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Abstract

This paper provides the �rst systematic assessment of machine learning methods for
macroeconomic forecasting in Uzbekistan. Using a comprehensive dataset of more than
170 indicators, we forecast CPI in�ation and GDP growth with nine machine learning
models and compare them against three traditional benchmarks (ARIMA, VAR, and
BVAR). For both targets, the relative performance of machine learning improves as the
forecast horizon increases. For in�ation, machine learning provides clear and growing
gains as the horizon increases, and a simple equal-weighted ensemble of the machine
learning models is the most accurate approach overall, achieving the lowest forecast er-
ror at nearly every horizon. For GDP growth, by contrast, the traditional benchmarks
(ARIMA in particular) remain the most accurate across most horizons, although regular-
ized linear and dimension-reduction machine learning methods are competitive at short
horizons. Tree-based models struggle to forecast GDP when growth exceeds the range
observed during training because they cannot extrapolate beyond the training data. This
limitation is particularly relevant in Uzbekistan's rapidly changing economy, where rapid
economic growth in 2024-2025 pushed the level of GDP beyond the range observed in the
training sample. We show that forecasting stationary transformations of the target largely
removes this weakness. Overall, the �ndings suggest that machine learning is best used to
complement rather than replace the existing forecasting toolkit. It improves the accuracy
of medium-term in�ation forecasts, whereas traditional models remain more accurate for
forecasting GDP.
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1 Introduction

Forecasting macroeconomic variables such as in�ation and GDP is central to monetary
policymaking, and it is particularly challenging in an economy where relationships among
macroeconomic variables are more volatile and less predictable. Traditional econometric
approaches, including autoregressive and other linear models, often perform well under
relatively stable economic conditions but struggle to capture structural change, time-
varying dynamics, and nonlinear relationships among variables (Stock and Watson, 2007;
Medeiros and Vasconcelos, 2019; Liu, 2024). Moreover, these models typically rely on a
limited set of predictors and are not well suited to utilizing high-dimensional datasets.

In contrast, machine learning (ML) methods have demonstrated a strong ability to
capture complex and nonlinear relationships that conventional econometric approaches
often miss. And ML techniques can process large datasets, adapt to structural changes,
and signi�cantly reduce forecast errors (Richardson et al., 2018; Babii et al., 2020; Flores
et al., 2025).

The existing literature on ML has largely focused on nowcasting and short-term fore-
casting, particularly for advanced economies, while studies covering longer forecast hori-
zons and developing economies remain limited. To the best of our knowledge, no study
has yet applied machine learning methods to macroeconomic forecasting in Uzbekistan.

Uzbekistan's economy has undergone substantial structural changes and large external
shocks since 2017, making the relationships among macroeconomic variables increasingly
unstable and nonlinear. These conditions make it di�cult for traditional models to pro-
duce reliable forecasts. In�ation and GDP growth have been highly volatile and have
experienced signi�cant shifts over the past decade (see Appendix A for the historical
evolution of in�ation and GDP), further illustrating the challenge of accurate forecasting.

At the same time, forecasting performance at the Central Bank of Uzbekistan (CBU)
has been deteriorating due to data quality issues, structural changes in the economy, and
methodological limitations of traditional approaches. As shown in Figure 1, the CBU's
headline in�ation forecasts have been consistently biased, switching between downward
and upward directions, with in�ation in 2024 and 2025 being largely missed. GDP fore-
casts, on the other hand, have been persistently biased downward, with actual GDP
growth consistently exceeding the central bank's projections. These challenges highlight
the potential of machine learning methods, which are better equipped to capture unstable
and nonlinear relationships in the data.

From a policy perspective, the adoption of ML methods has already been prioritized by
CBU management to enhance the accuracy and robustness of macroeconomic forecasts.
This commitment is also re�ected in the Monetary Policy Guidelines, which explicitly
emphasize the development and implementation of ML techniques in forecasting (CBU,
2024). Therefore, advancing research in this area is both scienti�cally relevant and insti-
tutionally important.

Taking the above into account, this study contributes to the existing literature on ma-
chine learning-based macroeconomic forecasting by addressing three key challenges: (i)
it examines whether machine learning methods can improve the accuracy and reliability
of short- to medium-term forecasts of in�ation and GDP compared to traditional econo-
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(a) In�ation (b) GDP growth

Figure 1: Forecast Errors of the Central Bank of Uzbekistan

Source: Author's calculations based on Monetary Policy Reports of the Central Bank of

Uzbekistan.

Note: Forecast error is de�ned as the di�erence between the actual and forecasted value. For

each �scal year, forecasts are taken from the January, April, July, and October reports (MPR),

corresponding to Q4 of the previous year and Q1, Q2, Q3 of the forecast year, respectively.

metric models in developing economy such as Uzbekistan; (ii) it assesses which classes
of models and which modeling choices, including feature selection, target transformation,
and forecast combination, are most e�ective for capturing in�ation and GDP growth dy-
namics in such economies; and (iii) it discusses how ML-based forecasts can complement
the existing forecasting framework of the Central Bank of Uzbekistan.

The remainder of this paper is structured as follows. Section 2 reviews the relevant
literature on in�ation and GDP forecasting and ML applications. Section 3 describes
the data and preprocessing steps, including variable selection and data transformations.
Section 4 outlines the models employed, and Section 5 presents the estimation strategy,
covering sample splits, model con�gurations, and hyperparameter optimization. Section 6
presents the results, comparing model performance across di�erent forecast horizons and
methodological approaches. Finally, Section 7 concludes and discusses implications for
monetary policy and future research.

2 Literature review

The literature on macroeconomic forecasting is extensive and has evolved signi�cantly
over the past few decades. Traditional forecasting frameworks have long relied on autore-
gressive models, ranging from univariate ARIMA speci�cations to multivariate Vector
Autoregressions (VARs). These models have served as the workhorse tools of macroeco-
nomic forecasting due to their simplicity, interpretability, and solid theoretical foundations
(Sims, 1980; Stock and Watson, 2001; Lütkepohl, 2005; Zhang et al., 2020; George E.P.
Box et al., 2016).
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However, these models face well-known limitations in high-dimensional settings, where
the number of predictors is large relative to the available observations (Ba«bura et al.,
2010). To address this, Bayesian Vector Autoregressions (BVARs) were introduced as a
more �exible alternative. A growing body of literature has demonstrated that BVARs
with Minnesota-type priors can e�ectively handle high-dimensional macroeconomic data
through informative prior speci�cations (Ba«bura et al., 2010; Koop, 2013; Ba«bura et al.,
2014). Large BVARs have been shown to deliver accurate point and density forecasts
while remaining computationally tractable, providing a strong benchmark for forecasting
in high-dimensional settings.

This literature motivates our choice of benchmark models. We use ARIMA and
VAR as conventional benchmarks, whereas the Minnesota-prior BVAR provides a high-
dimensional linear benchmark based on the same set of predictors used by our machine
learning models. This allows us to assess not only whether ML outperforms conven-
tional linear models, but also whether it outperforms the strongest high-dimensional linear
benchmark.

With the growing availability of large, high-dimensional datasets, economics is be-
coming increasingly data-driven. The emergence of big data provides economists and
policymakers with access to much larger and more diverse datasets than ever before, cre-
ating new opportunities for research and policy (Reichlin et al., 2017). Economists have
long believed that forecasts can be improved by incorporating information from many
economic indicators rather than relying on a limited set of variables. As Arthur F. Burns
and Wesley C. Mitchell (1946) noted, �Only by analyzing numerous time series, each of
restricted signi�cance, can business cycles be made to reveal themselves de�nitely enough
to permit close observation.�

This insight remains equally relevant today: no single indicator fully captures the
complex dynamics of in�ation and output growth, particularly in a small open economy
undergoing rapid structural transformation such as Uzbekistan. Modern machine learning
methods improve forecasting by simultaneously analyzing a large number of economic and
�nancial indicators. Since each indicator captures only a partial picture of the economy,
machine learning combines information across all of them to identify meaningful patterns
and generate more accurate forecasts.

In recent years, machine learning (ML) methods have gained signi�cant attention in
economic analysis and forecasting (Goulet Coulombe et al., 2022). Unlike traditional
approaches, ML methods can e�ectively handle high-dimensional datasets even when the
number of predictors far exceeds the number of observations and are capable of capturing
complex, nonlinear relationships among variables (Haris Karagiannakis, 2025; Kotchoni
et al., 2019).

Empirical studies demonstrate that ML models often outperform traditional economet-
ric approaches such as ARIMA, VAR, and Bayesian models in forecast accuracy (Maehashi
and Shintani, 2020). For instance, Richardson et al. (2018), Medeiros and Vasconcelos
(2019), and Babii et al. (2020) show that algorithms such as random forests, gradient
boosting, and neural networks can signi�cantly reduce forecasting errors for GDP and
in�ation compared to conventional methods.

Among the ML methods used in macroeconomic forecasting, linear models such as
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Ridge, Lasso, and Elastic Net, and tree-based nonlinear models such as Random Forest,
XGBoost, and Gradient Boosting are the most widely used in practice. This is also
con�rmed by Slimani and Chourabi (2025), who analyzed more than 96 articles and
found that Random Forest, XGBoost, Lasso, Elastic Net, Ridge Regression, and Support
Vector Regression (SVR) are the most commonly applied methods. The review also �nds
that the literature has largely focused on short-term forecasting (ranging from 1 to 12
months), and that linear ML models tend to perform better at shorter horizons, while
nonlinear models show an advantage at longer horizons. Overall, ML models tend to
outperform traditional methods, though their relative performance varies depending on
the forecast horizon, data structure, and underlying economic dynamics.

Our paper adopts the same core set of methods but extends the existing literature
in several important ways. Whereas previous studies typically compare only a few ML
models with a single benchmark for one target variable, we evaluate nine ML models
against three benchmark models for two target variables (in�ation and GDP) across mul-
tiple forecast horizons. This comprehensive framework allows us to test directly whether
the short-horizon linear versus long-horizon nonlinear pattern reported in the literature
also holds for countries like Uzbekistan.

Goulet Coulombe et al. (2022) argues that the forecasting literature has largely focused
on matching speci�c variables and horizons with the best-performing algorithm, while
paying less attention to data transformation. The author constructs numerous information
sets based on di�erent transformed versions of a large set of predictors and evaluates
their contributions to forecast accuracy across several monthly macroeconomic targets.
The study concludes that data transformations matter signi�cantly, including standard
transformations such as levels and stationarity, as well as two newly proposed methods
designed to compress information within lag polynomials.

This is an important insight, but this literature has mainly focused on transforming all
predictors in the estimation, rather than the target itself. Following this insight, we extend
the transformation question to the target variable, focusing on tree-based models for GDP.
Speci�cally, we compare level and stationary data to assess whether the transformation
sensitivity documented in the literature also explains the poor performance of tree-based
models in the case of Uzbekistan.

It is also worth noting that ML methods are sensitive to regularization and validation.
A properly regularized and validated model can produce accurate and reliable forecasts.
In fact, well-regularized linear models such as Ridge, Lasso, and Elastic Net can sometimes
outperform more complex nonlinear models such as Random Forest and XGBoost (Chi
et al., 2025).

Using a large panel of Japanese macroeconomic series, Maehashi and Shintani (2020)
�nd that machine learning methods outperform conventional models, particularly at
medium and longer forecast horizons. The study also �nds that allowing for nonlinearity
and interactions between variables further enhances forecast performance.

While these studies highlight the potential of ML-based forecasting, most of the exist-
ing literature focuses on advanced or data-rich economies. There is still limited empirical
evidence on the application and performance of ML techniques in emerging and transition
economies, where data constraints, structural breaks, and frequent policy shifts are more
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common. Moreover, only a few studies have explored how ML-based forecasts can be in-
tegrated into central bank forecasting and policy frameworks, particularly in the context
of economies undergoing structural transformation, like Uzbekistan.

This is the gap our paper �lls directly. To the best of our knowledge, no study
has yet applied machine learning methods to macroeconomic forecasting in Uzbekistan.
This paper contributes to the literature in three important ways. First, it provides the
�rst empirical assessments of machine learning methods for macroeconomic forecasting in
Uzbekistan, using both traditional and high-frequency data sources. Second, it evaluates
the comparative advantages of di�erent ML methods relative to conventional econometric
models such as ARIMA, VAR, and BVAR. Finally, it develops a practical framework for
incorporating ML-based forecasting tools into the Central Bank of Uzbekistan's FPAS
system.

3 Data

The dataset used for model estimation includes a wide range of variables at di�erent
frequencies, from high-frequency to low-frequency data. In total, more than 170 macroe-
conomic, �nancial, and other indicators are analyzed and included in the estimation. Some
feature engineering is also applied to construct certain variables in the dataset. General
information about the variables and their sources is provided in Table 1 (for the full list
of variables, see Appendix I).

The dataset incorporates a broad range of domestic, international, �nancial, and alter-
native indicators, including Google Trends data, survey-based indicators, and web-scraped
data on job postings. This allows the models to capture short-term �uctuations and long-
term trends in economic activity, providing a robust foundation for forecasting.

