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The Role of Artificial Intelligence in
Macroeconomic Forecasting: A Systematic
Literature Review

Thura J. Mohammed a,*, XinYing Chew a, Khai Wah Khaw b

a School of Computer Sciences, Universiti Sains Malaysia, 11800 Pulau Pinang, Malaysia
b School of Management, Universiti Sains Malaysia, 11800 Pulau Pinang, Malaysia

ABSTRACT

Macroeconomic forecasting remains difficult because aggregate dynamics are nonlinear, regime-dependent, and
increasingly informed by high-dimensional, mixed-frequency data, conditions under which traditional econometric
models often lose accuracy, especially around turning points. This study systematically reviews how artificial intelligence
(AI) is being used to address these challenges and what reliable evidence exists on its forecasting value. Using a
PRISMA-aligned protocol, we searched Web of Science, Scopus, and ScienceDirect, identifying 1,627 records; after
de-duplication and multi-stage screening, 178 studies were retained for qualitative synthesis. The review develops
an evidence-based taxonomy of AI model families in macroeconomic forecasting and synthesizes their motivations,
performance patterns, and limitations across targets such as gross domestic product (GDP) growth, inflation, and
labor-market indicators. This study shows that AI methods, particularly tree-based ensembles, deep sequence models,
and hybrid econometric–AI systems, frequently improve short-horizon forecasting and nowcasting in data-rich settings
and during crisis regimes, but do not dominate uniformly across variables or horizons. The study’s contributions are
threefold: a structured taxonomy that organizes a fragmented field, a consolidated assessment of where AI gains are
robust versus conditional, and a clear articulation of the main methodological and policy-relevant constraints shaping
future macro-AI forecasting research.

Keywords: Artificial intelligence, Macroeconomic forecasting, GDP nowcasting, Hybrid econometric–AI models, Systematic
literature review

1. Introduction

Macroeconomic predictions not only underlie key
fiscal, monetary and regulatory policy decisions but
also influence expectations of investors in finan-
cial markets and the real economy [1]. Aggregate
variables, such as GDP growth, inflation, unemploy-
ment and output gaps, are used for example to
inform stabilization strategies, risk assessments and
resource allocations in both public institutions and
the private sector [2]. However, it is inherently
difficult to predict the future dynamics of whole

economies [3, 4]. Economic become through non-
linear interactions, structural breaks, regime shifts
and rare shocks that are difficult to gauge by just
looking at the past [5, 6]. These problems are fur-
ther exacerbated by the nature of macroeconomic
data, which tend to be low frequency, relatively
short in sample length, revised and suffer from
measurement error; this makes it difficult to estab-
lish robust relationships [7, 8]. And in application,
these restrictions curb the impact of linear-only
specification and bring persistent tension between
theoretical interpretablity and prediction precision
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[9]. Classic stable workhorses of traditional econo-
metric modeling such as autoregressive integrated
moving-average (ARIMA) models, vector autoregres-
sion (VAR), dynamic stochastic general equilibrium
(DSGE), dynamic factor and mixed-frequency mod-
els provide interpretability and theoretical discipline,
but may lose predictive performance when the sta-
bility assumptions are violated and their linear
structure fails [10, 11]. Meanwhile, the informa-
tion set faced by forecasters has expanded mas-
sively with high-dimensional macro-financial panels,
ragged-edge mixed-frequency releases and increas-
ing reliance on Big Data [12, 13]. This convergence
of richer data and more volatile environments has
led to interest in AI as new types of models for
predicting how much value with jurisdictional in-
terventions add, capable of modeling nonlinearities
and identifying signal amidst large, heterogeneous
inputs [14, 15]. Despite the burgeoning literature,
evidence in this area is scattered over model types,
targets of interest, data regimes and evaluation setups
[16, 17]. There is no clear consensus in empirical
results, which are dispersed among studies that focus
on alternative horizons, loss functions, benchmarking
options and real-time data revision procedures [18].
This makes it still an open question which AI-based
forecast approaches lead to systematic forecasting
improvements, under what macroeconomic circum-
stances, and with which trade-offs compared against
established econometric baselines [19, 20]. The ex-
isting surveys are often limited to a particular task
or methodological thread, which leaves room for an
integrative review that maps AI techniques to the full
spectrum of problems encountered in macroeconomic
forecasting and interprets common patterns across
studies [21, 22]. To bridge this gap, this study system-
atically review the literature on AI in macroeconomic
forecasting as per a protocol aligned to PRISMA. This
corpus is applied to the development of a taxonomy
of families of AI-based models in macro forecasting
as well as to integrating what has been reported
across studies of these model families, per their
roles, empirical performance patterns and practical
limitations regarding forecasting tasks and data envi-
ronments. The presented study organized as follows.
The basics and the fringes of conventional macroe-
conomic forecasting are discussed in Section 2. The
methods for the systematic review are presented in
Section 3. In Section 4 a taxonomy of AI model
families and macroeconomic applications is given.
Section 5 summarizes motivations and challenges
found in the literature. Section 6 summarizes the open
issues that were raised in this comparison. Section 7
concludes.

