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ABSTRACT
Quantifying phenotypic plasticity, the capacity of organisms to adjust phenotypes in response to environmental changes, is 
essential for understanding ecological and physiological resilience under climate stress. However, existing methods often lack 
flexibility and precision, especially under multi-dimensional environmental conditions. Here, we introduce a novel statistical ap-
proach, the Environmentally Standardized Plasticity Index (*ESPI), which integrates Hedges' g for effect size quantification and 
Euclidean distance for characterizing environmental variability. We validated this method using both simulated datasets and 
empirical data from the marine diatom Thalassiosira weissflogii, investigating five key phenotypic traits over 7 days under vary-
ing temperature, irradiance, and nutrient conditions. Our findings indicate distinct temporal patterns of plasticity: certain traits, 
such as photosynthetic efficiency (alpha) and saturation irradiance (Ek), demonstrated high initial plasticity followed by grad-
ual acclimation, whereas others, like pigment composition, exhibited delayed phenotypic responses. This temporal dimension 
highlights the critical role of the growth phase in shaping plasticity responses. The proposed *ESPI method provides a robust, 
intuitive, and versatile framework for quantifying phenotypic plasticity, offering significant advances in predicting organismal 
adaptation to environmental change.

1   |   Introduction

Phenotypic plasticity, the ability of organisms to alter their 
phenotype in response to environmental changes, is a crucial 
adaptation mechanism in phytoplankton, microalgae, and cya-
nobacteria. This plasticity can manifest in various ways, such 
as changes in carbon fixation rates (Ji et al. 2020), pigmentation 
(Stomp et al. 2008), and morphology (Lin et al. 2020; Morales 
and Trainor 1997), among other traits. Plasticity can vary among 
species and is influenced by environmental variation (Leung 
et  al.  2020). Phenotypic plasticity plays a significant role in 

competition and adaptation to fluctuating environments and 
can contribute to changes to community functional responses 
(Beier et al. 2015). Understanding phenotypic plasticity is cru-
cial for predicting species' responses to environmental changes 
and their ecological response (Ji et al. 2020).

There is a significant need for a consensus on, or at least a clearer 
understanding of, the methods used to study phenomes and 
their plasticity within environmental research. Many current 
studies vary widely on a philosophical level, focusing on differ-
ent aspects of the genotype-to-phenotype pipeline. This results 
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in different attention on traits, environmental contexts, and sta-
tistical methods, which can make any type of cross-comparison 
between species impossible. This lack of methodological consis-
tency contributes to a broader gap in our understanding of how 
phenotypes, shaped by complex interactions between genes and 
environments, can be reliably studied and compared (Furbank 
and Tester  2011; Houle et  al.  2010; York  2019). To further the 
field of phenomics, as to better address the phenome genome gap 
which continues to emerge because of increasing accessibility of 
genetic sequencing (Furbank and Tester 2011; Yang et al. 2009), 
greater coordination is required across the methodological ap-
proaches. This includes clear reporting of environmental con-
ditions past and present, as well as trait selections, which may 
differ based on research goals but must be clearly stated and 
justified.

Under anthropogenic climate change, it is vital to establish a 
clear picture of how certain species will fare based on not only 
their current patterns of behaviour but also on their intrinsic 
capacity for phenotypic plasticity (Nicotra et  al.  2010; Sackett 
et al. 2013). However, consensus is still lacking on how plasticity 
should be defined and quantified. This challenge has persisted 
for decades, reflecting both limited knowledge of underlying 
biological mechanisms and the statistical difficulties associated 
with capturing plastic responses (Laitinen and Nikoloski 2019; 
West-Eberhard  2005; Argyle et  al.  2021; Pélabon et  al.  2020; 
Valladares et  al.  2006). Streamlining statistical methods is 
the key aspect of this research which will allow for greater 
cross-comparison.