All variables include data through the end of 2025. Since in�ation and GDP are
forecasted at di�erent frequencies, that's monthly and quarterly, respectively, the datasets
for these two variables are constructed and adjusted accordingly.

For CPI, monthly data is used, covering the period from 2018M1 to 2025M12. Some
quarterly variables in the CPI dataset are converted to monthly frequency using linear
interpolation. For GDP, quarterly data is used, covering the period from 2012Q1 to
2025Q4. Some monthly variables are converted to quarterly frequency by taking either
the simple average or the sum over the three months in each quarter, depending on
the characteristics of the variable. Variables with insu�cient historical observations or
substantial missing data are excluded from the estimation to maintain the reliability of
the empirical analysis.
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Table 1: Overview of data used in the model estimation

Group Variables Frequency Period Source
Monthly indicators - Total: 111
Balance of payments 5 Monthly 2010M1-2025M12 CBU
Commodities 5 Monthly 2010M1-2025M12 IMF
Economic activity 11 Monthly 2017M1-2025M12 NSC; CBU
Exchange rate 5 Monthly 2010M1-2025M12 TE; CBU
Fiscal 2 Monthly 2018M1-2025M12 MoEF
Foreign in�ation 4 Monthly 2010M1-2025M12 CEIC
Foreign rates 4 Monthly 2010M1-2025M12 CEIC
Google trendsa 1 Monthly 2010M1-2025M12 Google Trends
In�ation 43 Monthly 2006M1-2025M12 NSC
Global food in�ation 6 Monthly 2006M1-2025M12 FAO
Interest rates 5 Monthly 2013M1-2025M12 CBU
Labour marketb 5 Monthly 2019M1-2025M12 CBU-OLX; CBU
Monetary 15 Monthly 2012M1-2025M12 CBU
Quarterly indicatorsc - Total: 67
Balance of payments 8 Quarterly 2005Q1-2025Q4 CBU
Commodities 5 Quarterly 2010Q1-2025Q4 IMF
Economic activity 6 Quarterly 2010Q1-2025Q4 CEIC
Exchange rate 5 Quarterly 2010Q1-2025Q4 TE; CBU
Fiscal 2 Quarterly 2012Q1-2025Q4 MoEF
Foreign sector 7 Quarterly 2010Q1-2025Q4 CEIC
In�ationd 13 Quarterly 2006Q1-2025Q4 NSC; FAO
Monetary & interest rates 18 Quarterly 2010Q1-2025Q4 CBU
National accounts 3 Quarterly 2010Q1-2025Q4 NSC

Notes: CBU = Central Bank of Uzbekistan; NSC = National Statistics Committee of Uzbekistan; MoEF
= Ministry of Economy and Finance; TE = Trading Economics; IMF = IMF database; CEIC = CEIC
Data; FAO = FAO database.

a The is the job search index and it combines weekly search interest for Uzbek, query ish -mustaqil -reja

-vaqti ("job," excluding "independent," "plan," and "time") and Russian, query ðàáîòà -êîíòðîëüíàÿ

-ïðîåêòíàÿ -êóðñîâàÿ -ñàìîñòîÿòåëüíàÿ -ìîñêâå -ðîññèè ("work," excluding terms associated with
schoolwork and coursework, as well as results referring to Moscow or Russia), weighted by each language's

average share of combined search interest over the calendar year: It = w
y(t)
uz · Ut + w

y(t)
ru · Rt, where Ut

and Rt are the weekly Uzbek and Russian indices, y(t) denotes the calendar year containing week t, and
wy

uz = Ut/(Ut +Rt) averaged over weeks in year y (and wy
ru = 1− wy

uz). The �nal monthly series is the
simple average of weekly It within each month.

b This group also includes survey-based indicators of economic activity and business conditions, including
�rms' expectations regarding hiring and layo�s as well as producing. Additionaly, it also includes data on
job vacancies posted on OLX.uz, the largest online classi�eds platform in Uzbekistan. The job vacancy
data are collected through web scraping.

c Most quarterly variables are constructed by aggregating monthly data using either a three-month average
or a three-month sum, depending on the nature of the variable. These quarterly series are primarily used
for GDP forecasting.

d This group mainly includes in�ation-related indicators. Since no o�cial quarterly GDP de�ator is
available for Uzbekistan, we construct proxy measures using the Producer Price Index (PPI) and services
in�ation.
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4 Methodology

To forecast in�ation and GDP growth, this study employs three traditional time series
models (ARIMA, VAR, and BVAR) alongside nine machine learning methods (Ridge,
Lasso, Elastic Net, PLS, PCR, SVR, Random Forest, XGBoost, and Gradient Boosting).
A broad description of each model is provided below.

4.1 Benchmark models: ARIMA, VAR and BVAR

1. Univariate ARIMA model. The ARIMA model1 is one of the most widely used
methods for time series forecasting. It was originally proposed in 1970 by Box and Jenkins
(George E.P. Box et al., 2016) and commonly referred to as the Box-Jenkins method.

Since ARIMA relies solely on the historical values of the target series, it provides
a simple univariate benchmark against which more complex forecasting models can be
evaluated. The ARIMA model is characterized by three parameters: p, d, and q, which
are selected to best �t the time series data2. The general form of the ARIMA model is
given by

∆dyt = c+ ϕ1∆
dyt−1 + · · ·+ ϕp∆

dyt−p + θ1εt−1 + · · ·+ θqεt−q + εt, εt ∼ N(0, σ2) (1)

where ∆dyt denotes the series yt after applying d di�erences, p and q are the orders of the
autoregressive and moving-average terms, ϕ1, . . . , ϕp and θ1, . . . , θq are the corresponding
autoregressive and moving-average coe�cients, and εt is a white noise error term with
mean zero and variance σ2.

2. Vector Autoregression (VAR) model. Unlike ARIMA, VAR is a multivariate
model that captures dynamic interactions among a small set of macroeconomically rele-
vant variables. The VAR model is given by

Yt = c+B1Yt−1 +B2Yt−2 + · · ·+BpYt−p + ut, ut ∼ N(0,Σ), (2)

where Yt is an n-dimensional vector of variables, B1, . . . , Bp are the coe�cient matrices,
and ut is an n-dimensional vector of innovations with covariance matrix Σ. As the num-
ber of variables increases, the number of unrestricted parameters also rises, which leads
to an over-parameterization problem when estimating the model using traditional VAR
methods. In such cases, due to over�tting, the model results may become unreliable. As
a solution to this problem, the Bayesian approach (BVAR) can be applied.

3. Bayesian VAR (BVAR) model. The BVAR serves as a high-dimensional linear
benchmark, allowing us to assess whether ML outperforms not only conventional linear
models but also a high-dimensional shrinkage-based linear benchmark built on the same
predictor set.

1Further estimation details for all three benchmark models (ARIMA, VAR and BVAR) are provided
in Appendix B

2In the estimation, a seasonal component was also searched.
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The BVAR addresses the curse of dimensionality by automatically selecting the degree
of shrinkage. When the number of unknown coe�cients is large relative to the available
data, tighter prior distributions are applied, otherwise, looser priors are used. The prior
distributions belong to the normal-inverse-Wishart family. De�ning β = [c, B1, . . . , Bp],
the prior can be written as

β | Σ ∼ N(b, Σ⊗ Ω), (3)

Σ ∼ IW (ψ, ν), (4)

where b is the prior mean vector, Ω is the prior scale matrix, ψ is the scale matrix of
the inverse-Wishart distribution, ν is the degrees of freedom, and ψjj denotes the j-th
diagonal element of ψ.

In this study, the Minnesota prior is employed. This approach was introduced by Lit-
terman (1979, 1985) and it shrinks each variable toward a persistent autoregressive process
by centering the coe�cient on the �rst own lag close to one, while centering the coe�-
cients on higher-order lags and cross-variable lags at zero. Such an assumption provides
a simple yet economically reasonable approximation of the behavior of macroeconomic
variables.

4.2 Machine learning methods

This study employs nine machine learning methods that can be grouped into three fam-
ilies. The �rst group consists of penalized linear regression methods Ridge, Lasso, and
Elastic Net which extend ordinary least squares by adding a regularization term to han-
dle high-dimensional predictors. The second group includes dimension reduction methods
Principal Component Regression (PCR) and Partial Least Squares (PLS) which extract
a small number of components from the full set of predictors. The third group comprises
Support Vector Regression (SVR) and the tree-based ensemble methods Random Forest,
Gradient Boosting, and XGBoost. Although SVR can capture nonlinear relationships
through kernel functions, it is implemented with a linear kernel in this study and there-
fore operates as a regularized linear method. The tree-based methods capture complex,
nonlinear relationships and interaction e�ects in the data. Each method is described
below.

1. Ridge, Lasso, and Elastic Net.3 Ridge regression is a linear method (L2 reg-
ularization) that penalizes the sum of squared coe�cients, shrinking them toward zero
without eliminating any predictor from the model. As a result, every predictor remains
in the model but with reduced in�uence. This makes Ridge particularly e�ective when
many predictors are all somewhat relevant. Lasso (L1 regularization) also penalizes the
regression coe�cients, but forces some of them to exactly zero, e�ectively removing less
relevant predictors and retaining only the most important ones. This makes Lasso par-
ticularly useful for variable selection, helping to prevent over�tting and improving model
interpretability. Elastic Net combines both penalties (L1 and L2), performing well when

3For further details, see Tibshirani (1996) and Zou and Hastie (2005).
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predictors are highly correlated or when the number of predictors exceeds the number of
observations. All three methods share the same linear structure but di�er in how they
penalize the regression coe�cients. The general objective function is:

β̂ = argmin

 T∑
t=1

(
yt − β0 −

d∑
i=1

xitβi

)2

+ λ
d∑

i=1

(
(1− α)β2

i + α|βi|
) (5)

where β0 is the intercept, βi are the regression coe�cients, xit is the value of predictor i
at time t, d is the number of predictors, T is the number of observations, λ ≥ 0 controls
the overall regularization strength, and α ∈ [0, 1] determines the mix between the two
penalties. When α = 0, the penalty reduces to Ridge, when α = 1, it reduces to Lasso.4

Intermediate values of α balance these two properties, making Elastic Net particularly
suitable when predictors are highly correlated.

2. Principal Component Regression (PCR) and Partial Least Squares (PLS).5

Both PCR and PLS are dimension reduction methods that address the challenge of fore-
casting with a large number of potentially correlated predictors. Rather than using the
original predictors directly, both methods �rst extract a small number of components
z1, . . . , zK from the predictor matrix X, and then regress the target variable on these
components:

ŷt+h = γ0 +
K∑
k=1

γkzkt (6)

where zkt = w′
kxt are linear combinations of the original predictors, wk are the component

weight vectors, γk are the regression coe�cients on the components, and K ≪ d is the
number of retained components selected by cross-validation.

The two methods di�er in how the weight vectors wk are determined. PCR applies
Principal Component Analysis (PCA) to the predictor matrix X via its singular value
decomposition:

X = USV ⊤ (7)

where U and V are orthogonal matrices of left and right singular vectors, and S is a diag-
onal matrix of singular values. The columns of US, which are the principal components
(with weight vectors wk given by the columns of V ), are then used as regressors. Since
these components are chosen to explain maximum variance in X alone, they may not be
the most informative for predicting y.6

PLS addresses this limitation by extracting components that jointly maximize the
covariance betweenX and y. Speci�cally, the weight vectorw for the �rst PLS component
is obtained by solving:

w = arg max
∥w∥=1

Cov(Xw, y)2 (8)

4In scikit-learn, this mixing parameter α corresponds to l1_ratio (reported as the �ℓ1 ratio� in
Table 6), while the overall strength λ corresponds to alpha.

5For further details, see Ahn and Bae (2022), Groen and Kapetanios (2009), and Abdi (2010).
6In our implementation, the regression on the retained components is estimated with a Ridge penalty

to further stabilize the coe�cient estimates.
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and the corresponding component is t = Xw. This ensures that the extracted components
are directly informative for predicting y. Subsequent components are extracted iteratively
after removing the e�ect of the previous component from both X and y.

3. Support Vector Regression (SVR). Support Vector Regression, introduced by
Cortes and Vapnik (1995); Vapnik (2013), adapts the support vector machine framework
to regression problems. It seeks a function that deviates from the observed target by at
most ϵ while remaining as �at as possible. The prediction function takes the form:

yt = w⊤ϕ(xt) + b+ et (9)

where w is the weight vector, b is the bias term, ϕ(xt) maps the predictors into a higher-
dimensional feature space, and et is the disturbance term. Flatness is achieved by mini-
mizing the norm of the weight vector ∥w∥2, which reduces model complexity and the risk
of over�tting.

