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“There are two kinds of forecasters: those who don’t know, and those who don’t
know they don’t know.”

— John Kenneth Galbraith



Abstract

In recent years, the field of forecasting has experienced significant growth, thanks
to advancements in statistical techniques, increased data availability, and the use of
open-source predictive models. While there are methods to quantify the risk or statistical
uncertainty of a predictive framework, decision-makers also face Knightian uncertainty
due to incomplete knowledge of the underlying data-generating process or the likelihood
of unknown external shocks.

When the decision maker is asked to form an expectation of a variable of interest and
multiple forecasts are available, we show that optimal and robust combinations of forecasts
offer superior forecast performance. These techniques enforce a non-negativity constraint
on the weights and use penalties (or shrinkage) to penalize the divergence from a reference
combination scheme. Their benefits include performing forecast selection and combination
in a single step while also mitigating the risk of over-fitting by shrinking the optimal but
potentially unstable solution to a sub-optimal but satisfactory one.

Combinations provide useful insights also when evaluating competing forecasting
strategies. We also use optimal combinations to introduce a novel forecast encompassing
test under constrained parameter space. By explicitly considering that weights are
constrained in the unit simplex, the proposed test has adequate size properties and is more
powerful than a competitive test that ignores such constraints. We apply these newly
developed combination and evaluation techniques to tackle operational challenges in the
credit industry and when evaluating monetary policy in the euro area. Model risk presents
a significant challenge for both practitioners and regulators in the credit industry, as there
is a risk of a mismatch between the expected and actual results of a model. Decisions
concerning model risk include selecting the most appropriate modeling framework, and
predictors to employ. We find that combining models that are built on security-specific
characteristics and a limited number of established recovery rate determinants permits
a favorable trade-off between accurate predictions and interpretability. We also stress
the relevance of incorporating economic uncertainty measures and economic predictors in
designing recovery rate forecast methods for corporate bonds and consumer credit.

In some circumstances, however, the decision maker is confronted with the likelihood
of a new event that, despite impacting the target of interest, is overlooked by the available
models. In this case, uncertainty arises from the unavailability of supported forecasts.
We show how drawing comparisons between the new event and past experiences can aid
decision-making. For instance, we design a model that describes the cross-border shock
transmission mechanism in the European sovereign bond market during the Eurozone debt
crisis. This helps us to evaluate the risk of a potential second crisis during the COVID
pandemic.

While the proposed methods are tailored to financial and economic forecasting, this
thesis offers guidance to the broader forecasting community when dealing with uncertainty:.



Acknowledgments

I would like to express my gratitude to the individuals and institutions who have
contributed to the successful completion of this doctoral dissertation. Their support has
been indispensable throughout this journey.

First, I am grateful to my supervisor, Prof. Frédéric Vrins. I thank you for welcoming
me to your research team, for having many stimulating discussions, being patient,
available, and supportive. You allowed me to work under the best conditions, building a
stimulating research environment, based on trust, cooperation, and fairness.

I extend my sincere appreciation to the members of my supervisory panel and thesis
committee. I thank Prof. David Ardia and Prof. Vincent Bodart for your critical
insights, constructive suggestions and for the time and effort you invested in reviewing
my dissertation. Special thanks go to Prof. Walter Distaso and Prof. Roberto Reno for
having accepted to be part of my thesis committee. Prof. Distaso, you contributed to
many bright research ideas and helped me to have access to unique research opportunities.
Working with you has been a real pleasure and having you as a coauthor is an honor. I had
the pleasure of having Prof. Roberto Reno as the instructor of the financial mathematics
course at the University of Siena. Since then, you have been my reference in academia.
Your passion for teaching and research are truly inspiring and motivating. Therefore,
having you on my thesis committee has a very special meaning for me.

I would also like to extend my sincere thanks to Prof. Bertrand Candelon, who is not
a part of my dissertation committee, but whose guidance, expertise, and feedback have
been decisive in shaping my research interests and completing this dissertation. You were
always available when I needed help, and supportive throughout my doctoral journey
and I do not have words to describe how important you have been during these last
four years. I also would like to thank Prof. Christian Brownlees for your precious help,
the many insightful discussions, and the hospitality you offered me at the Universitat
Pompeu Fabra in Barcelona. Your critical feedback and your willingness to share your
knowledge have greatly contributed to the development and refinement of my research ideas.

I wish to thank Prof. Alberto Dalmazzo, Prof. Massimo De Francesco, Prof. Carlo
Pacati, and Prof. Igor Master from my former studies at the University of Siena and the
University of Ljubljana for transmitting me the passion for economics and finance. You
did an amazing job and I owe you a lot. A special mention goes to my previous colleagues
in the research department ARC of Banka Slovenije and in particular to the director
Dr. Arjana Brezigar Masten for allowing me to explore the world of central banking for
the first time. You taught me many valuable lessons and I will always bring my days in
Slovenia painted on my heart.

I am thankful to the faculty and staff of UCLouvain, particularly the LIDAM
research institute, the LFIN and CORE research centers for providing a stimulating
academic environment and the necessary resources for my research. The intellectual
discussions, seminars, and workshops have played a vital role in shaping my research skills
and broadening my horizons. Special thanks go to Raphaél Tursis for his valuable IT



support and to Catherine Germain, Marie Gonze, and Margaux Hubin for their priceless
administrative support. I would also like to acknowledge the financial support provided
by the Economic School of Louvain, the F.N.R.S., and the Fédération Wallonie-Bruxelles.
Their funding has been instrumental in facilitating my research activities, including travel
expenses, and access to necessary resources. Their investment in my academic pursuits
has been invaluable, and I am deeply grateful for their support.

My colleagues played an important role in the completion of this doctoral thesis. A
special mention goes to Angelo Luisi, Paolo Gambetti, Jonas Striaukas, and Jean-Charles
Wijnandts. Together, we navigated through some complez situations, and I am glad to see
each of us completing our respective doctoral journeys, attaining remarkable outcomes,
and fulfilling our predetermined objectives. You are not only colleagues, but friends,
mentors, co-authors, and the best group in which I could have ever dreamed of working. I
would also like to thank to Nira, Tiziano, Fabrizio, Charles, Erika, Sonia, Camilla, Cheikh,
Rim, Pavel, Roland, Farah and Liana the other members of LFIN group. I would not be
writing these lines, if it was not for you.

It is difficult to list every friend that made this journey possible, from the amazing
friends I have met during my studies in Siena, to the friendships I have made in my
hometown. However, a special thank goes to Mario, I will always keep the memories of
my trip to the University of Chicago, your warm welcome in Evanston, and our long calls
in my heart. I hope you can see this from wherever you are.

In conclusion, I thank my parents, grandparents, and my brother for their unwavering
support, understanding, and belief in my abilities. Thank Eddy, Sabine, Simon, and Papy
Jean, for your kindness and welcoming me into your family. And Sarah, you have been
the cornerstone of these last seven years from the Erasmus program in Slovenia to the
completion of the PhD. Thank you for always being there for me.

This doctoral thesis is dedicated to all of you.



Contents

Contents 6
1 Introduction and summary 10
2 Optimal and robust combination of forecasts 16
2.1 The one-step optimal and robust combination of forecasts . . . . . . . . .. 19
2.1.1 The optimal combination of forecasts with non-negative weights . . 19
2.1.2  Constrained optimization with penalty (COP) on the weighting scheme 20
2.1.3  The shrinkage direction of combining weights . . . . . . . . .. .. 20

2.1.4 Robust combination methods and the shrinkage estimator of the
covariance matrix . . . . . ..o oL Lo Lo 21
2.1.5 A closer look at COP and COS methods. . . . . .. ... ... ... 22
2.1.6  Estimation of penalty strength . . . . . . ... ... ... ... ... 23
2.1.7 Negative or non-negative weights . . . . . . .. ... ... .. ... 24
2.2 Monte Carlo simulations . . . . . . .. ... .. ... L. 25
2.2.1 Simulation designs . . . ... ... 27
2.2.2  Simulation results . . . . .. ..o oo 28
2.3 Empirical study . . . . . .. o 30
2.3.1 Ewvaluation criteria . . . . . . . ... oo oL 31
2.3.2 Individual predictive algorithms . . . . . . . .. .. ... .. 31
2.3.3  Empirical study I: Boston housing prices . . . . . .. ... .. ... 32
2.3.4  Empirical study II: Chicago Fed National Activity Index . . . . . . 35
2.4 Conclusions . . . . . . . . 38
A2.1 Proof of Proposition 2.1.2 . ... ... ... .. ... ... ... ... 39
A2.2 Proof of Equivalence: A general case .. ... ............ 39
A2.3 Bayesian reformulation of the COP problem .. ... ..... .. 39
A2.4 Analytical formula for the optimal shrinkage intensity . . . . . . 40
A2.5 Simulation study: Design 2 and Design 3 . . ... ... ... ... 42
A2.6 Forecast selection using CO+ and COS(+) methods. . ... .. 43
A2.7 Performance of all models in the empirical studies . ... .. .. 44
A28 (Pseudo) out-of-sample time-series exercise for CENAI . . . .. 45
3 Meta-learning approaches for recovery rate prediction 48
3.1 Methodology . . . . . . . . 51
3.1.1 First-level learners . . . . . .. .. ... oL 52
3.1.1.1 Linearmodels . . . . . . . .. ... .. ... .. ..., 52
3.1.1.2  Nonlinear models . . . . . .. ... ... ... ... ... 53
3.1.1.3 Rule-based models . . . . .. ... .. ... 53



CONTENTS

3.1.2 Second-level learners . . . . . . .. ... ... ... 53
3.1.2.1 Linear meta-learners . . . . . . . .. ... ... ... ... 54

