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Abstract

This paper explores the application of machine learning (ML) techniques to nowcast
themonthly year-over-year growth rate of both total andnon-primaryGDP inPeru. Using
a comprehensive dataset that includes over 170domestic and international predictors, we
assess the predictive performance of 12 ML models, including Lasso, Ridge, Elastic Net,
Support Vector Regression, Random Forest, XGBoost, and Neural Networks. The study
compares these ML approaches against the traditional Dynamic Factor Model (DFM),
which serves as the benchmark for nowcasting in economic research. We treat specific
configurations, suchas the featurematrix rotationsand thedimensionality reduction tech-
nique, as hyperparameters that are optimized iteratively by the Tree-StructuredParzenEs-
timator. Our results show that ML models outperformed DFM in nowcasting total GDP,
and that they achieve similar performance to this benchmark in nowcasting non-primary
GDP. Furthermore, the bottom-up approach appears to be the most effective practice for
nowcasting economic activity, as aggregating sectoral predictions improves the precision
of ML methods. The findings indicate that ML models offer a viable and competitive al-
ternative to traditional nowcasting methods.
JEL classification: C14, C32, E32, E52.
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1 Introduction

Nowcasting, which involves estimating the current state of an economy in near real-time,

plays a critical role in economic analysis, particularly for decision making and policy formu-

lation. The practice has been predominantly applied in meteorology and more recently in

economics, as emphasized by the seminal works of Giannone, Reichlin and Small (2008), and

Bańbura et al. (2013). In recent years, machine learning (ML) techniques have shown great

potential in macroeconomic nowcasting, particularly due to their ability to capture nonlinear

relationships that traditional models might miss. Although several studies have evaluated ML

methods for nowcasting GDP in advanced economies, limited but growing research has been

conducted on developing economies such as Peru.

We seek tobuild upon the growingbodyof research that examines howML techniques can

improve the accuracy of GDP nowcasts. The challenge of nowcasting consists of i) identifying

a robust set of high-frequency indicators that can capture real-time signals of economic ac-

tivity, and ii) selecting an optimal predictive model to process and transform these indicators

into reliable estimates. We tackle these challenges by leveraging a comprehensive dataset,

comprising over 170 domestic and international predictors that cover the period from April

2015 to August 2024, combining structured macroeconomic variables with unstructured data

sources, including Google Trends, to offer a more holistic approach to nowcasting.

The primary goal of this research is to compare the performance of different ML algo-

rithms in nowcasting the monthly year-over-year growth rate of total and non-primary Peru’s

GDP. The models tested include regularization methods such as Ridge and Lasso, tree-based

models like Random Forest and XGBoost, and advanced techniques like Support Vector Re-

gression and Neural Networks. A further goal is to assess the performance of these models in

comparison to aDynamicFactorModel (DFM),which serves as thebenchmark for time-series

nowcasting in economic research and practice. We tested variousmodel specifications, focus-

ing on several key aspects of the nowcasting process. Specifically, we explored the use of ex-

panding versus rollingwindows for the training sample, compared the performance of K-Fold
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cross-validation against Walk-Forward cross-validation, and evaluated different strategies for

dimensionality reduction and featurematrix rotations to optimizemodel performance. These

comparisons allowed us to identify the most effective techniques for enhancing the accuracy

of our ML models in nowcasting GDP.

A recent study closely related to our research is the work by Tenorio and Perez (2023),

which explores the application of ML techniques for nowcasting Peruvian GDP. While their

studyoffers valuable insights, our researchdistinguishes itself in several importantways. First,

we employ a broader and more diverse set of predictors that allow for a more comprehen-

sive analysis of the economic indicators influencing GDP growth. Second, our study extends

the analysis to examine the performance of ML methods in nowcasting non-primary GDP, a

critical component of the economy that often lacks timely real-time information. Third, we

perform a bottom-up analysis by predicting sectoral GDP growth and then aggregating these

predictions to obtain the overall GDP growth estimate. This approach allows for a detailed

comparison of ML precision at both sectoral and aggregate levels. Finally, we conduct a recur-

sive approach for hyperparameter optimization using the Tree-Structured Parzen Estimator,

and explore the usefulness of dimensionality reduction techniques and feature rotations for

enhancing models’ performance.

The remainder of this paper is structured as follows: Section 2 reviews the relevant litera-

ture on GDP nowcasting and ML applications. Section 3 describes the dataset and the estima-

tion strategy, detailing the preprocessing steps, sample splits, and hyperparameter optimiza-

tion procedures. Section 4 presents the results, comparing the performance of the models

using the expanding and rolling window techniques. Finally, Section 5 concludes the paper

by discussing the implications of the findings for future research.

2 Literature Review

This paper contributes to the expanding literature that evaluates the relative effectiveness of

ML models for nowcasting GDP, as compared to traditional time-series methods. Numerous
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studies have implemented a wide range of ML techniques to improve GDP nowcasting ac-

curacy, with many finding that these approaches either surpass or rival standard statistical

methods.

Recent research has increasingly focused on assessing the performance of ML models in

nowcasting GDP, particularly in advanced economies. For instance, Soybilgen and Yazgan

(2021) and Hopp (2024) applied ML techniques to nowcast U.S. GDP. Soybilgen and Yazgan

(2021) employed bagged decision trees, random forests, and stochastic gradient tree boost-

ing models, while Hopp (2024) expanded on this by incorporating long short-term memory

(LSTM) networks and XGBoost in addition to the aforementioned models. Similarly, Richard-

son, van Florenstein Mulder and Vehbi (2021) applied a range of ML techniques, including

ridge, Lasso, elasticnet, and support vectormachine (SVM) regression, tonowcastNewZealand’s

GDP, emphasizing methods beyond gradient boosting and neural networks. Kant, Pick and

de Winter (2022) conducted a comparable exercise for the Dutch economy, demonstrating

the versatility of ML models in various economic contexts.

For developing economies, several studies have also explored the potential of ML tech-

niques in nowcasting GDP. Zhang, Ni and Xu (2023) compared the performance of various

ML algorithms against DFMs, static factor models, and MIDAS for short-term forecasting of

China’s annualized realGDP.Ghosh andRanjan (2023) evaluated these approaches for a group

of emergingeconomies,whileDauphinet al. (2022) applied themtoEuropeancountries,Muchisha

et al. (2021) focused on Indonesia, Fornaro and Luomaranta (2020) on Finland, and Tiffin

(2016) on Lebanon. Additionally, Buell et al. (2021) examined the application of ML models

to nowcasting GDP in Sub-Saharan Africa.

In Latin America, several studies have implemented ML models for nowcasting GDP. For

instance, Bolivar (2024) applied these methods to Bolivia, while León and Ortega (2018) uti-

lized artificial neural networks (ANNs) to nowcast monthly economic activity in Colombia us-

ing electronic payments data. Bravo Higuera et al. (2024) explored regularization techniques

to produce early estimates of agricultural sector GDP in Colombia. De Oliveira (2023) com-

pared traditional statistical methods and ML techniques to nowcast Brazilian GDP, finding
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that the best resultswere obtainedwhenMLpredictionswere combinedwith traditionalmod-

els. Miranda (2021) applied Lasso and deep neural networks to nowcast economic activity in

Mexico.

In the case of Peru, the application of ML techniques to nowcasting GDP is more limited.

However, one of the few recent studies in this area is by Tenorio and Perez (2023), who ap-

plied ML methods to nowcast monthly Peruvian GDP using a large dataset that includes both

structured and unstructured data sources.

This growing body of literature illustrates the increasing relevance and success ofMLmod-

els in improving the accuracy and timeliness of GDP nowcasting across both advanced and

developing economies.

3 Methodology

3.1 Models

In this section, we provide a brief description of the various ML and benchmark models we

considered for nowcastingPeruvianGDP. Please refer to the original citations for greater detail.

Our primary focus is on themethodologies to choose key hyperparameters, and on the details

of the out-of-sample exercise to assess nowcast performance.

Dynamic Factor Models: As a benchmark, we employ a standard DFM following the frame-

work of Bańbura et al. (2013) andMariano andMurasawa (2010), and amodified versionof the

implementation inPythonmadebyFulton (2020). InaDFM, it is assumed that a reducednum-

ber of unobserved latent factors can explain a substantial portion of the variability in a large

set of observablemacroeconomic and financial variables. Thismodel is particularly useful for

nowcasting because it allows the extraction of common information fromahigh-dimensional

dataset, which can then be used to predict key economic indicators such as GDP.
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The DFM can be expressed as follows:

𝑦𝑡 =𝐴𝑓𝑡 +𝑒𝑡

𝑓𝑡 =𝐴1𝑓𝑡−1+𝐴2𝑓𝑡−2+...+𝑈𝑡

where 𝑦𝑡 is a 𝑁 ×1 vector of observable variables at time 𝑡, 𝑓𝑡 is a 𝑟 ×1 vector of unobserved

common factors. 𝐴 is the 𝑁 ×𝑟 matrix of factor loadings. 𝐴1,𝐴2, ... are 𝑟 × 𝑟 autoregressive

coefficient matrices. 𝑒𝑡 is the 𝑁 ×1 vector of idiosyncratic disturbances and 𝑈𝑡 is the 𝑟 × 1
vector of factor innovations. For more details on the estimation procedure, please refer to the

Appendix.

Ridge, Lasso, andElasticNet: Thesemodels arewidely used regularization techniques aimed

at reducing model complexity, particularly when dealing with datasets that contain a large

number of features. These methods help mitigate overfitting by introducing a penalty term in

the regression model, which effectively constrains the size of the estimated coefficients.

Ridge regression, also known as 𝐿2 regularization, works by adding a penalty to the sum

of the squared magnitudes of the coefficients, effectively shrinking them towards zero. This

shrinkage helps reduce the influence of less important features while maintaining all features

in the model. The mathematical formulation for ridge regression is as follows:

𝛽 = argmin
⎡
⎣

𝑇

𝑖=1
(𝑦𝑖−𝛽0−

𝑘

𝑗=1

𝑥𝑖𝑗𝛽𝑗)2+𝜆
𝑘

𝑗=1

𝛽2𝑗
⎤
⎦

Here, 𝜆 is a regularization parameter that controls the amount of shrinkage applied. As

𝜆 increases, the model imposes stronger penalties on the coefficients, shrinking those with

minimal contribution to the response variable closer to zero. However, ridge regression does

not set any coefficients exactly to zero, so all variables remain in the model.

Lasso regression, or 𝐿1 regularization, takes a different approach by applying a penalty on

the absolute values of the coefficients rather than their squared values. This encourages spar-

sity in the model, allowing Lasso to shrink some coefficients entirely to zero, thus performing
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feature selection. Lasso is particularly useful when only a subset of the features are expected

to be truly relevant. The formulation of Lasso regression is as follows:

𝛽 = argmin
⎡
⎣

𝑇

𝑖=1
(𝑦𝑖−𝛽0−

𝑘

𝑗=1

𝑥𝑖𝑗𝛽𝑗)2+𝜆
𝑘

𝑗=1

|𝛽𝑗|
⎤
⎦

Like ridge regression, 𝜆 is the hyperparameter controlling the degree of regularization. A

higher value of 𝜆 increases the likelihood that coefficients will be reduced to zero, effectively

excluding some features from the model.

ElasticNet combines the strengthsofboth ridgeandLassoby incorporatingboth𝐿2 (Ridge)

and𝐿1 (Lasso)penalties. This allowselasticnet toboth shrink coefficients andperform feature

selection by driving some coefficients to zero. The method introduces a mixing parameter, 𝛼,

which controls thebalancebetween the𝐿1 and𝐿2penalties. Theelastic net objective function

is given by

𝛽 = argmin
⎡
⎣

𝑇

𝑖=1
(𝑦𝑖−𝛽0−

𝑘

𝑗=1

𝑥𝑖𝑗𝛽𝑗)2+𝜆
𝑘

𝑗=1
((1−𝛼)𝛽2𝑗 +𝛼|𝛽𝑗|)

⎤
⎦

In this formulation, 𝜆 controls the overall strength of regularization, while 𝛼 (ranging be-

tween 0 and 1) determines the trade-off between Ridge (𝐿2) and Lasso (𝐿1) regularization.

When 𝛼 = 0, Elastic Net behaves like Ridge regression, and when 𝛼 = 1, it behaves like Lasso.

Support Vector Machine: The Support Vector Machine (SVM) algorithm for regression, also

known as Support Vector Regression (SVR), was introduced by Cortes and Vapnik (1995) and

seeks to find a function 𝑓(𝑥) that predicts the target value 𝑦𝑖 with a maximum deviation of

𝜖 from the actual targets, while keeping the function as flat as possible. In the simplest case,

when the function is linear, the model can be expressed as:

𝑓(𝑥) = (𝑤,𝑥)+𝑏

where𝑤 is theweight vector,𝑥 is the input feature vector, and𝑏 is thebias term. Theconceptof

“flatness” here refers to minimizing the magnitude of the weight vector𝑤, which corresponds
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to finding a decision function that has the smallest possible slope. This helps ensure that the

model generalizes well to unseen data, avoiding overfitting.

However, in many cases, it may not be possible to find a function that perfectly satisfies

the condition of keeping all deviationswithin 𝜖. To handle this, the algorithm introduces slack

variables 𝜉𝑖 and 𝜉∗𝑖 , which allow for some errors, permitting deviations from the 𝜖-tube. These

slack variables measure the extent to which the predictions 𝑓(𝑥) fall outside the allowable

error margin. The optimization problem for SVM regression is then defined as:

min 12||𝑤||
2+𝐶

𝑇

𝑖=1
(𝜉𝑖+𝜉∗𝑖 )

subject to:
𝑦𝑖−(𝑤,𝑥)−𝑏 ≤ 𝜖+𝜉𝑖
(𝑤,𝑥)+𝑏−𝑦𝑖 ≤ 𝜖+𝜉∗𝑖

The constant 𝐶 , known as the regularization parameter, plays a crucial role in controlling

the model’s complexity. A larger value of 𝐶 allows for fewer slack variables, enforcing stricter

adherence to the 𝜖-tube and potentially leading to overfitting if the model becomes too com-

plex. Conversely, a smaller 𝐶 value allows for more slack, which can lead to underfitting but

encourages better generalization by permitting more errors.

