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Rezumat

Studiul de caz propus spre cercetare eviden-
tiaza integrarea intensiva a Tehnologiilor Informa-
tionale in analiza sistemica a datelor, calibrarea
valorica si formularea unei eventuale evolutii sau
continuitati a acestora. Drept exemplu, este analizat
portofoliul istoric al evolutiei in timp a creditelor, iar
prin intermediul conceptelor de Inteligenta Artifi-
ciala se realizeaza o prognozd, care genereazd o
valoare numerica la o data prestabilita. Pe baza
acestui rezultat, institutia bancard, structurile com-
petente de guvernanta si analiza a datelor, precum §i
directiile de creditare pot lua decizii privind acor-
darea in continuare a produselor bancare. Strategia
poate fi implementata sub mai multe forme, insd, in
cadrul cercetarii, este descris procesul de dezvoltare
a unei aplicatii realizate in limbajul C++, care
utilizeaza modele de invatare automatd §i o retea
neuronald simpld de tip Perceptron, cu scopul obit-
nerii unei precizii sporite.

Cuvinte-cheie: inteligenta artificiald, porto-
foliu de credite, prognozd, retele neuronale, auto-
matizarea proceselor, analiza datelor.

Clasificare JEL: C53, C88, G21.

Introducere

Este cunoscut faptul ca orice institutie bancara
detine anumite produse financiare care ii sustin acti-
vitatea, unul dintre acestea fiind creditul. Creditele, n
esentd, reprezintd Tmprumuturi pe care institutiile
bancare le ofera persoanelor fizice sau juridice, in
dependenta de necesitatile clientilor, incepand de la
creditele de consum, pand la cele ipotecare. Fiecare
dintre acestea are o valoare contractuald initiala, o
ratd lunard de rambursare si alti parametri semni-
ficativi. Pentru a monitoriza evolutia acestora, struc-
turile responsabile pentru analiza creditelor, efec-
tueaza diverse analize si rapoarte privind riscului de
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Abstract

The proposed case study highlights the inten-
sive integration of Information Technologies in the
systemic analysis of data, value calibration, and the
formulation of potential trends regarding their evo-
lution or continuity. As an illustrative example, the
historical evolution of a loan portfolio over time is
analysed, and, through the application of Artificial
Intelligence techniques, a forecast is made that
generates a numerical estimate for a predetermined
future date. Based on this result, the banking insti-
tution, relevant competent governance and data
analysis structures, as well as the lending depart-
ments, can make decisions regarding the further
provision of banking products. The proposed strategy
can be implemented in various forms, however, this
research describes the development of a C++ appli-
cation which uses machine learning models and a
simple Perceptron neural network to achieve a
higher level of forecasting accuracy.

Keywords: artificial intelligence, loan port-
folio, forecasting, neural networks, process automa-
tion, data analysis.

JEL Classification: C53, C88, G21.

Introduction

It is widely recognised that every banking
institution offers a range of financial products that
support its activity, one of the most important being
loans. Loans essentially represent borrowed funds
that banking institutions provide to individuals or
legal entities, depending on clients’ needs, ranging
from consumer loans to mortgages financing. Each
loan is characterised by an initial contractual value, a
monthly repayment rate, and other significant para-
meters. In order to monitor their evolution, the
structures responsible for credit analysis conduct
various assessments and prepare reports regarding
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credit sau capacitatea de rambursare, evidentiind
astfel situatia financiara a beneficiarilor. in regim
obisnuit, aceste analize consuma timp, pentru a fi
integral realizate. In acest context, studiul in cauzi
prezintd initiativa de automatizare a proceselor prin
utilizarea Tehnologiilor Informationale ce includ
concepte de Inteligentd Artificiald. Aceastd abordare
presupune nu doar cresterea eficientei si economi-
sirea timpului in cadrul procedurilor de analiza si
raportare, dar si o sporire a exactitatii si preciziei a
datelor obtinute, facilitind astfel adoptarea unor
decizii corespunzatoare privind mentinerea creditelor
actualilor clienti si dezvoltarea activitatilor de cre-
ditare pentru potentialii clienti ai bancii.

Metodologia cercetérii

Deoarece datele din cadrul bancilor prezinta
un caracter strict confidential, acestea fiind prezentate
cu titlu de exemplu sunt elaborate de catre autori.
Sumele supuse analizei, corespund realitdtii, Insa
rezultatele expuse au rol ilustrativ. In continuare, este
prezentatd o strategie argumentata privind formele de
acordare si administrare a creditelor. Tehnologii
utilizate includ: un Sistem de Gestiune a Bazelor de
Date si limbajul structurat de interogare a bazelor de
date relationale (T-SQL), Microsoft Excel cu forma-
tul: Comma — Separated Values (CSV), limbajul de
programare C++. Din gama metodelor matematice au
fost utilizate regresia liniard si algoritmul Gradient
Descent. Aferent Inteligentei Artificiale, au fost
utilizate: o retea neuronald simpla cu un singur strat
(Perceptron) si elemente de invatare automatd
(Machine Learning).

