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Abstract
Forest ecosystems are typical examples of socio-ecological systems. However,
in terms of modeling, the social aspect has been given far less attention than the
ecological aspect. In this study, we modeled the impact of economic and social
factors on the occurrence of harvesting. This harvest model was then integrated
into an individual-based model of forest growth designed for large-area forecasts.
The resulting socio-ecological model was then used to produce volume predictions
for two regions of France.
Among the economic factors, the annual stumpage prices in interaction with
the species proved to be a significant predictor of harvest occurrence. Simulating
different stumpage price evolutions made it possible to predict supply curves for
the two regions. Projections until 2060 showed that increases in stumpage prices
will be detrimental to standing volumes in both regions. Integrating the demand
for wood products into such socio-ecological models in forestry would be a major
improvement.
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Introduction

Forest landscapes can be considered as typical social-ecological systems shaped by forest
management (Paige Fischer 2018). The ecological aspect of these systems has a long history of modeling, ranging from stand-level approaches to individual-based models (IBM)
(Porté and Bartelink 2002). Forest growth modelers have mainly focused on the modeling
of natural processes such as natural and catastrophic mortality, survivor increment and
individual recruitment. However, harvesting, which is one of the main entry points for
social aspects in these socio-ecological systems, has been given far less attention.
Beyond land-use change, harvesting remains a major cause of mortality in managed
forests (Canham et al. 2013). In Europe where most forests are managed (Forest Europe
2015, p. 111), it is even a greater contributor to carbon emissions than large-scale natural
disturbances such as windstorms and fires (Pilli et al. 2016). Sterba et al. (2000) count
among the first growth modelers who focused on modeling the occurrence of harvesting
at stand and tree levels. Since then, some harvest models have been developed with the
idea of predicting, or at least better understanding, harvest dynamics over large areas
(Thurnher et al. 2011, Antón-Fernández and Astrup 2012, Canham et al. 2013, Kittredge
and Thompson 2016, Kittredge et al. 2017, Thompson et al. 2017).
The integration of such harvest models into IBMs yields valuable decision support
tools. It makes it possible to predict the evolution of managed forests over large areas.
The demand for these large-area predictions of forest resources has greatly increased
over the last two decades, mainly driven by the international agreements around climate
change. Nevertheless, it is surprising that explanatory variables related to social, economic
and political aspects were largely absent in the aforementioned harvest models. This
omission assumes that the effects of these social, economic and political variables remain
constant over time and that only forest metrics and operational constraints determine the
occurrence of harvesting, two assumptions that are very unlikely. Antón-Fernández and
Astrup (2012) reported that consideration for economic and political changes in harvest
models designed for large-area predictions remains a major issue. Actually, most IBMs
currently used in the context of large-area predictions hardly qualify as socio-ecological
models because they do not account for the changes in the social, economic and political
contexts.
In economics, the behavior of non-industrial private forest owners has been widely
studied, and models of harvest decision have been fitted to survey data and historical
records. Some socio-economic variables have been identified as significant determinants
of harvest decision, either positively or negatively affecting harvest occurrence. These
include owners’ age and income, property size, risk aversion or preferences for forest
amenities (Størdal et al. 2008, Andersson and Gong 2010, Garcia et al. 2014, Petucco
et al. 2015, Brunette et al. 2017). At the regional level, most of these variables can rarely
be accessed. For example, the taxation rate, owner’s age and income are considered to
be private information that can only be obtained on a voluntary basis, mainly through
surveys. However, regional average stumpage and timber prices are usually made public
annually by associations of forest practitioners. Increases in these prices were found to
increase the occurrence of harvesting in Kuuluvainen et al. (1996), Bolkesjø and Baardsen
(2002) and Petucco et al. (2015). However, in some other studies, the price effect was
found to be non-significant or significant for only a few species (Dennis 1990, Kittredge and
Thompson 2016, Brunette et al. 2017). This ambiguous effect could result from trade-offs
between forest income and amenity production since non-industrial private forest owners
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are diverse in terms of preferences (Kittredge and Thompson 2016).
The fit of a harvest model with consideration for social, economic and political aspects
and its integration into an IBM would be a great advantage since the enhanced model
would take variables beyond the traditional forest metrics into account. In addition to
creating a true socio-ecological model, this integration would also provide more realistic
predictions since the social, economic and political factors would not be assumed to be
constant over time.
In order to maximize their income, forest owners, whether they are public or private,
can adapt their behavior and delay harvesting in order to obtain a better price. In terms
of harvest occurrence, it can reasonably be assumed that the price has a positive effect
on the harvesting decision. Furthermore, price changes do not create the same incentive
depending on the species. Greater probabilities of harvesting imply greater harvested
volumes. It is known that the price elasticity of supply, i.e., the ratio between the change
in supplied volume and the change in price, differs between coniferous and broadleaved
species (Morland et al. 2018). It could be further assumed that the price effect is actually
species-dependent within the coniferous and broadleaved species groups.
In France, many private owners prefer not to manage or to less intensively manage
their forest for many reasons, whereas public forests are more intensively managed in
general (IGN 2018). French public forests are managed by a state company called the
Office National des Forêts (ONF). Contributing to the vigor of the forest sector through
a constant wood supply is one of the responsibilities of the ONF, although the company
has recently been subject to pressure for budget balance (Cour des Comptes 2009). Since
the context between the two ownerships, public vs. private, is not the same, it can be
assumed that the harvest rates would be smaller on private lands, even when they are
subject to a forest management plan.
Finally, forest management and the popularity of wood products are subject to social
considerations. All other things considered, regional differences must exist simply because
people in some regions have a long tradition of using wood products for either heating or
construction. This is what Garcia et al. (2014) call contextual and endogenous effects.
Contextual effects characterize similar trends among forest owners when the exogenous
characteristics of the group or the region are similar. Besides, endogenous effects characterize an individual’s behavior which follows the general behavior of his or her group. In
France, the Grand-Est and the Nouvelle-Aquitaine regions are traditional forestry regions.
These regional differences can be tested through a regional effect in a harvest model.
The objective of this study was to fit a harvest model that would account for economic
and social factors. More precisely, we used the data from the French National Forest
Inventory to fit a model of harvest occurrence at the plot level. Our hypotheses were the
following:
1. H1: Increases in stumpage prices would create an incentive to harvest on both public
and private lands;
2. H2: This incentive would be species-specific with the most valuable species being
less responsive to price variability;
3. H3: On average, private landowners would harvest less than what is observed in
public forests even when their forests are subjected to a management plan; and
4. H4: All other things considered, the traditional forestry regions, namely GrandEst and Nouvelle-Aquitaine, would have greater harvest occurrences than the other
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regions.
We first fitted the harvest model with traditional forest metrics and topography variables. Once this preliminary model was fitted, we then tested our four hypotheses.
The final model accounted for different species and ownerships. Given its flexibility
and the fact that the model was fitted to more than 40 000 observations, a natural step
was to use it for large-area forecasts. The harvest model, which accounted for social and
economic factors, was then integrated into an IBM, which predicted forest growth based
on ecological factors. This integration yielded a true socio-ecological model. Supply curves
and forest growth forecasts were then produced for two regions of France. The harvest
model, as well as its impact on regional growth forecasts, are discussed. We also suggest
potential improvements to such socio-ecological models in forestry.