K-Nearest Neighbors: K-Nearest Neighbors (KNN), introduced by Fix andHodges (1951) and

extended by Cover and Hart (1967), is a simple, yet powerful non-parametric ML algorithm

widely used for both classification and regression tasks. Unlike parametric models, KNN does

not assume any specific form for the relationship between the predictors and the dependent

variable. Instead, it relies on the proximity of data points in the feature space, making predic-

tions based on the values of the 𝑘-nearest neighbors.

In regression tasks, KNN predicts the outcome for a given query point𝑋𝑞 by averaging the

outcomes of the𝑘-nearest observations from the training data. The key concept in KNN is the

calculation of the distance between the query point𝑋𝑞 and eachobservation𝑋𝑖 in the training

dataset, typically using the Euclidean distance:
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𝑑(𝑋𝑞,𝑋𝑖) =

⎷

𝑑

𝑗=1
(𝑋𝑞,𝑗 −𝑋𝑖,𝑗)2

Where𝑑 is the number of dimensions (or features) in the dataset,𝑋𝑞,𝑗 and𝑋𝑖,𝑗 are the values of

the 𝑗-th feature for the query point and the 𝑖-th observation, respectively. Once the distances

are computed, the 𝑘-nearest neighbors are identified based on their proximity to the query

point. The predicted value 𝑦̂𝑞 is then calculated as the average of the dependent variable 𝑦𝑖
values of these nearest neighbors:

𝑦̂𝑞 =
1
𝐾 

𝑖∈𝑁𝑘(𝑥𝑞)
𝑦𝑖

Where 𝑁𝑘(𝑋𝑞) represents the set of indexes corresponding to the 𝑘-nearest neighbors of 𝑋𝑞

and 𝑦𝑖 is the observed value of the dependent variable for the 𝑖-th neighbor.

Decision Tree: A decision tree (DT), introduced by Breiman et al. (1984), is a non-parametric

model that recursively partitions the data space into subsets based on the values of the pre-

dictors. Each split is chosen to best separate the observations according to some criterion,

such as minimizing the variance in regression tasks. The result is a tree structure where inter-

nal nodes represent the decision rules based on the predictors, and the terminal nodes (also

known as leaves) represent regions of the data where a simple prediction model, typically a

constant value, is applied.

In regression decision trees, the model divides the predictor space into a number of dis-

joint regions𝑅𝑚 and thepredicted value for anynewobservation falling into region𝑅𝑚 is given

by a constant 𝑐𝑚, which is the mean of the 𝑦-values in that region. This can be represented

mathematically as:

𝐸(𝑌|𝑋1,𝑋2) =
𝑝

𝑚=1

𝑐𝑚1(𝑋1,𝑋2)∈𝑅𝑚

where 𝑝 is the total number of regions.

Gradient Boosting, Extreme Gradient Boosting and Adaptive Boosting: Gradient boosting
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(GBoostig) is an ensemble learning technique that builds a robust predictor by combining

multiple weak learners, usually decision trees. Each weak learner is trained sequentially, with

the goal of improving the predictive accuracy of the model by focusing on the errors made by

the previous learners. This process iteratively minimizes a predefined loss function, such as

least squares or least absolute deviation, to refine the model’s predictions.

The algorithm starts by fitting an initial model to the target variable and calculating the

residuals. A new model is then added that fits these residuals, with each subsequent model

improving upon the errors of the previous one. The gradient boosting algorithm updates the

overall model as follows:

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥)+𝑣Δ𝑚(𝑥)

Here, 𝐹𝑚(𝑥) represents the updated model at iteration 𝑚, 𝐹𝑚−1(𝑥) is the previous model,

Δ𝑚(𝑥) is the weak learner (often a decision tree), and 𝑣 is the learning rate, a key hyperparam-

eter that controls the contribution of each new learner. The learning rate 𝑣 acts as a shrinkage

parameter, helping to prevent overfitting by limiting the influence of each model update. A

value less than 1 for 𝑣 effectively slows down the learning process, improving generalization

beyond the training data.

Extreme Gradient Boosting (XGBoost) is an advanced implementation of GBoosting that

introduces several optimizations to improve performance and scalability (Chen and Guestrin

(2016)). It includes additional features like regularization terms (L1 and L2), which help con-

trol model complexity and prevent overfitting. XGBoost also supports efficient handling of

missing data, parallelized tree construction, and early stopping, where themodel halts further

iterations when no significant improvement is detected. These features make XGBoost highly

efficient and scalable for large datasets, which has contributed to its widespread adoption in

ML competitions and practical applications.

Adaptive Boosting (AdaBoost) is another popular boosting algorithm, but it differs from

GBoosting in its approach. Instead of fitting to residuals, AdaBoost adjusts the weights of the

training instances at each iteration, giving more focus to observations that were poorly pre-
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dicted by the previous model (Freund and Schapire (1997)). By increasing the influence of

these “difficult” cases, AdaBoost forces subsequent models to correct the mistakes made ear-

lier in theprocess. One limitationofAdaBoost is its sensitivity tonoisydata andoutliers, which

can be addressed by tuning the hyperparameters carefully.

Bagging: Short for bootstrap aggregating, is an ensemble learning technique that enhances

model robustness and accuracy by reducing variance and mitigating overfitting. It involves

training multiple models independently on a unique bootstrap sample. By exposing each

model to a distinct variation of the training data, bagging reduces the dependency on any

single dataset and diminishes the variance associated with individual models.

Once trained, the predictions from all models are aggregated to produce a final output.

This combination leverages the strengths of the individual models while counteracting their

individual errors. Bagging is particularly effectivewhenapplied tohigh-variancemodels, such

as decision trees, where it curtails overfitting by ensuring that each constituent model learns

from different portions of the dataset. Consequently, the ensemble model delivers improved

predictive performance, especially in scenarios where variability in individual models could

otherwise compromise accuracy.

RandomForest: RandomForest (RF), introduced by Breiman (2001), is an ensemble learning

method that combines multiple decision trees to produce a more robust and accurate model.

It is based on the concept of Bagging, but RF introduces another layer of randomness by se-

lecting a random subset of predictors (features) at each split within the decision trees. This

random selection prevents individual trees from relying too heavily on any one feature and

encourages diversity across the trees.

The final prediction of the RFmodel is obtained by averaging the predictions of all individ-

ual trees in regression tasks. This averaging reduces the variance of the model and improves

its generalization ability, making it less prone to overfitting compared to a single decision tree.
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Mathematically, the Random Forest prediction for a regression task is given by:

𝑦̂ = 1
𝑀

𝑀

𝑚=1

𝑦̂𝑚(𝑥)

where 𝑦̂𝑚(𝑥) is the prediction from the𝑚-th decision tree and𝑀 is the total numbers of trees

in the forest.

ArtificialNeuralNetwork: AMultilayer Perceptron (MLP) is a type of artificial neural network

designed to map a set of input features to a target output through multiple layers of nodes, or

neurons. The network consists of an input layer, one or more hidden layers, and an output

layer. Each layer is made up of nodes, which represent learned weights, and biases that adjust

the input data during the learning process.

The basic structure begins with an input layer, where the raw data is fed into the network.

These inputs are then passed to the first hidden layer, where each node applies a linear combi-

nation of the input values through a series of weights and biases, followed by a non-linear acti-

vation function (e.g., the sigmoid function, ReLU). The activation function allows the network

to learn complex patterns and relationships within the data. In a deeper network, additional

hidden layers can be added, with each layer using the output from the previous layer as its

input, allowing the model to learn increasingly abstract representations of the data.

The final layer is the output layer, which combines the learned features from the hidden

layers to produce the prediction. Theoutput layer’s activation function depends on the type of

problem: for regression tasks, a linear activation is often used, while classification tasksmight

use a softmax function to output probabilities for different classes. Mathematically, the MLP

can be represented as:

𝑦̂ = 𝑓(𝑊2 ⋅ 𝑔(𝑊1 ⋅ 𝑥+𝑏1)+𝑏2)

Where: 𝑥 is the input vector,𝑊1 and𝑊2 are weight matrices for the first and second layers, 𝑏1
and 𝑏2 are bias terms, 𝑔 is the activation function for the hidden layer (e.g., sigmoid or ReLU),

𝑓 is the activation function for the output layer (e.g., linear or softmax), 𝑦̂ is the predicted
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output.

The goal of training the MLP is to adjust the weights𝑊1,𝑊2, and biases 𝑏1, 𝑏2 to minimize

a chosen loss function, typically themean squared error (MSE) for regression. This is achieved

through backpropagation, an optimization algorithm that computes the gradient of the loss

function with respect to the network’s weights and biases, allowing for the iterative improve-

ment of model parameters using a method such as stochastic gradient descent (SGD), see

Rumelhart, Hinton and Williams (1986) for more details.

3.2 Data

The dataset comprises a diverse range of macroeconomic and financial market variables, pro-

viding a comprehensive foundation for nowcasting Peruvian GDP. These variables include do-

mestic activity indicators, such as electricity and oil production, cement consumption, baby

chicken placements and goods’ supply to wholesale markets; consumer and producer price

indices, offering insight into inflationary pressures; as well as Central Reserve Bank of Peru

surveys, which capture key sentiment and expectations from various sectors. The dataset also

incorporates domestic trade statistics and a variety of internationalmacroeconomic variables,

allowing for the assessment of global influences on Peru’s economy. Furthermore, domestic fi-

nancialmarket variables are also included, capturing essential information about asset prices,

interest rates, and currency fluctuations. As specific sectors of Peruvian GDP are vulnerable

to natural phenomena, climate data is also included.

In line with Tenorio and Perez (2023), we enhance the dataset by integrating unstructured

data fromGoogle Trends. This source provides real-time insights into consumer behavior and

economic sentiment. Weutilize a variety of keywords, including: “economy”, “visa”, “huaicos”,

“toyota”, among others. (see section B in the Appendix).

The dataset spans the period from April 2015 to August 2024. This long timespan allows

themodels to capture both short-termfluctuations and long-term trends in economic activity,

providing a robust basis for nowcasting. The inclusion of both structured and unstructured

data ensures that the model can draw from a wide variety of information sources, enhancing

13



its predictive power and adaptability to different economic conditions.

3.3 Estimation Strategy

In this section we outline the estimation strategy adopted in this study. As highlighted by

Coulombe et al. (2021), the choice of data transformations can significantly influence the ac-

curacy of ML methods.

In light of this, we explored various specifications to assess the performance of ML tech-

niques for nowcasting Peruvian GDP. Specifically, we investigated several key aspects: using

variables in YoY percent change or in MoM percent change (seasonally adjusted¹) for fitting,

using expanding versus rolling windows for the training sample², comparing K-Fold cross-

validation with Walk-Forward cross-validation and evaluating the proper lag structure. Spec-

ifications such as the feature matrix rotations and the dimensionality reduction technique

were treated as hyperparameters themselves, and were optimized in each nowcast iteration.

Besides, we evaluated the performance of a bottom-up approach, in which each sector

that accounts for the total and non-primary GDP was nowcasted and the projections were

assembled externally. Specifically, we nowcasted the sectors of services, commerce, primary

industry, non-primary industry and agriculture. We didn’t need to nowcast construction,min-

ing and fishing sectors, because their information is known prior to total and non-primary

GDP publication. For electricity, water and gas distribution, we assumed the electricity pro-

duction growth, which accounts for approximately 80 percent of this sector.

The diagram in Figure 1 illustrates the estimation strategy we adopted for a point predic-

tion, building on the detailed methodology described below. This comprehensive approach

ensures the deployment of the most effective model configuration, enabling precise and ro-

bust GDP nowcasting while effectively capturing its inherent complexities.
¹We used the TRAMO-SEATS algorithm in the RJDemetra package, seasonally adjusting features and target

variable if seasonality was present. As the objective variable is expressed in YoY percent change, we used fore-
casted factors to transform every models’ prediction to this desired form.

²In an expandingwindow approach, the training set starts with an initial set of observations, and, as time pro-
gresses, new data points are added to the training set with each nowcast iteration. In contrast, a rolling window
approach uses a fixed-size window of observations for training. As time progresses, the oldest data points are
dropped from the training set and replaced with the most recent ones
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Figure 1: Estimation Strategy
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Note: This procedure is employed to obtain point predictions using a given dataset
and anMLmodel. Feature rotations and the dimensionality reduction technique are
treated as hyperparameters and are optimized alongside theMLmodel hyperparam-
eters within the Tree-Structured Parzen Estimator framework.

Data preprocessing: The data used in the analysis is sampled on a monthly basis, and each

time series is individually evaluated to determine the most appropriate transformation that

maximizes its predictive power for GDP growth. Firstly, series undergo seasonal adjustment³
³Inour analysis, we found that fittingmodels’with seasonally adjusted variables ensuresbetter out-of-sample

performance than doing so with MoM percent change transformations.
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to remove recurrent seasonal patterns that could introduce noise or distort the underlying

trends relevant for GDP nowcasting. Then, depending on the characteristics of each series,

we either transform it into monthly percentage changes, take first differences, or retain it in

its level form. These transformations are selected based on their ability to enhance the sig-

nal related to GDP dynamics, thereby improving model performance. To further optimize the

model, we assess (i) the appropriate lag structure and (ii) feature matrix rotations, to identify

the configuration that maximizes predictive accuracy in the validation set. Given the tempo-

ral nature of economic data, lagged values of predictors often contain important information

about future GDP behavior, and determining the optimal number of lags is crucial for cap-

turing this temporal dependence effectively. Besides, Coulombe et al. (2021) have shown that

some feature rotations can also be helpful for predictive performance. In our setting, we intro-

duce eight lags for each variable in the dataset, and let the Tree-Structured Parzen Estimator

choose the optimal feature matrix rotations from the space detailed in Table 1:

Table 1: Rotations - Hyperparameters search space

Rotation Hyperparameter Prior Distribution
X Use {True,False}

MARX Use {True,False}
Order DiscreteUniform(3,6)

MAF Use {True,False}
N° Components DiscreteUniform(1,3)

Note: X denotes features in levels, while MARX and MAF represent the moving average rotation of X and

moving average factors, respectively. See Coulombe et al. (2021) for more details.

