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Societal impact statement

Understanding how plants respond to environmental change is essential for conserving
biodiversity and managing ecosystems under climate change. We developed
CSRcalculator, an open-source platform that brings together major competitor, stress-
tolerator, ruderal (CSR) models to make ecological strategy classification accessible,
reproducible, and scalable. The software enables users to rapidly translate plant trait
data into standardised ecological strategy classifications through a simple, user-friendly
interface, promoting consistent and reproducible analyses across studies. By improving
access to the CSR framework and supporting reproducible research, CSRcalculator
strengthens ecological monitoring, informs conservation and land management, and

enables more robust evidence for environmental policy and practice.
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The competitor, stress-tolerator, ruderal (CSR) theory, first proposed by John Philip
Grime, is a useful framework for understanding plant ecological strategies and
predicting responses to environmental changes and pressures. However, current
tools for assigning CSR strategies are limited to an Excel sheet format and have
yet to be integrated into modern computational platforms that enable

reproducible research.

We present CSRcalculator (https://github.com/TeddyGaskin/CSRcalculator), an
open-source R package and shiny application that calculates CSR scores and
assigns strategies based on user-uploaded trait data. CSRcalculator supports
CSR assignments according to the three most prominent models: The original soft

approach, the global StrateFy, and a morpho-physiological model.

The R package outputs a table including CSR scores, assigned strategies and
intermediate traits for the selected model. The shiny application produces this
same table alongside an interactive ternary plot to visualise the strategy
distribution and an optional summary table describing the overall CSR strategy
distribution, using metrics such as, the modal strategy, axis means, standard
deviations, and ranges. Group-level analyses calculate the same statistics across

user-defined categories.

We demonstrate the utility and reliability of CSRcalculator by validating its outputs
against a published dataset and original CSR tools, as well as benchmarking its

performance across dataset sizes to confirm it scales efficiently to large datasets.
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1 Introduction

Understanding how plants interact with and adapt to their environment is fundamental
to addressing global ecological challenges, including biodiversity conservation and
climate change adaptation. Adaptations of a plant to their environment can be broadly
categorised into competitive (C), stress-tolerant (S), and ruderal (R) strategies (CSR;
Grime, 1974). Plants falling into the competitor category survive in relatively resource-
abundant and stable environments by investing resources into rapid growth for the pre-
emptive attainment of further resources, thus increasing competitive ability. In contrast,
stress-tolerant] plants invest in their capacity to retain resources and repair damage
under stress in response to resource-limited environments. Lastly, ruderal plants survive
in environments that undergo repeated destructive events, such as wildfires or human
activity, by investing in their reproduction ability, allowing plants to regenerate despite

these events.

The CSR framework provides an effective means for interpreting the environmental
conditions underlying plant community structure. A classic example comes from
Massant et al. (2009), who showed that communities dominated by stress-tolerant
species are typically adapted to shaded conditions, whereas those with a higher
proportion of competitor species tend to persist in well-lit environments. More recent
work extends the utility of the framework across diverse ecological contexts. CSR
strategies have been used to characterise community composition along water and
salinity gradients and to reveal interactions with land-use practices such as grazing
(Mclntosh-Buday et al. 2024). In parallel, CSR classifications have been shown to mirror

patterns of functional composition derived from community-weighted means of more
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complextraits (Han et al 2024), highlighting their value as an efficient proxy when detailed
trait data are unavailable. Experimental studies further demonstrate that CSR scores can
predict community trajectories under imposed stress and disturbance (Li and Shippley
2017), underscoring the broader utility of CSR as both a diagnostic and predictive

framework for understanding community responses to environmental change.

Beyond describing present-day community structure, the CSR framework also provides
a valuable basis for predicting how species and communities will respond to
environmental change, helping identify potential “winners” and “losers” and informing
whether management intervention may be needed to preserve biodiversity. Recent

studies illustrate this predictive and diagnostic power across scales, as discussed below.