2
2.1

Material and methods
Dataset

In France, the National Forest Inventory (NFI) is under the responsibility of the Institut
National de l’Information Géographique et Forestière (IGN). Since 2005, the French NFI
is based on a two-phase sampling scheme (Hervé et al. 2014, Hervé 2016). The first phase
follows a systematic design based on an annual grid with a sampling intensity of one plot
every 10 km2 . The systematic grids of successive annual campaigns are meant to overlap
and to maintain a systematic grid design every five years. At each node of the grid, land
use is assessed using aerial photographs. In the second phase, a subsample of the nodes
that fall into forested lands is randomly selected for ground measurement. The field plots
are randomly located within a squared area of 900 m × 900 m around each node. The
inventory protocol is extensively described in IGN (2016).
Each field plot consists of three concentric fixed-area subplots in which the trees are
measured depending on their diameter at breast height (DBH, 1.3 m in height). Trees
with DBH smaller than 22.5 cm but greater than or equal to 7.5 cm are measured on a
radius of 6 m from the plot center. Trees with DBH greater than or equal to 22.5 cm but
less than 37.5 cm are measured on a 9-m-radius subplot. Finally, trees with DBH greater
than or equal to 37.5 cm are measured on a radius of 15 m from the plot center.
For each tree, the circumference at breast height is measured to the nearest centimeter.
Tree DBH is then calculated by dividing the circumference by pi under the assumption
that the cross section is perfectly circular. In addition to tree measurements, some plot
observations such as slope inclination and the occurrence of management activities in the
past five years are also noted on a circular area of 25 m in radius from the plot center.
Given the need for a better assessment of nationwide harvested volumes, the NFI
protocol was amended in 2010 in order to revisit the plots measured five years earlier.
The same procedure was repeated every year so that in 2016, a total of 41 380 plots
had been revisited after a five-year period since the initial measurement. In each one of
these plots, the occurrence of harvesting during the five-year period was noted. We define
harvesting here as the presence of at least one harvested tree in the plot, which means
that it includes thinnings as well as final harvests.
We discarded the plots located in areas with land use other than wood production.
Empty plots, i.e., plots that had no tree above the limit of 7.5 cm in DBH, were also
discarded for the obvious reasons that they were not going to be harvested. This left
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a total of 40 077 plots. A summary of these plots can be found in Table 1. Using tree
measurements, we also calculated the stem density and basal area of each plot. The values
of these variables were reported per hectare. Note that the basal area is defined as the
sum of the cross-sectional areas at 1.3 m in height. The range of these variables is shown
in Table 2.
Table 1: Number of revisited plots and proportion (%) of them that were
harvested for each five-year period and administrative region. r is the region
index.
r
1
2

Region
AuvergneRhône-Alpes
BourgogneFranche-Comté

3

Bretagne

4

Centre-Val de Loire

5

Corse

6

Grand-Est

7

Hauts-de-France

8

Ile-de-France

9

Normandie

10

Nouvelle-Aquitaine

11

Occitanie

12

Pays de la Loire

13

Provence-AlpesCôte d’Azur
Total

2.2
2.2.1

20052010
836
12.9%
767
26.1%
157
10.2%
441
18.1%
72
2.8%
852
34.7%
169
25.4%
143
14.7%
172
23.3%
916
16.2%
648
5.6%
141
20.6%
308
4.9%
5622
18.4%

20062011
842
14.8%
766
25.5%
164
12.2%
436
17.4%
55
3.6%
849
31.2%
172
25.0%
120
17.5%
188
19.7%
859
17.7%
673
3.1%
145
23.4%
304
3.3%
5573
18.0%

20072012
995
12.1%
829
25.1%
158
8.9%
458
13.1%
76
1.3%
878
29.5%
187
24.1%
115
13.0%
193
22.2%
971
22.5%
763
5.2%
144
16.7%
370
4.9%
6137
17.4%

20082013
844
14.2%
728
21.2%
170
11.8%
407
15.5%
65
4.6%
784
27.6%
179
24.6%
114
10.5%
166
17.5%
866
19.6%
657
5.0%
122
7.4%
319
4.1%
5421
16.3%

20092014
773
14.6%
678
25.4%
155
16.1%
399
15.8%
83
2.4%
801
27.3%
193
20.7%
109
9.2%
160
24.4%
840
22.5%
643
5.0%
138
17.4%
338
3.0%
5310
17.7%

20102015
939
19.8%
795
25.9%
192
21.9%
415
21.7%
90
10.0%
893
36.6%
200
36.0%
120
29.2%
215
30.2%
879
25.7%
754
11.3%
158
27.8%
372
9.9%
6022
23.6%

20112016
951
16.8%
763
32.5%
188
22.3%
401
21.9%
71
5.6%
836
34.8%
225
32.9%
119
31.1%
186
29.6%
971
24.4%
757
13.1%
179
25.7%
345
7.5%
5992
23.5%

Modeling approach
Statistical developments

Harvest data such as those we used in this study are said to be interval-censored. The
exact time of harvesting is unobserved, but it is known that it occurred between two
measurements (Lawless 2003, p. 10). This constraint can be dealt with through the use
of a lifetime model. The basis of this statistical approach is briefly described in the next
paragraphs. The reader is referred to Lawless (2003) for further details.
It can be assumed that the exact time of harvest T follows the cumulative distribution
probability F (T ≤ t). The probability that the time of harvest has not occurred yet at
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Table 2: Average basal area, stem density, slope inclination and proportion
of plots that were managed during the five-year period prior to the initial
measurement by administrative regions. The minimum and maximum appear
in parentheses.
Region
AuvergneRhône-Alpes
BourgogneFranche-Comté
Bretagne
Centre-Val de Loire
Corse
Grand-Est
Hauts-de-France
Ile-de-France
Normandie
Nouvelle-Aquitaine
Occitanie
Pays de la Loire
Provence-AlpesCôte d’Azur

Basal area
(m2 ha−1 )
28.5
(0.4-121.0)
25.0
(0.4-108.7)
25.9
(0.4-111.7)
22.8
(0.4-106.0)
23.3
(0.4-118.3)
24.0
(0.4-99.2)
22.7
(0.4-85.0)
22.6
(0.5-88.1)
23.7
(0.4-117.6)
23.0
(0.4-106.5)
21.8
(0.4-104.2)
23.6
(0.4-76.2)
19.5
(0.4-102.7)

Stem density
(stems ha−1 )
870
(14-5393)
792
(14-6254)
776
(14-5737)
750
(14-3969)
849
(14-4793)
691
(14-5740)
628
(14-3271)
627
(14-3006)
654
(14-5383)
751
(14-4774)
812
(14-4067)
783
(14-4106)
806
(14-4244)

Slope
(%)
33
(0-120)
12
(0-155)
9
(0-160)
2
(0-185)
41
(0-91)
14
(0-200)
7
(0-86)
5
(0-165)
10
(0-196)
14
(0-134)
32
(0-140)
4
(0-74)
37
(0-130)

Managed during
the last 5 years
16.2%
24.6%
15.1%
14.1%
4.7%
25.0%
20.8%
13.5%
19.1%
14.6%
8.7%
18.4%
8.6%

time t is actually the balance of the probability and is usually referred to as the survivor
function S(t) = F (T > t) = 1 − F (T ≤ t). When working with interval-censored data,
the likelihood that the time of harvest occurs between times t1 and t2 with t2 > t1 is
Pr(t1 < T ≤ t2 ) = S(t1 ) − S(t2 )

(1)

If we know for sure that the plot was not harvested at time t1 then the probability
that it is harvested during the interval t1 to t2 is conditional on S(t1 )
Pr(t1 < T ≤ t2 | T > t1 ) =

S(t2 )
S(t1 ) − S(t2 )
=1−
S(t1 )
S(t1 )

(2)

Several survivor functions S based on parametric distributions, such as exponential
or Weibull, exist. Another option consists of assuming a semi-parametric proportional
hazards model for time of harvest T (Lawless 2003, Ch. 7). Under this model, the survivor
function can then be expressed as:
S(ti ) = eh(xi ,β)

R ti

t=0

h0 (t,g i ,γ)dt

(3)

where xi and g i are two vectors of explanatory variables associated with plot i, β and
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γ are two vectors of population parameters. Function h(xi , β) is the proportional part of
the model, whereas function h0 (t, g i , γ) is commonly referred to as the baseline.
In the case of discrete time steps, the survivor function shown in Eq. 3 can be reexpressed as follows:
S(ti ) = eh(xi ,β)

