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Abstract
1.	 Differences in study plot area remain a central obstacle to the analysis of 
biodiversity data. Plot area (i.e. the surface assessed for a single observation) 
in vegetation surveys is rarely standardized and often varies across studies, 
complicating comparisons. The species–area relationship (SAR), often modelled as 
a power law, provides a simple means of scaling species richness across different 
plot areas. Yet, more than a century after its introduction, applying the power 
law to compare vegetation surveys conducted at different plot areas still lacks 
thorough evaluation and quantification of uncertainty.

2.	 Using a unique dataset with over 1000 nested-plot vegetation surveys from Swiss 
grasslands, with subplot sizes ranging from 1 to 100 m2, we assessed the scaling 
of species richness across plot areas. To do so, we compared SAR models with 
machine learning approaches with area parameters as covariates. Additionally, we 
examined how ecological indicator values (EIVs) vary with plot area, evaluating 
their potential integration into studies based on scaled species richness.

3.	 We found that species richness can be reliably scaled across surveys differing in 
plot area. SAR models using a constant accumulation coefficient offered a simple 
and effective approach, particularly for small differences in plot area between 
surveys. In contrast, machine learning models, including area parameters as 
covariates showed greater accuracy when extrapolating across surveys with 
widely differing plot areas.

4.	 EIVs differed only little across plot areas, with differences remaining well below 
the overall variability observed between surveys—even when comparing widely 
differing plot areas. This suggests that indicator values are largely independent 
of spatial grain and can therefore be used as stable covariates for characterizing 
vegetation, even when data are derived from differing plot areas.
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1  |  INTRODUC TION

One of the oldest and most fundamental questions in ecology is 
how biodiversity is distributed across space and what drives these 
patterns. Among the various metrics used to quantify biodiversity, 
species richness is the most widely adopted and easily understood. 
However, species richness is not a static measure; it is inherently 
dependent on the area (and time; not addressed here) at which it 
is observed. In particular, the way in which the number of species 
increases with the increase in the observed area represents a quasi-
universal phenomenon (Matthews et al., 2021). The so-called spe-
cies–area relationship (SAR) in the form of a power–law relationship 
was first postulated by Arrhenius (1921). This relationship serves as a 
conceptual baseline in ecological theory, has fundamentally shaped 
frameworks, such as the equilibrium theory of island biogeography 
(MacArthur & Wilson, 1967), and plays a critical role in conservation 
(Rosenzweig, 2004).

As biodiversity datasets grow exponentially (e.g. Chytrý 
et al., 2016), the heterogeneity in vegetation survey plot area—stem-
ming from varying methodologies and research objectives—poses a 
major challenge for comparing biodiversity patterns across surveys, 
regions and time periods (Chytrý & Otýpková, 2003). A more sys-
tematic understanding of biodiversity scaling approaches is crucial 
for harmonizing datasets, enabling researchers to fully leverage the 
growing wealth of biodiversity data. This is especially important for 
integrating scarce data from underrepresented regions, where bio-
diversity is often high but sampling remains limited (Cazzolla Gatti 
et  al.,  2022; Chytrý et  al., 2016). Improving data comparability is 
essential for advancing our understanding of biodiversity patterns 
at a time of unprecedented biodiversity decline and environmental 
change. SAR offers a powerful framework to address these chal-
lenges, providing a mathematical basis for standardizing species 
richness across plot areas.

The SAR has been described using various mathematical func-
tions (Connor & McCoy,  1979; Tjørve,  2003), but the oldest and 
simplest model (Arrhenius, 1921) remains the one that is best un-
derstood and represents the accumulation of species over area best 
(Dengler, 2009). This model describes species richness (S) as a func-
tion of the area observed (A) through a power–law relationship:

where c represents small-scale species richness, defined as the num-
ber of species present within a unit area (in this case 1 m2), serving as 
a baseline measure of biodiversity at fine spatial scales. In contrast, 
the accumulation coefficient z quantifies the rate at which species 
richness increases as the sampled area expands. Higher z-values re-
flect steeper species–accumulation curves, indicating more heteroge-
neous species distributions driven by differences in species pool size, 
abundance, evenness or spatial aggregation (Chase & Knight, 2013; 
DeMalach et al., 2019; He & Legendre, 2002; Matthews et al., 2021; 
Tjørve et al., 2008).

