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Motivation
• ML gained prominence due to the availability of large data sets,

especially in microeconomic (Athey, 2018)
• Attempts to estimate average treatment effects with causal RF (Athey,

Imbens and co-authors)

• High-dimensional inference (Belloni, Chernozhukov, Hansen...)

• ML machinery and big data are publicly available
• Algorithms ‘ready’ to use with open source packages (R, Python...)

• Big data sets : Kaggle.com

• Applying ML to economics requires finding relevant tasks (Mullainathan
and Spiess, 2017)
• ML is a prediction tool

• This raises the risk that the algorithms are applied naively and their output
is misinterpreted
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Motivation
• Despite appearances, ML has a long history in macro(econometrics)

• Artificial neural networks (Lee et al. 1993 ; Kuan and White, 1994 ;
Swanson and White, 1997)

• Recently, an overwhelming surge of studies on macro forecasting
• Neural nets and SVR (Sermpinis et al. 2014 ; Cook and Hall, 2017 ;

Joseph, 2019)

• Random forests / boosting (Medeiros et al. (2019), Goulet Coulombe,
2020 ; Yousuf and Ng 2019)

• Horse races (Kim and Swanson, 2018 ; Chen et al. 2019)

• Performance of sparse and dense models (Li and Chen, 2014 ; Giannone et
al. 2018 ; Kim and Swanson, 2018)

• COVID-19 recession predictability (Marcellino, Goulet Coulombet and
Stevanovic, 2021)

• Opening the black box
• Goulet Coulombe, Leroux, Stevanovic and Surprenant (2019, 2020)
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Motivation

More and more attempts to use ML for prediction in finance

• Gu et al. (2019a,b) show how ML can be useful in asset pricing
• Best performing models are neural nets and trees
→ Nonlinearity is the game changer

• Important economic gains

• Heaton et al. (2016) study deep learning models in finance
• Deep learning can detect and exploit interactions in the data that are, at

least currently, invisible to any existing financial economic theory

• Ke et al. (2019) predict returns with text data
• Supervised learning to exploit high-dimensional text

• See Israel et al. (2020, Can Machines Learn Finance?) for discussion
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Motivation

What ML can do?

• ML is a prediction tool
• It can handle big data when there are no theory guidance

• Can generate forecasting relationships when there is ambiguity about the
true model

• It can be nonlinear, non parametric

• Sparse, dense

• Deep, wide...

In other words, ML is perfectly suited if we want to be agnostic about the
predictors space and functional forms

• Let the data speak !

Machine Learning and Big Data in Macro/Finance D. Stevanovic 13 avril, 2020 5 / 75



Motivation

What ML cannot do (yet !) ?

• The measurements do not tell us about economic mechanisms or
equilibria

• Machine learning methods on their own do not identify deep
fundamental associations among macroeconomic or financial targets and
conditioning variables
• No general equilibrium

• How to impose structural restrictions?

Attempts to get some interpretability

• Variable importance

• Macro random forests (Goulet Coulombe, 2020)

• Uncovering interactions using Shapley values approach (Joseph, 2019)

• Surrogate models
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Machine Learning Features

Fixing ideas. yt+h : target, Ht : information set available at t

• A very general, time series, prediction setup is

min
g∈G

 T∑
t=1

L (yt+h − g (fZ(Ht))) + pen(g; τ)


• Hence, the prediction problem has five main aspects

1 G : space of functions mapping inputs into the target.

2 pen() : how do we shrink or reduce dimension in big data setup?

3 τ : how do we optimize the hyperparameters ?

4 L : what empirical loss function L to choose?

5 fZ : what data transformation to choose? fZ(Ht) ≡ Zt
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Impact on Forecast Errors
Denote
• g∗(f ∗Z (Ht)) : oracle combination of best transformation fZ and true function g.

• g(fZ (Ht)) : functional form and data pre-processing selected by the practitioner.

• ĝ(Zt) and ŷt+h : the fitted model and its forecast

The forecast error can be decomposed

yt+h − ŷt+h = g∗(f ∗Z (Ht)) − g(fZ(Ht))︸                      ︷︷                      ︸
approximation error

+ g(Zt) − ĝ(Zt)︸         ︷︷         ︸
estimation error

+et+h.

• Estimation error can be reduced by adding more relevant data.

• Approximation error is controlled by the choice of g. Can be minimized
by using flexible functions, but it raises the risk of overfitting and a
judicious regularization is needed.

• An optimal fZ is one that entails a prior that reduces estimation error at a
minimal approximation error cost.
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It is not a simple sausage machine ! 1

1. A system that deals with things or people as if they are all the same
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Garbage in, garbage out !

Bad ingredients
• Irrelevant predictors’ set Ht
• Misspecified target yt+h
• Bad data transformations

Wrong machine
• Modeling choices (g, L)
• Sub-optimal regularization
• Hyperparameters’ tuning

Structural changes
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Structural instability

• In ML applications, problems are not typically prone to structural
instability
• Facial recognition : difficult problem when information is noisy

• But there are no structural breaks

• In ML applications, the target is typically observable for validation
• Radiology, computer aided detection and diagnosis
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Structural instability

• In (macro)economics, structural instability is frequent
• Changes in economic policies, regulation, shocks variance

• Examples? Great Episodes

• In (macro)economics, the target is often not observable
• Predicting the state of economy

• Estimating the effects of monetary policy

• Prone to measurement errors and revisions
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Black box

Few progress has been made to understand the properties of ML methods
when applied to macroeconomic forecasting.

• Many horse races often with few models and forecasting targets

• A vast catalogue of tools creates a large conceptual space, much of
which remains to be explored.

Opening the black box

• Goulet Coulombe, Leroux, Stevanovic and Surprenant (2019, 2020)

• We move beyond the coronation of a single winning model and its
subsequent interpretation.

• Rather, we conduct a meta- analysis of many ML products by projecting
them in their "characteristic" space.

• Then, we provide a direct assessment of which ML features matter and
which do not.
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Roadmap

• Some results from :
• How is Machine Learning Useful for Macroeconomic Forecasting?

(Goulet Coulombe, Leroux, Stevanovic and Surprenant, 2019)

• Can Machine Learning Catch the COVID-19 Recession? (Goulet
Coulombe, Marcellino and Stevanovic, 2021)

• Empirical Asset Pricing via Machine Learning (Gu, Kelly and Xiu, 2020)

• Structural Estimation of DSGE Models with Unstructured Data (Casella,
Fernandez-Villaverde and Hansen, 2020)

• Actual GDP forecasts made by ML methods and big data
• CA, QC, US
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How is machine learning useful for macroeconomic forecasting?

(Goulet Coulombe, Leroux, Stevanovic and Surprenant, 2019)
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Disentangling ML features

How do we go at doing that ?

• We take predictive models as “patients” and administer them one
particular ML treatment or combinations of them

• Data : the results from the extensive forecasting exercise that will be
described shortly.