Since requiring all deviations to fall within ϵ is often infeasible, the method introduces
slack variables ξt and ξ∗t that measure the extent to which predictions fall outside the
ϵ-margin. The optimization problem is formulated as:

min
w,b,ξ,ξ∗

1

2
∥w∥2 + C

T∑
t=1

(ξt + ξ∗t ) (10)

subject to 
yt −w⊤ϕ(xt)− b ≤ ϵ+ ξt,

w⊤ϕ(xt) + b− yt ≤ ϵ+ ξ∗t ,

ξt, ξ
∗
t ≥ 0,

(11)

where C > 0 is a regularization parameter controlling the trade-o� between model �atness
and tolerance for deviations larger than ϵ. A larger C enforces stricter adherence to
the ϵ-tube, which can increase the risk of over�tting, while a smaller C permits more
deviations, improving generalization at the cost of possible under�tting. The mapping
ϕ(xt) is computed implicitly through a kernel function K(xi,xj) = ϕ(xi)

⊤ϕ(xj), which
in general enables SVR to capture nonlinear relationships without explicitly constructing
the high-dimensional feature space. In this study, a linear kernel, K(xi,xj) = x⊤

i xj, is
employed, so that SVR operates as a regularized linear method. It nevertheless di�ers from
the penalized regression methods described above through its ϵ-insensitive loss function,
which ignores small forecast errors and makes the estimates more robust to noise in the
target variable.

4. Tree-Based Ensemble Methods. The next three models are nonlinear ensemble
methods built on decision trees. A single decision tree partitions the predictor space into
regions and assigns a constant prediction to each region. While intuitive, individual trees
are unstable and prone to over�tting. Ensemble methods overcome this by combining
many trees into a single, more robust predictor. They fall into two families that di�er in
how the trees are constructed and combined: bagging, where trees are grown independently
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and averaged (Random Forest), and boosting, where trees are grown sequentially, each
correcting the errors of its predecessors (Gradient Boosting and XGBoost).

4a. Random Forest (RF). Random Forest, proposed by Breiman (2001), is a bagging
method that constructs an ensemble of B decision trees and averages their predictions.
Each tree is trained on a bootstrap sample of the data, and at each split only a random
subset of predictors is considered. This randomization decorrelates the trees, reducing
the variance of the combined forecast. The prediction is given by:

ŷt+h =
1

B

B∑
b=1

ĝb(xt) (12)

where B is the number of trees and ĝb(xt) is the prediction of the b-th tree. Because the
trees are grown independently and then averaged, Random Forest is e�ective at reducing
over�tting while requiring relatively little tuning.

4b. Gradient Boosting (GB). Gradient Boosting, introduced by Friedman (2001),
is a boosting method that builds trees sequentially. Starting from an initial prediction,
each new tree is �tted to the residual errors of the current ensemble, and is then added
to the model with a small weight. The model is updated iteratively:

Fm(xt) = Fm−1(xt) + η hm(xt) (13)

where Fm(xt) is the prediction after m trees, hm(xt) is the tree �tted to the residuals at
step m, and η ∈ (0, 1] is the learning rate that controls the contribution of each tree. By
focusing successively on the errors that remain, boosting reduces bias and can capture
complex nonlinear patterns, though it is more sensitive to over�tting and requires careful
tuning of the learning rate and the number of trees.

4c. Extreme Gradient Boosting (XGBoost). XGBoost, developed by Chen and
Guestrin (2016), follows the same sequential boosting principle as Gradient Boosting but
augments the objective function with an explicit regularization term that penalizes model
complexity. At each step, the trees are chosen to minimize:

L =
T∑
t=1

ℓ(yt, ŷt+h) +
∑
m

Ω(hm), Ω(h) = γ L+
1

2
λ∥ω∥2 (14)

where ℓ(·) is a di�erentiable loss function, Ω(hm) is the regularization term for tree hm,
L is the number of leaves in the tree, ω is the vector of leaf weights, and γ and λ are
regularization parameters penalizing the number of leaves and the magnitude of the leaf
weights, respectively. This explicit regularization, together with several computational
optimizations, makes XGBoost more robust to over�tting and typically faster than stan-
dard Gradient Boosting.
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5 Estimation strategy

There are many ways to improve the performance of ML methods, as they are highly
sensitive to data preprocessing, feature selection, and hyperparameter tuning. To ensure
reliable and reproducible forecasts, we therefore follow a carefully designed estimation
procedure that covers all steps from data preparation to forecast evaluation. Figure 2
provides an overview of the full estimation pipeline.

5.1 Forecasting framework

As mentioned in the introduction, in�ation and GDP growth are our target variables.
To forecast in�ation, we use the consumer price index (CPI). Since the CPI is avail-

able at monthly frequency, monthly data are used for all indicators in the in�ation models.
The forecast horizons are 1, 3, 6, 9, and 12 months ahead (h = 1, 3, 6, 9, 12 months).

Economic development in Uzbekistan can be divided into two periods, before and after
2017 (marked by the start of FX liberalization), and the quality and reliability of the data
di�er signi�cantly between these two periods. As shown in Figure 10, the behavior of the
in�ation di�ers substantially across these two periods, with high volatility and large jumps
in in�ation.7 Although in�ation was volatile after 2017, the reliability of the data in this
period is higher than before 2017.8 For these reasons, monthly data from 2018M1 to
2025M12 are used to forecast in�ation.

To forecast GDP growth, we use GDP data in levels. Since GDP is measured at
quarterly frequency, quarterly data are used in the estimation. The data cover the period
from 2012Q1 to 2025Q4. Since ML models require a su�cient amount of data to produce
reliable estimates, the dataset begins in 2012Q1, including the period before the FX
liberalization.9 The forecast horizons for GDP growth are 1, 2, 3, and 4 quarters ahead
(h = 1, 2, 3, 4 quarters).

It should also be noted that GDP growth was volatile and experienced signi�cant
jumps over the estimation period (see Figure 10). To mitigate the issues arising from
covering two markedly di�erent periods, several methods are applied, which are discussed
in the following sections. In addition, to use more reliable data in the GDP estimation,
around 100 candidate variables are analyzed and the most informative ones are selected.

In both cases (in�ation and GDP growth), a direct multi-horizon forecasting approach
is used, in which the value at horizon h is forecast directly from information available at
the forecast origin.

7This further illustrates why such indicators are di�cult to forecast, as they are highly volatile and
subject to signi�cant structural changes and shocks.

8The calculation methodology also changed across periods. For example, the CPI was previously
calculated using �exible weights, whereas after 2018 it has been calculated using �xed weights.

9We also tried using monthly indicators to forecast GDP growth, but this produced high errors.
Speci�cally, we used monthly indicators from the services, industry, and construction sectors, which
together account for more than 80 percent of GDP in Uzbekistan. However, since the sum of these
sectoral indicators does not equal total GDP (due to value added and statistical adjustments), this
approach resulted in errors of around 1 percentage point in the calculated GDP growth.

12



Figure 2: Estimation strategy

Source: Author's own illustration of the machine learning estimation pipeline implemented in

this study.

13



5.2 Data processing and dimensionality reduction

1. Data processing. For both target variables, the same general preprocessing steps
are applied. We �rst analyze the available data, aiming to cover as many relevant indica-
tors as possible. Based on the available data, we also perform some feature engineering,
mainly for the high-frequency series extracted from Google Trends and for variables re-
lated to the national accounts, such as the GDP de�ator and several other variables in
real terms.10

We �rst seasonally adjust all variables using the X-13ARIMA-SEATS method, im-
plemented via the IRIS package in Python, with the exception of a few series whose
characteristics make adjustment unnecessary.11 For the CPI models, certain quarterly
variables are interpolated to monthly frequency using linear interpolation, as this was
found to improve forecast performance. Variables are then transformed depending on
their characteristics. Some are converted to log form as 100 × log(var), while others are
expressed as monthly or annual percentage changes.

Once the �nal dataset is prepared, all variables are normalized to remove di�erences in
scale across predictors. Several models are sensitive to the scale of predictors, in particu-
lar, regularization-based models such as Ridge, Lasso, and Elastic Net penalize coe�cient
magnitudes, so variables measured on di�erent scales would be penalized unequally with-
out normalization. We therefore apply Z-score normalization (standardization), which
transforms each variable to have zero mean and unit variance.12

x̃it =
xit − x̄i
si

(15)

where x̄i is the sample mean and si is the standard deviation of variable i. The scaling
parameters (mean and standard deviation) are estimated using the training data only,
and then applied to the test observation. This ensures that the model never sees any
information from the test period during training, preventing data leakage.

2. Dimensionality reduction. Although machine learning methods are generally ro-
bust to high-dimensional predictor sets, the combination of a large number of predictors
(d > 170) and a relatively short training window (T = 72 months for CPI and T = 44
quarters for GDP) creates a challenging high-dimensional setting in which even �exible
models risk over�tting. To address this, a pre-screening step is applied as a prelimi-
nary feature selection stage that reduces the number of candidate predictors before model

10We construct proxy indicators for the quarterly GDP de�ator based on the producer price index
(PPI) and services in�ation, as Uzbekistan does not publish a standard quarterly GDP de�ator (only a
cumulative one is available).

11Seasonal patterns repeat at the same time every year and are highly predictable. If we include them
in the data, it would cause the model to learn these patterns instead of the true economic signal, which
is what matters for policy.

12Other common normalization methods include Min-Max scaling, which bounds variables to the [0, 1]
interval: x̃it =

xit−xi,min

xi,max−xi,min
, and Robust scaling, which uses the median and interquartile range (IQR)

instead of the mean and standard deviation, making it less sensitive to outliers: x̃it =
xit−median(xi)

IQR(xi)
.
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estimation. This step complements rather than replaces the built-in regularization mech-
anisms of the machine learning models, improving both computational e�ciency and the
stability of cross-validation results.

Several �lter methods were considered for feature selection, including Lasso-based se-
lection, F-regression, and mutual information. While Lasso is commonly used as a variable
selector in the macroeconomic forecasting literature (Li and Chen, 2014; Chan-Lau, 2017;
Bai and Ng, 2008), its linear selection criterion makes it unsuitable as a pre-screener for
nonlinear tree-based models. This study therefore applies F-regression (Chapman and
Desai, 2023) for linear models (Ridge, Lasso, Elastic Net, SVR, and PCR), which ranks
predictors by their linear association with the target, and mutual information (Kraskov
et al., 2004) for tree-based models (RF, XGBoost, and GB), which captures nonlinear
dependencies.13 This matching of the selection criterion to the model's underlying as-
sumptions ensures that informative predictors are not discarded before estimation. PLS
is the only exception, as it operates on the full predictor space and performs its own
internal dimension reduction through the extraction of latent components.

To capture temporal dependencies, each predictor is augmented with its lagged values.
For the CPI models, three lags are included for each variable, while for the GDP models,
four lags are used, re�ecting the quarterly frequency and the importance of annual patterns
in GDP growth. Combined with the original variables, this lag augmentation results in a
predictor matrix of over 200 features for both CPI and GDP models.

5.3 Sample split and cross-validation

1. Sample split. The dataset is divided into training and test sets. Approximately
85 percent of the data is used for training and the remaining 15 percent for testing.
Speci�cally, for CPI the training set covers 72 months and the test set covers 12 months
(1 year), while for GDP the training set covers 44 quarters and the test set covers 8
quarters (2 years).1415 The full sample spans 2018M1-2025M12 for CPI (96 monthly
observations) and 2012Q1-2025Q4 for GDP (56 quarterly observations).

Since the GDP sample covers two structurally di�erent periods (before 2017, which
was relatively stable, and after 2017, which was characterized by signi�cant shocks and
structural changes), we apply exponential decay weights during estimation to reduce the
in�uence of the earlier, less representative observations. Each observation t in a training
window of length T receives a weight:

wt =
ρT−t∑T
s=1 ρ

T−s
· T, t = 1, . . . , T (16)

13Both methods are implemented using the SelectKBest function from the scikit-learn library in
Python, with f_regression for linear models and mutual_info_regression for tree-based models.

14A longer test period is generally recommended in practice. However, given the limited length of the
available time series for Uzbekistan, a shorter test period is unavoidable.

15Since the training window is �xed at 72 months for CPI and the full sample covers 96 observations
(93 after lag adjustment), the �rst rolling window leaves 21 months available for testing. As the window
moves forward, the available test period shortens. To ensure consistency across windows, the test period
is �xed at 12 months. The same applies to GDP.
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where ρ ∈ (0, 1) is the decay parameter, set to ρ = 0.92.16 Weights are normalized to sum
to T to preserve the e�ective sample size in the penalized objective function, so that older
observations are progressively downweighted relative to more recent ones. This approach
is motivated by two considerations. First, Pesaran and Timmermann (2007) show that
pre-break observations need not be discarded but can be discounted to improve forecast
accuracy, and is consistent with the �nding that exponentially weighted moving averages
are robust to structural change in macroeconomic forecasting (Giraitis and Kapetanios,
2012). Second, sample weighting has been shown to improve the forecasting performance
of machine learning models (Wang et al., 2023; Gu et al., 2020).