3.1.2.2 Nonlinear meta-learners . . . . . . .. ... ... ..... 56

3.2 Data . . . . . e 56
3.2.1 Recovery rates and security-specific characteristics . . . . . . . . .. 56
3.2.2  Systematic factors . . . .. ..o 59

3.3 Results. . . .. o 61
3.3.1 Predictive models vs. historical averages . . . . . . ... ... ... 62
3.3.2  Models based on systematic variables . . . . . ... ... .. 63
3.3.3 First level learners . . . . . . . ... ... Lo 63
3.3.4 Meta-learning: within and across predictor sets . . . . . . . . ... 65

3.4 Discussion and practical considerations . . . . . .. .. ... 68
3.5 Conclusion . . . . . . .. L 69
A3.1 Details on Nonlinear and rule-based methods . . . . . . .. ... ... ... 70
A3.2 A closer look at uncertainty measures . . . . . ... ... L. 73
A33FRED data . . . . . . . . . .. 73
Business cycle and realized losses in the consumer credit industry 80
4.1 Literature review . . . . . . . . . .. 83
4.2 Data . . . . o 85
4.2.1 Non-performing consumer credit (NPC) database . . .. ... ... 85
4.2.2  Economic and social predictors (collected outside of the NPCC DB) 88
4.2.3 Portfolios of defaulted consumer credits . . . . . . .. ... .. ... 89
4.2.4 Inter-temporal and out of sample evaluation . . . .. .. ... ... 91

4.3 Forecasting methods . . . . . . .. ... oo 93
4.3.1 Linear and Beta regression models . . . . .. .. .. ... ... .. 96
4.3.2 Gradient boosted regression trees and random forests . . . . . . .. 97
4.3.3 Multivariate adaptive splines . . . . . . .. .. ... ... 98
4.3.4 Combinations of forecasts . . . . . . . .. .. ... ... ... ... 98

4.4 Methodology . . . . . . . . 99
4.4.1 Data sampling for individual NPCs and portfolios . . . . . . . . .. 99
4.4.2 Time consistency: the inter-temporal exercise . . . . .. ... ... 101
4.4.3 Evaluation criteria . . . . . . . . ... o 101

4.5 Results . . . . . . . 102
4.5.1 Forecasting performance . . . . . .. ... ... oL 102
4.5.2  Opening the black box using ALE plots . . . . . .. ... ... ... 103

4.6 Conclusions . . . . . . . . . . e 106
A4.1 Pseudo R code for hyperparameters tuning and forecast combination methods112
A4.1.1 Training of RF, GBRT, MARS and B-MARS models . . . .. . .. 112
A4.1.2 Minimum variance combination of forecasts with non negative weights114
A4.1.3 Non linear combination schemes . . . . . . .. ... ... ... ... 115
A4.1.4 Distribution of recovery rates on pools . . . . .. . ... ... ... 116
Should we care about ECB inflation expectations? 118
5.1 Optimal combination and forecast encompassing . . . . . . .. ... .. .. 120
5.1.1 Estimating the optimal weights . . . . . . .. ... .. ... .... 120
5.1.2  Testing for forecast encompassing . . . . . . . ... ... ... ... 121

5.2 Analysis of inflation forecasts in the euro area . . . . . . . . ... ... .. 123

7



CONTENTS

5.2.1 Testing and handling cross-sectional dependence . . . . . . . . . .. 126
5.2.2  Estimating the optimal combination weights . . . . . . ... .. .. 127
5.3 The Dynamics of the ECB weight . . . . . .. .. ... ... ... ..., 130
5.3.1 The determinants of the combination weights . . . . .. .. .. .. 131
5.3.1.1 Disagreement and inflation surprise . . . ... ... ... 131
5.3.1.2  Financial conditions and monetary policy . . . . ... .. 132
5.3.2  Seasonality of institutional forecasts . . . . . . . .. ... ... ... 132
5.3.3 Controlling for unemployment and industrial production . . . . .. 133
5.3.4  The regression framework . . . . . ... ... L. 134
5.3.5 FEmpirical results . . . . ..o oo 135
5.3.6  Discussion: forecast informativeness and monetary policy . . . . . . 135
5.4 Conclusion . . . . . . .. 138
A5.1 The test for forecast encompassing . . . . . . . .. .. ... 140
A5.1.1 The testing procedure . . . . . . . . .. ... ... 140
A5.2 Assumptions of the test whend >n . . . . . . . ... ... ... ... ... 142
Ab.3 Beta regression framework . . . . . ... .00 oL 143
A5.4 On the empirical distribution of € . . . . . . . . .. ... L. 144
A5.5 Bootstrap procedure . . . . .. ... 146
Ab5.6 Additional results on the determinants of the weights . . . . . . ... ... 147
A5.7 Size and power analysis . . . . . . ... 147
6 Fragmentation in the European Monetary Union: Is it really over? 152
6.1 Introduction . . . . . . . . . 152
6.2 Preliminary Data analysis . . . . . .. .. ... .o oL 154
6.2.1 Pre-ESD crisis period . . . . . ... ... 155
6.2.2 The ESD crisis period . . . . . . . . . ... . 155
6.2.3 The post-ESD crisis period and the COVID pandemic. . . . . . . . 157
6.3 Empirical analysis . . . . . . . .. ..o Lo 157
6.3.1 Modeling sovereign bond spreads in the euro area . . . . . . . . .. 157
6.3.2 A closer look to the first and second PC's of the cross section of
euro area spreads. . . . . ... ... 159
6.4 Results. . . . . . . 160
6.4.1 Preliminary results . . . . . .. ... .o 160
6.4.2 Interconnection matrices and their signs . . . . . ... ... ... 161
6.4.3 Impulse response analysis . . . . . . . ... ... 164
6.4.4 Pre-ESD crisis period . . . . . ... o 164
6.4.5 Post-ESD crisis period . . . . . . ... oo 165
6.4.6 The COVID pandemic period 2019 March - 2021 March . . . . . . 166
6.4.7 Heatmap: a closer look at the interconnections underlying the GI RF's167
6.4.8 Learning from the past: policy implications . . . . . .. . ... .. 169
6.5 Conclusion . . . . . . . . L 170
A6.1 How to retrieve the country-specific weights . . . ... ... ... 171
A6.2 Solution to GVAR Models . . ... ... .. ... .. ... ... .. 171
A6.3 Bootstrap procedure for the GIRF confidence bounds . . . . .. 172
A6.4 Analysis of the interdependence factor . . .. ... ... ... ... 173
7 Conclusions and further research 187



CONTENTS

Bibliography 190



CHAPTER 1

Introduction and summary

The art and science of forecasting

The forecasting literature (Makridakis, 1986) has evolved over the last decades. The study
of predictive methods in the areas of demography, energy, transportation, meteorology,
economics, and finance is burgeoning, boosted by the recent development of statistics and
ease of access to data, computing power, and the availability of open-source libraries of
predictive models. Scientists and professional forecasters, however, still build predictive
models with a particular application in mind: predicting astronomical or meteorological
phenomena is different from predicting the dynamics of the economic and business
cycles. Overlooking the differences between applications and ignoring the specific
modeling assumptions on which predictive frameworks are built becomes a cardinal
sin. Decision-makers are aware of this issue and they factor it in when forming their
expectations.

The science of forecasting provides the tools to quantify the risk or statistical
uncertainty of a predictive framework by looking at the probability distribution of its
realized forecast errors. This requires knowing the probability distribution of the variable
of interest. However, if the probability distribution is unknown, decision-makers are
confronted with Knightian (or true) uncertainty.

Following Watkins and Knight (1922), we define Knightian uncertainty as the
fundamental degree of ignorance and the essential unpredictability of future events.
Knightian uncertainty derives from the incomplete discovery of the underlying data-
generating process (DGP) of the variable of interest. Incomplete learning may result from
i) partial identification of the determinants or predictive variables driving the dynamics of
the target variable, ii) partial understanding of the functional form linking the target
variable and its determinants, iii) data limitations, and, iv) time-series applications, the
presence of structural breaks in the dynamics of the target. Alternatively, incomplete
learning may derive from the likelihood (risk) of a new external shock occurring and
affecting the target of interest.! In this case, the forecaster defines scenarios, estimating
what would be the effect on the target of interest if the shock occurs. As a result
of incomplete learning, decision-makers are often confronted with two exact opposite
scenarios: the availability of many or no (or unsupported) forecasts to guide their final
decision. Thus, despite the advances of predictive modeling, forecasters’ experience and
subjective judgment remain at the core of the discipline, hence the expression the art of

'For example, we can be interested in whether the weakening of the financial conditions following the
pandemic could trigger a second sovereign debt crisis in the euro area.
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forecasting.

Machine learning and big data have guaranteed access to many predictions for a
variable of interest and have significantly contributed to a generalized improvement
of predictive methods in terms of quantifiable risk. However, they have also raised
questions on how to identify the appropriate predictive strategy for the application of
interest among the universe of available models and the galazy of predictive variables.
The wording universe and galazry is intentional. Focusing only on supervised machine
learning algorithms for classification tasks, Caruana and Niculescu-Mizil (2006) list 10
broad categories of learning methods: SVMs, neural nets, logistic regression, naive Bayes,
memory-based learning, random forests, decision trees, bagged trees, boosted trees, and
boosted stumps. However, each method has potentially many configurations, which
results in 2,000 models under analysis. The number of predictions at hand would grow
exponentially if we also include model combinations and variable-selection techniques as
distinct model specifications.