There are few possible approaches to address differences in 
plot area between surveys: (1) restricting analysis to data of the 
most frequent plot area (e.g. Janišová et  al., 2014), (2) including 
area parameters as an explanatory covariate in the model (Divíšek 
& Chytrý, 2018; Sabatini et  al.,  2022; Večeřa et  al., 2019) or (3) 
using the SAR to scale richness (Arrhenius, 1921). While restrict-
ing to data of the most frequent plot area ensures consistency, it 
significantly reduces the usable dataset and may introduce bias. 
Including area parameters as a covariate allows broader data in-
clusion and may capture nonlinear effects in flexible models, such 
as random forests (RFs). However, these flexible models would 
still not explicitly represent the mathematical structure of the 
SAR and may fail to generalize its shape with high accuracy, es-
pecially in small datasets. In fact, models applied to environmen-
tal data layers—typically at much coarser resolutions (e.g. 1 km2) 
than the survey plot area—are unlikely to accurately estimate the 
relationship between area and species richness at much finer spa-
tial scales (e.g. 10 m2). Conversely, the SAR has been described as 
one of the oldest and closest approximations to an ecological law 
and offers a simple approach to compare surveys of different plot 
areas (Arrhenius,  1921; Matthews et  al.,  2021). Much attention 
has been devoted to aspects, such as the functional form of SARs 
(e.g. Dengler, 2009; Dengler et al., 2020), their underlying drivers 
(e.g. DeMalach et al., 2019; Dembicz, Dengler, Gillet, et al., 2021) 
and the influence of spatial grain (e.g. Chase et  al., 2018; Chase 
& Knight, 2013; Keil & Chase, 2019; Zhang et al., 2021), whereas 
their use as a framework for biodiversity scaling has received less 

S = cA
z

5.	 Synthesis. This study shows that species richness in grasslands can be reliably 
harmonized across surveys differing in plot area. It also highlights that EIVs 
remain largely stable across different plot areas, making them suitable for the 
use in data-rich ecological analyses. Together, these findings provide practical 
tools for harmonizing grassland datasets and offer new insights into how we can 
compare biodiversity assessments across space and time.

K E Y W O R D S
biodiversity scaling, determinants of plant community diversity and structure, ecological 
indicator values, grassland diversity, plot size, species–area relationship, vegetation survey 
standardization
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attention, with applications focusing on non-contingent plots 
(Portier et  al.,  2022) or on extrapolations from plot to biogeo-
graphic scales (e.g. Boussange et  al.,  2025; Kunin et  al.,  2018). 
In contrast, despite more than a century since its introduction, a 
systematic evaluation and error quantification of the SAR's orig-
inal application (Arrhenius, 1921)—comparing vegetation surveys 
conducted at different vegetation survey plot areas—remains 
underexplored.

EIVs are semi-quantitative estimates of the environmental prefer-
ences of individual plant species. They are not direct measurements 
but expert-based scores derived from decades of field observations, 
ecological literature and experimental studies. EIV systems have 
been widely developed and applied across Europe (Ellenberg, 1974; 
Landolt, 1977; Tichý et al., 2023). In Switzerland, Landolt indicator 
values apply to nearly the entire native flora (Landolt et al., 2010). 
Each species is assigned an ordinal value along major ecological gra-
dients, such as soil moisture, soil pH, nutrient availability, humus, 
light, temperature or continentality. These values capture central 
tendencies of a species' realized niche rather than precise physiolog-
ical optima (Zolotova et al., 2022).

As an example, the soil reaction indicator (R) in the Landolt sys-
tem represents species' preferences along a pH gradient. Species 
are scored from 1 (extremely acid, pH 2.5–5.5) to 5 (alkaline, pH 6.5–
8.5). Acidophilous species typical of, for example, raised bogs, such 
as Drosera rotundifolia L. (R = 1), receive low values, while calcicolous 
species occurring, for example, on limestone soils, such as Dryas oc-
topetala L. (R = 5), receive high values (Landolt et al., 2010). Such or-
dinal scores allow botanists to summarize the ecological tendencies 
of thousands of species in a simple, comparable form.

At the community level, species EIVs are aggregated into site 
EIVs, usually as means or abundance-weighted means across all spe-
cies in a vegetation survey plot. These site-level indicators integrate 
the ecological information of many species and provide robust prox-
ies of long-term site conditions. Because they capture cumulative 
species–environment relationships, they can reflect variables that 
fluctuate strongly over time (such as soil moisture) more reliably than 
single field measurements. Site EIVs have been shown to reflect local 
conditions more accurately than coarse environmental predictor lay-
ers (Scherrer & Guisan, 2019) and are an important tool in plant ecol-
ogy (Diekmann, 2003). They are widely used, for example, in global 
change research to detect vegetation responses to warming (Lenoir 
et al., 2010; Scherrer et al., 2017), as a tool in conservation to assess 
habitat quality (Oostermeijer & Van Swaay, 1998; Smart et al., 2003) 
and in spatial modelling (Descombes et al., 2020). Although site-level 
EIVs are widely applied to characterize vegetation and its environ-
ment, it remains unclear how strongly they depend on the spatial 
scale at which vegetation is sampled. This uncertainty raises im-
portant questions about how EIVs should be interpreted and com-
pared across surveys of different plot areas. Clarifying these scale 
effects is essential if EIVs are to be applied consistently alongside 
other vegetation metrics in biodiversity research, conservation and 
monitoring. To date, however, a systematic assessment of the scaling 

behaviour of EIVs with area is lacking, leaving researchers to estab-
lish their own practices on a case-by-case basis.