COVID-19 Pandemic : In addressing the impact of the COVID-19 pandemic, and following

the recommendations of Schorfheide and Song (2021) and Lenza and Primiceri (2022), we

exclude the observations from March 2020 to December 2021 from the estimation of all mod-

els. This exclusion is based on the significant economic disruptions caused by the pandemic,

which introduced unprecedented volatility and structural breaks in the data. Including these

periods could skew the models’ predictive accuracy, as the atypical patterns observed dur-

ing the pandemic are not representative of the usual economic dynamics. In our analysis, we
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found that removing these observations ensures more reliable and stable model estimates.

Finally, all time series are standardized to ensure that variables with different scales and

units are comparable, preventing certain predictors from dominating the ML algorithms due

to larger magnitudes.

Dimensionality reduction: Dimensionality reduction techniques allow us to address high-

dimensionality and multicollinearity issues, enabling a more robust model for the analysis.

This step is potentially important in our setting as many of the features may be highly corre-

lated, specially if we consider the inclusion of feature matrix rotations.

We assess the use of dimensionality reduction techniques as hyperparameters that must

be optimized. In particular, following Ng (2013), we set Least Angle Regression (LARs) and

Principal Component Analysis (PCA) as dimensionality reduction techniques that can be se-

lected by the Tree-Structured Parzen Estimator from the space detailed in Table 2:

Table 2: Dimensionality reduction - Hyperparameters search space

Model Hyperparameter Prior Distribution
Dimensionality reduction Use {None, LARS, PCA}

LARS N° non-zero coefficients DiscreteUniform(30,150)
PCA N° Components Uniform(0.5,0.99)

LARs is a regression algorithm that is particularly effective when the number of predictors

is large relative to the number of observations. It builds a parsimonious model by iteratively

selecting variables based on their correlation with the response variable. At each step, LARs

moves the estimated coefficients toward the least-squares solution, but in contrast to tradi-

tional stepwise selection, it stops when a new predictor becomes as correlated with the resid-

ual as the currentpredictor. Thisprocess continuesuntil all predictorshavebeen incorporated

or the model reaches a specified level of sparsity (for further details see Efron et al. (2004)).

Meanwhile, PCA is a widely-used method for dimension reduction, which transforms a set of

correlated variables into a smaller set of uncorrelated variables known as principal compo-

nents. Each principal component is a linear combination of the original variables and cap-
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tures the maximum variance in the data, thereby reducing the dimensionality of the dataset

while retaining the most critical information. For a detailed mathematical treatment of PCA,

Jolliffe (2002) provides a comprehensive reference.

Sample Split: We divided the dataset into training and test sets, experimenting with various

split combinations to find the most appropriate configuration. Ultimately, we established

the training set to cover the period from April 2015 to February 2020, while the test set spans

from January 2022 to August 2024, deliberately excluding the pandemic period (March 2020

to December 2021) as mentioned before. This ensures that the model is trained on stable, pre-

pandemic data and tested on post-pandemic economic conditions, providing a more reliable

measure of performance without the distortions caused by the unprecedented volatility dur-

ing the COVID-19 pandemic.

CrossValidation: Tofine-tune themodel’shyperparameters,weconductedacross-validation

exercise, using twodifferentmethods: K-Foldcross-validationandWalk-Forwardcross-validation.

Eachmethodhas distinct characteristics suited to different types of data, especially in the con-

text of time-series prediction.

K-Foldcross-validation is awidely adopted technique thatdivides thedataset into𝐾 equal-

sized subsets or “folds”. The model is trained on 𝐾 −1 folds and tested on the remaining fold.

This process is repeated 𝐾 times, with each fold serving as the test set once, and the perfor-

mance is averaged across all 𝐾 iterations to obtain a robust estimate of the model’s accuracy.

For𝐾 = 5, the dataset is split into five parts (see Figure 2). In each iteration, four parts are used

for training, and the remaining part is used for validation. This ensures that every observation

in the dataset is used both for training and validation, providing a comprehensive assessment

of the model’s generalization ability.
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Figure 2: K-Fold Cross Validation (5 folds)
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Walk-forward cross-validation, also known as time-series cross-validation, is specifically

designed for time-series datawhere the temporal order of the observationsmust be preserved.

In this method, the training set begins with a small subset of data, and the model is trained

sequentially asmore data becomes available. After each training iteration, themodel is tested

on the next time period. This iterative process simulates real-world nowcasting conditions,

where models are always fitted using past data to nowcast future outcomes. However, Walk-

Forward cross-validation can be less efficient in terms of data usage because each iteration

uses only a portion of the dataset for training and another small portion for testing. This often

results in higher variance in performance estimates, particularly in the early iterations when

less data is available for model training.

Figure 3: Walk Forward Cross Validation (5 folds)
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In our analysis, we found that 5-Fold cross-validation provided better performance than

Walk-Forwardcross-validation,which is consistentwith thefindingsofGouletCoulombeet al.

(2022). The K-Fold method delivered more stable and reliable results in terms of hyperparam-

eter tuning, likely because it fully utilizes the data in a balanced manner, and is less affected

by the temporal dependencies that Walk-Forward cross-validation seeks to preserve.

Hyperparameter Optimization: We explored two of the most widely used techniques for hy-

perparameter optimization: Grid Search and the Tree-Structured Parzen Estimator. Each of

these methods has distinct characteristics and advantages when tuning the hyperparameters

ofMLmodels, and they play a critical role in enhancingmodel performance by identifying the

most effective parameter configurations.

Grid Search is an exhaustive search technique that systematically evaluates all possible

combinations of hyperparameters from a predefined set of values. For each hyperparameter,

a range of values is defined, and the algorithm explores every possible combination of these

values, training and validating the model for each case. Although Grid Search guarantees that

the best combination within the specified grid is found, it can be computationally expensive,

especially when the number of hyperparameters and their possible values is large.

TheTree-StructuredParzenEstimator is aBayesianoptimization technique thatusesprob-

abilistic models to guide the search for optimal hyperparameters. Unlike Grid Search, which

explore the hyperparameter space without considering previous results, it builds a model of

the objective function based on past evaluations and uses this model to predict the most

promising areas of the hyperparameter space to explore next. It works by constructing a prob-

ability model for the objective function and selecting hyperparameter values that are most

likely to improve performance, thus allowing for a more targeted and efficient search.

Tree-Structured Parzen Estimator is particularly advantageous for complex models, such

as deep learning architectures (seeWatanabe (2023) formore details), where the hyperparam-

eter space is vast and nonlinear. By focusing on promising regions of the hyperparameter

space, it significantly reduces the number of evaluations needed to find the optimal config-

uration. As a result, it is often more effective than traditional methods in scenarios where
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hyperparameter interactions are complex and non-intuitive. This technique consists of the

following steps:

1. Given an initial number of evaluations (𝑁 𝑖𝑛𝑖𝑡) to an objective function, define 𝐷 ∶=
{(x𝑛,𝑦𝑛)}𝑁

𝑖𝑛𝑖𝑡
𝑛=1 as a set that stores every pair of hyperparameter configuration-objective

function value.

2. Divide set 𝐷 in two subsets: a good (𝐷𝑙) and a bad (𝐷𝑔) group of evaluations, given a

quantile 𝑦𝛾,𝛾 ∈ [0,1).

3. Construct probability density functions (PDF’s) 𝑝(x|𝐷𝑙),𝑝(x|𝐷𝑔) from a prior distribu-

tion for each hyperparameter and the use of kernel density estimators (KDE’s).

4. Get a sample from the PDF of the good group of evaluations 𝑆 ∶= {x𝑠}𝑁𝑠
𝑠=1 ∈ 𝑝(x|𝐷𝑙).

5. Optimize a surrogate function to obtain an optimal candidate to evaluate the objective

function:

x∗N+1 = argmax
x∈𝑆

𝑟(x|𝐷)

𝑟(x|𝐷) = 𝑝(x|𝐷𝑙)/𝑝(x|𝐷𝑔)

6. Evaluate the objective function with the optimal candidate: y∗N+1 = 𝑓(x∗N+1)

7. Update set𝐷←𝐷∪{(x∗N+1,y∗N+1)}.

8. Iterate over 1-7 until maximum number of evaluations to the objective function has

been reached.

9. Select the hyperparameter configuration that optimized the objective function.

After evaluating the performance and efficiency of all three methods, we selected Tree-

Structured Parzen Estimator as our preferred hyperparameter optimization technique. Its

ability to iteratively refine its search based on previous results makes it far more efficient than

Grid Search, particularly in complex models. The models’ hyperparameters search space is

defined in Table 3:
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Table 3: ML Models - Hyperparameters search space

Model Hyperparameter Prior Distribution
Lasso Alpha Uniform(10−3,3∗10−1)
Ridge Alpha Uniform(10−1,102)

Elastic Net
Alpha Uniform(10−3,3∗10−1)

L1 ratio Uniform(10−4,1)
SVR

Gamma Uniform(10−7,0.5)
C Uniform(1,105)

Decision Tree

Max. Depth Discrete Uniform(3,100)
Min. samples for leaf DiscreteUniform(1,20)
Min. samples for split DiscreteUniform(2,20)

Max. leaf nodes DiscreteUniform(5,20)

KNN
N Neighbors DiscreteUniform(2,30)

Weights {uniform,distance}

Random Forest

Max. Depth DiscreteUniform(3,100)
Min. samples for leaf DiscreteUniform(4,10)
Min. samples for split DiscreteUniform(4,10)

N. Estimators DiscreteUniform(30,200)

AdaBoost
Learning Rate Uniform(10−4,1)

Loss {linear,squared,exponential}
N. Estimators DiscreteUniform(30,200)

GBoost

Learning Rate Uniform(10−4,1)
Max. Depth DiscreteUniform(3,100)

Min. samples for leaf DiscreteUniform(4,10)
Min. samples for split DiscreteUniform(4,10)

N. Estimators DiscreteUniform(30,200)

XGBoost

Columns per tree Uniform(10−2,0.99)
Gamma Uniform(10−3,0.99)

Learning Rate Uniform(10−4,1)
Subsample Uniform(0.5,0.99)
Max. Depth DiscreteUniform(3,100)

N. Estimators DiscreteUniform(30,200)

Bagging

N. Estimators DiscreteUniform(5,20)
Max. Samples Uniform(10−2,1)
Max. Features Uniform(3∗10−2,1)

Bootstrap {True,False}
Bootstrap Features {True,False}

MLP

N. Layers DiscreteUniform(1,7)
Neurons per layer DiscreteUniform(1,15)

Activation {Identity, Logistic, Tanh, ReLU}
Alpha Uniform(10−8,0.99)

Batch size DiscreteUniform(10,20)
Beta 1 Uniform(10−2,0.99)
Beta 2 Uniform(10−2,0.99)
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Model Evaluation: Following the established practices in the GDP nowcasting literature, we

assess the predictive performance of our models using the Root Mean Square Error (RMSE), a

widely usedmetric for evaluating the accuracyof predictions. RMSEprovides adirectmeasure

of the average magnitude of the prediction error, penalizing larger errors more heavily, thus

making it an effective tool for comparing model performance.

For a given model𝑚, the RMSE is computed by taking the square root of the mean of the

squared differences between the actual values 𝑦𝑡 and the predicted values 𝑦̂𝑡. The RMSE for

each model is calculated as follows:

𝑅𝑀𝑆𝐸𝑚 =

⎷

1
32

𝑇


𝑡=𝑇−32
(𝑦𝑡 −𝑦̂𝑚𝑡 )2

where 𝑦𝑡 is the actual observed value of GDP at time 𝑡, 𝑦̂𝑚𝑡 is the nowcast generated by model

𝑚 at time 𝑡, 𝑇 represents August 2024 and the window of 32 observations refers to the test

period (e.g., the last 32 months).

4 Results

In order to evaluate and compare the performance of various ML methods, we performed

an out-of-sample nowcasting exercise from January 2022 to August 2024. We conducted four

separate analyses: for each target variable (total and non-primary GDP) and for each method

(direct versus bottom-up).

Tables 4 and 5 display the point nowcasts for YoY total GDP growth for the bottom-up and

direct approach, respectively. The first column represents the actual GDP values, while the

subsequent columns display the predictions for each ML model, the simple average of all ML

models (Mean ML), and the DFM, which serves as the benchmark.

From Table 4, we observe that all ML models report lower RMSE values than the DFM.

Models such as XGBoost and Elastic Net consistently deliver robust predictions, with RMSE

values around 0,6, showing their strength in handling non-linear patterns in GDP data.

Comparing tables 4 and 5, weobserve that the bottom-up approachdelivered lowerRMSE
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values for everyMLmodel. By assembling sectorial nowcasts, it is possible to capture episodes

of high volatility more precisely. For instance, in the second quarter of 2024, the agricultural

and fishery sectors experienced an important bounce that could not be captured well by the

direct approach. Intuitively, it may be easier forMLmodels to identify the idiosyncraticmove-

ments of each sector than the movement of a series (total GDP) that is an aggregation of all

sectors.