Such volume of information can certainly help an individual to make an informed
decision and, in particular, when predictions from different forecasting strategies suggest
similar outcomes. Nevertheless, human beings must make the final decision also when
the available forecasts suggest contradictory outcomes. In this case, uncertainty raises
and the human ability to identify the relevant piece of information can be undermined.
The cognitive capability of the mind and the time available to make the decision limit
individuals’ ability to make an optimal decision. Because of these limits, rationality is
bounded when individuals make decisions, and consequently, decision-makers seek a
satisfactory solution that relies on heuristics and previous experience rather than the
optimal solution that would instead result from the full cost-benefit analysis (Simon,
1957). For these reasons, practitioners often disregard sophisticated forecasting techniques
and favor more tractable frameworks or strategies to which they have become accustomed.
However, academic research is providing growing evidence of the potential of machine
learning in these regards.? More work needs to be done to design methods that are not
perceived as black bozres and that take model uncertainty explicitly into account.

Building on finance’s portfolio theory and the literature on forecast combination and
forecast encompassing, this doctoral thesis aims to define a unified framework for the
design and evaluation of predictive strategies in economics and finance when the forecaster
is confronted with risk and Knightian uncertainty and multiple forecasts are available.
Indeed, forecasts combination have received increasing attention in the forecasting
community (Makridakis, Spiliotis, and Assimakopoulos, 2020; Atiya, 2020; Petropoulos,
Apiletti, Assimakopoulos, Babai, Barrow, Taieb, Bergmeir, Bessa, Bijak, Boylan, Browell,
Carnevale, Castle, Cirillo, Clements, Cordeiro, Oliveira, Baets, Dokumentov, Ellison,
Fiszeder, Franses, Frazier, Gilliland, Goniil, Goodwin, Grossi, Grushka-Cockayne,
Guidolin, Guidolin, Gunter, Guo, Guseo, Harvey, Hendry, Hollyman, Januschowski, Jeon,
Jose, Kang, Koehler, Kolassa, Kourentzes, Leva, Li, Litsiou, Makridakis, Martin, Martinez,

2For example, in credit risk modeling, nonlinear techniques (Loterman, Brown, Martens, Mues, and

Baesens, 2012; Yao, Crook, and Andreeva, 2015) and ensemble methods (Hartmann-Wendels, Miller, and
Tows, 2014; Bellotti, Brigo, Gambetti, and Vrins, 2021) should be preferred to the traditional parametric
regressions used in earlier studies on recovery rate determinants.
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Meeran, Modis, Nikolopoulos, Onkal, Paccagnini, Pan, 2022). Combining weights can
be estimated from realized (in-sample) forecast errors by minimizing a predefined loss
function, thereby minimizing statistical uncertainty. However, the forecaster also faces
Knightian uncertainty as the forecast errors may be subject to structural breaks in their
past and future dynamics.® Shrinking the optimal combination towards a fixed weighting
scheme and restricting the weights to lay in the unit simplex, i.e., constraining the weights
to be nonnegative and sum to one, mitigate the risk of overfitting* and improve predictive
performance. We empirically show how these modern portfolio optimization techniques
outperform those considered in previous forecasting applications in extensive simulation
studies and empirical exercises in economics (Roccazzella, Gambetti, and Vrins, 2022b).

Given a loss function and by examining the probability distribution of the realized
forecast errors, i.e., when focusing on statistical uncertainty, the combining weights
also offer useful insights when the forecaster is interested in evaluating competing
forecasting strategies. Indeed, forecast combination and the forecast encompassing
literature are closely interconnected, and Diebold (1989) made the first attempt
to formally reconcile these two streams of literature. On the one hand, combining
weights reflect forecasts’” marginal contribution to the reduction of the combination’s
loss. On the other hand, forecast encompassing aims to design evaluation strategies
to detect whether a forecast combination incorporates more information than the
individual forecasts (Clements and Hendry, 1998). Therefore, when looking at forecast
encompassing and forecasts combination from a joint perspective, combining weights
can be naturally interpreted as the marginal contribution of each forecaster in terms
of independent information. Following this direction, we use optimal combinations of
forecasts to introduce a novel forecast encompassing test under constrained parameter
space. By explicitly considering that weights are constrained in the unit simplex,
the proposed test proposes adequate size properties and it is more powerful than a
competitive test that ignores such constraints. Moreover, the testing procedure can
be extended to frameworks in which the number of competing forecasts outclasses
the number of available realizations of the target variable (Roccazzella and Candelon, 2022).

We have previously assumed that the forecaster is confronted with multiple forecasts.
The multiplicity and heterogeneity of the forecasts themselves are the sources of
uncertainty: the forecaster has to process the available information and form his/her
expectation. However, Knightian uncertainty is also associated with situations that involve
new or unique events where there is no historical data or reliable forecasting models to
draw upon. This setting contrasts with the literature on parameter instability and how
to make optimal use of past data (and forecast combinations) to forecast out-of-sample
(Pesaran, Pettenuzzo, and Timmermann, 2006; Pesaran and Pick, 2011; Pesaran, Pick, and
Pranovich, 2013) even when taking into account the possibility that breaks have occurred
in the past may re-occur in the future (see for example Maheu and Gordon, 2008). Under
these circumstances, a general forecasting method can hardly be defined and the forecaster
should instead design ad hoc strategy to investigate the mechanism through which the

3The breaks in the data generating process may also occur in cross-sectional studies with heterogeneous
in-sample and out-of-sample data sets.

4Overfitting is the estimation of a model that corresponds too closely to a specific sample, consequently
undermining its ability to generalize its predictions to future or novel observations in a reliable manner.
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new event influences the target of interest. In this doctoral thesis, we highlight how via
the identification of the analogies of the new phenomenon with previous experiences, the
forecaster may validate the resulting scenario, guiding the decision-making process. For
example, by building a model that ex-ante described the inter-country shock transmission
mechanism in the euro area sovereign bond market following the outburst of the euro area
debt crisis in 2010, we could monitor the risk of a second European Sovereign Debt crisis
during (and following) the COVID pandemic. In Candelon, Luisi, and Roccazzella (2022),
we introduce a novel methodology that combines Factor and Global Vector Autoregressive
models to show that fragmentation risk well preceded the sovereign debt crisis outburst
and, by analyzing the recent period, to document a rise in fragmentation risk in the euro
area during the COVID pandemic.

Structure of the Thesis

Figure 1.1 describes the structure of this doctoral thesis, highlighting the linkages between
the five main chapters. On the left side of the dashed separating line, we deal with issues
deriving from the existence of multiple forecasts.

Chapter 2 reviews the literature on forecast combination and we introduce various
methods that combine forecasts using constrained optimization with a penalty. The
proposed framework performs forecast selection and combination in one step, allowing for
potentially sparse combining schemes. We provide the analytical expression of the optimal
penalty strength when penalizing with the L2 divergence from the equally-weighted
scheme and investigate the impact of the divergence function, the reference scheme, and
the non-negativity constraint on the predictive performance via an extensive simulation
study and two empirical applications.

Chapter 3 discusses the use of model combinations to identify the most effective
algorithms and predictive variables for corporate bond recovery rate prediction. We find
that the most promising approach involved combining models trained on security-specific
characteristics and a limited number of well-established recovery rate determinants,
including measures of economic uncertainty.

Chapter 4 examines the determinants of loss given default (LGD) for consumer
credit and challenges previous research that suggested only contract-specific variables were
relevant. The study used a much larger dataset than previous studies, including more
than 6 million Italian consumer debts from 2007 to 2019, and over 40 predictors. We
find that regional social and welfare indicators and credit cycle variables are significant
contributors to LGD forecasting performance, enhancing it by up to 15 p.p. in terms of
R?. We also find that nonlinear combination schemes based on artificial neural networks
are the most effective approach for predicting recovery rates for both individual and
portfolios of consumer credits.

Chapter 5 connects optimal combining weights to the field of forecast evaluation.

Specifically, we use optimal combinations of forecasts to introduce a novel forecast
encompassing test to evaluate time-series and institutional inflation projections in

Page 13
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Uncertainty in Forecasting

f—¢—1

realizes in
\ Z — L

Multiplicity of Unavailability of
Forecasts : Forecasts
a) : b)
v : l
Model Comb_lnanon & < » Model Evaluation ) )
Selection : Scenario Analysis
v v
Optimal & Robust | N Forecast :
Forecast Combination| " encompassing test : Chapter 6
: Fragmentation in the
European monetary union:

Is it really over?
(2022 JIME joint with

Chaper § B.Candelon & A.Luisi)
Should we care about ECB .

Chapter 2:

Optimal and robust combination of
forecasts via constrained optimization
and shrinkage. (2022, IJF joint with
P Gambetti & FVrins)

inflation expectations?
(joint with B_.Candelon)

Chapter 3
Meta-learning approaches for recovery rate :
prediction. (2022, Risks, Published
Joint with P Gambetti & E Vrins) : Not (yet) published

Chapter 4
Business cycle and realized losses in the

consumer credit industry
joint with W.Distaso & F.\rins

Figure 1.1: Thesis structure and linkages with scientific articles.

the euro area. In a forecast encompassing test, two (or more) competing forecasts
are compared by testing the null hypothesis that one is not worse than any linear
combination of the forecasts from all the considered models. Hence, combination
weights reveal which forecasts are the most informative. We find that although
the ECB is the most informative forecaster on average, it does not encompass its
competitors and its weight varies over time. Macro-financial conditions and monetary
policy actions explain this variability. = The greater the uncertainty surrounding
inflation and the difference between the current and the 2% inflation target, the less
informative ECB’s forecasts are. The more contractionary the monetary policy, the
more informative they are. We find that ECB’s declining weight and its relation with
its determinants raise a warning flag: the potential loss of informativeness damages
the central bank leading role in anchoring inflation expectations and questions whether
the goal of preserving financial stability is compatible with the inflation targeting objective.
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On the right side of the dashed separating line, we deal with uncertainty deriving
from the unavailability of forecasts. Specifically, we answer the what if question, and
explain how through the identification of the analogies of the new phenomenon with
previous experiences, the forecaster may validate the resulting scenario, guiding the
decision-making process.

