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The financial crises cause significant challenges due to their profound impact on the economy 

and the inherent difficulty in predicting such events. Successfully forecasting a financial crisis could 

offer remarkable advantages, enabling preemptive measures to mitigate its adverse effects. Previous 

research has highlighted the importance of various indicators in predicting economic downturns, 

including the inverted term spread, real GDP, and unemployment rates. Additionally, machine learning 

methods have shown potential in identifying non-linear patterns among these variables, making them 

valuable in forecasting NBER recessions. 

In this study, we evaluated several machine learning classification and non-linear regression 

algorithms such as Support Vector Machine, K-Nearest Neighbours, Decision Tree, Extreme Gradient 

Boosting, Adaptive Boosting, Random Forest, Extra Trees, and Categorical Boosting other than 

traditional time series models like ARIMA and AR. The best forecast of the NBER recession points 

from 0 to 12 months ahead was obtained by inputting the best machine learning models9 prediction as 

one of the exogenous variables of an ARIMA(1,0,1). The forecasts obtained were especially effective 

between t + 0 and t + 4, with real GDP being the most relevant macroeconomic feature. Additionally, 

one version of the forecast was better suited to predict market troughs than official NBER recessions. 

Future research could extend this work by exploring the impact of different types of recessions, 

developing models tailored to emerging markets, or training models on specific big debt crises, such as 

using data from the 2008 financial crisis to forecast recessions similar to Japan9s 1990 economic 

downturn. 
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As crises financeiras representam grandes desafios devido ao seu profundo impacto 

econômico e à dificuldade de prever esses eventos com antecedência. Prever uma crise financeira com 

sucesso pode oferecer vantagens consideráveis, permitindo a adoção de medidas preventivas para 

mitigar seus efeitos. Pesquisas anteriores destacaram a importância de indicadores como a inversão da 

curva de juros, o PIB real e as taxas de desemprego na previsão de recessões. Além disso, métodos de 

têm mostrado potencial na identificação de padrões não lineares entre essas variáveis, tornando-os 

valiosos para prever recessões do NBER. 

Neste estudo, avaliamos diversos algoritmos de como Support Vector Machine, K-Nearest 

Neighbours, Decision Tree, Extreme Gradient Boosting, Adaptive Boosting, Random Forest, Extra 

Trees e Categorical Boosting, além de modelos tradicionais como ARIMA e AR. A melhor previsão 

dos pontos de recessão do NBER de 0 a 12 meses foi obtida ao inserir as previsões dos melhores 

modelos de como variáveis exógenas em um ARIMA(1,0,1). As previsões mais eficazes entre t + 0 e t 

+ 4, o PIB real o indicador mais relevante. Além disso, uma versão do modelo mostrou-se mais 

adequada para prever os mínimos de mercado do que as recessões oficiais do NBER. 

Pesquisas futuras podem explorar o impacto de diferentes recessões, desenvolver modelos 

para mercados emergentes ou usar dados de crises, como a crise de 2008, para prever recessões 

semelhantes à recessão do Japão de 1990. 
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1. INTRODUCTION 

1.1 Recession Forecasting And Its Importance 

Over the past century, the United States have experienced 16 economic recessions (St. 

Louis Fed, 2024). In some cases, these downturns unleashed catastrophic waves of 

unemployment, with the rate surpassing 25% during the Great Depression (Wheelock, 2020), 

reflecting the nation9s economic collapse. This unprecedented surge in unemployment was 

mirrored by a catastrophic 26% decline in real Gross Domestic Product (GDP) between 1929 

and 1933 (Dalio, 2022). Similarly, the Covid-19 crisis saw unemployment nearly hit 15%, and 

during the first quarter of 2020, the GDP contracted at an annual rate of 5%, plummeting by a 

staggering 32.9% annualised decline in the second quarter (Wheelock, 2020). 

Given the immense strain recessions place on the economy, their accurate forecast 

becomes crucial. Predicting economic downturns can be highly beneficial to markets, 

businesses, and the broader economy, allowing people to prepare in advance and alleviate some 

of the problems. Moreover, such a forecast is critical for policymakers, as an early warning can 

enable them to take preemptive actions to mitigate the damages and attenuate the impacts of 

the economic fall, such as avoiding bubbles and managing economic and financial resources. 

Although the National Bureau of Economic Research (NBER) is responsible for 

determining recession periods, this analysis is conducted retrospectively, only identifying 

recessions after they have occurred. Many academic studies have investigated the dynamics of 

recessions, assessing different variables as possible predictors and implementing different 

techniques; Estrella and Mishkin (1998) were among the first to do so, followed by Ponka 

(2016), Bruneau, Christensen and Meh (2018), and more recently Borio, Drehmann, and Xia 

(2019), and Sham (2019). Additionally, Qi (2001) was one of the pioneers in employing 

Machine Learning (ML) to analyse the NBER recession, followed, for example, by Giusto and 

Piger (2013), Chakraborty and Joseph (2017) and more recently, Orojo et al. (2023). 

Nevertheless, to the best of our knowledge, no method has already been able to forecast a 

recession in advance.  

1.2 Aims And Objectives 

This study addresses the following aims: 
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1. To develop a statistical ML model capable of predicting the onset and conclusion 

of NBER recession points in advance. 

2. To Determine the optimum forecast horizon for robust prediction of NBER 

recession points. 

3. To evaluate the impact of key macroeconomic variables on the predictive model9s 

performance. 

4. Evaluate the financial benefits derived from the forecasts. 

These aims will be achieved by the following objectives: 

1. Reviewing the latest research in forecasting the NBER recession points using 

statistical and ML techniques. 

2. Acquiring preprocessing and transforming appropriate NBER and macroeconomic 

time series data to make them suitable for the forecasting task. 

3. Evaluating various forecasting methods, such as binary and multi-nomial 

classification ML techniques and non-linear regression algorithms. 

4. Examining linear time series forecasting approaches, including Autoregressive 

(AR) and Autoregressive-Moving-Average (ARIMA) models. 

5. Evaluating the effectiveness of these models and assessing the best approach 

across different forecast horizons, ranging from t + 0 to t + 12 months. 

6. Analysing the p-values and coefficients of key macroeconomic exogenous 

variables in the models employed across different forecasting time horizons to 

assess their significance, magnitude, and impact on the model9s performance. 

7. Developing a trading strategy based on the forecasts to capitalise on potential 

market opportunities. 

8. Assessing the current state of the economy using the most recent data, to gauge the 

likelihood of a 2024 recession 

The remainder of this paper is organised as follows. Section 2 describes the previous 

literature on the topic. Section 3 details the variables implemented and how they were 

constructed. Section 4 elucidates the different models implemented. Section 5 presents the 

results of the different approaches and the model through which final results were achieved. 

Section 6 illustrates a trading strategy based on the forecasts obtained and attempts to gauge the 

likelihood of a 2024 recession. Section 7 concludes by discussing how the results met the 
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research objectives and summarising the main limitations and the direction of possible further 

studies. 

2. LITERATURE REVIEW 

The literature on forecasting the NBER recession encompasses a broad spectrum of 

variables. Over time, the forecasting power of many different variables has been investigated, 

and different combinations of predictors have been explored, providing valuable insights and 

enhancing our understanding of the effectiveness of different variables and the key indicators 

of economic downturns. 