At the intraspecific level, Vasseur et al. (2018) demonstrated substantial variation in CSR
strategies among Arabidopsis thaliana ecotypes, with genotypes from colder climates
exhibiting more stress-tolerant strategies and many ecotypes showing plastic shifts in
CSR scores when grown in contrasting environments, although without strong
geographic structuring of these genotype-by-environment interactions. At the
community scale, Zhang et al. (2024) recently provided empirical support for long-
standing CSR theory by documenting the expected shift from ruderal toward stress-
tolerant strategies across 60 years of secondary succession, reinforcing the framework’s
ability to capture temporal trajectories in community assembly. Importantly, CSR theory
is now being incorporated into predictive ecosystem models: Wirth et al. (2024)
integrated CSR-based plant strategies into a land dynamic global vegetation model,

improving its ability to reproduce observed vegetation patterns and ecosystem
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functioning under changing climate drivers. Together, these studies highlight how CSR
analyses enhance our capacity to interpret and forecast plant individual and community
responses to environment change, thereby underscoring the need for a reproducible

platform for their robust and consistent determination.

Plant species are arranged along CSR axes based on indexing for each strategy according
to specific functional traits, with classification determined by the coordinates for each
species within a triangular CSR space (Hodgson et al. 1999; Table 1). These functional
traits give insight into how a plant allocates its resources and are ideally representative
of the extreme trade-offs for each strategy; for example, competitive species tend
towards large leaf areas (LA), enabling greater resource acquisition, whilst stress-
tolerant species exhibit smaller specific leaf area (SLA) coupled with high leaf dry matter
content (LDMC) reflecting a thicker and tougher leaf to be more resistant to
environmental stresses (Chen et al. 2019). The original CSR framework scored plant
species in the C-axis according to canopy height, litter accumulation and lateral spread,
and in the S-axis according to the maximum relative growth rate in the seedling phase
(Grime, 1974). The R-axis, initially underdeveloped, was later refined to reflect the role of
disturbance in plant strategies (Grime, 1986), leading to a seven-type classification
system that included primary types (C, S, R) and intermediates (CR, SR, SC, and CSR).
Further acknowledgment of 12 tertiary classes resulted in the 19 CSR categories that are
currently used (Grime et al. 1988). Hodgson et al. (1999) later developed a model for CSR
classification based on measurable functional traits, including canopy height (CH),
lateral spread (LS), SLA, LDMC, flowering start (FS) and flowering period (FP), to provide
a standardised approach for classifying plant CSR strategies. To build this model, they

began by defining a set of “gold standard” CSR scores for plant species that had been
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judged as C, S or R based on expert opinion and ecological data: competitiveness was
quantified using a ‘dominance index’ derived from the relative abundance of a species
within a stable environment; stress-tolerance was based on scores on the first principal
component axis (PCA) from analyses of laboratory trait data for plants grown under
controlled conditions designed to simulate resource-limited environments; and
ruderality was estimated from co-occurrence with monocarpic species in disturbed
habitats. These gold standard values were then used as dependent variables in multiple
regression analyses, with combinations of transformed functional traits selected through
trial and error to maximise the correlation with each axis. The resulting regression
equations form the basis of the model, allowing raw C, S, and R scores to be calculated

from trait data.

Table 1. Required traits and their transformations per each competitor, stress-

tolerator, ruderal (CSR) model. Conversions to these scales are provided by Hodgson

et al. (1999).

