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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.



6 AUIQ HUMANITIES AND SOCIAL SCIENCES 2 (2026) 1–15

4.3. Hybrid econometric–AI systems

Another family is characterized by hybrid systems
where AI is grafted onto an econometric trunk instead
of replacing it [70, 71]. Such studies hybridize macro
structures (classical or dynamic factor models, MIDAS
or bridging equations, VAR/BVAR systems), basic ML
filters to learn nonlinear residuals, regime dependent
adjustments, component forecasts or state varying
combination weights with MLs. Hybrids are partic-
ularly prevalent in policy-related forecasting where
interpretability, stability, and institutional longevity
count for something [72, 73]. These are common
use cases for mixed-frequency GDP nowcasting, in-
flation forecasting with ML corrections to structural
baselines, and multivariate macro forecasting with
AI-augmented VARs. The robustness of this family lies
in the complementarity of approaches: econometric
structure lends coherence and justifiable economic
interpretation; AI offers nonlinear flexibility and
high-dimensional adaptation [54, 55]. The limita-
tion here is the conditionality: when the backbone
model has already captured a large fraction of predic-
tive content, AI contributes only weakly; and in case
of loosely specified backbones, hybrids may inherit
structural biases [74, 75]. Forecast gains are then
conditioned on the econometric core and AI layer
both being well-constructed in conjunction.

4.4. Decomposition and multi-scale AI forecasting

Across the reviewed studies, decomposition param-
eters are typically chosen using standard conventions
or data-driven rules, such as commonly used fre-
quency cutoffs in filtering approaches or empirical
mode counts selected based on variance or energy
criteria. Several studies report sensitivity analyses
that evaluate forecasting performance under alter-
native decomposition settings, generally finding that
gains are robust within reasonable parameter ranges,
though performance can deteriorate under aggressive
or poorly tuned decompositions. In decomposition-
based systems, the defining step is to separate macro
series (and often predictors) into components, trend
and cycle, frequency bands, or intrinsic modes, before
applying AI to forecast each part and recombining
them. Wavelet-neural hybrids, EMD/VMD-plus-ML
pipelines, and filter-then-deep models are emblem-
atic designs [76, 77]. This family is widely used in ap-
plications to inflation and GDP forecasting, scenarios
characterized by non-stationarity, multi-frequency
dynamics and noise which may confuse monolithic
learners [78, 79]. Its key benefit lies in its stability:
disconnecting the low-frequency cycles from high-
frequency shocks enables cleaner learning targets,
commonly leading to robust short-horizon gains and

stronger performance around turning points [80, 81].
Its disadvantage is increased reliance on the choice
of decomposition [82, 83]. Gains can depend on fil-
ter parameters, mode counts or frequency cutoffs,
making the process of porting to other countries and
data vintages less straightforward unless appropri-
ately validated [84, 85].

4.5. Probabilistic/Bayesian AI and density
forecasting

This category focus on predictive distributions, tail
risks, and uncertainty-aware macro forecasting rather
than point forecasts. These include Bayesian neural
networks with shrinkage priors, stochastic-volatility-
augmented deep models, variational Bayes for scaling
large BVARs, quantile-focused tree ensembles and
Bayesian ML [86, 87] to learn nonlinear density-
combination weights across forecasters. This included
density forecasts of GDP growth and inflation, esti-
mation of the probability of recession, downside-risk
and macro-stress measures, and forecast-combination
for surveys or institutional projections. The benefit
of the presented category lies in decision relevance:
the predictive distributions describe asymmetry and
regime-dependent uncertainty that are important for
policy and risk management [88, 89]. Limitations
remain nontrivial. Bayesian training can be computa-
tionally intensive, evaluation modes are diverse (log
scores, CRPS, calibration), and evidence for density
forecasting continues to be more limited in variable
coverage and spatial extend than for point prediction
[90, 91].