Nested-plot vegetation surveys—where smaller plots are em-
bedded within larger ones—have long been employed to assess 
plant communities across spatial scales (Arrhenius, 1921; Stohlgren 
et al., 1995). This design is used in rapid plant diversity assessments 
(Kalkhan et al., 2007) and for studying scale-dependent patterns and 
drivers in plant communities (Dufour et al., 2006; Mod et al., 2020; 
Morzaria-Luna et  al.,  2004; Scherrer et  al.,  2019; Von Oppen 
et al., 2022). By capturing cumulative species lists with increasing 
subplot area, nested-plot vegetation surveys provide a unique op-
portunity for directly assessing the SAR, evaluating the performance 
of species richness scaling methods and examining how vegetation 
indices vary with changing plot area.

Here, we compiled a dataset of more than 1000 nested-plot 
grassland vegetation surveys from Switzerland. We quantify species 
richness scaling accuracy of different approaches across different 
plot areas. Furthermore, we investigate the effect of vegetation 
survey plot area scaling also on EIVs and highlight practical implica-
tions of standardizing vegetation surveys for area. To the authors' 
knowledge, no previous study has evaluated the accuracy of differ-
ent approaches for accounting for plot area when harmonizing spe-
cies richness in vegetation surveys—at survey scale—nor the effect 
of vegetation survey plot area on EIVs. We addressed three main 
questions: (1) To what extent can species richness be reliably up-
scaled or downscaled across different plot areas? (2) Which meth-
ods provide the most accurate estimates for this scaling? (3) To what 
extent do EIVs vary with plot area? Given the generality of the SAR 
(Arrhenius, 1921; Dengler, 2009; Matthews et al., 2021), we posit 
species richness to be scalable, especially at modest differences in 
plot area, and approaches explicitly accounting for the SAR to be 
most accurate. Average EIVs may exhibit minor variation with plot 
area. However, at the spatial scales studied, the surveyed plots typi-
cally capture a representative subset of the grassland plant commu-
nity (Braun-Blanquet, 1928; Ewald, 2003), and therefore, variation in 
the averages is expected to be negligible.

2  |  METHODS

We applied a six-step approach using data from Swiss grassland veg-
etation studies: (1) we obtained and cleaned nested-plot vegetation 
survey data of various studies; (2) supplemented them with EIVs as 
well as other environmental variables; (3) we fitted the power–law 
SAR to each nested-plot vegetation survey individually to estimate 
its accumulation coefficient (z); (4) we trained models to predict z 
based on environmental variables; (5) we compared the accuracy 
of species richness scaling for the different models; and (6) we 
compared, pairwise, the average EIVs of plots within the nested-
plot surveys and related them to their coefficient of variation be-
tween surveys. The results were analysed using R v4.3.2 (R Core 
Team, 2023).
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2.1  |  Data preparation: Vegetation data

We compiled 1081 nested-plot vegetation surveys from Swiss grass-
land studies, sourced from various datasets (Table 1). No fieldwork 
permits were necessary. Each survey consisted of nested subplots 
of increasing area, each with a species list, enabling pairwise com-
parisons of subplots of differing area within single nested-plot veg-
etation surveys. Vegetation surveys were filtered to be present in 
the data layers (Table 1), include only subplots with areas between 1 
and 100 m2, with non-zero vascular plant species counts and with at 
least four subplots. After quality control and filtering, 1001 nested-
plot vegetation surveys were retained for analysis. The dataset was 
restricted to vascular plants and taxonomically standardized accord-
ing to the Flora Helvetica Checklist (Juillerat et al., 2017). To ensure 
consistency, taxa were aggregated to the highest taxonomic level 
defined in the checklist. Specifically, subspecies were consolidated 
at the species level, with their cover values summed. This same prin-
ciple was applied to species contained in species aggregates. When 
an aggregated taxon appeared across multiple subplots, it was as-
signed to the smallest subplot in which it was recorded.