Rezultate obtinute si discutii

in strictd conformitate cu paradigmele con-
temporane, creditul reprezinta un produs bancar oferit
unei persoane fizice sau juridice, prin intermediul
caruia aceasta obtine acces la resurse financiare pe
care nu le detine la momentul solicitarii. Acest
produs financiar este acordat in baza unor criterii bine
definite, care includ analiza capacitatii de rambursare,
istoricul de credit al solicitantului si riscurile asociate
[1]. Persoana sau entitatea, care acceseaza creditul, se
angajeaza sd returneze suma primitd intr-o perioada
de timp stabilita, impreuna cu dobanda aferenta, ce
constituie costul utilizarii capitalului Imprumutat.

in prezent, creditele prezinti o diversitate
larga, in dependenta de scopul, pe care il urmareste
clientul [2]. In acest sens, cele mai raspandite tipuri
de credite sunt:

1. Creditele de consum — destinate finantarii
nevoilor personale ale clientilor (achizitio-
narea de bunuri, servicii);

2. Creditele ipotecare — utilizate pentru achizitio-
narea sau renovarea locuintelor;

3. Creditele pentru afaceri — acordate companii-
lor pentru a sustine diverse activititi comer-
ciale sau investitionale.

credit risk or repayment capacity, thereby highligh-
ting the financial situation of the beneficiaries.
However, these analyses are routinely time-consu-
ming and resource-intensive. In this context, the
present study introduces an initiative aimed at auto-
mating such processes through the use of Information
Technologies that include Artificial Intelligence
concepts. This approach not only involves enhances
efficiency and reduces the time required for analysis
and reporting procedures but also improves the
accuracy and precision of the data obtained, thus
facilitating the adoption of appropriate decisions
regarding both the management nance of current
clients' loans and the development of lending activi-
ties for potential bank clients.

Research Methodology

Given the strictly confidential nature of baning
data, the figures presented in the study have developed
by the authors for illustrative purposes. Although the
amounts subjected to analysis correspond to reality, the
results presented serve solely as examples. Further-
more, the study outlines a reasoned strategy regarding
the mechanisms for granting and managing loans. The
technologies used include: a Database Management
System and the structured query language for
relational databases (T-SQL), Microsoft Excel using
the Comma-Separated Values (CSV) format, and the
C++ programming language. From the range of
mathematical modelling concepts, linear regression
and the Gradient Descent algorithm were utilised. In
terms of Atrtificial Intelligence, the research incorpo-
rates a simple single-layer neural network (Perceptron)
and Machine Learning techniques.

Obtained Results and Discussion

In strict accordance with contemporary
paradigms, a loan is a banking product offered to a
physical or legal person, through which they gain
access to financial resources they do not possess at
the time of the request. This financial product is
granted based on well-defined criteria, which include
the analysis of the repayment capacity, the applicant's
credit history, and the associated risks [1]. The person
or entity accessing the loan commits to returning the
received amount within an established timeframe,
together with the related interest, which constitutes
the cost of using the borrowed capital.

Currently, loans show a wide diversity, de-
pending on the client's objective [2]. In this regard,
the most widespread types of loans are:

1. Consumer loans — intended to finance clients'
personal needs (purchasing goods and ser-
vices);

2. Mortgage loans — used for purchasing or
renovating residential properties;

3. Business loans — granted to companies in
order to support various commercial or
investment activities.
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Tipurile de credite enumerate sunt acordate,
practic, de majoritatea bancilor comerciale, fiind
produse financiare strategice, cu capacitati de asigu-
rare a diverselor nevoi ale clientilor.

in mod traditional, toate bancile dispun de
echipe specializate in analiza datelor, performantei si
evolutiei actualitatii institutiei financiare, atat la
nivelul clientilor, cat si la nivelul produselor finan-
ciare pe care le detin. In cadrul cercetirii efectuate, se
evidentiaza faptul ca analiza creditelor este un proces
complex, prin care institutiile financiare au obligatia
de a realiza evaludri detaliate pentru a stabili con-
ditiile actuale de sustenabilitate, monitorizare, con-
tinuitate si supraveghere a creditarii. Daca in prece-
dent, analiza datelor se efectua manual, cu o eficienta
redusd din punct de vedere al timpului, In prezent,
Tehnologiile Informationale intervin in sprijinul
acestui proces.

in prezent, bancile, impreuna cu echipele de
Business Intelligence, au inceput sa adopte solutii de
automatizare bazate pe tehnici si tehnologii moderne,
cu un accent deosebit pe aplicarea Inteligentei Arti-
ficiale (IA). Aceste tehnologii oferd o serie de avan-
taje semnificative institutiilor financiare:

a. Precizie sporitid — Inteligenta Artificiala poate
identifica anomalii si riscuri ascunse cu O
acuratete mai mare decat metodele traditio-
nale, reducand la minimum erorile umane [3].

b. Imbundtditirea procesului decizional — Algo-
ritmii de invatare automatd si analizele pre-
dictive permit bancilor sd prevadd procesul
comportamental de rambursare al clientilor si
sa optimizeze conditiile de creditare.

C. Monitorizarea creditelor si analiza pietei —
Inteligenta Artificiald si tehnologiile avansate
contribuie nu doar la evaluarea individuala a
creditelor, ci si la supravegherea pietei de cre-
ditare in ansamblu.

Luénd in considerare toate cele mentionate
referitoare la credite i automatizarea procesului de
supraveghere a acestora, In continuare va fi prezen-
tatd o solutie tehnicd in acest sens. Pentru inceput,
vor fi prezentate modelele matematice, care stau la
baza analizei datelor, respectiv regresia liniard si
metoda coborérii pe gradient.

Pentru a automatiza supravegherea creditelor,
un model de regresie liniara poate fi utilizat pentru a
prezice comportamentul financiar al debitorilor pe
baza unor factori precum veniturile, scorurile de
credit, istoricul de plata si valoarea totala a activelor.
Metoda coborarii pe gradient permite ajustarea
iterativa a modelului, fiind foarte utila in seturile mari
de date, unde metoda clasica a celor mai mici patrate
poate deveni costisitoare din punct de vedere tehnic.