Trait Abbreviation | Units Required by Transformation

Leaf Area LA mm? StrateFy square root

Specific Leaf SLA mm?/mg StrateFy Natural log

Area Morpho-physiological | square root
Hodgson square root

Leaf Dry Matter LDMC % StrateFy Logit

Content Morpho-physiological | square root
Hodgson square root

Canopy Height CH mm Morpho-physiological | Natural log
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Hodgson *QOrdinal scale
(1-6)
Flowering Period | FP Months Morpho-physiological | None
Hodgson none
Flowering Start FS 1=March or earlier...6 = Hodgson(non- none
August or later Grasses only)
Lateral Spread LS *Categorical scale (1-6) Morpho-physiological | none
Hodgson none
Leaf Dry Weight LDW mg Morpho-physiological | Natural log + 3
Hodgson Natural log + 3
Net PN mg CO,/g dry weight/hour Morpho-physiological | square root
Photosynthesis
Dark Respiration | RD mg CO,/g dry weight/hour Morpho-physiological | square root
Leaf Nitrogen LNC mg/g Morpho-physiological | square root
Content
Leaf Carbon LCC mg/g Morpho-physiological | square root
Concentration

Two more recent models have further expanded the CSR framework. The StrateFy model
(Pierce et al. 2017) limits the selection of functional traits to leaf traits: specific leaf area
(SLA), leaf dry matter content (LDMC), and leaf area (LA), with SLA and LDMC calculated
from leaf fresh weight (LFW) and leaf dry weight (LDW). For this model, equations to
calculate CSR scores are derived from PCA of leaf trait data gathered from the TRY
database (www.try-db.org; Kattge et al. 2011). Specifically, the first two PCA axes are
used: axis 1 captured the trade-off between SLA and LDMC and represents a spectrum

from ruderal to stress-tolerant strategies; axis 2, influenced primarily by leaf area, helps
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to differentiate competitive species. Transformed trait data were then regressed against
the PCA axis that captured the greatest variation for those traits, to generate equations
that estimate a species’ position in CSR space. The minimal trait set makes the model
suitable for broad-scale ecological applications due to the easily accessible

measurements that are ubiquitous across a variety of plant species.

The morpho-physiological model developed by Novakovskiy et al. (2016) extends the
selection of functional traits with the inclusion of physiological traits such as
photosynthetic capacity (PN) and dark respiration (RD) for more accurate assignment of
CSR strategies, offering an alternative method for CSR classification. Similar to StrateFy,
this model is also based on PCA, but here it is applied to a trait dataset including
physiological and morphological traits. Axis 1 reflected most of the variation in
physiological traits whilst axis 2 captured a combination of nutrient content and

morphological traits, allowing species’ positions to be inferred within CSR space.

The above-described models are currently limited to Excel-based tools or require manual
implementation. Both the StrateFy and Hodgson models are provided as a spreadsheet
tool (Pierce et al., 2017; Hodgson et al. 1999). The original paper describing morpho-
physiological model (Novakovskiy et al., 2016) also includes a supplemental Excel
spreadsheet that calculates C, S, and R percentages scores but it does not automatically
assign strategies. The reliance on spreadsheets can present some limitations, for
instance: scaling for large datasets or incompatibility with modern data science tools.
Moreover, these fragmented implementations restrict the reproducibility for these

methods across datasets, which leads to inconsistent outputs depending on how the
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user implements these methods, in turn making it difficult to compare results or build

upon previous studies and advance our broader ecological understanding.

To address these issues, we introduce an R (R Core Team, 2024) package and Shiny
(Chang et al., 2024) application designed to calculate CSR strategies for plants allowing
the user to select either/or the original Hodgson’s method (Hodgson et al. 1999), the
morpho-physiological model (Novakovskiy et al. 2016) and the StrateFy model (Pierce et
al. 2017). By hosting these various models on one open-source platform, this application
aims to integrate and validate these principal CSR frameworks while providing an
accessible platform for exploring ecological strategies across both scientific and applied

contexts.

