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ARTICLE INFO ABSTRACT

Data uncertainty due to spatial gaps and heterogeneity is a fundamental problem in conservation and en-
vironmental planning. Thus, investigation of issues related to data uncertainty contributes to more efficient
conservation plans. We evaluated the uncertainty of data related to forest diversity descriptors using a diffusion-
based cartogram approach that visually displays how data information change in function with respect to degree
of uncertainty. We used ground vegetation data for 3093 plots collected as part of the BioSoil project through the
ICP Forests Level I network and stored in the LI-BioDiv database. For each plot, we assigned an uncertainty value
based on the survey season and the mean monthly temperature for the survey period. The density-equalizing
map or cartogram highlights that data collected in Spain, the United Kingdom and the German federal states of
Berlin and Brandenburg have smaller values of species richness corresponding to larger values of uncertainty.
We found that an awareness of the negative relationship between the survey period and species richness can lead
to improved data handling and analysis. We demonstrated that cartograms are efficient tools for evaluating and
managing uncertainty and can strengthen the results of data analysis by providing alternative perspectives and
interpretations of spatial phenomena.
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1. Introduction Maps are a central element for describing phenomena and for un-

derstanding patterns beyond the data. In particular, the spatial aspects

Rigorous vegetation science and efficient environmental and forest
planning require careful assessment and management of data un-
certainty from sources (Mason et al., 2015; Meyer et al., 2016) that
include systematic observer error (Hall and Okali, 1978), purposive or
subjective rather than random sampling (Leps and Hadincova, 1992),
temporal change in plant communities (Kopecky and Macek, 2015),
and the dynamic nature of species distributions (Rocchini et al., 2011).
The adverse effects of data uncertainty are often underrated (Walther
and Moore, 2005) but extend to predictive models, estimates of key
biodiversity indicators (Mason et al., 2015) and the reliability of con-
servation strategy outcomes (Hortal et al., 2008; Meyer et al., 2016).
Hence, understanding data uncertainty is necessary to avoid biased
ecological inferences (Meyer et al., 2016).

* Corresponding author.

of data uncertainty could be represented by a” map of ignorance” that
depicts uncertainty in a spatially explicit manner (Rocchini et al.,
2011). For this purpose, density-equalizing maps or cartograms are
increasingly used to represent aspects of spatial variation for multiple
variables simultaneously (Hennig, 2014). Cartograms are maps that
vary the size and the shape of geographic regions proportionally with
respect to a selected variable (Gastner and Newman, 2004; Tobler,
2004). Specifically, Gastner and Newman (2004) proposed a diffusion-
based method for producing density-equalizing maps by first defining a
starting map density p(r) (where r represents geographic position) as
the basis for constucting the cartogram. Traditionally, cartograms have
been used to represent economic and political data but more recently
have also been used to display statistical information for purposes of
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identifying the potential spread of disease (Kronenfeld and Wong,
2017) and quantifying the effects of non-random sampling on species
occurrence estimates (Rocchini et al., 2017). Conventional maps use
two features, color and geometry, to describe attributes, a practice that
may be less well-suited for heterogeneous information and big-data. A
cartogram uses three types of information: geographic information
(distorted), statistical information (depending on area size) and addi-
tional related information (defined by color). Specifically, a cartogram
depicts the values of the attribute of interest by changing area sizes and
shapes to reflect different levels of importance.

Knowing the spatial distribution of a plant species contributes to
understanding the spatio-temporal ecological processes and ecosystem
functions that provide benefit for other species, physical phenomena
and human well-being (Meyer et al., 2016). Describing and assessing
how vegetation biodiversity patterns change in response to anthro-
pogenic pressures is a great challenge whose solution is limited by the
lack of biodiversity information (Mihoub et al., 2017). Existing sources
of biodiversity information include the Global Biodiversity Information
Facility (GBIF; http://www.gbif.org/) that provides world-scale biolo-
gical data and the European Vegetation Archive (EVA; http://euroveg.
org/), a centralized database of European vegetation plot data. Al-
though these are important sources of data, they are limited by the
different survey designs, operators and sampling protocols used to ac-
quire the data. For Europe, data collected between 2005 and 2008 by
the BioSoil-Biodiversity project as part of the International Cooperative
Programme on Assessment and Monitoring of Air pollution effects on
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Forests (ICP Forests) represent a unique example of a pan-European
forest and biodiversity database obtained using statistically rigourous
systematic surveys (16 X 16 km grid: Level I network). Specifically,
ground vegetation (GVG) data for 3093 plots distributed across the
forests of 19 European countries are available through the LI-BioDiv
database (Canullo, 2016).