4.6. AI with alternative and unstructured data

In this category, AI is applied mostly for trans-
forming alternative or unstructured data into pre-
dictive signals. These works extract predictors from
central-bank narratives, news or reports through
NLP pipelines (from dictionary/elastic-net lexicons
to transformer embeddings), or digital traces such
as search intensity and similar high-frequency prox-
ies [60, 92]. The main novelty is the extension of
information to beyond conventional macro indica-
tors which in practice tends to result in better short-
horizon GDP and inflation nowcasts while it can
help rationalize forecast errors during crises. The
power here is informational promptness: text and
digital indicators often lead official data and en-
code expectations, sentiment and uncertainty [93,
94]. The limitation is that it is fragile to context
drift and measurement noise; the predictive con-
tent may be episodic, domain-specific, and sensitive
to corpus definition, thus setting a high bar for
strict real-time out-of-sample validation [95, 96]. A
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Fig. 3. Motivations for applying AI in macroeconomic forecasting.

number of systematic trends are apparent across
model families [97]. Fourth, the literature has tran-
sitioned from overreliance on shallow ML to much
more rapid growth in deep sequence models post
late-2010s with richer data and better training prac-
tice facilitating developments, although gains are still
mixed for variables-by-horizons [98–100]. And sec-
ond, econometric-AI hybrids are becoming more pow-
erful in policy-relevant work, because institutions
prefer AI-augmented rather than AI-displacing eco-
nomic cores [101]. Third, probabilistic and density-
forecasting applications are increasing, suggesting a
shift away from the mode of accuracy competitions
toward more risk-conscious macroeconomic forecast-
ing, but less common than point-forecast studies[93],
[102]. Finally, the adoption of new sources of un-
structured data, especially text-based sentiment and
digital traces has become an important frontier, thus
hinting that future forecasting progress may come
as much from richer information sets than novel ar-
chitectures [103, 104]. Such a taxonomy lays the
ground for the ensuing discussion, which analyses
performance profiles by macro targets, data regimes
and forecasting horizons[105, 106].

5. Discussion

5.1. Motivations

Across the reviewed corpus, the shift toward AI-
driven macroeconomic forecasting is motivated by
a shared diagnosis: conventional econometric frame-
works struggle in environments that are simultane-
ously high-dimensional, nonlinear, and structurally

unstable, as presented in Fig. 3. Many studies em-
phasize that modern macro datasets now contain
hundreds of candidate predictors at multiple frequen-
cies, making classical linear or tightly parameterized
models prone to overfitting or to discarding useful
signals through restrictive structure [107, 108]. AI
methods, regularized regressions, tree ensembles, and
deep networks, are adopted precisely because they
can compress large information sets, tolerate multi-
collinearity, and learn complex interactions without
imposing a priori linearity [109, 110]. This motiva-
tion is explicit in work comparing ML algorithms with
“gold standard” factor models for GDP forecasting,
where ML models are framed as a way to un-
cover nonlinear and time-varying relationships that
traditional tools may miss, especially under rapid eco-
nomic change [111, 112]. A second, quite frequently
recurring motivation is policy relevance with uncer-
tainty. AI models are often framed as instruments
to bolster real-time surveillance and forward-looking
policy decisions on the part of central banks and
fiscal authorities [113, 114]. Evidence from GDP
forecasting in China implies that ML models lead
to much lower out-of-sample errors and are more
successful during the COVID period, suggesting their
potential advantage when regimes change suddenly
[115, 116]. By the same measure, those who study
fiscal risk say AI provides “empirical flexibility,” even
as it may be rooted in theory, to establish early
warning systems that would allow policymakers to
see where stress signals are falling and thus pre-
vent linear models from missing them. Third, the
fast growth of the literature mirrors the emerging
omics and measurement requirements. Some articles
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include in forecasting pipelines text-as-data, remote
sensing or domain-specific big data motivated by the
idea that narratives and other indicators can cap-
ture sooner than standard releases latent expectations
and shocks. For instance, the sentiment from Brazil-
ian central bank minutes enhances GDP now-casting
accuracy, and it is able to explain market forecast
errors suggesting that AI-driven textual features in-
clude incremental information beyond numeric series
[117]. At the same time, for emerging markets and
data-sparse AI is motivated as a practical alternative
to generating usable forecasts despite small samples;
adversarial or transfer-learning based methods are
used to optimize learning in small datasets.