• Analysis : design "experiments" to test hypothesis
• Very simple examples of "experiments" for each item :

1 G : Kernel Ridge Regression vs Ridge Regression

2 pen() : PCA vs LASSO vs Ridge

3 τ : AR(p) where p is chosen by CV vs AIC vs BIC

4 L̂ : Support Vector Regression vs Ridge Regression
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List of models
Models Feature 1 : Feature 2 : Feature 3 : Feature 4 :

function g regularization hyperparameters τ loss function
Data-poor models

AR,BIC Linear BIC Quadratic
AR,AIC Linear AIC Quadratic
AR,POOS Linear POOS CV Quadratic
AR,K-fold Linear K-fold CV Quadratic
RRAR,POOS Linear Ridge POOS CV Quadratic
RRAR,K-fold Lineal Ridge K-fold CV Quadratic
RFAR,POOS Nonlinear POOS CV Quadratic
RFAR,K-fold Nonlinear K-fold CV Quadratic
SVR-AR,Lin,POOS Linear POOS CV ε̄-insensitive
SVR-AR,Lin,K-fold Linear K-fold CV ε̄-insensitive
SVR-AR,RBF,POOS Nonlinear POOS CV ε̄-insensitive
SVR-AR,RBF,K-fold Nonlinear K-fold CV ε̄-insensitive
KRRAR,POOS Nonlinear Ridge POOS CV Quadratic
KRRAR,K-fold Nonlinear Ridge K-fold CV Quadratic

Data-rich models
ARDI,BIC Linear PCA BIC Quadratic
ARDI,AIC Linear PCA AIC Quadratic
ARDI,POOS Linear PCA POOS CV Quadratic
ARDI,K-fold Linear PCA K-fold CV Quadratic
RRARDI,POOS Linear Ridge-PCA POOS CV Quadratic
RRARDI,K-fold Linear Ridge-PCA K-fold CV Quadratic
RFARDI,POOS Nonlinear PCA POOS CV Quadratic
RFARDI,K-fold Nonlinear PCA K-fold CV Quadratic
KRRARDI,POOS Nonlinear Ridge-PCR POOS CV Quadratic
KRRARDI,K-fold Nonlinear Ridge-PCR K-fold CV Quadratic
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List of models, cont.

Models Feature 1 : Feature 2 : Feature 3 : Feature 4 :
function g regularization hyperparameters τ loss function

(B1 , α = α̂),POOS Linear EN POOS CV Quadratic
(B1 , α = α̂),K-fold Linear EN K-fold CV Quadratic
(B1 , α = 1),POOS Linear Lasso POOS CV Quadratic
(B1 , α = 1),K-fold Linear Lasso K-fold CV Quadratic
(B1 , α = 0),POOS Linear Ridge POOS CV Quadratic
(B1 , α = 0),K-fold Linear Ridge K-fold CV Quadratic
(B2 , α = α̂),POOS Linear EN-PCA POOS CV Quadratic
(B2 , α = α̂),K-fold Linear EN-PCA K-fold CV Quadratic
(B2 , α = 1),POOS Linear Lasso-PCA POOS CV Quadratic
(B2 , α = 1),K-fold Linear Lasso-PCA K-fold CV Quadratic
(B2 , α = 0),POOS Linear Ridge-PCA POOS CV Quadratic
(B2 , α = 0),K-fold Linear Ridge-PCA K-fold CV Quadratic
(B3 , α = α̂),POOS Linear EN-PCR POOS CV Quadratic
(B3 , α = α̂),K-fold Linear EN-PCR K-fold CV Quadratic
(B3 , α = 1),POOS Linear Lasso-PCR POOS CV Quadratic
(B3 , α = 1),K-fold Linear Lasso-PCR K-fold CV Quadratic
(B3 , α = 0),POOS Linear Ridge-PCR POOS CV Quadratic
(B3 , α = 0),K-fold Linear Ridge-PCR K-fold CV Quadratic
SVR-ARDI,Lin,POOS Linear PCA POOS CV ε̄-insensitive
SVR-ARDI,Lin,K-fold Linear PCA K-fold CV ε̄-insensitive
SVR-ARDI,RBF,POOS Nonlinear PCA POOS CV ε̄-insensitive
SVR-ARDI,RBF,K-fold Nonlinear PCA K-fold CV ε̄-insensitive
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Disentangling ML features (made operational)

Run the regression for pseudo-R2s : R2
t,h,v,m ≡ 1 −

e2
t,h,v,m

1
T

∑T
t=1(yv,t+h−ȳv,h)2

R2
t,h,v,m = α̇F + ψ̇t,v,h + u̇t,h,v,m.

• Run specific regressions to investigate the heterogeneity of partial
effects. For feature f :

∀m ∈ Mf : R2
t,h,v,m = α̇f + φ̇t,v,h + u̇t,h,v,m

whereMf is defined as the set of models that differs only by the feature
under study f .
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Creating the experiment : pseudo-out-of-sample setup

• Data : FRED-MD from McCracken and Ng (2016), 134 series

• POOS period starts on 1980M01

• Expanding window

• Forecasting horizons : [1, 3, 9, 12, 24] months

• Forecast of interest :

[if Yt is I(1)]
yh

t+h = (1/h)ln(Yt+h/Yt)

• Variables of interest :
I(0) Term spread (SPREAD)

I(1) Industrial Production growth (INDPRO), Unemployment Rate change
(UNRATE), Inflation (CPIAUCSL), Housing starts (HOUSING)
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Main Results

This figure plots the distribution of α̇(h,v)
F by (h, v) subsets. X stands for data-rich. Variables :

INDPRO, UNRATE, SPREAD, INF and HOUST. Within a specific color block, the horizon
increases from h = 1 to h = 24 as we are going down. SEs are HAC. These are the 95%
confidence bands.
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When are the ML Nonlinearities Important ?
Interact NL treatment with a vector of macroeconomic variables ξt−h

∀m ∈ MNL : R2
t,h,v,m = α̇NL + γ̇I(m ∈ NL)ξt−h + φ̇t,v,h + u̇t,h,v,m

whereMNL is the set of models that differs only by the use of NL.

• Macro-Finance block (Adrien et al. 2019 ; Beaudry et al. 2017, 2019)

• Adjusted national financial conditions index

• House price growth

• Uncertainty (Bloom, 2009 ; Benigno and Benigno 2013 ; Gorodnichenko and Ng 2017 ; Carriero et
al. 2018)

• Macroeconomic uncertainty from Jurado et al. 2015

• Sentiments (Angeletos and La’O 2013, Benhabib et al. 2015)

• UMichigan Consumer Expectations

• Purchasing Managers Index

• Controls

• UNRATE, PCE inflation, 1y treasury rate
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When are the ML Nonlinearities Important ? Time series of ξt
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Robustness

• DM tests, Model Confidence Sets INDPRO UNRATE SPREAD INF HOUS

• NBER recessions (≈ 12% of OOS) Recessions

• Last 20 years of data Last 20 Years

• Other nonlinearities : boosting and neural nets Boosting/NN

• Rolling MSPEs Rolling

• Absolute loss (ex post) Absolute loss

• Quarterly data : GDP, Consumption, Investment, Income, GDP deflator,
PCE Quarterly

• Canadian data Canadian
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Takeaway
• Nonlinearities

• True game-changer, especially for the data-rich environment and when
predicting at longer horizons

• The best of ML is obtained by upgrading the ARDI model with a ML
non-linear function of choice.

• NL is important : (i) when uncertainty is high ; (ii) during episodes of
tighter financial conditions and housing bubble bursts.

• Shrinkage / Dimensionality Reduction
• Factor model (dense) view of the macroeconomy is quite accurate

• Hyperparemeter selection
• CV does not improve significantly upon in-sample criteria

• Best CV practice is the standard K-fold

• ε̄-insensitive loss function
• SVR benefits can be obtained by another kernel approximator like KRR or

RF
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Other attempts to understand the effects of ML on macroeconomic forecasting
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Understanding ML for macro forecasting

• Joseph (2019) estimate neural nets, SVR and RF on a small set of UK
and US variables
• All models learned comparable functional dependencies, which are

considerably non-linear

• Relations tend to be more non-linear in the US case, probably because of
pronounced (and regular) business cycle movements

• Bluwstein et al. (2020) consider predicting (financial) crisis with trees,
SVM and NN
• ML techniques on macro-financial data for 17 countries over 1870?2016

(MacroHistory database of Jorda et al. (2017))

• Crisis probability increases at high levels of global credit growth but this
variable has nearly no effect at low or medium levels

• A flat or inverted yield curve is of most concern when nominal interest
rates are low and credit growth is high
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Understanding ML for macro forecasting

• Giannone et al. (2018) study the relevance of sparse modelling (Lasso) in
various economic prediction problems
• Posterior distribution is spread over many models rather than being

concentrated on a single sparse model or a single dense model

• Illusion of sparsity

• A well-designed model averaging technique could be a solution :
Regularized data-rich model averaging (Kotchoni et al. 2019)
• Performs quite well for many macroeconomic variables (monthly,

quarterly, US, Can)

• Goulet Coulombe (2020) models time-varying macroeconomic features
through lenses of random forests
• Can be interpreted as Generalized TVP modeling

• Adapt Local Linear Forest (Freidberg et al. 2019) for macroeconomic
analysis by conditioning splits on relevant state variables
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Can Machine Learning Catch the COVID-19 Recession?