Despite the above rigorous sampling design, the GVG data are still
subject to uncertainty due to the different years and seasons in which
the surveys were conducted, to different operators, and to different
country or organization protocols. The main GVG concern regarding the
LI-BioDiv data relates to differences in the years and months in which
the data were collected. Plant species identification is related to mor-
phometric characters such as leaves and flower structure. (Cope et al.,
2012). Vegetation development is further affected by a complex inter-
action between abiotic and biotic factors throughout the year (Larcher,
2003; Rocchini et al., 2017). The optimal condition for plant growth
occurs when metabolic and hormonal factors including radiation,
temperature, and chemical condition are in a synergistic relationship
(Larcher, 2003). A specific thermal range is a prerequisite for the life
cycle with the rate of plant germination increasing as temperature in-
creases after reaching the minimum threshold temperature (Hatfield
and Prueger, 2015; Larcher, 2003). Temperature is a crucial factor that
drives morphometric plant character, and multiple studies have sug-
gested a significant relationship between mean monthly air tempera-
ture and flowering (Fitter and Fitter, 2002; Hatfield and Prueger, 2015).
Therefore, the ICP Forests Manual for Ground Vegetation assessment
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Fig. 1. Ground vegetation plots (3093) and number of plots by country included in the LI-BioDiv dataset (after BioSoil-Biodiversity project).
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Fig. 2. Flowchart of steps to accomplish uncertainty cartograms. Step 1: Tree diagram explaining the uncertainty classification based i) on mean monthly tem-
perature (increasing value of uncertainty moving from a theoretical optimum) and ii) on month of survey, with 0 uncertainty of plots surveyed between 1 April and
30 September (spring and summer). Step 2: Based on step 1, each plot was classified into different uncertainty values. To implement the cartogram, uncertainty
values must be linked to a polygonal object, which in this study was represented by a grid cell with a resolution of 25-km x 25-km. Step 3: Each cell of the grid was
associated with the uncertainty value of the plot with the greatest uncertainty record. Step 4: Starting from the 25-km x 25-km grid, the cartogram was produced

through the open source software ScapeToad (https://scapetoad.choros.ch/).
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Fig. 3. Number of plot per month and year surveyed by each country for Ground vegetation assessment across the ICP Forests Level I network.
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Fig. 4. Plots uncertainty percentage frequencies by country of GVG data in-

cluded in the ICP Forests Level I network.

recommends that surveys be conducted when plants have the maximum
biomass and when the maximum number of species can be correctly
and readily identified (Canullo et al., 2013), although specific periods
for specific bioregions are not prescribed (WGFB, 2011).

Explicitly describing and quantifying the uncertainty inherent in
data recorded under different environmental conditions is the first step
in clarifying how data uncertainty can be managed. Construction of
maps that simultaneously depict observed data and their associated
uncertainties is a challenge that has rarely been addressed. The aim of
this study was to develop a procedure for mapping data uncertainty
resulting from different GVG survey periods as recorded for the ICP
Forests Level I network. The underlying purpose was to better manage
and compare uncertainties when assessing European forest biodiversity.
In particular, the study had three technical objectives (i) to develop a
method for characterizing uncertainty based on the theoretical tem-
perature range for a plant's life cycle, (ii) to map uncertainty using a
diffusion-based method, and (iii) to develop a method for assessing
biodiversity data quality using an uncertainty-biodiversity relationship.
The results will be useful for achieving satisfactory accuracy of
European forest biodiversity estimates, for correctly interpretating the
estimates, and for facilitating comparable use of the data. Finally, we
propose an alternative method for investigating and displaying data
uncertainty (Fig. 5).