To help reconcile these methodological discrepancies and facil-
itate a stronger understanding of multi-trait plasticity, we intro-
duce a novel statistical framework to unify existing approaches 
under a single, flexible methodology. This framework adapts 
and extends the Environmentally Standardized Plasticity Index 
(ESPI) proposed by Valladares et al. (2006), allowing research-
ers to characterise phenotypic plasticity even under complex 
experimental conditions quantitatively. The method has been 
revised on the basis that the original ESPI is scale dependent, 
meaning that cross-trait and cross-species comparison becomes 
difficult, and is inherently limited to one environmental axis. 
The revised method allows for cross-trait comparison at a given 
number of environmental variables, allowing for more effective 
comparison between and across species. A trait-wise approach 
to plasticity will likely be the most appropriate as to maintain 
nuance when looking at a phenotype, rather than overprocess-
ing the data in the hopes of producing a singular ‘whole pheno-
type’ value.

Here, ESPI is adapted to study quantitative phenotype plasticity 
and validated using a simulation dataset and a case study on the 
diatom Thalassiosira weissflogii. Aside from computing plas-
ticity according to *ESPI, each trait is examined on a day-by-
day basis to resolve how plasticity in the diatom behaves on a 
temporal scale. This allows for a deeper understanding of how 
phenotypic plasticity behaves after cultures experience an envi-
ronmental shift and could be a tool employed to gain an under-
standing of the mechanistic drivers of plasticity in future study.

This in vivo study of the diatom's plasticity incorporates three 
environmental factors which are relevant under anthropogenic 

climate change: temperature, light, and nutrient availability. 
Sea surface temperatures as well as top 2000-m ocean tempera-
tures have reached unprecedented highs in recent years and 
significantly impact microorganism populations and distribu-
tion, a trend that will not slow in the coming decades (Cheng 
et  al.  2023, 2025). Changes in sedimentation levels combined 
with the destabilisation of global currents, largely due to de-
creased ice cover in the poles and extreme weather events, have a 
significant effect on irradiance levels by dysregulating stratifica-
tion (Marinov et al. 2010). Nutrient availability and aqueous car-
bon concentration are additionally severely impacted by human 
activity and climate change, including nitrogen and phosphate 
cycling which have both undergone major increases from pre-
industrial times (Falkowski et al. 2000; Field et al. 1976; Jiang 
et al. 2023). These environmental factors are part of a larger pic-
ture of interwoven drivers which will likely permanently alter 
the dynamics of the world's oceans. Algae play a foundational 
role in these dynamics, highlighting the need for multidriver 
phenotypic analysis such as is proposed here. This study aims to 
provide a flexible framework and associated method by which 
the outcomes of climate change on phenotypic expression, un-
derstood to be plasticity, can be quantified on a trait level.

1.1   |   Statistical Theory

1.1.1   |   New *ESPI Calculation

The original ESPI equation (Equation 1; Valladares et al. 2006), 
which sets 𝑋 and 𝑥 as the maximum and minimum phenotypic 
values, and 𝐸 and 𝑒 as their corresponding environmental val-
ues, lacks any statistical differentiation between these extremes, 
preserves trait scales, and does not extend to multi-dimensional 
environmental gradients. As the equation utilized raw data 
scales, it is not appropriate for cross-trait comparisons.

To resolve these limitations, the new proposed formula for calcu-
lating the *ESPI integrates Hedges' g in the numerator to quan-
tify the effect size between two sample groups and Euclidean 
distance as the denominator, reflecting environmental change.

The numerator in this instance is proposed to be Hedges' g (also 
known as unbiased Cohen's d). The ‘d’ statistic (Cohen  1992, 
1969) quantifies effect size through pairwise comparison of 
standardized means, but tends to overestimate variance in 
small sample groups, as seen in this application. Hedges' g 
(Hedges 1981) corrects for bias in small sample sizes, making it 
more reliable than Cohen's d in such contexts, and is applied as 
a correction factor to the base formula.