2 Material and Methods

2.1 Tool structure and implementation

The CSRcalculator was developed in R and is available as both an R package and a Shiny
web application (https://portal.bethchatto.co.uk/csr.php; local version:

https://github.com/TeddyGaskin/CSRcalculator-Shiny-application; Supporting Code

1). The standalone R package is available at:

https://github.com/TeddyGaskin/CSRcalculator, local install instructions are provided in

the readme files of each repository for offline use. The R package includes three model-
specific functions, strateFy(), morphoPhys(), and hodgson(), each of which can be

applied to a data frame containing species information and the necessary trait data:

strateFy()

Implements the StrateFy model. Arguments:

11
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data: A data frame containing species-level trait values.

calcSLA: Logical. If TRUE, calculates SLA from LA and LDW if not provided.

Default is TRUE.

calcLDMC: Logical. If TRUE, calculates LDMC from LFW and LDW if not

provided. Default is TRUE.

morphoPhys()

Implements the morpho-physiological model. Arguments:

data: A data frame containing species-level morphological and physiological

trait values.

calcLDMC: Logical. If TRUE, calculates LDMC from LFW and LDW. Default is

FALSE.

hodgson()

Implements the Hodgson et al. (1999) model. Arguments:

data: A data frame containing species-level morphological and phenological

trait values.

calcLDMC: Logical. If TRUE, calculates LDMC from LFW and LDW. Default is

FALSE.

calcSLA: Logical. If TRUE, calculates SLA from LA and LDW. Default is FALSE.

preferNonGrasses: Logical. If TRUE, applies the non-grass equations when

valid flowering start (FS) values (1-6) are present. Default is FALSE.

12
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These functions follow the same workflow (Fig. 1) and return a data frame with additional
columns for calculated intermediate traits, the CSR scores and/or percentages and the

assigned strategy classes.

Alternatively, the Shiny web application provides a user-friendly interface for CSR
analysis without requiring R experience. The user interface includes an “Introduction”
panel which details usage guidance and model descriptions. The second panel, “CSR
analysis”, allows the user to upload and prepare trait data. Here, users can manually
assign traits to columns, select an averaging option and apply the chosen CSR model.
Results are displayed in an interactive table and ternary plot. Lastly, there is an “Output”
panel with options for displaying summary statistics and a degree of table and plot

customisation (Fig. 2).

2.2 CSR model calculations

CSR model calculations are based on Pierce et al. (2017), Hodgson et al. (1999), and
Novakovskiy et al. (2016). Full calculations are provided in the Supporting data (Methods
S1). Each model requires a specific set of traits with transformations applied prior to the
model calculations (Table 1). Where applicable, intermediate traits (e.g. for non-
succulents, LDMC = [LDW * 100) / LFW] or SLA = LA/ LDW) are computed automatically
if not provided. Trait transformations are applied internally prior to model-specific CSR

calculations, following the methods described in the original publications.

Rather than accepting SLA and LDMC as direct inputs, the original StrateFy tool
calculates them from LA, LFW and LDW, allowing it to correct LDMC values for succulent

species before they enter the model. A succulence index is calculated for each species,
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and where this value exceeds a threshold of 5, the LDMC calculation is adjusted to
prevent distortion from high water content leaves. After trait transformations, these
values are used in principal component analysis (PCA)-based equations to gather axis
scores for each CSR strategy. These scores are normalized and converted to percentages
for strategy assignment based on the minimum Euclidean distance between CSR

percentages of 19 predefined categories.

The morpho-physiological model, similarly, relies on two PCA-derived equations. Each
PCA axis represents a weighted linear combination of all transformed input traits. The
resulting PCA1 and PCA2 values are then projected onto CSR axes by measuring the
position of each species along lines that connect the origin point of PCA1 and 2 to the
centroid of known C, S and R groups. The species position along these lines is considered
their new coordinates in CSR space, or their C, S and R scores. A strategy class is
assigned based on the minimum Euclidean distance to one of 19 predefined CSR
categories, following the same classification method as the other models, the
morphoPhys() function will then convert these scores into percentages to be plotted onto
a ternary plot to visualize these results, any negative percentages are clipped to zero and

the remaining positive percentages are proportionally renormalized.