(Marcellino, Goulet Coulombe and Stevanovic, 2021)
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COVID-19 Recession
• Forecasting economic developments during crisis time is problematic as

variables are far away from their average values.

• Even worse for the Covid-19 period, when even BVAR-SV have
troubles, e.g. Carriero, Clark, Marcellino (2020) and Plagborg-Moller,
Reichlin, Ricco, Hasenzagl (2020).

• Some suggested remedies :

- Foroni, Marcellino, Stevanovic (2020) : intercept correction or
estimation by the similarity approach

- Schorfheide, Song (2020) : Do not include COVID periods in the
estimation of a MF-VAR

- Carriero, Clark, Marcellino, Mertens (2021) : More complex SV models
(outliers or t errors) or outliers as missing observations

- Ferrara, Marcellino, Mogliani (2015) : More sophisticated nonlinear /

time-varying models for the financial crisis
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Predicting COVID-19 Recession with ML

• Goal of this paper : go one step further in terms of model sophistication,
by considering a variety of machine learning (ML) methods and
assessing whether and to what extent they can improve the forecasts,
both in general and specifically during the Covid-19 crisis

• Empirical focus on the UK economy, affected also by Brexit-related
uncertainty. As another contribution we construct a monthly large-scale
macroeconomic database, labeled UK-MD, comparable to that for the
US by McCracken and Ng (2016, 2020).

• Related papers : Huber et al. (2020) : Bayesian Additive Regression
Tree-VARs (BART-VARs) ; Goulet Coulombe, Leroux, Stevanovic,
Surprenant (2019, GCLSS) : similar ML methods but no Covid-19
period and focus on US; ...
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Models
In line with GCLSS, we consider five nonlinear nonparametric ML methods :

• Boosted trees (BT) and random forests (RF), which cannot predict
out-of-sample a value (ŷi) greater than the maximal in-sample value
(same goes for the minimum).

• Macroeconomic Random Forest (MRF), Kernel Ridge Regression
(KRR), and Neural Networks (NN).

• In particular, MRF can extrapolate the same way a linear model does,
while retaining the usual benefits of tree-based methods (limited or
inexistent overfitting, necessitate little tuning, can cope with large data).

Data

• 112 macro and financial indicators divided into 9 categories : labour,
production, retail and services, consumer and retail price indices,
producer price indices, international trade, money, credit and interest
rate, stock market and finally sentiment and leading indicators.
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Summary of results

• Overall ML methods can provide substantial gains when short-term
forecasting several indicators of the UK economy, though a careful
temporal and variable by variable analysis is needed.

• Over the full sample, RF works particularly well for labour market
variables, KRR for real activity and consumer price inflation ; LASSO
for the retail price index and its version focusing on housing ; and RF for
credit variables.

• The gains can be sizable, even 40-50% with respect to the benchmark,
and ML methods were particularly useful during the Covid-19 period.

• In particular, in the Covid sample certain MRFs, unlike linear methods or
simpler nonlinear ML techniques, procure important improvements by
predicting unprecedented values (for hours worked), and avoiding
immaterial cataclysms (employment and housing prices).
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Results : Pandemic Recession Case Study

• Let us focus on four selected variables : EMP, HOURS, RPI HOUSING,
PPI MANUFACTURING

• Let us compare for each of them the behavior of the best models among
certain categories : best linear model for the Covid era (defined as the
period 2020M1-2020M9/M11 depending on the variable), best nonlinear
model for the Covid era, and best model overall for the 2008-2019
period.
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Figure – Best Models for Four Selected Targets : MSEs wrt AR(p)
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Figure – Forecasts from January 2020
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Structural Estimation of DSGE Models with Unstructured Data

(Casella, Fernandez-Villaverde and Hansen, 2020)
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Unstructured data and macroeconomics and finance

Macroeconomics

• Newspaper articles, Google trends, business reports, FOMC meetings,
satellite data...

• May contain information about current and future state of economy
• Improve the predictive performance in nowcasting and forecasting

• Construct measures of economic sentiments and uncertainty as in (Baker
et al. 2015, Shapiro et al. 2017) EPU Economic sentiments

Finance

• Used for predicting returns in high-frequency (trading)

• Loughran and McDonald (2011) construct a sentiment dictionary
specifically designed for finance

• Ke et al. (2019) propose a context-specific approach and forecast daily
returns
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Unstructured data and macroeconomics and finance

Difficulty of text as data : it is unstructured and highly-dimensional (number
of DT tweets !) (Gentzkow et al. 2019)

• Define the goal : to measure an unobservable state (sentiment) or to
improve an existing measure

• Data cleaning : keep only what you “believe” is relevant
• Transform raw text into data

1 Represent raw text as a numerical array C

2 Map C to predicted values V̂ of unknown outcomes V
• Crucial part : (i) count the intensity of ad hoc selected keywords ; (ii) use

natural language processing and lexicons ; (iii) build supervised lexicon-free
sentiment scores ; (iv) read the articles

3 Use V̂ in subsequent descriptive, predictive or causal analysis
• Major issue : simultaneity if used for causal analysis
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Unstructured data for structural analysis

Casella et al. (2020)

• Information from unstructured data might go over and above observable
macro series providing valuable information on agents’ expectations and
sentiments

• Incorporate unstructured data in the estimation of structural models
• Determine more accurately the latent structural states

• Reconcile agents’ behavior and macro time series

• May help identify some parameters

• Similar idea as in Boivin and Giannoni (2006)
• DSGE models that exploits the relevant information from a data-rich

environment

• Exploiting more information improves estimation of the model’s concepts
and shocks, and that it implies different conclusions about key structural
parameters and the sources of economic fluctuations
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Unstructured data for structural analysis
Casella et al. (2020)

• Text data : Federal Open Market Committee meeting transcripts

• Model : NK-DSGE
• Empirical strategy

1 Latent Dirichlet Allocation for dimensionality reduction : from words to
data

2 State-space form of linearized DSGE solution

3 Use LDA topic shares as additional observables in the measurement
equation

4 Bayesian estimation

• Preliminary findings
• FOMC topic data for estimation sharpens the likelihood

• Posterior distribution more concentrated for parameters related to hidden
states of the economy and fiscal policy
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Unstructured data for DSGE analysis (Casella et al. 2020)
Log-linearized DSGE model solution

• Transition equation (θ contains all the structural parameters)

st+1︸︷︷︸
Structural states

= Φ1(θ)st + Φε(θ)εt, εt ∼ N(0, 1)

• Measurement equation

Yt︸︷︷︸
Macroeconomic observables

= Ψ0 + Ψ1(θ)st

• Allow the topic time series φt to depend on the model states

φt︸︷︷︸
Topic shares

= Γ0 + Γ1st + Σut, ut ∼ N(0, 1)

A dynamic factor model in which the structure of the DSGE model is
imposed on the latent factors
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Unstructured data for DSGE analysis (Casella et al. 2020)

Log-linearized DSGE model solution

• Augmented measurement equation(
Yt

φt

)
︸︷︷︸

New observables

=

(
Ψ0
Γ0

)
+

(
Ψ1(θ)

Γ1

)
st +

(
0m×m 0m×k

0k×m Σ

)
ut

• If text data carries relevant information, should make the estimation
more efficient

• Next : include topics in the vector of states and model jointly the DGP of
both text and macroeconomic observables
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Empirical Asset Pricing via Machine Learning

(Gu, Kelly and Xiu, 2020)
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ML for asset pricing