Chapter 6 applies this idea to analyze fragmentation risk in the European Monetary
Union, investigating the shock transmission mechanisms in the sovereign bond market.
To achieve this goal, it builds a new methodology for modeling interactions, reconciling
Factor and Global Vector Autoregressive models. This framework helps to disentangle
interdependence from contagion and flight-to-quality effects, therefore assessing more
precisely the degree of fragmentation. When looking at sovereign bond debt markets in
the euro area (EA), fragmentation risk is the risk that sovereign bonds spreads across EA
countries display a heterogeneous reaction to a common shock or a foreign shock, i.e., a
shock hitting a specific country (Candelon, Luisi, and Roccazzella, 2022). It turns out
that fragmentation risk was already present and sizable in the pre-European sovereign
debt crisis period, but has been sharply mitigated afterward. The COVID pandemic has
put it back at the forefront of the scene, questioning the European integration process and
calling for adequate policy measures.
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CHAPTER 2

Optimal and robust combination of forecasts

with Paolo GAMBETTI and Frédéric VRINS

Abstract

We introduce various methods that combine forecasts using constrained
optimization with penalty. A non-negativity constraint is imposed on the weights,
and several penalties are considered, taking the form of a divergence from a reference
combination scheme. In contrast with most of the existing approaches, our framework
performs forecasts selection and combination in one step, allowing for potentially
sparse combining schemes. Moreover, by exploiting the analogy between forecasts
combination and portfolio optimization, we provide the analytical expression of the
optimal penalty strength when penalizing with the L2-divergence from the equally-
weighted scheme. An extensive simulation study and two empirical applications
allow us to investigate the impact of the divergence function, the reference scheme
and the non-negativity constraint on the predictive performance. Our results suggest
that the proposed models outperform those considered in previous studies.

Introduction

Often, m different models can be used to produce a set of forecasts § = (Uy, ..., Um)"
of a given random variable y. In such cases, two strategies can be considered to obtain
an aggregated forecast y: the best prediction can be chosen (i.e., ¥ = y;+, where model
i* € {1,...,m} is selected according to some criterion), or the forecasts can be combined
into a single prediction (i.e., § = ®(g), for some function ® : R™ — R).!

The first strategy usually provides disappointing results, and it is now widely
recognized that combining models is preferable (Granger and Ramanathan, 1984; Atiya,
2020; Taylor, 2020). Most combination strategies include two stages. The first stage
consists of removing poorly performing models via trimming based on rules of thumb
(e.g., retaining a fixed percentage of models as in Aiolfi and Favero, 2005), formal tests
(Samuels and Sekkel, 2017; Amendola, Braione, Candila, and Storti, 2020), measures of
interest (Granger and Jeon, 2004), or machine learning methods (Diebold and Shin, 2019)
so that only k£ models out of m candidates are kept. Then, the selected candidates are
combined using a combination scheme, usually in a linear way (i.e., ®(y) = w’ gy where w

IThroughout the chapter, we use the terms “forecast”, “prediction” and “model” as synonyms. We denote
matrices as bold capital letters, while vectors and scalars are represented by bold lowercase letters and
lowercase letters, respectively.
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is a m-by-1 vector of combining weights).

When the individual forecasts are unbiased, the standard approach consists of
minimizing a loss function featuring the aggregated forecast error under the constraint
that the weights sum to 1.2 For instance, the minimum-variance combination scheme w*
is obtained by minimizing E|ly — w”g||? under the constraint w’1 =1 or, equivalently
(Granger and Ramanathan, 1984):

w* = argminw’ Sw  where % :={wcR™ | 17w = 1}, (2.1)
weW
where S is the population covariance matrix of models’ prediction error, v; := y — y;. The
solution to (2.1) is

w'=U(S) where U(M):=[1"M'1] M'1.

In practice, S is typically unknown and must be estimated from the data. Clearly,
given a sample of n observations, the quality of the optimal scheme depends to a large
extent on the estimator of S. One possibility is to consider the sample counterpart of S,
ie., X := %VTV, where V' is the n x m matrix of realized prediction errors. However,
despite being consistent, 3 breaks down in high dimensional frameworks (n < m) and
can be imprecise due to sample size limitations or the presence of considerable background
noise. Hence, the estimated w™* will be unstable and the corresponding predicting strategy
will perform poorly out of sample (Smith and Wallis, 2009).

Previous literature attempted to tackle this issue using two distinct approaches. The
first approach is to rely on regularization (or shrinkage) techniques such as constrained
optimization with penalty (COP), with shrinkage towards equal weights (Diebold and
Pauly, 1990; Diebold and Shin, 2019).% The second route is to impose some constraints
on the combining weights, such as restricting them to be non-negative (Conflitti, Mol,
and Giannone, 2015). In this respect, it is worth noting that this field shares many
similarities with that of portfolio optimization in finance. The popular investment strategy
called the minimum-variance portfolio (Markowitz, 1952) precisely corresponds to (2.1)
and its performance suffers from the same shortcomings regarding the estimator X
(Michaud, 1989; DeMiguel, Garlappi, and Uppal, 2007).* Shrinkage techniques on the
weights (DeMiguel, Garlappi, Nogales, and Uppal, 2009) or no-short sales constraints
corresponding to the non-negativity restriction (Jagannathan and Ma, 2003) are similarly
applied in that domain. Interestingly, however, the portfolio optimization literature also
brings further solutions. For instance, it has been proposed to combine the weights
resulting from advanced (i.e., asymptotically unbiased but potentially high-variance) and
naive (i.e., biased but low-variance, such as the equally weighted) schemes (Tu and Zhou,

2We have assumed individual forecasts to be unbiased throughout the chapter, but this assumption
can be easily relaxed. If we reformulate the optimal forecast combination problem in the form of a
linear regression, the bias can be easily corrected by adding the intercept to the model as discussed in
Timmermann (2006).

3Diebold and Shin (2019) extend the standard COP method using a two step procedure: having selected
a subset of forecasts using LASSO, the weights of the selected forecasts are estimated by penalizing the
L1 or L2 norm of the difference between the estimated and equal weights.

4In that context, the vector of weights w represents the proportion of wealth assigned to each asset, S
represents the population asset returns’ covariance matrix and 3 is its sample estimator.
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2011). Another proposed method is instead to alleviate the noise impacting ¥ by using
the shrinkage of the covariance matriz, a convex combination of the sample covariance
matrix ¥ and of a highly structured covariance matrix 3 (Ledoit and Wolf, 2004a).?
These methods have never been explored in a forecasts combination context. In particular,
existing combination schemes still strongly rely on the noisy estimator 3 of S (Claeskens,
Magnus, Vasnev, and Wang, 2016).

More generally, the literature on forecasts combination still suffers from several
limitations. First, (i) by featuring a model selection step, existing methods implicitly
assume the best forecasting strategy to be a sparse combination of the candidate forecasts
and/or they still rely on the a priori identification of the forecasts to combine. The
decision regarding how to trim the set of model is generally arbitrary and can deteriorate
the quality of the combination (Winkler and Makridakis, 1983)°. Second, (ii) COP
schemes and the non-negativity constraint have been explored independently so far;
it is unclear under what conditions combing the two might be beneficial. Third, (iii)
existing COP methods feature L1 or L2 penalty to shrink the solution towards a reference
scheme but other divergence measures (possibly tailored to deal with non-negative
weights) remain unexplored. Finally, (iv) methods that shrink the solution towards a
reference scheme often rely on cross-validation to estimate the penalty strength. However,
cross-validation can be harmful in small sample, and its properties are not trivial when
there is auto-correlation in forecast errors.

In this chapter, we address the above gaps as follows. Regarding (i), we design a robust
single-step framework that allows to obtain potentially sparse combining weights. This
contrasts with the standard two-step procedures which a priori assume the combination
of forecasts to be sparse (Diebold and Shin, 2019; Samuels and Sekkel, 2017; Aiolfi and
Favero, 2005). Regarding (ii), we propose for the first time to combine the non-negativity
constraint with COP methods leading to COP* schemes. This restriction is shown to
blend forecast selection and weights estimation in a single-step and helps mitigating
estimation uncertainty (in line with the observations made in the literature on portfolio
theory). We also present and discuss the scenarios where dropping the non-negativity
restriction can be beneficial. We find that this occurs only under specific circumstances:
when a candidate’s prediction errors are strongly positively correlated to those of the
other forecasts and when, at the same time, its predictive ability is also significantly
inferior. Moreover, we contribute to (iii) by introducing new divergence measures in COP
(namely, elastic net and cross-entropy) and study their performance. We find promising
results for cross-entropy (only valid when working under the non-negativity constraint),
which consistently outperforms the standard L1 penalization. Eventually, (iv) we use

5There are deep connections between these approaches, especially when minimum variance is the objective
function. For instance, ¥ = I amounts to penalize the Euclidean distance between the weights and
the equally-weighted scheme (DeMiguel, Garlappi, Nogales, and Uppal, 2009). Similarly, setting an
upper limit on the L2-norm corresponds to add a penalty to prevent the weights to be too far from the
equally-weighted scheme (DeMiguel, Garlappi, Nogales, and Uppal, 2009). Alternatively, imposing a
constraint on the L1-norm on the weights amounts to add a no-shortsales constraint (DeMiguel, Garlappi,
Nogales, and Uppal, 2009). This latter also corresponds to reducing the large elements of the sample
covariance matrix (Jagannathan and Ma, 2003).