2. Macroeconomic forecasting: An overview

Macroeconomic forecast is one of the foundations
and building blocks of applied economic analysis,
offering predictions for aggregate quantities such
as GDP growth, inflation rate, unemployment rates
and interest rates [23, 24]. These forecasts underlie
fiscal and monetary policy, business investment de-
cisions, and household expectations [25, 26]. Since
macroeconomic indicators represent the general sta-
tus and a trend of national economies, forecasting
them accurately becomes an important input for
policy making and corporate sustainable develop-
ment in both governmental and private sections of
the economy [27]. For example, forecasting models
are used by institutions such as central banks and
ministries of finance as well as international organi-
zations like the International Monetary Fund or the
World Bank to forecast cyclical movements, evalu-
ate policies’ impacts on the economy, and design
stabilization devices [28–30]. Historical background
Macroeconomic forecasting has progressed through
the history of econometric theory along with com-
putational power [31]. Early models focused on
structural and time-series approaches, based on the
belief that past connections between economic vari-
ables were sufficient to predict future values [32].
Classical econometric techniques like ARIMA models,
VAR or DSGE models have long been mainstays in
macroeconomic forecasting [33]. Such models have
interpretability and strong economic theory founda-
tion in relationships to test policy scenarios under
fixed assumptions [34, 35]. Problematically, their
performance relies on linear specifications and stable
data-generating processes, which conditions are often
violated in practical economies featuring volatility,
structural changes and regime switches [36, 37].
The shortcomings of traditional models were more
and more obvious in pursuing global financial crisis,
pandemics, geopolitical turbulence, worsening uncer-
tainty and nonlinearity of the state of the macroeco-
nomic [38, 39]. Forecasting errors commonly result
from model mis-specification, omitted variables, and
failure to incorporate behaviorial adjustments or
feedback effects [40]. Furthermore, macroeconomic
indicators are noisy by nature, subject to revisions
and affected by exogenous shocks that cannot be
conveniently captured in the context of standard
econometric methods [41]. These difficulties have
driven economists towards alternative methods while
flexible enough, to capture complex, nonlinear and
dynamic relationships between macroeconomic vari-
ables [42, 43]. Recent years have seen a shift towards
the use of data-driven forecasting approaches using
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Fig. 1. SLR protocol.

computational intelligence and large-scale data in-
tegration [44]. With the exponential rise of digital
data such as real-time financial transactions, senti-
ment and market place high-frequency time series,
the empirical underpinnings on which to formulate
forecast has widened [45, 46]. For this purpose, AI
approaches have recently been developed and shown
to give good improvements in accuracy and robust-
ness [47, 48]. Econometric-AI models are capable
of dealing with non-linearities, interactions and la-
tent structures present in data without instituting
strong parametric assumptions. Deep learning (DL)
techniques have been applied to modeling complex
macroeconomic dynamics and have demonstrated
significant advantages over classic methods with re-
spect to short-term and medium-term forecasting
[49]. However, the embedding of AI into forecast-
ing at macro levels also presents methodological and
interpretative issues. The lack of transparency of
most machine learning (ML) models obscures the eco-
nomic interpretation of its results, possibly restricting
adoption by policy makers familiar with transpar-
ent and theory-consistent models [50]. Moreover,

the performance of AI-based predictions is particu-
larly sensitive to data quality, feature engineering
and model tuning, which demand careful design and
domain knowledge [51]. But, in contrast to these
concerns, the mixed approach, rapid advancement of
econometric-AI pattern recognition, indicates there
is significant agreement that predictive performance
can move forward without giving up on theoretical
grounding [52, 53].

