90

Cripoit C. LUITYYHUW IHTENEKT B EKOHOMIYHOMY AHATI3I TA MPOMHO3YBAHHI PECMYETIKA MONAOBA

ISSN 2524-2547 CouianbHa ekoHomika / Social Economics. 2026. Bunyck/lssue 74 W H H H H H

https://doi.org/10.26565/2524-2547-2026-74-08

UDC 330.4:004.8(478)

Serghei Stiroi,

Head of Information Support Unit

Public Services Agency (PSA),

42, Alexandr Pugkin Str., Chiginau, MD-2012, Moldova
serghei.stiroi@asp.gov.md
https://orcid.org/0009-0001-3230-0468

ARTIFICIAL INTELLIGENCE IN ECONOMIC ANALYSIS AND

FORECASTING OF THE REPUBLIC OF MOLDOVA

Abstract. The relevance of this study is driven by the growing need for high-precision macroeconomic
forecasting tools for the Republic of Moldova — a small open economy that is historically highly exposed
to external price shocks, significant energy import dependence, and continuous real sector volatility.
Traditional forecasting methods have shown their limitations during recent crisis periods, emphasizing
the demand for more advanced analytical frameworks. The purpose of this research is to conduct a
comprehensive comparative assessment of the predictive capacity of three distinct model classes —
multiple linear regression (MLR), Autoregressive Integrated Moving Average (ARIMA), and Long Short-
Term Memory (LSTM) recurrent neural networks. These models are applied to forecasting Moldova’s
inflation rates and Gross Domestic Product (GDP) growth based on macroeconomic data spanning
the period from 2018 to 2025. The empirical information base is derived exclusively from official
publications provided by the National Bank of Moldova (NBM) and the National Bureau of Statistics of
the Republic of Moldova. To ensure methodological rigor, the quality and accuracy of the models were
evaluated and cross-validated using standard statistical metrics, specifically Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). The comparative
results compellingly show that the deep learning LSTM model demonstrates significant and consistent
superiority over traditional econometrics. Specifically, it reduces the RMSE of inflation forecasts from
1.139 (linear regression) and 0.973 (ARIMA) down to 0.354, while improving the MAPE from 21.4%
and 17.3% to a highly accurate 6.85%, respectively. Furthermore, a generated scenario forecast for the
upcoming 2026-2027 period indicates that inflation will likely consolidate near 5.0% and 4.5%, which
remains entirely consistent with the NBM’s established target corridor. Additionally, GDP growth in the
baseline scenario is projected at stable rates of 2.2% in 2026 and 3.0% in 2027. The practical value and
novelty of this study lie in the potential direct integration of the proposed Al-driven predictive models into
the strategic analytical systems of the National Bank and the Ministry of Economic Development and
Digitalization of the Republic of Moldova, thereby enhancing policy formulation under uncertainty.
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Introduction. Digital transformation in
national economies is establishing new stan-
dards for the analytical instruments of pub-
lic administration. The period from 2022 to
2025 clearly exposed the limitations of tradi-
tional forecasting systems: none of the basic
econometric models was able to adequately
predict the inflationary shock of 2022, when
consumer prices increased by 28.7% year-on-
year. This has confronted both the academic

community and regulatory authorities with
the need to transition to more adaptive fore-
casting methods. In this context, artificial in-
telligence methods — most notably recurrent
neural networks of the LSTM class — repre-
sent a promising, though still insufficiently
studied, analytical tool in relation to the Mol-
dovan market.

Based on the identified gaps in analytical
practices, the aim of this research is to
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conduct a comparative assessment of the
predictive capacity of traditional econometric
models versus deep learning neural networks
applied to macroeconomic forecasting in
Moldova. To achieve this aim, the following
tasks were formulated: (1) to systematize
the theoretical foundations of applying Al
in economic forecasting; (2) to develop and
train MLR, ARIMA, and LSTM models using
Moldovan statistical data (2018-2025);
(3) to evaluate and compare the models’
performance using RMSE, MAE, and MAPE
metrics; and (4) to generate baseline scenario
forecasts for inflation and GDP growth for
2026-2027. The object of the research is the
macroeconomic dynamics of the Republic
of Moldova, specifically the trajectory of
inflation and GDP growth. The subject of the
research encompasses the mathematical and
instrumental models (MLR, ARIMA, LSTM)
utilized for macroeconomic forecasting under
conditions of high economic volatility.