Table 4: Nowcast of YoY GDP (bottom-up)

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 2,8 4,4 4,0 4,1 3,6 3,1 4,1 3,9 3,8 3,4 3,6 3,6 3,9 3,8 4,0
Feb-22 4,7 5,2 5,4 5,3 5,4 5,2 5,5 5,4 5,6 5,3 5,6 5,3 5,3 5,4 5,9
Mar-22 3,8 3,8 3,8 3,7 3,9 3,5 3,7 3,7 3,6 3,6 3,5 3,6 3,9 3,7 4,0
Apr-22 4,0 3,6 3,6 3,7 3,5 3,4 3,9 3,6 3,5 3,2 3,7 3,5 3,5 3,6 4,3
May-22 2,6 2,4 2,5 2,5 2,4 2,5 2,1 2,4 2,4 2,3 2,3 2,5 2,3 2,4 1,7
Jun-22 3,5 3,1 3,2 3,3 3,0 3,6 3,4 3,5 3,4 3,7 3,5 3,3 3,2 3,4 3,6
Jul-22 1,8 2,4 2,3 2,3 2,5 3,3 2,5 2,4 2,6 2,5 2,6 2,5 2,5 2,5 2,8
Aug-22 2,0 1,8 1,9 1,8 2,1 2,3 1,8 2,0 1,8 1,8 2,1 1,8 1,8 1,9 1,9
Sep-22 2,1 1,5 1,7 1,6 1,2 1,4 1,5 1,6 1,6 1,9 1,5 1,6 1,6 1,6 1,7
Oct-22 2,3 3,0 2,7 2,8 2,5 3,3 2,8 3,0 3,3 3,1 3,0 3,3 2,7 3,0 3,5
Nov-22 2,1 2,5 2,4 2,5 2,3 2,4 2,9 2,6 2,6 2,2 2,3 2,5 2,3 2,4 2,7
Dec-22 1,0 2,2 2,3 2,3 2,1 2,9 2,1 2,1 2,3 2,1 2,4 2,3 2,4 2,3 1,8
Jan-23 -0,9 0,3 0,3 0,1 0,5 0,2 0,8 0,4 0,5 0,5 0,4 0,4 0,3 0,4 0,4
Feb-23 -0,6 -0,8 -0,9 -0,8 -0,8 -1,1 -0,5 -0,8 -0,9 -1,0 -0,9 -1,0 -1,0 -0,9 -1,0
Mar-23 0,3 0,6 -0,4 0,6 0,1 0,2 0,4 0,4 0,1 0,3 0,1 0,3 0,3 0,3 -0,2
Apr-23 0,4 0,5 0,4 0,5 0,7 0,9 1,3 1,2 0,9 0,9 0,9 0,6 0,4 0,8 1,1
May-23 -1,3 -1,1 -0,7 -0,9 -1,0 -0,8 -0,4 -0,4 -0,9 -0,6 -0,7 -0,5 -0,7 -0,7 -0,9
Jun-23 -0,6 -0,7 -0,5 -0,9 -0,5 -0,7 -0,8 -0,7 -0,9 -0,9 -0,7 -0,8 -0,5 -0,7 -1,5
Jul-23 -1,2 -0,3 -0,3 -0,3 -0,1 -0,1 -0,3 -0,4 -0,2 0,1 0,1 0,1 -0,5 -0,2 -0,4
Aug-23 -0,4 -0,8 -0,8 -0,6 -0,8 -0,4 -0,9 -1,0 -0,5 -0,5 -0,5 -0,6 -0,7 -0,7 -1,2
Sep-23 -1,2 -1,0 -1,1 -1,1 -1,4 -0,4 -1,0 -0,7 -0,8 -0,8 -0,8 -0,6 -1,0 -0,9 -0,3
Oct-23 -0,7 -0,4 -0,4 -0,5 -0,3 -0,5 -0,4 -0,5 -0,4 -0,5 -0,6 -0,5 -0,4 -0,5 -0,4
Nov-23 0,3 -0,5 -0,6 -0,5 -0,7 0,1 -0,4 -0,2 -0,2 -0,2 -0,2 -0,1 -0,7 -0,4 0,4
Dec-23 -0,7 -1,2 -0,8 -0,9 -0,7 -0,8 -0,7 -0,6 -1,2 -1,0 -0,7 -1,0 -1,0 -0,9 -0,5
Jan-24 1,5 1,3 1,3 1,3 1,3 1,1 1,1 1,1 1,2 1,1 1,0 1,1 1,2 1,2 0,8
Feb-24 3,2 3,4 3,2 3,2 3,6 2,7 3,4 3,2 2,8 2,9 3,3 3,1 3,4 3,2 3,6
Mar-24 -0,4 -0,7 -0,5 -0,8 -0,6 -0,7 -0,9 -0,8 -0,8 -0,3 -0,6 -0,7 -0,8 -0,7 -0,7
Apr-24 5,4 4,7 4,4 4,5 4,3 4,6 3,6 3,9 4,6 4,9 4,8 4,5 4,2 4,4 3,4
May-24 5,3 5,1 5,0 5,1 5,5 5,8 4,9 5,5 5,4 5,2 5,4 5,5 4,9 5,3 6,2
Jun-24 0,3 1,5 1,4 1,5 1,4 1,3 1,9 1,6 1,1 1,2 1,0 1,0 1,4 1,4 1,8
Jul-24 4,6 3,5 3,5 3,4 3,6 3,5 3,7 3,5 3,2 3,4 3,8 3,7 3,5 3,5 3,7
Aug-24 3,7 3,8 3,6 3,5 3,4 3,3 3,4 3,4 3,4 3,4 3,5 3,3 3,6 3,5 2,9
RMSE 0,636 0,621 0,597 0,630 0,696 0,773 0,683 0,647 0,610 0,590 0,613 0,634 0,612 0,840
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Table 5: Nowcast of YoY GDP (direct)

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 2,8 2,9 2,5 3,0 2,6 2,9 2,2 2,4 2,5 2,4 2,3 2,7 3,0 2,6 3,6
Feb-22 4,7 3,2 3,1 3,1 3,9 2,6 3,4 3,3 3,3 3,3 3,4 3,4 3,2 3,3 4,6
Mar-22 3,8 5,2 4,6 5,1 5,0 4,1 4,8 4,0 4,2 3,9 4,1 4,7 5,1 4,6 3,9
Apr-22 4,0 3,6 4,2 4,1 3,7 3,0 4,0 4,0 4,0 3,8 4,1 4,2 3,8 3,9 5,2
May-22 2,6 3,5 3,4 3,2 3,2 3,7 3,2 3,1 3,1 3,7 3,4 3,1 3,2 3,3 2,0
Jun-22 3,5 2,4 2,7 2,6 2,7 2,3 2,5 2,5 2,7 2,8 2,8 2,7 2,6 2,6 3,6
Jul-22 1,8 3,1 3,1 3,3 3,0 3,3 3,1 3,2 3,6 3,3 3,3 3,6 3,1 3,3 4,0
Aug-22 2,0 2,0 2,1 2,2 2,0 1,9 2,1 1,9 1,9 2,1 1,6 1,9 2,0 2,0 1,1
Sep-22 2,1 1,6 1,6 1,6 1,6 1,3 1,3 1,4 1,4 1,0 1,5 1,7 1,5 1,4 1,1
Oct-22 2,3 2,5 2,5 2,5 2,4 3,3 2,6 2,8 2,8 2,9 2,7 2,9 2,5 2,7 3,7
Nov-22 2,1 2,5 2,6 2,6 2,2 2,2 2,7 2,7 2,6 2,6 2,9 2,6 2,5 2,6 2,7
Dec-22 1,0 2,1 2,1 1,9 2,3 1,7 1,9 1,9 2,2 2,3 1,8 1,8 1,9 2,0 1,0
Jan-23 -0,9 0,6 0,5 0,7 1,2 1,2 0,7 1,7 1,7 1,6 1,5 1,6 0,9 1,1 2,4
Feb-23 -0,6 -1,9 -2,2 -2,2 -2,0 -1,5 -1,0 -0,8 -1,2 -1,4 -0,7 -0,9 -2,3 -1,5 -1,3
Mar-23 0,3 0,6 0,5 0,6 0,6 -0,8 0,2 0,2 0,4 0,6 0,5 0,5 0,5 0,4 -1,3
Apr-23 0,4 0,2 0,0 0,0 -0,3 0,1 0,4 0,0 -0,3 -0,5 0,0 -0,1 0,2 0,0 -0,1
May-23 -1,3 0,0 0,2 0,0 0,3 0,4 0,7 0,6 0,3 0,3 0,2 0,4 0,1 0,3 0,2
Jun-23 -0,6 -1,3 -1,4 -1,0 -1,1 -1,3 -1,6 -1,3 -1,1 -1,3 -1,4 -1,1 -1,4 -1,3 -1,5
Jul-23 -1,2 -0,1 -0,1 -0,1 0,2 -0,6 -0,3 -0,3 -0,5 -0,3 -0,3 -0,4 0,0 -0,2 1,4
Aug-23 -0,4 -0,8 -0,8 -0,2 -0,8 0,1 -1,0 -0,7 -0,8 -0,1 -0,7 -0,7 -0,7 -0,6 -1,5
Sep-23 -1,2 -0,7 -0,6 -0,6 -0,8 -0,4 -0,7 -0,5 -0,6 -0,6 -0,9 -0,6 -0,7 -0,6 -0,4
Oct-23 -0,7 -0,7 -0,9 -0,9 -0,6 -0,2 -0,8 -0,5 -0,6 -0,5 -0,3 -0,5 -0,9 -0,6 -0,8
Nov-23 0,3 -1,0 -0,9 -1,1 -0,9 0,0 -0,3 -0,7 -0,6 -0,5 -0,8 -0,7 -0,9 -0,7 -0,1
Dec-23 -0,7 0,3 0,4 0,4 0,1 0,1 0,5 0,3 0,5 0,6 0,3 0,1 0,4 0,3 -0,8
Jan-24 1,5 2,2 1,5 2,7 2,5 1,1 1,8 0,9 1,0 1,1 0,6 0,7 1,9 1,5 1,3
Feb-24 3,2 2,3 1,9 2,3 1,9 2,1 2,3 1,9 1,5 1,5 2,0 1,9 2,8 2,0 3,3
Mar-24 -0,4 -1,0 -1,1 -1,0 -1,0 0,4 -0,8 -0,3 -1,1 -1,1 -0,1 -1,1 -1,1 -0,8 0,1
Apr-24 5,4 3,0 3,0 3,1 3,3 2,6 2,9 2,6 2,7 2,8 2,7 2,6 3,1 2,9 2,8
May-24 5,3 3,1 3,3 3,3 3,1 3,8 3,8 3,9 4,1 3,9 3,2 3,9 3,3 3,6 4,9
Jun-24 0,3 2,5 2,7 2,6 2,9 3,9 3,4 3,1 2,8 2,4 3,1 3,2 2,6 2,9 2,6
Jul-24 4,6 3,4 3,1 3,3 3,1 2,5 3,1 2,9 3,2 2,6 3,4 2,7 3,1 3,0 4,4
Aug-24 3,7 3,0 3,2 3,1 3,2 2,6 3,3 3,1 3,2 3,2 3,5 3,4 3,2 3,2 3,0
RMSE 1,100 1,123 1,120 1,142 1,302 1,127 1,178 1,154 1,187 1,150 1,181 1,108 1,114 1,245

Tables 6 and 7 present the monthly nowcasts of YoY non-primary GDP growth for the

bottom-up and direct approach, respectively. Non-primary GDP is particularly important be-

cause it typically has less real-time information compared to total GDP,making its nowcasting

crucial for policymakers and economic analysts.

Wenotice thatMLmodelsproducedaccuratepredictions fornon-primaryGDP,withRMSE

values consistently around 0,7 and 0,8. These models perform relatively well in economic

downturns (second half of 2023) or in volatile periods (e.g., first half of 2024). DFMperformed

similarly to ML models, achieving an RMSE of 0,7, indicating that the ML models are on par

with the more traditional DFM in terms of prediction accuracy.

Nevertheless, models struggled to nowcast the rapid slowdown observed in January 2023.

Although the magnitude of the error was lower for the bottom-up approach, in each of our

four exercises these models failed to account for the economic deterioration caused by social

conflicts. In this period, the DFM did a better job in capturing non-primary GDP movements.
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Table 6: Nowcast of YoY Non-Primary GDP (bottom-up)