5.2. Challenges

Although including performance increases, the
studies also agree on a number of methodological
and practical challenges. A prevailing challenge is
data quality and real-time assurance. A large num-
ber of applications of AI are based on low (perhaps
revised) frequency time series and this can cause
a loss in responsiveness and artificially inflated ap-
parent accuracy [117, 118]. At a practical level,
fiscal-stress modeling acknowledges that the use of
annual data may inhibit timely identification and
advocates supplementing compiled higher-frequency
fiscal and market indicators to facilitate real-time
application. Relatedly, missing, mixed frequency, re-
visions are and will continue to be issues in macro
forecasting; AI can handle it, but results depend on
pre-processesing/feature choice. A second issue is in-
terpretability and institutional confidence [119, 120].
The literature again and again refers to complex AI
models as “black boxes” which, in policy-making
settings where causal narratives, transparency and
accountability matter, hampers the adoption of these
techniques [121, 122]. Even if precision is better,
policy institutions remain skeptical when the model’s
levers can’t be described in economically coherent
ways. As such, work underscores interpretability as
a constraint and recommends methods such as SHAP
or variable-importance analysis to recover economi-
cally meaningful signals. Third, there is the problem
of model instability across regimes. Some articles
demonstrate that the relative standings of models
shift in tranquil times and crises suggesting there
is no one size fits all AI architecture which is best.
China GDP evidence suggests that DA shrinkage with
ridge type has a particularly good performance in
the uncertain case, while RD forest leads to ro-
bust gains under stability, hence ML success vary by
shock environment [123]. This sensitivity to regime
is intimately tied to risks of overfitting and tempo-

ral leakage; upon revealing macro-orderings in time,
naive out-of-time cross validation dies, even for pow-
erful models we observe mild decay as the model
learns whilst being temporally validated. Last, gener-
alization and scope treatment is uneven [124, 125].
Some of the DL-GDP works are context-depending
(for example, urban profiling or single-country cases),
which makes the portability between economies with
different structures and data coverage or institutions
debatable [126]. Additionally, the field does not have
standard benchmarks for density forecasting, turning-
point prediction or multi-horizon evaluation which
hampers cumulative progress [127, 128].

5.3. Recommendations

The corpus developed backs a series of future-facing
technical and institutional recommendations. First,
future research must proceed with hybrid macro-
AI systems that integrate theoretical discipline and
ML flexibility [129]. Studies to this literature in-
dicate that in principle ML would be implemented
through inclusion of the technique in structured
frameworks (e.g., inter-temporal budget constraints
or reaction functions) that are explicitly designed
to link predictive gains with economically inter-
pretable policy signals [130]. In the line of GDP
forecasting, some studies also present ML as a com-
plement rather than alternative to factor models,
proposing forecast combinations that exploit both
structural and data-driven advantages. Second, inte-
grating real-time and high-frequency data is a priority
for researchers. The aforementioned repeated worry
on a low-frequency dependence suggest that next-
generation models may need to gradually include
monthly/weekly fiscal and financial indicators, on-
line activity metrics or other big-data streams as input
for nowcasting and early warning. A closely related
one is the suggestion for dynamic updating (for ex-
ample, rolling or online learning) so that models can
adjusts to changing regimes rather than being origi-
nally trained on only a fixe historical window. Third,
the literature promotes a systematic embrace of XAI
as the norm rather than a supplement. Being one-
shot its (for an installed model) from prediction to
policy narrative and AI outputs actionable in central-
bank and ministry workflows, interpretability layers
SHAP, partial dependence, Shapley-based decompo-
sition, and economically informed feature grouping
are advised [131, 132]. Fourth, there is a clear
methodological call for macro-appropriate evalua-
tion standards. Studies recommend time-series-aware
cross-validation, multi-horizon pseudo-out-of-sample
testing, and greater attention to distributional accu-
racy (density forecasts, tail risks) rather than only
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point RMSE [133]. Finally, for data-constrained set-
tings, promising directions include transfer learning
and adversarial training to improve robustness when
samples are small, an approach already showing
strong gains in developing-economy GDP forecasting.