The Hodgson model is not based on PCA and instead calculates each axis score directly
from transformed trait values using two sets of algebraic equations, one for grasses and
one for non-grasses, they differ in trait inclusion as well as coefficients, affecting the
contribution of each trait to each axis score. Although the authors do not provide
rationale for this approach, it is likely due to shared morphological and phenological

traits that necessitate different trait weightings to ensure accurate strategy assignment
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between these two groups. A C score is derived from squared values of CH and LS; the
non-grass version additionally includes squared log-transformed LDW. S score is
calculated from combining the squared transformations of LDMC, SLA, CH and LS.
Again, the non-grasses version diverges with the inclusion of the squared transformed
LDW. R score is calculated by applying a linear equation to FP, log-transformed LDW, and
square root-transformed SLA, the non-grass version includes FS as well. The resulting
axis scores are scaled to a coordinate space bounded between -2.5 and 2.5, then

classifying each species by identifying the nearest predefined strategy.
2.3 Model comparison and validation

All validation and cross-model comparisons used the dataset published by Novakovskiy
et al. (2021), which provides trait data and CSR outputs for 74 boreal and tundra species.
This dataset was uploaded to CSRcalculator and each model applied using default

parameters.

To validate the package, each function's output was compared against the corresponding
original tool: the StrateFy and Hodgson Excel spreadsheets, and the published CSR
percentages (Novakovskiy et al. 2021). We ran the same validation specifically for the
StrateFy model using a larger, more diverse dataset retrieved from TRY (Kattge et al.
2011), selecting species with the leaf traits required by the StrateFy model (LA, LFW and
LDW). Agreement between each model's CSRcalculator output and the corresponding
reference values was quantified using the R and the root mean squared error (RMSE),

calculated separately for the C, S, and R axes of each model.

2.4 CSRcalculator performance benchmarking
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To assess the performance of the CSRcalculator package, we benchmarked the three
model functions across randomly generated datasets ranging from 10 to 100,000
species, where the upper limit far exceeds a realistic dataset. Trait values were randomly
generated across biologically plausible ranges, with LDW constrained to a fraction of LFW
so that calculated LDMC remained valid. Runtimes were measured using the
microbenchmark package (Mersmann, 2024), repeating each evaluation 100 times, and
median runtime and throughput (samples processed per second) were calculated for
each model at each dataset size. Benchmarking was performed within R 4.4.2 (R Core
Team 2024) on a desktop computer (AMD Ryzen 7 9800X3D, 32 GB RAM) and repeated on

a laptop (Intel Core Ultra 5 235U, 16 GB RAM) for runtime comparison.
3 Results
3.1 Comparison and validation of CSR classification across models

Across all three models, CSRcalculator outputs showed close agreement with the
original tools and published values (Fig. S1). For both the grass and non-grass Hodgson
models, agreement was exact (R> = 1.000, RMSE = 0.00 for all three axes), as it was for
StrateFy (R* = 1.000, RMSE = 0.01). The morpho-physiological model also showed near-
exact agreement (R = 1.000), with RMSE of 0.00, 0.11, and 0.12 for the C, S, and R axes
respectively. The small deviation on the S and R axes arose from a single species (Ledum
decumbens), the model produces a negative ruderal score; CSRcalculator clips this to
zero, whereas the reference assigns a small positive value instead. As for the additional
validation of the StrateFy function against the spreadsheet tool on a large, taxonomically
diverse dataset retrieved from TRY (n = 6,913 species) showed near-exact agreement,