3. Methodology

This review was designed and executed as a sys-
tematic literature review to map, evaluate, and
synthesize empirical evidence on the application of
AI to macroeconomic forecasting. The protocol was
specified a priori and implemented in three sequential
stages: structured database search, eligibility filtering
via explicit criteria, and multi-stage study selection.
The procedure aligns with PRISMA principles to max-
imize transparency and replicability, as presented in
Fig. 1.
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3.1. Search strategy

This review study was conducted in Web of Science,
Scopus, and ScienceDirect, selected for their compre-
hensive coverage of economics, econometrics, and
interdisciplinary AI research. Web of Science, Scopus,
and ScienceDirect were selected because they offer
comprehensive and high-quality coverage of peer-
reviewed research in economics, econometrics, and
applied AI, and are standard sources in systematic
reviews in macroeconomic forecasting. Gray liter-
ature was excluded to ensure a consistent quality
threshold and methodological comparability across
studies. The search covered publications from 2022
to 2026, with the final search conducted in December
2025. Only English-language studies were included,
reflecting the dominant publication language in the
relevant literatures and ensuring consistent evalua-
tion. As is shown in Fig. 1, a Boolean search query
was created aiming to retrieve studies with the use of
AI methods for macroeconomic forecasting by mixing
AI-related keywords and macroeconomic forecasting
terms. The last search string was (“artificial intelli-
gence” OR “machine learning” OR “deep learning”)
AND (“macroeconomic forecasting” OR “GDP” OR
“gross domestic product”). Minor syntactic revisions
to the query were performed in order to adapt it for
the particular database syntax while keeping its logic
unchanged. The searches were not constrained with
regard to geographic scope in order to be able to
include cross national evidence, and the search was
restricted to academic records indexed in databases.
After removing the duplicates, 565, 427 and 635
records in Web of Science, Scopus and ScienceDirect
were obtained respectively, contributing to a total of
1627 studies in the searching phase.

3.2. Eligibility criteria

Inclusion criteria were prespecified to ensure that
included studies focused squarely on AI-generated
forecasts of macroeconomic aggregates. Studies were
considered for inclusion only if they employed AI,
machine learning (ML) or deep learning (DL) as
a main forecasting technique; focused on macro-
level aggregate economic variables including GDP
level or growth, inflation, unemployment rate, indus-
trial production, output gap, business-cycle indicators
and macro-risk measures; and contained a numeric
out-of-sample forecasting exercise with quantitative
performance assessment using real-world macroe-
conomic data. Only peer-reviewed articles, indexed
conference studies and high-quality working stud-
ies were included. Ineligible studies were those with
micro-level or financial but no macro target outcome,
that forecasted only based on traditional econometric

models without AI element, that did not present quan-
tifiable forecasting evaluation and in which method
processes are too opaque to determine validity.

3.3. Study selection

The selection of studies was followed in three
stages. Initially, the combined records were dedupli-
cated bedding down 837 duplicates and resulting in
a total of 790 studies. Second, the titles and abstracts
of these 790 records were screened for eligibility cri-
teria, leading to exclusion of 522 studies at this phase
that did not forecast macroeconomic aggregates, did
not use AI approaches for forecasting or have an
evaluation forecasting design as part of it; thus, com-
pleting with a pool of 268 studies to be assessed in
detail. At both the screening and full-text assessment
stages, any disagreements were resolved through dis-
cussion until consensus was achieved. Third, the full
articles of the 268 studies that remained were exam-
ined to ensure methodological appropriateness and
conformity to inclusion criteria. 90 studies at this
stage were excluded, mostly owing to (i) lack of out-
of-sample evaluation, (ii) non-macroeconomic targets
or (iii) peripheral and not yet a substantive use of AI
for forecasting. The resultant corpus is 178 studies
and would be used in the qualitative synthesis.