SFor instance, forecasts tend to be highly correlated, and statistical procedures such as LASSO often fail
to correctly select the best subset of forecasts (Zhao and Yu, 2006)
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the correspondence between the shrinkage estimators of the sample covariance matrix
(Ledoit and Wolf, 2004a) and the L2-norm penalty (DeMiguel, Garlappi, Nogales, and
Uppal, 2009) to obtain an analytical expression for the optimal penalty strength, thereby
making the economy of a potentially harmful cross-validation step in this case. In an
extensive simulation study and in two empirical applications, we find that these “explicit
COP models” outperform cross-validation based COP methods, the simple average
forecast, trimming methods and other standard benchmarks from previous studies. We
document the flexibility and robustness of the single-step combinations with explicit
penalty strength, methods called optimal and robust combinations of forecasts hereafter.

The remainder of this chapter is structured as follows. Section 2.1 describes the
proposed optimal and robust combination of forecasts. Section 2.2 includes the simulation
study. Section 2.3 is dedicated to the empirical applications. Section 2.4 concludes the
chapter.

2.1 The one-step optimal and robust combination of
forecasts

We now study the features of the proposed optimal and robust combination of forecasts.

2.1.1 The optimal combination of forecasts with non-negative
weights

The proposed methods aim to blend forecast selection and weights estimation in a single
step. Let us briefly explain how and why constraining the weights to be non-negative and
to sum to 1 implicitly selects which forecasts to combine. Intuitively, if a candidate forecast
j has a higher covariance with other strategies than other candidates, the optimization
procedure will reduce w; accordingly and eventually set it to 0 if the marginal contribution
of ; to the variance of the aggregate prediction error is always larger than the other
forecasts’” marginal contributions. Furthermore, imposing non-negativity and portfolio
constraints also reduces the estimation error by inducing a shrinkage-like effect on the
sample covariance matrix (Jagannathan and Ma, 2003).

We consider the following constrained minimization problem (the covariance matrix is
always assumed to be positive definite in population in the sequel):

w* ;= argmin w' Xw where Z":={wc ¥ | minw >0}. (2.2)

w e Wt
This expression is similar to (2.1) except that the optimization set is now 7't (the set of
non-negative weights summing to one) and that the (unknown) covariance matrix S has
been replaced by its sample counterpart, 3. The optimal solution is known analytically

and can be retrieved by imposing the Karush-Kuhn-Tucker (KKT) conditions (Proposition
1 of Jagannathan and Ma, 2003):

Proposition 2.1.1. The solution to the optimization problem (2.2) is given by

M1
w' = V() where YH(M): +

= 2.3
1M1 (2:3)
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where 1 is a conformable vector of ones and M | := M — (1/1,T + ulT) with w being the

m-dimensional vector of Lagrange multipliers corresponding to the nonnegativity constraints
in the KK'T conditions.

Conflitti, Mol, and Giannone (2015) notice that Proposition 2.1.1 is a special case of
LASSO regression since the non-negativity restriction and the sum to one constraint imply
that the weight vector belongs to the unit simplex, and therefore weights have a unitary
L1-norm.

2.1.2 Constrained optimization with penalty (COP) on the
weighting scheme

We introduce the COP combination scheme as the solution to an optimization problem on
W' *. Similarly to (2.2), we directly consider the sample covariance matrix of prediction
errors in the objective function. The minimum-variance objective function is associated
with a penalty term, whose purpose is to shrink the solution towards a predetermined
reference scheme w € 7" using some divergence measure. To study the impact of the
non-negativity constraint, we define COP* and COP as follows.

Definition 2.1.1 (Constrained optimization with penalty - COP). The COP weighting
scheme with non-negativity constraint, COP" | is defined as

w} ;= argmin w’ Zw + éd (w,w) , (2.4)
w e Wt

where § > 0 is the penalty strength and d (-,-) := R™ x R™ — R", (u,v) — d(u,v) is a
divergence measure between two vectors. COP takes the same form as (2.4) but where W'
is replaced by W' .

The coefficient ¢ controls the impact of the penalty, whereas d (w, W) quantifies the
“distance” between w and the reference scheme w. The divergences that will be considered
in our simulation study and in the empirical applications are:

o elastic net (EN): d(u,v) =allu—v|, + (1 —a)||lu—v|} wherea € [0,1],

« cross-entropy (CE): d(u,v) =", u;In (%) where u,v € #'*.

Notice that the L1 and L2 distances are special cases of EN with ¢ = 1 and a = 0,
respectively, and do not require to impose non-negativity, in contrasts with CE.

2.1.3 The shrinkage direction of combining weights

Potentially, any vector satisfying w € % " can be taken as w in (2.4); for example,
w can represent a combination strategy that the forecaster believes to be suitable for a
particular predictive problem or can express some prior belief about the exclusion of a
model from the set of candidate forecasts. Nevertheless, in practice, we often prefer a fixed
reference point to alternatives that require the estimation of individual losses, as the latter
can be subject to estimation error. In particular, the simple average w” := 1/m seems
a natural reference scheme. Assigning equal weights often performs quite well for both
finite samples (Smith and Wallis, 2009) and the population (Aruoba, Diebold, Nalewaik,
Schorfheide, and Song, 2012). Moreover, the equally-weighted scheme is rather intuitive:
shrinking the weights towards w” amounts to penalize for the L2-norm of the weights,
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since the constraint H'w - @EHz coincides with |Jw||> on %. Finally, this choice can also
offer some computational advantages, as it often simplifies the optimization problem. For
example, the COP estimators of the combining weights are known in closed-form (see A2.1
for a simple proof):

Proposition 2.1.2. In the special case where w = w¥ and d (u, v) = ||u—v||3, the COPT
and COP weighting schemes in Def. 2.1.1 are respectively given by :

wi=UYHZs) or ¥(Xs) where X5 :=3X 401, (2.5)
with I the m-by-m identity matrix.

Nevertheless, shrinking the combining weights towards equality can significantly
damage the predictive performance if the individual prediction error variances truly differ
among candidate forecasts. In this case, considering the inverse-loss weighted average as
reference, i.e., w = w'* where w!t := [¢? Y7, 1/02]7}, 02 := 3, is a more appealing
alternative to equal weights. However, the W'’ is data-driven and, therefore, is subjected
to estimation error. There is no clear way to balance misspecification and estimation
error in the reference scheme. Hence, in the empirical section, we test whether restricting
ourselves to equal weights offers a significant disadvantage compared to the inverse-loss
weighted average or whether the misspecification introduced in @w!? is balanced by an

increased sensitivity to estimation error in the latter.

2.1.4 Robust combination methods and the shrinkage
estimator of the covariance matrix

In the previous section, we derived a forecast combination scheme that makes use of
constrained optimization with penalty to estimate the optimal set of weights, but other
methods can be adopted. In particular, we can consider shrinkage estimators of 3. This
approach has been developed in a series of papers by Ledoit and Wolf (2003, 2004a,b, 2012,
2017), who introduced linear and nonlinear shrinkage techniques to reduce the instability
of the estimated covariance matrix in a portfolio optimization context. As recalled in
the introduction, it consists of combining the sample covariance matrix (which can be
easily computed and is asymptotically unbiased but prone to estimation error) with a
highly structured estimator (that contains relatively little estimation error but tends to be
misspecified and biased). Transposing this technique to our forecast combination problem
leads to the following combination scheme:

Definition 2.1.2 (Constrained optimization with shrinkage (COS) of the covariance
matrix). The COS weighting scheme with non-negativity constraint, COS", is defined as

w} = argmin w' Xyw  where Ty = (1 -\ T+, (2.6)

w e Wt

A € [0,1] is the shrinkage intensity, and X is the reference covariance matrix. COS takes
the same form as (2.6) but where W' is replaced by W .

This problem takes the same form as (2.2), hence, the solution to COS* and COS are
simply w} = ¥ (X)) and ¥(X,), respectively.
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As explained above, shrinkage towards equal weights is natural and standard. Moreover,
Timmermann (2006) shows that this combining scheme is optimal when the covariance
matrix of the prediction errors satisfies 3J; ; = o? and it = po?. Thus, shrinking towards
equal weights can indirectly be achieved by shrinking the sample covariance matrix towards
a special reference matrix, namely, the covariance matrix that would be implied if equal
weights indeed represented the optimal combination strategy. Without loss of generality
(see A2.2),

3 —2 —2 I &
X" :=0’I, where 7 :=—> o;. (2.7)
m=

We can extend this framework to consider other reference matrices 3 that are closely
related to alternative reference weighting schemes. For example, we can indirectly obtain
the inverse-loss weighted average as reference weights by shrinking the sample covariance

. . <IL . . )
matrix towards a specific reference 3" . This requires choosing

S =02 and T, =0, Vi#j. (2.8)

0,8

2.1.5 A closer look at COP and COS methods.

Despite following different approaches, the optimal weighting schemes in COP and COS
are closely related. In particular, in the field of portfolio optimization, DeMiguel, Garlappi,
Nogales, and Uppal (2009) show that there is a correspondence between COS and the
portfolio that solves the minimum-variance problem, subject to the additional constraint
that the norm of the portfolio-weights vector is smaller than a given threshold. A similar
relation holds in the context of constrained optimization with penalty.