2. Materials and methods

Based on the LI-BioDiv dataset (UNNECE ICP Forests PCC
Collaborative Database; www.icp-forests.org) data from 19 countries
(Austria, Belgium, Cyprus, Czech Republic, Denmark, Finland, France,
Germany, Hungary, Italy, Ireland, Latvia, Lithuania, Poland, Slovak
Republic, Slovenia, Spain, Sweden, United Kingdom), were assessed
(Fig. 1). On each of the 3093 plots, all vascular plants were sampled in a
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surface of 400 m? between 2005 and 2008, following a standard manual
with not strictly defined survey period (WGFB, 2011). The resulting
species lists have been used to estimate “plant species richness” as a
measure of European-level plant diversity. Two types of information
were used to asses the uncertainty of the data for each plot: the mean
monthly temperature and the season of the survey. The mean monthly
temperature was estimated from Climatologies at high resolution for the
earth's land surface areas (CHELSA) (Karger et al., 2017a, 2017b). We
assigned an increasing value for uncertainty as mean monthly tem-
perature deviated from the theoretical optimum of 15°C < T < 25°C
(Step 1 in Fig. 2) (Larcher, 2003; Rocchini et al., 2017). In a second
step, we assigned an uncertainty value of 0 to plots surveyed between 1
April and 30 September (spring and summer, when plants have the
maximum biomass, and the maximum number of species can be readily
assessed (Canullo et al., 2013)) and an uncertainty value of 1 to plots
surveyed between 1 October and 31 March (Fig. 2). Taking into account
these two information items, an uncertainty value ranging between 0O
(no seasonal uncertainty) and 3 (maximum seasonal uncertainty) was
assigned to each plot as explained in the tree diagram in Fig. 2.

Maximum uncertainty was depicted for 25-km x 25-km grid cells
encompassing the entire European continent. Cartograms were con-
structed using the open source software ScapeToad (https://scapetoad.
choros.ch/). Distortions in the shapes of cells were determined by the
uncertainty values, while color represented species richness values.
Linear regression models were used to estimate the relationship be-
tween species richness and the uncertainty values. Finally an un-
certainty versus latitude profile was developed for assessing species
richness change across Europe.

3. Results and discussion

The number of GVG plots surveyed per month and year by each
country was displayed using a heat map whereby values stored in a
matrix were represented by colors (Wilkinson and Friendly, 2009)
(Fig. 3). Spain, the United Kingdom and Germany had the greatest
variability with resect to survey months followed by the Slovak Re-
public and France. During the autumn-winter months, Spain surveyed
111 of 147 plots, the United Kingdom surveyed 43 of 157 plots, Ger-
many surveyed 133 of 312 plots, France surveyed 19 of 547 plots, and
the Slovak Republic surveyed 13 of 107 plots.

The results of the uncertainty assessments showed that Spain, the
United Kingdom and Germany had the most plots with the largest un-
certainty value of 3 (Fig. 4). In particular, Spain had only a few plots
with small uncertainty values. France, the Slovak Republic, Finland,
Poland and the Czech Republic had both the most plots with small
uncertainty values and fewest plots with large uncertainty values
(Fig. 4). For the other countries, the plot uncertainty values were mostly
small or absent (Fig. 4). Overall, 63% of plots had uncertainty values of
0, 28% of plots had uncertainty values of 1, and 3% and the 4% of plots
had uncertainty values of 2 and 3, respectively.

The cartograms depicted the distribution of GVG uncertainty due to
survey period. Fig. 5(a) is a cartogram in which the cell sizes were
scaled according to the maximum uncertainty value of 3, while in
Fig. 5(b) cell sizes were scaled according to the second largest un-
certainty value of 2. The maps exhibited considerable distortion due to
the heterogeneity of the survey periods across Europe. The German
federal states of Berlin and Brandenburg, Spain and the United
Kingdom showed the greatest cell distortions Fig. 5(a). In the second
cartogram (Fig. 5(b)) Spain still showed the greatest distortion while
distortions for the United Kingdom and Berlin and Brandenburg were
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(b)

Fig. 5. Cartograms of uncertainty data-related (cell distortion): (a) proportional to maximum uncertainty value (equal to 3), (b) proportional to the second highest
uncertainty value (equal to 2). Cells color range according to plant species richness values. In the upper left a reference undeformed map.

reduced. The cartogram showed that greater cell distortion was asso-
ciated with smaller values of species richness, a result that was con-
firmed by the linear regression analyses (F = 99.86, p < 0.001)
(Fig. 6).

The uncertainty versus latitude profile highlighted how species

286

richness changed across latitudes by considering different uncertainty
values (Fig. 7). Specifically, the vertical axis shows the latitude, the
horizontal axis shows the uncertainty values while the color represents
species richness values. Uniform species richness patterns corresponded
to greater uncertainty values of 2 and 3, while heterogeneous patterns
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Fig. 6. Relation between uncertainty data values and plant species richness
records (R? = 0.4, F = 99.86, p < 0.001, with 95% confidence interval) of
GVG data included in the ICP Forests Level I network.

characterized smaller uncertainty values. The chart shows that when
considering only smaller uncertainty values, species richness is greater
for the lower latitude Mediterranean bioregion than for the higher la-
titude Boreal bioregion, (Fig. 7).

