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Motivation

I Reassessment of forecasting approaches and leading indicators after
the “Great Recession”

I Poor performance of models and forecasters at the start of the
“Great Recession” graph : Can’t we do better than that?

I Things to do:

1. Consider the bias-variance tradeoff!
2. Consider a non-linear, state-dependent modelling approach!
3. Consider appropriate evaluation metrics for binary outcomes!
4. Consider the shape of the forecaster’s/ general public’s loss function

before announcing a recession alarm!



Relationship to Existing Literature

I Probit models in recession predictions: Estrella and Hardouvelis
(1991); Estrella and Mishkin (1998); for Germany see Fritsche and
Kuzin (2005); Proaño and Theobald (2014)

I Regression trees: Used in empirical finance (Savona, 2014; Malliaris
and Malliaris, 2015) and literature on financial crisis (Manasse and
Roubini, 2009; Duttagupta and Cashin, 2011; Savona and Vezzoli,
2015)

I Boosting in economics: Berge (2015), Buchen and Wohlrabe
(2011), Wohlrabe and Buchen (2014), Robinzonov et al. (2012), Bai
and Ng (2009)

I Mostly related to our paper: Ng (2014)



Our Contribution

I In contrast to Ng (2014), we document marginal effects and
interaction effects of the predictor variables. We also evaluate
changing performance of the predictors over time.

I We employ ROC/AUROC statistics to evaluate the performance
over all possible cut-off values.

I We relate the ROC/AUROC statistic to the loss function of the
forecaster to define conditional optimal cut-offs for recession early
warning systems.



Main results

I Short-term interest rates, the term spread and the stock market
index are top leading indicators for recession probabilities. The
importance changed over the time.

I The relationships are highly non-linear and interaction effects play a
role.

I The BRT model significantly outperforms variants of the traditional
probit model in pseudo out-of-sample comparisons.

I Attention: Under asymmetric loss, the optimal cut-off can be far
below the 0.5 value.



Bias-Variance Tradeoff
The Methodological Challenge

Figure : Bias-Variance-Tradeoff, figure adopted from Hastie et al. (2009), p.
38.



Boosting as a Step-by-Step Modeling Device

I Loss function:

L(F ) = E exp(−ỹt+kF (xt)), (1)

with ỹt+k = 2yt+k − 1, such that ỹt+k ∈ {−1, 1}.
I First-order condition:

F (xt) =
1

2
log

P(ỹt+k = 1|xt)
P(ỹt+k = −1|xt)

. (2)

I Construct F (xt) as a sum of simpler functions

F (xt) =
M∑

m=0

Tm(xt), (3)



Boosting as a Step-by-Step Modeling Device

Gradient-descent boosting (Friedman, 2001, 2002):

1. Initialize the algorithm: F0 = T0 = 1
2 log P(ỹt+k=1)

P(ỹt+k=−1) .

2. Define some upper bound, M, for the number of weak learners.

3. For m in 1 to M:

3.1 Compute the negative gradient vector given by zt,m = −∂L(F )/∂F
3.2 Fit a weak learner, Tm(xt), to the negative gradient vector.
3.3 Update the function estimate, Fm(xt), by adding to Fm−1(xt) the

weak learner, Tm(xt), as described in Equation (3).
3.4 Equipped with the new function estimate, go back to Step (3.1).

4. When the recursion reaches m = M, the strong learner, FM(xt) has
been computed as the sum of the weak learners, Tm(xt), where
m = 0, ...,M.



Regression Trees as Weak Learners

I A regression tree (for nontechnical introduction, see Hastie et al.
(2009)), T (xt), with J terminal nodes partitions in a binary and
hierarchical top-down way the space of the leading indicators, xt,
into l non-overlapping rectangular regions, Rl , and predicts, at every
terminal node, a region-specific constant, E (zt,m|xt ∈ Rl), of the
negative gradient vector.



Regression Trees as Weak Learners
Basic Principle

I Linear regression model vs. regression tree

y = β0 + β1x1 + β2x2 y ∼ T (x1, x2)

I Define all partitions

R1(s, p) = {xs |xs ≤ p} and R2(s, p) = {xs |xs > p}
s = 1, 2 and p = partitioning point

I Find the optimal partition

min
s,p

min
ȳ1

∑
xs∈R1(s,p)

(yi − ȳ1)2 + min
ȳ2

∑
xs∈R2(s,p)

(yi − ȳ2)2





Regression Trees as Weak Learners
Example, N = 20
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Regression Trees as Weak Learners
Example, N = 50

|x1 < 10.6114

x2 < 10.9254

x1 < 9.21572

x1 < 10.0216

x1 < 11.8588

x1 < 12.6163

 9.776

10.060

11.260 10.080
 9.256

11.090  9.564

9 10 11 12 13 14

2
4

6
8

10
12

14

x1

x2

 9.78

10.10 11.30 10.10

 9.26 11.10  9.56



Regression Trees as Weak Learners

I In step 3.1 of the gradient boosting: choose optimal terminal node
responses for the given loss function by applying Newton’s method
such that:

γl,m = arg min
γ

∑
xt∈Rl,m

L(Fm−1(xt) + γ). (4)

I Function F (xt) takes the form:

F (xt) =
M∑

m=0

γl,m1xt∈Rl,m
(5)



Regression Trees as Weak Learners

I In other words, the conditional log-odds ratio is estimated by
additively combining a large number of trees and the corresponding
region-specific terminal nodes.

I In order to prevent the algorithm from overfitting, Friedman (2001)
introduces a shrinkage parameter, 0 < λ ≤ 1, that curbs the
influence of individual weak learners on the strong learner.