Before the calculation of Hedges' g it is still necessary to test sig-
nificance through parametric and non-parametric testing of the 
null hypothesis; however, this should be treated as an intermedi-
ary step and will produce an independent result (Figure 1, Step 
1). Traditional t tests can assess whether an effect is statistically 

(1)ESPI =
X − x

E − e

(2)∗ESPI =
Hedges g

Euclidean distance
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significant but do not provide a direct measure of effect size. 
Thus, additional effect size metrics are necessary to quantify 
the magnitude of phenotypic shifts, as such p values cannot 
reveal the strength of a relationship in adequate detail (Goulet-
Pelletier and Cousineau 2018). Here, statistical difference forms 
a baseline measurement in this application to the *ESPI. The 

pairwise comparison with the greatest statistical difference is 
then used to calculate variance in the subsequent steps. This can 
be computed even if there is no statistically significant differ-
ence according to the applied threshold; the greatest difference 
in the observed dataset can still be used to calculate Hedges' 
g. Once Hedges' g is calculated, its standardized nature allows 

FIGURE 1    |    Flowchart depicting the method employed for the calculation of *ESPI.

Separate per trait into replicate groups by 
environmental conditions

Check assumptions: normality and 
equal variance

Assumptions met: ANOVA
+ Tukey 

Collect trait data across environmental conditions

Select pair with greatest statistical difference

Assumptions not met: 
Welch’s ANOVA + 

Games-Howell

Compute Hedges’ g = d x J(v)

Check per group sample size

n = < 10: Compute 
correction factor J(v)

Compute effect size: Cohen’s d 

Estimate uncertainty: SE and 95% CI (noncentral t)

n = ≥ 10: use d as is

Identify environmental conditions for selected pair

Normalise variables and compute Euclidean distance

Compute *ESPI = Hedges’ g / Euclidean distance

Start

End

Step 1: Determine groups with greatest statistical difference

Step 2a: Calculate effect size and uncertainty Step 2b: Calculate Euclidean distance

Step 3: Calculate *ESPI
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for meaningful comparisons, preventing artificially inflated 
*ESPI values arising from differences in the scales of measure-
ment between different traits. Furthermore, the interpretation 
is intuitive: larger values of Hedges' g indicate more substantial 
phenotypic shifts, while smaller values correspond to weaker 
effects.

The base formula of Cohen's d (Figure 1, Step 2a; Equation 3) 
uses x1 and x2 as the numerator (means of sample groups) and 
the denominator S (SD).

Pooled standard deviation is widely agreed to be the most ap-
propriate measure when comparing two independent sample 
groups for Cohen's d (Goulet-Pelletier and Cousineau  2018) 
(Equation 4). n1 and n2 are the sample sizes of groups 1 and 2, re-
spectively, and S1 and S2 are the associated standard deviations 
of these groups. This accounts for each group's sample size (n), 
which may vary between groups (perhaps due to error or outlier 
removal). The term is generally expressed as ‘dp’ or ‘ds’ (Goulet-
Pelletier and Cousineau 2018).

Next, the Cohen's d can be transformed to Hedges' g. Cohens' d is 
found to overestimate effect size, with a relatively large bias oc-
curring with sample sizes of less than 10 in each group, or a total 
of less than 20 (Wasserman et al. 1988). When sample groups 
total more than 20, this step can be avoided and Cohens' d used 
as the numerator in *ESPI, though to avoid ambiguity referred 
to as g since the correction factor can be assumed to be ~1. The 
correction factor (J(v)) must be determined based on the dataset 
(Equation 5). A simplified method is presented as the extended 
formula requires use of the Gamma function (Γ), which can be 
computationally demanding (Equation  S1). The approximated 
correction factor (Equation 5) allows for a simplified calculation 
and can be used for sample sizes over 10. This is represented 
by v in the equation is the total sample size number across the 
two groups minus 2 (when a two-group design is used; however, 
more options exist for repeated measure designs).

In the following simulations, v = 10, J(v) is 0.9227 and the 
approximation of J(v) is 0.9231, making the difference in 
the final correction factor near negligible; however, the ex-
tended formula for correction factor calculation will be ap-
plied for demonstration purposes in the following datasets 
(Equation  S1). Once the correction factor has been applied, 
Hedges' g can be calculated by multiplication of Cohen's d and 
the correction factor:

The final value obtained by Equation  (6) can be implemented 
into the *ESPI formula.

