
 

Working Paper Series 
Forecasting wages with local linear 
forests 

 

Michele Lenza, Claudia Marchini 

Disclaimer: This paper should not be reported as representing the views of the European Central Bank 
(ECB). The views expressed are those of the authors and do not necessarily reflect those of the ECB. 

No 3291 / October 2026 



Abstract

This study applies a Local Linear Forest (LLF) for wage forecasting in France. The LLF
outperforms benchmarks such as Random Walk (RW), Ridge Regressions (RR) and Random
Forests (RF). We also show that adding foreign predictors (i.e. measures of real activity,
price and wage pressures from Germany and Italy) to French economic variables significantly
improves wage predictions in France. The implications of our results are that wage dynamics
in France exhibit non-linearity, to a certain extent, and that the better ability of LLFs relative
to RFs to fit smooth signals is a valuable feature, especially at times in which wage growth
reaches unprecedented levels from an historical perspective.
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Non-Technical Summary

In this paper, we adopt a machine learning technique called Local Linear Forests (LLF) to predict
wage growth in France.

Wages are a key ingredient in understanding inflation, since they represent a large share of business
costs, and central banks such as the ECB pay close attention to wage trends to avoid the kind of
harmful “wage-price spirals” seen in the 1970s.

Traditionally, economists have relied on relatively simple statistical models to forecast wages, but
this study tests whether more advanced, flexible methods can do a better job, especially when
wage growth reaches unusual levels. Specifically, we compare four forecasting approaches: a simple
”no change” prediction (random walk), a standard linear statistical model (ridge regression), a
machine learning method called random forests, and local linear forests, which blends the flexibility
of machine learning with the strengths of simple linear models.

We test these models using French economic data—such as unemployment, productivity, inflation
expectations, and past wage growth— going back to 1985, and also check whether adding similar
economic data from Germany and Italy improves the forecasts for France.

The results show that all the models outperform the naive “no change” prediction, confirming
that economic indicators do help forecast wages. More importantly, the local linear forest model
consistently performs best, especially over longer forecast horizons, showing that wage dynamics
in France have some non-linear patterns that simpler models can’t fully capture. The local
linear forest also does better than the plain random forest, particularly during the unusual post-
financial-crisis period when wage growth fell to historically low levels, suggesting that its ability
to track smooth signals is especially valuable in unusual times. Finally, the study finds that
including economic indicators from Germany and Italy meaningfully improves the accuracy of
French wage forecasts, suggesting that despite differences in labor market institutions across
European countries, wage and price dynamics are closely interconnected across the euro area.

Overall, the message of the paper is that policymakers and economists forecasting wages—an
important piece of the inflation puzzle—should consider using more flexible, non-linear tools like
local linear forests, and should also pay attention to economic developments beyond national
borders when assessing domestic wage trends.
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1 Introduction

Monetary policy actions notoriously affect the economy with a considerable delay. For this reason,
central banks aim at achieving their inflation targets in the “medium term”, placing a relatively
lower weight on changes in inflation which are due to temporary factors. This explains why central
banks monitor measures of underlying inflation pressures which, by filtering out the effects of
temporary shocks from headline inflation, help to track the persistent component of inflation.

Wage dynamics are generally considered among the most relevant factors behind underlying in-
flation pressures. For example, Fagandini et al. (2024) shows that, because of their large share
in input costs, changes in wages are an important factor for the evolution of the euro area HICP
inflation excluding energy and food (HICPX inflation), a popular measure of underlying inflation.
Relatedly, assessing the wage outlook may be helpful for monetary policy-makers to prevent the
occurrence of the destabilizing wage-price spirals which were witnessed in the 1970s in many ad-
vanced economies and required very persistent and contractionary monetary policy actions to be
reined in (see, for example Lane, 2022).

For these reasons, monitoring and forecasting wage developments is a key aspect of the economic
analysis at central banks and other policy institutions (Byrne and Zekaite, 2018; Bobeica et al.,
2019; Paans and Vlekke, 2020; Bonam et al., 2021; Bank of England, 2024; Gray et al., 2025; Heise
et al., 2026). For example, recently, wage trackers that incorporate news on wage bargaining in a
timely fashion (see, for example, Górnicka et al., 2024; Bates et al., 2024) or scrape wage quotes
from job-ads (see, for example, Adrjan and Lydon, 2022) have become rather popular for policy
analysis. This paper contributes to the literature on wage forecasting. We focus on negotiated
wages in France, but the methods described in the paper can be readily applied to other countries.