Literature  Review. Contemporary
macroeconomic literature demonstrates a
persistent shift from traditional econometric
methods to machine learning tools in
forecasting under conditions of high volatility
(Liu et al., 2024). The classical paradigm,
which relies on assumptions of time-series
stationarity and normally distributed
residuals, has demonstrated its vulnerability
during periods of global shocks such as the
COVID-19 pandemic and the subsequent
global energy crisis. In particular, for Small
Open Economies (SOEs), including the
Republic of Moldova, external shocks are
transmitted into domestic inflation and
output contraction with minimal time lag,
rendering linear autoregressive models,
including ARIMA and VAR, insufficiently
flexible (Jonsson, 2025).

As Gheorghiu and Popescu (2024) note,
central banks around the world are actively
integrating deep learning algorithms into
monetary policy calibration processes.
This is because Long Short-Term Memory
(LSTM) architectures are capable of
identifying hidden nonlinear patterns and
capturing long-term dependencies among
macroeconomic variables without requiring
a rigid specification of the functional form
of the equations (Purtov, 2024; Kadang,
2026). Moreover, the findings of Lenzu (2026)
emphasize that artificial intelligence not only
improves the accuracy of point forecasts,
but also enables regulators to conduct more
robust scenario analysis when formulating
responses to inflationary challenges.

In the context of Emerging Markets, the
application of machine learning yields even

more tangible results. Using a sample of
developing countries, Khan and Ahmed (2024)
demonstrated that ensemble methods and
deep neural networks outperform traditional
approaches in inflation forecasting, especially
when high-frequency data, such as foreign
exchange reserves and exchange rates, are
used as predictors. Similar conclusions were
reached by Tiwari (2024) in the analysis
of large macroeconomic datasets, where
machine learning methods reduced the
root mean square error (RMSE) by 15-20%
compared with structural macroeconomic
models.

Particular attention in the literature has
been devoted to the nuances of forecasting
over extended horizons. As Gongalves (2023)
notes, when the forecasting horizon exceeds
four quarters, the accuracy of deep learning
architectures may decline due to the error
accumulation effect, which makes the use of
hybrid approaches advisable (Oprea, 2025).

For the Republic of Moldova, the problem
is exacerbated by the lack of long historical
time series free from structural breaks. The
transition to a market economy, the crises of
1998,2008, and 2014, and the unprecedented
inflationary surge of 2022, which peaked
at 34.6% year-on-year, render pre-2010
historical data only weakly informative for
training modern models (Rusu & Munteanu,
2025). Under these conditions, the application
of methods that are robust to outliers and
capable of “forgetting” obsolete information [
an ability embedded in the gate architecture
of LSTM [ appears to be the most promising
direction (Ursu, 2024).

Despite the growing interest in this
topic, no systematic studies have yet been
conducted that are devoted exclusively to
a comparative analysis of econometric and
neural network models based solely on
data from the Republic of Moldova. Most
existing studies either consider Moldova
within panel datasets of Eastern European
countries (Campeanu & lonescu, 2025) or
focus on individual indicators, such as the
unemployment rate. The present study seeks
to fill this gap by proposing a methodologically
rigorous approach to the application of
artificial intelligence in the macroeconomic
analysis of a specific small open economy.

Research Methodology

1. Theoretical Foundations of AI in
Economic Forecasting

Multiple linear regression (MLR) remains
a fundamental method of quantitative
economic analysis and is expressed by the
following equation:
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Table 1. Comparative Analysis of Forecasting Methods

Characteristic MLR ARIMA LSTM
Type of dependencies Linear Linear Nonlinear
Robustness to shocks Low Medium High
Computational Complexity Low Medium High

Table 2. Comparison of the Forecasting Accuracy of the Models

Model RMSE MAE MAPE (%)
MLR 1,139 0,907 21,4
ARIMA (2,1,1) 0,973 0,769 17,3
LSTM 0,354 0,283 6,85
y= B+ B x, + B, ...+ Pox )t e, (1) Pseudocode of the LSTM Training

