicator),
Statement

Longterm
Liabilities

46 relationships between
them (of two types — direct
and inverse)

Displaying 33 nodes, 46 relationships.

i

P

) G D €28
S *(46) Ml directly_related_to(31) [l inversely_related_to(15)

Total Assets g
2
% g
%, g
d\‘,@, 5
%
o

Current
Liabilities

ozbo’d’

Short Term
Loans and
Overdrafts

>

&

‘/ ‘m\‘ﬁdﬂ

©
(B\”‘&(

Total Assets

Less Current
Liabilities

Income
Statement
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Part of a Neogj
representation
graph with
Components
ontological path
developed
for the tested

Company A

The value of Gearing Ratio
for company A (31.16) is

calculated using the in-built
formula.

- <id>: 10 linguistic_variable: Financial Sustainability normative_value: 1 ratiolD: Gearing value: 31.16429818 weight: 0.5771

Short Term

Loans and
Overdrafts

Shareholde...

A Total Assets
Stast ov¥ Less Current
atemen Liabilities

inverse\y_re\ated_to

direct)

Longterm
directly_related_to Liabilities

Operating
Cash Flow

Balance Sheet
directly‘related to

%
//'scval

Total Assets
\/‘e/e "

Lto

~l

)
y\re/efed

ly_rej ted\to

Stock and
WIP

ypereier knodiP

d’.’ect
T direct,

inv...
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Building Neural
Network in
Python using
Semantic
Database System

Data

e

Step 1.
Importing the
files:

* Training
Data

* Training
Output Data

e Input Data
(Exported
from Neo4j)

Step 2. Designing and Training the
Classical Neural Network
for Bankruptcy Prediction

Input Signals

———«

Number of Iterations:
15000

R1 1

Activation Function:

R14 n

Sigmoid
Input . Hidden Output
Layer Weights Layer Layer

——_——

Backpropagation Error Signals

Step 3. Usage
and diagnostics.

Output:

[1] — high risk of
bankruptcy, [0] —
the company is
stable.

Weights:

Final weights of
the analysed
features ready to
be transmitted to
the Company’s
Graph Database
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Feedback Loop

data + queries based on weights

CSV file with features’ weights

CSV file with output

CSV file with selected data
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Accomplished
to date
&
Contribution
to knowledge

v/

* A novel component-based architecture of BPCM Model was introduced, which
integrates the Semantic Database System and a set of modern machine learning
algorithms

+ A conceptual representation of the OBP Ontology was designed and described

- A formal conceptual representation of the OBP Ontology through using Protégé
environment

* The code of the Graph DB was built using Cypher query language and Neogj
environment

+ A Graph DB for financial data of companies in Neo4j environment and input data
values was implemented

+ Neural Network in Python which uses the structured data from the Graph DB as its
input was developed

- A mechanism of transferring the data between components was established:
Protégé -> Neo4j, Neo4j -> Python NN

Result: The created methodology of developing a computational model based on semantic
approach, with the embedded ontology and graph database. The methodology allows to
work with metadata stored in the model. The generic nature allows to upgrade existing
and plug in new components on demand (e.g. to embed different ontologies and datasets)
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 Yerashenia, N., and Bolotov, A. Computational modelling for
bankruptcy prediction: Semantic data analysis integrating
graph database and financial ontology. In 2019 IEEE 21st
Conference on Business Informatics (CBI) (2019), vol. 1, IEEE, pp.
84-93.

 Yerashenia, N. and Bolotov, A., Creating an Intelligent System
for Bankruptcy Detection: Semantic data Analysis
Published Papers Integrating Graph Database and Financial Ontology.
& In Proceedings of the Automated Reasoning Workshop 2019:

Bridging the Gap between Theory and Practice (2019), p. 11.

Conferences to , , , ,

date  Yerashenia, N., Bolotov, A., Pierantoni, G., and Chan, D. Semantic
data pre-processing for machine Ilearning based
bankruptcy prediction computational model. In 2020 IEEE
22nd Conference on Business Informatics (CBI) (2020), IEEE.

L]
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Thank you!

Natalia Yerashenia, Msc

w15782366@my.westminster.ac.uk

Dr Alexander Bolotov

A.Bolotov@westminster.ac.uk

SCHOOL OF COMPUTER SCIENCE AND ENGINEERING
UNIVERSITY OF WESTMINSTER

115 NEW CAVENDISH STREET
LONDON W1W 6UW

UNITED KINGDOM
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