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Introduction
To understand and predict the responses of forest ecosystems in the
changing climate, biotic damage must also be considered. Gremmeniella
abietina is the most common fungal disease in pine forests in Finland.
It has large spatial and temporal variation in Finland (figs 1, 2). The
proportion of diseased stands has, however, decreased from 4,7% to 1,8%
of forest land area between the 8th (1986–1994) and 10th (2004–2008)
National Forest Inventories.
In this study, we examined especially:
1) which weather factors are related to temporal changes in the outbreak
of the disease?
2) which stand and environmental factors are related to the susceptibility
of pine stands?

Table 1. Weather variables with the greatest importance in Random Forest analysis,
best correlation and best spatial synchrony with new G.abietina infections (L1 plots).
Variable

Relative importance
in RF

Spearman
correlation

Temp. sum 2 years before *
34.69
-.288***
Winter minimum temp
33.28
.283***
Conducive days
31.42
.205**
Temp sum previous year *
28.88
-.376***
Rain, May-Sept
24.42
0.071***
Radiation, two years before
24.33
0.173**
Radiation, porev. year
24.10
0.087***
Rain, May-Sept prev year
21.99
0.83***
Rain,previous winter
17.94
0.129***
*) partial correlations, controlling for y-coordinate and elevation a.s.l.

% common peaks
(spatial synchrony)
10.8
16.4
14.8
12.6
15.9
19.5
12.0
17.5
17.6

Fig. 3. An example of a RF-tree. Proportion of
newly infected plots is highest (0.49), if:

-Winter temperature >=-22.12
-Radiation summertime previous year
< 1.817e+04
-Radiation summertime two years ago
>=1.757e+04
-Temperature sum previous year < 927.8

Vulnerability of pine stands
Fig 1. The temporal variation of G.abietina
in Level I plots.Plotwise means of all and
new infections are shown).

Fig.2 G.abietina in all level
I plots 1986–2008 (dots) and
in NFI 8 plots (1986–1994) (raster).

Material and methods
We used ICP Forests Level I data to study the temporal variation of the
disease. National Forest Inventory (8th and 9th NFI) data was also used to
study the vulnerability of pine stands. Digital maps and modelled climatic
data were also exploited. Data mining techniques (package Rattle in R) and
analysis of spatial synchrony (package Synchrony) were used in addition to
more conventional methods in the analysis.

The disease is more
common in denser stands,
which are situated rather
low/lower than the
surrounding area and in
richer site types (table 2).
On the richest site A, the
risk was 2,5 fold, as
compared to type C (fig.4).

Temporal variation

The following weather factors are favorable for new infections: lower
temperature sum one and two year before, high number of conducive days
(mean temperature during October-March is between -6 – +5 °C), high
amount of precipitation May-September one year before, amount of rain
during winter, higher wintertime minimum temperature, and surprisingly,
higher amounts of radiation one and two years before (Table 1 ).

Variable

Importance in
Random Forest

Elevation difference within 50m
Elevation difference within 100m
Basal area
Topographical wetness index
Elevation, a.s.l
Proportion of pine
Stand age
Site type (1=richest,7=poorest)
Elevation difference within 400m

42.55
39.61
24.88
31.82
25.76
30.61
18.94
20.28
17.96

Spearman
correlation
-.12***
-.009*
.159***
.045***
-.039***
.005
.122***
-.019***
-.0563***

Fig. 4. The fitted annual risks of G. abietina
damage (33% of trees) on different forest site
types A–E (A–C—mineral soils: A=herb rich
heat forests and more fertile types; B=mesic
heath forest; C=sub-xeric heath forests and
poore rtypes; D=spruce mires; E=pine mires.
Data: 8th and 9th NFI.

Results
The spatial synchrony in the occurrence of the disease was very low, only
3,5% in all the L1 plots. The modelled weather factors could only partly
explain the emergence of new infections in the level I data. The number of
common peaks (spatial synchrony) with new infections was not significant
with any of the weather variables. Random Forest approach produced a
model, which could classify 29% of the plot/year combinations correctly as
“diseased”. The “pseudo-R2” of different models varied from 7 to 17%.

Table 2. The variables that affect the
occurrence of G.abietina in NFI8 ja NFI9 plots

Discussion
The temporal patterns in the occurrence of G.abietina are revealed in the
annual ICP Forests data. NFI’s can produce at least crude spatial
distribution. The relative importance of weather variables, as well as stand/
environmental factors can be determined using forest health monitoring
data. However, exact predictive models are very difficult to obtain. Partly
this can be due to observation bias. Also, the spatial structure of our data
(correlograms) may not scorrespond to those in the environmental data, or
there are spatial processes that have not been measured.
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