2.2  |  Data preparation: Ecological indicator 
variables and other environmental variables

For each taxon, we extracted Ellenberg-type EIVs from the Flora 
Indicativa (Landolt et  al.,  2010). We selected nine indicators to 
characterize local conditions: soil nutrients (mainly nitrogen), soil 
pH, soil moisture availability, soil moisture variability, soil humus, 
soil aeration, light availability, temperature and continentality. 
Unweighted mean EIVs were calculated for each survey from the 
species present in the surveyed plant community. Undefined EIVs, 
that is if a plant species had particularly broad ecological preferences 
for certain parameters or if a taxon was identified at a higher level, 
such as genus, were not considered (6.57% of all values). EIVs were 
supplemented with topographic and bioclimatic variables derived 
from spatial data layers at 25 m resolution using each survey's 
geolocation (Table 2). To reduce multicollinearity among bioclimatic 
variables, we applied a correlation-based variable selection. 
Specifically, we identified and removed variables with pairwise 
Pearson correlation coefficients greater than 0.8. Highly correlated 
variables were identified using the findCorrelation() function from 
the R package caret (Kuhn, 2008) and subsequently excluded. This 
function iteratively excludes the variable with the largest average 

absolute correlation, thereby retaining the variable that is overall 
less correlated with the remaining set. The retained variables are 
reported in Table 2. Together, these steps yielded a comprehensive 
set of potential drivers of the accumulation coefficient z, including 
edaphic, climatic and topographic parameters.

2.3  |  Accumulation coefficient z

To the data of each nested-plot vegetation survey, we fitted a 
power–law SAR model (S = cAz) to estimate the accumulation coef-
ficient z. The fitting used nonlinear least squares implemented in 
the nls() function from the R base package stats (R Core Team, 2023) 
with initial estimates of c = 1 and z = 0.1. When species richness was 
constant across all subplots within a survey, we manually assigned a 
z-value of 0 (n = 5; no R2 value). When the model failed to converge, 
the site was removed (n = 1).

2.4  |  Scaling of species richness and model 
comparison

To evaluate model performance in upscaling and downscaling spe-
cies richness, we tested two conceptually different harmonization 
approaches: (1) SAR-based models and (2) RF models that account 
for plot area by including area parameters as an additional covari-
ate. SAR-based models explicitly incorporate the mathematical form 
of the relationship, whereas covariate-based models treat plot area 
as just one among several predictors, without capturing the explicit 
functional form inherent to the SAR. The nested-plot vegetation 
surveys were split into a training subset (80%) and a testing subset 
(20%), ensuring that each nested series was kept together and as-
signed entirely to either the training or the testing subset.

For SAR-based models, we tested two variants: (1a) using the 
median z-value derived from the training set or (1b) predicted survey-
specific z-values to account for site differences. Each subplot (corre-
sponding to a distinct plot area within a nested-plot vegetation survey) 
was modelled separately to account for plot area effects. To predict 
survey-specific z-values, we used a RF model (500 trees, fivefold 
cross-validation repeated three times, with default mtry tuning via the 
caret package; Kuhn, 2008) based on species richness, plot area and all 
additional predictors listed in Table 2 (e.g. mean EIVs).

RF-based models predicted scaled species richness (i.e. species 
richness at the scaled plot area) as a function of environmental 

Dataset
Number of 
surveys

Plot area 
range (m2)

Number of plots within 
nested-plot survey Data source

P 102 1–25 5 Pauler et al. (2019)

B 63 4–100 5 Lüscher et al. (2016)

G 333 1–100 6–9 Unpublished

M 504 1–64 4 Randin et al. (2009), see 
also Engler et al. (2009)

TA B L E  1 Summary of the nested-plot 
vegetation survey datasets included in this 
study. For the published datasets, only the 
largest surveyed area of the nested-plot 
vegetation surveys has been included in 
the indicated publication.
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variables (Table 2), species richness at the original plot area, the 
original plot area (A1) and the scaled plot area (A2). Two model 
types were tested: (2a) using untransformed richness and area val-
ues, and (2b) using log-transformed species richness and area. For 
model training and cross-validation, we included all pairwise com-
binations of subplots within each survey, capturing the full range 
of spatial relationships and enabling the model to independently 
learn the association between species richness and plot area. We 
applied a RF model with 500 trees, using fivefold cross-validation 
repeated three times and default mtry tuning via the caret package 
(Kuhn, 2008).

To evaluate model robustness and generalization, predictions 
were assessed on an independent testing dataset consisting of 
surveys not used during training. Prediction accuracy was quanti-
fied as the absolute value of the relative error, calculated as |(ob-
served − predicted)/observed|, across all pairwise plot comparisons. 
To contextualize model performance, we assessed prediction accu-
racy using a symmetric scaling factor, defined as

Because the function takes the absolute value of the logarithm, 
the scaling factor yields the same result regardless of the order in 
which the plot areas are compared. It thus expresses how many 
times larger one plot area is relative to the other (e.g. a scaling factor 
of 2 indicates that one plot is twice the size of the other).

To assess whether prediction errors differed meaningfully be-
tween models, we calculated Cohen's d effect sizes (Cohen, 2013) 
using the cohen.d() function of the package effsize (Torchiano, 2020) 
for all pairwise comparisons of absolute relative errors on the in-
dependent testing dataset. Cohen's d expresses the difference be-
tween the means of two groups relative to their pooled standard 
deviation, providing a standardized, unitless measure of effect size:

where x̄1, x̄2 are group means, s1, s2 are standard deviations, and n1, n2 
are sample sizes.