We have provided a different approach for visualizing and evalu-
ating data uncertainty using diffusion-based cartograms. In particular,
we have displayed how data information changes with respect to degree
of uncertainty. For this study, area size distortions highlighted that data
collected in Spain, the United Kingdom and the German federal states of
Berlin and Brandenburg have uniformly large uncertainty values, based
on survey period. Furthermore, such distortions corresponded to
smaller species richness values as highlighted by grid color. The car-
togram revealed the effects of lack of harmonized data collection pro-
tocols due to survey period and its effects on data quality. Plots

Ecological Informatics 48 (2018) 281-289

surveyed in months with mean temperatures < 10°C and during au-
tumn and winter had very small numbers of species recorded. The
cartogram visualizations gave different perspectives on phenomena,
visually depicted spatial relations, and emphasized trends that occur in
isolated areas (i.e. the German federal states of Berlin and
Brandenburg). The two cartograms showed different distortions for the
two greatest uncertainty levels. The United Kingdom and the German
federal states of Berlin and Brandenburg were greatly distorted by
considering only uncertainty level 3, while Spain is largely expanded in
both maps. These patterns were not easy to be read in Fig. 4 that
paradoxically contained more and complete information compared to a
cartogram, but the use of both representations permits a clearer picture
of the data pattern.

Understanding heterogeneity related to botanical data is a complex
task that can change plans for managing data (Meyer et al., 2016). We
found clear evidence of distinct species richness patterns across Europe,
mainly due to non-random sampling (Rocchini et al., 2017) resulting
from extreme differences in survey periods. Fig. 7 tracks data limita-
tions and suggests positive prospects for using GVG data. The use of all
GVG data can lead to underestimates of vascular plant biodiversity in
term of species richness across Europe. The underestimation penalizes
the Mediterranean bioregion (due to the uncertainty of the Spanish
data) which is one of the most complex and biodiverse regions (Blondel
and Aroson, 1999). We have demonstrated that it is possible to reduce
the effects of underestimation by considering different levels of un-
certainty. However, our results may be sensitive to the choice of un-
certainty evaluation (Fig. 2). For example, different algorithms could be
developed to assess uncertainty related to survey period (Rocchini
et al., 2011), and it is possible that other solutions might produce ad-
ditional information. Botanical uncertainty evaluation is complex be-
cause of environmental conditions and seasonal variability. In addition,
because multiple factors affect both plant development and managment
of big data, defining common criteria for assessing uncertainty is not
easy. We think our solution leads to improved data interpretation as
demonstrated by the results and the connections between uncertainty
and vascular plant species richness records. In particular, the negative
relationship between survey season and species richness is a clear in-
dication of data misinterpretation of the field manual. GVG data from
the systematic Forests (ex BioSoil-Biodiversity project) are a unique
example of floristic data based on a rigourous, representative sampling
design survey across Europe. Because data uncertainty could affect
conservation strategies, our findings have important implications for
assessing European forest biodiversity.

4. Conclusion

Density-equalizing maps or cartograms were used to depict data
uncertainty. The cartograms allowed us to display geographic re-
lationships among attributes and to highlight the effects of data un-
certainty on data patterns. We highlighted data limitations and pro-
vided a method for understanding how different field data collection
strategies may influence data analysis and statistical inference. In this
case, data uncertainty led to underestimation of species richness,
especially across Europe and for the Mediterranean bioregion. Botanical
data are often heterogeneous depending on the observers, sampling
designs and environment conditions. We demonstrated that cartograms
are a useful tool for exploring and handling data, particularly when
used together with other graphs and representations. Density-equal-
izing maps or cartograms give different representations of spatial
phenomena that can be visualized and understood from different
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Fig. 7. Latitude profile of species richness according to the different values of data uncertainty (minimum: 0; maximum: 3) of GVG data included in the Li-BioDiv
database under the ICP Level I network. The horizontal axis shows latitude degrees, and the vertical axis shows species richness average under different values of data
uncertainty while the color represents species richness values. Lower plant species richness values occur at greater uncertainty values (3, on the lower part), while an
increase of heterogeneity appears at smaller uncertainty values (0, at the bottom).

perspectives. Thus, effective alternative methods for evaluating and
managing data uncertainty should be encouraged as a means of
strengthening data analyses and their interpretation.
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