1.1.2   |   Calculation of Euclidean Distance

The denominator in Equation (2), Euclidean distance, calculates 
the distance between two points in any number of dimensions, 
and has been used to quantify distances in environmental space 
(Step 2b, Figure 1) (Champely and Chessel 2002; Kietpawpan 
et  al.  2003). Functionally, this means that Euclidean distance 
and environmental change are positively correlated. Here, each 
environmental variable is normalized on a 0 to 1 scale within the 
experiment, providing a scale-invariant measure of Euclidean 
distance. Note that Euclidean distance is often denoted as d; 
however, to avoid confusion with Cohen's d it will be referred to 
by its name. Here, the Euclidean distance across n dimensions is 
calculated using Equation (7). In this equation, i signifies each 
dimension, and q and p are the coordinates of the two points 
being examined, meaning qi and pi are the coordinates of two 
points in the ith dimension.

1.1.3   |   Standard Error and Confidence Intervals

In understanding the strength of the g value under this model, 
standard error (SE) and confidence intervals (CI) can and should 
be calculated (Figure 1, Step 3). Because the variance is calcu-
lated based on two distinct means, unless sample sizes are very 
large, it will follow a non-central t distribution (Goulet-Pelletier 
and Cousineau  2018), unless a central t distribution can be 
proven. The method known as ‘true’ standard error (Equation 8) 
(Hedges 1981) remains to be the most appropriate measure when 
looking at sample sizes under 50.

In this equation for calculation of ‘true’ standard error, J(v) is 
the correction factor, ñ is the harmonic mean of the n of the two 
sample groups, v represents the total sample number across the 
two groups, and � is the true standardized effect size in the pop-
ulation (which is replaced by the effect size estimate g as previ-
ously calculated, as true effect size is unknown).

Confidence intervals can be calculated to add strength and 
ensure the result is robust, assessing suitability and precision. 
Following on from the assumptions previously taken, the non-
central t method is most appropriate (Equations  9 and 10), 
though central t distribution and bootstrapping are sometimes 
also used. The non-centrally parameter (λ) is obtained with g 
representing the effect size, and ñ as the harmonic mean of the n 
of the two sample groups (Equation 10).

(3)Cohen�s d =
x1 − x2
S

(4)Spooled =

√(
n1 − 1

)
S2
1
+
(
n2 − 1

)
S2
2

n1 + n2 − 2

(5)J(v) ≈
(
1 −

3

4v − 1

)

(6)g = d × J(v)

(7)Euclidean distance =

√
Σni=1

(
pi−qi

)2
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After this, λ can be applied to calculate CIs (Equation  10) in 
which λ is obtained by the previous formula, tL is the lower limit, 
and tU is the upper limit. For a typical 95% symmetric confidence 
interval, these would be the 2.5th and 97.5th percentiles of the 
distribution. Square brackets denote that the extremity of the in-
tervals is inclusive. gL and gU denote the lower and upper limits 
of the g statistic using tL and tU as the lower and upper limits of 
the λ interval.

1.1.4   |   Method Implementation

To demonstrate the calculation of phenome plasticity using the 
amended *ESPI a sample dataset is analysed from the model 
diatom T. weissflogii. This species of diatom has widely been 
studied due to its use in aquaculture, ecological importance, 

biotechnological applications and in being the first diatom 
to undergo genome sequencing (Alverson et  al.  2011; García 
et  al.  2012; Marella and Tiwari  2020). In this experiment, 48 
96-well plates were inoculated with culture media under 24 dif-
ferent environmental conditions, and daily trait measurements 
were performed. Temperature, irradiance, and nutrient concen-
tration were altered to induce various phenotypic responses.