2. Cross-validation. There are two common cross-validation approaches for hyper-
parameter tuning: standard k-fold cross-validation and walk-forward cross-validation.17

Standard k-fold cross-validation is not appropriate for time series data, as it randomly
shu�es observations, allowing future information to leak into the training set. Instead,
this study uses walk-forward cross-validation, which ensures that validation observations
always follow training observations in time (see Figure 3 for an illustration). Goulet Coulombe
et al. (2022) show that this form of cross-validation is best practice for hyperparameter
selection in macroeconomic forecasting.

Figure 3: Standard k-Fold (left) vs. Walk-Forward Cross-Validation (right)

Note: Standard k-fold cross-validation (left) randomly splits the data, so the model may train on future

observations to predict the past. Walk-forward cross-validation (right) always trains on past data and

validates on future data, which is the correct approach for time series forecasting.

Regarding evaluation schemes,18 this study adopts a rolling window approach, as it

16Several values of ρ were tested, and ρ = 0.92 yielded the best overall results across models and
horizons. This value is therefore applied uniformly across all GDP models.

17Walk-forward cross-validation is also known as time-series cross-validation, implemented via
TimeSeriesSplit in scikit-learn.

18In the forecasting literature, three evaluation schemes are common: a rolling window, where a �xed-
length training window moves forward one period at a time; an expanding window, where all historical
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allows the model to focus on the most recent observations by dropping older ones as the
window moves forward (see Figure 4 for an illustration). This is particularly important
in the case of Uzbekistan, where the available time series are short and the economy has
undergone signi�cant structural changes, making more recent data more re�ective of the
current relationships among variables (Giraitis and Kapetanios, 2012).

Figure 4: Expanding Window (left) vs. Rolling Window (right)

Note: In the expanding window approach (left), all historical observations are retained as the

sample grows. This study adopts the rolling window approach. In the rolling window approach

(right), the training window has a �xed length and moves forward one period at a time,

dropping the oldest observation as a new one is added. Blue circles denote training and

validation observations; green squares denote test observations; white circles denote

observations excluded from the current window.

For hyperparameter tuning, TimeSeriesSplit is con�gured with n_splits = 5 and a
test fold size of 12 months for CPI, and n_splits = 4 and a test fold size of 2 quarters
for GDP.19

5.4 Hyperparameter optimization

Hyperparameter tuning is a critical step in ML model estimation, as the predictive perfor-
mance of each model depends heavily on the choice of its hyperparameters. Unlike model
parameters, which are estimated from the data, hyperparameters control the complexity
and regularization of the model and must be selected prior to estimation. Poor hyperpa-
rameter choices can lead to two problems: over�tting, where the model learns the training

observations are retained as the sample grows; and a �xed window, where a single train-test split is used
throughout.

19A test fold size of two quarters is chosen to balance validation reliability against training sample
size for GDP. With a 44-quarter rolling window and four splits, a larger test fold of four quarters would
reduce the minimum training size to only 28 quarters (44 − 4 × 4 = 28), which is insu�cient for stable
hyperparameter tuning. Retaining two quarters as the test fold preserves at least 36 quarters for training
in the �rst fold (44− 4× 2 = 36).
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data too well including its noise, and performs poorly on new data, or under�tting, where
the model is too simple to capture the true patterns in the data. Proper hyperparameter
tuning �nds the right balance between these two extremes. In this study, two hyperpa-
rameter optimization techniques are evaluated: GridSearchCV and BayesSearchCV.20

GridSearchCV exhaustively searches over a prede�ned grid of hyperparameter values,
evaluating every possible combination. While this guarantees that the best combination
within the grid is found, it becomes computationally expensive as the number of hyper-
parameters and candidate values grows.

BayesSearchCV is a more e�cient alternative that avoids evaluating every combina-
tion. Instead, it learns from each evaluation. If certain hyperparameter values produce
good results, the search focuses on that region of the parameter space. This allows it
to �nd a good solution in far fewer evaluations than an exhaustive grid search. In both
cases, TimeSeriesSplit cross-validation is used as the inner evaluation criterion, with
RMSE as the selection metric.

In this study, two hyperparameter tuning strategies are employed:

1. Tune-once: hyperparameters are selected on the �rst window and held �xed for
all subsequent windows.

2. Re-tune: hyperparameters are re-selected at each rolling window, alongside feature
selection.

Although re-tuning at each window did not yield substantial improvements in forecast
accuracy, it is retained as the baseline approach since it automatically adapts to new
data and is considered best practice in the rolling window literature. The tune-once
strategy, by contrast, is considerably faster but requires careful selection of the initial
hyperparameters, as these are held �xed throughout the entire evaluation period.

The hyperparameter search spaces for all models are summarized in Appendix C.

5.5 Model performance evaluation

In line with standard practice in the forecasting literature, model performance is evaluated
using the Root Mean Square Error (RMSE), a widely used measure of predictive accuracy.
RMSE quanti�es the average magnitude of forecast errors and assigns greater weight to
larger errors, making it a reliable criterion for comparing models. For a given model m,
it is computed as the square root of the average squared di�erence between the actual

20Bayesian search did not yield meaningful improvements in forecast accuracy relative to grid search,
and required substantially longer computation time. GridSearchCV is therefore adopted as the primary
tuning technique.
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values yt and the forecasts ŷmt :
21

RMSEm =

√√√√ 1

Z

Z∑
t=1

(yt − ŷmt )
2 (17)

where yt is the target variable at time t, ŷ
m
t is the forecast generated by model m, and

Z is the total number of out-of-sample forecasts. A lower RMSE indicates more accurate
predictions.

In addition to evaluating individual models, we assess the performance of a simple
equal-weighted combination of forecasts. For each forecast horizon h, the combined fore-
cast is constructed as the arithmetic mean of the individual model forecasts:

ŷensemblet =
1

N

N∑
m=1

ŷmt (18)

where N is the number of models in the combination and ŷmt is the forecast from model
m.

We construct two separate combinations: one averaging across the nine ML models
(Ridge, Lasso, Elastic Net, PLS, PCR, SVR, Random Forest, XGBoost, and Gradient
Boosting (N = 9)), and one averaging across the three benchmark models (ARIMA,
VAR, and BVAR (N = 3)). The forecast accuracy of each combination is evaluated using
RMSE over the same out-of-sample evaluation period as the individual models:

RMSEensemble =

√√√√ 1

Z

Z∑
t=1

(yt − ŷensemblet )
2

(19)

For the machine learning models, forecast uncertainty (con�dence intervals) is es-
timated using a moving-block bootstrap, which resamples consecutive observations to
preserve the time-series structure of the data.

6 Empirical results

To evaluate and compare forecast performance across models, we report RMSE over a
one-year out-of-sample period for CPI and a two-year out-of-sample period for GDP. The
out-of-sample evaluation period covers 2025M1-2025M12 for CPI and 2024Q1-2025Q4 for
GDP. Results for each variable are presented and discussed below.

In addition to point forecasts, we report con�dence intervals for the machine learning
models using a moving-block bootstrap, which resamples consecutive observations while

21In addition to RMSE, the Diebold�Mariano test (Diebold and Mariano, 2002) was applied pairwise
against the benchmark models to assess whether di�erences in predictive accuracy are statistically signif-
icant. However, given the small out-of-sample evaluation windows (particularly at longer horizons), the
test has low statistical power and did not yield signi�cant di�erences between models. The DM results
are therefore not reported, and model comparison relies on RMSE.
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preserving the time-series dependence of the data (see Appendix D for the methodology
and Appendix G for the forecast paths with con�dence intervals for both CPI and GDP).
For each bootstrap sample, the models are re-estimated using the hyperparameters se-
lected from the original training data (without re-tuning). Consequently, the reported
intervals capture only coe�cient estimation uncertainty conditional on the chosen hyper-
parameters. They do not account for uncertainty arising from hyperparameter selection
or irreducible forecast error and should therefore be interpreted as a lower bound on total
forecast uncertainty rather than as fully calibrated prediction intervals.

6.1 CPI forecasting

For CPI, models are estimated separately for �ve forecast horizons (h = 1, 3, 6, 9, 12
months), resulting in a total of 45 ML models and 3 benchmark models.22 The estimated
models may di�er from one another in terms of the predictors selected, the training
window used, and the estimation period covered.

Figure 5 reports the RMSE results for all models over di�erent horizons. The results
show that ML models (crimson) consistently outperform the benchmark models (blue)
at longer horizons. While the benchmark models (ARIMA, VAR, and BVAR) are com-
petitive at short horizons, their performance deteriorates rapidly as the horizon extends.
ML models, by contrast, remain relatively stable or even improve at longer horizons,
demonstrating their ability to maintain forecast accuracy where traditional models break
down.

Figure 5: CPI forecast RMSE by model and horizon.

Note: ML-Ens and BM-Ens denote the ML Ensemble and Benchmark Ensemble, respectively,

computed as the simple average of the nine ML models and three benchmark models.

It is also worth noting that machine learning methods improve upon traditional bench-
marks at every forecast horizon when combined into an ensemble. Simply averaging the
forecasts from the nine ML models improves forecast performance.

22For the benchmark models, the same model speci�cation is used across all horizons, only the estima-
tion window is adjusted accordingly.
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This can be clearly seen in Table 2. The ML Ensemble achieves the lowest RMSE
among all models at four of the �ve horizons (h = 1, 3, 6, 12), outperforming both the
best individual ML model and the best individual benchmark, and outperforming the
Benchmark Ensemble by a wide margin throughout. This con�rms that forecast combi-
nation, rather than any single model speci�cation, is the most robust strategy for CPI
in�ation forecasting at the CBU.

Table 2: RMSE - CPI In�ation Forecasting

Model h = 1 h = 3 h = 6 h = 9 h = 12

Benchmark models

ARIMA 0.3076 0.6709 1.0273 1.4951 1.7614
VAR 0.3486 0.4603 0.9540 1.5366 1.9919
BVAR 0.3964 0.6842 1.0942 1.7670 2.6356

Machine learning models

Ridge 0.4080 0.5530 0.5059 1.1942 0.7955
Lasso 0.2826 0.5143 0.7753 1.2343 0.7322
Elastic Net 0.4171 0.6148 0.7474 1.1507 0.6224
PLS 0.4845 1.1060 1.2658 1.7345 1.3170
PCR 0.6703 1.0064 0.9874 1.7386 0.9888
SVR 0.3155 0.5803 0.8140 1.2991 0.8457
RF 0.9941 0.9919 0.9635 0.4845 0.9626
XGBoost 0.6557 0.6530 0.6542 0.4585 0.6496
GB 1.1521 1.1097 1.1650 0.6103 1.1271

Combination forecasts

ML Ensemble 0.2691 0.3241 0.4132 0.9243 0.5888
BM Ensemble 0.3795 0.5790 1.0047 1.4784 1.6987

Notes: RMSE values for year-on-year CPI in�ation forecasts across horizons h = 1, 3, 6, 9, 12
months. Lower RMSE is better.

Among individual models, the relative performance of regularized linear models shifts
systematically with the forecast horizon. Lasso achieves the lowest RMSE among ML
models at h = 1 (0.2826), consistent with the intuition that only a small number of
predictors carry signal for near-term in�ation, so sparse selection avoids over�tting. At
longer horizons, Ridge (h = 6: 0.5059) and Elastic Net (h = 12: 0.6224) outperform Lasso,
suggesting that as the horizon increases, predictive signal becomes more di�use across
a larger set of correlated variables, favoring models that shrink rather than eliminate
coe�cients.

PLS and PCR consistently underperform across all horizons and are the weakest ML
models in the panel, con�rming that variance-maximizing dimension reduction is poorly
aligned with CPI's predictive structure.

In the case of PLS, this is consistent with Ahn and Bae (2022), who show that the op-
timal number of PLS factors for forecasting can be considerably smaller than the number
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of factors needed to explain the predictor set itself, and that adding factors beyond this
optimal point can reduce out-of-sample forecasting power even as in-sample �t continues
to improve. In other words, PLS's tendency to extract factors that maximize explained
variance in the predictors does not guarantee that those factors are useful for prediction.
This may explain why PLS and PCR fail to match the performance of models that select
or shrink predictors based on their relevance to the target variable directly.

Tree-based models (RF, XGBoost, GB) are broadly uncompetitive across horizons,
with RMSE values that remain nearly unchanged from h = 1 to h = 12. The exception is
h = 9, where XGBoost (0.4585) and RF (0.4845) record the lowest RMSE in the panel.
This result should be interpreted with caution. The h = 9 column is anomalous for
the linear models as well, whose RMSE rises sharply at this horizon before falling back
at h = 12, suggesting that the h = 9 evaluation window is unusually unfavorable for
momentum-driven forecasts rather than that tree-based models possess a true advantage
at this particular horizon. Given the short evaluation window of twelve months, a single
horizon-speci�c episode can dominate the RMSE ranking.

(a) Benchmark models (b) Regularized linear models

(c) Dimension reduction models (d) Non-linear ML models

Figure 6: CPI forecast RMSE by model group across horizons.

Generally speaking, at shorter horizons, all models successfully capture the overall
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in�ation trend and move in the same direction, with linear ML models performing partic-
ularly well (see Appendix E). ML models and benchmarks perform comparably at these
horizons, suggesting that short-term forecasting relies heavily on recent momentum rather
than complex nonlinear relationships.