Gu et al. (2020) study ML prediction of stock returns
• High-dimensional problem

• 30,000 individual stock returns (target) and 900 predictors

• Forecasting models
• Small-scale and high-dimensional linear regressions

• Sparse : LASSO and Elastic-net

• Dense : principal component regression and partial least squares
• Nonlinear models

• Spline regressions

• Regression trees with boosting and random forests

• Neural networks

• Out-of-sample horse race
• Test set : 1987-2016 (30 years of monthly observations)

• One and twelve months ahead
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ML for asset pricing (Gu et al. 2020)

Machine Learning and Big Data in Macro/Finance D. Stevanovic 13 avril, 2020 46 / 75



ML for asset pricing (Gu et al. 2020)
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Actual GDP forecasts

Setup

• Target : average growth rate of real GDP (CAN, QC, US)

• Predictors : CAN-QD and FRED-QD datasets
• Models : same as in Goulet Coulombe, Marcellino and Stevanovic

(2021)
• Factor models, RFs, Boosting, KRR, NNs

• Predictions horizon : 2021Q1 - 2022Q4
• Presentation of results :

• Level in real terms

• Comparison to pre-COVID linear trend

• Median forecast

• 70% range of all predictions
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Actual GDP forecasts
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Actual GDP forecasts
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Actual GDP forecasts
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Actual GDP forecasts
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Actual GDP forecasts
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Conclusion

ML is useful for macroeconomic and finance prediction problems
• Achievements

• Methodology based on Machine Learning and Big Data is a major change

• Encouraging results in several applications

• Allows the use of new data sources

• Improves forecast accuracy

• Challenges
• Lack of economic interpretability of the results and of the fundamental

mechanisms

• Trade-off between flexibility and structural restrictions

• Final user training and decision-making support
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Macro variables in ξt back
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EPU back
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EPU back
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Economic sentiments back
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Economic sentiments back
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It’s tough to make predictions, especially about the future

Great ModerationGreat Inflation Great 
Recession

Change in trend

(Change in variance)

Jobless
recovery

And even if training goes well...
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It’s tough to make predictions, especially about the future
back

... shit happens
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Source:	U.S.	Bureau	of	Economic	Analysis fred.stlouisfed.org
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Results : Industrial Production back

Full Out-of-Sample NBER Recessions Periods
Models h=1 h=3 h=9 h=12 h=24 h=1 h=3 h=9 h=12 h=24
Data-poor (H−t ) models
Data-poor (H−t ) models
AR,BIC (RMSPE) 0,0765 0.0515 0.0451 0.0428 0.0344 0,127 0,1014 0,0973 0,0898 0,0571
AR,AIC 0.991* 1.000 0.999 1.000 1.000 0.987* 1 1 1 1
AR,POOS-CV 0,999 1.021*** 0.985* 1.001 1.032* 1,01 1.023*** 0.988* 1 1.076**
AR,K-fold 0.991* 1.000 0.987* 1.000 1.033* 0.987* 1 0.992* 1 1.078**
RRAR,POOS-CV 1,003 1.041** 0.989 0.993* 1.002 1.039** 1.083** 0,991 0,993 1.016**
RRAR,K-fold 0.988** 1.000 0.991 1.001 1.027 0,992 1.007** 0,995 1.001** 1.074**
RFAR,POOS-CV 0,995 1,045 0.985 0.955 0.991 1,009 1,073 0.902*** 0.890** 0,983
RFAR,K-fold 0,995 1.020 0.960 0.930** 0.983 0,999 1,013 0.894*** 0.887*** 0.970*
KRR-AR,POOS-CV 1,023 1,09 0.980 0.944 0.982 1,117 1.166* 0.896** 0.853*** 0.903***
KRR,AR,K-fold 0.947*** 0.937** 0.936 0.910* 0.959 0.922** 0.902** 0.835*** 0.799*** 0.864***
SVR-AR,Lin,POOS-CV 1.134*** 1.226*** 1.114*** 1.132*** 0.952* 1.186** 1.285*** 1.079** 1.034*** 0.893***
SVR-AR,Lin,K-fold 1.069* 1.159** 1.055** 1.042*** 1.016*** 1.268*** 1.319*** 1.067*** 1.035*** 1.013***
SVR-AR,RBF,POOS-CV 0,999 1.061*** 1.020 1.048 0.980 1.062* 1.082*** 0.876*** 0.941*** 0.930***
SVR-AR,RBF,K-fold 0.978* 1.004 1.080* 1.193** 1.017*** 0,992 1,009 0,989 1.016*** 1.012***
Data-rich (H+

t ) models
ARDI,BIC 0.946* 0.991 1,037 1.004 0.968 0.801*** 0.807*** 0.887** 0.833*** 0.784***
ARDI,AIC 0.959* 0.968 1.017 0.998 0.943 0.840*** 0.803*** 0.844** 0.798** 0.768***
ARDI,POOS-CV 0,994 1.015 0.984 0.968 0.966 0.896*** 0.698*** 0.773*** 0.777*** 0.812***
ARDI,K-fold 0.940* 0.977 1.013 0.982 0.912* 0.787*** 0.812*** 0.841** 0.808** 0.762***
RRARDI,POOS-CV 0.994 1.032 0.987 0.973 0.948 0.908** 0.725*** 0.793*** 0.778*** 0.861**
RRARDI,K-fold 0.943** 0.977 0.986 0.990 0.921 0.847** 0.718*** 0.794*** 0.796*** 0.702***
RFARDI,POOS-CV 0.948** 0.991 0.951 0.919* 0.899** 0.865** 0.802*** 0.837*** 0.782*** 0.819***
RFARDI,K-fold 0.953** 1.016 0.957 0.924* 0.890** 0.889*** 0.864* 0.846*** 0.803*** 0.767***
KRR-ARDI,POOS-CV 1,038 1.016 0.921* 0.934 0.959 1.152* 1,021 0.847*** 0.814*** 0.886**
KRR,ARDI,K-fold 0.971 0.983 0.923* 0.914* 0.959 1,006 0,983 0.827*** 0.793*** 0.848***
(B1, α = α̂),POOS-CV 1,014 1.001 1.023 0.996 0.946 1,067 0,956 0,979 0.916** 0.855***
(B1, α = α̂),K-fold 0.957** 0.952 1.029 1,046 1,051 0.908** 0.856*** 0.874** 0.816*** 0.890*
(B1, α = 1),POOS-CV 0.971* 1.013 1.067* 1.020 0.955 0,991 0,889 1,01 0.935* 0.880**
(B1, α = 1),K-fold 0.957** 0.952 1.029 1.046 1,051 0.908** 0.856*** 0.874** 0.816*** 0.890*
(B1, α = 0),POOS-CV 1,047 1.112** 1.021 1,051 0.969 1.134* 1.182** 0,997 1,005 0.821***
(B1, α = 0),K-fold 1,025 1.056* 1,065 1,082 1,052 1,032 0,974 0,923 0,929 0.847***
(B2, α = α̂),POOS-CV 1,061 0.968 0.975 0.999 0.923** 1,237 0.810*** 0.889*** 0.904** 0.869**
(B2, α = α̂),K-fold 1,098 0.949 0.993 0.974 0.970 1,332 0.801*** 0.896** 0.851*** 0.756***
(B2, α = 1),POOS-CV 0.973 1,045 1.012 1.023 0.920** 1,034 1,033 0,997 0,957 0.839***
(B2, α = 1),K-fold 0.956** 1,022 1,032 1.025 0.990 0,961 0,935 0,959 0.913** 0.809***
(B2, α = 0),POOS-CV 0.933*** 0.955 0.972 0.937 0.913** 0.902** 0.781*** 0.904** 0.840*** 0.807***
(B2, α = 0),K-fold 0.937** 0.927** 0.961 0.927 0.959 0.871*** 0.787*** 0.858*** 0.775*** 0.776***
(B3, α = α̂),POOS-CV 0.980 0.994 1.016 1,05 0.952 1,032 0,95 0,957 0,97 0.861***
(B3, α = α̂),K-fold 0.973** 0.946** 1,042 0.948 0.997 1,016 0.916** 0,938 0.825*** 0.827***
(B3, α = 1),POOS-CV 0.969* 1,053 1,053 1.080* 0.956 0,972 0,946 1,002 1,014 0.906**
(B3, α = 1),K-fold 0.946*** 0.913** 0.994 0.976 1,01 0.924** 0.829*** 0.888* 0.803*** 0.822***
(B3, α = 0),POOS-CV 0.976 1,049 1,04 1,063 0.973 1,034 1,061 0,997 0.932* 0.846***
(B3, α = 0),K-fold 0,981 1,01 1,03 1.011 0.985 1,002 0,997 0,95 0.826*** 0.787***
SVR-ARDI,Lin,POOS-CV 0.989 1.165** 1.216** 1.193** 1.034 0.915* 0.900** 1,006 0.862** 0.778***
SVR-ARDI,Lin,K-fold 1.109** 1.367*** 1.024 1.038 1.028 1,129 1,133 0.776*** 0.808*** 0.726***
SVR-ARDI,RBF,POOS-CV 0.968* 0.986 1.100* 0.960 0.936* 0,958 0.900* 0.873** 0.760*** 0.820***
SVR-ARDI,RBF,K-fold 0.951* 0.946 0.993 0.952 1.001 0.860** 0.793*** 0.806*** 0.777*** 0.791***
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Results : Unemployment rate back