In esent, regresia liniara reprezinti o metoda
statisticd simpla si des utilizatd pentru a modela
relatia dintre o variabila dependenta (de obicei notata
CU y) si una sau mai multe variabile independente
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The aforementioned types of loans are offered
by the majority of commercial banks and constitute
strategic financial products capable of addressing
various client needs.

Traditionally, banks maintain specialised teams
for analysing data, performance indicators, and the
current evolution of the financial institution, both at the
client level and at the level of the financial products
they hold. The conducted research highlights that
credit analysis is a complex process through which
financial institutions are required to perform detailed
evaluations aimed at assessing sustainability, moni-
toring performance, ensuring continuity, and super-
vising lending activities. If previously data analysis
was predominantly performed manually, with reduced
time efficiency, Information Technologies currently
intervene to support this process.

Nowadays, banks, together with Business
Intelligence teams, have started to adopt automation
solutions based on modern techniques and techno-
logies, with a special emphasis on applying Artificial
Intelligence (Al). These technologies offer a series of
significant advantages to financial institutions:

a. Increased precision — Atrtificial Intelligence
can identify anomalies and hidden risks with
higher accuracy than traditional methods,
thereby minimising human errors [3].

b. Improved decision-making process — Machine
learning algorithms and predictive analytics
allow banks to forecast clients' repayment
behaviour and optimise lending conditions
accordingly.

c. Loan monitoring and market analysis — Arti-
ficial Intelligence and advanced technologies
contribute not only to the evaluation of
individual creditworthiness but also to the
supervision and analysis of the lending mar-
ket as a whole.

Considering the aspects mentioned above
regarding loans and the automation of their supervision
process, a technical solution addressing is presented
below. Firstly, the mathematical models underlying the
data analysis approach are presented, namely linear
regression and the gradient descent method.

To automate credit supervision, a linear re-
gression model may be used to predict the financial
behaviour of borrowers based on factors such as
income, credit scores, payment history, and total
value od assets. The gradient descent method allows
the iterative adjustment of model parameters and is
particularly useful when large datasets, where the
classical ordinary least squares method may become
technically costly. In essence, linear regression repre-
sents a simple and frequently used statistical method
to model the relationship between a dependent va-
riable (usually denoted by y) and one or more inde-
pendent variables (denoted by x). Its purpose is to
determine the coefficients of a linear function that
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(notate cu x). Scopul acesteia este de a determina
coeficientii unei functii liniare, care aratd cat de bine
variabilele independente pot explica sau prezice
variabila dependenta [4].

y=Bot+pix+e

unde: x — variabila independenta; y — varia-
bila dependenta; pf, — reprezintd termenul liber
(ordonata la origine) reprezentind valoarea lui y la
conditia x = 0; B, — coeficientul de regresie (panta
dreptei) care evidentiazd schimbarea lui y, la 0
variatie unitard a lui x; € — termenul de eroare cu
distributie normala.

Coeficientii S, si f; pot fi determinati prin
intermediul metodei celor mai mici patrate, care are
proprictatea matematicdi de a minimiza suma
patratelor diferentelor dintre valorile controlate si
estimarile variabilei y, conform relatiei:

minﬁo.ﬁl Z?=1(yi

Pentru minimizarea functiei de cost, se va
utiliza metoda Gradient Descent, care presupune o
tehnica iterativd, care ajusteazad coeficientii Sy si 53
in directia gradientului negativ, astfel apropiind
valorile obtinute de cele optime [5]. In acest sens,
functia de cost care urmeaza a fi ajustatd este
urmatoarea:

JBo,B) = o= T = (Bo + Brx))?

Expresia matematica de actualizare iterativa
pentru Gradient Descent este:

Bj =B —

unde: a — reprezinta rata de invatare (un para-
metru specific algoritmilor de Inteligenta Artificiald)
si J(Bo, B1) — functia de cost.

Iterdnd aceastd formuld, datele obtinute prin
regresia liniara, vor fi aduse la limitele adimisibile
realitatii ca sa fie mai apropiate de valorile prece-
dente. Acest proces este denumit — calibrarea datelor.

Avand deja modelul matematic corespunzator,
poate fi definitd si functionalitatea aplicatiei, care va
realiza o prognoza, pe baza datelor istorice prezente
intr-un fisier Excel cu extensia .Csv;

Inainte de executarea aplicatiei, este necesar
extragerea din Sistemul de Gestiune a Bazelor de
Date (SGBD) a informatiei necesare, care va fi
analizati automat. in cazul dat, conform Figurei 1
vor fi extrase date din baza de date exemplificativa
BankHistoricalData (marcata conventional cu 1),
respectiv din tabela dbo.BankLoanPortfolio (marcata
conventional cu 2):

best describe how the independent variables explain
or predict the dependent variable [4].

@)

where x — independent variable, y — depen-
dent variable, B, — intercept, representing the value
of y when x = 0, fB; — slope coefficient, indicating
the change in y for a one-unit change in x, € — error
term, assumed to follow a normal distribution.

Coefficients B, and B, can be determined
using the least squares method, which possesses the
mathematical property of minimising the sum of the
squared differences between the observed values and
the estimated values of y, according to the following
relationship:

= (Bo + P1x:))* @)

To minimise the cost function Gradient
Descent will be applied. This iterative optimisation
method adjusts the coefficients S, and §; in the
direction of the negative gradient, thereby moving the
parameter estimates closer to their optimal values [5].
In this context, the function to be minimised is
defined as follows:

@)

The mathematical expression for the iterative
update in Gradient Descent:

9J(Bo.B1)
6ﬁj

a 4

where a — represents the learning rate (a con-
cept specific to elements of Artificial Intelligence)
and J(B,, B1) — the cost function.

By iteratively applying this formula, the data
obtained from linear regression are adjusted towards
admissible real-world limits and values closer to the
observed data, a process known as data calibration.