2.5  |  Sensitivity of EIVs to plot area

To assess how much plots of different areas differ in their EIVs, we 
conducted pairwise comparisons within each survey of the mean of 
the nine ecological indicators. Similarly to species richness, we quan-
tified their difference by taking the absolute of the relative error—
calculated as |(observed − predicted)/observed|—across all pairwise 
comparisons of plots and examined them in relation to the scaling 
factor. To contextualize this within-site variability, we compared it 
to the coefficient of variation in EIVs observed between sites at the 

Scaling factor = e
∣ln(A2∕A1)∣

d =
x1 − x2

sp

, with sp =

√

(

n1 − 1
)

s2
1
+
(

n2 − 1
)

s2
2

n1 + n2 − 2

TA B L E  2 Description and source of predictor variables used in the analysis. Ecological indicator values (EIVs) are based on Flora Indicativa 
(Landolt et al., 2010).

Variable
Variable short 
name Data source

Vegetation cover. Total vascular plant plot cover (maximum 100%). If not directly 
reported, calculated as the sum of individual plant covers, capped at 100%.

cover_veg Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for soil nutrients (mainly nitrogen, unweighted). eiv_n Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for pH (unweighted). eiv_r Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for soil moisture (unweighted). eiv_f Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for soil moisture variability (unweighted). eiv_w Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for soil humus (unweighted). eiv_h Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for soil aeration (unweighted). eiv_d Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for light availability (unweighted). eiv_l Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for temperature (unweighted). eiv_t Vegetation survey (Landolt et al., 2010)

Mean ecological indicator value for continentality (unweighted). eiv_k Vegetation survey (Landolt et al., 2010)

Elevation above sea level (in metres; 25 m resolution). elevation SWECO25 (Külling et al., 2024)

Slope in degrees (25 m resolution). slope SWECO25 (Külling et al., 2024)

Index of terrain shading based on solar angle (25 m resolution). hillshade SWECO25 (Külling et al., 2024)

Beer's transformed aspect (cosine-transformed orientation; 25 m resolution). aspect SWECO25 (Külling et al., 2024)

Isothermality (diurnal/annual temp. range; 1981–2010 average; 25 m resolution) chbio3 SWECO25 (Külling et al., 2024)

Mean temperature of driest quarter (1981–2010 average; 25 m resolution). chbio9 SWECO25 (Külling et al., 2024)

Precipitation of wettest month (1981–2010 average; 25 m resolution). chbio13 SWECO25 (Külling et al., 2024)

Precipitation of driest month (1981–2010 average; 25 m resolution). chbio14 SWECO25 (Külling et al., 2024)

Precipitation seasonality (1981–2010 average; 25 m resolution). chbio15 SWECO25 (Külling et al., 2024)
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plot area of 4 m2, which was consistently present across all included 
vegetation survey datasets.

3  |  RESULTS

3.1  |  Analysis of accumulation coefficients in 
nested-plot surveys

Overall, the power–law SAR S = cAz displayed a high fit to the species 
richness progression across subplots with 88% of the models having 
an R2 >0.9 (median R2 = 0.97, SD = 0.06; n = 1001; Figure 1). The me-
dian z-value was of 0.17 (SD = 0.10; n = 1001; Figure 1; Figure S1).

3.2  |  Modelling of accumulation coefficients

In the second variant of the SAR-based models (1b), we predicted 
site-specific z-values to account for site-specific variation in the 
shape of the SAR. Overall, the models exhibited only moderate 
ability to capture variation in z across sites, with a coefficient of 
determination of R2 = 0.34 (Figure S2). Vegetation cover, that is the 
proportion of a plot covered by vascular plants, emerged as the 

most influential predictor by a considerable margin, resulting in the 
largest drop in R2 when permuted. All other predictors contributed 
only minimally to predicting the accumulation coefficient. No sin-
gle variable aside from vegetation cover accounted for a dominant 
share of the explained variance; all other variables contributed only 
marginally to predicting the accumulation coefficient (Figure S3). 
A simple linear regression revealed a significant negative relation-
ship between vegetation cover and the accumulation coefficient z 
(β = −0.0016 ± 0.00009, t = −18.63, p < 0.001; Figure S4), indicating 
that higher vegetation cover is consistently associated with a flat-
ter SAR. The linear model explained only a quarter of the variance 
in z-values (R2 = 0.258; F (1, 999) = 347.2, p < 0.001).