Pti

t=0

h0 (t,g i ,γ)

(4)

Using this model specification, the conditional probability shown in Eq. 2 becomes:

Pr(t1 < T ≤ t2 | T > t1 ) = 1 −
=1−

S(t2 )
S(t1 )
eh(xi ,β)

Pt 2

t=0

h0 (t,g i ,γ)

Pt 1

eh(xi ,β) t=0 h0 (t,gi ,γ)
Pt2
= 1 − eh(xi ,β) t=t1 h0 (t,gi ,γ) ≡ πi

(5)

The log-likelihood of the model is then:

L(y | X,G, β, γ) =

n
X

yi ln(πi ) + (1 − yi )ln(1 − πi )

(6)

i=0

where yi is a binary variable that takes the value 1 if the plot was harvested or 0
otherwise; matrices X and G are two design matrices with their rows equal to the xi
and g i , respectively; and n is the number of plots. This log-likelihood function can be
maximized in order to produce maximum likelihood estimates of vectors β and γ.
2.2.2

Model specifications

Forest management for a particular stand is usually based on the determination of a target
species or a set of target species. When these have been identified, they determine the
silviculture of the stand. In order to determine the target species in the plots of the NFI,
we first calculated the value of standing volume for each species in each plot at the initial
measurement. To do this, we used annual nationwide stumpage prices that were publicly
available for the main species. These average prices are provided by the ONF on public
lands for the period 2006-2016. Additional stumpage prices for Douglas fir (Pseudotsuga
menziesii Franco) and poplar (Populus spp.) stands on private lands were retrieved from
the national association of private landowners. These prices in constant euros (e) are
reported in Table 3. We assumed that the species with the highest value per hectare at
the initial measurement was the target species.
We first fitted a preliminary model based on forest metrics and topography variables.
They were all tested in the proportional part of the model. Stands with broadleaved
target species are not managed the same way as those with coniferous target species and,
consequently, we first tested the species type (broadleaved vs. coniferous) of the target
species in the model.
Given previous work on the subject (Antón-Fernández and Astrup 2012, Melo et al.
2017), it could be assumed that plot volume or basal area would have a positive effect on
the occurrence of harvesting. In this study, we chose to use the plot basal area instead
of the plot volume because the first is directly derived from the diameter measurements,
whereas the latter has to be estimated.
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Table 3: Stumpage prices per m3 in constant e from 2006 to 2016. s is
the species index. Adapted from ONF (2018b) and Toppan et al. (2017).
Coppice is a mixture of oak, beech, and hornbeam (Carpinus betulus) that
mainly aims at producing energy wood.
s
1
2
3
4
5
6
7
8
9

Species
Oak
(Quercus spp.)
Beech
(Fagus sylvatica)
Fir
(Abies alba)
Spruce
(Picea abies)
Douglas
(Pseudotsuga menziesii)
Scots pine
(Pinus sylvestris)
Maritime pine
(Pinus pinaster )
Poplar
(Populus spp.)
Coppice

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015

2016

91.1

123.2

121.8

87.3

94.4

98.9

99.4

111.4

128.0

144.4

162.5

37.3

43.3

33.9

30.0

31.6

33.7

31.6

37.9

43.9

40.0

37.3

39.2

44.1

37.8

38.5

45.5

45.7

37.3

43.4

44.8

39.9

38.2

38.7

43.1

36.3

39.5

44.7

48.2

38.5

45.8

47.7

42.6

41.4

48.6

60.3

52.1

49.4

53.9

55.3

49.0

53.4

57.6

52.0

55.7

26.4

30.9

24.2

24.4

26.6

28.3

26.4

31.2

33.7

30.2

25.5

26.5

29.4

25.2

20.0

21.4

27.3

23.2

28.7

38.5

36.9

35.3

37.1

39.4

36.4

29.4

34.8

33.2

29.8

38.9

34.2

33.9

32.4

12.0

11.8

13.5

12.8

14.8

16.0

15.2

16.9

18.4

14.9

14.7

Stem density could also impact the occurrence of harvesting. A given basal area can
be distributed among a larger number of trees, which means that the stand is composed
of smaller trees still far from maturity. It could reasonably be assumed that this variable
would have a negative impact on the occurrence of harvesting and that it would interact
with plot basal area.
Slope inclination can also induce some constraints for forest operations and it has
already been found to affect the occurrence of harvesting (Antón-Fernández and Astrup
2012, Melo et al. 2017). In practice, harvesting on steeper slopes is hindered by difficult working conditions and limited accessibility of harvesters, forwarders and skidders.
Consequently, we assumed that it would have a negative effect.
Regardless of the ownership, it could be assumed that the plots located in forests under
management would have a greater chance of being harvested, as shown by Brunette et al.
(2017). Unfortunately, this information was not available. However, during the initial
measurement, the inventory team recorded the traces of management in the last five
years as a binary variable. We assumed that the plots that were managed during the
last five years were under some sort of management plan and, consequently, they would
have a greater probability of being harvested or thinned in the next five years than those
without traces of management.
Once this preliminary model was fitted, we then tested the four hypotheses listed in
the introduction. As per our first (H1) and second (H2) hypotheses, the average stumpage
prices listed in Table 3 were integrated into the baseline since they were available on an
annual basis.
As per our third hypothesis (H3), the ownership of the land was also thought to be
an important factor. In order to keep the sample as representative as possible, the exact
location of the plots within the 900 m × 900 m area around the node is kept secret in
the French NFI and, consequently, it could not be revealed whether a particular plot was
located on public or private lands. The ONF provides a free GIS layer of public-owned
forests. We intersected this layer with a 2006 layer of forested areas retrieved from Corine
Land Cover (see EEA 2007). For each 900 m × 900 m area, we calculated the ratio
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between the area of privately-owned forests and the total forested area. This ratio, which
could be interpreted as the probability that the plot is located on private land, was tested
in the model.
As per our fourth hypothesis (H4), regions where the forestry sector is well developed
were thought to be more frequently harvested compared to other regions. Unfortunately,
we had no precise information about this level of development of the forestry sector.
However, we tested the regional effect as a class variable in the model, assuming that
those that were known to be more developed, such as Grand-Est and Nouvelle-Aquitaine,
would show greater probabilities of harvest in general.
2.2.3

Model goodness of fit

We relied on the Akaike Information Criteria (AIC) to keep or discard the different effects.
After adding a particular effect, we also checked the goodness of fit by plotting approximate Pearson residuals against the covariate. Pearson residuals are raw residuals divided
by the square root of their variances. In the context of this study, these approximate
Pearson residuals could be obtained as follows:
ˆk
pk − π̄
rPearson,k = q

ˆk (1−π̄
ˆk )
π̄
nk

(7)

where k is the class index of the covariate, pk is the proportion ofP
plots actually
ˆk is the mean of the predicted harvest probabilities, i.e., π̄
ˆk = i∈s nπ̂i where
harvested, π̄
k
k
sk is the subsample of observations that fit in class k of the covariate, and nk is the
number of observations in this subsample. For continuous covariates such as basal area,
for instance, the Pearson residuals can be calculated by classes of 5 m2 ha−1 and then
plotted against the median of each class. It is expected that Pearson residuals will be
close to 0 and not show any pattern. Given that the response variable follows a Bernoulli
distribution, pk follows an approximate binomial distribution. If the subsample size nk is
large enough, those Pearson residuals should also be approximately normally distributed.
We also used the receiver operating characteristic curve to assess how well the model
discriminated events from non-events. The curve is obtained by plotting the true positive
rate against the false positive rate for the full range of cutpoints. The area under the
curve (AUC) provides an index of the discrimination, as shown in Hosmer et al. (2013,
p. 177).