Having established the corresponding mathe-
matical model, the functionality of the proposed
application can then be defined: it will perform a
forecast (prediction) based on historical data con-
tained in an Excel file with the .csv extension;

Prior to the execution of the application, it
is necessary to extract the required information
from the Database Management System (DBMS),
which will be automatically analysed. In this case,
according to Figure 1, the data are extracted from
the exemplary database BankHistoricalData (con-
ventionally marked with 1), specifically from the
table dbo.BankLoanPortfolio (conventionally marked
with 2).

Revista / Journal ,, ECONOMICA” nr.2(136) 2026
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Object Explorer

Connect = ¥ *§ & oM

~ 0 >

= I3 Databases
7 Systern Databases
7 Database Snapshots
= W BankHistoricalData ‘—
7 Database Diagrams
B [ Tables
7 Systern Tables
7 FileTables
7 External Tables
7 Graph Tables

R dbo.BanklLoanPortfolio 4—

T Views

7 External Resources
7 Synonyms

= Programmability
T Query Store

7 Service Broker

7 Storage

= Security

T Security

7l Server Objects

7 Replication

=l Management

[#] ¥Event Profiler

HEREEEEEA

EEHEBA

= @ WIN-7KEPMI7605MN\SOLEXPRESS (SOL Server 16.0.1000 - WIN-7KBPMI7BOSM user

Figura 1. Sursa informationald a SGBD
pentru extragerea datelor
aferente creditelor/

Figure 1. Database Management System
(DBMS) information source
for extracting credit-related data
Sursa: elaborata de catre autori/
Source: developed by the authors

Pentru realizarea automata a prognozei, va fi
necesar ca, cu ajutorul limbajului structurat de
interogare Transact — SQL (T-SQL), sd fie extrase
datele necesare, precum data de raportare si bilantul
total al creditelor pentru fiecare data. in mod teoretic,
tabela dbo.BankLoanPortfolio functioneazd pentru
fiecare sfarsit de lund, cumuland toate soldurile
creditelor. Drept exemplu, vor fi analizate primele
trei trimestre (Q1: 01.01 — 31.03, Q2: 01.04 — 30.06
si Q3: 01.07 — 30.09) ale anului 2024. Drept urmare,
perioada de raportare definita in script va fi cuprinsa
intre ,,2024-01-01" si ,,2024-09-30”. Rezultatul gene-
rat de script trebuie sd contind noua inregistrari,
corespunzitoare fiecdrui sfarsit de luna (EOM- End
Of Month) impreund cu suma totald corespunzitoare
acesteia. Mai jos este prezentat scriptul T-SQL,
corespunzator cerintelor definite.

For the automated completion of the fore-
cast, it will be necessary, using the structured query
language (T-SQL), to extract the required data, such
as the reporting date and the total loan balance per
date. Theoretically, the dbo.BankLoanPortfolio table
operates at each month’s end, cumulatively recording
all loan balances. As an example, the first three
quarters of 2024 are considered : (Q1: 01.01 — 31.03,
Q2: 01.04 — 30.06, and Q3: 01.07 — 30.09). Accor-
dingly, the reporting period defined in the script has
a start date of “2024-01°01” and an end date of
“2024-09-30”. The script output should return nine
records, each representing the End of Month (EOM),
together with the corresponding total balance. The T-
SQL script that meets these specified requirements is
presented below.

[Ooebpom o [Eeempenees |
Connect~ ¥ *§ m T ¢ Eldeclare @StartReportingPeriod date, @EndReportingPeriod date;
B @ WIN-TKBPMIT605N\SOLEXPRESS (SOL Server 16.0.1000 - WIN-7KBPMIT605N\user set @tartReportingPeriod = '2024-01-01'
B K3 Databases

[ Systern Databases
I Database Snapshots
g i@ BankHistoricalData
¥ Database Diagrams
B i Tables
¥ System Tables
¥ FileTables
K External Tables
¥ Graph Tables
[ dbo.BankLoanPortfolio
K Views
1 External Resources
¥ Synonyms
1 Programmability
¥ Query Store
¥ Service Broker
3 Storage
B Security
I Security
[ Server Objects
¥ Replication
¥ Management
[ XEvent Profiler

lselect

where

set @EndReportingPeriod = getdate()

blp.BankReportingDate,
blp.BankLoansTotalBalance
from BankHistoricalData.dbo.BankLoanPortfolio as blp

| blp.BankReportingDate between @StartReportingPeriod and @EndReportingPeriod

Figura 2. Scriptul nr.1 Sursa informationald a SGBD pentru extragerea datelor aferente creditelor/
Figure 2. Script no.1, DBMS information source for extracting credit-related data
Sursd: elaboratd de catre autori/ Source: developed by the authors

Pentru a asigura includerea tuturor perioadelor
relevante, variabilei @EndReportingPeriod ii va fi
atribuita functia ,, GETDATE ()", care are proprietatea
de a prelua data curentd. In continuare, sunt prezen-
tate rezultatele ruldrii scriptului T-SQL, in Figura 3.

Revista / Journal ,, ECONOMICA” nr.2(136) 2026

To ensure that all reporting periods are inclu-
ded, the variable @EndReportingPeriod is assigned
the “GETDATE ()” function, which retrieves the
current date. The results obtained after executing the
T-SQL script are presented in Figure 3 below.