with R*=1.000 and RMSE = 0.03 across all three axes.
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Here we present example results which can be reproduced by using the example trait
data embedded within the CSRcalculator application (Fig. 3; Table 2; Supporting Dataset
S1; Novakovskiy et al. 2021). A substantial number of species classified as
predominantly stress-tolerant by the morpho-physiological model are instead placed in
the CRregion by the StrateFy and Hodgson models, which assign these same species an
S score of 0%. For example, Paris quadrifolia is classified S/CSR by the morpho-
physiological model (C 11.92 %, S 52.81 %, R 35.27 %), driven largely by its relatively slow
dark-respiration rate (RD = 0.42 mg CO, g~' h™"; Supporting Dataset S1). Both StrateFy
and Hodgson classify it R/CR with S = 0 %. Likewise, Primula matthioliis classified S/CSR
(C15.79 %, S 56.55 %, R 27.66 %) by the morpho-physiological model, likely due to a low
net photosynthetic rate indicating a slower metabolism, a characteristic of other stress-
tolerating species (PN = 1.93 mg CO, g™" h™"; Supporting Dataset S1), yet the other
models place it in CR (S = 0 %). A further interesting observation was the shift of many
species towards more extreme positions, mainly towards the CS or CR boundaries within
the CSR triangle, when switching from the grass to the non-grass version of the Hodgson
model. This highlights the importance of incorporating the flowering period in defining
CSR of non-grasses where the inclusion of this trait is the only major difference between

grass and non-grass equations.

Table 2. Summary table of competitor, stress-tolerator, ruderal (CSR)_analysis for

each model including the most common strategy types, the averages and standard

17
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deviation of CSR scores. Analysis based on trait data included in the supplementary

data of Novakovskiy et al. (2021).

Statistic Hodgson Hodgson StrateFy | Morpho-physiological
(grasses) (non-grasses)

Modal Strategy | CR CR CR C/CSR
Mean C% 45.98 51.92 33.18 33.00
Mean S% 20.25 10.17 24.55 35.48
Mean R% 33.77 37.90 42.27 31.52
SD C% 15.08 15.01 19.22 17.22
SD S% 19.51 17.92 25.34 18.03
SD R% 18.47 21.09 20.89 17.39
Min C% 22.67 26.09 1.02 0.00
Min S% 0.00 0.00 0.00 0.89
Min R% 2.74 0.00 0.00 0.00
Max C% 87.50 88.46 83.93 64.66
Max S% 68.49 68.18 98.98 74.15
Max R% 73.91 72.22 86.34 81.00

3.2 CSRcalculator Performance

For the R package, we assessed how runtime scales with dataset size by benchmarking
each function across datasets from 10 to 100,000 samples (Fig. 4). For all three
functions, runtime was near constant for small datasets and increased approximately
linearly above roughly 1,000 samples, with throughput stabilising above this size; no

abrupt changes in scaling were observed across the range tested. The three functions
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performed near-identically, with minor differences likely due to the number of traits
processed. A dataset of approximately 6,000 samples, comparable to a trait dataset
retrieved from the TRY database (Kattge et al. 2011; Supporting Dataset S2), was
processed in approximately 0.05-0.06 seconds for each model. Absolute runtimes will
vary with hardware, but the scaling indicates that processing time remains proportional
to dataset size at scale rather than degrading disproportionately as data volume grows.
Benchmarking on a second, lower-specification machine produced the same scaling,
with absolute runtimes approximately 1.3-1.4x longer across the tested range; for
example, the 6,000-sample dataset was processed in approximately 0.08 seconds per

model versus 0.055 seconds on the desktop.

4 Discussion

4.1 CSRcalculator: reproducibility, accessibility, and insight

The CSRcalculator tool was designed with three major goals in mind: reproducibility and
accessibility of plant ecological analysis and integration of multiple CSR models into one
platform. By implementing each model directly from its published equations and
classification rules, the tool ensures that outputs are consistent with the original model
sources. The open-source nature of CSRcalculator and the inclusion of any calculated

intermediates in the table output further support transparency and reproducibility.

The tool is provided in two complementary forms. The Shiny interface allows users to
upload their dataset, select a model, and immediately view CSR scores, strategy

assignments, and ternary plots without requiring any coding or manual spreadsheet
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manipulation. The accompanying R package provides the same workflow in scripted form
up to the table output, ensuring that analyses can be repeated reliably across any dataset
with the required plant traits and incorporated into larger analytical pipelines. Users can
also reproduce the ternary plots using the plotly package (Sievert, 2020), with the exact

plotting options available in the Shiny application code.