Additionally, simulated data were prepared by creating 10 
sample groups under different environmental pressures, each 
with a certain number of ‘replicates’. The simulation data was 
designed to mimic a real life ‘messy’ dataset, to appropriately 
stress test the model. Sample sizes were imbalanced, drawn 
from log-normal distributions, with random missing data and 
outliers built in through heavy-tailed errors and contamina-
tion (Figure  2a,b). Additionally, the data were made hetero-
scedastic, so that groups producing larger means also had 
greater variance (Figure 2c). ‘Environmental values’ were also 

(10)CIg =
[
gL = tL ÷

�

d
, gU = tU ÷

�

d

]

FIGURE 2    |    Simulation data and dataset features. (a) Half box plot depicting raw data values in the simulation series. S1–S10 represent the 10 
sample groups. Boxes indicate interquartile range, whiskers denote outlier boundaries (based on interquartile range multiplied by 1.5), and mean 
value is shown by the bar in each box. (b) Sample size (left y-axis) and outlier rate (right y-axis) per sample group (S1–S10). (c) Heteroscedasticity of the 
raw dataset. Standard deviation (y-axis) and average (x-axis) of each of the 10 sample groups are plotted. Linear regression demonstrates the positive 
mean–variance trend. (d) Principal component analysis with k-means clustering (k = 3) of the 10 environmental variables (z1–z10) assigned to across 
each dataset (S1–S10). Three correlated clusters emerge; z4, z5, and z7 in grey; z10, z8, z1, z2, and z9 in red; z3 and z6 in blue.
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generated with the intention of mimicking real-world interac-
tions. A set of 10 environmental factors (z1–z10) was gener-
ated for each group of data. In this, correlation was imposed 
through a Gaussian copula, so that axes display a degree of in-
terdependence, as would be seen in ecological examples (i.e., 
Colder temperatures correlate with greater bioavailability of 
nutrients, Harrison and Cota  1991). Correlation of environ-
mental variables can be seen through k-means clustering PCA 
in Figure 2d. This dataset was used in the comparison of the 
original ESPI method as per Valladares et al. (2006), and the 
new *ESPI method proposed in this paper.

2   |   Materials and Methods

2.1   |   Culture Maintenance

Thalassiosira weissflogii strain CS-871 was maintained under 
20°C in standard F/2 media supplemented with silica (Guillard 
and Ryther  1962). Culture was upscaled to produce adequate 
inoculum at mid-exponential phase, upon which experimental 
plates were inoculated.

2.2   |   Experimental Design

Forty-eight 96-well plates (Corning, Corning NY) were prepared 
with three concentrations of media with varied concentrations of 
nutrients. Media types were prepared for a final concentration of 
50%, 100%, and 200% standard F/2 in 300 μL (Algaboost, AusAqua 
SA). Rows in well plates were filled with 250 μL of one of three 
media types in ascending alternation, producing 32 replicates per 
plate (using Opentrons OT-2, Opentrons NY). Well plates were 
then inoculated with 50 μL of T. weissflogii in each well. Of the 48 
well plates, 8 sets of 6 replicates were made which would then be 
incubated under varying temperature and light conditions, as seen 
in Table S1. This brought the total number of replicates per unique 
environmental condition to 192, across 24 unique environmental 
conditions. Control conditions were included in the matrix. Day 0 
measurements were taken, and cultures were subsequently incu-
bated for 7 days in the assigned conditions.

2.3   |   Spectroscopy

Optical density was taken at 480 nm excitation and 550 nm emis-
sion, and 480 nm excitation 680 nm emission to provide rough 
estimates of secondary photosynthetic pigments (mainly fu-
coxanthin) and chlorophyll a, respectively (Spark Cyto Tecan 
Trading AG, Switzerland). This was repeated for each of the 48 
plates every day.

2.4   |   Flow Cytometry

Each day, 5 wells were selected from 24 of the 48 plates so that 
9 replicates per unique condition could be analysed using flow 
cytometry (Cytoflex LX, Beckman Coulter USA). Cell counts 
per mL were used to calculate growth for the duration of the ex-
periment as a quality control and to eliminate cultures from the 
experiment that collapsed after inoculation of plates.