Full Out-of-Sample NBER Recessions Periods
Models h=1 h=3 h=9 h=12 h=24 h=1 h=3 h=9 h=12 h=24
Data-poor models
AR,BIC (RMSPE) 1,9578 1,1905 1,0169 1,0058 0,869 2,5318 2,0826 1,8823 1,7276 1,0562
AR,AIC 0,991 0,984 0,988 0.993*** 1 0,958 0.960** 0.984* 1 1
AR,POOS-CV 0,988 0,999 1,002 0,995 0,987 0,978 0.980** 0,996 0,998 1,04
AR,K-fold 0,994 0,984 0,989 0.986*** 0,991 0.956* 0.960** 0,998 1 1,038
RRAR,POOS-CV 0,989 1 1,002 0.990* 0.972** 0,984 0.988* 0,997 0.991* 1,001
RRAR,K-fold 0,988 0.982* 0.983* 0.989** 0,999 0,963 0.971* 0,992 0,995 1,033
RFAR,POOS-CV 0,983 0,995 0,968 1 1,002 0,989 1,003 0.929** 0.951** 0,994
RFAR,K-fold 0,98 0,985 0,979 1,006 0,99 0,985 0,972 0.896*** 0.943* 0,983
KRR-AR,POOS-CV 0,99 1,04 0.882*** 0.889*** 0.876*** 1,04 1,116 0.843*** 0.883*** 0.904**
KRR,AR,K-fold 0.940*** 0.910*** 0.878*** 0.869*** 0.852*** 0.847*** 0.838*** 0.788*** 0.798*** 0.908**
SVR-AR,Lin,POOS-CV 1,028 1.133** 1.130*** 1.108*** 1.174*** 1.065* 1.274*** 1.137*** 1.094*** 1.185***
SVR-AR,Lin,K-fold 0,993 1.061** 1.068*** 1.045*** 1.013*** 1.062** 1.108*** 1.032** 1,011 1.018***
SVR-AR,RBF,POOS-CV 1,019 1.094* 1,029 1.076** 1,01 1.097** 1.247** 1.047* 1.034*** 1.112*
SVR-AR,RBF,K-fold 0,997 1,011 1.078** 1.053* 0,993 1,026 1,009 1,058 1,023 0,985
Data-rich (H+

t ) models
ARDI,BIC 0.937** 0.893** 0,938 0,939 0.875*** 0.690*** 0.715*** 0.798*** 0.782*** 0.783***
ARDI,AIC 0.933** 0.878*** 0,928 0,953 0.893** 0.720*** 0.719*** 0.798*** 0.799*** 0.787***
ARDI,POOS-CV 0.924*** 0.913* 0,957 0.925* 0.856*** 0.686*** 0.676*** 0.840** 0.737*** 0.777***
ARDI,K-fold 0.935** 0.895** 0,929 0,93 0.915** 0.696*** 0.697*** 0.801*** 0.807*** 0.787***
RRARDI,POOS-CV 0.924*** 0.896* 0,968 0,946 0.870*** 0.711*** 0.635*** 0.849** 0.768*** 0.767***
RRARDI,K-fold 0.940** 0.899** 0,946 0.931* 0.908** 0.755** 0.681*** 0.803*** 0.790*** 0.753***
RFARDI,POOS-CV 0.934*** 0,945 0.857*** 0.842*** 0.763*** 0.724*** 0.769*** 0.718*** 0.734*** 0.722***
RFARDI,K-fold 0.932*** 0.897*** 0.873** 0.854*** 0.785*** 0.749*** 0.742*** 0.731*** 0.720*** 0.710***
KRR-ARDI,POOS-CV 0.959* 0.961 0.839*** 0.813*** 0.804*** 1,01 1,017 0.748*** 0.732*** 0.828***
KRR,ARDI,K-fold 0.938*** 0.907** 0.827*** 0.817*** 0.795*** 0,925 0,933 0.785*** 0.729*** 0.814***
(B1, α = α̂),POOS-CV 0,979 0.945 0,976 0,953 0.913*** 1,049 0.899* 0,933 0.910* 0.871***
(B1, α = α̂),K-fold 0,971 0.925** 0.867*** 0.919* 0.925* 0.787*** 0.848*** 0.840*** 0.839*** 0.829**
(B1, α = 1),POOS-CV 0.947*** 0.937* 0,962 0.922** 0.889*** 0.857** 0.789*** 0.888** 0.860*** 0.915*
(B1, α = 1),K-fold 0,971 0.925** 0.867*** 0.919* 0.925* 0.787*** 0.848*** 0.840*** 0.839*** 0.829**
(B1, α = 0),POOS-CV 1.238** 1.319** 1,021 1,07 1,01 1.393* 1.476* 0,979 0,972 0.764***
(B1, α = 0),K-fold 1.246** 0,994 1.062* 1.077* 1,018 1,322 0,963 0,991 0,933 0.802***
(B2, α = α̂),POOS-CV 0.907*** 0.918** 0.926* 0.936* 0.911** 0.756*** 0.767*** 0.869** 0.832*** 0.808***
(B2, α = α̂),K-fold 0.917*** 0.900*** 0.915* 0,931 0,974 0.728*** 0.777*** 0.829*** 0.738*** 0.713***
(B2, α = 1),POOS-CV 0.914*** 0,955 1,057 1,011 0.883*** 0.810*** 0.830*** 1,029 0,952 0.795***
(B2, α = 1),K-fold 0,97 0.901** 0,991 0,983 0.918** 0.837** 0.754*** 0,903 0.833*** 0.753***
(B2, α = 0),POOS-CV 0.908*** 0.893*** 0,991 0.922* 0.889*** 0.781** 0.769*** 0,915 0.786*** 0.788***
(B2, α = 0),K-fold 0.949** 0.898*** 0.908** 0.906** 0,967 0,875 0.777*** 0.817*** 0.756*** 0.741***
(B3, α = α̂),POOS-CV 0.949** 0.888*** 0,952 0,943 0.874*** 0,933 0.843*** 0.886** 0.829*** 0.827***
(B3, α = α̂),K-fold 0.937** 0.910*** 0.882** 0.923* 0.921** 0.836* 0.831*** 0.868*** 0.839*** 0.795***
(B3, α = 1),POOS-CV 0.929*** 0.921** 0,958 0,983 0.884*** 0.812** 0.771*** 0.864** 0.851** 0.845***
(B3, α = 1),K-fold 0,968 0.941* 0.861*** 0.907* 0,943 0.808** 0.806*** 0.832*** 0.873** 0.736***
(B3, α = 0),POOS-CV 0.948** 0,974 0,994 1,066 0.946* 0,979 1,03 0,956 0.877** 0.799***
(B3, α = 0),K-fold 0,969 0.918*** 0,983 0,998 0.945* 0,963 0.901* 0,957 0.912* 0.730***
SVR-ARDI,Lin,POOS-CV 0.960* 1,041 1,072 0,929 1,028 0,872 0.858* 0,941 0.809*** 0.779***
SVR-ARDI,Lin,K-fold 0.959* 0.873*** 0.838*** 0,926 0,946 0.801** 0.791*** 0.756*** 0.800** 0.872*
SVR-ARDI,RBF,POOS-CV 0.966 0.995 1,016 0,957 0.872*** 0,938 0.859* 0,937 0.786*** 0.777**
SVR-ARDI,RBF,K-fold 0.943** 0,958 0.871** 0.911* 0.930* 0.769*** 0.796*** 0.770*** 0.763*** 0.787***
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Results : Term spread back