2.1 Traditional Statistical Models 

One of the most prevalent methodologies in this domain has been the use of probit 

models. These models are well suited for binary outcomes, such as predicting the occurrence 

of a recession. Estrella and Mishkin (1998) were among the first to systematically test various 

economic indicators by implementing a series of probit equations to evaluate the forecasting 

power of the variables to predict an NBER recession. Their research focused on interest rates 

and spreads, stock price main indexes, such as the S&P 500, Dow Jones Industrials and NYSE 

composite, monetary aggregates, individual macroeconomic indicators, like real GDP, and 

inflation, among other variables. While some variables are considered at time 0, others are 

included with a lag of one to three months. They concluded that stock price indexes were useful 

for the prediction within one to three-quarters horizons, while the yield curve slope was 

revealed to be a robust predictor beyond one-quarter, especially if considered individually. 

Liu and Moench (2016) analysed a range of variables, including the term spread, the 

annual returns on the S&P 500 index, interest rates, various components of the Confidence 

Board9s Leading Economic Index, and financial indicators as the manufacturers9 new orders of 

capital goods and balances in Broker-Dealer margin accounts. They also considered a six-

month lag of the term spread. Their research considered forecast horizons of 3, 6, 12, 18, and 

24 months. They used univariate and multivariate probit models to assess the likelihood of 

future recession based on the predictors gathered. The best prediction was achieved at the three-

month forecast horizon, employing a model that accounted for the annual return of the S&P 

500, the term spread, and its six-month lag, which resulted in an area under the receiver 
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operating characteristic curve (AUROC) of 0.95. Similarly, the model attained an AUROC of 

0.91 at a six-month horizon. 

In addition, Bruneau, Christensen and Meh (2018) investigated the relationship 

between the NBER recession and the real estate market. They discovered that the large negative 

co-movements in house prices across US cities tend to cluster over time, being closely related 

to recession periods. Interestingly, they showed how cities that contribute more to the GDP or 

have more population were more influential in signalling a recession. 

Ponka (2016) further expanded the literature by considering a broad range of credit 

variables, such as corporate bond spreads (Gilchrist and Zakrajšek (GZ) Credit Spread, 

introduced by Gilchrist and Zakrajšek (2012)), excess bond spread, default spread, which is 

considered as the difference between Baa and Aaa rated corporate bonds yields, total consumer 

credit, and real estate loans. In addition, he included some of the 8classic9 recession predictors 

as the term spread, stock returns, computed as the logarithmic first difference of the S&P 500, 

federal funds rate, and the University of Michigan Consumer Sentiment Index. The research 

applied different lag structures for each independent variable with a maximum lag length of 12 

months. The specific lags were chosen based on the Bayesian Information Criterion. The 

forecast horizons included 1, 3, 6, and 12 months ahead. The study used probit models to predict 

the US recession. The best Out-of-Sample (OOS) result was obtained using a model that 

included GZ credit spread and the excess bond premium as predictors, particularly for the 1-

month ahead forecast; such a model had an AUROC of 0.915, underlying the forecasting power 

of the predictors involved. Additionally, the AUROC remained high also for the 3-month ahead 

forecast for the models including the excess bond premium and the GZ credit spread. 

Borio, Drehmann, and Xia (2019) also considered the term spread and financial cycle 

proxies such as credit-to-GDP ratio, real property prices, and the debt service ratio, which 

measures interest payments plus amortisations divided by GDP. They applied panel probit 

models to forecast the NBER recession 12, 24 and 36 months ahead, comparing the predictive 

power of the term spread versus financial cycle measures. They showed that the debt service 

ratio outperformed the term spread with an OOS AUROC of 0.98 for a one-year forecast 

horizon and 0.82 for a two-year horizon. 
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2.2 Non-Linear Machine Learning Models 

Many studies that cover the investigation of NBER recession predictors were 

implemented using probit or other linear models. On the one hand, this kind of model is 

straightforward, especially suited for binary outcomes, and its results are immediate to interpret. 

Moreover, it allows for easy inclusion of multiple predictors. On the other hand, they assume a 

linear relationship between the independent variables and the log odds of the outcome, which 

may risk reducing the complexity of the association between predictors. Additionally, probit 

models struggle to capture non-linear interactions and dependencies between predictors that, 

especially during a recession, may act upon complex and hidden non-linear interactions. 

Moreover, probit models are sensitive to the choice of the predictors and their lag structure. 

Given the limitations of probit and other classic econometric models and that economic 

cycles are asymmetric and cannot be represented by linear constant parameter single-index 

models (Qi, 2001), new methods have emerged in handling non-linear relationships and 

considering the complexity of predictors9 interactions. Qi (2001) was the first to use ML to 

predict the NBER recession. Specifically, he applied a three-layer feedforward neural network 

(NN) model over the same dataset that Estrella and Mishkin (1998) employed, with the same 

lag structure. The study examined forecasting horizons from 1 to 8 quarters. He concluded that 

the term spread is the single OOS best indicator for the prediction between 2 and 6 quarters 

ahead, based on the OOS mean squared forecast error. Additionally, they showed that the 

prediction could benefit when the S&P 500 (considered as monthly average) was added as a 

predictor. Finally, it is shown that NN can generate very clear binary signals of recession 

without implementing a cutoff value to gauge the presence of the recession. 

Giusto and Piger (2013) focused on non-farm payroll, industrial production, real 

income, and real manufacturing and trade sales with their one-month lag as independent 

variables to forecast the NBER recession at time t + 0, meaning they aimed to forecast the 

recession in real-time. To do so, they employed a linear vector quantization (LVQ) model, a 

classification algorithm that is a form of neural network. The study demonstrated that LVQ 

nowcasted all five recessions between December 1976 and August 2013, the sample period 

under analysis, with an average delay of 126 days for peaks and 192 days for troughs in real-

time. 
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Berge (2015) analysed a broad range of interest rates and interest spreads, such as the 

different kinds of term spread BAA and AAA corporate bond spreads and the TED spread, 

financial variables such as the S&P 500 index and the real money growth, calculated as M2 

deflated by the consumer price index (CPI), in addition to macroeconomic indicators like the 

industrial production and real personal income. Based on these variables, the study focused on 

forecasting the NBER 0, 6, 12, 18, and 24 months ahead by implementing Bayesian Model 

Averaging, linear and non-linear boosted algorithms. The research showed that non-linear 

boosting provided the best OOS prediction with an AUROC of 0.966 for the nowcast and 0.943 

for the 12-month prediction. 

Vrontos, Galakis and Vrontos (2021) considered 56 macroeconomic and financial 

market-related variables, including the term spread, unemployment, productivity measures, 

monetary aggregates, corporate bond spreads, real GDP and other industrial production metrics, 

S&P 500 monthly returns and change in consumer sentiment, among others. They attempted to 

forecast the NBER recession with different ML algorithms 1, 3, 6, and 12 months ahead. 

Different lag structures were implemented depending on the time horizon prediction, but a 

combination of 3, 6, and 12 months past lag was generally considered. The study tested various 

ML models, including penalised logit regression models, k-nearest neighbours, discriminant 

analysis, tree-based models, ensemble methods, Naïve Bayes, and Bayesian generalised linear 

models. They demonstrated that ML techniques, particularly penalised logit regression models 

and k-nearest neighbours, provide relevant improvements in the NBER forecasting over 

econometric models such as probit and logit. Additionally, they confirm that the term spread 

was confirmed to be an important feature in forecasting the NBER, especially for the 12-month 

horizon. 