FINANTE, CONTABILITATE, ANALIZA SI INFORMATICA ECONOMICA/ FINANCE, ACCOUNTING, ECONOMIC ANALYSIS AND INFORMATICS

LoanDataGen.sql -...MI7T6Q5N wser (68)) + X

set @StartReportingPeriod =
set @EndReportingPeriod =

-Iselect
blp.BankReportingDate,
blp.BankLoansTotalBalance

where

145 % d
BB Resutts
B

B

TBH3A033E
20240331
20240430
20240531
2024-06-30
2024-07-31
2024-08-31
2024-09-30

B Messages

BankLoans TotalBalance  m——

58350078 53
59023456 78
60050000 25
§1083000.75
62030000.89
63012500.13
64045000.27
65083500.33
66123456 79

<+

Wm W R W=

-ldeclare @StartReportingPeriod date,
'2824-01-01"
getdate()

from BankHistoricalData.dbo.BankLoanPortfolio as blp

blp.BankReportingDate between @StartReportingPeriod and @EndReportingPeriod|

@EndReportingPeriod date;

Figura 3. Rezultatele rularii scriptului nr.1/ Figure 3. Results of executing Script No.1
Sursa: elaboratd de catre autori/ Source: developed by the authors

Tabelul-rezultat este exportat intr-un fisier MS
Excel (in formatul .csv), stocat in aceeasi directiva cu
aplicatia pentru prognoza. Aplicatia ce urmeaza a fi
prezentata, fiind realizatd cu ajutorul limbajului de
programare C++, va efectua prognoze, pe baza de da-
tele obtinute din SGBD. Codul C++ utilizeaza con-
cepte de Inteligentd Artificiald, dupa cum a fost men-
tionat anterior. Drept functionalitate, acesta are urma-
toarele elemente-cheie:

a. Citirea fisierului .csv:
Sectiunea nr.l1 de cod C++ pentru citirea
fisierului .csv;

The resulting table is inserted into a Microsoft
Excel file (in .csv format) located in the same direc-
tory as the forecasting application. The application,
which is presented below and developed using the
C++ programming language, performs a forecast ba-
sed on the data obtained from the DBMS. As pre-
viously mentioned, the C++ code incorporates Artifi-
cial Intelligence concepts. ,. Its key functionalities
include:

a. Reading the .csv file:
Section No.1 of the C++ code for reading the
.csv file;

#tdefine READ_CSV(filename, xDates, ySums, result) { \

std::ifstream file(filename); \
if (!file.is_open()) { \

std::cerr << ORANGE << "Error opening file!" << RESET_COLOR << std::endl; \

result = false; \
} else { \

std::string line, date; \

double sum; \

std::getline(file, line); \

while (std::getline(file, line)) { \
std::istringstream ss(line); \
std::getline(ss, date, ','); \
Ss >> sum; \
int days; \
DATE_TO_DAYS(date, days); \
xDates.push_back(days); \
ySums.push_back(sum); \

A
file.close(); \
result = true; \

A

Sursd: elaborata de catre autori/ Source: developed by the authors
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Utilitate: Prin incarcarea datelor istorice de
tip ,,datd — suma”, se creeazd baza de antrenament a
modelului de prognoza. Din perspectiva financiara,
acest pas corespunde construirii unei serii cronolo-
gice care reflectd evolutia zilnicd a unui indicator-
cheie, in cazul studiului dat, soldul total al porto-
foliului de credite. In analiza financiard, importanta
citirii si preprocesdrii corecte a datelor nu poate fi
subestimata, deoarece calitatea predictiilor ulterioare
depinde direct de exactitatea si consistenta acestor
informatii. In plus, aceasti etapa asigura posibilitatea
detectdrii unor tipare sezoniere, identificarii valorilor
aplicate (plati exceptionale, rambursari anticipate) si
pregétirii ulterioare a datelor pentru scenarii de stres
sau proiectii bugetare.

b. Implementarea macrocomenzii LINEAR:
Sectiunea nr.2 de cod C++ pentru macrocomanda
LINEAR;

#define LINEAR(x, result) { \
result = x; \
}

Utility: By loading historical “date—amount”
data, the training base of the forecasting model is
created. From a financial perspective, this step
corresponds to building a time series that reflects the
daily evolution of a key indicator, in this study, the
total balance of the loan portfolio. In financial ana-
lysis, the importance of accurately reading and pre-
processing data cannot be overstated, as the quality
of subsequent predictions depends directly on the
precision and consistency of this information.
Furthermore, this stage enables the detection of
seasonal patterns, the identification of outliers (such
as exceptional payments or early repayments), and
the further preparation of data for subsequent stress-
testing or budget projection scenarios.

b. Implementation of the LINEAR macro:
Section No.2 of the C++ code for the LINEAR
macro;

Sursa: elaboratd de catre autori/ Source: developed by the authors

Utilitatea acestei alegeri este evidenta atunci
cand obiectivul este prognoza unor valori continue,
precum sumele financiare. Spre deosebire de functiile
de activare neliniare (Sigmoid, ReLU, Tanh), care
limiteaza sau distorsioneaza intervalul iesirii, macro-
comanda Linear permite estimarea unor valori nein-
gradite, fiind astfel varianta optimd pentru progno-
zarea sumelor monetare. Din perspectiva financiara,
aceasta echivaleaza cu un model simplu de crestere
liniard sau cu o proiectie pe termen scurt a evolutiei
portofoliului.

c. Antrenarea Perceptronului:
Sectiunea nr.3 de cod C++ pentru antrenarea
Perceptronului;

The usefulness of this choice becomes evident
when the objective is to forecast continuous values,
such as financial amounts. Unlike non-linear acti-
vation functions (Sigmoid, ReLU, Tanh), which may
limit or transform the output range, the Linear macro
allows the prediction of unbounded values, making it
the optimal option for forecasting monetary amounts.
From a financial perspective, this approach corres-
ponds to a simple linear growth model or a short-term
projection of portfolio developments.