2.5   |   Photobiology

Pulse amplitude modulated (PAM) fluorometry was per-
formed daily using a Flat FluorCam FC 1300/2020 (PSI, 
Drasov, Czech Republic). Rapid light curves obtained from 
these measurements enabled the calculation of rETRmax, 
alpha, and Ek.

2.6   |   Statistical Analysis

Data collected was arranged and tested for distribution and nor-
mality conditions; pairs which elicited the greatest statistical 
differences were isolated as identified by Welches ANOVA and 
post hoc Games-Howell test. From these pairs, Hedges' g was 
calculated according to the methods described earlier and *ESPI 
was calculated. ChatGTP-4o (OpenAI) was used to aid in writ-
ing the R code used to conduct statistical analysis.

3   |   Results

3.1   |   Simulation Dataset

The simulation dataset was designed to evaluate the benefits and 
limitations of the proposed *ESPI method. Figure 2a–d ++shows 
the features of the dataset, of which there are 10 ‘sample groups’ 
(S1–S10), and the correlations among the environmental factors 
used (z1–z10). Raw data scale ranges from −1617 to 3021, with 
large SDs (Figure 2c) and frequent outliers (Figure 2b). Sample 
sizes range from 75 to 151 based on outlier rate (Figure 2b), and 
the heteroscedastic relationship shows an increase in mean as 
correlated with an increase in standard deviation (Figure  2c). 
Figure 2d shows the three clusters of correlated environmental 
factors; z4, z5 and z7 in grey; z1, z2, z8, z9, z10 in red; and z3, z6 
in blue.

When investigating the relative strength of original ESPI ver-
sus *ESPI, pairwise values were computed between all datasets 
resulting in 45 individual values. ESPI was calculated using z1 
only as per the original method, and *ESPI was calculated using 
Euclidean distance of 2, 3, 5, and 10 environmental variables. 
For each combination, a ground-truth plasticity was computed 
based on the true mean and the pooled variance. When plotting 
against ground truth, the original ESPI (Figure 3a) retained its 
raw value magnitude but adhered more closely to the 1:1 line. 
*ESPI (Figure 3b) maintained a more comparable scale even as 
the number of environmental variables increased, but showed a 
degree of systematic negative bias, ranging from −0.42 to −0.21 
as environmental axes increased (Figure S1c).

Figure 3c displays the coefficient of variation (CV) of ESPI versus 
*ESPI, as calculated across the same 45 pairwise comparisons of 
each dataset under the relevant number of environmental fac-
tors. ESPI has a slightly lower CV of 79% as opposed to *ESPI 
under a singular dimension, for which the CV is 90%. Once 
multiple environmental factors are considered, CV for *ESPI 
drops to 36%, 36%, 38%, and 34%, respectively. The effect of the 
environmental factor used on the same dataset is then applied 
in Figure 4a, when the original ESPI is calculated using each z 
variable. Finally, Figure 4a presents individual axis sensitivity 
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of ESPI, and Figure 4b demonstrates unit sensitivity scaling raw 
values by 0.5, 2, and 10 and then calculating mean ESPI and 
*ESPI (n = 45). Original ESPI is resultingly calculated as 203.4, 
813.6, and 4068 based on scaling, whereas *ESPI remains stable 
across each level.

3.2   |   Application for Quantification of T. 
weissfloggi Phenotype Plasticity

In Figure 5, the Euclidean distance versus Hedges' g of each 
trait is monitored in T. weissflogii on each day of the exper-
iment. It can be observed that as variance shifts, so does 
environmental change between the points eliciting these re-
sponses. Alpha and Ek show the highest points (g of 28.2 on 

Day 3 and 11.6 on Day 4, respectively) on both axes for mul-
tiple days, particularly on Days 3 and 4. rETRmax shows its 
highest point on both axes on Day 3 (g of 3.5), while other days 
show smaller variance and Euclidean distance. Chlorophyll a 
and fucoxanthin appear around the centre of the x-axis (in-
dicating variance); however, chlorophyll a appears relatively 
higher in relation to the y-axis (Euclidean distance). Days 5 
through 7 show a trend of clustering at low Hedges' g and low 
Euclidean distance.