Although both forms implement the same underlying calculations, they suit different
uses. Our benchmarking showed that the model functions scale approximately linearly
with dataset size, with runtime ultimately bounded by available memory rather than by
the calculations themselves. In practice, for very large datasets, the total runtime will
likely be driven more by reading in the data rather than by the model calculations. The R
package is therefore well suited to large datasets and to integration within scripted,
reproducible workflows, where it can be applied to datasets as large as a user's hardware
permits. This represents a marked practical improvement over the original spreadsheet
tools, which require trait data to be entered or pasted manually and are not designed for
application to large numbers of species at once. The Shiny application comfortably
accommodates realistically sized datasets, but has a fixed upload limit of 30 MB, for the
largest datasets, the R package will process the data more quickly and is the more

practical choice.

The intuitive interface and immediate visual outputs of CSRcalculator make it particularly
well suited for teaching trait-based ecology and for demonstrating how simple leaf traits
can be translated into ecological strategies. For example, the tool could readily support
an undergraduate practical in which students sample leaf traits across functional or

phylogenetic diversity, or across contrasting environments, and analyse their data using
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CSRcalculator to generate a dataset suitable for a scientific paper-style assignment.
Beyond formal teaching, the application also provides a practical resource for outreach
groups, garden practitioners, and conservation teams seeking to explore species'
functional strategies without the need for specialist software. In a conservation context,
CSR assignments at both individual and community levels offer valuable insights into
ecosystem function and resilience (as highlighted in the Introduction); readers interested
in broader applications are directed to the recent review of CSR theory and practice by Li

et al. (2025).

These advantages come with some limitations. As CSRcalculator applies each published
model directly to the trait data provided, the reliability of its outputs depends on the
quality and appropriateness of the input data, including the use of expected trait units.
As noted above, the Shiny application is best suited to interactive exploration, while very
large datasets are more efficiently handled through the R package. More broadly, strategy
assignments remain dependent on the model selected, an issue explored in detail in the
following section; CSRcalculator is intended to make these differences explicit rather

than to identify any single model as definitive.

4.2 Comparing CSR models

Analysis of the example dataset embedded within CSRcalculator revealed clear
differences in strategy assignment among the CSR models, driven by contrasting trait
selection and model structure. StrateFy represents the most parsimonious approach,
relying on three widely available leaf traits, making it well suited to large-scale analyses
where data availability is limited. However, this simplicity may constrain its ability to

capture the full range of ecological strategies. In contrast, the morpho-physiological
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model incorporates a broader suite of traits, including gas exchange and nutrient
content, allowing it to resolve physiological trade-offs and distinguish species with

similar morphology but differing metabolic strategies.

Although both models derive CSR scores using principal component analysis, the
interpretation of their axes differs. In StrateFy, PCA axis 1 captures a trade-off between
ruderal and stress-tolerant strategies, with opposing loadings of SLA and LDMC, while
axis 2 is driven largely by leaf area and helps identify competitive species. In the morpho-
physiological model, axis 1 reflects physiological performance and axis 2 integrates
nutrient and morphological traits. Consistent with these differences, agreement
between models was highest for the ruderal axis (Spearman’s p = 0.68) and substantially

lower for the competitive and stress-tolerant axes (p = 0.28 and 0.26, respectively).