The models and the predictors typically used to describe and forecast wages are inspired by the
wage Phillips Curve framework. Interestingly, the wage forecasting literature has already explored
whether some forms of parametric non-linearity may be helpful for wage forecasting, with mixed
results (see, for example Bobeica et al., 2019). The European Central Bank (ECB) has recently
started to exploit Artificial Intelligence (AI) in its monetary policy briefing, including for inflation
forecasting (see, for example, Lenza et al., 2025). One of the main results in Lenza et al. (2025) is
that non-linearity characterizes in particular underlying inflation, suggesting that wage dynamics,
which are closely related to underlying inflation, may also display non-linear dynamics. Against
this background, this paper investigates how a particular machine learning model, the Local
Linear Forests (LLFs) of Bloniarz et al. (2016) and Friedberg et al. (2021) can enrich forecasting
models and improve predictions for negotiated wages in France, over the last four decades.

Giannone et al. (2021) addresses the question whether economic predictive problems are more
likely characterized by sparsity or density, and concludes that the posterior distribution in such
problems typically concentrates on a wide set of models that often include many predictors. Hence,
linear ridge regression models generally provide very accurate economic predictions. The local
linear forest of Friedberg et al. (2021), the variant we use in this paper, is essentially a weighted
ridge regression, in which the weights given to past observations when estimating the model are
time-varying. The time-variation in the weights implies that the model can potentially capture
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non-linear dynamics. The empirical success of the model rests on the ability of the methodology
to capture meaningful time-variation in the weights.

The random forest of Breiman (2001) has gained a large popularity in the context of macroeco-
nomic forecasting (see, for example Medeiros et al., 2021; Lenza et al., 2025; Goulet Coulombe
et al., 2022). Lin and Jeon (2006) highlights how the predictions from random forests can be
represented as weighted averages of past values of the target variable, where the weights are
“state dependent”, in the sense that they depend on the value of the variables used to predict the
target variable. For example, Göbel et al. (2025) use of this representation to interpret machine
learning predictions, in terms of comparisons with similar historical periods in the past. The
Local Linear Forest model of Friedberg et al. (2021) uses a Random Forest to create adaptive,
observation-specific weights for each observation, then fits a ridge regression to all the weighted
observations and use its outcomes to predict the target variable.

In our forecasting exercise, we compare the accuracy of the LLF predictions to three benchmarks.
The first benchmark is the random forest, a special case of the local linear forest in which the
slope coefficients of the ridge regression are constrained to be equal to zero. One of the main
motivations to model local dynamics in the local linear forest is to better fit smooth signals
compared to random forests. This feature also implies that, differently from random forests, the
LLF can produce predictions that lie outside the observed historical range of the target variables.
The comparison with the random forest should provide some insight whether the ability to better
fit smooth signals of the local linear forest is an important feature for predicting wages in France.

The second benchmark is a plain-vanilla ridge regression, which is a special case of the local linear
forest in which all observations are equally weighted and, hence, the model dynamics are assumed
to be linear. The comparison with this model offers an insight on the relevance of non-linear
dynamics.

Finally, we also compare all models with a benchmark of non-forecastability, the random walk
model, which predicts future wage growth in France to be equal to the most recently recorded
wage growth (See Atkeson and Ohanian, 2001; Stock and Watson, 2007; Fischer et al., 2009;
Faust and Wright, 2013; Banbura et al., 2024, for an analysis of the relevance of the RW for
inflation forecasting). All the models are estimated on two databases, domestic (including only
macroeconomic and financial variables for France) and the full database (which includes wages
and other macroeconomic and financial variables for Germany and Italy). Labor markets in
Europe are considered to be quite segmented and characterized by considerable cross-country
heterogeneity. At the same time, both real and nominal variables remain quite aligned across
euro area countries and we aim to assess whether common dynamics are so pervasive that foreign
predictors may add valuable information to predict French wages beyond domestic predictors.1

Our results show that virtually all models add significant information to the random walk predic-
tions. The ridge regression confirms its excellent predictive performance, also for wages in France.
At the same time, the LLF generally performs somewhat better than the ridge regression, sug-

1De Mol et al. (2008) and Bańbura et al. (2015) discuss the link between ridge regressions, bayesian shrinkage
and principal components regressions.
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gesting that the ability to capture non-linear and, more precisely, local linear dynamics may be
important for wage dynamics. The ability to capture smooth signals, especially at times in which
wage growth displays historically unprecedented levels, is also a valuable feature, given that the
local linear forest outperforms the random forest.