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 2,9 4,3 4,0 4,0 3,9 4,0 4,0 4,1 4,1 4,0 4,0 4,1 4,1 4,1 3,9
Feb-22 6,1 6,5 6,5 6,5 6,5 6,5 6,5 6,4 6,6 6,3 6,5 6,4 6,5 6,5 7,1
Mar-22 5,3 5,1 4,9 4,8 5,0 4,9 4,7 4,8 4,7 4,8 4,7 4,7 4,9 4,8 5,3
Apr-22 5,1 4,7 4,6 4,6 4,5 4,6 4,7 4,7 4,6 4,7 4,7 4,7 4,6 4,6 4,9
May-22 4,4 4,6 4,3 4,4 4,4 4,5 4,4 4,4 4,6 4,5 4,5 4,5 4,4 4,5 4,3
Jun-22 3,7 3,8 3,8 3,8 3,9 3,9 3,8 4,0 3,9 4,0 4,1 3,9 3,8 3,9 4,0
Jul-22 2,1 3,0 3,0 2,9 3,0 3,5 3,1 3,0 3,1 3,0 3,0 2,9 3,1 3,0 2,9
Aug-22 2,8 2,4 2,3 2,4 2,5 3,0 2,4 2,6 2,5 2,4 2,6 2,5 2,2 2,5 2,6
Sep-22 2,7 2,0 2,2 2,0 2,0 1,8 2,0 1,9 2,0 2,3 1,9 2,0 2,1 2,0 2,0
Oct-22 2,1 3,0 2,9 3,0 2,9 2,8 2,9 3,0 3,0 2,9 2,9 3,2 2,9 3,0 2,8
Nov-22 2,1 2,4 2,3 2,4 2,3 2,6 2,6 2,4 2,5 2,5 2,5 2,7 2,4 2,5 2,3
Dec-22 -0,2 1,4 1,4 1,2 1,3 1,3 1,4 1,4 1,3 1,4 1,4 1,4 1,4 1,4 1,3
Jan-23 -1,9 -0,1 0,0 0,0 0,0 -0,3 0,2 0,0 0,1 0,1 -0,1 -0,1 0,1 0,0 -0,7
Feb-23 -1,6 -1,8 -1,9 -1,7 -1,9 -2,0 -1,8 -1,9 -1,9 -1,9 -1,8 -1,9 -1,8 -1,9 -2,2
Mar-23 -1,9 -2,1 -2,1 -2,0 -2,1 -2,2 -2,1 -2,0 -2,3 -2,2 -2,1 -2,1 -2,1 -2,1 -2,3
Apr-23 -1,1 -2,1 -2,0 -2,0 -1,9 -1,4 -1,7 -1,7 -1,7 -1,8 -1,8 -1,7 -2,0 -1,8 -1,8
May-23 -1,4 -1,2 -1,1 -1,2 -1,2 -0,9 -1,0 -1,1 -1,2 -1,1 -1,1 -1,2 -1,1 -1,1 -1,1
Jun-23 -0,7 -1,4 -1,2 -1,3 -1,4 -1,4 -1,2 -1,2 -1,4 -1,3 -1,4 -1,2 -1,2 -1,3 -1,2
Jul-23 -2,0 -0,5 -0,5 -0,5 -0,4 -0,7 -0,6 -0,5 -0,5 -0,3 -0,5 -0,5 -0,7 -0,5 -0,6
Aug-23 -1,8 -2,1 -2,0 -1,8 -2,0 -1,8 -1,6 -1,8 -1,9 -1,8 -1,8 -1,9 -2,0 -1,9 -1,8
Sep-23 -2,5 -2,7 -2,7 -2,7 -2,9 -2,2 -2,5 -2,4 -2,4 -2,5 -2,3 -2,3 -2,8 -2,5 -2,1
Oct-23 -1,5 -1,1 -1,2 -1,2 -1,1 -1,3 -1,1 -1,4 -1,4 -1,4 -1,4 -1,4 -1,2 -1,3 -1,1
Nov-23 -1,6 -1,5 -1,6 -1,6 -1,6 -1,5 -1,5 -1,5 -1,5 -1,6 -1,6 -1,5 -1,6 -1,6 -1,0
Dec-23 0,3 -1,1 -0,8 -0,7 -0,6 -0,7 -0,8 -0,8 -0,8 -1,0 -0,7 -0,8 -1,0 -0,8 -0,2
Jan-24 2,3 2,3 2,2 2,3 2,3 2,4 2,2 2,1 2,2 2,2 2,2 2,2 2,2 2,2 1,9
Feb-24 2,7 2,2 2,1 2,3 2,4 1,9 2,3 2,2 2,0 2,0 2,3 2,1 2,3 2,2 2,5
Mar-24 -0,3 -0,7 -0,7 -0,7 -0,6 -0,5 -0,6 -0,6 -0,7 -0,5 -0,5 -0,5 -0,7 -0,6 -0,6
Apr-24 3,9 4,0 3,8 4,0 3,8 3,5 3,7 3,6 3,7 3,8 3,9 3,7 3,8 3,8 3,8
May-24 2,5 2,3 2,2 2,3 2,5 2,7 2,5 2,4 2,3 2,3 2,3 2,3 2,3 2,4 3,1
Jun-24 1,1 1,4 1,3 1,3 1,3 1,3 1,0 1,0 1,0 1,0 1,0 1,0 1,4 1,1 1,2
Jul-24 5,1 3,8 3,8 3,8 3,9 4,0 3,9 3,8 3,6 3,9 3,9 3,8 3,8 3,8 3,8
Aug-24 3,6 3,3 3,1 3,0 3,0 3,1 3,4 3,3 3,2 3,3 3,3 3,2 3,2 3,2 3,0
RMSE 0,763 0,737 0,720 0,718 0,719 0,742 0,722 0,768 0,742 0,721 0,731 0,743 0,726 0,672
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Table 7: Nowcast of YoY Non-Primary GDP (direct)

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 2,9 3,0 2,9 3,0 2,9 2,9 3,1 3,2 3,2 3,0 3,2 3,3 3,0 3,1 2,8
Feb-22 6,1 6,3 6,3 6,4 6,5 6,7 6,8 6,8 7,0 6,7 7,1 6,7 6,3 6,6 7,1
Mar-22 5,3 5,6 5,7 5,6 5,5 5,3 5,5 5,5 5,8 6,0 5,7 5,7 5,7 5,6 5,6
Apr-22 5,1 4,5 4,6 4,4 4,4 4,6 4,8 4,6 4,8 4,7 4,4 4,4 4,6 4,6 5,4
May-22 4,4 5,1 5,1 4,9 5,1 5,0 5,0 5,0 5,2 5,2 5,0 5,1 5,1 5,1 4,3
Jun-22 3,7 4,0 4,1 4,2 4,3 4,6 4,0 4,2 4,2 4,1 4,3 4,2 4,3 4,2 4,1
Jul-22 2,1 3,1 3,4 3,0 3,2 3,6 3,2 3,3 3,4 3,4 3,2 3,3 3,1 3,3 3,0
Aug-22 2,8 2,4 2,3 2,2 2,5 2,4 2,4 2,5 2,7 2,9 2,6 2,5 2,2 2,5 2,3
Sep-22 2,7 1,8 1,6 1,8 2,1 1,9 1,8 1,9 1,8 1,7 1,8 1,8 1,8 1,8 1,9
Oct-22 2,1 3,1 3,0 3,0 3,0 3,0 2,8 2,7 2,8 2,8 2,5 2,9 3,0 2,9 2,6
Nov-22 2,1 1,8 1,8 2,1 1,9 2,1 2,0 2,1 2,1 2,1 1,9 2,0 2,0 2,0 1,6
Dec-22 -0,2 1,0 0,9 1,0 1,3 1,5 1,5 1,4 1,3 1,2 1,3 1,5 1,1 1,2 0,5
Jan-23 -1,9 0,6 0,5 0,5 0,6 1,3 0,9 1,0 1,0 1,2 1,4 1,0 0,5 0,9 0,3
Feb-23 -1,6 -1,4 -1,5 -1,5 -1,7 -1,5 -1,5 -1,6 -1,5 -1,5 -2,0 -1,8 -1,6 -1,6 -2,2
Mar-23 -1,9 -1,5 -1,6 -1,6 -1,8 -0,7 -1,5 -1,4 -1,3 -1,2 -1,2 -1,2 -1,5 -1,4 -2,2
Apr-23 -1,1 -2,3 -2,4 -2,4 -2,3 -2,2 -2,3 -2,2 -2,2 -2,1 -2,2 -2,3 -2,3 -2,3 -2,2
May-23 -1,4 -0,3 -0,5 -0,5 -0,4 -0,1 -0,2 -0,2 -0,2 -0,3 -0,3 0,0 -0,5 -0,3 -0,4
Jun-23 -0,7 -1,3 -1,4 -1,4 -1,4 -1,0 -1,4 -1,4 -1,4 -1,3 -1,4 -1,6 -1,3 -1,4 -1,5
Jul-23 -2,0 -0,5 -0,5 -0,5 -0,4 -0,7 -0,4 -0,7 -0,7 -0,8 -0,8 -0,8 -0,4 -0,6 -0,3
Aug-23 -1,8 -1,6 -1,5 -1,4 -1,5 -1,1 -1,5 -1,5 -1,6 -1,4 -1,6 -1,5 -1,6 -1,5 -1,9
Sep-23 -2,5 -2,2 -2,1 -2,1 -2,1 -1,9 -2,1 -2,0 -2,1 -1,9 -2,1 -1,9 -2,1 -2,1 -1,8
Oct-23 -1,5 -1,6 -1,5 -1,4 -1,3 -1,6 -1,5 -1,4 -1,4 -1,6 -1,5 -1,4 -1,5 -1,5 -1,2
Nov-23 -1,6 -1,6 -1,9 -1,8 -1,8 -1,3 -1,7 -1,7 -1,8 -1,6 -1,5 -1,7 -1,9 -1,7 -1,1
Dec-23 0,3 -1,5 -1,5 -1,5 -1,6 -1,4 -1,5 -1,4 -1,6 -1,5 -1,4 -1,3 -1,4 -1,5 -1,0
Jan-24 2,3 2,6 2,6 2,5 2,4 1,6 1,7 1,6 1,5 1,8 1,8 1,6 2,6 2,0 1,3
Feb-24 2,7 2,3 2,3 2,3 2,1 2,6 2,2 2,1 2,2 2,2 2,2 2,2 2,3 2,3 2,5
Mar-24 -0,3 -0,2 -0,3 -0,3 -0,4 -0,2 -0,2 0,0 -0,1 0,0 -0,2 -0,2 -0,4 -0,2 0,1
Apr-24 3,9 3,4 3,3 3,3 3,4 3,5 3,5 3,5 3,6 3,6 3,4 3,5 3,2 3,4 3,6
May-24 2,5 2,0 1,9 2,3 2,1 2,4 2,0 2,0 2,0 2,3 1,8 2,1 2,2 2,1 3,0
Jun-24 1,1 1,7 1,6 1,8 1,7 1,1 1,3 1,4 1,4 1,6 1,5 1,3 1,7 1,5 1,6
Jul-24 5,1 3,0 3,1 3,0 3,1 3,0 3,1 3,1 3,1 3,3 3,2 3,0 3,2 3,1 3,4
Aug-24 3,6 3,6 3,5 3,6 3,5 3,0 3,5 3,5 3,4 3,3 3,6 3,5 3,5 3,5 2,9
RMSE 0,907 0,907 0,885 0,919 1,035 0,952 0,951 0,966 0,950 0,977 0,979 0,885 0,927 0,841

Regarding hyperparameter values, some interesting evidence arises. Dimensionality re-

duction techniques are preferred by Tree-Structured Parzen Estimator across target variables

and ML models. Furthermore, LARs stands out as a better strategy than PCA for all ML mod-

els, except Decision Tree, that sometimes performs better with PCA. On the other hand, we

find mixed evidence regarding feature matrix rotations. While the Tree-Structured Parzen Es-

timator tends to use MARX more often that MAF or X for most out-of-sample nowcasts, the

frequency of this election is not as absolute as LARs election for the dimensionality reduction

techniques. While LARs was chosen 96 percent of the time (2581 out of 2688 times), MARX

was chosen around 70 percent of the time. In Table 8, we observe the relative frequency of use

of every hyperparameter in the out-of-sample exercises:

27



Table 8: Hyperparameters - Frequency of usage in Out-of-Sample exercises
(Percentage points)

Dimensionality reduction Rotations
LARs PCA None MARX X MAF
96,0 3,6 0,3 69,6 44,4 31,8

5 Conclusion

In this paper, we applied ML techniques to nowcast total and non-primary peruvian GDP.

By testing a wide range of model specifications, we compared the accuracy of ML methods

against the DFM, a standard benchmark for nowcasting. Our findings show that ML models

performed relatively well in this task, delivering lower RMSE values than the DFM for total

GDP, and similar values for non-primary GDP.

One of the key contributions of this study is the application of a bottom-up approach for

nowcasting, a procedure that involved nowcasting disaggregated sectorial components of to-

tal and non-primary GDP. By doing this, we were able to reduce the RMSE by around 45 and

22 percent for each target variable, respectively. Besides that, we explored the usefulness of

adding new features and reducing the dimensionality of the feature matrix for enhancing pre-

dictability. The inclusionofmoving averages of features and theuseof LARs for dimensionality

reduction were the preferred procedures most of the time.

An important avenue for future work involves extending the scope from nowcasting to

forecasting. While nowcasting focuses on the current state of the economy, incorporating

forecasting elements could provide insights into future economic trends. This would further

enhance the utility of ML techniques in economic decision-making.

Besides, weplan to exploremethods for improving the interpretability ofMLmodels, such

as SHAP (Shapley Additive Explanations) or LIME (Local Interpretable Model-agnostic Expla-

nations). Making ML results more interpretable will not only boost their reliability but also

increase their acceptance among policymakers and economists, who often require a clear un-

derstanding of the underlying drivers of the predictions.
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In conclusion,whileML techniqueshaveproven tobehighly effective in thenowcastingof

Peruvian GDP, there are still exciting opportunities to expand and refine their application. By

extending into forecasting and improving interpretability, future research inML for economic

predictions can continue to advance.
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A DynamicFactorModel forNowcastingMonthlyGDPinPeru

The methodology of this document follows the theory defined by Bańbura et al. (2013) and

MarianoandMurasawa (2010), andamodified versionof the implementation inPythonmade

by Fulton (2020). The DFM posits that a small number of unobservable factors can be used to

explain a substantial portion of the variation and dynamics of a large number of observable

variables. These observable variables can consist of dozens or even hundreds of series, so

estimating dynamic factors serves as a dimension reduction technique. The estimated factors

can then be used for forecasting and nowcasting. The model is specified as follows:

𝑦𝑡 =Λ𝑓𝑡 +𝜖𝑡

𝑓𝑡 =𝐴1𝑓𝑡−1+...+𝐴𝑝𝑓𝑡−𝑝+𝑢𝑡,

where 𝑦𝑡 = (𝑦1,𝑡,𝑦2,𝑡, ...,𝑦𝑛,𝑡)′ denote monthly series, transformed to meet stationarity. 𝜖𝑡 are

the idiosyncratic disturbances at time 𝑡, 𝑓𝑡 is an 𝑟 × 1 vector containing unobservable com-

mon factors, modeled as a VAR process of order 𝑝. 𝑢𝑡 ∼ 𝑁(0,𝑄) are the disturbances associ-

ated with the dynamic factors. Additionally, Λ is the matrix of factor loadings, and 𝐴𝑖 are the

autoregressive coefficient 𝑟 ×𝑟 matrices. Lastly, we allow the idiosyncratic component of the

monthly series to follow an AR(1) process:

𝜖𝑖,𝑡 =𝛼𝑖𝜖𝑖,𝑡−1+𝑒𝑖,𝑡, with 𝑒𝑖,𝑡 ∼ 𝑖.𝑖.𝑑.𝑁(0,𝜎2
𝑖 ) and 𝔼[𝑒𝑖,𝑡,𝑒𝑗,𝑡] = 0,∀𝑖 ≠ 𝑗

The model specification allows for the separation of unobserved factors into two categories:

(i) global factors, which exhibit cross-sectional comovement across all groups of explanatory

variables (suchas coincident/leadingeconomic indicators, employment, credit, fiscal accounts,

among others), and (ii) group-specific factors for each group of variables.