¢. Training the Perceptron:
Section No.3 of the C++ code for training the
Perceptron;

#tdefine TRAIN_PERCEPTRON(xDates, ySums, weights, bias, learningRate, epochs) { \

int n = xDates.size(); \
for (int epoch =
for (int i =
double z =

double prediction; \
LINEAR(z, prediction); \

0; i< n; i++) { \

0; epoch < epochs; epoch++) { \

weights[@] * xDates[i] + bias; \

double error = ySums[i] - prediction; \

double dLinear; \

LINEAR_DERIVATIVE(prediction, dLinear); \
weights[@] += learningRate * error * dLinear * xDates[i]; \
bias += learningRate * error * dLinear; \

A
if (epoch % 100 == 0) { \

std::cout << ORANGE << "Epoch " << epoch << " completed." << RESET_COLOR <<

std::endl; \
A
I\

Sursd: elaboratd de catre autori/ Source: developed by the authors
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Utilitate: Invatarea propriu-zisa a modelului:
prin ajustdri repetate, perceptronul identifica relatia
dintre date (numarul de zile) si sumele asociate. Din
perspectiva financiard, acest proces corespunde cali-
brarii unui model predictiv care, pe baza istoricului,
poate estima seturile de date viitoare. Modelul invata
efectiv cum se distribuie 1n timp valorile financiare,
iar la final poate fi utilizat pentru a anticipa evolutia
portofoliului. De asemenea, este important de mentio-
nat cd perceptronul reprezintd echivalentul unui
neuron biologic, definit matematic ca un element fun-
damental al Inteligentei Artificiale, care calculeaza o
sumd ponderatd a intrarilor, multiplicind fiecare
intrare cu ponderea sa (care reprezintd importanta
intrarilor respective) si apoi adund toate produsele
[6]. Modelul matematic este reprezentat mai jos:

z = Xiea(Wn ¥ %)) + b

unde: w, reprezinta greutatile, x, sunt
intrarile de date, b — reprezinta constanta de ajustare a
rezultatului final, denumita si bias.

d. Prognoza:
Sectiunea nr.4 de cod C++ pentru prognoza;

Utility: This stage represents the actual lear-
ning of the model: through repeated adjustments, the
perceptron identifies the relationship between the
input data (number of days) and the corresponding
financial amounts. From a financial perspective, this
process corresponds to the calibration of a predictive
model that, based on historical records, can estimate
future datasets. The model effectively learns how
financial values are distributed over time and can
subsequently be used to anticipate portfolio develop-
ments. It is also important to note that the perceptron
is the equivalent of a biological neuron and is
mathematically defined as a fundamental element of
Artificial Intelligence. It computes a weighted sum of
the inputs by multiplying each input by its weight
(representing the importance of each input) and then
summing all the products [6]. The mathematical mo-
del is shown below:

®)

where w,, represents the weights, x,, are the
data inputs, b — is a constant used to adjust the final
result, also referred to as the bias.
d. Forecast:
Section No.4 of the C++ code for Forecast;

#tdefine FORECAST_PERCEPTRON(newDate, weights, bias, result) { \

double z =
LINEAR(z, result); \

weights[@] * newDate + bias; \

Sursd: elaborat de catre autori/ Source: developed by the authors

Din punct de vedere practic, aceasta este func-
tionalitatea care confera valoare aplicatiei: oferad
posibilitatea de a prognoza bilantul portofoliului de
credite pentru perioade viitoare.

In analiza financiari, o astfel de prognoza
sprijind procese precum planificarea lichiditatii,
estimarea fluxurilor de numerar, calculul rezervelor
minime obligatorii si evaluarea riscului financiar [7].
Desi modelul implementat este unul simplu (liniar),
acesta poate fi extins ulterior prin activari neliniare,
introducerea mai multor variabile explicative sau
integrarea unor metode avansate de regresie. Totusi,
chiar si in aceastd forma elementara, instrumentul are
o utilitate practica pentru un analist financiar, per-
mitind obtinerea rapidd a unor estimari preliminare
pe baza datelor istorice.

Drept rezultat a solutiei tehnice, perceptronul
liniar se evidentiaza ca un instrument util in domeniul
analizei datelor, oferind un cadru simplu, pentru
explorarea relatiilor dintre variabile si realizarea unor
prognoze preliminare. Bazat pe o formulare matema-
tica elementara, acesta opereaza printr-o combinatie
liniard a variabilelor de intrare, completatd de un
termen de ajustare (bias), ceea ce ii confera atat cla-
ritate 1n interpretare, cat si usurintd in implementare.

In analiza financiara, aplicabilitatea percep-
tronului liniar se manifestd prin capacitatea sa de a
sprijini estimarea evolutiei unui produs bancar spe-
cific, anticiparea fluxurilor de numerar si conturarea

From a practical standpoint, this is the func-
tionality that gives the application its value: it
provides the ability to forecast the loan portfolio
balance for future periods. In financial analysis, such
forecasting supports processes such as liquidity
planning, cash-flow estimation, calculation of mini-
mum reserve requirements, and assessment of finan-
cial risk [7]. Although the implemented model is
simple (linear), it can be further extended through
non-linear activations, the introduction of additional
explanatory variables, or the integration of advanced
regression methods. Nevertheless, even in this basic
form, the tool offers significant practical utility for a
financial analyst, enabling rapid preliminary estima-
tes based on historical data.