3.3  |  Comparison of species richness 
scaling models

All models were assessed using an independent test dataset. Cohen's 
d effect sizes comparing models' relative prediction errors aggregated 
across all scaling factors were consistently modest (|d| <0.1; Table S1). 
However, while prediction errors increased with scaling factor in all 
models, they differed in their initial error levels and in the rate at which 
errors increased (Figure 2; Figure S5). At scaling factors below 5, SAR 

F I G U R E  1 Relationship between accumulation coefficient z and power–law model fit. Density distribution of power–law model fits (R2) 
of the species–area relationships of the nested-plot surveys, shown in relation to their corresponding accumulation coefficient (z). A simple 
power–law model of the form S = cAz was fitted to each survey using nonlinear least squares. Colour illustrates the distribution of fitted 
values, with darker shading indicating areas of higher point density. Most models (88%) achieved a fit of R2 >0.9, while the median z-value 
was 0.17.
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models produced lower errors than RF models, with absolute relative 
errors ranging from 4.1% to 10.9% for SAR models and from 6.3% to 
10.7% for RF models. At scaling factors above 5, RF models yielded 
lower error rates than SAR-based methods, with absolute relative er-
rors ranging from 9.6% to 26.9% for RF models and from 9.9% to 38% 
for SAR models (Table  S2). At small scaling factors, the SAR-based 
approach using a constant z-value (Model 1a) performed similarly 
to more complex alternatives, while its performance was markedly 
worsened at large scaling factors. The inclusion of environmentally 
fitted, site-specific z-values (Model 1b) led to modest improvements 
over the constant-z SAR baseline, especially at high scaling factors. 
Overall, differences among approaches were limited, with SAR mod-
els performing slightly better at small scaling factors and RF models 
showing a relative advantage at larger scaling factors.

3.4  |  Sensitivity of EIVs to plot area

Average EIVs showed low within-site variation across plots of dif-
ferent areas (Figure 3). The absolute of the relative differences in-
creased gradually with increasing scaling factor, starting around 1% 

at small scaling factors (1–2) and reaching values between 3.4% and 
7.9% at large scaling factors (25–100). Differences varied by eco-
logical indicator. Soil aeration and temperature showed the largest 
increases in relative difference with increasing scaling factors, with 
7.9%. In contrast, continentality and light availability exhibited the 
smallest within-site variation, remaining below 3.5% across all scal-
ing levels. Overall, variation in mean indicator values due to differ-
ences in subplot area within a survey was markedly smaller than the 
variation observed between surveys at different sites at the common 
plot area of 4 m2 (Table S3). Coefficients of variation of mean EIVs 
between sites ranged from 7.1% for continentality, 9.3% for moisture 
availability and 9.9% for light to 14.5% for moisture variability, 14.8% 
for pH, 18.1% for humus, 18.4% for nutrients and 20.9% for temper-
ature, with soil aeration showing the highest variability (30.0%). The 
shape of the response curves was similar across indicators, showing 
a gradual increase in the relative difference in average EIVs between 
the plots within a survey as the scaling factor increased.

4  |  DISCUSSION

Leveraging a comprehensive dataset of over 1000 nested-plot vegeta-
tion surveys from Swiss grasslands, spanning a 100-fold difference in 
plot area, we conducted the first comprehensive analysis aimed at the 
harmonization of vegetation indices of vegetation surveys of different 
plot area since the original publication of Arrhenius (1921). Our findings 

F I G U R E  2 Species richness scaling across scaling factors with 
different methods. Absolute relative error (%) in species richness 
predictions in dependence of scaling factor, comparing different 
methods. This shows how scaling error increases with the scaling 
factor between the scaled area (A2) and the original plot area (A1). 
Scaling factors are expressed as absolute fold changes, regardless 
of whether an area was scaled up or down. Lines represent 
the trend in scaling error for four approaches: species–area 
relationship-based on a median z-value and fitted z-values, and 
random forest-based models, including the area parameters as 
covariate untransformed and logarithmically transformed. LOESS-
smoothed curves (span = 1.2) show the mean trend, with shaded 
ribbons indicating standard error.

F I G U R E  3 Ecological indicator values (EIVs) scaling across 
scaling factors. Absolute values of the relative differences in EIVs 
between pairs of vegetation plots, plotted as a function of the 
scaling factor. Each curve represents one ecological indicator. For 
each indicator, pairwise differences are calculated between two 
plot areas at the same site. LOESS-smoothed curves (span = 1.2) 
show the trend, with shaded ribbons indicating the standard error.
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show that species richness can be reliably scaled, with small differences 
between approaches. At scaling factors below 5, error rates were rela-
tively low, and SAR-based models achieved lower error rates than RF-
based models. In contrast, at scaling factors above 5, errors increased 
overall, and RF-based models performed better than SAR-based mod-
els. Moreover, average EIVs remained robust across varying plot area, 
enabling a consistent characterization of the vegetation. Collectively, 
our results highlight that datasets containing vegetation survey of non-
standardized plot areas can be effectively harmonized, and we propose 
a simple method to facilitate this process.