Across the span of the experiment, Ek maintains a consistently 
high effect size with an *ESPI on Day 1, 13.5 to 11.6 on Day 7 
(Figures 5 and 6). On Day 7, this occurs under a larger Euclidean 
distance of 1.41 as compared with 1.2. The highest *ESPI oc-
curs on Day 4, after which a drop occurs. Alpha shows a high 

FIGURE 3    |    Relationship between original ESPI and *ESPI and ground truth values. (a) Relationship between original ESPI and ground truth 
standardized effect using a single environmental axis (z=1) for each dataset pair in the simulation (45 pairs). (b) Relationship between *ESPI and 
ground truth standardized effect. *ESPI was calculated for each pair of datasets (S1–S10 producing 45 pairs). Plots represent estimation versus truth 
when Euclidean distances of 2, 3, 5, and 10 environmental factors are considered. Ground truth was calculated through true means and true pooled 
standard deviation as determined by the simulation. 1:1 line represents a perfect calibration of the model. Degree of numerical variance indicates 
sensitivity. (c) Coefficient of variation as calculated for original ESPI using one environmental axis (z=1), and for *ESPI using each 1, 2, 3, 5 and 10 
environmental axes (z=1, 2, 3, 5, 10).
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variance on day one at 8.71, the second highest to Ek, which 
then drops to 4.9 throughout the experiment alongside a reduc-
tion in Euclidean distance (Figures  5 and 6). The trait, how-
ever, shows a sharp increase on Day 2 with the highest *ESPI 
recorded on day three at 26.7 and maintains a high *ESPI until 
Day 4. Fucoxanthin fluorescence increases in g from 3.59 to 
6.15, while Euclidean distance drops from 1.73 to 1.4 from Days 

1–7 (Figures 5, 6). *ESPI maintains relative stability across the 
experiment and peaks on Day 7. The variance of chlorophyll a 
content as measured by F680 remains moderate, starting at 1.15 
and moving to 1.91. The Day 7 means are extremely high and 
variable; as such standardized effect size and *ESPI remain low 
(Figures 5 and 6). Day 4 again shows the greatest *ESPI. rETR-
max reduces from Days 1 to 7 (2.75–1.75, respectively) (Figures 5 

FIGURE 4    |    Axis and unit sensitivity of ESPI versus *ESPI. (a) Denominator scale sensitivity of ESPI versus *ESPI. ESPI of s1 and s10 when each 
of the environmental variables are considered as the single denominator. *ESPI is shown for reference, where Euclidean distance across all 10 envi-
ronmental parameters is used. (b) Unit sensitivity of ESPI vs. *ESPI. Raw data values were scaled by 0.5, 2, and 10 and ESPI calculated using z1 as the 
one-dimensional denominator. Mean of all (n = 45) ESPI pairs is reported for each scaled point.

FIGURE 5    |    Relationship between statistical and multivariate differences in trait responses of Thalassiosira weissflogii. Horizontal axis shows 
Hedges' g calculated between two groups of phenome responses with the greatest statistical difference determined by Welches ANOVA and post hoc 
Games–Howell test. Vertical axis is the Euclidean distance of the two points at which the greatest difference was found in three-factor space repre-
senting the difference between the two environments invoking said phenome response. Color of individual point represents the trait, and each time 
point is labelled with the day (1–7 days) on which the data was collected. The colored area between the points is the Convex Hull and its centroid.
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9 of 14Ecology and Evolution, 2026

and 6), and Euclidean distance stays the same despite the condi-
tions under which the variance was discovered being different. 
Day 3 presents the greatest *ESPI (at 10.3), after which values 
drop to the lowest plasticity out of the five and maintain stability 
until the end of the experiment.