Following Giusto and Piger (2013), Orojo et al. (2023) implemented a Multi-recurrent 

Neural Network (MRN) to forecast the NBER recession at t + 1. They used the four indicators 

mentioned above; however, they introduced their change of direction (COD)1 for a total of eight 

 

 

 

1 The COD variables recorded of the difference in magnitude of any give variable at time t and t – 1; 
their values were assigned as follows: +1 for a positive change, -1 for a negative change, and 0 for no 
change. 
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predictors. Finally, they showed how MRN performed better than LVQ and Support Vector 

Machine (SVM). 

2.3 Discussion 

The studies concerning the NBER recession and its prediction have been characterised 

by the implementation of econometric models, particularly probit models. These models have 

long been used for their simplicity and ability to handle binary outcomes like the occurrence of 

a recession. The work of Estrella and Mishkin (1998) set the fundamentals in this domain, 

testing a broad range of indicators and demonstrating the robustness of the term spread slope in 

anticipating the NBER recession. From there, many studies have been conducted, expanding 

the knowledge concerning the performance of macroeconomic and financial variables. For 

example, Liu and Moench (2016) demonstrated that including the annual returns of the S&P 

500 alongside the term spread and its six-month lag achieved high predictive accuracy. These 

many studies highlight the effectiveness of traditional econometric models in forecasting the 

NBER. Yet, they also present some limitations. In particular, they are unsuitable for capturing 

non-linear relationships and complex interactions among predictors. 

In fact, one of the critical limitations of traditional models lies in their assumption of 

linearity and potential oversimplification of more complex relationships. However powerful, 

probit models struggle to capture non-linear interactions that, as crises often happen 

unexpectedly, characterize economic downturns. 

The emergence of ML has been revealed to be a powerful tool to deepen the research, 

offering a high degree of flexibility in handling complex, high-dimensional datasets. Qi (2001) 

was a pioneer in applying ML to predict the NBER recession, showing the potential of such an 

approach. Further studies, such as those by Berge (2015) and Vrontos, Galakis and Vrontos 

(2021), have employed a broad range of ML algorithms, consistently demonstrating the high 

forecasting power of ML models across different forecast horizons. 

Despite its many advantages, ML is not without challenges. As Chakraborty and 

Joseph (2017) observed, ML models function as <black boxes=, making it difficult to interpret 

the relationships between variables and understand how the predictions are drawn. Such a lack 

of transparency can be problematic as the interpretability of models is crucial for market 

players9 and policymakers9 decisions. Consequently, despite ML9s potential, its application 

should be cautiously approached. 
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In light of the existing literature, our study aims to further explore the forecasting 

power of different ML models in predicting the NBER recession. By considering variables 

previously demonstrated to be connected to the business cycle, not only we seek to forecast 

economic downturns from 0 to 12 months ahead, but, on the work of Gómez‐Cram (2021), who 

showed the practical benefits of recession forecasting for investment purposes, we also test a 

trading strategy that switches from stock to treasury bills during predicted recessions, extending 

the application of this study to the real world of financial decision making. 

3. VARIABLES AND DATASET 

3.1 NBER Data 

The dependent variable is the NBER recession period, which is a binary variable 

determined ex-post by the NBER9s Business Cycle Dating Committee and defined as <the 

period between a peak of economic activity and its subsequent trough, or lowest point= 

(National Bureau of Economic Research, 2022). A value of one indicates a recession, while a 

zero points out an economic expansion. This variable was retrieved from the Federal Reserve 

Economic Database (FRED) of the Federal Reserve Bank of St. Louis. 

This study considered monthly data from June 1st 1948, to December 1st 2021, for a 

total of 124 recession months, 14% of the total sample, and 12 distinct recession periods. The 

longest expansion period lasted 128 months, from the Great Financial Crisis (GFC) to Covid-

19, while the shortest expansion period was 12 months, occurring during the middle of the oil 

shock of the early 1980s. Over these more than 70 years considered, the longest period of 

economic contraction was 18 months during the GFC, and the shortest was 2 months during 

Covid-19. On average, economic expansion phases lasted 67 months, with a standard deviation 

of 40 months, while recessions averaged 10 months in duration, with a standard deviation of 5 

months. 

3.2 Macroeconomic And Financial Features 

All the independent variables were analysed with a monthly frequency and considered 

at the beginning of the month. When they were available at a different recurrence, an 

interpolation was applied. 
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Following Giusto and Piger (2013) from FRED, we retrieved the total non-farm 

payroll, industrial production, and real personal income. Considering Estrella and Mishkin 

(1998), we gathered the 3-month Treasury bill rate and the 10-year US Treasury bond market 

yield (the data before March 1st, 1953, were gathered from Amit Goyal9s website), the Real 

Gross Domestic Product, and the CPI by computing the percentage change over 12 months. In 

light of Sham (2019) we included the unemployment rate. Furthermore, we included the balance 

on the current account, the spot West Texas Intermediate price. From MacroTrends.com, we 

retrieved the nominal price of gold and silver. 

In accordance with Estrella and Mishkin (1998), Liu and Moench (2016) from 

Wharton Research Data Services, specifically the Center for Research in Security Prices 

(CRSP), the value of the S&P 500 index. Finally, from Goyal and Welch (2008) dataset, we 

retrieved the Dow Jones Industrial Average book-to-market ratio, the 12-month moving sum of 

dividends paid on the S&P 500, the 12-month moving sum of earnings paid on the S&P 500, 

the 12-month moving sum of net issues by NYSE listed stocks divided by the total end-of-year 

market capitalisation of NYSE stocks; S&P 500 variance, computed as the sum of squared daily 

returns on the S&P 500; and following Berge (2015) and Ponka (2016) we also considered both 

the yields on AAA and BAA corporate bonds. Table 1 summarises the macroeconomic and 

financial variables. 

Table 1: Macroeconomic and financial variables 

 

3.3 Bespoke Features 

In accordance with Estrella and Mishkin (1998), the term spread was built by the 3-

month bill rate to the 10-year US bond yield; additionally, we calculated the Short-Long ratio 

by dividing the 3-month bill rate by the 10-year US bond yield, and following Liu and Moench 
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(2016) we included the monthly returns on the S&P 500. Furthermore, we built the real income 

over real GDP and gold-to-silver ratios. In fact, gold is considered a safe-haven asset, while 

silver tends to be favoured during expansions due to its greater industrial applications. It follows 

that such a ratio is supposed to increase when investors favour safe-haven assets (such as in 

economic downturns) and decrease during economic expansions. 

Finally, recognising that some industries can influence the prediction of the NBER 

recession, such as real estate (Bruneau, Christensen and Meh, 2018), and the credit and banking 

industry (Ponka, 2016), while others may be directly impacted by a recession, such as 

automobiles, oil, manufacturing industries, especially during periods of deleveraging (Dalio, 

2022), we calculated the cumulative returns for the following industries using data from the 

Kenneth R. French Data Library: Agriculture, Entertainment, Construction Materials, 

Constructions, Steel Works Etc, Machinery, Automobiles and Trucks, Petroleum and Natural 

Gas, Utilities, Communication, Business Services, Retail, Banking, and Real Estate. We also 

added the Small Minus Big and High Minus Low factors to our dataset. 