Finally, the predictions of French wages benefit from using foreign variables. This result suggest
that despite the labor market segmentation often highlighted for the euro area(see, for example,
Bodnár and Le Roux, 2023; Bates et al., 2025), economic dynamics display common features
among countries and the predictors from other euro area countries provide an important signal to
predict the evolution of French wages. The structure of the paper is as follows. Section 2 presents
the empirical framework adopted in this paper. Section 3 discusses the empirical results and their
implications. Section 4 concludes.

2 Empirical Framework

We define wage levels as wt, with growth rate over h quarters defined as ∆wh
t = wt/wt−h − 1.

xt is a set of potential predictors for wages, available at the quarterly frequency. p and k are,
respectively, the lags of the target variable and the candidate predictors that we include in the
model. More formally, we estimate:

∆wh
t = m(∆w1

t−h, . . . ,∆w1
t−h−p;xt−h, . . . , xt−h−k) + ϵt

and project forward:
ˆ∆wh
t+h = m(∆w1

t , . . . ,∆w1
t−p;xt, . . . , xt−k)

where m(.) represents a generic forecasting model. We aim to capture quite general forms of
non-linearity by resorting to machine learning techniques and our baseline model is the Local
Linear Forest model.

2.1 Database

Our database is available at the quarterly frequency, over the sample 1985Q1 - 2025Q1, and our
target variable is a measure of negotiated wages in France. The predictors consist in a set of
macroeconomic indicators, including the unemployment rate, GDP, labor productivity, capacity
utilization, the output gap, the unemployment gap, inflation and inflation expectations. Given
the large commonality across European countries, we test whether foreign variables add predictive
power by also considering models that include the same set of predictors for Germany and Italy.
In particular, we consider two predictor configurations:

• Domestic: this database includes only French variables.

• Full database: Domestic database plus negotiated wages in Germany and Italy and
(roughly) the same list of predictors for Germany and Italy as for France.
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The Appendix A provides a full description of the database.

2.2 Local Linear Forests

Our baseline model is the local linear forest described in Friedberg et al. (2021). Local linear
modelling is a set of non-parametric techniques that estimates complex, nonlinear trends by fitting
weighted linear regression models to small, local subsets of data. The local linear forest is a special
case of local linear modelling which uses a Random Forest to create adaptive, observation-specific
weights for each prediction point and then fits a ridge regression to all the weighted training data.

Formally, defining as zt the N-dimensional vector of predictors with t = 1...T , z0 as the value
of the predictors that we use to predict the target, ∆wh

t as our target variable at horizon h and
αt(z0) the weights associated to the observations for the predictors at time t, the local linear
forest predictions are based on the intercept (µ̂(z0)) and slope (θ̂(z0)) coefficients estimated in the
following regression:

(
µ̂(x0)

θ̂(x0)

)
= argmin

µ,θ

{
T−h∑
t=1

αt(x0)
(
∆wh

t − µ(z0)− (zt−h − z0)θ(z0)
)2

+ λ||θ(z0)||22

}
(1)

The coefficient λ captures the intensity by which the ridge regression enforces the penalty. The
larger the penalty coefficient, the stronger the intensity by which the regression coefficients are
shrunk toward small values. The ridge regression allows us to handle the potential issue of
overfitting, given that we generally estimate large models. Ridge regressions have proved to be
particularly well suited, in general, for the prediction of economic variables (see, for example
Giannone et al., 2021). For the specific case of the local linear forest, the risk of overfitting
is magnified because the weighting scheme might assign meaningful weights only to a handful
of observations. We fix λ to the value of 0.1. We have also run cross-validation to tune the
parameters of the local linear forest, but we did not materially improve on our baseline results
and, hence, we generally took the default values in the literature for the local linear and random
forest. When estimating the local linear regression above, we standardize the predictors, as it is
customary for penalized regressions.2

As mentioned above, the weights αt(z0) are an outcome of a random forest model (Breiman,
2001). The random forest is an ensemble method which combines the results from a certain
(potentially large) number of non-linear models, called regression trees. A regression tree fits
a specific target variable (wage inflation, in our case) by repeatedly splitting the sample of the
potential predictors in different sub-samples. Once the final split is achieved, the predicted value
of the target variable associated with a specific sub-sample is represented by the sample mean in
that sub-sample, called “leaf”. If the random forest included only one tree, the αt(z0)’s would be
equal and non-zero only for observations that lie in the same final “leaf”as z0.