To see this, we restrictΛ,𝐴1,𝐴2, ...,𝐴𝑝 and𝑄, in order topartition𝑓𝑡 intomutually independent
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global (g) and𝑚 group-specific (s) factors:

Λ=

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

Λ𝑔,𝑠1 𝐴𝑠1,𝑠1 0 ... 0
Λ𝑔,𝑠2 0 𝐴𝑠2,𝑠2 ... 0
⋮ ⋮ ... ⋱ ⋮

Λ𝑔,𝑠𝑚 0 ... 0 𝐴𝑠𝑚,𝑠𝑚

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠

𝑓𝑡 =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

𝑓𝑔𝑡
𝑓𝑠1𝑡
⋮
𝑓𝑠𝑚𝑡

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠

, 𝐴𝑖 =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

𝐴𝑖,𝑔 0 ... 0
0 𝐴𝑖,𝑠1 ... 0
⋮ ⋮ ⋱ ⋮
0 0 ... 𝐴𝑖,𝑠𝑚

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠

, 𝑄 =

⎛⎜⎜⎜⎜⎜⎜⎜⎜
⎝

𝑄𝑔 0 ... 0
0 𝑄𝑠1 ... 0
⋮ ⋮ ⋱ ⋮
0 0 ... 𝑄𝑠𝑚

⎞⎟⎟⎟⎟⎟⎟⎟⎟
⎠

This framework accounts for cross-sectional correlation within the group-specific blocks,

allowing for a more efficient estimation of the global factor(s). Moreover,𝐴𝑖,𝑔 is not necessar-

ily a diagonal matrix, and thus it may allow the existence of multiple correlated global factors.

A.1 Data

The initial set of variables includes up to 182 series, spanning from January 2006 to September

2024. This set consists of structured series such as industrial activity indicators, prices, fiscal

accounts, trade balance, terms of trade, employment statistics, expectations survey indices,

financial system data, and equity market information. On the other hand, non-structured

series are represented by the number of relevant searches, gathered through Google Trends,

related to crises, expenditure, government transfers, among other topics.

To reduce the number of series to amore relevant subset, we apply a LASSOmodel, where

hyperparameter optimization within the period 2011-2019 resulted in a preselection of 155

variables.

Lastly, we transform the variables as follows. First, we apply seasonal adjustment to the

entire reduced dataset, using the software JDemetra+. Next, variables originally expressed

in levels are converted to month-on-month variations to meet the stationarity assumption.
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Finally, we remove observations that are more than 10 times the Interquartile Range (IQR =
𝑄3−𝑄1, where𝑄𝑖 is the 𝑖-th quartile) from the mean. This outlier removal implicitly excludes

most of the COVID-19 period.

A.2 Estimation

The details of the state-space representation can be found in Mariano and Murasawa (2010)

and Bańbura et al. (2013). The literature on nowcasting with DFM estimates 𝜃 = (Λ,𝐴,𝑄,𝜎2)
usingmaximum likelihood, through the Expectation-Maximization (EM) algorithm, which al-

lows for the handling of missing observations. This algorithm roughly consists of iterating

a two-step approach, while treating the unobserved factors as latent variables: (i) given a

current estimate of 𝜃, we compute the expected value of the log-likelihood function of the

complete data (observed data and latent factors); and then (ii) we maximize the expected log-

likelihood with respect to the parameters 𝜃, yielding new estimates of the parameters.

The algorithm works as follows: we begin with an initial guess for 𝜃. In the first step (Ex-

pectation Step), we use a KalmanFilter and Smoother to compute the conditional expectation

of the latent factors 𝑓𝑡 and their covariances, in order to calculate the expected value of the

complete data log-likelihood, which depends on the latent factors. In the second step (Maxi-

mization Step), the expected log-likelihood from the previous step is maximized with respect

to the parameters. We repeat the process until convergence, i.e., until the changes in the log-

likelihood between iterations become sufficiently small.

The algorithm is implemented via the DynamicFactorMQ class included in the statsmod-

els library in Python. We compared the performance of various specifications for the DFM

and determined that the best model so far had 2 global factors that follow a VAR process of or-

der 4. Additionally, we identified three group-specific factors for the indicators of economic

activity, employment, and expectations, that follow a VAR process with 3 lags. The remaining

four groups of variables each have 1 factor that follow AR(1) processes.
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B Dataset Description

Variable Definition Frequency Aggregation

PBI_pesca Fishery GDP Monthly -

PBI_mineria Mining GDP Monthly -

elec Total electricity generation Monthly -

elec_sm Total electricity generation excluding demand from mining companies Monthly -

elec_resto Electricity generation excluding demand from mining and manufacturing companies Monthly -

elec_manuf Electricity demand from manufacturing companies Monthly -

cic Domestic cement consumption Monthly -

unacem UNACEM cement shipments Monthly -

afo Public Construction Monthly -

anchoveta Anchovy landings Monthly -

pet Oil production Daily Sum

lgn Liquefied natural gas production Daily Sum

gn Natural gas production Daily Sum

colocac Baby chicken placements Monthly -

ipc_tot Consumer Price Index Monthly -

ipc_sae CPI without Food and Energy Monthly -

ipm Wholesale Price Index Monthly -

ipc_aa Food CPI Monthly -

ipc_comb Fuel CPI Monthly -

ipc_ele Electricity CPI Monthly -

ipc_core Core CPI Monthly -

precio_pollo Wholesale chicken price Monthly -

arroz Rice supply to wholesale markets Monthly -

papa Potato supply to wholesale markets Monthly -

cebolla Onion supply to wholesale markets Monthly -

igv_int_real Real Domestic VAT Monthly -

ir Real Income Tax Monthly -

fbk Gross Capital Formation Monthly -

ingtrib Real tax revenues Monthly -

ingnotrib Real non-tax revenues Monthly -

volexp_trad Traditional export volume Monthly -

volexp_notrad Non-traditional export volume Monthly -

volimp_insum_plast Import volume of plastic inputs Monthly -

volimp_insum_hierro Import volume of iron Monthly -

volimp_insum_text Import volume of textiles Monthly -

volimp_insum_papel Import volume of paper Monthly -

volimp_insum_pquim Import volume of chemical products Monthly -

volimp_insum_qorg Import volume of organic chemicals Monthly -

volimp_bbk Import volume of capital goods without construction materials Monthly -

volimp_cons Import volume of durable consumer goods Monthly -

tdi Terms of Trade Monthly -

desempleo Unemployment Rate Monthly -

peao Employed Economic Active Population Monthly -

expti_12m BTS: Inflation expectations 12 months ahead Monthly -

exppbi_12m BTS: GDP expectations 12 months ahead Monthly -

sitactneg_indice BTS: Current business situation Monthly -

ventasn_indice BTS: Sales index with respect to the previous month Monthly -

producn_indice BTS: Production index with respect to the previous month Monthly -

nivdda_indice BTS: Demand level with respect to expected Monthly -

ordcompran_indice BTS: Purchase orders Monthly -

inv_nd BTS: Unwanted inventories Monthly -

eco3prox_indice BTS: Economy 3 months ahead Monthly -

ecoañoprox_indice BTS: Economy 12 months ahead Monthly -
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sec3prox_indice BTS: Sector 3 months ahead Monthly -

secañoprox_indice BTS: Sector 12 months months ahead Monthly -

emp3prox_indice BTS: Company situation 3 months ahead Monthly -

empañoprox_indice BTS: Company situation 12 months ahead Monthly -

dda3prox_indice BTS: Demand 3 months ahead Monthly -

ddaañoprox_indice BTS: Demand 12 months ahead Monthly -

cont3prox_indice BTS: Hiring 3 months ahead Monthly -

contañoprox_indice BTS: Hiring 12 months ahead Monthly -

invr3prox_indice BTS: Investment 3 months ahead Monthly -

invrañoprox_indice BTS: Investment 12 months ahead Monthly -

preinstresfor_indice BTS: Price of inputs 3 months ahead Monthly -

prevtatresfor_indice BTS: Sales price 3 months ahead Monthly -

indicca_p COS: Consumer confidence - Present Monthly -

indicca_f COS: Consumer confidence - Future Monthly -

credito_cons Private sector credit balance - Consumption Monthly -

credito_hipo Private sector credit balance - Mortgage Monthly -

credito_emp Private sector credit balance - Companies Monthly -

circulante Currency in circulation Monthly -

banc_actextlp Long-Term Net External Assets of banking companies Monthly -

banc_liqmn Liquidity in domestic currency of banking companies Monthly -

banc_obligvistamn Demand deposits in domestic currency of banking companies Monthly -

banc_obligahorrmn Savings deposits in domestic currency of banking companies Monthly -

banc_obligplazomn Fixed-Term Liabilities in domestic currency of banking companies Monthly -

banc_liqme Foreign currency liquidity of banking companies Monthly -

emisionprim Monetary base - End of Period Monthly -

credito_mn Credit in domestic currency (millions S/) Monthly -

credito_me Credit in foreign currency (millions US$) Monthly -

banc_creditomn Credit in domestic currency to the Private Sector of banking companies Monthly -

banc_cajamn Cash in domestic currency of banking companies Monthly -

banc_cdbcrpmn BCRP Certificates of deposit of banking companies Monthly -

banc_creditome Credit in foreign currency to the Private Sector of banking companies Monthly -

banc_depbcrpme Deposits in foreign currency in the BCRP of banking companies Monthly -

banc_pasextcp Short-Term External Liabilities in foreign currency of banking companies Monthly -

banc_pasextlp Long-Term External Liabilities in foreign currency of banking companies Monthly -

banc_obligme Liabilities in foreign currency with the Private Sector of banking companies Monthly -

rin Net International Reserves Monthly -

lbtr_mn_tot Payments through LBTR in domestic currency Monthly -

lbtr_mn_cheq Payments through LBTR in domestic currency with Checks Monthly -

lbtr_mn_transf Payments through LBTR in domestic currency with Credit Transfers Monthly -

lbtr_me_tot Payments through LBTR in foreign currency Monthly -

lbtr_me_cheq Payments through LBTR in foreign currency with Checks Monthly -

lbtr_me_transf Payments through LBTR in foreign currency with Credit Transfers Monthly -

tasa_pm Monetary Policy Reference Rate Monthly -

tasa_over National currency overnight deposit rate Monthly -

tasa_bonosper10mn Peruvian 10-year Government Bond Yield in S/ Monthly -

tasa_bonosper10me Peruvian 10-year Government Bond Yield in US$ Monthly -

tasa_encaje Reserve ratio Monthly -

tasa_amn Average lending interest rate in domestic currency Monthly -

tasa_pmn Average borrowing interest rate in domestic currency Monthly -

tasa_interbanc Interbank Average Interest Rate in domestic currency Monthly -

tasa_ame Average lending interest rate in foreign currency Monthly -

tasa_ipme Average borrowing interest rate in foreign currency Monthly -

tasa_hipomn Mortgage Loan Interest Rate in domestic currency Monthly -

mcdocap_bonos Bonds - Private sector Monthly -

mdocap_bonos_fin Bonds - Financial Institutions Monthly -

mdocap_bonos_nofin Bonds - Non-Financial Institutions Monthly -

mdocap_valpub Public Sector Securities Monthly -
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igbvl General BVL Index Monthly -

isbvl Selective BVL Index Monthly -

valorafp Value of AFP Funds Monthly -

tc_us_interbvta Interbank Exchange Rate Monthly -

tc_euro Euro Exchange Rate Monthly -

tc_realbil Bilateral Real Exchange Rate Index Monthly -

tc_realmult Multilateral Real Exchange Rate Index Monthly -

embig_peru EMBIG Peru Monthly -

gt_recesion Google Trends: recession Monthly -

gt_kia Google Trends: kia Monthly -

gt_toyota Google Trends: toyota Monthly -

gt_cine Google Trends: movies Monthly -

gt_restaurantes Google Trends: restaurants Monthly -

gt_creditos Google Trends: credits Monthly -

gt_prestamos Google Trends: loans Monthly -

gt_casas Google Trends: houses Monthly -

gt_departamentos Google Trends: apartments Monthly -

gt_ofertas Google Trends: offers Monthly -

gt_empleo Google Trends: employment Monthly -

gt_trabajo Google Trends: work Monthly -

gt_bloqueos Google Trends: blockades Monthly -

gt_crisis_peru Google Trends: peru crisis Monthly -

gt_quiebra Google Trends: bankruptcy Monthly -

gt_economia Google Trends: economy Monthly -

gt_crisis_economica Google Trends: economic crisis Monthly -

gt_terrenos Google Trends: land Monthly -

gt_inmuebles Google Trends: real estate Monthly -

gt_elecciones Google Trends: elections Monthly -

gt_viajes Google Trends: travel Monthly -

gt_vuelos Google Trends: flights Monthly -

gt_visa Google Trends: visa Monthly -

gt_machu_picchu Google Trends: machu picchu Monthly -

gt_hoteles Google Trends: hotels Monthly -

gt_alojamientos Google Trends: lodging Monthly -

gt_vacaciones Google Trends: vacations Monthly -

gt_bonos Google Trends: bonds Monthly -

gt_cts Google Trends: cts Monthly -

gt_afp Google Trends: afp Monthly -

gt_lluvias Google Trends: rains Monthly -

gt_el_niño Google Trends: el niño Monthly -

gt_sequias Google Trends: droughts Monthly -

gt_heladas Google Trends: frosts Monthly -

gt_huaicos Google Trends: huaicos Monthly -

gt_inflacion Google Trends: inflation Monthly -

gt_delivery Google Trends: delivery Monthly -

gt_pollo_a_la_brasa Google Trends: pollo a la brasa Monthly -

atsm Sea surface temperature (dummy variable) Monthly -

pmi_usa PMI USA Monthly -

pmi_china PMI China Monthly -

sentimiento Sentiment indicator Daily Average

vehiculos_livianos Number of Light Vehicules sold Monthly -

vehiculos_pesados Number of Heavy Vehicules sold Monthly -

vehiculos_menores Number of Small Vehicules sold Monthly -

temp_media Average national temperature Daily Average
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C Primary Industry