All variables retrieved from the Kenneth R. French Data Library, Amit Goyal9s 

website, and CRSP are recorded as monthly performance data at the end of each month. For 

consistency, we considered them at the beginning of the following month. For instance, the 

return of the agriculture industry for January 2000, known at January 31st, was recorded on 

February 1st. Table 2 summarises the bespoke variables. 

Table 2: Bespoke variables 
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Subsequently, based on Orojo et al. (2023), we built the COD for the 41 predictors so 

far retrieved. At this stage, the dataset included 82 independent variables plus the target, 

covering the period from January 1st 1948, the earliest date for which all the variables were 

available, to January 1st, 2024. 

3.4 In-Sample, Validation, and Out-Of-Sample Split 

The In-Sample (IS) set ranged from July 1st 1948 to June 1st 2006, and comprised 696 

monthly observations, while, at t + 0, the OOS set went from July 1st 2006 to December 1st 

2021, for a total of 186 observations. in this way an 80:20 ratio between the IS and OOS datasets 

was maintained.  

The IS set was further divided into training and validation sets, maintaining an 80:20 

training-to-validation ratio for all the forecast time points. This division ensured that the models 

were trained on the data covering the 9 NBER recessions between July 1st 1948 and July 1st 

1994, validated between August 1st 1994 and June 1st 2006, on the 2001 recession, and finally 

tested OOS on the 2008 and 2019 crises. 

3.5 Data Processing 

During the training-validation phase, the training set was initially standardized, and 

the same standardisation parameters were subsequently applied to the validation set. During the 

IS training and OOS testing phase, the standardisation was first applied to the IS set, and then 

the same standardisation parameters were applied to the OOS set. Following Orojo et al. (2023), 

in both cases, the COD variables were not standardised. 

4. MODEL FITTING AND SELECTION METHODOLOGY 

Throughout the project, various methodologies were explored and implemented. As 

the study progressed, less effective approaches were discarded, and other procedures were 

employed until the most suitable solution for accurate forecasting was identified on the 

validation set. This section explains how the different approaches were implemented and 

different models were built. 

4.1 Lag Structure And Forecast Horizons 

The final dataset comprised the 41 predictors, their COD, and the predictors lagged of 

t – 6 for a total of 123 variables. The lag structure was defined considering that the larger the 
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dataset was, the less reliable the models9 validation output was, although a short-time lag 

structure always benefitted the forecast. Various machine learning algorithms were then applied 

to predict NBER recessions at the following monthly time horizons: t + 0 (nowcast), t + 1, t + 

2, up to t + 12 months ahead. 

4.2 Binary Classifiers 

Initially, the target was treated as a binary variable, with values of 1 in case of a 

recession and 0 otherwise, and the forecast was approached as a binary classification problem. 

As such, the LogisticRegression and LinearDiscriminantAnalysis linear ML classifier were 

implemented, as well as the following non-linear ones: KNeighborsClassifier, 

DecisionTreeClassifier, AdaBoostClassifier, XGBClassifier, RandomForestClassifier, 

ExtraTreesClassifier, and CatBoostCalssifier. SVC, was considered both in its linear and non-

linear version by allowing the HyperParameter (HP) tuning process to choose between linear 

and non-linear kernels. Specifically, the implementation of RandomForestClassifier, 

AdaBoostClassifier, KNeighborsClassifier, and LinearDiscriminantAnalysis was inspired by 

Vrontos, Galakis, and Vrontos (2021), while the choice of non-linear boosted methods by Berge 

(2015). Such a broad range of algorithms allowed for a more thorough consideration of various 

data patterns and relationships. 

Subsequently, the HP grid was defined for each algorithm, and the HPs were selected 

within an appropriate range. Afterwards, we applied the BayesSearchCV method on the training 

set and employed the F1 scoring method to approximate the best HPs to tune each algorithm. 

The number of iterations of the BayesSearchCV was set to 50 except for LogisticRegression 

DecisionTreeClassifier and CatBoostClassifier, which were reduced due to computational and 

time limitations. Table 3 summarises the HP grid employed. 

4.3 Multi-nomial Classifiers 

Subsequently, as the study explored the multi-nomial classification, the dependent 

variable was assigned values of 1 during an NBER recession, 0.8 one month before, 0.6 two 

months prior, 0.4 three months in advance, and 0 for all the other non-recession months these 

five values were transformed into classes. As the classes were heavily imbalanced (at t = 0, in 

the training set, Class 0: 433; Class 1: 96; Classes 0.4; 0.6; and 0.8: 9 values; while, in the 

validation set, Class 0: 128; Class 1: 9; Classes 0.4; 0.6; and 0.8: 1 value), the smote technique 

was implemented to balance the training set, and obtaining better validation predictions. After 
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trying different proportions of the five categories, we selected the following: Category 0: 400 

observations; Category 1: 150 observations; Categories 0.4, 0.6 and 0.8: 30 observations. We 

did not further increase the categories between 0 and 1 because of overfitting concerns.  

After dividing the target variable into five different classes, as for the binary 

classification, the same ten algorithms were tuned and trained (see Table 3) 

4.4 Linear Regression Models 

Two datasets were employed for the implementation of the linear regression models. 

Firstly, a reduced version of the full dataset was used. Similarly to Orojo et al. (2023), it 

comprised the total non-farm payroll, industrial production, and real personal income, all with 

their COD for a total of six variables. No lags were included. 

The reduced dataset9s predictors were first input into ARIMA and AR models as 

exogenous variables. The models ARIMA(p,d,q) and AR(p) were tried with p and q ranging 

from 0 to 12, while the parameter d ranged from 0 to 2. After that, the full dataset was 

considered, and its predictors were input into the linear models as exogenous variables. 

4.5 Non-linear Regression Model 

With this approach, the target variable was treated as a numerical one. As for the multi-

nomial approach, the dependent variable was assigned with the values of 1 during an NBER 

recession, 0.8 one month before, 0.6 two months prior, and 0.4 three months in advance. 

Moreover, in this case, the non-recession values were substituted with a random value of mean 

0.025 and standard deviation 0.005 to simulate a semi-linear pattern rather than five different 

classes. 

The following non-linear regression algorithms were then employed: 

KNeighborsRegressor, DecisionTreeRegressor, CatBoostRegressor, SVR, AdaBoostRegressor, 

XGBRegressor, RandomForestRegressor, and ExtraTreesRegressor. All of them were tuned as 

previously described in the classification approach, except that they were selected by 

considering their negative mean squared error. Their HP grid is summarised in Table 4. 

4.6 Additional Methodological Considerations 

Lastly, we combined the regression and the ARIMA(1,0,1) methods one after the 

other. The target variable was first processed in the same way as in the regression approach. 

Subsequently, as previously, the eight algorithms were tuned and trained on the training set and 
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assessed on the validation set (obviously, at this stage, the same forecasts were obtained as the 

dataset and algorithms were the same). Thereafter, the best training and validation algorithms9 

forecasts were stored in a variable we called pred. To build this variable, we considered the 

validation root mean squared error (RMSE), the graphical shape of the ARIMA output against 

the target and the number of significant variables in the summary of the ARIMA model 

prediction.  