2.3

Applications in Northern France

To exemplify the use of such a harvest model, it was integrated into MATHILDE, a
stochastic IBM. We present two applications of the resulting socio-ecological model in
Northern France. In the first case, short-term regional supply curves were estimated
for the main broadleaved species, namely oak and beech. In the second case, regional
predictions of standing and harvested volumes were carried out for the 2015-2060 period.
For both applications, the data we used in this case study were a subset of the 2015 NFI
campaign. Given that the IBM applied to stands of oak, beech and hornbeam, we selected
two regions where those stands were abundant. More specifically, we selected the plots
that were located in the Centre-Val de Loire (420 plots) and the Grand-Est (778 plots)
regions. The plots were further filtered to make sure they belonged to mixed stands of
oak, beech and hornbeam. To do this, we used the vegetation survey that was performed
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during the inventory. We only kept the plots that met the following two criteria: (i) oak,
beech and hornbeam had a cover of at least 25%; and (ii) the cover of coniferous species
did not exceed 5%. This left 271 and 406 plots for the Centre-Val de Loire and the GrandEst regions, respectively. Given the total forested area in both regions, the area covered
by stands of oak, beech and hornbeam could be estimated at approximately 570 000 ha
in the Centre-Val de Loire region and 945 000 ha in the Grand-Est region. A summary
of the data can be found in Tables SM1 and SM2 in the Supplementary Material.
2.3.1

The socio-ecological model

MATHILDE is an IBM fitted to data of long-term permanent plots. It was designed for
pure or mixed stands of oak, beech and hornbeam in Northern France. MATHILDE is
based on five-year growth intervals. The flowchart for a single growth interval is shown
in Fig. 1. A climate module that was fitted on long-term climatic series first predicts the
mean seasonal temperature over the five-year period at any location in France.
The occurrence of large-scale disturbances such as windstorms and droughts is then
predicted. A mortality module makes it possible to predict the mortality of individual
trees (Manso et al. 2015b). The occurrence of windstorms and droughts as predicted
in the previous module enters into the prediction of mortality probabilities, which are
obviously higher when the disturbances occur. Trees that die during the intervals are
kept in memory so that they can be exported in a file.
The next module predicts the diameter increment of survivor trees (Manso et al.
2015a). The mean seasonal temperature as predicted in the very first module is a predictor
of these increments. The number of recruits and their DBH are then predicted. Finally,
the model is complemented by two other modules that predict tree height and volume,
respectively. In the end, all living trees are kept in memory either to be re-inserted in
the model as many times as needed in order to obtain growth forecasts for longer time
intervals or to be exported in a file.
The model takes a large array of explanatory variables into account that stand for
tree size and competition, including tree species, tree DBH and species-specific basal
areas of trees larger than the subject tree. Some plot factors such as slope inclination also
enter into the prediction of tree heights. The model also benefits from a full stochastic
implementation. Random deviates from multi- and univariate Gaussian distributions
are generated to account for the errors in the parameter estimates of each submodel as
well as random effects at plot, interval and tree levels. Residual errors are generated
from Gaussian distributions in the submodels of diameter increment, height-diameter
relationships, volume and climate. Uniform distributions are used in the mortality and
recruitment submodels. The negative binomial and the Gamma distributions are also
used to predict the number of recruits and their DBH.
The model structure is meant to read a group of plots as if it were a sample from a regular forest inventory. The growth of each plot is predicted individually. The basic model
predictions are produced at the tree level. Plot-level predictions are obtained by aggregating the tree-level predictions. Forecasts at the regional scale are estimated through the
mean of the individual plot predictions. A bootstrap hybrid variance estimator, i.e., an
estimator that relies on both the model and the sampling design of the forest inventory,
is used to estimate the variance of the estimate of the mean (Fortin et al. 2018).
The plot-level harvest model of this study was integrated into MATHILDE as a new
process between the climate and the disturbance modules, as shown in Fig. 1. Whenever a
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Predict harvest occurrence

Figure 1: Flowchart of MATHILDE over a five-year interval. Parallelograms
represent input or output. Rectangles represent processes. The shaded box
represents the integration of the harvest model developed in this study.

particular plot was harvested, a tree-level harvest occurrence model developed by Manso
et al. (2018) was used to predict which tree was harvested.
2.3.2

Simulation framework

For the first application, i.e., the supply curves, we only considered the 2015-2020 period.
The prices beyond 2016 were set to the average observed prices over the 2006-2016 period
(Table 3). A series of simulations were run in which the stumpage prices of oak were
artificially decreased or increased. After each simulation, the average annual harvested
volumes of oak and beech were estimated and the average stumpage price of oak over the
period was calculated. We ran the simulation so that the relative change in stumpage
prices would range from –50% to +50% by steps of 10%.
In the second application, which was the forecast of standing and harvested volumes,
the projections were carried out for the 2015-2060 period under two scenarios: a refer-
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ence harvest scenario where the stochastic stumpage prices would remain comparable to
those observed between 2006-2016 over time, and an alternative scenario where stochastic
stumpage prices would increase by 15% on average between 2015 and 2030. Such an alternative scenario is thought to be realistic: Buongiorno et al. (2011) showed that a 15%
increase in the prices could result from doubling the growth rate of fuelwood demand.
Stochastic prices were generated by resampling observed prices in the reference scenario.
For the alternative scenario, observed prices were resampled again, but a modifier was
added to the price so that the basic trend would show an increase of 15% between 2015
and 2030.
All the simulations were carried out on CAPSIS (Dufour-Kowalski et al. 2012), a
simulation platform in which MATHILDE was already implemented among other IBMs.
The implementation relies on a Java library that provides classes implementing linear
algebra, Monte Carlo simulation and hybrid estimators.

3

Results

3.1

Harvest model

The fit statistics of the successive models are shown in Table 4. In terms of contribution
to the model fit, the two variables that induced the greatest drops in AIC in the preliminary model were the target species type and the interaction between slope inclination
and species type. When our four hypotheses were tested, it turned out that the AIC
improvement induced by the stumpage prices was small. However, when the interaction
between the stumpage prices and the target species was tested in the model, the AIC
improved by more than 500 units. Similar AIC improvements were found when testing
the ownership and the region. With an AUC of 0.743, the final model had a fit that could
be considered acceptable according to Hosmer et al. (2013, p. 177).
Table 4: Model fit after including the different covariates. ∆AIC is calculated as the difference in AIC between the current and the previous model.
AUC: Area under the receiver operating characteristic curve. The × symbol
indicates an interaction. H stands for hypothesis with H1, H2, H3 and H4
being the four hypotheses listed in the introduction.
Model
1
2
3
4
5

H

6
7

H1

8

H2

9
10

H3
H4

Description
Constant hazard (null model)
Model 1 + Species type
Model 2 + Basal area
Model 3 + Stem density × Basal area
Model 4 + Slope inclination × species type
Model 5 + Occurrence of management
activities in the past 5 years
Model 6 + Hazard depending on
stumpage prices
Model 7 + Hazard depending on
stumpage prices and species
Model 8 + Ownership
Model 9 + Region

The final model could be expressed as:

Parameters
1
2
3
4
6

AIC
39 379
38 742
38 385
38 109
36 750

∆AIC
n/a
637
357
276
1359

AUC
0.500
0.569
0.618
0.634
0.684

7

36 339

412

0.700

8

36 331

7

0.700

16

35 764

567

0.715

17
29

35 264
34 686

500
578

0.729
0.743
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Pr(t1 < Ti ≤ t2 | Ti > t1 ) = 1 − eh(xi ,β)
h(xi , β) = −eβ0,c +β1 BAi +β2

Pt2

t=t1

h0 (t,g i ,γ)