As a technical solution overall, the linear
perceptron stands out as a useful instrument in data
analysis, offering a straightforward framework for
exploring relationships between variables and pro-
ducing preliminary forecasts. Based on a simple
mathematical formulation, it operates through a linear
combination of input variables complemented by an
adjustment term (bias), which provides clarity in
interpretation. In financial analysis, the applicability
of the linear perceptron is evident in its ability to
support the estimation of the evolution of a specific
banking product, the anticipation of cash flows, and
the formation of perspectives regarding the develop-
ment of asset or bond portfolios. At the same time,
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unor perspective privind evolutia portofoliilor de acti-
ve sau a obligatiunilor. Totodata, simplitatea metodei il
recomanda ca etapa initiald in procesul de modelare.

Astfel, perceptronul liniar nu trebuie privit
doar ca un model predictiv limitat, ci si ca un punct
de plecare indispensabil in procesul de dezvoltare a
tehnicilor moderne de Invétare automata si a modele-
lor complexe utilizate in cercetarea contemporand si
in practica economicd. Conform functionalitatilor
implementate, in imaginile ce urmeaza este prezen-
tata functionalitatea aplicatiei in timp real. Aplicatia
poate fi accesatda de orice utilizator, care o detine.
Primul pas consta in introducerea datelor istorice in
fisierul .csv, dupa cum este demonstrat in Figura 4,
ce urmeaza:

the simplicity of the method recommends it as an
initial stage in the modelling process. Thus, the linear
perceptron should not be viewed merely as a limited
predictive model, but also as an indispensable starting
point in the development of modern machine-learning
techniques and complex models used in contempo-
rary research and economic practice. According to
the implemented functionalities, the following figures
illustrate the real-time operation application. The
application can be accessed by any authorised user
who has access to it. The first step to perform is ente-
ring the historical data into the .csv file, as demon-
strated in Figure 4 below:

LoanDataenql -.Mizssnvnaser -2 = > |

Eldeclare @startReportingPeriod date, @EndReportingPeriod date;
set @startReportingPeriod = '2024-01-01°
set @EndReportingPeriod = getdate()
Elselect
blp.BankReportingDate, a Do os et P search 2 U
blp -BankLoansTotalBalance Fle ~ Home Insert Page Layout Formulas Data Review View Help  Power Pivot
from BankHistoricalData.dbo. - - ) —
where El"j X A == % fEfl Conditional Formatting ~ ﬁ /()
blp . BankRepor‘tingDate betwed Paste [B v Font | Alignment | Mumber [ Format as Table ~ Cells | Editing | Add-ins
- - ¥ v - e TG Cell Styles ~ - -
Clipboard = Styles Add-ins o~
E4 IR RV ~
A B c D | E | F G H a
1 |BankReportingDate = BanklLoansTotalBalance
2 1/31/2024 58,990,078.53
3 2{25/2024 59,023,456.78
| 4| 3/31/204 §0,050,000.25 [ 1
1M5% - 5 4/30/2024 61,089,000.75
B Resutts gl Messages 6 5/31/2024 62,030,000.89
BankReportingDate ~ BankLoansTotalBalance 7 6/30/2024 03,012,500.13 B
1120240131 | 50990078.53 8 7/31/2024 64,045,000.27
2 202402-29 55023456.78 ] 83142024 65,089,500.33
3 20240331 60050000.25 10 9/30/2024 66,123,456.79
4 20240430 £1083000.75 1
5 20240531 62030000.89 J-?-/'
6 20240630 €3012500.13 / 13
7 20240731 £4045000.27 o .
3 20240831 £5083500.33 q B HDP o « o
9 20240330 €6123456.79 — —
Ready % Accessibility: Unavailable H 0 —— s+ 1om

Figura 4. Introducerea datelor istorice din SGBD in

MS Excel (.csv)/ Figure 4. Entry of historical data

from the DBMS into Microsoft Excel (.csv)
Sursd: elaboratd de catre autori/ Source: developed by the authors

Ulterior fisierul MS Excel este salvat, dupa

Subsequently, the Microsoft Excel file is

care este executata aplicatia C++, dupd cum este saved, and then the C++ application is launched, as

demonstrat in Figura 5 de mai jos.

Loan Portfolio Forecast (AI Powered)

2. Forecast New Date
3. Exit

‘l. Read CSV and Train Neural Network
‘Enter your choice: |

Revista / Journal ,, ECONOMICA” nr.2(136) 2026

shown in Figure 5 below.

Figura 5. Aplicatia in derulare. Meniul de comanda/
Figure 5. Application in operation — Command menu

Sursd: elaborata de catre autori/
Source: developed by the authors
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Conform Figurii 5 este evidentiatd aplicatia,
in cadrul cdreia utilizatorul are posibilitatea de a
efectua citirea fisierului .csv, si ulterior, antrenarea
automata a retelei neuronale, care opereazad direct
asupra datelor scanate. Apoi, utilizatorul va avea
oportunitatea de a efectua prognoza asupra portofo-
liului de credite. Aceste etape sunt reprezentate in
figurile urmatoare.

Figura 6. incircarea fisierului .csv
pentru procesarea datelor prin 1A/
Figure 6. Application in operation —
Command menu
Sursd: elaborata de catre autoril
Source: developed by the authors

In cadrul Figurii 6 este demonstrata etapa de
incarcare a fisierului cu date istorice. Ulterior incar-
carii, fisierul va fi procesat de catre componentele 1A
ale aplicatiei, in strictd conformitate cu conceptele
descrise si implementate in cadrul acestui studiu.

According to Figure 5, the application is
shown, in which the user can read the .csv file and
automatically train the neural network that works
directly with the scanned data. The user then has the
opportunity to generate a forecast for the loan
portfolio. These steps are illustrated in the following
figures.