3 Regression trees

2Local linear forests are implemented in the R package grf. Precisely, we used the ll regression forest routine.
3For each specific tree, the sub-sample splits in a regression tree are obtained through a process defined as
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are simple models yet they tend to overfit, which makes them bad predicting tools. In the standard
random forest applications, many “relatively” uncorrelated regression trees are built to maximize
the advantages of combining them, via the following two steps. First, the observations from the
original data are bootstrapped with replacement before constructing any new tree. Second, the
splits are computed, at each node, only by looking at a randomly selected set of the predictors.
The default choice for the size of the latter set, which we take in this paper, is to draw a third of
the variables for each split. Finally, we set the number of combined regression trees, i.e. the size
of the forest, to the default value of 500.4 Hence, in the end, our αt(z0)’s are computed as the
average weights across all regression trees corresponding to the value z0.

2.3 Benchmark models

Our benchmarking models are the Random Forest (RF), the standard Ridge Regression (RR) and
the Random Walk (RW).

The Random Forest can be seen as a version of the model in equation 1, with the restriction that
θ(z0) and λ are equal to zero. In practice, if the RF model turns out to be more accurate than
our baseline LLF, we would conclude that the linear local regression is not supported by the data.
That would also suggest that the ability of the LLF to better fit smooth signals compared to the
random forest, which also entails the ability to extrapolate out of the historical sample, is not a
useful feature for the empirical application in this paper.5

The Ridge Regression benchmark in our paper is also a special case of equation 1, in which the
αt(x0) are constant and equal over time. In practice, if the ridge regression turns out to be more
accurate than the LLF, we would conclude that the data are unlikely to be characterized by
non-linearity.6

The random walk is a popular benchmark of non-forecastability, according to which the change
in wages expected in the future is equal to the most recent value observed in sample, i.e.:

ˆ∆wh
t+h = ∆wh

t

binary recursive partitioning, an iterative process that splits the data into partitions. The process continues until
the splits achieve an improvement in terms of a statistical criterion, such as the mean squared error in the fit for
wage inflation (our target variable) or, alternatively, until the splitting process hits a stopping rule.

4Probst et al. (2019) discusses the default specification choices for random forests.
5We estimate the random forest by using the R package ranger.
6We estimate the ridge regression by using the R package glmnet.
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3 Empirical Results

Figure 1 shows the year-on-year growth rates of negotiated wages in France, over the sample
1986Q1 to 2025Q1, which is the target variable in our study.

Figure 1: Negotiated wages in France, y-o-y growth rates
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In our forecasting comparison, we take a recursive out-of-sample perspective. Our full sample
ranges from 1985Q1 to 2025Q1. Our first estimation sample is 1985Q1-1998Q4. Over this sample,
we transform and de-seasonalize the data, estimate the models and produce forecasts for horizons
that range from 1 to 5 quarters ahead.7 Then, we update the sample by one quarter and repeat
the exercise, until the exhaustion of the sample.

Table 1 reports the results of the forecasting evaluation. Each of the panels corresponds to one
of the databases described in the data section. The top row in each of the panels reports the
model associated with each column. The figures refer to the relative mean squared errors with
respect to the random walk. A number smaller than one indicates that the model outperforms
the random walk. The lower the figure, the more accurate the model performance. Notice that
each panel has two LLF columns: LLF-All is a model in which all variables are always considered
at each node in the RF model to determine the weights, while LLF-Small is a model in which we
follow the more standard practice to assess splits only on the basis of a randomly chosen third of
variables.