ARIMA (Autoregressive Integrated Moving
Average) — a classical time-series model:

Algorithm:
For each step tin [k,n]:

d Xbatch= norm[t-k: t] >
d— Yhat= LSTM(X, . .5 W), (5)
P (B(1-By= 06, () L = MSE(y .yrat),
LSTM (Long Short-Term Memory) — an W< Welr+ dL
architecture of a recurrent neural network aw:

specifically designed to process sequential
data and overcome the vanishing gradient
problem. Formally, the model is described by
the following system of equations:

f= oW, [h,, x1+ b)),
C= ft* C{t_1}+ it* C~t, (3)

h= o *tanh(C,).

2. Data Sources of the Republic of
Moldova

The empirical foundation of the study
was constructed using two key official
sources: the National Bank of Moldova (NBM)
l'and the National Bureau of Statistics (NBS)
2, The analysis of the time series revealed
structural breaks, most notably in 2020
due to the pandemic and in 2022 due to the
energy crisis, which necessitates the use of
robust adaptive algorithms.

3. Research Methodology

To ensure an objective comparison of the
models, three standard evaluation metrics
were employed: RMSE, MAE, and MAPE.
Data normalization was performed using the
Min-Max method:

A (x_xmin) . 4
* (xmax_xmin) ( )

1 National Bank of Moldova (NBM). Official Statistics
/ Interactive database. 2025. URL: https://www.bnm.md/en/
content/statistics (date of access: 28.02.2026).

2 National Bureau of Statistics of the Republic of
Moldova (NBS). StatBank - Statistical Databank. 2025. URL:
https://statbank.statistica.md/ (date of access: 28.02.2026).

4. Forecasting Results

A retrospective analysis of the data
indicates that Moldova’s inflation series for
the period 2018-2025 contains a pronounced
structural break in 2022. Neither the MLR
model nor ARIMA was able to adequately
reproduce this discontinuity. The LSTM
model partially captured the build-up of
inflationary pressure and produced an error
that was two to three times lower than that of
the competing approaches.

5. Discussion of Results

The study confirmed the hypothesis that
the use of LSTM for forecasting inflation and
GDP in the Republic of Moldova provides
higher predictive accuracy, with RMSE
reduced to 0.354, compared with MLR and
ARIMA. Al-based models may therefore be
recommended for use by Moldovan regulatory
institutions, including the National Bank
of Moldova and the Ministry of Economic
Development, within a real-time ensemble
forecasting framework.

The interpretation of the obtained results
should be grounded in the architectural
features of the models under consideration.
The superiority of LSTM is not accidental:
its gating mechanism enables the model to
selectively “remember” those periods of the
past that are most informative for the current
forecast. In the context of the Moldovan
economy, this implies an ability to partially
integrate information on price shocks and
patterns of monetary transmission that MLR
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Moldova’s Inflation: Actual and Forecast Values (2018-2027)
Source: NBM data, author’s calculations. The LSTM model demonstrates

higher forecasting accuracy
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Fig. 1. Inflation Forecast for Moldova Using Three Models

and ARIMA fail to capture because of their
linear nature.

At the same time, the study has several
important limitations. First, the size of the
training sample — 32 quarterly observations
for 2018-2025 - remains at the lower
threshold of adequacy for deep learning
architectures. Extending the time horizon
by including earlier data entails the risk
of structural incomparability associated
with the pre-privatization period. Second,
exogenous uncertainty remains substantial:
Moldova’s energy dependence on external

suppliers and the geopolitical instability in the
region generate risks that are not determined
by observable variables and therefore cannot
be fully captured by any model in real
time. Third, LSTM models trained on small
samples are exposed to the risk of overfitting;
although dropout was applied to mitigate this
problem, model robustness requires further
verification over an extended time horizon.
From a practical perspective, these
limitations do not diminish the value of the
proposed approach; rather, they define the
conditions under which it should be applied.

Model Accuracy: RMSE and MAE Across Three Approaches
Source: author’s calculations. The LSTM model outperforms the alternative approaches.