BAi Ni
+(β3 +β4,c )slopei +(β5 +β6 managi )Pi +β7,r
1000

(8)

α0 +(α1 +α2,s )prices,t

h0 (t, g i , γ) = e

where BAi is the plot basal area (m2 ha−1 ); Ni is the stem density of plot i (stems
ha ); slopei is the slope inclination (%); managi is a dummy variable that takes the
value 1 if plot i has been managed in the five-year period prior to the initial measurement
or 0 otherwise; Pi is the probability that the plot is located on private lands; prices,t is
the annual stumpage price (e m−3 ) associated with target species s at year t as shown in
Table 3; c is the type of target species (coniferous or broadleaved); r is the administrative
region index as shown in Table 1; β0,c , β1 , β2 , β3 , β4,c , β5 , β6 and β7,r are the parameters of
the proportional part of the model; and α0 , α1 and α2,s are the parameters of the baseline.
Note that the product of BAi by Ni is usually large, which could hinder the estimation
of parameter β2 . This product was divided by 1000 in Eq. 8 to avoid computational issues
related to the estimation of parameters with very small values. The parameter estimates
of the final model can be found in Table 5.
Predicted cumulative harvest probabilities against stumpage prices for the period 20052010 and 2011-2016 are shown in Figs. 2 and 3 for a few emblematic combinations of target
species and regions. We assumed that the plots had not been managed in the 5 years prior
to the initial measurement. All other explanatory variables were kept to their average
values as observed in the dataset (see Table 2).
The increase of stumpage prices had an obvious effect on harvest probabilities for
the plots located in Pays de la Loire with oak as the target species (Fig. 2a) and in
Nouvelle-Aquitaine with maritime pine as the target species (Fig. 3b). For these two
target species, the prices rose during the 2011-2016 period and the predicted harvest
probabilities were therefore greater. For oak and maritime pine, the five-year predicted
cumulative probabilities increased from 0.126 to 0.175 and from 0.268 to 0.391 between
the two periods, respectively. For beech and fir, the prices followed the same trend over
both periods, so that the predicted probabilities exhibited the similar patterns (Fig. 2b
and Fig. 3a).
The impact of a 15% increase in the 2011-2016 stumpage prices is illustrated in Fig. 4
for fictive plots in the Nouvelle-Aquitaine region. Oak, beech, coppice and maritime pine
were the target species with the greatest relative increases in harvest probabilities, which
ranged from 22% to 30%. Even though their 0.95 confidence intervals were wide, the
lower bounds were larger than 15% for all four species. Poplar, fir, spruce and Douglas fir
showed relative increases of around 15%. Scots pine exhibited a relative increase smaller
than 10%, but with a wide confidence interval.
Privately-owned forests with traces of management in the five-year period prior to
the initial measurement showed harvest occurrences that were similar to those of public
forests (Fig. 5). When no sign of management had been observed on private lands, the
occurrence of harvesting significantly decreased.
There were also large discrepancies across the regions. Grand-Est, Hauts-de-France,
Normandie and Bourgogne-Franche-Comté were the four regions with the greatest occurrences of harvesting (Fig. 6). Regions of southern France such as Corse, Occitanie and
Provence-Alpes-Côte d’Azur were those with the lowest harvest occurrences.
Regarding the other effects, increases in slope inclination induced a decrease in the
−1
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Table 5: Parameter estimates of the final model shown in Eq. 8. ref.: reference level, n/a: not applicable.
Parameter
Proportional part
β0,c
β1
β2
β3
β4,c
β5
β6
β7,r

Baseline
α0
α1
α2,s

Level
Broadleaved
Coniferous

Broadleaved
Coniferous

Auvergne-Rhône-Alpes
Bourgogne-Franche-Comté
Bretagne
Centre-Val de Loire
Corse
Grand-Est
Hauts-de-France
Ile-de-France
Normandie
Nouvelle-Aquitaine
Occitanie
Pays de la Loire
Provence-Alpes-Côte d’Azur

Oak
Beech
Fir
Spruce
Douglas fir
Scots pine
Maritime pine
Poplar
Coppice

Estimate

Standard Error

ref.
8.89 × 10−1
2.52 × 10−2
−5.71 × 10−3
−1.95 × 10−2
ref.
4.17 × 10−3
−6.41 × 10−1
5.86 × 10−1
ref.
3.68 × 10−1
−1.78 × 10−1
7.50 × 10−2
−9.56 × 10−1
5.48 × 10−1
5.04 × 10−1
8.56 × 10−2
3.75 × 10−1
2.08 × 10−1
−4.92 × 10−1
5.19 × 10−2
−6.89 × 10−1

n/a
2.91 × 10−1
0.11 × 10−2
0.66 × 10−3
0.10 × 10−2
n/a
1.55 × 10−3
0.33 × 10−1
0.36 × 10−1
n/a
0.46 × 10−1
0.85 × 10−1
6.02 × 10−2
2.13 × 10−1
0.44 × 10−1
0.67 × 10−1
9.12 × 10−2
0.69 × 10−1
0.50 × 10−1
0.65 × 10−1
8.11 × 10−2
0.97 × 10−1

-4.84
1.32 × 10−2
ref.
3.77 × 10−2
1.45 × 10−2
1.19 × 10−2
9.10 × 10−3
6.78 × 10−3
4.07 × 10−2
2.28 × 10−2
8.42 × 10−2

0.16
0.13 × 10−2
n/a
0.30 × 10−2
0.62 × 10−2
0.60 × 10−2
4.95 × 10−3
9.22 × 10−3
0.88 × 10−2
0.44 × 10−2
0.86 × 10−2

harvest occurrence over a five-year period. For an average plot located in the GrandEst region with beech as the target species, the predicted five-year harvest probabilities
decreased from 0.349 to 0.125 as slope inclination increased from 0% to 60% (Fig. SM1
in the Supplementary Material). For a plot with fir as target species, this predicted
probability decreased from 0.366 to 0.166 for the same range of slope inclinations. Greater
basal areas resulted in an increased occurrence of harvesting. However, this effect was
tempered by increasing stem densities (Fig. SM2 in the Supplementary material).

This is the pre-print of an article published in Forestry. The final authenticated version is available online at:
https://doi.org/10.1093/forestry/cpz016

b) Beech - Grand-Est

Average price (€ m-3)

a) Oak - Pays de la Loire

Figure 2: Predicted cumulative harvest probabilities and stumpage price
evolution for the 2005-2010 and 2011-2016 periods in two fictive plots with
broadleaved target species: (a) oak in Pays de la Loire and (b) beech in
Grand-Est. The plots were assumed to be located in privately-owned forests
and not to have undergone management activities during the five-year period
prior to the initial measurement. Other explanatory variables were set to
their averages as observed in the dataset (see Table 2). Shaded areas delineate
the 95% confidence envelopes.
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b) Maritime pine - Nouvelle-Aquitaine

Average price (€ m-3)

a) Fir - Auvergne-Rhône-Alpes

Figure 3: Predicted cumulative harvest probabilities and stumpage price evolution for the 2005-2010 and 2011-2016 periods in two fictive plots with coniferous target species: (a) fir in Auvergne-Rhône-Alpes and (b) maritime pine
in Nouvelle-Aquitaine. The plots were assumed to be located in privatelyowned forests and not to have undergone management activities during the
five-year period prior to the initial measurement. Other explanatory variables were set to their averages as observed in the dataset (see Table 2).
Shaded areas delineate the 95% confidence envelopes.
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Figure 4: Impact of a 15% increase in stumpage prices on predicted five-year
harvest probabilities for the different target species in the Nouvelle-Aquitaine
region. The 2011-2016 period was taken as a reference for the predictions.
The plots were assumed to be located in privately-owned forests and not
to have undergone management activities during the five-year period prior
to the initial measurement. Other explanatory variables were set to their
averages as observed in the dataset (see Table 2). The whiskers delineate the
95% confidence envelopes.
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Figure 5: Effect of land ownership and the occurrence of management activities during the five-year period prior to the initial measurement on the
predicted five-year harvest probabilities over the 2011-2016 period for an average plot with beech as the target species. The plot was assumed to be
located in the Grand-Est region. Basal area, stem density and slope inclination were set to 24 m2 ha−1 , 691 stems ha−1 and 14%, respectively. The
whiskers delineate the 95% confidence intervals.
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Figure 6: Regional effect on the predicted five-year harvest probabilities over
the 2011-2016 period for an average plot with beech as the target species. The
plot was assumed to be located in privately-owned forests and not to have
undergone management activities during the five-year period prior to the
initial measurement. Basal area, stem density and slope inclination were set
to 24 m2 ha−1 , 691 stems ha−1 and 14%, respectively. The whiskers delineate
the 95% confidence intervals.