The first remark is that all the models generally outperform the random walk. This result validates
the choice of variables used in this paper, which are also those regularly monitored by the wage

7We choose 1 to 5 quarters ahead because the horizon h=1 can be seen as a nowcast of the, say, 1999Q1 wage
growth, given that the full set of data for the fourth quarter of 1998 are only released in the course of 1999Q1, in
real-time. So, h=5, our longest horizon, corresponds to the one-year-ahead horizon.
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Table 1: Relative MSE with respect to the RW model

Full Database Domestic

Ridge
Random
Forest LLF-All LLF-Small Ridge

Random
Forest LLF-All LLF-Small

H=1 0.6815 0.6178 0.6361 0.6075 0.6970 0.7457 0.7501 0.7414
H=2 0.6512 0.6550 0.6199 0.6109 0.7627 0.8664 0.8229 0.7856
H=3 0.6762 0.7692 0.6500 0.6657 0.8085 0.9713 0.9559 0.8649
H=4 0.5959 0.7138 0.6086 0.5594 0.7106 0.8310 0.8110 0.7383
H=5 0.5988 0.6769 0.5973 0.5302 0.6914 0.7571 0.7727 0.6924

Note: A number smaller than one indicates that the model (columns) outperforms the random walk for the
specific horizon (rows). Bold font indicates the best models.

experts in the Eurosystem economic analysis. On the other hand, the models in Table 1 are
among the most popular for macroeconomic forecasting.

The random forest and, even more, the ridge regression are strong benchmarks, which are not easy
to outperform. However, the best performing model is LLF-Small, our baseline model, estimated
on the Full Database and especially for the longer forecasting horizons.

These results have three main implications. First, as in Lenza et al. (2025) for inflation, we can
conclude that it is important to capture non-linear dynamics to predict wage growth.

Second, the LLF model outperforms the RF, which shows the importance of fitting local linear
processes. To visualize this point, figure 2 reports the forecasts from the LLF-Small, RF and RR
models for the horizon of h=3 and h=5.

Comparing the forecasts from the leftmost and middle panels, it is clear how the LLF is especially
more accurate than the RF in the low inflation/wage period post-Great Financial crisis. As shown
in figure 1, wage growth in that period reached levels which had never been witnessed in the whole
sample at our disposal. Hence, the ability to fit smooth signals by capturing local linear dynamics
is crucial, especially at times in which wage growth gradually reaches unprecedented levels.

Finally, the Full Database provides, rather uniformly, the best results across models and, hence,
considering also variables from Germany and Italy is helpful to predict wages in France. This
reflects the fact that economic dynamics in the euro area are quite common across countries and
including German and Italian variables helps the models to better extract the common signals
in the data (on this point, see De Mol et al., 2008; Bańbura et al., 2015). Figure 3 reports the
forecasts from the LLF-Small, using the domestic and the full databases for the horizon of h=3
and h=5, with those based on the full database being visibly closer to actual wage growth than
those based on the domestic database.
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Figure 2: Comparison among LLF, RF and Ridge

2000 2005 2010 2015 2020 2025
-0.01

0

0.01

0.02

0.03

0.04

0.05

0.06

H
=

3
Q

Wages

LLF

2000 2005 2010 2015 2020 2025
-0.01

0

0.01

0.02

0.03

0.04

0.05

0.06

Wages

RF

2000 2005 2010 2015 2020 2025
-0.01

0

0.01

0.02

0.03

0.04

0.05

0.06

Wages

Ridge

2000 2005 2010 2015 2020 2025
-0.01

0

0.01

0.02

0.03

0.04

0.05

0.06

H
=

5
Q

Wages

LLF

2000 2005 2010 2015 2020 2025
-0.01

0

0.01

0.02

0.03

0.04

0.05

0.06

Wages

RF

2000 2005 2010 2015 2020 2025
-0.01

0

0.01

0.02

0.03

0.04

0.05

0.06

Wages

Ridge

Figure 3: Comparison among full and domestic database
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4 Conclusions

LLFs effectively forecast wages, outperforming traditional methods like RW and RF. Their default
specification, without having to tune the hyperparameters, yields robust results.

The results also suggest that foreign information is important to predict wages in France and that
wage dynamics are characterized by non-linearity, at least to a certain extent.
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A Database

The sample in this paper ranges from 1985Q1 to 2025Q1. Table 2 reports the variables used in
the model, and describes their allocation in the three databases (column 5). In particular, the
domestic database includes all variables labelled with Domestic. The two variables labelled as
Foreign Wages are included, together with the Domestic ones in the Foreign Wages database. The
variables labelled as Full Database are included, together with the variables in the Foreign Wages
database, in the Full Database. FR: France; IT: Italy and DE: Germany.