4. AI models in in macroeconomic
forecasting: Taxonomy

Studies were assigned to AI model families based
on their dominant forecasting architecture and the
functional role of AI within the modeling framework.
Classification was guided by whether AI methods
operated as standalone forecasters, sequence learn-
ers, residual or weight learners within econometric
structures, decomposition-based predictors, or prob-
abilistic density estimators. When studies employed
multiple techniques, classification reflected the com-
ponent driving the primary forecasting contribution.
Of the 178 studies included after the full-text screen-
ing, this study finds that AI in macroeconomic
forecasting is not a monolithic methodological line
but rather a heterogeneous ensemble of model fam-
ilies tailored to fulfill disparate forecasting roles in
face of macro data constraints. Macro series tend
not only to be short and low-frequency, but also
are revised over time and subject to regime shifts,
so researchers have developed AI through a variety
of structurally different lenses instead of homing in
on a single dominant algorithm. This necessitates a
sort of taxonomy that coordinates this evidence base;
that tidies up how model choice relates to forecasting
tasks (GDP, inflation, unemployment, output gaps,
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Fig. 2. Taxonomy of AI models in macroeconomic forecasting.

recession risks); and for synthesizing comparative
performance in due course as in Fig. 2.

4.1. Shallow/Classical ML forecasters

The classical ML forecasters frame macroeconomic
prediction as a supervised regression and treat tem-
poral dependence through lags, rolling windows or
factor summaries but not learned end to end [54,
55]. This family contains penalized linear learners
(ridge, LASSO, elastic net and extensions), tree-based
ensembles (random forests, gradient boosting, XG-
Boost, quantile forests) and kernel methods such as
support-vector regression [56, 57]. Penalized linear
models and tree-based ensembles are grouped within
the same “shallow/classical ML” family because
they share a common modeling paradigm: tempo-
ral dependence is introduced through explicit feature
engineering (lags, rolling windows, or factor sum-
maries), and model complexity is limited relative to
deep architectures. The linear mixed model approach
has a strong application track record in GDP growth,
inflation, unemployment forecasting and wide horse-
race benchmark studies for data-rich macro panels
or mixed predictor environments [58, 59]. It’s not
a coincidence that their strengths are practical; they
readjust well to high-dimensional predictors, achieve
robust out-of-sample gains over linear baselines, and
allow for relatively interpretable diagnostics via spar-
sity patterns or feature importance [60, 61]. The
nature of their architecture leads to their limitations:
as dynamics are imposed by feature engineering, they
have difficulty capturing long-memory nonlineari-

ties or regime-dependent patterns without a great
deal of manual design, and results are dependent
upon lag selection, targeting, and screening rules
[62, 63].

4.2. DL for macroeconomic time series

In time series-DL models, the forecasting engine
learns temporal dependence from sequences. The
dominant sub-stream depends on recurrent models,
particularly LSTM and GRU nets; some studies use
the reservoir/echo-state or temporal convolutional
networks, N-BEATS-style multi-horizon systems and
more and more attention-based or transformer kin
largely engineered for macro panels [64, 65].
These are particularly widespread in GDP nowcast-
ing/forecasting, inflation forecasting during instabil-
ity, and business-cycle state prediction, especially
when information sets are large, mixed-frequency
or incorporate real-time indicators [66, 67]. Their
primary benefit comes from representation learning:
deep architectures decrease dependence on hand-
crafted lags and may internalize non-linear state
evolution between horizons/predictors. But macro
settings also reveal fragilities of DL [68, 69]. Short
sample length results in overfitting, predictive bene-
fits are episodic and crisis-specific, and performance
depends on the training protocol, indoor data process-
ing method and evaluation criterion. Consequently,
deep models are more likely to show the great-
est improvements for nowcasting information-rich,
short-horizon tasks, and their advantage may be less
certain at longer horizons.