At longer horizons, the picture changes, that's ML models track the actual in�ation
path more closely, while benchmark models (VAR, ARIMA, BVAR) overshoot and fail to
capture the in�ation trend. As recent momentum becomes less informative, forecasting
accuracy increasingly depends on capturing complex relationships between in�ation and
its many drivers. ML methods handle this better by capturing nonlinear interactions
across a large set of macroeconomic variables, as can also be clearly seen in Appendix E,
where ML models track the in�ation trend more closely at longer horizons.

Both �ndings are consistent with the broader literature, which shows that allowing
for more complex relationships improves forecast performance, linear ML models tend to
perform better at short horizons, while nonlinear models better capture the underlying
dynamics at longer horizons (Slimani and Chourabi, 2025; Medeiros and Vasconcelos,
2019; Maehashi and Shintani, 2020).

Figure 6 also illustrates this pattern clearly. The benchmark models show a signi�cant
increase in RMSE as the horizon extends, while ML models deteriorate much more slowly.
Most ML models recover and improve at h = 12, re�ecting their ability to capture com-
plex, nonlinear relationships that become increasingly important for longer-term in�ation
forecasting. It is also worth noting that forecasting in�ation in Uzbekistan over longer
horizons (up to one year ahead) appears to require more information rather than fewer
variables. That is, in�ation dynamics at longer horizons are better explained by a larger
set of predictors than by a small, parsimonious set. In this setting, ML models hold a
clear advantage, as they are better equipped to handle high-dimensional predictor sets
than traditional benchmark models.

6.2 GDP forecasting

For GDP, models are estimated for four horizons (h = 1, 2, 3, 4 quarters), resulting in a
total of 36 ML models and 3 benchmark models. As mentioned in the previous section, the
estimated models may also di�er in terms of predictors, training window, and estimation
period.

Most models capture the overall GDP growth trend well. However, tree-based models
struggled to forecast 2024-2025 GDP growth, as they cannot predict values outside the
range observed during training (see Appendix F). GDP growth between 2017 and 2023
was highly volatile and, on average, signi�cantly lower than in earlier periods, re�ecting
the sequential shocks of FX liberalization, COVID-19 and the Russia-Ukraine war (see
Figure 10). When GDP growth rose sharply in 2024-2025, driven mainly by structural
economic reforms, tree-based models had no historical reference point for this level of
growth, given the weak growth rates in the preceding periods and systematically undershot
the actual values. Linear models do not share this limitation and therefore tracked the
acceleration more reliably.

For GDP forecasting, benchmark models remain competitive across all horizons (ex-
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cept BVAR at h = 4 horizon). Among the ML models, regularized linear methods track
close to the benchmarks, and PLS stands out as particularly strong at h = 2. The
persistently high RMSE of tree-based models re�ects their signi�cant forecast errors in
2024-2025, discussed earlier, rather than a fundamental weakness at longer horizons. No-
tably, the ML Ensemble underperforms relative to the Benchmark Ensemble across all
horizons, which is mainly driven by the large errors of tree-based models pulling the en-
semble average upward. At longer horizons (h = 3 and h = 4), regularized linear ML
models narrow the gap with the benchmarks, although ARIMA and VAR continue to
outperform all ML models at these horizons (see Figure 7).

Figure 7: GDP forecast RMSE by model and horizon.

Note: ML-Ens means ML Ensemble, and BM-Ens means BM Ensemble

Taking the above into account, we test tree-based models under three di�erent trans-
formations of the target variable, that's GDP in levels, quarter-on-quarter (QoQ) changes,
and year-on-year (YoY) changes.

This sensitivity to the choice of target transformation is consistent with Goulet Coulombe
et al. (2021), who argue that data preprocessing can e�ectively alter the implicit regular-
ization of machine learning algorithms, particularly for tree-based models such as Random
Forest and Gradient Boosting. Because these models cannot extrapolate beyond the range
of target values observed during training, a more stationary target can reduce approxi-
mation error when the level series goes outside its historical range.

To address this limitation, we train each tree-based model (Random Forest, XGBoost,
and Gradient Boosting) on three versions of the target variable while keeping the pre-
dictors and the rolling-window setup unchanged throughout. All quantities are expressed
as 100 × log GDP, so a �rst di�erence is a growth rate in percentage points. The �rst
version predicts the GDP level directly. The second predicts the QoQ change (∆1yt),
and the YoY growth forecast is obtained by summing four consecutive h-step-ahead QoQ
forecasts, which equals exactly to yD − yD−4 in logs. The third predicts the YoY change
(∆4yt) directly. RMSE is evaluated on the resulting YoY growth series in every case.
Since the predictors, the rolling-window setup, and the evaluation metric are identical
across all three versions, any di�erence in RMSE re�ects purely the e�ect of the target
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transformation during training, providing a clean comparison of which transformation
works best for each tree-based model.

Figure 8: Tree-based models: RMSE by target transform and horizon.

The results of these transformations are shown in Figure 8. It can be clearly seen
that applying the appropriate target transformation signi�cantly improves the forecast
performance of all three tree-based models. This is further con�rmed in Appendix H,
where the transformed forecasts now track the actual GDP growth path much more closely.
These �ndings highlight a key limitation of tree-based models, their sensitivity to the
stationarity and transformation of the target variable.

Table 3 presents the RMSE results for GDP growth forecasting across all four horizons.
ARIMA is the strongest individual model at three of the four horizons, with RMSE
ranging from 0.4018 at h = 1 to 0.6836 at h = 4. The only exception is h = 2, where PLS
(0.4486) outperforms ARIMA (0.5300). VAR performs consistently but slightly below
ARIMA throughout. BVAR deteriorates as the horizon extends, reaching an RMSE of
1.1463 at h = 4, though the deterioration is less severe than for the ML Ensemble,
suggesting that the Minnesota prior becomes progressively less informative though not
entirely uncompetitive at longer horizons. The Benchmark Ensemble outperforms the
ML Ensemble at every horizon by a wide margin, which, as discussed above, re�ects the
large errors of tree-based models in�ating the ML Ensemble average rather than a general
inferiority of ML methods.

Among individual ML models, dimension-reduction and regularized linear methods
are the most competitive, while tree-based models perform poorly for GDP. PLS is the
strongest ML model at the three shorter horizons, with RMSE of 0.6343, 0.4486, and
0.8674 at h = 1, h = 2, and h = 3. At h = 2 its RMSE of 0.4486 is the lowest of any
model in the table, outperforming even ARIMA. At the longest horizon, however, PLS
deteriorates to 1.1010, and the regularized linear models become the most competitive ML
alternatives, with Ridge (0.9380) and Elastic Net (0.9491) recording the lowest ML RMSE
at h = 4. Lasso is the weakest at the medium horizon among linear models, and SVR and
PCR are mid-ranked throughout. The tree-based models (Random Forest, XGBoost, and
Gradient Boosting) produce RMSE values several times larger than the linear models at
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every horizon and show little variation across horizons, consistent with their inability to
extrapolate beyond the range of GDP growth observed in training. Overall, the results
indicate that for GDP growth forecasting the benchmark models such as ARIMA in
particular retain a clear advantage, while among ML methods PLS is competitive at
short horizons and regularized linear models become the strongest ML alternatives as the
horizon extends.

Table 3: RMSE - GDP Growth Forecasting

Model h = 1 h = 2 h = 3 h = 4

Benchmark models

ARIMA 0.4018 0.5300 0.7188 0.6836
VAR 0.4845 0.7263 0.8236 0.7947
BVAR 0.4757 0.8893 0.9184 1.1463

Machine learning models

Ridge 0.7593 0.8834 1.0958 0.9380
Lasso 0.6833 1.1313 1.1588 0.9775
Elastic Net 0.7500 0.9901 1.1109 0.9491
PLS 0.6343 0.4486 0.8674 1.1010
PCR 0.7239 0.7718 1.0327 1.0878
SVR 0.8116 1.0268 1.0806 1.0565
RF 4.4335 4.3033 4.3360 4.3990
XGBoost 1.7923 1.7931 1.7926 1.7926
GB 3.4301 3.4294 3.4294 3.3754

Combination forecasts

ML Ensemble 1.3930 1.5562 1.7009 1.6542
BM Ensemble 0.4100 0.5921 0.6950 0.7072

Notes: RMSE values for GDP growth forecasts across horizons h = 1, 2, 3, 4 quarters. ML

Ensemble and BM Ensemble denote the RMSE of the simple-average forecast of the nine ML

models and three benchmark models respectively. Lower RMSE is better.

Figure 9 shows the RMSE trajectories by model group across horizons. Unlike the CPI
results, benchmark model performance in the GDP setting deteriorates only moderately
with the forecast horizon. ARIMA and VAR remain close to each other throughout, and
BVAR, while somewhat less accurate, does not diverge sharply from the other benchmarks.

Among ML models, regularized linear methods show the opposite pattern, with RMSE
decreasing signi�cantly from h = 3 onwards, narrowing the gap with the benchmarks
considerably at longer horizons. The dimension-reduction methods and non-linear ML
models are a notable exception. RMSE of non-linear ML models remains nearly constant
across all four horizons, which at �rst glance may suggest stability, but for tree-based
models in fact re�ects the structural extrapolation limitation discussed above. However,
the RMSE of dimension-reduction methods (PLS and PCR) deteriorates slightly as the
horizon increases.
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(a) Benchmark models (b) Regularized linear models

(c) Dimension reduction models (d) Non-linear ML models

Figure 9: GDP forecast RMSE by model group across horizons.

Overall, the �gure highlights the conclusion that benchmark models, particularly
ARIMA, remain the most reliable choice for GDP forecasting across all horizons, while
tree-based models are held back not by horizon-speci�c weaknesses but by a fundamental
inability to generalize beyond the range of values observed during training. Among the
ML methods, PLS is the most competitive at short horizons, matching or outperforming
the benchmarks at h = 2, while regularized linear and dimension-reduction models close
much of the gap with the benchmarks at longer horizons.

The GDP results show a pattern similar to the CPI results. In both cases, the relative
performance of machine learning improves as the forecast horizon becomes longer. How-
ever, unlike CPI, the benchmark models still perform better than ML models for GDP at
every horizon.

6.3 Discussion of the performance di�erences between CPI and

GDP models

The di�erence between the CPI and GDP results is clear. Machine learning, particularly
the ML ensemble, delivers clear and increasing gains for in�ation forecasting, whereas
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traditional benchmarks, especially ARIMA, remain the most accurate choice for GDP
across all forecast horizons. This di�erence can be explained by fundamental di�erences
in the statistical properties of the two forecasting problems.

First, the two targets di�er substantially in how much predictive information is con-
tained in their own past values rather than in external indicators. The benchmark GDP
model selects a near-random-walk speci�cation with strong seasonal persistence (Ap-
pendix B), suggesting that much of the predictive information is already contained in
GDP's own recent history. In contrast, the benchmark CPI model is more complex and
exhibits no exploitable seasonality, indicating that a larger share of its predictable vari-
ation is contained in other predictors. When most of the predictive signal is already
captured by the target's own dynamics, adding a large set of predictors is more likely to
introduce estimation noise than useful information. Conversely, when the target cannot
be predicted well from its own history alone and useful information is spread across many
other indicators, machine learning can exploit this richer information set more e�ectively
than traditional linear models.

Second, the two targets di�er in both sample size and structural stability. CPI models
are estimated using a 72-month rolling window drawn entirely from the post-2018 period,
providing a comparatively homogeneous estimation sample. In contrast, GDP models are
estimated using a shorter 44-quarter rolling window drawn from a dataset spanning 2012
onward, which covers both the pre- and post-2017 exchange-rate liberalization periods
as well as other shocks (e.g. the COVID-19, structural changes, Russian-Ukraine and so
on) and subsequent recovery. This greater structural instability required the exponential
sample weighting described in Section 5. As a result, GDP models are estimated from less
data and under more challenging conditions than CPI models, regardless of the forecasting
method used.

Moreover, part of the explanation may also lie in the di�erence in data frequency. GDP
is observed quarterly, whereas CPI is observed monthly. Quarterly aggregation tends
to smooth high-frequency �uctuations, making GDP more persistent and increasing the
predictive content of its own past values. In contrast, monthly CPI retains more short-
term variation and exhibits a more complex dynamic structure, leaving greater scope for
external predictors to improve forecast accuracy.