Proposition 2.1.3. The COS model (2.6) with reference covariance matriz 3 = =°

given in (2.7) corresponds to the COP model (2.4) with w = w?, d (u, v) = ||u— v||3 and
§ = A =2

50 .
The proof of Proposition 2.1.3 is trivial. Provided that A > 07, ¥, can be rescaled
~ E )\

by (1 — A) to obtain 3 := —2

1—A_2+1—A
not impact the COS weighting scheme (2.1.2) in the sense that wy = ¥ (X,) = ¥U(Z,)
: similar expressions hold for COS™. The equivalence between COP and COS schemes
simply results from the fact that in this specific case, X, takes the same form as ¥4 in
(2.5) for the considered expression of . The equivalence holds exactly VA € [0,1). The
equivalence also holds in the limiting case since both weighting schemes converge to equal
weights, i.e.,

21 . Considering ENJ,\ instead of X, does

A—1

§°2' 40 and  w; 2'w” =w, . (2.9)

Proposition 2.1.3 has an important implication for the choice of the penalty strength
5. In fact, expressing § = g(\) extends the use of an estimated shrinkage intensity in
the COS with reference 5" to the COP (with L2 divergence and with equal weights as
reference scheme), and vice versa.

"The A = 0 case corresponds to § = 0, i.e., no shrinkage.
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2.1.6 Estimation of penalty strength

The estimate of wj in Def. 2.1.1 depends on the chosen divergence measure d (-, -), the
reference scheme w and the penalty strength §. One option for selecting ¢ is to rely on
standard k-fold cross-validation, but more advanced methods such as the forward-looking
cross-validation technique used in Diebold and Shin (2019), could be considered as well.
Cross-validation can mitigate the consequences of a subjective choice of d(-,-) and w.
Once 0 has been found, we simply solve (2.4) by imposing the KKT conditions.

However, cross-validation forces us to choose how many observations to retain for
validation, which implicitly reduces the information set that can be used for the estimation
of 3, thereby potentially amplifying estimation error. In fact, when working with small
samples, few additional observations can make the difference between singularity and more
stable estimates of ¥. In this regard, Varoquaux (2018) shows that k-fold cross-validation
can strongly underestimate the variance of the prediction errors in small samples, causing
forecasters to “overshrink” towards the reference weighting scheme. Hence, a closed-form
expression for the penalty strength would be highly desirable.

We provide this contribution by relying on the COP-COS equivalence mentioned in
Proposition 2.1.3. Following Ledoit and Wolf (2004a), we estimate the optimal shrinkage
intensity A* by minimizing the expected value of the Frobenius norm of the difference
between the shrinkage estimator of the covariance matrix and the true covariance matrix
of prediction errors S, i.e.,

A= argminIE‘lH(l—)\)E—I—/\E—S’H2 . (2.10)
A€ [0,1) 2

with solution (Ledoit and Wolf, 2003):

AF = : (2.11)
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By denoting the asymptotic variance and the asymptotic covariance as AsyVar and AsyCov,
respectively ® and using the assumptions of i.i.d. data and finite fourth moments, is a
consistent estimator of \* (Ledoit and Wolf, 2003):

%—1%_E

= — 2.12
T (212)

8We refer to A2.4 for the explicit formula to compute M*. The consistent estimators of %,E and 7 are
derived using the linear shrinkage estimator of the covariance matrix described in Ledoit and Wolf (2003,
2004a,b) and adapting the reference matrix and the notation to our framework.
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Clearly, the optimal shrinkage intensity A\* depends on the reference 3 that we have
selected. Indeed, while the 7 and k measure respectively the instability of the elements of
the sample covariance matrix” and the covariances between the elements of the reference
and the sample covariance matrices!’, ¥ measures the degree of misspecification of X.
For example, if we impose the reference matrix in (2.7), 3 = EE, then a completely
inappropriate choice for the reference @ can easily neutralize the COS by coaxing \* = 0.
However, by setting & as in (2.7), we avoid running into this problem since they assume a
priori that the considered predictive strategies have the same performance (i.e., the same
variance of the prediction error) and that possible differences are due to chance. We note

o = 13 72 the penalty strength in Proposition 2.1.3 associated with A = \*. 1

2.1.7 Negative or non-negative weights

Forecast selection and the reduction in the estimation error come at the cost of
misspecification if the constraint w € %' is violated in population. Imposing non-
negative weights in portfolio selection may not look like a good idea as, perhaps, short
and long positions could be the appropriate solution to the portfolio optimization problem
at hand (Green and Hollifield, 1992). Nevertheless, as underlined in the Introduction,
imposing a non-negativity constraint on the weights might still be beneficial because it
rules out extreme solutions that essentially result from estimation errors: w € %" implies
0 < w; <1 and, when dealing with the minimum-variance objective function, coincides
with an L1-constraint on the weights; see, e.g., DeMiguel, Garlappi, Nogales, and Uppal
(2009) and Jagannathan and Ma (2003)."2

In forecasting, negative weights would arise in very specific circumstances (Bunn, 1985;
Smith and Wallis, 2009). In particular, this depends on the difference in the variance of
prediction errors between models, on the correlation across candidate forecasts and on the
number of models with superior performance.

For example, consider a set of 20 forecasts where a subset of them significantly under-
performs the others. Table 2.1 displays the minimum difference in RMSFE necessary to
attribute an optimal weight of —0.05, —0.1, —0.2 and —0.5 to a candidate forecast for a

9The sum of the asymptotic variances of the elements of 3 scaled by /7.

10The sum of asymptotic covariances of the entries of reference matrix with the entries of the sample
covariance matrix scaled by y/n. Notice that the restricting the elements of 3 to be constant and/or
independent of 3, implies that k = 0. This is the case when we shrink towards equal weights.

1By contrast, it does not depend on the optimization problem underlying the combination scheme nor on
constraints that could be imposed on the latter.

12Note that some authors restrict the weights to belong to some interval [a,b], where the bounds are
computed from the data. For example Behr, Guettler, and Miebs (2013) show that when the investment
universe is large enough, one typically gets 0 = a < b < 1.

Page 24



Chapter 2 Optimal and robust combination of forecasts

fixed level of correlation across prediction errors. '* The presence of negative weights
seems to be beneficial the more a candidate’s prediction errors are positively correlated
to the ones of the other forecasts. Nonetheless, this requires inferior (and sometimes
considerably worse) performance compared to the best forecasts.

Table 2.1: Differences in performances (% RMSFE) between the k superior forecasts
and m — n inferior forecasts needed to achieve negative weights of different magnitude.
These differences in performances are computed for distinct levels of correlation among
the candidate forecast errors and for a different number k of superior models.

Minimum negative weight -5% Minimum negative weight -10%
p k=1 k=2 k=5 k=10 k=15 p k=1 k=2 k=5 k=10 k=15
0.01 | >100% >100% >100% >100% >100% 0.01 | >100% >100% >100% >100% >100%
0.1 | >100% >100% >100% >100% >100% 0.1 | >100% >100% >100% >100% >100%
0.25 | >100% >100% >100% >100% >100% 0.25 | >100% >100% >100% >100% >100%
0.5 | >100% >100% >100% 27% 16% 0.5 | >100% >100% >100% >100% 34%

0.75 | >100% >100% 16% 8% 5% 0.75 | >100% >100% >100% 13% 8%

0.9 33% 13% 5% 3% 2% 0.9 | >100% >100% 8% 4% 3%
Minimum negative weight -20% Minimum negative weight -50%

p k=1 k=2 k=5 k=10 k=15 p k=1 k=2 k=5 k=10 k=15

0.01 | >100% >100% >100% >100% >100% 0.01 | >100% >100% >100% >100% >100%
0.1 | >100% >100% >100% >100% >100% 0.1 | >100% >100% >100% >100% >100%
0.25 | >100% >100% >100% >100% >100% 0.25 | >100% >100% >100% >100% >100%
0.5 | >100% >100% >100% >100% >100% 0.5 | >100% >100% >100% >100% >100%
0.75 | >100% >100% >100% >100% 16% 0.75 | >100% >100% >100% >100% >100%
0.9 | >100% >100% >100% 7% 5% 0.9 | >100% >100% >100% >100% >100%

Nevertheless, negative weights generally suggest the existence of a noise forecast, i.e., a
prediction that individually does not help to predict the target, but whose inclusion in
the combination of forecasts is only justified by the objective of minimizing the in-sample
variance of prediction errors. It is well known that the inclusion of such forecasts can
negatively impact the stability of the combining weights (Dickinson, 1973; Bunn, 1981).
Imposing the non-negativity constraint acknowledges this fact directly in the estimation
step: this differs from the use of trimming methods in a pre-screening phase. We further
discuss the properties of negative and non-negative weights for COP schemes in the
simulation study (Section 2.2) and the empirical applications (Section 2.3).

2.2 Monte Carlo simulations

We study the behavior of the combinations of forecasts based on constrained optimization
with penalty in a controlled environment. Specifically, we analyze their sensitivity to
various specifications of the variance-covariance matrix of prediction errors and to the
choice of the penalty function d (w,w). We also examine the impact on the performance
of the non-negative restriction w € #'+ compared to w € #'. Table 2.2 summarizes the
combination strategies under consideration.

3Throughout the chapter and in this simulation exercise, we assume the individual forecasts to be
unbiased. In the case of biased forecasts, the bias can be corrected by reformulating the optimal forecast
combination problem in the form of a linear regression problem and adding the intercept to the model
as discussed in Timmermann (2006) and indicated in footnote 2. Alternatively, the minimum-variance
objective function can be adjusted so as to account for a bias-variance tradeoff.
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Table 2.2: List of the considered predictive algorithms and forecast combination methods.
Minimization is performed over %" except for the models with the non-negative restriction,
where it is performed on Z'*. We indicate these latter with a * superscript, e.g., CO™.