In some cases, pred was obtained by summing up to three different algorithms9 

predictions. We also created a variable called stress, which recorded the variable pred shifted 

back of three months to capture the stress in the economic cycle before the NBER recession 

prediction. Then, the two new variables were added to the set of predictors. Finally, the 125 

predictors were input as exogenous variables into an ARIMA(1,0,1) for all the forecast time 

points.  

This approach led to two outcomes: either the ARIMA assigned a coefficient of 1 to 

the pred variables and 0 to all the other predictors, replicating the output from the best 

regression algorithms, or as previously, all predictors attributed with a coefficient different from 

0 but always insignificant, failing to identify the recession and stress periods. 

As it was evident that a smaller set of predictors had to be input in the ARIMA as 

exogenous variables, we selected the n predictors that most positively and negatively correlated 

with the target at each point in time of the forecast, with n set to 3, 5, 10, and 15. At this point, 

two versions of this approach were constructed. 

In the first version of this additional approach, the n predictors were selected after the 

regression algorithms were run and the variables pred and stress built. In this case, the vairbales 

input in the ARIMA models were 2n. With this approach, as n changed, the algorithms did not 

change their validation prediction, nor did pred. This is because all the algorithms were always 

tuned and trained on the same dataset. However, the ARIMA9s result was influenced when n 

changed, as this affected the number of exogenous variables input into the model, which had 

repercussions on the validation RMSE, the significance of the predictors input, and the value 

of the monthly forecast over the validation set. For all the forecast time points, pred and stress 

were always included in the ARIMA model, as they were always the most highly correlated 

variables with the target.  



Chapter 4: MODEL FITTING AND SELECTION METHODOLOGY 15 

 

In the second version, the variables were selected before running the regression 

algorithms, whose results were then affected by being trained on a different set of predictors. 

As previously, the variables pred and stress were built and then added to the set of exogenous 

variables for a total of 2n + 2 features. 

Table 3: HP grid for binary and multi-nomial classification algorithms 
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Table 4: HP grid for non-linear regression algorithms 

 

5. MODEL IMPLEMENTATION AND OOS RESULTS 

5.1 Binary Classifiers  

After the tuning and training phase, the best HPs, the validation F1 and the accuracy 

scores of each algorithm were retrieved. Nevertheless, the highest F1 and accuracy scores were 

not always as informative as the graph of the forecasted variable against the target, through 

which the algorithms were primarily evaluated. In fact, the graphical representation allowed us 

to see better the entity of the mistakes and how far it was from the 2001 recession.  
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Although the validation results were accurate in identifying the recession, particularly 

within the short time horizon, between t + 0 and t + 2, with some minor errors during the crisis, 

by further increasing the forecast time horizon, the predictive power dropped, although in many 

cases a period of high volatility in the forecast output could be identified in correspondence of 

the recession. This could be because the dataset was highly imbalanced, and consequently, the 

algorithms could not distinguish between business cycle stress periods and real recession times. 

5.2 Multi-nomial Classifiers 

Based on the confusion matrix, the F1 and accuracy scores, and the graphical output 

of the forecasted prediction against the target, the algorithms performed well within t + 0 and t 

+ 3, although with some minor mistakes. However, the best algorithms encountered difficulties 

distinguishing the five categories across all forecast time points, though they could differentiate 

between recession and non-recession outcomes. As the forecast time horizons increased, the 

prediction became less precise, identifying only some of the 2001 crisis points while missing 

others. In such cases, the algorithms yielded a more volatile forecast in correspondence with 

the recession. Appendix 1 presents the validation output. 

Although the 2001 recession could be recognised by correctly classifying some points 

or detecting a more volatile period, these two approaches did not perfectly classify all the 

recession points, nor were they informative concerning the state of the business cycle 

throughout the validation period (see Section 5.6).  

5.3 Linear Regression Models 

In this case, the results became less reliable as the forecast time horizon was increased, 

especially after t + 3. Moreover, considering the validation RMSE at the same forecast time 

point, there was no substantial difference between when the parameters p and q were equal to 

1 and when they were higher, for example, 12. While the parameter d diverged from 0, the 

forecast became inaccurate in most cases. Consequently, we concluded that ARIMA(1,0,1) and 

AR(1) were the best models. 

When the full dataset was applied, even at t + 0, the ARIMA(1,0,1) and AR(1) models 

could not yield reliable forecasts, as all the variables were attributed with coefficients different 

from 0, but always statistically nonsignificant at 95% confidence level, and the models could 

not identify the most relevant predictors. Therefore, with the same models at t + 0, further trials 

were attempted by choosing a random subset of the full dataset. The number of chosen 
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predictors was set to 5, 10, and 15. The variable selection was repeated 1000 times per each set 

of variables, and the best combination of predictors was retrieved based on the lower RMSE on 

the validation set of the models. Nevertheless, even at t + 0, the results were not always accurate 

and reliable, and this method was highly time-consuming. 

5.4 Non-linear Regression Model 

After the best HPs and the training and validation RMSE of each algorithm were 

retrieved, their prediction was also assessed by graphing the forecasted prediction and the target 

variable. As before, the graphical representation gave more insights concerning the reliability 

of the forecast during the recession period. Figure 1 and Figure 2 exemplify this concept. They 

represent the validation output of ExtraTreesRegressor and DecisionTreeRegressor, 

respectively, at t + 3. They had an RMSE of 0.159 and 0.143 respectively. Even if the second 

RMSE is lower, signalling a better forecast, it fails to distinguish between the recession period 

and a stress point throughout the business cycle, while the same did not happen with 

ExtraTreesRegressor, although it had a higher RMSE. Consequently, the graphical output was 

crucial for assessing the different algorithms. 

With this approach, the predictions demonstrated strong performance across all 

forecasting time points, consistently correctly identifying the validation9s recession points. 

Among the non-linear algorithms employed, CatBoostRegressor was revealed to be the best 

algorithm, yielding the best forecast for many forecast time points. As before, as the forecast 

time horizon increased, the prediction became less reliable, and other non-recession periods 

were increasingly highlighted along with the 2001 points, especially after t + 6. 

Figure 1: ExtraTreesRegressor best model9s validation output at t + 3 
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Figure 2: DecisionTreeRegressor best model's validation output at t + 3 

 

5.5 Additional Methodological Considerations 

Finally, we retrieved the validation results of both approaches for all the validation 

forecast time points and the values of n. In both cases, the larger the number n of predictors 

input in the ARIMA(1,0,1), the worse the final predictions; in fact, the most reliable results were 

obtained with n = 3 or n = 5. 

The output obtained could identify the 2001 recession throughout the whole 

forecasting window. However, as t increased, the predictions became more volatile. 

Nevertheless, the ARIMA output could almost always identify periods of strain in the economic 

business cycle, though it could not always distinguish between periods of simple economic 

stress and the dot-com recession, especially from t + 8 onwards. 

Overall, the validation results of the two variations were not remarkably different, the 

same was true for the ARIMA9s RMSE score, although there were changes in the significance 

level of the exogenous variables input in the model, with the first approach revealing to be more 

reliable in this regard. 

5.6 Methodology Selection 

Although the multi-nomial classification output forecasted recession points in the 

same months where economic turmoil was detected with the non-linear regression and the 

combination of non-linear regression and ARIMA models, it still was too close to a binary 

classification, as it could not distinguish between the target9s different categories introduced. 