Full Out-of-Sample NBER Recessions Periods
Models h=1 h=3 h=9 h=12 h=24 h=1 h=3 h=9 h=12 h=24
Data-poor models
AR,BIC (RMSPE) 6.4792 12,8246 16.3575 20,0828 22,2091 13.3702 23,16 23,5697 31,597 23,0842
AR,AIC 1.002* 0,998 1.053* 1.034** 1.041** 1.002 1,001 1,034 0,993 0,972
AR,POOS-CV 1.055* 1.139* 1.000 0,969 1.040** 1.041 1,017 0.895* 0.857* 0,972
AR,K-fold 1.001 1 1.003 0,979 1.038* 1.002 0,998 0,911 0.890* 0,983
RRAR,POOS-CV 1.055** 1.142* 1.004 0,998 1,016 1.036 1,014 0,899 0,966 0.945**
RRAR,K-fold 1.044* 0,992 1.027 0,96 1,015 1.024 0,982 0,959 0.795** 0.957*
RFAR,POOS-CV 0.997 0,886 1.125*** 1,019 1.107** 0.906 0.816 1,039 0.747** 1.077**
RFAR,K-fold 0.991 0,941 1.136*** 1,011 1.084** 0.909 0,823 1,023 0.764* 1,038
KRR-AR,POOS-CV 1.223** 0,881 0.949 0.888** 0.945* 1.083 0.702 0.788*** 0.758*** 0,948
KRR,AR,K-fold 1.141 0,983 1.098** 0,999 1,048 0.999 0.737 0.833* 0.663** 0.924
SVR-AR,Lin,POOS-CV 1.158** 1.326*** 1.071* 1,045 1,045 1.111* 1,072 0.894* 0.828* 0,967
SVR-AR,Lin,K-fold 1.191** 1,056 1.018 0,963 0,993 1,061 1,009 0.886** 0.845** 0.916***
SVR-AR,RBF,POOS-CV 1.006 1,039 1.050* 0,951 0,969 0.964 0,902 0.876* 0.761** 0.864***
SVR-AR,RBF,K-fold 0.985 0,911 1.038 0,946 0.933** 0.990 0.737 0.851** 0.747* 0,968
Data-rich (H+

t ) models
ARDI,BIC 0.953 0,971 0.979 0,93 0.892*** 0.921 0,9 0.790*** 0.633*** 1,049
ARDI,AIC 0.970 0,956 1.019 0,944 0.917** 0.929 0,867 0.814*** 0.647*** 1,076
ARDI,POOS-CV 0.954 1,015 1.067 0,991 0.915** 0.912 0,92 0,958 0.769** 1,087
ARDI,K-fold 0.991 1,026 1.001 0,928 0,939 0.958 0,967 0.812*** 0.662*** 1,041
RRARDI,POOS-CV 0.936 0,994 1.078 0,991 0,964 0.896 0.850 0,952 0.784** 1,092
RRARDI,K-fold 1.015 0,992 1.018 0,934 0,981 0.978 0,899 0.881* 0.635*** 1.163*
RFARDI,POOS-CV 0.988 0.830* 0.957 0.873** 0.921** 0.804 0.691 0.785*** 0.606*** 0,985
RFARDI,K-fold 1.010 0,883 0.997 0,909 0.935** 0.808 0.778 0.827** 0.626*** 0,97
KRR-ARDI,POOS-CV 1.355** 0,898 0.993 0.856** 0.884*** 0.861 0.682* 0.772*** 0.621** 0.905*
KRR,ARDI,K-fold 1.382*** 0,96 0.974 0.827** 0.862*** 0.858 0.684* 0.754*** 0.569*** 0.912*
(B1, α = α̂),POOS-CV 1,114 1,06 1.126*** 1,021 0.866*** 1.009 0,981 1,02 0.701** 1,012
(B1, α = α̂),K-fold 1.089 1.149** 1.199** 1.106* 0,969 1.001 1,041 0,885 0.767** 0,941
(B1, α = 1),POOS-CV 1.125* 1,115 1.172*** 1,072 0.844*** 1,071 1,006 1,033 0,833 0,96
(B1, α = 1),K-fold 1.089 1.149** 1.199** 1.106* 0,969 1.001 1,041 0,885 0.767** 0,941
(B1, α = 0),POOS-CV 1.173** 1.312** 1.176*** 1,088 0,978 1,089 1,065 0,981 0,799 0,966
(B1, α = 0),K-fold 1.163* 1,059 1.069 0,929 0.921** 1.041 0,869 0.810** 0.729** 0.880*
(B2, α = α̂),POOS-CV 1.025 0,993 1.101** 1,028 0.897*** 0.918 0,908 1,02 0.651*** 0,989
(B2, α = α̂),K-fold 0.976 0,954 1.098* 1,059 0.935* 0.931 0,875 0,938 0.779* 0,952
(B2, α = 1),POOS-CV 1,062 0,968 1.125** 1,049 0.926*** 0.897 0,855 1,058 0,79 1,001
(B2, α = 1),K-fold 0.980 0,938 1.130** 1,01 0.950* 0.948 0,858 0,976 0.679** 1,001
(B2, α = 0),POOS-CV 1.118* 1,082 1.097** 1,008 0.901*** 1.004 0,919 1,008 0.669*** 1,016
(B2, α = 0),K-fold 1,102 0,988 1.047 1,041 0.919** 0.985 0,909 0.870* 0.757* 0,986
(B3, α = α̂),POOS-CV 0.971 0,964 1.089** 1,076 0.933* 0.887 0.837 0,908 0.783* 0.904**
(B3, α = α̂),K-fold 0.968 0,944 1.009 0,999 0.898*** 0.895 0,872 0.883** 0.744** 0.907***
(B3, α = 1),POOS-CV 1.006 1,066 1.059* 1,039 0.896*** 0.894 1,131 0,974 0.764* 0,987
(B3, α = 1),K-fold 0.994 0,924 1.037 0,96 0,975 0.934 0,852 0.834** 0.712** 1,01
(B3, α = 0),POOS-CV 1.181* 0,961 1.104** 1,056 0.937** 1,215 0,901 1,013 0,825 0.919*
(B3, α = 0),K-fold 0.999 0,953 1.036 0,94 0,97 0.897 0,845 0,923 0.735** 0.925**
SVR-ARDI,Lin,POOS-CV 1.062 0,967 1.164** 1.113* 1,065 1,016 0.762* 1,117 0.714** 1,097
SVR-ARDI,Lin,K-fold 0.990 0,98 1.011 0.922 0.909** 0.935 0,885 0.825** 0.667** 0,994
SVR-ARDI,RBF,POOS-CV 0.972 0,937 1.069 1,039 1,068 0.875 0.741 0.796*** 0.707*** 1.204*
SVR-ARDI,RBF,K-fold 1.018 0,938 1.123 0.914* 0.882*** 0.931 0.781 0.858** 0.778** 0.858**
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Results : CPI inflation back