6. Gaps, open issues, and innovative key
solutions

The 178 core studies synthesized in this review
demonstrate meaningful progress in applying AI to
macroeconomic forecasting, yet they also reveal per-
sistent limitations that prevent the literature from
converging on stable best practices. The gaps are not
only technical (model choice) but structural (data,
evaluation, and institutional use). This section con-
solidates those open issues and outlines solution path-
ways that emerge directly from the evidence base.

6.1. Evidence fragmentation and lack of cumulative
benchmarking

One of the key lacunas is the disjointedness of
evidence. Many studies provide single-country or
single-variable applications with idiosyncratic sets
of predictors, training windows and benchmarking
[76]. Even when improvements are shown, they can
hardly be compared between studies due to differ-
ing baseline models, different vintages of data and
different horizons at which the method was tested
[54, 134]. Such horse-race studies can reveal a high
dependency on test data properties, but few have
replicated their results on shared benchmark panels
or made their pipelines portable. As a result, the
field could end up with isolated “success stories”
rather than cumulated understanding of when AI wins
and doesn’t. The literature claims a lack of standard
macro-AI benchmark suites similar with computer
vision or NLP [43]. These might need to be common
benchmarks, such as common goals and rolling fixed
evaluation protocols [1]. A complementary answer is
open, versioned forecasting pipelines that allow one
to reproduce the results under uniform hyperparam-
eter and data-revision rules, for “meta-comparisons”
across countries and horizons [14].

6.2. Real-time validity and data revision risk

A second unsolved problem is that the majority
of works do not work under real-time situations.
A lot of the AI predictions are trained on smooth
macro series, which gives ersatz precision and masks
operational error. Moving away from AI at turning
points pays off, turning points are when revisions
tend to be largest and ragged-edge data problems

are worst. Mixed-frequency deep models and Google
Trends/text-based indicators can assist; however, the
corpus still treats the real-time data discipline as an
exception rather than a standard [5, 13]. Analyses
suggest two potential roads forward: (i) training the
model as default on real-time vintages in conjunction
with an explicit accounting of revision sensitivity, and
(ii) “measurement-augmented forecasting,” whereby
replacement high-frequency indicators (e.g., text,
search intensity, mobility, energy traces, etc.) are not
treated as ad hoc addendums to nowcasting systems
but rather become structured parts thereof. Real-time
conformal prediction, which is already seen working
in studies that focus on density-based measures (in-
cluding this one), offers a scalable means to produce
uncertainty intervals with validity under revision
noise [55, 91].

6.3. Small-sample DL and overfitting

While DL has exploded, the small-T macro environ-
ment is still a binding constraint. However, several
studies that exhibit outperformance over benchmarks
by deep models focus mostly on short-horizon now-
casting or crisis windows and lose their edge when
data become sparse or the horizon is lengthened
[46, 135]. Bayesian neural networks and shrinkage
offer promise but are currently less popular. That is,
the community hasn’t quite figured out how to roll-
out good high-stakes-level learners in a macro-sample
constrained manner. The corpus of results points
to three recipes for solutions: (i) Bayesian DL with
macro-specific priors (horseshoe, activation mixtures,
stochastic volatility layers) to regulate capacity; (ii)
De-composition-first architectures that would remove
noise and increase the effective sample signal; and
(iii) transfer-learning schemes between countries or
related macro targets, especially for other developing
economies where available data are dominated by
shallow annual datasets [50, 136]. These methods
consider data sparsity not as a hindrance, but rather
as an issue to be factored into the design process.