The benchmark models themselves provide further evidence for above interpretations.
Among ARIMA, VAR, and BVAR, forecast accuracy for GDP generally deteriorates as the
information set grows. ARIMA, which uses no external predictors, is the most accurate
benchmark at nearly every horizon, while BVAR, despite drawing on many macroeconomic
indicators, is typically the least accurate of the three, particularly at longer horizons. This
suggests that, for GDP, the target's own history already contains most of the predictive
information, and that adding a large number of predictors is more likely to introduce
estimation noise than real signal. By contrast, the three CPI benchmarks remain relatively
close at the short and medium horizons (h = 1, 3, 6), with BVAR falling behind only at
the longest horizons (h = 9, 12). This suggests that the cost of a richer information set is
much smaller for CPI than for GDP23

23This interpretation is also supported by the performance of the BVAR and some other ML models,
whose forecast accuracy is generally similar. Together, these results suggest that for GDP, expanding
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Finally, the extrapolation failure of tree-based models is consistent with the di�erent
characteristics of the GDP and CPI forecasting problems. GDP rose record levels during
2024-2025 following a prolonged period of slower and more volatile growth. Because tree-
based models cannot extrapolate beyond the range of values observed during training,
they systematically underestimated this acceleration24. This limitation is particularly
severe when the training sample is both short and structurally unstable. In contrast, CPI
followed a smoother trajectory during the evaluation period and this is why tree-based
models did not face the same extrapolation problem.

Together, these di�erences suggest that the advantage of machine learning over tra-
ditional benchmarks is not universal. Rather, it depends on how much useful predictive
information lies outside the target's own history and on the size and stability of the
estimation sample.

7 Conclusion

This paper provides the �rst systematic assessments of machine learning methods for
macroeconomic forecasting in Uzbekistan, comparing nine ML models against three tra-
ditional benchmarks (ARIMA, VAR, and BVAR) for forecasting CPI in�ation and GDP
growth across multiple horizons. Using a rich dataset of more than 170 domestic, inter-
national, �nancial, and alternative indicators, the study evaluates forecast performance
through a rolling-window design with horizon-speci�c feature selection and hyperparam-
eter tuning.

The results do not support a simple �machine learning is better� conclusion, and the
more interesting �nding is that the answer depends heavily on the target variable and
the forecast horizon. For in�ation, machine learning delivers clear gains. The benchmark
models remain competitive only at the shortest horizon. As the horizon increases, the
accuracy of benchmarks deteriorate sharply, while the machine learning models remain
stable and in several cases improve. A simple equal-weighted average of the nine machine
learning models is the most reliable strategy of all, achieving the lowest RMSE at nearly
every horizon and outperforming both the best individual model and the benchmark com-
bination by a wide margin. Among the individual models, the type of regularization that
works best shifts with the horizon, sparse selection (Lasso) is strongest for near-term in-
�ation, where only a few predictors carry signal, while models that shrink rather than
eliminate coe�cients (Ridge and Elastic Net) take over at longer horizons, where the
predictive signal becomes more di�use across a larger set of correlated variables. This
pattern, together with the strength of the ensemble, suggests that forecasting in�ation
in Uzbekistan over longer horizons bene�ts from more information rather than less, pre-
cisely the setting in which machine learning holds an advantage over low-dimensional
benchmarks.

For GDP growth the picture is very di�erent. Here the traditional models, and ARIMA

the information set beyond the target's own history provides little additional predictive value and may
instead introduce estimation noise.

24This is one reason why the ML ensemble performs substantially worse for GDP.
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in particular, remain the most accurate choice at nearly every horizon, and no machine
learning model beats them consistently. The machine learning methods are nonetheless
competitive at short horizons, where PLS is the standout performer and even outperforms
ARIMA at the two-quarter horizon, and the regularized linear models close much of the
gap at longer horizons. The clearest weakness is the tree-based models, which perform
poorly for GDP throughout. This is not a horizon-speci�c failure but a structural one.
Because Random Forest, XGBoost, and Gradient Boosting cannot predict beyond the
range of values seen in training, they systematically undershot the sharp acceleration in
GDP growth during 2024-2025, which had no precedent in the weak and volatile growth of
the preceding years. We con�rmed this interpretation by re-estimating the tree models on
stationary transformations of the target. We forecasted quarter-on-quarter or year-on-year
changes of GDP rather than the level. It substantially improved the forecast accuracy,
which shows that the problem lies in the extrapolation limits of the algorithm and the
choice of target transformation, not in the models' ability to capture the underlying
dynamics. This same limitation is why forecast combination helps for in�ation but hurts
for GDP, where the large errors of the tree models make worse the machine learning
ensemble below the benchmark combination.

Taken together, these �ndings carry two main implications for the Central Bank of
Uzbekistan. First, machine learning is best viewed as a complement to the existing toolkit
rather than a replacement for it. It o�ers a clear improvement for medium-term in�ation
forecasting, where the current framework has struggled most, but it does not displace
ARIMA and the other benchmarks for GDP. Second, model choice cannot be separated
from how the target is measured and transformed. The tree-based results show that a
mechanical application of a �exible algorithm to a trending, non-stationary target can
produce large and avoidable errors, and that simple preprocessing decisions matter as
much as the choice of algorithm itself.

These �ndings should be read with the limitations of the exercise in mind. The
available time series for Uzbekistan are short, especially for GDP, which forces a cor-
respondingly short out-of-sample evaluation window and limits the statistical power of
formal tests of predictive accuracy. For example, the Diebold-Mariano comparisons, in
particular, rarely reject the null of equal accuracy for this reason. Data quality and de�ni-
tional changes around the 2017 liberalization further complicate estimation, and although
we address this through sample weighting and rolling windows, the underlying structural
instability cannot be fully removed. Our conclusions are also con�ned to point forecasts.
We do not assess the models' performance in producing calibrated density or interval
forecasts, which are central to risk-based policy analysis.

A further extension concerns the transformation of the input data. In this study, the
models are estimated to forecast the target in (log) levels, with the exception of the tree-
based models for GDP, where we showed that forecasting stationary transformations of
the target substantially improves accuracy. Given how much this single change mattered
for the tree models, a systematic evaluation of alternative target and predictor transfor-
mations across all model classes, rather than levels alone, is a natural next step and may
yield further gains.

These limitations point naturally to future work. As the post-2017 sample increases,
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the evaluation window will widen and the machine learning models, which are more data-
hungry, should be re-assessed under more reliable conditions. The high-frequency and al-
ternative indicators assembled here, including Google Trends and web-scraped job-posting
data, are particularly well suited to nowcasting, which we leave for future research and
which could feed directly into the CBU's Forecasting and Policy Analysis System (FPAS).
Longer forecast horizons could also be considered, extending the analysis beyond the one-
year horizon studied here. More broadly, the results suggest that the most promising
path for the CBU is not to adopt machine learning wholesale, but to fold a small number
of well-chosen methods, most obviously the machine learning ensemble for medium-term
in�ation, into the existing framework, while retaining the traditional models where they
remain hard to beat. Despite these limitations, the results demonstrate that machine
learning methods hold considerable promise for improving macroeconomic forecasting
in Uzbekistan and, more broadly, in small open economies undergoing rapid structural
transformation.

Data and code availability

The code that implements the models and reproduces the results reported in this paper
is available at https://github.com/abu-rahmon/inf-gdp-uzb-forecast. All models
except the BVAR are implemented in Python. The BVAR is estimated in MATLAB,
and both the Python and MATLAB code are included in the repository. The data are
obtained from the sources listed in Table 1. Series from the Central Bank of Uzbekistan
and other o�cial providers are available from those institutions, and some third-party
series are subject to licensing restrictions and cannot be redistributed.
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Appendices

A Historical in�ation and GDP growth in Uzbekistan

From independence in 1991 until 2017, Uzbekistan's economy operated under extensive
state control. Administratively �xed exchange rates coexisted with an active black market,
foreign currency conversion was tightly restricted, and prices in key sectors were subject
to direct state intervention. This regime changed fundamentally with the September 2017
foreign exchange liberalization, when the Central Bank of Uzbekistan uni�ed the o�cial
and parallel (black market) exchange rates and allowed the soum to �oat, resulting in an
immediate devaluation of approximately 50 percent (from about 4,200 to 8,100 som per
US dollar). The reform was accompanied by tari� reductions, banking sector and price
reforms, and the gradual liberalization of foreign currency transactions through 2019.

This reform represents the structural break referenced throughout this paper. It di-
rectly a�ected import prices and, through this channel, in�ation, while altering the rela-
tionships among many macroeconomic variables. These changes motivate both the shorter
CPI estimation sample (beginning in 2018) and the exponential sample weighting applied
to the longer GDP sample.

Two additional shocks are visible in Figure 10. The COVID-19 pandemic caused a
sharp slowdown in GDP growth in 2020, followed by a strong recovery. The Russia-
Ukraine war, beginning in 2022, introduced additional volatility through trade and re-
mittance channels, re�ecting Uzbekistan's close economic ties with Russia and the large
number of Uzbek migrant workers employed there.

Figure 10 presents the historical evolution of in�ation and GDP growth in Uzbek-
istan over the sample period, highlighting the structural breaks and external shocks that
motivate the use of machine learning methods.

(a) In�ation (b) GDP growth

Figure 10: Historical Overview: In�ation and GDP Growth

Source: National Committee on Statistics.
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B Benchmark models estimation details

ARIMA

The order (p, d, q) and seasonal order (P,D,Q,m) are selected once, on the initial esti-
mation window, using auto_arima from the pmdarima package in Python, applied to the
100× log level series (matching the transformation used throughout the paper).

The search is stepwise, minimizing the Akaike Information Criterion (AIC), over the
ranges in Table 4. The selected orders, uniform across all horizons within each target, are
reported in Table 5. The di�erencing order d is selected automatically to achieve station-
arity, so no separate stationarity testing or manual di�erencing is applied beforehand. At
each step of the expanding window, the model's coe�cients are re-estimated on all data
available up to that point using the �xed order selected on the initial window, and the
model forecasts h periods ahead directly, matching the forecast horizon under evaluation.
Forecasted levels are converted to year-on-year terms for evaluation, consistent with the
reporting convention used for all other models.

Table 4: ARIMA Search Ranges

Parameter Search Range

p (AR order) {1, . . . , 6}
d (di�erencing) {0, 1, 2}
q (MA order) {0, . . . , 6}
P (seasonal AR) {0, 1, 2}
D (seasonal di�erencing) {0, 1}
Q (seasonal MA) {0, 1, 2}

Table 5: Selected ARIMA Orders

Target Order (p, d, q) Seasonal Order (P,D,Q,m)

CPI (h = 1, 3, 6, 9, 12) (0, 2, 1) (0, 0, 0, 12)
GDP (h = 1, 2, 3, 4) (0, 1, 0) (0, 1, 1, 4)

Notes: Orders are identical across all forecast horizons within each target.

For CPI, the seasonal order is uniformly zero, so the �tted model reduces

to the non-seasonal form in Equation (1). For GDP, a seasonal di�erence

and seasonal moving-average term at lag 4 are selected, re�ecting quarterly

seasonality in GDP growth not present in the year-on-year CPI series.

For CPI (m = 12), the selected seasonal order is uniformly (0, 0, 0, 12) across all
horizons (h = 1, 3, 6, 9, 12), so the �tted model reduces to the non-seasonal form given in
Equation (1), with non-seasonal order (p, d, q) = (0, 2, 1). For GDP (m = 4), the selected
speci�cation includes a seasonal di�erence and a seasonal moving-average term, with order
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(p, d, q) = (0, 1, 0) and seasonal order (P,D,Q, 4) = (0, 1, 1, 4), re�ecting seasonal patterns
in quarterly GDP growth not present in the year-on-year CPI series (Table 5).

VAR

In this study, the VAR is estimated with six variables, including the target (CPI or
GDP), industrial production, the money market rate, the UZS/USD exchange rate, a
monetary aggregate (M2 for CPI and M0 for GDP), and the producer price index. These
variables capture the main channels relevant for in�ation and output dynamics, namely
real activity, monetary policy, exchange-rate pass-through, monetary conditions, and cost-
push pressures.

The lag order is selected by minimizing the Akaike Information Criterion (AIC), with
a maximum of 6 lags for CPI and 4 lags for GDP. VAR is estimated on an expanding
window, as with ARIMA.

At each window, the �tted VAR forecasts the di�erenced series h periods ahead di-
rectly. The level forecast is reconstructed by adding the predicted cumulative di�erence to
the last observed level of the target variable. Ninety-�ve percent con�dence intervals are
constructed as ŷt+h ± 1.96× SEh, where SEh is obtained from the model's h-step forecast
error covariance.