Table 2: Model Variables and Databases

Definition Simple Label Transf. Country Database
Indicator of negotiated wage rates, Total, percentage
change - transformed into index *

Negotiated wages
index

log diff FR Domestic

Gross domestic product at market prices, volume,
s.w.d.a, Millions of Euro

Real GDP log diff FR Domestic

Unemployment rate, age 15 to 74, total, s.a., percent Unemployment
rate

levels FR Domestic

Labour Productivity (per persons), index, s.a Labour Productiv-
ity

log diff FR Domestic

Productivity per hours worked (ratio between real
GDP and All activities, Employees Hours worked,
s.w.d.a)

Productivity per
hours

log diff FR Domestic

Consumer survey - Price trends over next 12 months
- % balances, s.a

Consumer Expec-
tations

levels FR Domestic

HICP - Overall index, backdated (2015 = 100) HICP log diff FR Domestic
HICP - All-items excluding energy and food (2015 =
100)

HICP ex Energy
and Food

log diff FR Domestic

Gross domestic product at market prices, deflator,
s.w.d.a.

GDP Deflator log diff FR Domestic

Euro area capacity utilisation in manufacturing (%),
s.a.

Capacity Utilisa-
tion

log diff FR Domestic

France - Output gap, Percent WEO (IMF) Out-
put Gap

levels FR Domestic

Gap between actual and potential gross domestic
product at 2020 reference levels, Pct. of real potential
GDP

EC (AMECO)
Output gap

levels FR Domestic

Unemployment Gap (difference between unemploy-
ment rate and NAIRU)

EC (AMECO) Un-
employment gap

levels FR Domestic

Indicator of negotiated wage rates, Total, percentage
change - transformed into index*

Negotiated wages
index

log diff IT Full Database

Unemployment rate, age 15 to 74, total, s.a., percent Unemployment
rate

levels IT Full Database

Gross domestic product at market prices, volume,
s.w.d.a, Millions of Euro

Real GDP log diff IT Full Database

Labour Productivity (per persons), index, s.w.d.a Labour Productiv-
ity

log diff IT Full Database

Consumer survey - Price trends over next 12 months
- % balances, s.a

Consumer Expec-
tations

levels IT Full Database

HICP - Overall index, backdated (2015 = 100) HICP log diff IT Full Database
HICP - All-items excluding energy and food (2015 =
100)

HICP ex Energy
and Food

log diff IT Full Database

Gross domestic product at market prices, deflator,
s.w.d.a.

GDP Deflator log diff IT Full Database

Euro area capacity utilisation in manufacturing (%),
s.a.

Capacity Utilisa-
tion

log diff IT Full Database

Italy - Output gap, Percent WEO (IMF) Out-
put Gap

levels IT Full Database

Continued on next page
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Table 2 – Continued from previous page
Definition Simple Label Transf. Country Database
Gap between actual and potential gross domestic
product at 2020 reference levels, Pct. of real potential
GDP

EC (AMECO)
Output gap

levels IT Full Database

Unemployment Gap (difference between unemploy-
ment rate and NAIRU)

EC (AMECO) Un-
employment gap

levels IT Full Database

Basic pay rates, overall economy, excluding ancillary
benefits, excluding one-off payments, on a monthly ba-
sis, Germany -2020=100

Negotiated wages
index

log diff DE Full Database

Gross domestic product at market prices, volume,
s.w.d.a, Millions of Euro

Real GDP log diff DE Full Database

Unemployment rate, age 15 to 74, total, s.a., percent Unemployment
rate

levels DE Full Database

Labour Productivity (per persons), index, s.w.d.a Labour Productiv-
ity

log diff DE Full Database

Consumer survey - Price trends over next 12 months
- % balances, s.a

Consumer Expec-
tations

levels DE Full Database

HICP - Overall index, backdated (2015 = 100) HICP log diff DE Full Database
HICP - All-items excluding energy and food (2015 =
100)

HICP ex Energy
and Food

log diff DE Full Database

Gross domestic product at market prices, deflator,
s.w.d.a.

GDP Deflator log diff DE Full Database

Euro area capacity utilisation in manufacturing (%),
s.a.

Capacity Utilisa-
tion

log diff DE Full Database

Germany - Output gap, Percent WEO (IMF) Out-
put Gap

levels DE Full Database
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