The Hodgson model occupies an intermediate position, relying on morphological and
phenological traits but excluding physiological variables. In the example dataset, it
frequently aligns with StrateFy, assigning zero stress-tolerance scores to species such
as Oxalis acetosella, despite the morpho-physiological model classifying them as
predominantly stress-tolerant. Unlike the PCA-based approaches, CSR scores in the
Hodgson model are derived from regression equations calibrated against “gold
standard” benchmarks for each strategy (Hodgson et al. 1999), based on dominance in
stable communities (C), responses to nutrient stress (S), and association with disturbed
habitats (R). As these benchmarks were developed largely from British flora, their
broader applicability may be limited. In addition, the use of separate equations for
grasses and non-grasses can substantially alter strategy assignments, underscoring the

need for careful model selection based on species identity and available trait data.
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Taken together, these comparisons highlight that CSR strategy assignments are
inherently model-dependent and sensitive to both trait selection and underlying
analytical assumptions. CSRcalculator makes these differences explicit by allowing
users to apply and directly compare multiple CSR frameworks within a single,

reproducible platform.

4.3 Conclusion

This study introduces two tools that streamline analysis of ecological strategies via the
CSR framework: the open-source CSRcalculator R package and the accompanying shiny
web application. These tools offer a more accessible and reproducible approach to CSR
analysis. We have integrated the most prominent CSR models into one platform allowing
researchers to choose the most appropriate model for their dataset and scale of study.
In addition to facilitating current methods, the R package, and by extension shiny
application, provide a foundation for future model development. New CSR models can
be readily integrated into both tools, supporting the advancement and standardisation of
CSR analysis in modern plant ecology. CSRcalculator offers a reproducible, validated
platform for quantifying ecological strategies while supporting broader applications in

plant ecology, education, and sustainable landscape design.
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All trait data used in this study were sourced from previously published materials
(Novakovskiy et al. 2021). An adapted data set from this source is included in the
CSRcalculator package (Supporting Dataset S1; Supporting Code S1). The TRY datasetis

included in the supporting material (Supporting Dataset S2).

The Shiny application is available at https://portal.bethchatto.co.uk/csr.php. Source
code is available on GitHub https://github.com/TeddyGaskin/CSRcalculator-Shiny-
application; https://github.com/TeddyGaskin/CSRcalculator as well as the tables used
in the app, a readme file with instructions of use and the code to run an example case.

See also an archived version in Zenodo (https://doi.org/10.5281/zenodo.20673030;

https://doi.org/10.5281/zenodo.20673018).
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Figure Legends

Figure 1. Workflow summarising the functions in the CSRcalculator package for assigning

plant ecological strategies given trait data as input.

Figure 2. Overview of the competitor, stress-tolerator, ruderal (CSR) Calculator shiny

application. (A) model guides, (B) analysis panel with column selection, averaging
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options and model application, (C) output panel with table and plot options, (D) main

panel presenting result

Figure 3. A comparison of ternary plot outputs for each competitor, stress-tolerator,
ruderal (CSR) model using the Novakovskiy, et al. (2021) supplementary data set. (A)
Hodgson (grasses) (B) Hodgson (non-grasses) (C) StrateFy and (D) morpho-physiological.
Plot points are drawn towards each corner based on their CSR scores, competitive
species to the top, stress-tolerators to the bottom left and ruderals to the bottom right.
Point colours are blended based on their CSR scores, blue is competitive, orange is

stress-tolerating and green is ruderal.

Figure 4. Runtime of the three CSRcalculator model functions (StrateFy, Hodgson, and
morphoPhys) across dataset sizes ranging from 10 to 100,000 samples. Points show
median runtime over repeated evaluations, with shaded bands indicating the
interquartile range. Both axes are log-scaled. Runtimes were measured using the

microbenchmark package.

Supporting information

Supporting Figure S1: Comparison of CSR scores produced by model sources and the
CSRcalculator application. R?and root mean square error (RMSE) are provided for each

comparison.

Supporting Dataset S1: Trait data and CSRcalculator output with reference outputs

Supporting Dataset S2: TRY dataset after processing through the CSRcalculator app,

appended with the excel tool output.
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Supporting Methods S1: Equations and methods used for each model function in the

CSRcalculator R package.

Supporting Code S1: R code text files used in the CSRcalculator R package and shiny

application.
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