BVAR

The degrees of freedom are set to ν = n + 2. Under the Minnesota prior, the expected
value and covariance of the VAR coe�cients are

E[(Bs)ij | Σ, λ, ψ] =

{
ρ, if i = j and s = 1,

0, otherwise,
(20)

cov[(Bs)ij, (Br)hm | Σ, λ, ψ] =

λ2
1

s2
Σih

ψjj

, if m = j and s = r,

0, otherwise.
(21)

The expected value of the �rst-lag own-coe�cient is set to ρ, while all other coe�cients
are shrunk toward zero, with prior uncertainty decreasing as the lag order s increases.
The overall degree of shrinkage is controlled by a tightness hyperparameter, and Σih/ψjj

accounts for the relative scale of each variable.
The BVAR is estimated in MATLAB using the IRIS Toolbox. The BVAR includes

a much richer information, same predictors set as the machine learning models. It is
estimated with 2 lags, an overall Minnesota shrinkage of λ = 0.10, a prior mean on each
variable's own �rst lag of ρ = 0.7, and a sum-of-coe�cients prior tightness of µ = 0.5. As
with the other benchmarks, the same speci�cation is used across all horizons, with only
the estimation window adjusted.
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C Hyperparameter search spaces

Table 6: Hyperparameter Search Space: CPI and GDP Models

Model Hyperparameter CPI Search Space GDP Search Space

Ridge λ logspace(−4, 4, 300) logspace(−4, 4, 300)

Lasso λ logspace(−2, 2, 200) logspace(−2, 2, 200)

Elastic Net
λ logspace(−2, 2, 200) logspace(−2, 2, 200)
ℓ1 ratio {0.01, 0.05, 0.1, . . . , 0.9} {0.01, 0.05, 0.1, . . . , 0.9}

SVR
kernel linear (�xed) linear (�xed)
C logspace(−2, 2, 100) logspace(−2, 2, 100)
ϵ {0.01, 0.05, 0.1, 0.5, 1.0, 2.0} {0.01, 0.05, 0.1, 0.5, 1.0, 2.0}

PCR
n_components {2, . . . , 20} 90% variance threshold
λ (Ridge) logspace(−2, 2, 50) logspace(−2, 2, 200)

PLS n_components {1, . . . , 15} {1, . . . , 5}

Random Forest

n_estimators {100, 200, 300, 500} {200, 300, 500}
max_depth {5, 10, 20, 30,None} {3, 5, 7}
min_samples_split {2, 5, 10} {2, 5}
min_samples_leaf {1, 2, 4} {2, 4}
max_features {sqrt, log2} {sqrt, log2, 0.5}

XGBoost

n_estimators {100, 200, 300} {100, 200}
max_depth {2, 3, 4, 6} {2, 3, 4}
learning_rate {0.01, 0.05, 0.1, 0.2} {0.01, 0.05, 0.1}
subsample {0.7, 0.9, 1.0} {0.7, 1.0}
colsample_bytree {0.7, 0.9, 1.0} {0.7, 1.0}
reg_alpha {0, 0.1, 0.5} {0, 0.1}
reg_lambda {0.5, 1.0, 2.0} {1.0, 2.0}

Gradient Boosting

n_estimators {100, 200, 300} {100, 200}
max_depth {2, 3, 4} {2, 3, 4}
learning_rate {0.01, 0.05, 0.1} {0.01, 0.05, 0.1}
subsample {0.7, 1.0} {0.7, 1.0}
min_samples_leaf {3, 5, 8} {3, 5}
max_features {sqrt, log2} {sqrt, log2}

Notes: All models are tuned using GridSearchCV with TimeSeriesSplit (n_splits = 5, test_size = 12
for CPI; n_splits = 4, test_size = 2 for GDP) and RMSE as the selection criterion. λ in Ridge, Lasso,
Elastic Net, and PCR corresponds to the alpha parameter in scikit-learn. logspace(a, b, n) denotes n
values logarithmically spaced between 10a and 10b. For PCR, the number of components is chosen by
grid search for CPI but by a 90% predictor-variance threshold for GDP, whose shorter training window
cannot reliably support a grid of up to 20 components.
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D Moving-block bootstrap for con�dence intervals

For each model, target variable, and rolling window, hyperparameters are selected once
by applying GridSearchCV to the original training sample (Xtrain, ytrain) of size n, yielding
the optimal hyperparameter vector θ̂ (e.g., α for Ridge, or n_estimators and max_depth

for tree-based models). The model is then re-estimated on the original training sample
using θ̂ to produce the point forecast ŷt+h reported in the main text.

Constructing the bootstrap resamples. To quantify uncertainty around ŷt+h, the
training data are resampled B times using a moving-block bootstrap, which preserves the
local temporal dependence that would be destroyed by an ordinary i.i.d. bootstrap. For
each bootstrap replicate b = 1, . . . , B, blocks of L consecutive observations are sampled
with replacement from the original training sample and concatenated to form a bootstrap
dataset (X(b), y(b)) of length n. The block length L is set to 12 months for CPI and 4
quarters for GDP.

Re�tting and generating bootstrap forecasts. For each bootstrap replicate b =
1, . . . , B, the model is re�t on the bootstrap sample using the same hyperparameters θ̂
selected from the original training data, without re-tuning. For GDP models, exponen-
tially decaying sample weights are recomputed for each bootstrap sample and reapplied
during re�tting, consistent with the estimation of the original point forecast. The only
exception is PLS, whose implementation does not support sample weighting. CPI models
are estimated without sample weights. The re�tted model is then used to generate a
bootstrap forecast for the test observation, denoted by ŷ

(b)
t+h for b = 1, . . . , B.

Constructing the interval. Let ȳ∗t+h = 1
B

∑B
b=1 ŷ

(b)
t+h be the mean of the bootstrap

forecasts, and let d(b) = ŷ
(b)
t+h − ȳ∗t+h be the deviation of each bootstrap forecast from this

mean. The 95% con�dence interval is

[ ŷt+h +Q0.025(d), ŷt+h +Q0.975(d) ] , (22)

where Qp(d) denotes the p-th percentile of the bootstrap deviations {d(b)}Bb=1, and ŷt+h is
the point forecast from the model �t on the true (non-bootstrapped) training data.

Number of bootstrap replications. We use B = 1,000 bootstrap replications for all
models except the tree-based ensemble methods (Random Forest, XGBoost, and Gradient
Boosting), for which B = 100. This choice re�ects the substantially greater computational
cost of repeatedly re�tting large ensembles of trees for every bootstrap replicate, rolling
window, forecast horizon, and target variable.
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E CPI forecasts by horizon

Figure 11: YoY CPI forecast, h = 1 month

Figure 12: YoY CPI forecast, h = 3 month

Figure 13: YoY CPI forecast, h = 6 month
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Figure 14: YoY CPI forecast, h = 9 month

Figure 15: YoY CPI forecast, h = 12 month
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F GDP forecasts by horizon

Figure 16: YoY GDP forecast, h = 1 quarter

Figure 17: YoY GDP forecast, h = 2 quarter

Figure 18: YoY GDP forecast, h = 3 quarter
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Figure 19: YoY GDP forecast, h = 4 quarter
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G Forecast paths with con�dence intervals

CPI forecast results

(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 20: Out-of-sample YoY CPI in�ation forecasts with 95% con�dence
intervals, h = 1 months ahead.
Note: Con�dence intervals are constructed using a moving-block bootstrap. See Appendix D for
details of the methodology.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 21: Out-of-sample YoY CPI in�ation forecasts with 95% con�dence
intervals, h = 3 months ahead.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 22: Out-of-sample YoY CPI in�ation forecasts with 95% con�dence
intervals, h = 6 months ahead.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 23: Out-of-sample YoY CPI in�ation forecasts with 95% con�dence
intervals, h = 9 months ahead.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 24: Out-of-sample YoY CPI in�ation forecasts with 95% con�dence
intervals, h = 12 months ahead.
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GDP forecast results

(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 25: Out-of-sample GDP growth forecasts with 95% con�dence inter-
vals, h = 1 quarter ahead.
Note: Con�dence intervals are constructed using a moving-block bootstrap. See Appendix D for
details of the methodology.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 26: Out-of-sample GDP growth forecasts with 95% con�dence inter-
vals, h = 2 quarter ahead.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 27: Out-of-sample GDP growth forecasts with 95% con�dence inter-
vals, h = 3 quarter ahead.
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(a) ARIMA (b) VAR

(c) BVAR (d) Ridge

(e) Lasso (f) Elastic Net

(g) PLS (h) PCR

(i) SVR (j) Random Forest

(k) XGBoost (l) Gradient Boosting

Figure 28: Out-of-sample GDP growth forecasts with 95% con�dence inter-
vals, h = 4 quarter ahead.
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H Sensitivity of tree-based models to target transfor-

mation

(a) h = 1 quarter (b) h = 2 quarter

(c) h = 3 quarter (d) h = 4 quarter

Figure 29: Out-of-sample YoY GDP growth forecasts for tree-based models
under three target transformations (level, QoQ, and YoY), h = 1-4 quarters
ahead.

(a) h = 1 quarter (b) h = 2 quarter

(c) h = 3 quarter (d) h = 4 quarter

Figure 30: Tree-based models: RMSE by target transformation and forecast
horizon.
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I Data description

The full dataset comprises 178 variables (111 monthly and 67 quarterly series) drawn from
domestic, international, �nancial, and alternative data sources. Table 7 lists each variable
together with its title, unit of measurement, frequency (M = Monthly, Q = Quarterly),
available sample period, and source.

Table 7: Full List of Variables

Var. Title Units Freq. Available Period Source

MACT1 Volume of industrial
production

Billions of UZS M 2018M1-2025M12 National Statistics O�ce
Uzbekistan

MACT10Amount of interbank
transactions

Billions of UZS M 2017M1-2025M12 National Statistics O�ce
Uzbekistan

MACT11Total revenue from sales and
services

Billions of UZS M 2018M1-2025M12 CBU

MACT12 Job search activity index M 2010M1-2025M12 Google trends
MACT13Number of vacancies from

olx.uz
number M 2024M1-2025M12 CBU-OLX

MACT14 Economic activity index index M 2020M6-2025M12 CBU
MACT15 Business condition index index M 2020M6-2025M12 CBU
MACT2 Mining and quarrying Billions of UZS M 2018M1-2025M12 National Statistics O�ce

Uzbekistan
MACT3 Manufacturing Billions of UZS M 2018M1-2025M12 National Statistics O�ce

Uzbekistan
MACT4 Electricity, gas, steam, and

air conditioning
Billions of UZS M 2018M1-2025M12 National Statistics O�ce

Uzbekistan
MACT5 Water supply, sewerage,

waste management and
remediation activities

Billions of UZS M 2018M1-2025M12 National Statistics O�ce
Uzbekistan

MACT6 Volume of construction and
installation works

Billions of UZS M 2018M1-2025M12 National Statistics O�ce
Uzbekistan

MACT7 Services sector volume Billions of UZS M 2018M1-2025M12 National Statistics O�ce
Uzbekistan

MACT8 Retail trade turnover Billions of UZS M 2018M9-2025M12 National Statistics O�ce
Uzbekistan

MACT9 Total quantity of interbank
transactions

Billions of UZS M 2017M1-2025M12 National Statistics O�ce
Uzbekistan

MBOP1 Exports Millions of USD M 2016M1-2025M12 Central Bank of Uzbekistan
MBOP10 Purchase of forex from

households
Millions of USD M 2017M9-2025M12 Central Bank of Uzbekistan

MBOP4 Imports Millions of USD M 2016M1-2025M12 Central Bank of Uzbekistan
MBOP8 Remittance Millions of USD M 2010M1-2025M12 Central Bank of Uzbekistan
MBOP9 Sales of forex to households Millions of USD M 2017M9-2025M12 Central Bank of Uzbekistan
MCOM1 Brent oil, futures price USD per barrel M 2010M1-2025M12 IMF
MCOM2 Uranium, futures price USD per lbs M 2010M1-2025M12 IMF
MCOM3 Cotton, futures price USD per lbs M 2010M1-2025M12 IMF
MCOM4 Copper, futures price USD per lbs M 2010M1-2025M12 IMF
MCOM5 Gold, futures price USD per lbs M 2010M1-2025M12 IMF
MCPI1 Consumer price Index Index, 100 =

December 2006
M 2006M1-2025M12 National Statistics

Committee
MCPI10 CPI Fruits and Vegetables Index, 100 =

December 2023
M 2008M12-2025M12 National Statistics

Committee
MCPI11 CBU CPI Index, 100 =

December 2020
M 2020M12-2025M12 National Statistics

Committee
MCPI12 CBU CPI Food Index, 100 =

December 2020
M 2020M12-2025M12 National Statistics

Committee
MCPI13 CBU CPI Non-Food Index, 100 =

December 2020
M 2020M12-2025M12 National Statistics

Committee
MCPI14 CBU CPI Services Index, 100 =

December 2020
M 2020M12-2025M12 National Statistics

Committee

Continued on next page
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Table 7 - continued from previous page

Var. Title Units Freq. Available Period Source

MCPI15 CBU e-CPI Index, 100 =
August 2021

M 2021M8-2025M12 National Statistics
Committee

MCPI16 CBU e-CPI Food Index, 100 =
August 2021

M 2021M8-2025M12 National Statistics
Committee

MCPI17 CBU e-CPI Non-Food Index, 100 =
August 2021

M 2021M8-2025M12 National Statistics
Committee

MCPI18 CBU e-CPI Services Index, 100 =
August 2021

M 2021M8-2025M12 National Statistics
Committee

MCPI19 FAO Global Food Price
Index

Index,
2014-2016=100

M 2006M1-2025M12 Food and Agriculture
Organization

MCPI2 CPI Food Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI20 FAO Meat Index,
2014-2016=100