3.2

Applications in Northern France

Increases in the stumpage prices of oak resulted in an increase of harvest occurrence
for this species in both the Centre-Val de Loire and the Grand-Est regions (Fig. 7). The
harvested volumes in oak for the average observed stumpage price were around 1.5 m3 ha−1 .
Increasing these prices by 50% yielded harvested volumes in oak that were greater than
3.0 and 2.5 m3 ha−1 in the Centre-Val de Loire and the Grand-Est region, respectively.
Interestingly, the harvested volume in beech slightly increased in the Grand-Est region as
well, indicating that the harvest of other species may also be affected in mixed stands.
The results of standing and harvest volume forecasts are shown in Fig. 8. The two
regions exhibited different patterns. Under stable stumpage prices, the mean standing
volume per hectare in stands of oak, beech and hornbeam in the Centre-Val de Loire
region was expected to increase from 215 to 263 m3 ha−1 (Fig. 8a). For this same region,
the lower limit of the 0.95 confidence interval of the 2060 prediction was 215 m3 ha−1 ,
which suggested that it would be very unlikely that the volume decrease even though
growth conditions turned out to be harsher than usual and windstorms and droughts
occurred more frequently than expected.
A 15% increase in stumpage prices between 2015 and 2030 resulted in a smaller increase
of the standing volume. With a value of 250 m3 ha−1 , the 2060 mean predicted standing
volume in the scenario with 15% increased stumpage prices was 13 m3 ha−1 smaller than
in the scenario with stable prices (Fig. 8a).
In contrast, the mean predicted standing volume per hectare in the Grand-Est region

Harvested volume (m3ha-1yr-1)
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a) Centre-Val de Loire

b) Grand-Est

Average stumpage price (€ m-3)

Figure 7: Predicted annual harvested volumes for oak (solid) and beech
(dashed) as a function of average stumpage prices of oak for the 2015-2020
period. Beech harvested volumes in the Centre-Val de Loire region are negligible. The vertical dotted line represents the average price observed over the
2005-2016 period. The simulations rely on 1000 Monte Carlo realizations.
Shaded areas delineate the 95% confidence envelopes.

showed a decrease after 2040, dropping from 218 to 191 m3 ha−1 (Fig. 8b). The upper
bound of the 0.95 confidence interval of the 2060 prediction was 226 m3 ha−1 , indicating
that the probability that the volume increase over this time interval was small. Given
that the lower limit of the 0.95 interval was 157 m3 ha−1 , a greater drop in the mean
standing volume should be expected if growth conditions were poorer than usual and
extreme climatic events occurred more often than usual.
An increase in the prices accentuated the decrease. The 2060 mean predicted standing
volume was 174 m3 ha−1 (Fig. 8b). This estimate was 17 m3 ha−1 smaller than in the
scenario with stable stumpage prices.
The mean annual harvested volume was estimated at 2.1 m3 ha−1 yr−1 for the first
period in the Centre-Val de Loire region (Fig. 8c). It was expected to decrease during the
2020-2025 period and then to steadily increase up to 3.1 m3 ha−1 yr−1 until the 2055-2060
period. From 2030 to 2045, the harvested volumes were 15 to 20% larger in the scenario
with the 15% increase of stumpage prices. This relative increase in annual harvested
volumes was gradually reduced to 10% from 2045 to 2060.
Mean predicted annual harvested volumes under stable stumpage prices were expected
to increase in the Grand-Est region, from 2.9 m3 ha−1 yr−1 to 3.7 m3 ha−1 yr−1 between 2015
and 2060 (Fig. 8d). From 2025 to 2045, annual harvested volumes under the scenario with
15% increased stumpage prices were approximately 10-15% larger than those in the stableprice scenario. From 2045 to 2060, the relative increase in annual harvested volume was
reduced to 4%.
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Figure 8: Predicted standing and harvested volumes from 2015 to 2060
for mixed stands of oak, beech and hornbeam in the Centre-Val de Loire
and Grand-Est regions under stable and 15% increased stumpage prices.
The simulations are based on the integration of the harvest model into the
individual-based MATHILDE model. They rely on 1000 Monte Carlo realizations and assume a 20-year recurrence of windstorms and droughts. The
15% increase in stumpage prices is assumed to be gradual over the 2016-2030
period. Shaded areas delineate the 95% confidence envelopes.