Combination methods Acronym ‘Weights
Standard methods
Simple average forecast SA w”
Loss-based weighted average forecast IL w!'t
Constrained optimization co™) ()
partially-egalitarian LASSO DS egal lasso w?’
Trimmed averages
Trimmed simple average forecast T-SA-p 1/card(4,) if i € My, 0 otherwise.
Trimmed simple average forecast via cross-validation T-SA-CV 1/card(4,) if i € My, 0 otherwise.
Trimmed-MCS simple average forecast T-MCS-« 1/card(M,,) if i € M, 0 otherwise.
Constrained optimization with shrinkage direction equal weights
COP with L1 penalty COP1_E™) argmin w! Bw + § “w - Eb‘h
COP with L2 penalty COP2_E®) argmin w!’ Tw + § Hw — EEHz
- ) 12
COP with EN penalty COPEN_E®  argminw”Sw + 6 |a ||w — ﬁbnl +(1—-a) Hw — Ub)u

COP with EN penalty and shrinkage towards 0 COPEN argminw’ Xw + 6 |a ||w], + (1 —a) Hw||ﬂ
COP with cross-entropy COPE_E* arg min w” Xw + 6 37, w; In (Jﬁ)
COS with reference ° = COP with L2 penalty and §* COPS_E™ TH(8s,) = \Il("')()]f:)

Constrained optimization with shrinkage direction inverse loss-weights

COP with L1 penalty COP1_IL™ argmin w! Sw + § “w - EU“H

COP with L2 penalty CcoP2_IL™ argminw!Sw + 4 Hw _ mILH2

COP with EN penalty COPEN_IL®)  argminw”Sw + § [a ||w — EILHI +(1—a) ”w - @ILHQ
COP with cross-entropy COPE_IL* argminw’ Xw + X7, w;In (ug/@f)

COS with reference '~ and A* COS_IL() \IJ(“(Z%)

We denote with the superscript + the CO, COP1, COP2 and COPEN schemes with non-negative restriction, w € #'*

Notes. We denote the cardinality of the set of as card(¢f). For example, ., is the subset of forecasts
containing m — p candidates, such that card(.#,) = m —p. We denote the trimmed simple average forecast
as T-SA-p once the worst p models have been excluded. We consider the possibility of estimating the
number of models to discard via cross validation in T-SA-CV. /., is the subset of forecasts that are
included in the superior set of models with confidence level a (Hansen, Lunde, and Nason, 2011). We
denote the simple average forecast derived from the candidate forecasts included in ., as T-MCS-a.
Hence, T-MCS-« represents the simple average forecast that includes only the candidates having at least
a probability « of belonging to the superior set of models. We chose o ranging from 5% to 50%. For the
elastic net divergence measure, we set a = 0.8. Following Diebold and Shin (2019), the partially-egalitarian
LASSO consists of selecting the subset of forecasts to combine in the first step, and shrinking the combining
weights of the selected candidates (w”?) towards equal weights (using L1 divergence measure). We
estimate the penalties via 5-fold cross validation both in the first and second step.

In the following sections, we consider several COP methods (Definition 2.1.1), namely,
COP1, COP2, COPEN and COPE™, which are associated with L1, L2, elastic net and
cross-entropy divergences, respectively. The considered reference scheme w (equal weights
or inverse loss-weights) is indicated by the subscript E or IL. Minimization is performed
over W except for the models with the non-negative restriction, where it is performed on
w'+. We indicate these latter with a * superscript'*. For example, COP2 IL* refers to
the COP scheme with L2 penalty, reference scheme w’" and w € #'*, whereas COP2_IL
is similar except that w € Z". Note that in these approaches, the penalty strength ¢ is
chosen using cross-validation.

We also consider two COS methods (Definition 2.1.2) that rely on the analytical

14Recall that non-negativity is always required when using COPE.
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expression for the shrinkage intensity A*, given in (2.7). For instance, COS_IL* and
COS_IL use A = A* and shrink towards the reference covariance matrix fm, with and
without non-negativity constraint, respectively. When considering EE, Proposition 2.1.3
suggests that COS__E is equivalent to COP2__E provided that § = 5*. These equivalent
COP-COS models are hence referred to as COPS ET and COPS E.

2.2.1 Simulation designs

We study a set of m = 20 candidate forecasts of a target variable y ~ /4/(0, 05), where a
subset of k forecasts exhibits superior performance. As before, we denote by ¥; the i-th
forecast and by v; = y — 9; its prediction error. The vectors of forecasts and prediction
errors are noted y and v, respectively. We consider two scenarios for S.

In scenario a) we form forecasts using y; = y + v; where v ~ #(01, S) is independent
from y. To model the fact that £ models exhibit superior performance, we postulate that
their RMSFEs are, on average, 50% lower than the last m — k ones.!® Hence, we set
Si,i =a? fori € {1, .. .,k}}, Si,i = (20()2 for ¢ € {]{? +1,... ,m} and Si,jyéi = rﬁ/Si,iSj,j-
Notice that, with a 50% difference in performance, the best forecasting strategy can feature
negative weights, especially when the correlation across predictions errors is considerable.
Hence, we use this scenario to study whether the non-negative restriction significantly
penalizes COP schemes.

In scenario b), we deal with the case where m — k forecasts are “pure noise”. Intuitively,
an optimal combination strategy is expected to identify the k£ superior models while
assigning negligible weights to the m — k uninformative forecasts. In this setup, we model
the i-th forecast as J; =y +¢; fori € {1,... , k} and g; = ¢; fori € {k+1,...,m} where
Ele;] = 0, E[e] = o? and Ele;e;4] = ra?. In this case, the population covariance matrix
of prediction errors takes the form

Sii = o + 0511{¢>k} o Sijiti = ra® + Uin{min(i,j)>k}

where 1y, is the indicator function. Notice that 05 and « control the signal to noise ratio
(SNR) in this simulation exercise. We set 05 = « = 1, which is representative of a scenario
where the SNR = 1.

In both scenario a) and b), we consider four designs, based on the number of superior
forecasts k. In design 1, only the first two candidate forecasts have superior predictive
performances (k = 2) for scenario a) or must be identified for scenario b); design 2, design
3 and design 4 deal with k =5, k = 10 and k = 15, respectively.

We compare the considered combination schemes (Table 2.2) with the optimal
forecasting strategy w*. In particular, we compute the relative distance between the
root mean square forecast error (RMSFE) of the strategy under consideration and that
of the benchmark w*.'® Specifically, for the i* combination scheme, we compute the
performance criterion
_ RMSFE;
~ RMSFE,,-

15We also considered scenarios in which the k superior models provide RMSFEs that are on average either
equal or 10%, 30% and 70% lower than the inferior candidates. The results are comparable and available
upon request.

16Note that while w* is implied by S, the considered forecast combination methods only rely on the
sample counterpart of S, i.e., ¥ := 1LVTV .

o

Hi (2.13)
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We simulate n = 1030 observations (30 for training and 1000 for testing) for 500
replications. The difference in size between the training and testing sets should not be
surprising. While having 1000 observations in the testing sample provides a rather accurate
measurement of predictive performance, having 30 observations in the training sample is
representative of a realistic scenario where, relative to the number of candidate forecasts,
few observations are retained for estimating combining weights, and most of the data are
used to train the individual candidate forecasts.'”

2.2.2 Simulation results

We now discuss how combination methods perform across the considered scenarios. Since
results are comparable across designs, Figure 2.1 only includes the results of design 1 and
design 4 while we refer to A2.5 for design 2 and design 3. For each design, the left-hand
side (LHS) panel refers to scenario a) (superior models yield RMSFEs that are 50% lower
than the inferior candidates) and the right-hand side panel (RHS) to scenario b) (the best
forecasting strategy is sparse). We refer to A2.6 for an additional proof of the consistency
of COS methods in discarding the pure noise forecasts.

We sort the combination schemes (y-axis) based on their average performances across
the four correlation levels, which are indicated using colors (yellow r = 0, orange r = .25,
red r = .5 and black r = .9). The closer the combination strategy is to the origin of the
axes, the closer its average performance to the optimal forecasting strategy w™*.

Figure 2.1 points out that the performances depend on the correlation level r of
prediction errors and on whether the best forecasting strategy is sparse or not. Indeed,
as anticipated in Section 2.1.6, negative weights are likely to arise when r > .90, which
penalizes the strategies that restrict combining weights to be non-negative.

In scenario a) (LHS panel), we confirm this fact: non-negative COP methods outperform
their negative counterparts when r < .50, but underperform the latter when » = .90. Such
an impact can be so considerable to flip over the overall ranking. For example, in design
1, COPS_E* and COS_IL™ perform the best when r < 0.5, but rank only fourth and
sixth overall due to the poor performance in high correlation case. This can also hold for
unpenalized methods: in design 3, while CO (i.e., the combination that only minimizes
the in sample variance of prediction errors) generally performs poorly, the benefits of
dropping the non-negative constraint when r = .90 is so considerable to counteract the
superior performance of CO™ (same as CO but with non-negativity constraint) in the other
cases. We can generalize this finding to COP methods but not to COS: the non-negativity
constraint does not penalize methods that rely on a closed form expression for the shrinkage
intensity. Both in design 1 and in design 4, restricting the weights to be non-negative
offers an advantage: COPS_E™ and COS_IL* outplay their counterparts COPS_E and
COS_IL.