Table 9: Nowcast of YoY Primary Industry

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 -6,6 4,9 4,2 4,1 -5,7 -17,5 4,1 -1,7 -7,1 -11,4 -7,9 -11,2 0,8 -3,7 2,2
Feb-22 -7,1 -1,4 4,1 0,4 -0,4 -2,1 6,0 3,0 4,4 4,5 5,0 0,8 1,4 2,1 -0,1
Mar-22 -14,9 -1,1 -1,4 -2,6 1,3 -11,5 -1,5 -7,3 -4,6 -9,6 -10,1 -7,0 1,2 -4,5 -12,7
Apr-22 -9,7 -1,0 3,4 1,6 2,3 -8,4 4,2 -1,9 -5,6 -15,4 -2,2 -6,9 -2,3 -2,7 6,2
May-22 -11,4 -12,9 -8,4 -8,7 -8,9 -14,5 -17,9 -13,6 -14,3 -15,6 -13,7 -11,8 -12,1 -12,7 -25,6
Jun-22 5,2 -1,1 -3,2 -1,5 -3,2 4,8 0,9 -0,2 0,4 2,9 1,5 -1,1 -3,7 -0,3 0,4
Jul-22 12,7 14,9 11,9 12,6 20,2 21,1 16,0 17,9 19,0 17,6 20,7 21,9 14,8 17,4 32,8
Aug-22 -2,1 10,8 14,3 11,3 14,9 4,8 5,2 6,6 4,1 4,1 10,6 5,6 14,0 8,9 0,7
Sep-22 -1,1 4,3 7,1 4,9 -3,9 4,2 -2,6 6,9 3,5 8,2 3,9 7,0 4,9 4,0 3,3
Oct-22 2,3 -2,8 -12,0 -7,7 -18,2 15,4 -4,8 -0,7 8,5 6,3 2,9 5,4 -7,8 -1,3 17,1
Nov-22 -1,7 -4,7 -6,9 -4,5 -13,1 -16,6 0,1 -4,6 -8,3 -17,7 -14,8 -14,6 -10,5 -9,7 1,9
Dec-22 4,8 3,4 3,8 5,6 0,5 18,9 -2,8 -2,2 2,6 -1,5 3,5 2,6 4,0 3,2 -9,1
Jan-23 12,7 6,0 2,9 -1,2 10,6 7,9 12,7 7,5 9,4 9,9 9,4 7,0 1,3 7,0 25,3
Feb-23 23,0 14,3 12,5 13,1 16,4 12,1 26,2 16,6 12,8 10,9 14,6 7,6 9,7 13,9 17,5
Mar-23 29,3 46,7 9,2 48,1 22,5 32,9 39,1 35,4 32,2 35,6 28,1 31,1 31,7 32,7 23,1
Apr-23 12,4 17,5 12,0 11,3 15,2 12,3 31,0 28,1 17,3 21,4 18,6 8,5 9,5 16,9 28,5
May-23 -28,1 -15,5 -11,7 -15,1 -17,3 -19,2 -5,4 -4,7 -15,9 -7,8 -11,8 -8,5 -12,5 -12,1 -2,2
Jun-23 -29,9 -23,9 -22,0 -22,5 -24,1 -21,9 -24,4 -22,3 -25,1 -24,5 -23,9 -25,4 -23,9 -23,7 -41,1
Jul-23 -18,1 -21,0 -20,7 -22,0 -20,6 -8,2 -17,9 -23,7 -18,4 -18,0 -17,4 -9,6 -22,5 -18,3 -23,9
Aug-23 16,4 7,9 8,3 7,0 7,5 5,2 -9,2 -10,3 9,5 16,7 6,3 5,9 11,2 5,5 -21,6
Sep-23 8,9 8,0 8,2 8,3 3,2 7,6 11,1 13,0 6,8 4,5 6,5 7,6 11,0 8,0 18,6
Oct-23 9,6 15,8 15,0 13,0 12,3 3,2 7,8 12,5 13,6 13,3 8,2 15,3 13,1 11,9 4,0
Nov-23 10,9 -5,2 -5,8 -5,1 -7,1 3,8 -4,0 -1,4 2,3 0,7 -0,1 4,9 -7,8 -2,0 6,8
Dec-23 -28,1 -18,5 -12,4 -16,8 -12,1 -9,2 -5,9 -6,6 -22,7 -14,4 -10,9 -16,8 -12,2 -13,2 -11,8
Jan-24 -16,0 -24,9 -23,8 -22,9 -25,0 -31,2 -29,5 -27,2 -24,4 -28,1 -27,0 -26,8 -26,4 -26,4 -30,0
Feb-24 -22,7 -10,4 -11,3 -13,7 -10,5 -20,5 -12,8 -13,6 -18,6 -16,7 -12,6 -13,7 -11,4 -13,8 -12,1
Mar-24 -13,6 -15,6 -9,8 -18,4 -11,1 -17,0 -21,2 -19,0 -15,9 -11,6 -15,9 -15,8 -16,9 -15,7 -17,6
Apr-24 30,7 26,3 25,6 20,8 21,8 41,8 1,1 12,2 34,9 40,4 41,1 31,3 18,2 26,3 -6,0
May-24 68,5 64,6 64,5 65,1 74,5 64,7 44,5 67,0 67,6 70,0 67,8 66,2 56,4 64,4 75,9
Jun-24 12,0 38,0 34,7 35,7 34,6 33,2 59,9 48,7 33,2 33,9 25,2 25,3 33,4 36,3 47,4
Jul-24 12,6 5,6 7,9 5,4 7,7 1,2 13,1 10,4 0,0 5,7 10,9 3,1 6,9 6,5 13,1
Aug-24 -1,0 2,1 2,2 -1,1 -0,9 -5,4 -8,8 -5,3 -3,3 -5,3 -3,2 -6,1 1,9 -2,8 -11,0
RMSE 9,410 10,627 9,800 10,142 9,469 15,232 12,256 7,272 8,971 8,189 8,233 10,185 8,574 15,526
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D Agriculture

Table 10: Nowcast of YoY Agriculture

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 6,2 7,6 6,3 7,7 7,2 5,5 7,9 7,7 7,4 6,8 7,5 7,9 6,0 7,1 8,5
Feb-22 3,1 3,1 4,3 3,8 5,0 2,6 6,0 5,3 5,6 4,2 6,1 5,2 3,7 4,6 7,9
Mar-22 4,7 -0,7 3,0 2,4 1,4 3,2 3,8 4,1 4,2 4,7 3,9 4,2 1,8 3,0 7,4
Apr-22 7,5 1,5 1,7 3,2 1,9 3,6 4,3 3,2 3,8 2,8 3,8 3,6 1,6 2,9 6,8
May-22 8,2 4,9 5,3 5,0 4,2 7,4 5,8 5,8 5,3 4,9 4,4 6,3 4,7 5,3 5,0
Jun-22 -0,7 -2,0 -0,4 -0,3 -3,0 0,2 -0,5 -0,6 -0,5 1,4 -1,1 -1,1 -0,2 -0,7 0,1
Jul-22 4,8 2,1 2,0 2,3 1,5 7,6 1,8 1,1 1,7 2,2 2,0 0,6 2,5 2,3 2,5
Aug-22 7,4 3,9 5,0 4,0 4,6 6,9 5,6 6,2 5,7 5,6 5,8 4,0 4,1 5,1 6,2
Sep-22 4,3 1,4 0,7 1,0 -0,8 3,0 4,9 2,4 2,6 2,4 2,1 2,3 1,4 1,9 4,1
Oct-22 6,0 6,7 5,9 6,2 5,8 6,0 5,8 5,7 6,2 4,7 5,9 6,4 6,3 6,0 8,8
Nov-22 3,1 7,0 7,2 7,4 9,7 9,9 9,2 7,9 8,7 8,1 8,4 8,2 6,8 8,2 9,6
Dec-22 0,3 -0,2 1,9 1,6 0,2 2,4 2,1 2,1 1,5 0,8 1,6 1,7 2,0 1,5 1,0
Jan-23 3,5 3,5 2,8 2,5 3,0 2,5 3,2 2,4 2,4 2,8 2,3 3,0 3,8 2,8 2,1
Feb-23 0,3 4,6 4,8 4,7 4,1 3,4 4,7 5,3 5,0 5,8 3,4 5,4 4,5 4,6 4,9
Mar-23 0,4 1,6 -1,2 -1,4 1,6 2,2 0,3 0,7 0,1 1,8 1,2 1,2 2,5 0,9 1,0
Apr-23 -11,0 -0,5 -0,8 -0,1 0,5 -0,6 1,1 0,0 -0,2 -0,4 0,7 0,0 0,0 0,0 -1,1
May-23 -4,3 -9,1 -7,6 -7,8 -7,4 -7,4 -7,4 -7,5 -7,6 -8,0 -7,7 -6,8 -7,3 -7,7 -15,0
Jun-23 -2,1 0,5 0,9 -3,6 3,5 -0,1 -2,5 -2,1 -2,5 -2,3 0,3 -1,7 1,6 -0,7 -2,7
Jul-23 -0,2 -2,8 -3,6 -3,5 -2,5 -4,6 -3,6 -2,8 -3,4 -0,6 0,2 -2,2 -3,2 -2,7 -2,2
Aug-23 -2,5 -3,2 -4,0 -3,3 -4,0 1,4 -3,4 -1,6 -2,0 -5,3 -1,7 -1,7 -4,0 -2,7 -0,5
Sep-23 -7,5 -0,4 -1,8 -1,9 -2,3 2,2 -3,9 -1,9 -2,0 0,9 -1,6 1,1 -0,8 -1,0 -0,6
Oct-23 -5,3 -7,8 -6,3 -8,3 -5,6 -2,8 -5,0 -4,8 -4,4 -4,2 -4,7 -5,2 -6,5 -5,5 -3,2
Nov-23 3,2 -4,6 -4,3 -3,2 -6,5 0,8 -3,6 -2,3 -2,9 -2,2 -1,1 -2,8 -5,0 -3,1 -2,0
Dec-23 0,7 5,4 4,7 4,8 4,9 2,1 2,9 4,5 4,7 5,1 4,0 3,7 4,5 4,3 1,5
Jan-24 -2,4 1,4 1,4 -0,5 -0,2 -0,1 0,2 -0,4 0,2 -0,4 -1,3 -1,4 0,3 -0,1 0,5
Feb-24 -0,2 2,3 1,6 0,7 4,1 1,0 2,4 1,3 0,5 -0,5 2,2 1,3 0,9 1,5 2,8
Mar-24 1,2 1,5 1,1 1,9 0,2 -0,1 -0,2 0,8 0,7 4,3 1,9 0,6 1,1 1,1 0,7
Apr-24 24,0 14,0 13,0 13,0 12,9 12,3 12,6 12,5 12,3 12,4 11,0 12,6 12,5 12,6 11,9
May-24 4,8 6,0 5,6 5,7 5,5 10,4 9,6 9,2 9,1 6,3 9,0 10,3 5,9 7,7 7,9
Jun-24 -0,8 2,6 3,6 4,5 3,4 2,8 2,6 3,7 3,4 4,0 4,2 4,9 2,9 3,5 3,5
Jul-24 -3,4 -2,0 -1,8 -1,8 -1,8 -1,8 -1,7 -2,8 -1,7 -3,3 0,6 2,0 -1,8 -1,5 -1,2
Aug-24 -1,8 2,9 1,8 2,0 1,3 0,5 0,2 -0,8 -0,4 -1,2 -1,0 -0,2 -0,4 0,4 -0,9
RMSE 4,277 4,084 4,043 4,567 4,158 4,026 3,937 3,977 4,104 4,146 4,298 4,180 3,978 4,414
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E Retail Trade

Table 11: Nowcast of YoY Retail Trade

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 2,3 3,2 3,1 3,2 3,2 3,0 3,0 2,9 3,0 2,9 2,8 3,0 3,2 3,0 3,4
Feb-22 7,5 8,5 8,5 8,2 8,3 8,2 8,4 8,3 8,3 8,2 8,3 8,3 8,5 8,3 9,0
Mar-22 8,1 5,0 5,2 5,2 5,1 5,1 4,9 4,8 4,8 4,9 4,6 4,7 5,3 5,0 6,0
Apr-22 2,6 3,8 3,7 3,7 3,8 3,8 3,9 3,9 3,9 3,9 3,9 3,9 3,8 3,8 3,9
May-22 2,8 2,8 3,0 2,9 3,2 3,2 2,9 3,0 3,1 3,0 3,0 3,1 2,8 3,0 3,6
Jun-22 2,5 2,1 2,0 2,0 1,9 1,8 2,1 2,0 2,1 2,1 2,1 2,1 2,0 2,0 2,8
Jul-22 2,8 1,6 1,7 1,6 1,6 1,8 1,6 1,7 1,7 1,7 1,7 1,7 1,7 1,7 2,3
Aug-22 2,3 2,2 2,1 2,2 2,2 1,9 2,3 2,2 2,2 2,2 2,1 2,1 2,3 2,2 2,2
Sep-22 2,1 2,2 2,3 2,4 1,9 2,2 2,1 2,1 2,1 2,1 2,1 2,1 2,2 2,1 2,4
Oct-22 2,8 2,0 2,0 2,0 2,1 2,0 2,0 2,0 2,1 2,1 2,0 1,9 2,0 2,0 2,5
Nov-22 3,0 2,3 2,3 2,4 2,3 2,5 2,2 2,3 2,3 2,2 2,4 2,3 2,4 2,3 2,4
Dec-22 1,8 1,9 2,2 2,2 2,1 2,2 2,0 2,3 2,1 2,2 2,1 2,3 2,3 2,2 2,3
Jan-23 1,2 2,7 2,9 2,9 2,8 2,9 2,6 2,6 2,6 2,8 2,6 2,7 2,9 2,8 2,6
Feb-23 2,4 1,5 1,6 1,6 1,6 1,7 1,6 1,7 1,7 1,7 1,6 1,6 1,6 1,6 2,0
Mar-23 3,0 1,7 1,7 2,0 2,0 2,1 2,3 2,3 2,1 2,1 2,2 2,2 2,0 2,0 2,3
Apr-23 3,2 2,3 2,2 2,2 2,2 2,4 2,3 2,2 2,3 2,4 2,2 2,2 2,3 2,3 2,4
May-23 3,2 2,9 2,8 2,7 2,5 2,8 2,7 2,6 2,6 2,6 2,8 2,6 2,5 2,7 2,6
Jun-23 3,1 3,0 3,0 3,0 3,0 3,2 3,0 2,9 2,9 3,0 3,1 2,9 3,0 3,0 2,8
Jul-23 3,0 3,1 3,1 3,0 3,1 3,0 3,1 3,0 3,0 2,9 2,9 3,0 3,1 3,0 2,7
Aug-23 2,8 2,8 2,8 2,9 2,9 2,9 2,9 2,9 2,9 2,9 2,8 2,8 2,9 2,9 2,3
Sep-23 1,9 2,7 2,9 2,9 2,7 2,8 2,9 2,8 2,8 2,7 2,8 2,8 2,9 2,8 2,5
Oct-23 1,4 2,4 2,4 2,4 2,3 2,2 2,4 2,4 2,4 2,4 2,3 2,4 2,5 2,4 2,2
Nov-23 1,3 2,0 1,9 2,0 2,0 1,9 2,0 2,0 2,0 1,9 2,0 2,0 1,9 2,0 2,3
Dec-23 2,0 1,2 1,3 1,3 1,4 1,1 1,2 1,3 1,4 1,3 1,4 1,3 1,3 1,3 1,7
Jan-24 2,4 1,9 2,0 2,0 2,0 2,0 2,1 2,0 2,0 2,0 1,8 2,0 2,1 2,0 2,2
Feb-24 3,0 2,3 2,3 2,4 2,3 2,2 2,4 2,3 2,4 2,3 2,3 2,3 2,4 2,3 2,6
Mar-24 1,8 1,9 1,7 1,7 1,8 1,9 2,0 1,9 2,0 2,0 1,8 1,9 1,8 1,9 2,0
Apr-24 3,1 3,6 3,7 3,7 3,6 3,9 3,6 3,7 3,7 3,6 3,7 3,6 3,8 3,7 3,7
May-24 2,1 2,4 2,2 2,4 2,3 2,3 2,3 2,2 2,2 2,3 2,3 2,2 2,4 2,3 2,5
Jun-24 2,3 1,9 1,9 1,9 1,9 2,1 2,0 2,0 2,0 2,0 2,0 2,0 1,9 2,0 2,2
Jul-24 3,4 2,1 2,1 2,2 2,2 2,3 2,1 2,2 2,1 2,3 2,3 2,2 2,1 2,2 2,5
Aug-24 2,9 2,9 2,9 2,9 2,9 2,6 2,9 2,8 2,8 2,9 2,9 2,8 2,9 2,8 2,6
RMSE 0,911 0,893 0,880 0,883 0,871 0,893 0,901 0,894 0,878 0,909 0,912 0,895 0,888 0,768
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F Services