4
4.1

Discussion
Effect of stumpage prices

In this study, we managed to link annual stumpage prices to the plot-level harvest occurrence. While the simple effect of this variable only induced a moderate decrease in the
AIC, its interaction with the target species proved to be a great improvement to the model
fit. Our results show the sensitivity of forest managers to the market, regardless of the
land tenure. The higher the stumpage prices are, the greater the probability that forest
managers make the decision to harvest. Likewise, when facing drops in market prices, forest managers prefer to postpone management activities and wait for better prices. Gong
and Löfgren (2007) refer to this kind of behavior as the adaptive harvest strategy.
The idea of statistically modeling the harvesting behaviour over large areas is not new
and many examples can be found in the literature (e.g. Sterba et al. 2000, Thurnher et al.
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2011, Antón-Fernández and Astrup 2012, Melo et al. 2017). As we already mentioned in
the introduction of this paper, a major limitation of these harvest models is that they
usually do not account for changes in economic conditions or legislation (Antón-Fernández
and Astrup 2012). Although our harvest model does not account for changes in legislation,
it clearly opens the way for testing different economic scenarios that could affect stumpage
prices, such as those shown in Fig. 8.
The harvesting behavior of private forest owners has been widely addressed in forest economics. Models of wood supply or plot-level harvest occurrence as a function of
stumpage prices have been developed in the context of private forest lands in Norway
(Bolkesjø and Baardsen 2002), Finland (Kuuluvainen et al. 1996, Favada et al. 2009),
Spain (Rodríguez-Vicente and Marey-Pérez 2010), the United States (Zhang et al. 2015)
and France (Petucco et al. 2015). Although the response variables and the way stumpage
prices were taken into account were different across the models, all those studies converge
to a positive effect of stumpage prices on harvesting. In their evidence-based review on
this topic, Silver et al. (2015) also highlighted this high positive influence of stumpage
prices on harvest decisions made by private landowners.
Our results corroborate this trend, not only in privately-owned forests, but in public
forests in France as well. Although the proportion of timber volume sold through auctions
has decreased over the last decade, it remains the traditional way of selling wood on public
lands in France. The financial balance of the ONF has been heavily criticized over the
last decade (Cour des Comptes 2009). Budget balance is now a major objective in the
strategy of the company (ONF 2016) and the aforementioned adaptive harvest strategy
is a key element for increasing incomes.
Our results show that the stumpage price effect is dependent on the target species,
which corroborates our second hypothesis. This was expected since a e10 increase of the
stumpage price in a coppice stand is a much greater relative increase than a e10 increase
in an oak stand. For this reason, we also made a relative comparison, as shown in Fig. 4.
Again, for the same relative increase in stumpage prices, the relative increase in harvest
probabilities is different across the species. Some species are actually more responsive to
stumpage price variations than others. If we assume that harvested volumes are directly
proportional
to harvest probabilities, the price elasticity of the supply can be estimated as
π̂i∗ −π̂i
∗
,
where
π̂
i and π̂i are the predicted harvest probabilities under the 15% increased and
.15π̂i
the current prices, respectively. It can be deduced that oak, beech, coppice and maritime
pine all have a price elasticity greater than 1, while poplar, fir, spruce and Douglas fir
have a price elasticity around 1. Finally, Scots pine would probably have a price elasticity
of less than 1.
This species-dependent effect of stumpage prices is something new. To the best of our
knowledge, Kittredge and Thompson (2016) are the only ones who concluded that the
effect of stumpage prices could differ across species. In most previous studies, stumpage
prices were considered as average all-species stumpage prices. At best, stumpage prices
were specified as being dependent on log grades such as pulpwood or saw timber (Zhang
et al. 2015). These all-species stumpage prices can hide some species-specific changes, the
increase for one species being compensated for by the decrease of another species. This
is precisely what happened in France in 2016: the increase in stumpage prices of oak was
compensated for by the decrease of other species (ONF 2018a).
In this study, a factor that helped identify this species-dependent sensibility was the
great variability in the stumpage prices between the different species, and especially between broadleaved species. For example, stumpage prices of oak are approximately three
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times those of beech and nine times those in coppice stands (Table 3). The fact that previous studies overlooked this dependence upon the species could be partly due to stumpage
prices that were not so different across the species, especially in the context of coniferous
species.
This species-dependent effect of stumpage prices allows for the simulation of more
complex economic scenarios than what is shown in Fig. 8. Scenarios where the stumpage
prices evolve differently across the species seem to be more realistic. Likewise, these
simulations could be useful to provide species-specific supply curves against stumpage
prices such as those shown in Fig. 7.
Different specifications of stumpage prices were used in previous studies. For example,
Zhang et al. (2015) used the timber value, which was calculated as the product of stand
volume by stumpage price. We tested this alternative in preliminary trials but were
unsuccessful. The timber value actually exacerbates the final development stage of the
stands when stand volume is at its peak. It is appropriate when predicting the final
cut, as in Zhang et al. (2015). However, in France, forest stands are usually intensively
managed with thinnings carried out every five to 10 years (Jarret 2004, Bock et al. 2005,
Sardin 2012). In this context, the occurrence of harvest is not more likely in the final
development stage than during intermediate development stages.
In some studies, the stumpage price specification was not limited to the current year
but also included prices or price differences from previous or future years (e.g. Kuuluvainen
et al. 1996, Zhang et al. 2015). We also tried to include the stumpage prices of the previous
year and the difference between stumpage prices from current and previous years. The
fact that our data were censored could partly explain why neither of them was found to
be significant.

4.2

Effects of ownership and region

Ownership was also found to be a significant explanatory variable in our model. Actually,
plots in public forests were more prone to be harvested than on private lands, which
corroborates our third hypothesis. However, our results show that those plots on private
lands that were subject to forest management during the five years prior to the current
date are more likely to be harvested in the next five years. In other words, the occurrence
of harvesting is not purely random in space and more likely to obey a management plan.
Actually, the plots on private lands that were managed exhibited harvest occurrences that
were very similar to those observed on public lands (Fig. 5).
There was a significant regional effect in the occurrence of harvesting (Fig. 6). We
expected that Nouvelle-Aquitaine and Grand-Est would be the regions with the highest
harvest occurrences, all other things considered. It turns out that this was true for GrandEst but not for Nouvelle-Aquitaine, which ranked fifth after Bourgogne-Franche-Comté,
Hauts-de-France, Normandie and Grand-Est. In light of this result, we cannot entirely
corroborate our fourth hypothesis.
The Grand-Est region is known to produce a great quantity of timber for its forested
areas (IGN 2012) and its forest sector is well developed (INSEE 2015). It could be argued
that the forest sector in Nouvelle-Aquitaine is also well developed. However, there is
a fundamental difference between the two regions. The forest sector of Grand-Est is
designed to process oak, beech and other broadleaved trees, which grow in nearby regions
such as Hauts-de-France, Normandie and Bourgogne-Franche-Comté. In comparison, the
forest sector in Nouvelle-Aquitaine is largely driven by maritime pine, which mainly grows
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in this region alone. We hypothesize that the forest sector of Grand-Est could drain some
timber from adjacent regions, so that the occurrence of harvesting would be increased.
This remains to be investigated.
Another fundamental difference between the two regions is that Nouvelle-Aquitaine
was affected by the 2009 windstorm Klaus (Colin et al. 2010). A drop in stumpage prices
of maritime pine was clearly observed for the years 2009 and 2010 (Table 3). In addition
to this drop in prices, the windstorm may have impacted the way the forest is managed
in this region. During preliminary trials, we tried to integrate the windstorm event into
our harvest model, but nearly all of our intervals contained the year 2009, making it
impossible to distinguish the before from the after Klaus. At the moment, the regional
effect of Nouvelle-Aquitaine in our model cannot be disentangled from the response to
the recent windstorm in this region.

4.3

Effects of other variables

One of the most important effects in our harvest model was the slope inclination for
obvious practical reasons: the greater the inclination is, the more difficult forest operations
are. This result is in accordance with those of previous studies that took place in Norway,
the USA and Canada (Antón-Fernández and Astrup 2012, Zhang et al. 2015, Melo et al.
2017). In addition to the slope inclination effect, we managed to find an interaction with
the target species. Slope inclination was found to be slightly less limiting for plots with
coniferous target species than for plots with broadleaved target species (Fig. SM1). This
result was expected. In France, coniferous species are abundant in mountain areas such
as the Alps, the Pyrenees, the Vosges mountains and the Massif Central. Steep slopes are
common in these areas and part of the day-to-day forestry.
Plot basal area was also among the other variables that affected the occurrence of
harvesting. From a silvicultural point of view, forest managers want to control stand
density in order to avoid high competition levels that would result in greater mortality
rates. Consequently, the greater the basal area is, the greater the occurrence of harvesting
(Fig. SM2). This result is in accordance with the studies of Thompson et al. (2017) and
Melo et al. (2017). Similar effects on harvest occurrence were also found with volume
(Zhang et al. 2015) and aboveground biomass (Canham et al. 2013).

4.4

Regional supply curve and volume forecasts

The integration of our harvest model into the individual-based MATHILDE model made it
possible to simulate a supply curve for oak as well as the evolution of stands of oak, beech
and hornbeam in two regions of France. Increases in stumpage prices clearly increase
harvested volumes and, consequently, the supply. There are two factors that contribute
to these increased harvested volumes. The price is definitely the main factor: the greater
it is, the more likely it is that forest owners will make the decision to harvest. The other
factor is the change of target species. As the stumpage prices of a particular species
increase, this species is more likely to become the most valuable in a particular plot and
to then be selected as the target species. Since the price elasticity is species-dependent,
this may either favor or reduce the harvesting. As shown in Fig. 4, oak counts among the
species with the greatest price elasticity and, consequently, shifts of target species could
have contributed to increasing the probabilities of harvesting.
The projection of the standing volumes over the 2015-2060 period in the two regions
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shows that increasing stumpage prices will inevitably result in smaller standing volume
in 2060 (Fig. 8a,b) than those predicted under stable stumpage prices. Even though
stumpage prices remained stable, the Grand-Est region showed decreasing standing volumes after 2040. This trend is in line with what was found by Pichancourt et al. (2018)
for the former Lorraine region, which is now encompassed in the Grand-Est region. Unless some restrictions are imposed, the increase of stumpage prices will exacerbate this
decrease of standing volume in the Grand-Est region.
It must be stressed that these simulations rely on the assumption that the demand will
support the increasing stumpage prices. At the moment, this assumption is not unrealistic
since the current European energy policy aims at replacing fossil fuel by renewable energy
in order to reduce greenhouse gas emissions by 80-95% by 2050 (European Commission
2012). Biomass is one of the main sources of renewable energy for electricity and heating and the demand is expected to increase over the next decades (Scarlat et al. 2015).
Nevertheless, the increase in stumpage prices will probably be less smooth than what we
assumed in our simulations. If the supply exceeds the demand in the short term, a temporary drop in the prices should be anticipated. Regional and local manufacturing costs
as well as the occurrence of large-scale disturbances are also known to affect stumpage
prices (Klepacka et al. 2017).