6.4. Regime instability and nonstationarity

A consistent gap is the limited treatment of regime
change. Many studies acknowledge that AI gains are
state-dependent, yet only a subset explicitly mod-
els recession/expansion regimes, structural breaks, or
crisis-driven parameter drift. So even if some fore-
casters are correct during the calm, others could
be dead wrong when policy interest is peaked [44,
95]. Regime uncertainly also discourages out-of-
sample generalization and adds complication for
model selection. Solutions found in the literature in-
clude: understanding regime attention; rolling/online
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updating; and mixed solutions where econometric
structure provides long-run anchor while AI captures
non-linear deviations [3]. One promising frontier is
conditional forecasting systems: models that condi-
tion explicitly on measures of uncertainty, financial
stress, or business-cycle regimes to adjust their func-
tional form when they forecast rather than only once
the fact that they made errors becomes apparent [19].

6.5. Limited density forecasting and Tail-risk
coverage

A major open issue is that most AI macro articles
still prioritize point forecasts. Density forecasting,
downside-risk estimation, and state-dependent fore-
cast combination are growing strands, but they
remain narrow in variable scope and geographic
application. Yet policy decisions often hinge on
tail outcomes, not means [1, 19]. Without broader
density evidence, AI’s institutional value remains
underexploited. The evidence supports scaling prob-
abilistic ML methods, Bayesian neural nets, quantile
forests, variational Bayes BVARs, and nonlinear
density-combination learners, into standard macro
forecasting practice [13, 55, 91]. Another solu-
tion is hybrid probabilistic systems: using AI to
learn nonlinear forecast weights while classical mod-
els contribute coherent structural distributions. This
would integrate risk-based macro monitoring with
the predictive advantages of AI [3, 50].

6.6. Interpretability and policy integration gaps

Even where AI increases accuracy, its institutional
adoption is limited by the need for interpretabil-
ity [34, 83]. Studies insist again and again that
black-box gains don’t get central banks or fiscal
authorities there, they require defensible narratives
about drivers, uncertainty and structural coherence.
SHAP and other feature-importance tools are starting
to materialize, however interpretability is still an af-
terthought more than a first-class design goal [4, 57].
The literature also suggests a pivot toward “native in-
terpretability,” that is, explanation encoded as part of
model structure. Examples include deep models that
decompose and then reconcile themselves naturally
with “trend/cycle” type narratives, hybrid models
where AI learns the residuals around understand-
able baselines, or probabilistic outputs which map
to risk-communication frameworks. Relatedly, provi-
sion also appears useful for economically ’bundling’
feature attributions (e.g., demand vs supply blocks,
domestic vs external shocks), so that AI explanations
can align closely with the language of macro policy
discussions [35, 137].

7. Conclusion

This systematic literature review synthesized 178
studies on the role of AI in macroeconomic forecast-
ing. The evidence shows that AI has moved from a
niche alternative to a substantive forecasting toolkit,
particularly in data-rich and mixed-frequency envi-
ronments and in periods of heightened uncertainty.
Across the literature, gains are most consistently as-
sociated with tree-based ensembles, deep sequence
models, and hybrid econometric–AI systems, while
probabilistic and text-augmented approaches are
emerging as important frontiers for policy-relevant
forecasting. At the same time, the review highlights
that AI does not deliver uniform superiority over
traditional econometric baselines. Performance ad-
vantages are contingent on data quality, horizon,
regime stability, and disciplined evaluation. Persis-
tent challenges, small effective samples, structural
breaks, reproducibility gaps, and interpretability
barriers, continue to limit fully reliable and insti-
tutionalized adoption. Overall, AI should be viewed
less as a replacement for macro econometric struc-
ture and more as a complementary set of methods
whose value depends on careful integration with
macroeconomic data realities and policy require-
ments. Future progress in the field will rely on
cumulative benchmarking, real-time validation, and
forecasting systems that balance predictive strength
with transparency and robustness.
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