4.1  |  A specific accumulation coefficient z for 
temperate grasslands

The classic power–law SAR model has a remarkably high fit across 
the majority of our surveys. With a median R2 of 0.97 and 88% of 
models exceeding R2 >0.9, this finding confirms the robustness of the 
power–law formulation in capturing species accumulation patterns 
within nested-plot surveys. The median z-value of 0.17 (SD = 0.10; 
n = 1001) is lower than the ‘canonical’ z = 0.262 proposed by 
Preston (1962) and reaffirmed by Wilson et al. (2012). However, this 
is consistent with empirical observations from non-isolated, species-
rich habitats, such as European grasslands, where higher overall rich-
ness tends to flatten the SAR slope (Johnson et al., 1968; MacArthur 
& Wilson, 1967; Matthews et al., 2021). Similarly, a recent large-scale 
study of Palearctic grasslands by Dembicz, Dengler, Steinbauer, 
et al.  (2021) found a median z of 0.21 (SD = 0.10), but if limited to 
comparable plot areas and nesting configurations (1–100 m2 and ≥4 
subplots), the median z-value declined (median = 0.18). Collectively, 
our findings align with the broader ecological theory that z tends to 
decline with increasing richness.

4.2  |  Simple models reliably scale species richness

Our comparison of harmonization approaches revealed that at scal-
ing factors below 5, all methods—whether SAR-based or using RF—
produced accurate predictions, with average relative errors ranging 
between 4.1% and 10.9%. This suggests that even a simple SAR 
model using a fixed z-value might provide adequate harmonization 
in this range. In fact, while z-values showed some variability across 
sites (SD = 0.10; Figure S1), our findings suggest that species rich-
ness scaling is relatively insensitive to these differences at low scal-
ing factors. This further supports the practical utility of SAR-based 
approaches for harmonization, particularly when only small area ad-
justments are required. However, at scaling factors above 5 and es-
pecially above 10, error rates increased more steeply for SAR-based 
models, especially for the simple SAR model using a fixed z-value. In 
contrast, RF-based approaches maintained greater predictive accu-
racy. Interestingly, incorporating environmentally predicted z-values 
into SAR models (Model 1b) yielded only marginal improvements 
over a constant z-value. This suggests that although z varies across 

sites, its prediction from ecological covariates is still constrained by 
unexplained variability or noise in the underlying relationships.

4.3  |  EIVs are insensitive to plot area

We found consistently low within-site variation in average EIVs across 
different plot areas, indicating that EIVs are robust to changes in 
spatial grain. Relative differences increased only modestly with plot 
area—rarely exceeding 5%—supporting the use of EIVs as reliable de-
scriptors of site conditions. This is particularly relevant for vegetation 
databases integrating surveys with differing plot areas, suggesting that 
variation in sampling grain does not introduce substantial bias into EIV-
based site comparisons, at least within the tested range (1–100 m2). In 
contrast, between-site variation was almost an order of magnitude 
greater than within-site differences at small scaling factors (Table S3), 
emphasizing that landscape-scale ecological gradients exert a much 
stronger influence on community composition than sampling grain. 
These results are consistent with Ewald (2003) and Boch et al. (2022), 
who found that mean EIVs are largely robust to differences in survey 
completeness and observer effects. Similarly, Scherrer et  al.  (2017) 
and Rumpf et al. (2025) showed that EIVs capture long-term environ-
mental trends more reliably than species composition. Although EIVs 
were historically applied primarily in Central Europe (Ellenberg, 1974; 
Landolt, 1977), their use has been shown to be robust across large 
geographic ranges (Hedwall et  al.,  2019). Moreover, recent efforts 
to extend and harmonize Ellenberg-type EIVs at the European scale 
(Tichý et al., 2023) further highlight their value for comparison of veg-
etation surveys across large spatial extents.

We note, however, that this robustness may not hold at larger spa-
tial scales or in environments with pronounced small-scale heteroge-
neity. In such contexts, variation in abiotic conditions, management or 
microhabitat diversity can generate stronger within-site differences 
in species composition and, consequently, in EIVs. For example, larger 
plots may integrate multiple vegetation types or environmental gra-
dients, while highly heterogeneous grasslands can host sharp tran-
sitions in soil moisture, fertility or disturbance regimes over just a 
few metres. Under these conditions, average EIVs may not provide a 
robust descriptor of site conditions. Nevertheless, within the spatial 
scales tested here (1–100 m2), EIVs proved generally insensitive to plot 
area, suggesting that they capture underlying environmental condi-
tions in a way that is robust to typical vegetation survey design. Taken 
together, EIVs are not only robust to temporal noise and species turn-
over but also to spatial grain, reinforcing their utility for ecological 
monitoring, retrospective analysis and cross-study comparisons.