Errors
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Fig. 2. Comparison of Model Accuracy by RMSE and MAE Metrics
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The most appropriate format is not to replace
the institutional forecast of the National Bank
of Moldova with a neural-network-based
one, but to employ them in parallel within
an ensemble forecasting framework using
weighted averaging:

{ens}

Y

1)} _,,(REG

3 140 { o)
{i=1};3' y;gl)}’yig}) @)

Yo i
— {ARIMA} y{(s)}z {LSTM; Z (3 wi= 1 . (6)
W Tw Y e

This approach reduces the variance of
the aggregate forecasting error and increases
the robustness of the forecasting system to
model uncertainty.

Conclusion. The study confirmed its
central hypothesis: the application of the
LSTM architecture to forecasting inflation
and GDP in the Republic of Moldova provides
substantially higher accuracy than the
classical MLR and ARIMA methods.

The reduction of RMSE to 0.354 and
MAPE to 6.85% in inflation forecasting
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indicates the high quality of the forecast and
the practical applicability of the model.

The practical significance of the results
can be identified in several key areas. First,
the National Bank of Moldova may use LSTM
as a supplementary tool in shaping inflation
expectations and calibrating the policy rate,
especially during periods of heightened price
volatility. Second, the Ministry of Economic
Development and Digitalization gains an
instrument for constructing GDP scenario
forecasts with a quantitative assessment of
uncertainty, which is important for medium-
term budget planning. Third, the results open
up prospects for the development of hybrid
ensemble forecasting systems that combine the
interpretability of traditional models with the
adaptability of neural network architectures.

Further research should focus on extending
the time horizon of the input data, incorporating
high-frequency (monthly) series, and testing
transformer-based architectures, including
Transformer and Temporal Fusion Transformer,
on Moldovan macroeconomic data.
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LUTYYHUWA IHTENEKT B EKOHOMIYHOMY AHATI3I TA MPOrHO3YBAHHI PECMYBNIKA MOJIAOBA

AKTyanbHICTb [JaHOro [OCTIMKEHHS 3YMOBMEHa 3pOCTaloyol NOTPebol0 Y BUCOKOTOYHMX
iHCTPYMEHTax MaKpOEKOHOMIYHOro MporHo3yBaHHsA Anst Pecny6bnikv MongoBa — HeBenukoi BigkpuToi
€KOHOMIKM, sika ICTOPUYHO AyXKe BpasnuBa OO0 30BHILLHIX LIHOBMX LUOKIB, Ma€ 3HAYHy 3anexHicTb
Bi IMMOPTY €HEeproHociiB Ta XxapakTepusyeTbCsi MOCTIMHOK BONATWUMBHICTIO pearnbHOro0 CekTopa.
TpaguuiiHi MeToau NporHo3yBaHHA NPOAEMOHCTPYBanK CBOI OOMEXEHHS MiJ 4Yac OCTaHHIX KPU30BMX
nepioais, Wo nigkpecnioe notpeby B Oinbll [OCKOHANMX aHaniTMyHuMx mogensix. Metow uboro
JocnimkeHHs! € npoBeaeHHst BCeBiyHOi NOpiBHANBHOT OLiHKM NPOrHO3HOI 30aTHOCTI TPbOX Pi3HMX KnaciB
Mofeneil — MHOXWHHOI MiHinHoi perpecii (MLR), aBToperpeciiiHoi iHTerpoBaHoi moaeni 3 KOB3HUM
cepepHiMm (ARIMA) Ta peKypeHTHUX HEWpPOHHUX Mepex 3 [OBrol KOPOTKOCTPOKOBOK NaM’siTTHO
(LSTM). Lli mogeni 3actocoBytoTbCA Onsi NPOrHO3yBaHHS TEMNIB iHMAUii Ta 3pocTaHHs BaroBoro
BHYTpiWHLOro npogykty (BBIM) MongoBu Ha OCHOBI MakpOEKOHOMIYHMX AaHux 3a nepiog 3 2018 no
2025 pik. EmnipuyHa iHcopmaLiiHa 6a3a ccopMoBaHa BUKMHOYHO Ha OCHOBI OdiLiHKMX ny6Gnikauin,
HapaHux HauioHanbHum 6aHkom Monposu (HBM) Ta HauioHansHum 6topo ctatucTukm Pecny6niku
Mongosu. 3 meToto 3abe3neyeHHsi METOAOMOMYHOI CTPOrOCTi SIKICTb Ta TOUHICTL Moaenel ouiHoBanues
Ta nigaaBanuca NepexpecHivt Banigaii 3 BUKOPUCTaHHAM CTaHAAPTHUX CTAaTUCTUYHMX NOKAa3HWKIB, a
came: cepefiHbokBagpaTtuyHoi noxubkn (RMSE), cepenHboi abcontoTHoi noxnbkn (MAE) Ta cepenHboi
abcontoTHOI NpoueHTHOT noxmbku (MAPE).