M 2006M1-2025M12 Food and Agriculture
Organization

MCPI21 FAO Dairy Index,
2014-2016=100

M 2006M1-2025M12 Food and Agriculture
Organization

MCPI22 FAO Cereals Index,
2014-2016=100

M 2006M1-2025M12 Food and Agriculture
Organization

MCPI23 FAO Oils Index,
2014-2016=100

M 2006M1-2025M12 Food and Agriculture
Organization

MCPI24 FAO Sugar Index,
2014-2016=100

M 2006M1-2025M12 Food and Agriculture
Organization

MCPI25 Household in�ation
expectations in Uzbekistan

Percent M 2019M1-2025M12 CBU

MCPI26 Business in�ation
expectations in Uzbekistan

Percent M 2019M1-2025M12 CBU

MCPI3 CPI Non-Food Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI4 CPI Services Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI5 CPI Core Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI6 CPI Core Food Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI7 CPI Core Non-Food Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI8 CPI Core Services Index, 100 =
December 2006

M 2006M1-2025M12 National Statistics
Committee

MCPI9 CPI Regulated Index, 100 =
December 2022

M 2008M12-2025M12 National Statistics
Committee

MDEF1 Headline in�ation MoM, % M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF2 Producer in�ation MoM, % M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF3 Service in�ation MoM, % M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF4 Import prices MoM, % M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF5 Import prices index,
2010=100

index M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF6 Comes from weight of
industry in GDP

weight M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF7 Comes from weight of
service in GDP

weight M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF8 Proxy de�ator based on ppi
and service in�ation

MoM, % M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MDEF9 De�ator index, 2010=100 index M 2010M1-2025M12 National Statistics O�ce
Uzbekistan

MEXR1 Exchange rate RUB/USD RUB per USD M 2010M1-2025M12 Trading Economics
MEXR2 Exchange rate CNY/USD CNY per USD M 2010M1-2025M12 Trading Economics
MEXR3 Exchange rate KAZ/USD KZT per USD M 2010M1-2025M12 Trading Economics
MEXR4 Exchange rate TRY/USD TRL per USD M 2010M1-2025M12 Trading Economics

Continued on next page
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Table 7 - continued from previous page

Var. Title Units Freq. Available Period Source

MEXR5 Exchange rate UZS/USD UZS per USD M 2010M1-2025M12 CBU
MEXT1 Consumer price index,

Russia
index M 2010M1-2025M12 CEIC

MEXT2 Consumer price index, China index M 2010M1-2025M12 CEIC
MEXT3 Consumer price index,

Kazakhstan
index M 2010M1-2025M12 CEIC

MEXT4 Consumer price index,
Turkia

index M 2010M1-2025M12 CEIC

MEXT5 Monetary policy rate, Russia percent, p.a. M 2010M1-2025M12 CEIC
MEXT6 Monetary policy rate, China percent, p.a. M 2013M11-2025M12 CEIC
MEXT7 Monetary policy rate,

Kazakhstan
percent, p.a. M 2010M1-2025M12 CEIC

MEXT8 Monetary policy rate, Turkia percent, p.a. M 2010M1-2025M12 CEIC
MFIS1 State budget revenues Billions of UZS M 2018M1-2025M12 Ministry of Economy and

Finance
MFIS2 State budget expenditures Billions of UZS M 2018M1-2025M12 Ministry of Economy and

Finance
MINR1 Central Bank Policy Rate

(End of Period)
Percent, p.a. M 2013M1-2025M12 Central Bank of Uzbekistan

MINR2 Money Market Rate Percent, p.a. M 2013M1-2025M12 Central Bank of Uzbekistan
MINR3 Treasury Bill Rate Percentage

points
M 2018M12-2025M10 Central Bank of Uzbekistan

MINR4 Deposit Rate Percent, p.a. M 2013M1-2025M12 Central Bank of Uzbekistan
MINR5 Prime Lending Rate Percentage

points
M 2013M1-2025M12 Central Bank of Uzbekistan

MMON1 Monetary base Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON10Loans to economy, stock Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON11Loans to households, stock Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON12Loans to agricultural sector,

stock
Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan

MMON13Loans to State owned
enteprises, stock

Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan

MMON14Loans to private entities Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON15Loans to other legal entities Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON2 Money supply, M2 Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON3 Currency in circulation, M0 Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON4 Demand deposits in

domestic currency
Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan

MMON5 Other deposits in national
currency

Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan

MMON6 Deposits in foreign currency Billions of UZS M 2012M1-2025M12 Central Bank of Uzbekistan
MMON7 New loans total Billions of UZS M 2013M1-2025M12 Central Bank of Uzbekistan
MMON8 New loans in national

currency
Billions of UZS M 2017M1-2025M12 Central Bank of Uzbekistan

MMON9 New loans in foreign
currency

Billions of UZS M 2017M1-2025M12 Central Bank of Uzbekistan

MPPI1 Producer Price Index Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI10 PPI Coke Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI11 PPI Non-Metal Minerals Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI12 PPI Metallurgy Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI13 PPI Fabricated Metals Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI14 PPI Electrical Equipment Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI15 PPI Vehicles Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI16 PPI Metal Ores Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

Continued on next page
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Table 7 - continued from previous page

Var. Title Units Freq. Available Period Source

MPPI2 PPI Mining Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI3 PPI Manufacturing Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI4 PPI Electricity and Gas Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI5 PPI Water Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI6 PPI Food Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI7 PPI Beverages Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI8 PPI Textiles Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

MPPI9 PPI Chemicals Index, 100 =
December 2015

M 2016M1-2025M12 National Statistics
Committee

QACT1 Job search activity Index, 3 month
average

Q 2010Q1-2025Q4 Google trend

QACT2 Industrial Production Index,
Quarterly, ending "Mar,
June, Sep, Dec"

Index, 2010=100 Q 2010Q1-2025Q4 International Monetary
Fund, CEIC

QACT3 Market Capitalization: RSE,
3 month average

UZS bn Q 2010Q1-2025Q4 Republican Stock Exchange
"Toshkent", CEIC

QACT4 NN: EIA: Crude Oil
Production: Non-OPEC
Producers: Uzbekistan, 3
month average

Barrel/Day th Q 2010Q1-2025Q4 U.S. Energy Information
Administration, CEIC

QACT5 National Minimum Wage, 3
month average

UZS Q 2010Q1-2025Q4 President of the Republic of
Uzbekistan, CEIC

QACT6 Residential Buildings
Commissioning (NET)

sq m th Q 2010Q1-2025Q4 State Committee of the
Republic of Uzbekistan on
Statistics? CEIC

QBOP1 Current account balance Millions of USD Q 2005Q1-2025Q4 CBU
QBOP2 Export of goods and services Millions of USD Q 2005Q1-2025Q4 CBU
QBOP3 Import of goods and services Millions of USD Q 2005Q1-2025Q4 CBU
QBOP4 Net foreign assets Millions of USD Q 2005Q1-2025Q4 CBU
QBOP5 External debt Millions of USD Q 2005Q1-2025Q4 CBU
QBOP6 Forex reservs Millions of USD Q 2005Q1-2025Q4 CBU
QBOP7 Direct investment: liabilities Million USD Q 2005Q1-2025Q4 CBU
QBOP8 Remittance Millions of USD,

sum of 3 months
Q 2010Q1-2025Q4 n/a

QCOM1 Brent oil, futures price USD per barrel,
3 month average

Q 2010Q1-2025Q4 IMF

QCOM2 Uranium, futures price USD per lbs, 3
month average

Q 2010Q1-2025Q4 IMF

QCOM3 Cotton, futures price USD per lbs, 3
month average

Q 2010Q1-2025Q4 IMF

QCOM4 Copper, futures price USD per lbs, 3
month average

Q 2010Q1-2025Q4 IMF

QCOM5 Gold, futures price USD per lbs, 3
month average

Q 2010Q1-2025Q4 IMF

QEXR1 Exchange rate RUB/USD RUB per USD, 3
month average

Q 2010Q1-2025Q4 Trading Economics

QEXR2 Exchange rate CNY/USD CNY per USD, 3
month average

Q 2010Q1-2025Q4 Trading Economics

QEXR3 Exchange rate KAZ/USD KZT per USD, 3
month average

Q 2010Q1-2025Q4 Trading Economics

QEXR4 Exchange rate TRY/USD TRL per USD, 3
month average

Q 2010Q1-2025Q4 Trading Economics

QEXR5 Exchange rate UZS/USD UZS per USD, 3
month average

Q 2010Q1-2025Q4 CBU

QEXT1 Consumer price index,
Russia

index, 3 month
average

Q 2010Q1-2025Q4 CEIC
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Var. Title Units Freq. Available Period Source

QEXT2 Consumer price index, China index, 3 month
average

Q 2010Q1-2025Q4 CEIC

QEXT3 Consumer price index,
Kazakhstan

index, 3 month
average

Q 2010Q1-2025Q4 CEIC

QEXT4 Consumer price index,
Turkia

index, 3 month
average

Q 2010Q1-2025Q4 CEIC

QEXT5 Monetary policy rate, Russia percent, p.a., 3
month average

Q 2010Q1-2025Q4 CEIC

QEXT6 Monetary policy rate,
Kazakhstan

percent, p.a., 3
month average

Q 2010Q1-2025Q4 CEIC

QEXT7 Monetary policy rate, Turkia percent, p.a., 3
month average

Q 2010Q1-2025Q4 CEIC

QFIS1 State budget revenues Billions of UZS Q 2012Q1-2025Q4 Ministry of Economy and
Finance

QFIS2 State budget expenditures Billions of UZS Q 2012Q1-2025Q4 Ministry of Economy and
Finance

QINR1 Central Bank Policy Rate
(End of Period)

Percent, p.a., 3
month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QINR2 Money Market Rate Percent, p.a., 3
month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QINR3 Deposit Rate Percent, p.a., 3
month average

Q 2013Q1-2025Q4 Central Bank of Uzbekistan

QMON1 Monetary base Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON10Loans to State owned
enteprises, stock

Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON11Loans to private entities Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON12Loans to other legal entities Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON13Total Outstanding loan,
stock

Billions of UZS,
3 month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QMON14Total Outstanding loan in
national currency, stock

Billions of UZS,
3 month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QMON15Total Outstanding loan in
foreign currency, stock

Billions of UZS,
3 month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QMON2 Money supply, M2 Billions of UZS,
3 month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QMON3 Currency in circulation, M0 Billions of UZS,
3 month average

Q 2010Q1-2025Q4 Central Bank of Uzbekistan

QMON4 Demand deposits in
domestic currency

Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON5 Other deposits in national
currency

Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON6 Deposits in foreign currency Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON7 Loans to economy, stock Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON8 Loans to households, stock Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QMON9 Loans to agricultural sector,
stock

Billions of UZS,
3 month average

Q 2012Q1-2025Q4 Central Bank of Uzbekistan

QNAT1 Real GDP, NET, calculated
using de�ator, for more look
at: Main-rGDP and
De�ator.xlsx

Billions of UZS Q 2010Q1-2025Q4 National Statistics O�ce
Uzbekistan

QNAT2 Real GDP, Cumulative,
calculated using de�ator, for
more look at: Main-rGDP
and De�ator.xlsx

Billions of UZS Q 2010Q1-2025Q4 National Statistics O�ce
Uzbekistan

QNAT3 GDP growth (from
STAT.uz)

Percent Q 2010Q1-2025Q4 National Statistics O�ce
Uzbekistan
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Var. Title Units Freq. Available Period Source

QPI1 Consumer price Index Index, 2010=100 Q 2010Q1-2025Q4 National Statistics
Committee

QPI10 FAO Dairy Index,
2014-2016=100,
3 month average

Q 2006Q1-2025Q4 Food and Agriculture
Organization

QPI11 FAO Cereals Index,
2014-2016=100,
3 month average

Q 2006Q1-2025Q4 Food and Agriculture
Organization

QPI12 FAO Oils Index,
2014-2016=100,
3 month average

Q 2006Q1-2025Q4 Food and Agriculture
Organization

QPI13 FAO Sugar Index,
2014-2016=100,
3 month average

Q 2006Q1-2025Q4 Food and Agriculture
Organization

QPI2 CPI Food Index, 2010=100 Q 2010Q1-2025Q4 National Statistics
Committee

QPI3 CPI Non-Food Index, 2010=100 Q 2010Q1-2025Q4 National Statistics
Committee

QPI4 CPI Services Index, 2010=100 Q 2010Q1-2025Q4 National Statistics
Committee

QPI5 CPI Core Index, 2010=100 Q 2010Q1-2025Q4 National Statistics
Committee

QPI6 Producer Price Index Index, 2010=100 Q 2010Q1-2025Q4 National Statistics
Committee

QPI7 Import prices index,
2010=100

Index, 2010=100 Q 2010Q1-2025Q4 National Statistics O�ce
Uzbekistan

QPI8 FAO Global Food Price
Index

Index,
2014-2016=100,
3 month average

Q 2006Q1-2025Q4 Food and Agriculture
Organization

QPI9 FAO Meat Index,
2014-2016=100,
3 month average

Q 2006Q1-2025Q4 Food and Agriculture
Organization
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