The non-negative restriction on the combining weights offers a significant advantage
when w* is sparse. In scenario b), (RHS panel) COP methods with non-negative weights
always outperform their negative counterparts, both when the penalty strength is estimated
via cross-validation and via the analytical formula. In this case, the correlation level is no

17T-MCS methods that use bootstrapping to estimate the MCS rely on 1000 replications of the training
set. Methods that use a validation fold to estimate the penalty strength retain 5 observations from the
training set and rely on the remaining 25 observations for estimating the covariance matrix of prediction
errors.
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Design 1 — Scenario a Design 1 - Scenario b
T-MCS-50 — [ [ COP1_E — [ o
T-MCS-20 — o . CO — (] °
T-MCS-10 — o . SA — o o
T-MCS-5 — o o T-SA-2 — o o
COP1_E — . [ IL — o o
T-SA-15 - . ° T-SA-5 — o o
— ° . COPEN_E — . .
T-SA-10 — ° . COPS_E — ° [
T-SA-5 — [ L) T-SA-10 — o o
T-SA-2 — ° L] COS_IL — o L3
SA . . T-MCS-50 — [ .
IL — ° o T-MCS-20 — [ °
TSACV - e [ T-MCS-10 — [ [
Ci - ° . T-MCS-5 — L] .
COPE_IL_+ — . (] T-SA-15 — L]
COP2_IL_+ — ° . TSACV - e °
COP2_E + — [ L) COP2_ E — L) L]
COPIE+ - oe . COPEN_IL — . )
COPEN_E_+ — (] . COP2_IL — »
OPE_E_+ — ° [ COP1_IL — (] °
COPEN_IL_+ — [ [ DS_egal_lasso — oo
COPS_E — ° . COPEN — o o
COP2_IL o . — o0
COP1_IL_+ — [ . COPEN_IL_+ — I3 °
COS_IL ° L3 COPE_IL_+ — ° °
COPEN_E —+ owe COP2_IL_+ — o o
COPEN —{ .o ° COP2_E_+ — oo
COPS_E_+ — .o . COP1_IL_+ — LR
COPEN_IL — ° . COP1_E + — e o
0S _IL_+ — ° ° COPE_E_+ — X
COP2_E — oo COS_IL_+ — L]
COP1_IL . [ COPS E_+ — L
DS_egal_lasso — oo COPEN_E_+ — oo
T T T T T T T T T T
0.0 0.5 1.0 1.5 2.0 0.0 0.2 0.4 0.6 0.8
Relative RMSFE Relative RMSFE
Design 4 — Scenario a Design 4 - Scenario b
T-MCS-50 — o (] T-MCS-50 -| e o
T-MCS-20 — o . T-MCS-20 —| e °
T-MCS-10 — [ [ T-MCS-10 o e [
T-MCS-5 — . [} T-MCS-5 o e °
T-SA-15 — . [ COP1_E — L] °
SA . [ CO — L4
T-SA-2 — [ [ COPEN_E — ° o
L . . T-SA-15 — ee
CO_+ . L] SA - e
COP1_E — . o DS_egal_lasso -|{ @
COPEN — [ Ld L+ e
COP1_E_+ — ° ° COP2_IL - e
T-SA-10 — ° [ COPEN_E_+ —| e®
COPEN_E_+ — [ [ CO+ - ®
TSA CV — ] ° COP1 E + - e®
COPE_E_+ — ° 3 T-SA-10 4| @
COP2_IL_+ — o [ COPEE + -| ®
COS_IL - [ L3 T-SA-2 - ®
COP2_E_+ — ° () COPEN 4| ®»
COPEN_IL_+ - ° . TSACV o ®
COP1_IL_+ — [ ] COPS_E —| ®@e
COPS_E — . [ COS_IL - ee
COPE_IL_+ ° . COPENIL -| @
COS_IL_+ — ° ° COPI_IL | ®
COPS_E_+ - ° [ COPEN_IL_+ -| ®
CO —H o0 COSIL+ 4 o
T-SA-5 ° . COP2IL_+ —| e
COPEN_E — ° ] COPEIL + | @
DS_egal lasso — A COPSE + - ®
COP1_IL [ o COP2 E + | @
COPEN_IL — o0 COP2 E —-| ®
COP2_E — L] COPI_IL+ | ®
CoP2_IL - e . T-SA-5 - @
T T T T T T T T T T T T T
0.0 0.5 1.0 1.5 2.0 25 3.0 0.0 0.5 1.0 1.5 2.0 25 3.0
Relative RMSFE Relative RMSFE
r=.0 r=25 e r=50 e r=.90

Figure 2.1: Relative RMSFE with respect to the true optimal forecast
combination w*. In the left-hand side panel, superior models yield RMSFEs that
are 50% lower than the inferior candidates (scenario a) and in the right-hand side panel
the best forecasting strategy is sparse (scenario b). Combination schemes are ordered
according to their average performances across correlation levels. In design 1, the first two
candidates have superior predictive performance; in design 4 the first fifteen candidates
have superior performance. Right panels show the outstanding performance of the non-
negativity constraint in scenario b). The same holds true for scenario a), but only for
moderate correlation levels.

longer the main driver of the variability of the performance across combination strategies.
Only T-MCSs remain particularly sensitive to the correlation among prediction errors.
Figure 2.1 also underlines the general poor performance of trimming methods: both
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T-MCSs and T-SAs rank among the worst strategies together with IL and SA. Furthermore,
estimating the number of forecasts to discard using cross-validation (T-SA-CV) does not
offer any significant advantage. Only T-SA-5 performs remarkably well in the design 4 of
scenario b) but the reason is clear: conditional on identifying the right candidates, T-SA-5
coincides with the best forecasting strategy w* for that design.

The partially-egalitarian LASSO procedure (DS__egal lasso) is competitive with COP
methods only when = .90 and w* is not sparse. We also confirm the forecast combination
puzzle: CO performs poorly, especially when r < .50, where it performs worse than the
simple average forecast (SA), IL and T-SAs.

This simulation study sheds the light on four aspects of great practical relevance for
the use of combination strategies in forecasting.

First, all COP and COS methods perform remarkably well, especially compared to
trimming-based combination strategies in all considered designs. In particular, it is difficult
to identify a unique trimming method that is optimal under various specifications of S. In
general however, forecast selection is inappropriate when correlations among the prediction
errors of candidates are particularly low (r = 0). Conversely, COP methods limit the
impact of subjective choices on the number of models to discard.

Second, the choice of the penalty function (L1, L2, EN and cross-entropy) does not
remarkably affect predictive performance when w € #'*. Conversely, if w is unrestricted,
the L1 divergence measure may negatively affect performance depending on the shrinkage
direction (wWg vs wyy ) and on the DGP under consideration.

Third, the non-negative restriction penalizes performance only when forecast errors are
strongly correlated across candidate forecasts. Otherwise, in the other cases, it significantly
improves predictive ability. We do not find any relevant difference between using equal
weights or inverse loss-weights as reference scheme unless L1 is involved.

Fourth, COPS_E* and COS_IL" yield the minimum model risk relative to the
considered combination strategies. Compared to COP1, COP2, COPEN and COPE™, the
analytical expressions of the shrinkage intensity in COPS__E and COS__IL allows us to
make full use of the training set to estimate the covariance of prediction errors. This is a
crucial advantage for more precisely estimating the combining weights.

2.3 Empirical study

In the empirical study, we consider two prediction problems taken from economics. In
these applications, we train the individual algorithms using 70% of the data, build forecasts
combinations on 10% and keep the remaining 20% for testing.!® In the following sections,
we present the evaluation criteria used to compare the considered predictive strategies and
the predictive algorithms that used to form the candidate forecasts.

18This choice implies that only 21 observations are retained for constructing forecast combinations when
predicting the Chicago Fed National Activity Index, and 51 observations are retained for predicting
Boston housing prices. The results are robust to large estimation window, and these additional analyses
are available upon request.
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2.3.1 Evaluation criteria

We must define some evaluation criteria for comparing the predictive strategies. For this
purpose, we consider the RMSFE! and two statistical procedures: the Diebold-Mariano
test (hereafter DM, Diebold and Mariano, 1995) and the model confidence set (hereafter
MCS, Hansen, Lunde, and Nason, 2011).

The DM tests whether one model is superior to another for a given confidence level.
Formally, let the loss difference between forecast ¢ and j for observation t be d’g’j =
(vh)? — (u;)2. The DM tests whether Hy : DM = IE[[j”]] — 0, with DM ~ #(0,1).
However, the original test can be oversized in small samplzé]s and not robust to the heavy-
tailed distributions of the forecast errors. To tackle these problems, we consider a scaled
DM statistic ~ standard t-student(df), as proposed by Harvey, Leybourne, and Newbold
(1997).20

The MCS tests whether a subset of methods enters jointly in the superior set of models
by repeatedly testing the null hypothesis of equal predictive performance with significance
level . Let y be the set of all forecasting models (both individual candidates and
forecasts combinations), and let * be the superior set of models. Formally, the MCS tests
Hy:E[d;;] =0, Vi,j. If the null hypothesis is rejected, then the procedure eliminates the
model with the greatest relative loss from the set .#. This procedure is sequentially repeated
until the null hypothesis is not rejected at the chosen probability level a. We compute the
MCS p-values via bootstrapping (10000 replications) and using the Oxford MFE Toolbox
publicly available at https://www.kevinsheppard.com/code/matlab/mfe-toolbox/.

2.3.2 Individual predictive algorithms

We consider individual forecasts from 13 standard predictive algorithms that are publicly
available on software such as MATLAB. Table 2.3 lists the predictive algorithms used to
form candidate forecasts.

We estimate the hyperparameters of all the considered models via 10-fold cross-
validation. Ensemble methods such as gradient boosted regression tree (GBRT), random
forest (RF) and feed forward neural network (NN) methods consist of 1000, 1000 and 5
base learners, respectively. This choice is an appealing compromise between computational
time and out-of-sample results