Fm(xt) = Fm−1(xt) + λγl,m1xt∈Rl,m
. (6)



Boosting − A Simple Example
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Evaluating Forecasts
Receiver Operating Characteristics

I c = cutoff:

ŷt+k(c) =

{
1, if P̂(yt+k = 1|xt) ≥ c ,

0, if P̂(yt+k = 0|xt) < c .
(7)

PTP(c) =
1

nR

N∑
t=1

1yt+k=ŷt+k=1 (8)

PTN(c) =
1

nNR

N∑
t=1

1yt+k=ŷt+k=0 (9)

I AUROC = area under the ROC curve

I Non-parametric approach:1

AUROC =
nNRnR − U

nNRnR
, (10)

1U = Wilcoxon-Mann-Whitney U statistic (Bamber, 1975).



Evaluating Forecasts
Receiver Operating Characteristics
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Data

Table : Data & Sources

Series Source ID

Recession phases Economic Cycle Research Institute RECESSION
Short term interest rates Deutsche Bundesbank RK

Interest rate spread Deutsche Bundesbank SPREAD
Order inflow industry Deutsche Bundesbank ORDER
ifo business climate FRED / ifo institute CLIMATE

ifo business climate, current situation FRED / ifo institute CLIMATE SIT
ifo business climate, expectations FRED / ifo institute CLIMATE EXP

Consumer price index (CPI) Deutsche Bundesbank INF
OECD Stock Market Index OECD Monthly Economic Indicators STOCK

Industrial production Deutsche Bundesbank PRODUCTION
OECD Consumer Confidence OECD Monthly Economic Indicators CONSUMER CONF

U.S. Industrial production OECD Monthly Economic Indicators US PROD
Crude Oil Prices: West Texas Intermediate (WTI) FRED OIL

OECD leading indicator OECD Monthly Economic Indicators OECD LEADING
Real Narrow Effective Exchange Rate for Germany FRED REER

U.S. Effective Federal Funds Rate FRED RK US

graph



Relative Importance of Leading Indicators
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Marginal Effects
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Figure : Marginal effects, horizon = 3



Marginal Effects
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Figure : Marginal effects, horizon = 6



Interaction Effects: Influence of the Stock Market

Panel A: Forecast Horizon: 3 Months
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ROC analysis

Table : AUROC Statistics for the BRT Approach

Forecast horizon Mean CI lower bound CI upper bound
BRT Approach

3 months 0.9891 0.9657 0.9989
6 months 0.9823 0.9600 0.9958

BRT versus Simple Probit
3 months 0.1307 0.0692 0.2030
6 months 0.0959 0.0488 0.1643

BRT versus BMA Probit
3 months 0.1227 0.0624 0.1937
6 months 0.0912 0.0449 0.14865

Note: CI = 95% confidence interval. Test fraction: 30%. Number of simulation runs:

1,000. For the comparisons of the BRT approach with the Probit approach, mean

denotes the average difference between the AUROC statistic for the BRT approach

minus the AUROC statistic for the Probit approach.



Recursive Estimation: Out-of-Sample

Panel A: Forecast Horizon: 3 Months
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Variation Across Time

Figure : Changing Relative Importance of Leading Indicators
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Variation Across Time

Figure : Changing Marginal-Effect Curves

Panel A: Forecast Horizon: 3 Months
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Panel B: Forecast Horizon: 6 Months
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Optimal Cutoff Value

I Optimal cutoff value: equating the slope of the ROC curve to the
ratio of net utility of forecasts in non-recession periods and the net
utility of forecast in recession periods (see also Berge and Jordà,
2011)

I Symmetric loss function: maximizing utility is equivalent to
maximizing the efficiency, E of forecasts defined as
E (c) = πPTP(c) + (1− π)PTN(c)

Table : Optimal Cutoff Values in the Quasi out-of-Sample Experiment

Index / Forecast horizon 3 months 6 months
Efficiency 0.9682 0.9514
Cutoff value 0.3604 0.3303

Note: Means computed across 1,000 simulation runs. Test fraction: 30%.



Optimal Cutoff Value

Figure : Asymmetric Loss and the Optimal Cutoff Value
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Panel B: Forecast Horizon: 6 Months
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Conclusion

I BRT as one useful tool to construct highly efficient “early warning”
systems

I Method beats simple Probit models as well as BMA Probit models
easily

I Non-linearities and interaction effects are modeled simultanously and
this might give further insights into the process leading the economy
into recessions

I To-Do’s
I Dynamic probit models and real time data?
I Big data?



Thank you for your attention!



The Misfortune of Forecasters and Models

Figure : Performance of SPF Forecasters and Models, adopted from Wieland
and Wolters (2013), p. 303

Note: Gray and Green lines show individual and consensus forecasts, red lines indicate model-based forecasts back
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Robustness

I Drop three variables and use the sample 1961:M1 to 2014:12, apply
50% training sample / 50% test sample split

I Apply different evaluation metrics

I General results remain the same!



Bai, J. / Ng, S. (2009): “Boosting Diffusion Indices”, Journal of Applied Econometrics 24(4), 607–629.

Bamber, D. (1975): “The Area above the Ordinal Dominance Graph and the Area below the Receiver Operating Characteristic Graph”,
Journal of Mathematical Psychology, 12(4), 387–415.

Berge, T. J. (2015): “Predicting Recessions with Leading Indicators: Model Averaging and Selection over the Business Cycle”, Journal of
Forecasting 34(6), 455–471.
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