Conversely, in the case of non-linear regression algorithms, the prediction9s spikes could be 

measured, differentiating business cycle slowdown and actual recession. Moreover, the multi-
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nomial classification difficulty spotted the entire recession period but only some months of it, 

which prevented a clear understanding of when a possible recession could have started and 

finished. Figure 3 and Figure 4 show the graphical output of CatBoostRegressor and 

CatBoostClassfier at t + 3, respectively. Although in Figure 3, the prediction did not achieve 

the value of 1 during the recession, as the target, its output was more insightful and precise 

compared to the multi-nomial classification9s output in Figure 4. 

On the other hand, both the non-linear regression and the combination of non-linear 

regression and ARIMA models yielded more insightful results. Nevertheless, the latter approach 

was judged as more complete, as it could shed light on how the variables influenced the 

prediction while accounting for the non-linear regression models9 best prediction through the 

variables pred and stress. Moreover, the fact that pred was input into the ARIMA model made 

the prediction more flexible, allowing the ARIMA model to attribute a higher coefficient in case 

of a reliable prediction and a lower coefficient otherwise. 

This final approach was, in fact, the most informative with respect to the NBER 

recession and the importance and magnitude of the variables, which is given by the predictors9 

coefficients and significance level. As such, the methodology selected for the OOS test was the 

combination of the non-linear regression and ARIMA approaches, and since there was little 

difference between the two versions implemented, both were tested. 

Figure 3: CatBoostRegressor best model's validation output at t + 3 (best non-linear regression algorithm at t + 3) 
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Figure 4: ExtraTreesClassifier best model's validation output at t + 3 (best multi-nomial algorithm at t + 3) 

 

5.7 OOS Model Implementation 

After the target variable was modified as in the non-linear regression approach in both 

the IS and OOS sets, per each point in time of the forecast, the four variations of the validation 

set results (one per each value of n) were retrieved and compared. The best validation prediction 

was chosen based on its RMSE, the number of significant variables, their significance level, 

and their graphical shape compared to the realised dot-com recession (not the validation target, 

as it was modified to account for stress periods). 

Subsequently, a cutoff value was established to distinguish between recession and 

expansion periods. Initially, this was attempted by building a variable whose values were 1 if 

the forecast was above the cutoff and 0 otherwise. The cutoff value was adjusted between 0 and 

1, with the initial focus on finding the value that minimized the mean squared error (MSE) 

between the actual recession points and the predicted ones. However, this approach became 

inefficient as the number of forecast time points increased. In some cases, the MSE also 

captured spikes from other stress periods, misclassifying them as recessions, which inflated the 

MSE score. As a result, a higher-than-optimal cutoff value was often chosen, excluding many 

true recession points. 

Consequently, at each forecast time point, the cutoff was the result of the following 

formula: �ĂāĀĀĀ ă�þĂÿ(ā) = �[ă�þ�þ�ā�Āÿ āÿÿþ�ýā�ĀÿĀ(ā)] + �[ă�þ�þ�ā�Āÿ āÿÿþ�ýā�Āÿ(ā)] × ý 
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The parameter k was manually adjusted to set the cutoff at a level that fully captured 

the dot-com recession, minimized its value, and reduced the impact of spikes from stress 

periods, avoiding false positive signals and maintaining a certain degree of flexibility. 

Next, we applied the tuned non-linear regression algorithms to the OOS set, using the 

models trained on the training set at time t and validated on the corresponding validation set, 

with the previously selected n, to construct the variables pred and stress. These algorithms were 

then trained on the IS data and tested on the OOS set. The forecasts from both IS and OOS were 

stored, and the pred and stress variables were generated. Finally, the reduced set of exogenous 

variables was input into the ARIMA(1,0,1) model, and its output was compared to the 

predetermined cutoff to obtain the recession prediction. 

Such a modelling structure was employed for both versions of the combination of the 

non-linear regression algorithms and the ARIMA models, the results of which are discussed 

below. 

5.8 Version 1 OOS Results 

The OOS results of the first version of the approach that combined non-linear 

regression and ARIMA models for all the forecast time points were obtained with n = 3, which 

means the ARIMA(1,0,1) employed six exogenous variables.  

The nowcast (t + 0) could identify the two recessions very efficiently; overall, it 

correctly recognised Covid-19 and the whole GFC except for the first month at the beginning, 

with a recall score of 95%, though it included 13 false positive cases. As the forecast increased 

its time horizon, the model became less reliable. At t + 5, its recall dropped from 85% (at t + 

4) to 40%, and at t + 6, it decreased to 25%, while the F1 score went from 0.567 at t + 4, to 

0.327 and 0.263 at t + 5 and t + 6, respectively. At t + 7, the forecast completely missed the 

GFC, and at t + 11, Covid-19. Table 5 summarises the key performance metrics.  

Concerning the false positive points, between t + 2 and t + 5, in addition to the points 

around the two crises, the forecast detected some points at the end of 2010, the beginning of 

2011, and mid-2011. This aligns with the anticipation of the US debt ceiling 8stress9 period in 

July 2011. Additionally, a short period of false recession was signalled at the end of 2013 and 

the beginning of 2014, anticipating a remarkable drop in the oil price in the latter half of the 

year, a condition that can coincide with a potential weakening of the global economy and 

consequently, a possible downturn.  
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Moreover, the analysis of the ARIMA output at each point in time of the forecast 

revealed that the most important variables were the pred and the autoregressive term of order 

one (AR(1)) based on their significance level, with a confidence level of 99% for both variables 

at any point in time of the forecast, and their coefficients, which were always the highest among 

the predictors. Moreover, the third most important predictor was the COD of the real GDP, 

which was statistically significant up to t + 6, with a confidence level of 99%, although its 

coefficient was close to zero except between t + 2 and t + 4, making it a relevant variable for 

the short-run forecast. Additionally, up to t + 3, the COD of payroll and real income was 

statistically significant with a 99% confidence level and had somewhat influential forecasting 

power. Throughout the 13 forecast points, the first-order moving average term (MA(1)) had a 

p-value of zero in eight cases. Despite its sign fluctuating frequently, it generally had a negative 

coefficient, which, in most cases, was the lowest among the model9s variables, (see Table 6). 

Considering the 13 forecast time points, the average of the coefficients statistically 

significant with a confidence level of 99% was 0.296, and the mean of the coefficient with a 

significance level higher than 10% was 0.003, meaning that the models9 results were essentially 

attributed to the statistically significant variables as the others did not have a remarkable 

influence. Table 6 summarises the results of the first version of the approach that combines the 

non-linear regression and ARIMA models. 