Pesynbraty NopiBHANLHOTO aHanisy nNepekoHnMBO CBigYaTb Mpo Te, Wo mogenb LSTM Ha ocHoBi
rMMBoKOro HaBY4aHHS AEMOHCTPYE 3Ha4YHy Ta cTabinbHy nepeBary Hag TPaguLIiHOK EeKOHOMETPHUKOH.
3okpema, BoHa 3HWXKYe cepefHbokBagpaTuyHy noxubky (RMSE) nporHosiB iHdnauii 3 1,139 (niHiHa
perpecis) Ta 0,973 (ARIMA) po 0,354, ogHo4acHO MoKpalLylun cepeaHboabCOoMNTHY BiOXWUMEHHS
(MAPE) 3 21,4 % Ta 17,3 % [0 HaasBu4yaliHO TOYHOro nokasHuka 6,85 % BignosigHo. Kpim Toro,
MPOrHO3 3a cueHapieM Ha HawWbnwxuuin nepiog 2026-2027 pokiB Bkasye Ha Te, WO iHpnauis,
IMOBIpHO, CTabini3yeTbcs Ha piBHi 6n3bko 5,0 % Ta 4,5 %, L0 NOBHICTIO BiANOBIAAE BCTAHOBNEHOMY
HaujionanbHum 6aHkom Monzosw LinsoBomy kopugopy. Kpim Toro, y 6a3oBomy cLieHapii NporHo3yeTbes
cTabinbHe 3poctaHHa BBIM Ha piBHi 2,2 % y 2026 poui Ta 3,0 % y 2027 poui. MpakTyHa UiHHICTb
Ta HOBW3HA LibOro JOCNIMKEHHS NONAraloTh Y NOTEHLHIN 6e3nocepeaHin iHTerpawii 3anponoHoBaHMxX
MPOrHO3HWX MOAENen Ha OCHOBI LUTYYHOTO iIHTENEKTY B CTpaTerivHi aHaniTMyHi cuctemun HauioHansHoro
6aHKy Ta MiHicTepcTBa ekOHOMIYHOrO po3BUTKY Ta LUndposisauii Pecnybnikn Mongosa, wwo cnpustume
BIOCKOHamNeHHI0 npoLiecy hopMyBaHHS NOMNITUKN B YyMOBaX HEBM3HAYEHOCTI.

KnwouoBi cnoBa: LmyyHuti iHmenekm, MakpOeKoHOMIiYHe rpoeHo3ysaHHs, LSTM, ARIMA,
Mondoea.

JEL Classification: C45; C53; E37.
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KoHnikT iHTEepeciB: aBTOp MOBIAOMMSAE NPO BIACYTHICTb
KOHONIKTY iHTEepeciB.

ABTOp niaTBEpAXYE, WO Nig Yac NigroToBku Ljei cTaTTi BY-
KOPUCTOBYBanuncs 3acobu LITY4HOro iHTenekTy. 3okpema,
[ns KOPEKTYpM Ta CTUMICTUYHOIO pedaryBaHHA aHrmnifncbkoro
TekcTy 6yno BMKOPUCTAHO iHCTPYMEHT LUTYYHOTO iHTENeKTy
Deepl. AsTop Bepe Ha cebe NoBHY BiANOBIAANbLHICTL 32 3MICT
Ta uinicHicTb ony6nikoBaHoi poboTy.
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