Full Out-of-Sample NBER Recessions Periods
Models h=1 h=3 h=9 h=12 h=24 h=1 h=3 h=9 h=12 h=24
Data-poor models
AR,BIC (RMSPE) 0,0312 0,0257 0,0194 0,0187 0,0188 0,0556 0,0484 0,032 0,0277 0,0221
AR,AIC 0.969*** 0,984 0.976* 0,988 0,995 1 0.970** 0,999 0,992 1,005
AR,POOS-CV 0.966** 0,988 0,997 0,992 1,009 0.961** 0,981 0,995 0,978 1,003
AR,K-fold 0.972** 0.976** 0.975* 0,988 0,987 1,002 0.965*** 0,998 0,992 1,005
RRAR,POOS-CV 0.969** 0,984 0,99 0,993 1,006 0.961** 0,982 0,995 0.963* 0,998
RRAR,K-fold 0.964*** 0.979** 0.970* 0.980* 0,989 0,989 0.973** 0,996 0,992 0,997
RFAR,POOS-CV 0,983 0.944* 0.909* 0.930 1,022 1,018 0,998 1,063 1,047 0,998
RFAR,K-fold 0.975 0.927** 0.909* 0.956 0,998 1,032 0,972 1,065 1,103 1,019
KRR-AR,POOS-CV 0.972 0.905** 0.872** 0.872** 0.907** 1,023 0.930** 0,927 0,91 0.852*
KRR,AR,K-fold 0.931*** 0.888*** 0.836** 0.827*** 0,942 0,965 0.920** 0,92 0,915 0,975
SVR-AR,Lin,POOS-CV 1.119** 1.291** 1.210*** 1.438*** 1.417*** 1,116 1.196** 1.204** 1,055 1.613***
SVR-AR,Lin,K-fold 1.239*** 1.369** 1.518*** 1.606*** 1.411*** 1.159* 1.326* 1.459** 1.501* 1,016
SVR-AR,RBF,POOS-CV 0,988 1,004 1.086* 1.068** 1.127** 0,999 1,004 0,969 1.091** 1.501***
SVR-AR,RBF,K-fold 0,99 1,025 1,025 1,003 1.370*** 0,965 0,979 0,996 0.896** 1.553**
Data-rich (H+

t ) models
ARDI,BIC 0,96 0.973 1,024 0.895* 0.880* 0.919* 0.906* 0.779* 0.755** 0.713**
ARDI,AIC 0.954 0.990 1,034 0.895 0,884 0,925 0.898 0.778* 0.736** 0.676**
ARDI,POOS-CV 0.950 0.984 1,017 0.910 0,916 0.916* 0.913* 0.832** 0.781*** 0.669**
ARDI,K-fold 0.941* 0.990 1,028 0.873* 0.858* 0.891** 0.900 0.784* 0.709*** 0.635**
RRARDI,POOS-CV 0.943* 0.975 1,001 0.917 0,914 0.905* 0.912* 0.828** 0.780*** 0.666**
RRARDI,K-fold 0.943** 0.983 1,022 0.875* 0.882 0.927* 0.901 0.744** 0.664*** 0.613**
RFARDI,POOS-CV 0.947** 0.908*** 0.853** 0.914* 0,979 0,976 0.939** 0,988 1,051 0,964
RFARDI,K-fold 0.936*** 0.907*** 0.854** 0.868** 0.909* 0,962 0.933** 0,979 0,93 1,003
KRR-ARDI,POOS-CV 1,006 1,043 0,959 0,972 1,067 1,046 1,093 0,952 0,948 0,946
KRR,ARDI,K-fold 0.985 0,999 0,983 0,977 0,938 0,998 0,99 1,023 1,022 0,986
(B1, α = α̂),POOS-CV 0.918** 0.916* 0,976 0,96 1,026 0.803*** 0.900* 0,8 0,848 0,974
(B1, α = α̂),K-fold 0.908** 0.921* 1,012 1,056 1.092* 0.823** 0.873* 0.774 0,836 1,069
(B1, α = 1),POOS-CV 0.960 0.908** 1,11 1,03 1,076 0.813** 0.889* 0,794 0,825 0,989
(B1, α = 1),K-fold 0.908** 0.921* 1,012 1,056 1.092* 0.823** 0.873* 0.774 0,836 1,069
(B1, α = 0),POOS-CV 0,971 1,035 1.114* 1,048 1.263** 0.848** 0.906 0,935 0,881 0,99
(B1, α = 0),K-fold 0.945* 1,057 1.246** 1.289** 1.260*** 0.850*** 0.939 0,954 0,944 1,095
(B2, α = α̂),POOS-CV 0.923** 0.956** 0.940 0,934 0,945 0.871* 0,959 0.803* 0.802* 0.822*
(B2, α = α̂),K-fold 0.921** 0.963* 0,995 0,956 1,037 0.868* 0.957* 0.817* 0.778** 0,861
(B2, α = 1),POOS-CV 0.942 0.959 1.158* 1.174** 1.151** 0,877 0,927 0,799 0,907 1,087
(B2, α = 1),K-fold 0.922** 0.970 1,066 0,995 1.168* 0,879 0,929 0,853 0.816* 1,009
(B2, α = 0),POOS-CV 0.921** 0.940 1,079 0,959 1,071 0.857* 0.881 1,129 0,883 0,851
(B2, α = 0),K-fold 0.919** 0.929* 0,997 1,011 1.212** 0.865* 0.883 0,825 0,961 0,853
(B3, α = α̂),POOS-CV 0.935* 0.941*** 0.961 0.849** 0.901* 0.889* 0.947** 0.791** 0.785** 0.808**
(B3, α = α̂),K-fold 0.938* 0.952** 0.937 0.915 0,952 0.891* 0.958* 0.801* 0.784** 0,91
(B3, α = 1),POOS-CV 0.933* 0.960 1,076 1 1,017 0.856* 0.917* 0.755* 0.769** 0,86
(B3, α = 1),K-fold 0.943 0,978 1,006 0.894 1,002 0,889 0,946 0,805 0.806* 0,879
(B3, α = 0),POOS-CV 0.946* 0.939** 0.896* 0.871** 1,022 0.894* 0.931** 0,865 0,875 0,896
(B3, α = 0),K-fold 0.921*** 0.975 0.926 0.920 1,106 0.877*** 0.936 0,839 0,892 1,147
SVR-ARDI,Lin,POOS-CV 1.148*** 1.202* 1.251*** 1.209*** 1.219** 1,068 1,053 0,969 0,969 0,943
SVR-ARDI,Lin,K-fold 1.115*** 1.390** 1.197** 1,114 1.177* 1,058 1.295* 0,944 0,954 1,036
SVR-ARDI,RBF,POOS-CV 0,963 1,031 1,002 0,962 0,951 0,922 0.915 0,848 0,861 0,996
SVR-ARDI,RBF,K-fold 0.951** 1,002 0,997 0,945 0.797*** 0.927* 0,964 0.816** 0.826** 0.659**
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Results : Housing starts back