Table 12: Nowcast of YoY Services

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 4,0 4,5 4,4 4,4 4,5 4,5 4,6 4,6 4,6 4,5 4,5 4,4 4,5 4,5 4,2
Feb-22 7,0 8,3 8,3 8,4 8,3 7,9 8,3 8,2 8,3 8,1 8,1 8,2 8,3 8,2 8,6
Mar-22 4,5 5,5 5,5 5,4 5,5 5,0 5,2 5,3 5,1 5,2 5,2 5,2 5,5 5,3 5,9
Apr-22 5,2 4,2 4,1 4,1 4,1 3,8 4,1 4,1 4,0 4,0 4,3 4,0 4,1 4,1 4,8
May-22 4,6 4,7 4,5 4,6 4,7 4,6 4,6 4,6 4,7 4,6 4,6 4,7 4,6 4,6 4,5
Jun-22 3,6 3,8 3,7 3,7 3,8 3,8 3,9 3,9 3,9 4,0 3,9 3,8 3,7 3,8 3,9
Jul-22 2,4 3,3 3,3 3,3 3,3 3,2 3,1 3,1 3,2 3,1 3,1 3,0 3,3 3,2 2,8
Aug-22 2,9 2,4 2,3 2,4 2,5 3,0 2,4 2,6 2,7 2,6 2,6 2,5 2,2 2,5 2,6
Sep-22 3,0 2,3 2,4 2,3 2,3 2,1 2,4 2,3 2,4 2,6 2,2 2,2 2,4 2,3 2,3
Oct-22 2,1 3,0 2,8 2,9 2,9 2,9 2,9 2,9 2,8 2,8 2,8 3,0 2,8 2,9 2,6
Nov-22 1,7 2,6 2,4 2,4 2,4 2,4 2,4 2,3 2,5 2,5 2,3 2,5 2,4 2,4 2,0
Dec-22 -0,1 1,5 1,5 1,3 1,5 1,4 1,6 1,5 1,5 1,4 1,5 1,4 1,5 1,5 1,6
Jan-23 -1,2 1,1 1,1 1,1 1,0 1,0 1,5 1,2 1,2 1,3 1,1 1,1 1,1 1,2 0,1
Feb-23 -0,3 -0,8 -0,8 -0,7 -0,8 -0,6 -0,6 -0,7 -0,7 -0,9 -0,6 -0,8 -0,7 -0,7 -1,0
Mar-23 -0,6 -0,1 -0,1 -0,1 -0,2 -0,5 -0,1 -0,2 -0,4 -0,3 -0,2 -0,3 -0,1 -0,2 -0,5
Apr-23 -0,5 -1,4 -1,3 -1,2 -1,3 -0,9 -1,1 -1,1 -1,1 -1,1 -1,1 -1,2 -1,2 -1,2 -1,1
May-23 0,2 0,0 0,1 0,1 0,1 0,4 0,3 0,1 0,0 0,1 0,3 0,1 0,2 0,2 0,0
Jun-23 0,3 -0,1 -0,1 -0,1 -0,2 0,0 0,1 0,1 -0,1 0,0 -0,1 0,1 -0,1 0,0 0,0
Jul-23 -0,6 0,4 0,5 0,5 0,6 0,2 0,3 0,4 0,3 0,5 0,3 0,4 0,5 0,4 0,3
Aug-23 -0,8 -0,6 -0,5 -0,2 -0,6 -0,5 -0,2 -0,5 -0,5 -0,6 -0,3 -0,6 -0,4 -0,5 -0,4
Sep-23 -0,7 -0,9 -0,9 -0,9 -1,0 -0,5 -1,0 -0,9 -0,8 -0,7 -0,8 -0,8 -1,1 -0,9 -0,6
Oct-23 -0,3 0,1 0,1 0,1 0,2 -0,1 0,2 0,1 0,1 0,1 0,1 0,1 0,1 0,1 0,4
Nov-23 -1,2 -0,4 -0,5 -0,4 -0,5 -0,2 -0,4 -0,3 -0,3 -0,3 -0,3 -0,3 -0,5 -0,4 0,4
Dec-23 0,8 -1,1 -0,8 -0,7 -0,6 -0,9 -0,9 -0,9 -1,0 -1,1 -0,9 -1,0 -1,1 -0,9 0,2
Jan-24 1,5 1,7 1,6 1,7 1,7 1,8 1,7 1,6 1,6 1,5 1,7 1,7 1,6 1,7 1,1
Feb-24 1,9 1,8 1,6 1,8 1,8 1,4 1,7 1,6 1,4 1,5 1,7 1,4 1,8 1,6 2,0
Mar-24 1,3 0,5 0,5 0,4 0,5 0,7 0,4 0,5 0,5 0,4 0,5 0,4 0,5 0,5 0,5
Apr-24 3,5 3,5 3,1 3,5 3,1 3,2 3,3 3,3 3,4 3,5 3,4 3,3 3,2 3,3 3,5
May-24 2,5 2,1 2,0 2,0 2,4 2,2 2,2 2,2 2,1 2,0 1,9 2,1 2,1 2,1 3,1
Jun-24 2,2 2,4 2,3 2,3 2,3 2,4 2,1 2,0 2,1 2,1 2,0 2,0 2,3 2,2 2,3
Jul-24 4,5 3,4 3,3 3,2 3,5 3,6 3,3 3,4 3,2 3,5 3,4 3,4 3,3 3,4 3,2
Aug-24 3,6 3,3 3,3 3,2 3,2 3,2 3,3 3,3 3,3 3,1 3,3 3,3 3,3 3,3 2,7
RMSE 0,878 0,843 0,842 0,827 0,796 0,869 0,828 0,852 0,850 0,809 0,835 0,864 0,833 0,784
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Table 13: Nowcast of YoY Non-Primary Industry

GDP Lasso Ridge Elastic Net SVR DT KNN RF AdaBoost GBoost XGBoost Bagging MLP Mean ML DFM
Jan-22 0,1 8,1 6,0 5,5 4,6 5,0 5,0 5,6 6,0 5,5 5,7 6,8 6,1 5,8 5,8
Feb-22 5,8 1,2 1,0 1,3 1,7 3,8 0,7 1,1 2,0 1,2 2,6 0,9 1,3 1,6 3,6
Mar-22 10,4 6,5 4,4 4,1 5,2 6,9 4,9 5,7 5,0 5,7 5,3 5,2 4,8 5,3 5,2
Apr-22 7,7 9,3 8,5 8,4 7,8 10,0 9,6 9,2 9,1 9,6 8,4 10,1 8,5 9,1 7,7
May-22 8,9 9,9 8,5 8,5 8,0 9,1 8,6 9,0 9,7 9,6 9,3 8,8 8,4 8,9 7,9
Jun-22 5,2 4,8 6,2 5,8 5,8 5,9 4,9 6,0 5,4 5,9 6,7 6,2 5,9 5,8 5,5
Jul-22 -1,1 2,5 2,9 2,5 2,8 7,2 4,3 4,1 4,4 4,1 4,1 3,9 3,5 3,9 3,8
Aug-22 1,5 1,0 0,8 0,8 1,2 2,8 0,9 1,3 0,3 0,0 1,5 1,3 0,3 1,0 1,9
Sep-22 1,0 -1,1 -0,6 -1,2 -1,4 -2,3 -1,9 -1,9 -1,7 -0,3 -1,4 -1,1 -1,0 -1,3 -1,4
Oct-22 -0,9 2,9 3,1 2,9 2,5 1,5 2,4 3,2 3,8 3,0 2,7 4,0 2,8 2,9 2,7
Nov-22 -1,6 -2,5 -2,3 -2,0 -2,7 0,0 0,5 -1,0 -1,1 -1,6 -0,5 0,0 -1,9 -1,2 -0,8
Dec-22 -8,4 -3,7 -4,1 -4,1 -3,9 -3,6 -4,2 -4,1 -4,2 -3,1 -3,7 -3,3 -3,8 -3,8 -5,2
Jan-23 -4,2 -3,4 -2,8 -2,8 -2,7 -5,0 -2,9 -2,7 -2,7 -3,7 -3,3 -3,2 -2,6 -3,2 -2,9
Feb-23 -8,8 -7,5 -7,9 -7,2 -7,8 -10,2 -8,2 -8,2 -8,4 -8,0 -8,2 -7,8 -7,8 -8,1 -9,4
Mar-23 -7,2 -11,2 -10,7 -10,5 -10,8 -10,3 -11,5 -10,5 -11,1 -10,7 -11,1 -10,2 -11,4 -10,8 -11,5
Apr-23 -8,3 -11,2 -11,1 -11,0 -9,8 -8,1 -9,4 -9,1 -9,2 -10,4 -9,8 -9,1 -11,1 -9,9 -9,7
May-23 -10,2 -7,9 -7,5 -7,8 -7,7 -7,4 -7,2 -6,9 -7,3 -7,5 -7,8 -7,2 -7,6 -7,5 -6,0
Jun-23 -7,9 -11,3 -10,4 -10,5 -10,7 -12,1 -10,6 -10,8 -11,1 -11,1 -11,2 -10,6 -10,3 -10,9 -9,9
Jul-23 -11,1 -4,6 -4,4 -5,0 -4,5 -5,1 -4,1 -4,6 -3,9 -3,3 -3,5 -4,4 -6,7 -4,5 -4,7
Aug-23 -8,6 -11,5 -11,8 -11,0 -11,1 -10,3 -9,9 -10,1 -10,1 -9,6 -10,5 -10,0 -11,7 -10,6 -9,6
Sep-23 -12,9 -14,6 -14,5 -14,4 -15,2 -11,8 -12,5 -11,7 -11,8 -13,1 -11,9 -12,0 -14,5 -13,2 -10,9
Oct-23 -7,6 -7,7 -8,3 -8,2 -7,6 -7,3 -7,5 -9,4 -9,6 -9,8 -9,3 -9,7 -7,8 -8,5 -8,1
Nov-23 -4,4 -8,0 -8,0 -8,4 -8,5 -9,1 -8,2 -8,4 -8,8 -9,0 -9,4 -8,5 -8,3 -8,6 -8,6
Dec-23 -3,7 -4,5 -3,6 -3,1 -3,3 -1,8 -3,7 -3,2 -3,2 -3,8 -2,6 -2,5 -4,0 -3,3 -4,5
Jan-24 0,5 -0,3 -0,5 -0,4 -0,1 -0,5 -0,6 -1,1 -0,6 0,0 -1,1 -1,0 -0,5 -0,6 -0,8
Feb-24 3,1 1,1 0,5 1,0 2,0 0,4 1,7 1,3 1,0 0,8 1,6 1,9 1,9 1,3 1,7
Mar-24 -9,1 -7,9 -7,8 -7,6 -7,5 -7,1 -7,2 -6,8 -8,0 -6,4 -6,4 -6,2 -7,9 -7,2 -7,2
Apr-24 5,5 6,0 5,5 5,9 6,2 2,1 4,4 3,1 3,7 4,2 4,8 4,4 5,5 4,6 3,5
May-24 0,8 1,7 1,2 1,3 0,9 4,8 2,1 2,0 1,0 1,3 1,7 1,8 1,7 1,8 2,5
Jun-24 -4,1 -2,4 -2,8 -2,8 -2,7 -3,4 -3,9 -3,6 -4,3 -4,2 -4,0 -3,7 -2,1 -3,3 -3,6
Jul-24 10,3 6,7 6,9 6,9 6,8 6,8 7,5 6,5 5,8 6,4 6,4 6,7 6,6 6,7 6,8
Aug-24 4,2 3,7 1,7 1,7 1,3 2,7 3,9 3,6 3,1 4,1 3,4 2,1 2,5 2,8 3,8
RMSE 3,027 2,985 2,878 2,795 3,164 2,940 2,960 3,107 3,088 3,037 3,132 2,873 2,903 2,822
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