4.4  |  Practical considerations for scaling of species 
richness

There are several important considerations when interpreting these 
results. Because species richness is inherently scale-dependent, 
we advise careful consideration when harmonizing richness values 
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across large differences in plot area—particularly when scaling spans 
one or more orders of magnitude (scaling factor >10). Such harmo-
nization approaches are most appropriate for comparing vegeta-
tion surveys that differ only modestly in plot area. To ensure the 
reliability of analyses and assessments, we recommend constraining 
richness scaling efforts to a narrow range of commonly used plot 
areas within the vegetation type of interest (e.g. 9–28 m2), where 
SARs are generally more stable and predictable. We selected an 
accumulation coefficient of z = 0.17, aligning with both the median 
value observed in our surveys and the z-value corresponding to 
the most frequently occurring plot area (i.e. 25 m2; see Figure S6) in 
prominent vegetation survey databases, such as the National Data 
and Information Center on the Swiss Flora (Info Flora, https://​www.​
infof​lora.​ch), the European Vegetation Archive (Chytrý et al., 2016) 
or ReSurveyGermany (Jandt et al., 2022). This selection facilitates 
species richness comparisons at a common scale and minimizes the 
need for more extreme scaling. Moreover, we strongly encourage 
the inclusion of at least two different plot areas in survey designs 
which requires minimal additional effort but offers substantial ben-
efits, enabling ecological insights and facilitating consistent data 
harmonization across studies.

4.5  |  Area-based harmonization is most practical

While our study focuses on standardizing the effects of plot area 
on species richness and EIVs, this is only one of several possible ap-
proaches to compare surveys, especially relating to their species 
diversity. Individual-based rarefaction, which standardizes richness 
by the number of individuals sampled (Gotelli & Colwell,  2001), 
and coverage-based rarefaction, which standardizes by sample 
completeness rather than sample size (Chao & Jost, 2012; Roswell 
et  al.,  2021), are widely used alternatives. Both are conceptually 
powerful, but their application to vegetation surveys is limited be-
cause they depend on clearly defined and countable individuals—
something rarely feasible and/or available for perennial and clonal 
plants. Using cover or biomass estimates as proxies could, in princi-
ple, extend these methods, but such measures are not equivalent to 
individuals: they distort abundance structures (e.g. a single tussock 
may equal many seedlings in cover) and do not reflect detectability. 
Coverage-based approaches are further complicated by observer 
bias, since completeness estimates rely heavily on rare species—the 
very component most inconsistently recorded.

Rarefaction corrects for uneven sampling effort only under 
the assumption that all individuals have an equal chance of being 
recorded. This works where differences among samples arise from 
random variation in sample size, but vegetation surveys differ in 
two critical respects. First, area is not simply equivalent to effort: 
larger plots encompass not only more individuals but also more mi-
crohabitats, heterogeneity and spatial turnover. As a result, SARs 
reflect ecological processes beyond sampling intensity, a point also 
emphasized in broader discussions showing that standardized sam-
pling alone cannot fully capture biodiversity patterns across scales 

(Chase et  al., 2018; Chase & Knight, 2013). Second, observer bias 
in vegetation data is systematic rather than random. Inconspicuous 
species may be consistently overlooked, the abundance of dominant 
species misestimated, and difficult groups inconsistently identified. 
Rarefaction cannot correct these errors, since resampling a biased 
dataset merely reproduces the bias.

In contrast, biodiversity metrics are strongly dependent on spa-
tial grain and extent (Chase et  al., 2019). Harmonizing surveys by 
area therefore directly addresses a dominant source of variation 
and, importantly, enables integration of the large body of vegeta-
tion survey data collected across broad spatial and temporal scales, 
allowing the inclusion of many historical surveys and/or those lack-
ing abundance data. Observer bias, by contrast, must be mitigated 
through careful field protocols, observer training, paired resurveys 
to quantify pseudoturnover, and statistical controls such as including 
observer identity as a random effect. While alternative frameworks 
may eventually be adapted for plants, area-based scaling—combined 
with explicit attention to observer effects—currently represents the 
most practical and broadly applicable route for comparative analy-
ses of plant diversity.

5  |  CONCLUSIONS

Prior to our study, efforts to harmonize vegetation survey data 
across varying plot areas were limited and lacked quantitative vali-
dation. Our results address this gap by providing empirical evidence 
that vegetation indices derived from homogeneous vegetation types 
can be effectively standardized across different plot areas using 
relatively simple methodologies. This facilitates comparisons and 
integrations of ecological data collected at diverse spatial scales. In 
the future, the assessment of the harmonization potential in other 
ecosystems and of other vegetation indices, particularly those based 
on species abundance, should be tested. Collectively, our findings 
offer practical tools for harmonizing vegetation survey datasets, 
enabling more consistent biodiversity assessments across spatial 
and temporal scales. By mitigating biases arising from traditional 
or regional differences in plot survey areas, we aim to contribute 
to more comprehensive and comparable ecological studies across 
space and time.
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