Full Out-of-Sample NBER Recessions Periods
Models h=1 h=3 h=9 h=12 h=24 h=1 h=3 h=9 h=12 h=24
Data-poor models
AR,BIC (RMSPE) 0.9040 0.4142 0.2499 0,2198 0,1671 1.2526 0,6658 0,4897 0,4158 0,2954
AR,AIC 0.998 1.019 1.000 1.000 1 1,01 0.965* 1 1 1
AR,POOS-CV 1.001 1.012 1.019* 1,01 1.036** 1,015 0.936** 1.011* 1,013 1.057**
AR,K-fold 0.993 1.017 1.001 1 1,02 1,01 0.951** 1 1 1,036
RRAR,POOS-CV 1.007 1.007 1.008 1,009 1.031** 1.027* 0.939** 1,001 1,013 1.050**
RRAR,K-fold 0.999 1.014 0.998 0.998 1.024* 1,013 0.941** 1.000** 0,999 1.042**
RFAR,POOS-CV 1.030*** 1.026* 1.028* 1.045** 1,018 1,023 0.941* 0.992 1.048* 1,013
RFAR,K-fold 1.017* 1.022 1.007 1.031** 1,008 1,02 0.942* 0.990 1,026 1,01
KRR-AR,POOS-CV 0.995 0.999 0.969* 1.044* 1.037* 0.990 0.972 0.971 1.050** 0,993
KRR,AR,K-fold 0.977* 0.975 0.957** 0.989 1,001 0.985 0.976 1,01 1,006 1,004
SVR-AR,Lin,POOS-CV 1.032*** 0.997 1.044*** 1.064*** 1.223** 1.024* 0.962* 0.986* 0,984 0.957***
SVR-AR,Lin,K-fold 1.036*** 1,031 1.002 1,006 1,002 1,013 0,976 1,002 1,009 1,004
SVR-AR,RBF,POOS-CV 1.008 1.047** 1.023 1.035*** 1.060*** 1.014 0,981 0.947*** 1,015 1,017
SVR-AR,RBF,K-fold 1,009 1.011 1.012** 1.020*** 1.034** 1.021* 0.969* 1.010*** 1.017** 1,001
Data-rich (H+

t ) models
ARDI,BIC 0.973* 0.989 1.031 1,051 1,05 0.946 1,139 1,048 0,988 0,944
ARDI,AIC 0.992 0.995 1.018 1,06 1,078 1.000 1,113 1,025 1,025 0,96
ARDI,POOS-CV 1,01 1.007 1.080 1,027 0,998 1,023 1,128 1,054 1,015 1,021
ARDI,K-fold 0.992 0.984 1.026 1,061 1,094 1.011 1,093 1,027 1,027 0,958
RRARDI,POOS-CV 0.998 1.007 1.043 0.996 1,082 1,008 1,119 1,041 0,991 1,022
RRARDI,K-fold 0.998 0.988 1.051 1,064 1,089 1,017 1,118 1,033 0,998 0,941
RFARDI,POOS-CV 0.997 0.944** 0.930** 0.920* 0.899** 0.982 0.971 0.965 0,957 0,972
RFARDI,K-fold 0.994 0.962 0.939* 0.914* 0.838*** 0.993 0,985 0.986 0.943 0.902*
KRR-ARDI,POOS-CV 0.980 0.943*** 0.915** 0.942** 0.884*** 0.941* 0.952* 0.949 0.964** 0,986
KRR,ARDI,K-fold 0.982** 0.949** 0.928 0.933 0.889** 0.973 0.973 1.003 1,022 0,994
(B1, α = α̂),POOS-CV 1.006 1.000 1.063 1,016 0.895** 1,023 1,099 0.985 1,026 1,022
(B1, α = α̂),K-fold 1.040* 1.095** 1.250** 1.335** 1.151* 1.096* 1.152** 1,021 1,127 0.890
(B1, α = 1),POOS-CV 1.032** 1,039 1,155 1,045 0,949 1,013 1,063 0.961 1,025 1,062
(B1, α = 1),K-fold 1.040* 1.095** 1.250** 1.335** 1.151* 1.096* 1.152** 1,021 1,127 0.890
(B1, α = 0),POOS-CV 0.982 0.977 1,084 1.337** 0,959 0.999 1,017 1,014 1.152** 0,964
(B1, α = 0),K-fold 0.982 1.006 1.137* 1.158** 1,007 0.994 1,03 1.017 1,067 0.809**
(B2, α = α̂),POOS-CV 1,044 0.992 0.975 0,988 0,969 1,177 1.126* 1,034 0,989 0,972
(B2, α = α̂),K-fold 0.988 1.003 1.069 1.193** 1,069 1,11 1.188* 1,085 1.133* 0,917
(B2, α = 1),POOS-CV 1.001 1.000 0.967 1,02 0.940* 0.961 1,047 0.943 0,985 1,006
(B2, α = 1),K-fold 0.989 1,095 1.245** 1.203* 1,093 1,007 1.322*** 1,1 0.919 0.848**
(B2, α = 0),POOS-CV 1.091* 0.949 0.987 0.971 0,939 1,255 1,027 0.992 0.956 0,994
(B2, α = 0),K-fold 1,066 1.068 1,19 1,044 1,064 1,248 1.332** 1,057 0.896*** 0,917
(B3, α = α̂),POOS-CV 1,009 0.951* 0.935 0,99 0.891** 1,028 1,019 0.958 0.963 0,987
(B3, α = α̂),K-fold 0.998 0.977 1.007 1,055 1,044 1,019 1,115 1,017 0.979 0.882*
(B3, α = 1),POOS-CV 0.997 0.975 1.024 0,996 0.928* 0.976 1,001 1,021 0.940 1,001
(B3, α = 1),K-fold 1,013 1.040 1,071 1,106 1,145 1,042 1.219* 1,036 0,992 1,009
(B3, α = 0),POOS-CV 1.022* 0.951* 0.962 0.944 0.932* 1,022 0,981 0.930 0.915** 1,001
(B3, α = 0),K-fold 1.030** 1.003 1.005 1,011 1,029 0.986 1,114 0.998 0.955 0,934
SVR-ARDI,Lin,POOS-CV 0.998 1.078* 1.154* 1.137* 1,142 1,047 1,111 0.989 1,009 1,111
SVR-ARDI,Lin,K-fold 0.992 0.971 1.017 1,038 1,11 1,007 1,021 0.988 0.937 0,959
SVR-ARDI,RBF,POOS-CV 0.991 1.004 1.010 1,044 1,034 0.987 1,095 0.981 0,969 1,096
SVR-ARDI,RBF,K-fold 1.003 0.998 1.045 1,078 1.162* 1,022 1,081 1,03 0,984 1,026
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Results : Disentangling ML Treatment Effects back

This figure plots the distribution of α̇(h,v)
F by (h, v) subsets. The subsample under consideration

are recessions. The unit of the x-axis are improvements in OOS R2 over the basis model.
Variables are INDPRO, UNRATE, SPREAD, INF and HOUST.
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Results : Disentangling ML Treatment Effects back

This figure plots the distribution of α̇(h,v)
F by (h, v) subsets. The subsample under consideration

are the last 20 years. The unit of the x-axis are improvements in OOS R2 over the basis model.
Variables are INDPRO, UNRATE, SPREAD, INF and HOUST.
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Results : Boosting and Neural Nets back

This figure compares the two alternative NL models averaged over all horizons. The unit of the
x-axis are improvements in OOS R2 over the basis model. SEs are HAC. These are the 95% CI.
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Results : Boosting and Neural Nets back

This figure compares the two alternative NL models averaged over all variables. The unit of the
x-axis are improvements in OOS R2 over the basis model. SEs are HAC. These are the 95% CI.
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Results : Disentangling ML Treatment Effects back

This figure plots the distribution of α̇(h,v)
F by (h, v) subsets. X stands for data-rich. Variables :

INDPRO, UNRATE, SPREAD, INF and HOUST. Within a specific color block, the horizon
increases from h = 1 to h = 24 as we are going down. SEs are HAC. These are the 95%
confidence bands.
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Results : Disentangling ML Treatment Effects back

This figure plots the distribution of α̇(h,v)
F by (h, v) subsets. X stands for data-rich. Variables :

GDP, CONS, INV, INC and DEF. Within a specific color block, the horizon increases from
h = 1 to h = 8 as we are going down. SEs are HAC. These are the 95% confidence bands.
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Results : Disentangling ML Treatment Effects back

This figure plots the distribution of α̇(h,v)
F by (h, v) subsets. X stands for data-rich. Variables :

INDPRO, UNRATE, SPREAD, INF and HOUS. Within a specific color block, the horizon
increases from h = 1 to h = 8 as we are going down. SEs are HAC. These are the 95%
confidence bands.
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Results : TV Nonlinearities and Data-Rich Effects back
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