The fact that the confidence level of the variable pred and AR(1) was 99% for all the 

forecast time points means that there is strong evidence that the coefficients of these variables 

are different from zero in 99% of the cases. This does not imply that all the models were 

accurate or useful in forecasting recessions, which was determined by the performance metrics 

in Table 5 and the graphical performance of the prediction against the target. Therefore, even 

though the term spread was employed between t + 6 and t + 12, and was always significant 

with a confidence level of 95%, except for t + 7, it was not possible to assess its role in the 

forecast since for those forecast time points, the prediction was very poorly, and the recessions 

were almost always missed (see Table 5, and the OOS output below). The graphical output of 

the forecasts obtained with this method follows. 
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Figure 5: OOS version 1 predictions at t + 0 

 

Figure 6: OOS version 1 predictions at t + 1 

 

Figure 7: OOS version 1 predictions at t + 2 
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Figure 8: OOS version 1 predictions at t + 3 

 

Figure 9: OOS version 1 predictions at t + 4 

 

Figure 10: OOS version 1 predictions at t + 5 
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Figure 11: OOS version 1 predictions at t + 6 

 

Figure 12: OOS version 1 predictions at t + 7 

 

Figure 13: OOS version 1 predictions at t + 8 
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Figure 14: OOS version 1 predictions at t + 9 

 

Figure 15: OOS version 1 predictions at t + 10 

 

Figure 16: OOS version 1 predictions at t + 11 
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Figure 17: OOS version 1 predictions at t + 12 

 

5.9 Version 2 OOS Results 

The OOS results of the second version of the combination of the non-linear 

regression and ARIMA models were obtained with n = 5 for all the forecast time points except 

for t + 5, t + 7, t + 9, and t + 10, where n was set to 3. Hence, the results were based on 14 

predictors except in the four cases mentioned before, where the predictors were 10. 

In this case, the nowcast prediction was not as precise as in the previous model, as it 

missed 11 out of the 20 months of the GFC recession with only 2 false positives. As in the 

previous version, the forecasting power decreased after t + 4: at t + 5, the F1 dropped from 

0.556 to 0.386, although the recall remained high, from 75% to 85%; however, the false 

positives at t + 5 were 51 monthly observations. Even though the GFC was completely 

missed at t + 8, interestingly, the Covid-19 recession was never entirely missed with this 

approach. Table 7 summarises the most relevant performance metrics of this approach. 

Similar to the previous version, in this case, some false recessions were identified 

between late 2010 and early 2011, as well as between late 2013 and early 2014, between the 

intervals from t + 2 to t + 5. 

Again, the analysis of the ARIMA predictors at each forecast time point revealed that 

the most relevant variables were pred and AR(1), although they were not statistically 

significant with a confidence level of 95% at t + 0 and t + 1 for the AR(1) and at t + 8 and t + 

12 for the pred variable. Also in this case, the COD of the real GDP played a relevant role, 

with a statistically significant coefficient with a confidence level of 99% up to t + 7, and 

significant with a 95% confidence level at t + 9 and t + 11. Moreover, also the COD of 
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payroll, real income, and industrial production were statistically significant, with a confidence 

level of 99% up to t + 4 (t + 3 for the COD of payroll). 

Overall, other major variables and their lags, included in the ARIMA model, such as 

unemployment, inflation, term spread, short-long ratio, and 3-month treasury spread, in many 

cases were not statistically significant at 95% confidence level or were employed after t + 4, 

hence, not contributing to a reliable forecasting model. 

Finally, the average of the coefficients with a p-value of lower than 0.001 was 0.282, 

and the mean of the coefficient with a significance level higher than 10% was – 0.004, 

meaning that the models9 results were essentially attributed to the statistically significant 

variables. Table 8 summarises the coefficient of the ARIMA model and their significance level 

for each point in time of the forecast. The graphical output of the forecasts obtained with this 

method follows. 

Figure 18: OOS version 2 predictions at t + 0 
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Figure 19: OOS version 2 predictions at t + 1 

 

Figure 20: OOS version 2 predictions at t + 2 

 

Figure 21: OOS version 2 predictions at t + 3 
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Figure 22: OOS version 2 predictions at t + 4 

 

Figure 23: OOS version 2 predictions at t + 5 

 

Figure 24: OOS version 2 predictions at t + 6 
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Figure 25: OOS version 2 predictions at t + 7 

 

Figure 26: OOS version 2 predictions at t + 8 

 

Figure 27: OOS version 2 predictions at t + 9 
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Figure 28: OOS version 2 predictions at t + 10 

 

Figure 29: OOS version 2 predictions at t + 11 

 

Figure 30: OOS version 2 predictions at t + 12 
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5.10 Result Discussion 

By looking at the prediction, the most remarkable difference between the two methods 

is that the first version has a higher recall score up to t + 4, after which the opposite is true. This 

does not mean the second version is better for the long-run predictions. In fact, the F1 score of 

both versions decreases drastically after t + 4. 

Interestingly, although the average AR(1) coefficients were quite similar, 0.623 in the 

first case compared to 0.66 in the second, the pred variable showed substantial differences in 

both its average and standard deviation. Specifically, with the first approach, the average and 

standard deviation were 0.751 and 0.159, respectively, while in the second case, they were 

0.462 and 0.256. This suggested that the ARIMA model found the forecast of the regression 

algorithms more reliable when they were trained on the original dataset of 123 predictors. 

Nevertheless, the pred variable of the second approach could have been penalised by the larger 

number of exogenous variables input into the ARIMA. 

Table 5: Version 1 OOS performance metrics at different forecast time points (recession points in the period: 20) 

 

Table 6: Version 1 OOS forecast models variables9 coefficients 

 

Table 7: Version 2 OOS performance metrics at different forecast time points (recession points in the period: 20) 
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Table 8: Version 2 OOS forecast models variables9 coefficients 

 

6. RECESSION FORECAST 

6.1 OOS Trading Strategy 

Following Gómez‐Cram (2021), the nowcast prediction was used to build a trading 

strategy that invested in the S&P 500 during economic expansions and shifted to 3-month 

treasury bills during recessions. The trading strategy was applied to the OOS set and employed 

in both versions of the non-linear regression and ARIMA models, and then the trading strategy 

was compared to buying and holding the S&P 500 during the period (in my calculations, we 

included transaction fees of 0.2% and assumed the risk-free rate as the average of the 3-month 

treasury bill throughout the OOS set, which annualised was of 0.93%). 

The cumulated return of the buy-and-hold strategy was 259.60% against the 433.67% 

and 671.03% of the cumulated return of the first and second versions of the trading strategy, 

respectively. In fact, even though the first version better aligned with the NBER, the second 

version tracked more closely the drawdowns of the S&P 500, enabling the strategy to capitalize 

on market dips during recessions. The annualised Capital Asset Pricing Model (CAPM) alpha 

was 6.07% and 7.14% for the first and second strategy, respectively, confirming that the second 

strategy provided a higher return. 

Consequently, to assess the two trading results with respect to market risk, the Sharpe 

and Sortino ratios were calculated. The first method yielded Sharpe and Sortino ratios of 1.011 
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and 1.346, respectively, while the second approach produced ratios of 1.110 and 1.625, proving 

the superiority of the second methodology for trading purposes. 

Additionally, the strategy was implemented using both methodologies up to t + 4. The 

best results were obtained in both cases at t + 1 in terms of annualised mean return, Sharpe and 

Sortino ratios, and annualised CAPM alpha. Furthermore, the second approach outperformed 

the first up to t + 3, as evidenced by its higher Sharpe and Sortino ratios (see Table 9 and Table 

10) 

Interestingly, while the first approach better predicted NBER recessions, the second 

approach was more effective in forecasting market sell-offs, resulting in improved positioning 

for trading performance. Even more notable is that, in both strategies, S&P 500-related 

variables were excluded from the final ARIMA models (see Table 6 and Table 8). Additionally, 

in the second approach, stock market-related predictors were not even used as features in the 

non-linear regression algorithms to construct the pred and stress variables.  