4.5

Perspectives and limitations

A factor that contributed to more effectively predicting the effect of stumpage prices
on harvest occurrence is related to the modeling approach. In the study of Melo et al.
(2017) and in this study, the modeling approach was based on a proportional hazards
model (McCullagh and Nelder 1989, p. 421). This approach allows for time-varying
explanatory variables. If legislation-related variables do not vary on an annual basis,
economic variables, such as stumpage prices, do. The proportional hazards model makes
it possible to account for those variables with values that can change annually.
The logistic regression (Hosmer et al. 2013) and the Tobit model (Tobin 1958) have
been used in most studies on harvest modeling (e.g. Kuuluvainen et al. 1996, Bolkesjø and
Baardsen 2002, Antón-Fernández and Astrup 2012, Petucco et al. 2015). Neither allows
for time-varying explanatory variables. Accounting for annual variation in stumpage
prices is then impossible unless the time interval is annual, which was precisely the case
in the studies of Kuuluvainen et al. (1996), Bolkesjø and Baardsen (2002), and Favada
et al. (2009). However, in many cases, the data are censored over multiple-year intervals.
Consequently, the only way to account for stumpage prices in this context is through an
average price over the time interval, as has been done by many authors (Rodríguez-Vicente
and Marey-Pérez 2010, Petucco et al. 2015, Zhang et al. 2015). Unfortunately, these
average prices can hide peaks or sudden drops during the time interval. The proportional
hazards model like the one we used in this study is definitely better adapted to the
economic variables when dealing with censored data.
Most studies on harvest modeling have been carried out on small private lands. Moreover, large-area growth forecasts require plot-level predictions of harvesting. Given that
the explanatory variables were not measured at the same scale, using one model in the
other context would probably yield biased predictions, as shown in Sambakhe et al. (2014).
However, plots that are close to each other in space are likely to have their harvest occurrences correlated, and estimating these spatial correlations could bridge the gap between
the property and the plot levels.
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In Quebec, Canada, Melo et al. (2017) found a cruise line random effect, the plots
on the same cruise line generally having similar responses. According to the inventory
protocol in this jurisdiction, each cruise line has two plots that are located at a distance of
approximately 425 m from each other (MFWP 2014, p. 7). In our study, we assessed these
spatial correlations and only found correlations smaller than 0.10. The main reason for
this difference between our study and that of Melo et al. (2017) is related to the inventory
protocol and differences in forestry practices. First, the closest plots in our study were
located 1 km apart, which is more than twice the shortest distance observed in Melo et al.
(2017). In terms of forestry practices, 80% of commercial forests in Quebec, Canada, are
publicly owned (Salmon 2016, p. 50) and cut-over areas are much bigger on these public
lands than they are in France where 74% of the forest is privately-owned, usually on small
properties (IGN 2014). In our study, plots should have been much closer to each other in
order to properly estimate these spatial correlations. This remains to be investigated.
Although the effect of annual stumpage prices was found to be significant, our 11year-long time series is relatively short. There is no certainty that a constant increase in
the prices would yield the same increase in harvest occurrence year after year. Actually,
our results on stumpage prices reflect an aversion to risk: foresters harvest more when the
price is good because they fear that the price will go down again. However, as stumpage
prices increase, some forest landowners may become wealthier and more risk-tolerant
(Uusivuori 2002). This could result in a decrease of the supply in the long run since the
decision of harvesting would be postponed in some cases.
Our harvest model actually represents the supply part of the supply and demand
relationship. The greater the prices are, the greater the supply is because forest managers make the decision to harvest more often. However, there is no feedback from the
demand part. A great improvement would be the integration of the demand into the socioecological model. If the demand could somehow be anticipated for the upcoming decades,
our model could then serve to find the equilibrium price, i.e., the price that would ensure
a supply that meets the demand. Global models such as GFPM (Buongiorno 2015) and
G4M (Kindermann et al. 2008, Gusti 2010) precisely aim at estimating this equilibrium
price at the national and international levels. However, their forest growth modules are
not individual-based. The coupling between those global models and our socio-ecological
model could provide further insight into the relationship between the supply and the
demand at the regional level.
Another limit of our study is the lack of consideration for the effect of extreme events
on stumpage prices. While the growth forecasts of MATHILDE take windstorms and
droughts into account, they do not account for salvage cuttings. It is obvious that these
salvage cuttings provide part of the whole supply. After the 1999 windstorms, large volumes of salvage timber were released, slumping the market and depressing beech stumpage
prices (ONF 2018b). In our simulations, the harvesting is completely independent from
these windstorm and drought events. Once again, if the demand feedback could somehow
be integrated into the system, the additional supply due to salvage cuttings would cause a
decrease in stumpage prices and the regular harvesting would then decrease in turn. This
would definitely be more realistic. Because regular harvesting adds to salvage cuttings in
our model, growth forecasts of standing volumes such as those shown in Fig. 8 tend to be
underestimated.
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Conclusions

In France, stumpage prices similarly affect the harvesting decision on both private and
public lands. Foresters show a behavior that is referred to as the adaptive harvest strategy:
increases in stumpage prices induce an increase in the occurrence of harvesting. When
not considering the possibility of interaction with the species, this effect only brings a
moderate improvement to the model fit. We were able to corroborate our first hypothesis
only because our sample size was large.
Actually, our results suggest that the stumpage price effect is species-dependent: the
same increase in the price did not induce the same incentive to harvest. This corroborates
our second hypothesis. Given the great improvement to the model fit, we strongly suggest
testing this interaction in future harvest models.
Regarding our third hypothesis, it could not be entirely corroborated. Actually, private lands under management were nearly as intensively managed as public lands, while
private lands without management plans were far less subject to harvesting. In other
words, private landowners who manage their forests do it like it is done on public lands.
The lowest harvest occurrence on private lands seems to be related to the absence of a
management plan on a large proportion of those private lands and not as much to less
intensive management in general.
Finally, a regional effect on the occurrence of harvesting exists. While we expected this
effect to represent social differences, it may actually include some economic considerations
as well. The fact that the Aquitaine region ranked only fifth given the development of its
forest sector suggests that we overlooked some economic considerations such as imports
of timber from nearby regions. We cannot entirely corroborate our fourth hypothesis and
this needs to be investigated in greater depth.
The integration of such a harvest model into an individual-based model opens the way
for regional projections of standing volume and timber supply under different stumpage
price scenarios. Increases in stumpage prices induce an increase in the supply, which is
detrimental to standing volume. In the Grand-Est region, an increase in stumpage prices
exacerbated the decrease in standing volume that was predicted under stable prices.
These projections rely on the strong assumption that the demand will maintain stumpage
prices and that risk aversion will remain the same. In fact, an increase in the price can
lead to more supply than needed and, eventually, the price will decrease or even slump.
Moreover, risk aversion can change over time.
The integration of the feedback between the supply and the demand would be a major
improvement to socio-ecological models in forestry. In addition to the regular market
fluctuations, it would also make it possible to account for salvage cutting after large-scale
disturbances such as windstorms, fires or pest outbreaks. This remains to be developed.
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