Loan Portfolio Forecast (AI Powered)

1. Read CSV and Train Neural Network
B2. Forecast New Date
3. Exit

Enter your choice: 2
Enter a date to forecast (YYYY—HH-DD):|

In Figure 6, the stage of uploading the file
with historical data is shown. After the upload, the
file will be processed by the application’s Artificial
Intelligence (Al) components, in strict accordance
with the concepts described and implemented in this
study.

1
ILoan Portfolio Forecast (AI Powered)

Figura 7. Afisarea rezultatului final
al procesarii portofoliului/ Figure 7.
Final display of the portfolio processing result

1. Read CSV and Train Neural Network
2. Forecast New Date
3. Exit

Sursd: elaborata de catre autori/
Source: developed by the authors

Enter your choice: 2
Enter a date to forecast (YYYY=MM=DD): 262u4-12-31
Forecasted sum for 2024-12-31:| —7803.2

Press Enter to continue...

Dupa cum se poate observa in Figura 7, utili-
zatorul a introdus data pentru care urmeaza sa fie
generatd prognoza, iar aplicatia a returnat valoarea —
7803.2, ceea ce semnifica faptul cd portofoliul de
credite se va diminua pana la data de 2024-12-31, cu
valoarea indicata.

Reiesind din functionalitatile aplicatiei, poate
fi formulatd urmatoarea concluzie: deoarece data
introdusa reprezinta sfarsitul ultimului trimestru al
anului 2024, se atestd o usoard reducere a activitatii
de creditare, intrucat, din punct de vedere statistic,
orice bancd comerciald acordd mai putine credite in
perioadele de finalizare a ultimului trimestru. Drept
motiv, acestea, de reguld, 1si evalueaza performantele
financiare aferente intregului an si, in functie de
rezultate, pot decide sa fie mai prudente in acordarea
de credite, fapt ce contribuie la optimizarea a bilantu-
rilor si la atingerea obiectivelor financiare stabilite.
De asemenea, in aceastd perioadd, bancile adopta o
atitudine mai conservatoare din perspectiva gestio-
narii riscurilor, dorind si minimizeze expunerile

As shown in Figure 7, the user entered the
date for which the forecast was to be generated, and
the application returned the value —7803.2, indicating
that the loan portfolio is projected to decrease by the
specified amount as of 31 December 2024.

Based on the functionality of the application,
the following conclusion can be drawn: Since the
entered date marks the end of the final quarter of
2024, the forecast suggests a slight decline in loan
issuance. Statistically, commercial banks tend to
grant fewer loans during the closing period of the last
quarter. The primary reason is that banks typically
evaluate their annual financial performance during
this period and, depending on the results obtained,
may choose to adopt a more cautious lending
approach. This strategy helps them optimise balance
sheets and achieve financial targets. In addition,
during this period banks become more conservative
in risk management, seeking to minimise financial
exposures that could affect their stability. Conse-
quently, clients who already hold loans continue
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financiare care ar putea afecta stabilitatea acestora. In
mod evident, clientii care detin credite, efectueaza
achitarea ratelor lunare, fapt care genereaza intr-0
masurd mai mare, intrari de fonduri pentru banca
decat iesiri de fonduri.

Concluzii

In urma efectudrii acestui studiu, poate fi
dedus cu certitudine faptul cad Inteligenta Artificiala
reprezinta o relevantd majora in prognozarea perfor-
mantei datelor si a produselor bancare, in cazul dat, a
portofoliilor de credite. Prin analizarea unor volume
mari de date, Inteligenta Artificiald este capabild sa
identifice modele si tendinte ce pot scapa observatiei
specialistilor responsabili pentru analiza datelor.
Acest lucru faciliteaza o evaluare mai exacta a riscu-
rilor, optimizeaza deciziile de creditare si Imbunata-
teste administrarea portofoliilor. in plus, tehnologiile
bazate pe Inteligentd Artificiald, pot contribui la o
evaluare mai eficientd a bonitatii clientilor, la creste-
rea capacitatii de anticipare a situatiilor de nerambur-
sare a creditelor si la personalizarea ofertelor de
creditare. Totusi, este important ca institutiile finan-
ciare sa abordeze aceste tehnologii cu o buna inte-
legere a limitdrilor lor, asigurand, in acelasi timp,
transparentd si eticd In utilizarea acestora. Astfel,
integrarea Inteligentei Artificiale in prognozarea por-
tofoliilor de credite nu doar ca oferd o oportunitate
valoroasd pentru imbunatitirea performantei finan-
ciare si reducerea riscurilor, dar implica si necesitatea
unei gestiondri atente si responsabile, astfel incat sa
se maximizeze beneficiile fard a compromite integri-
tatea proceselor financiare.

making their monthly payments, resulting in a
stronger inflow of funds to the bank rather than an
outflow.

Conclusions

Following the completion of this study, it can
be firmly concluded that Artificial Intelligence (Al)
plays a highly significant role in forecasting the
performance of financial indicators and banking
products, in this case the loan portfolios. By ana-
lysing large volumes of data, Al is capable of detec-
ting patterns and trends that may escape the attention
of those responsible for data analysis. This capability
enables more accurate risk assessment, optimises
lending decisions, and enhances portfolio manage-
ment. Moreover, Al-based technologies can contri-
bute to more efficient assessments of client credit-
worthiness, increase the predictability of defaults,
and allow for the personalisation of credit offers.
Nevertheless, it is essential for financial institutions
to approach these technologies with an awareness of
their limitations, while ensuring transparency and
ethical use. Thus, the integration of Artificial Intelli-
gence into loan portfolio forecasting not only pro-
vides a valuable opportunity to improve financial
performance and reduce risk, but also necessitates
careful and responsible management to maximise
benefits without compromising the integrity of finan-
cial processes.
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