The graphs of the cumulative returns and drawdowns at t + 0 and the summary tables 

of the performance metrics for the trading strategy implemented by the two approaches follow. 

Figure 31: Version 1 cumulative returns of the trading strategy 
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Figure 32: Version 2 cumulative returns of the trading strategy 

 

Figure 33: Version 1 drawdowns of the trading strategy 
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Figure 34: Version 2 drawdowns of the trading strategy 

 

Table 9: Version 1 performance metrics for the trading trategy 

 

Table 10: Version 2 performance metrics for the trading strategy 

 

6.2 Actual State Of The Economy 

Finally, both versions of the combination of non-linear regression and ARIMA models 

were used to assess the current state of the economy for the following 12 months, up to January 

1st 2025. The training set consisted of 906 monthly observations, spanning from July 1st, 1948, 
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to December 1st, 2023, while the test set included only one observation: January 1st, 2024. This 

was the last date for which all 123 predictors were available at time t + 0. Forecasts for the next 

12 months were generated by running the models to predict all future time points without 

changing the training or test sets. Due to the lagging of the target variable to predict future 

values, the forecast made on January 1st was based on the model9s prediction for t + lag period, 

where t is the last available date at which all data are available, and the lag corresponds to the 

number of months by which the dependent variable was shifted. For example, if the target were 

lagged by 1 month, the prediction at t + 1 would be for 1 month ahead. 

The very same methodology used for the OOS prediction was employed with this 

8larger dataset, and both versions of the combination of non-linear regression and ARIMA 

models were applied. The two methods did not forecast recession points, as the final ARIMA 

prediction was always below the cutoff value. 

7. CONCLUSION 

7.1 Discussion 

This study aimed to address the critical problem of accurately forecasting economic 

recessions, which, if anticipated correctly, can provide significant benefits for policymakers, 

markets, and businesses. Reliable predictions can help mitigate declines in GDP, asset prices, 

wealth, and unemployment spikes, which are usually typical of economic downturns. Timely 

forecasts could allow policymakers to take preemptive actions, such as adjusting monetary 

policy and implementing fiscal stimulus, to better manage recessions9 negative impacts. 

To achieve the objectives of the research, we developed two distinct forecasting 

models by combining ML non-linear regression algorithms with ARIMA models. We assessed 

NBER recession forecasts over a time window from t + 0 to t + 12. Among the non-linear 

regression models, boosting algorithms, such as CatBoost, AdaBoost, and XGBoost, performed 

best up to approximately t + 8, after which bagging algorithms, notably ExtraTrees and 

RandomForest, yielded the best results. However, predictions remained reliable only up to t + 

4, after which the forecasting power significantly diminished. Notably, these predictions proved 

sensitive to economic stress periods, signalling recessions during the 2011 debt ceiling turmoil 

and the 2014 oil price slowdown, though these instances were ultimately classified as false 

recessions, between t + 2 and t + 5. Nevertheless, based on the accuracy scores of both 
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forecasting versions, our models slightly underperformed the forecasts of Berge (2015) and 

Vrontos, Galakis, and Vrontos (2021). 

The most relevant variables throughout the different time points were the initial 

forecast made by the non-linear regression algorithms, the AR(1), the COD of real GDP, real 

income, payroll, and industrial production. Nevertheless, assessing the impact of 

macroeconomic variables on model performance proved to be more complex. In fact, however, 

the final ARIMA model provided valuable information concerning the sign, magnitude, and 

statistical significance of the exogenous variables, the variable selection process was relatively 

simplistic as the variables were selected based on their correlation with the target at each 

forecasting time point. Therefore, while this approach offered a straightforward understanding 

of the relevance of the chosen exogenous variables, it did not allow for a robust ranking of their 

importance across the 123 initial features considered. 

Lastly, the financial benefits of predicting the NBER recession were assessed by using 

the two forecasting methods to implement a trading strategy, which consisted of investing in 

the S&P 500 during expansions and switching to t-bills during recessions. The comparisons of 

these two versions showed that one could nowcast the NBER at t + 0, though such a prediction 

was not aligned with stock market dynamics, while the second version allowed one to identify 

the S&P 500 trough and invest immediately after that point, even though still in an NBER 

recession, hence, yielding the best financial performance. 

Finally, the fact that the prediction performs well in the short run implies that it has to 

be applied to real-time data. However, such an absence limited our ability to assess the present 

state of the economy as the models9 forecasts for t + 7 approximately coincided with the current 

state of the economy at t + 0. Even though this problem makes the study of little value for many 

businesses and common investors, the research can still be useful for policymakers and 

practitioners who work with real-time measurements. 

7.2 Limitations And Future Work 

One of the primary limitations was the insufficient availability of historical data, which 

was the main reason why some variables were discarded, even if considered by the previous 

literature relevant to the NBER forecast, such as the real manufacturing and trade industries 

sales, money aggregates M1, M2, and M3, public debt, public debt as a percentage of GDP, 
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bank credit and bank credit as a percentage of GDP. In addition, due to a lack of computational 

power, NN approaches were too time-consuming, so they had to be disregarded. 

Moreover, because of the lack of real-time data, the forecast is of no value for all those 

investors who do not have access to real-time measurements as the data retrieved from the 

databases mentioned in section 3 are published with more than four months of delay, going 

beyond the four months within which the forecast proved to be reliable. However, future studies 

can consider a reduced version of the original dataset, where all predictors not issued within 

four months are excluded. 

Additionally, even if the study assessed the most important predictors, this analysis 

was only possible on the ARIMA model9s output. In fact, as explained by Chakraborty and 

Joseph (2017), ML behaves like a black box, and it is impossible to dissect the web of 

relationships between all the 123 predictors used as independent variables for the classification 

and regression algorithms. 

Furthermore, in the study, all recessions are treated equally, and 2008 GFC constitutes 

90% of OOS9s recession points. But as explained by Dalio (2022), the 2008 crisis was a 

deleveraging, not technically just a recession. Opposite to a recession, which is caused by 

central banks tightening monetary policy, usually to fight inflation, a deleveraging is a 

downward cause-effect spiral where assets lose their value, credit contracts, the economic 

output falls, cash flows decrease, and market players are forced to sell their assets to meet their 

obligations creating a negative self-reinforcing cycle. Such deleveragings happen every 75 

years, give or take 25; examples are Japan in the 1990s and the US in the 1930s (Dalio, 2022). 

Consequently, as the IS set covers nine recessions, it is plausible that the methods elaborated in 

this study perform more poorly during deleveragings and forecast better normal recessions (in 

fact, the Covid-19 recession was better forecasted than the GFC). Eventually, further 

improvements could be made by training the algorithms on the US 2008 GFC and testing it on 

Japan9s 1990s deleveraging. 

Likewise, while developed countries experience domestic currency debt crises, EMEs 

tend to have balance of payment/currency problems, which may lead to hyperinflation 

dynamics. Hence, further studies may explore EMEs recessions and investigate the most 

important variables in such cases; in fact, while in our research, inflation was not revealed to 
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be very important (see Table 8), it is legitimate to expect it will have a more relevant impact in 

EMEs. 
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APPENDIX 1 

Appendix 1 summarises the output of the multi-nomial classification from t + 0 to t + 

12 on the validation set. 

 

 

 



 

 

 

 

 



 

 

 

 

 



 

 

 

 

 



 

 

 

 

 