4   |   Discussion

4.1   |   Simulation Dataset

The simulated dataset demonstrates the application of the 
proposed *ESPI and its statistical benefits in contrast to the 
original method. The dataset, built to represent a ‘worst case’ 
experimental outcome (Figure 2a–d), was used to contrast the 
statistical strength of both the original and newly proposed 
method.

While *ESPI exhibited an underestimation relative to ground 
truth (Figure 3b) as compared with original ESPI (Figure 3a), 
this error is consistent and systematic, irrespective of the 
number of environmental factors considered. Future study 
may be able to devise a correction factor or bias correction to 
address this and increase the reliability of the statistic. Bias 
and root mean squared error (RMSE) of *ESPI (Figure  S1) 
decrease as the number of environmental factors considered 
increase, which is to be expected as once high dimensions are 
reached, as Euclidean distance can flatten at high dimensions. 
Figure 3b demonstrates this effect in which Euclidean distance 
calculated under higher dimensions ‘compresses’ *ESPI data, 
a consideration which must be taken when comparing across 
different experimental designs. One limitation of this method 

lies in that comparison of phenotypic plasticity when calcu-
lated using different numbers of environmental factors will 
result in different distributions of the data, with plasticity on 
average decreasing as environmental factors are added. This 
effect remains relatively small when low numbers of factors 
are considered (~5), however, as 10 factors are approached a 
greater change is seen. One potential solution in avoiding mis-
communication of plasticity data may lie in reporting *ESPI 
to the number of dimensions used to calculate Euclidean dis-
tance, or in the substitution of Euclidean with Mahalonobis 
distance which more robustly accounts for correlation between 
factors (one of the causes of Euclidean distance compression). 
Euclidean distance is known to become less descriptive across 
all applications in something known as the ‘curse of dimen-
sionality’, which describes Euclidean distance's ineffective-
ness as dimensions increase (Xia et al. 2015). The number of 
these influences is not agreed upon, but they can be observed 
somewhere above 20 ‘factors’ or dimensions when modelled 
(Cabestany et al. 2005; Xia et al. 2015). This value is debated, 
and it is difficult to define a clear cut-off point, however, this 
issue is unlikely to arise within the study of life sciences as 
experimental designs with this many variables would produce 
datasets of enormous complexity (Chitwood and Topp  2015; 
Houle et al. 2010; Tardieu et al. 2017; York 2019). Despite the 
error observed when comparing values to ground truth, *ESPI 
presents a much more stable measure of phenotype plasticity 
than ESPI as observed under a singular dimension, as seen 
through that markedly reduced CV (Figure 3c). The key ad-
vantages of *ESPI are however observable when considering 
axis and scale invariance (Figure  4a,b). ESPI is highly de-
pendent on both environmental value, which is inherently 
only one dimensional. Furthermore, it cannot be applied for 

FIGURE 6    |    Phenotypic plasticity as a function of time. *ESPI for phenome responses of the five traits in Thalassiosira weissflogii with confidence 
intervals. Data was fitted with a Gaussian function and shows how the plasticity of each trait changes as a function of time. CIs of Hedges' g are in-
cluded with each ESPI.
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cross-trait comparison as raw data scales are reflected in cal-
culated values. Though *ESPI is dependent on Euclidean dis-
tance factor number, care must be taken when comparing any 
phenotypic data between studies due to the complex nature of 
phenotype expression (Chitwood and Topp 2015; Pieruschka 
and Schurr 2019), as such researchers must caveat cross-study 
comparisons with the exact tested environmental variable 
number and type. Overall, *ESPI presents a robust and sta-
tistically conservative measure of phenotypic plasticity which 
is capable of handling multidimensional environmental gradi-
ents, and cross-trait comparability.

4.2   |   Thalassiosira weissfloggi Phenotype Plasticity

Each trait observed in the case study of T. weissflogii exhibits 
patterns of plasticity over time, largely coherent with what is 
known of the physiology of said trait. Alpha, which defines 
the efficiency of photosynthesis under low light, exhibited a 
short-term spike in plasticity under only modest environmen-
tal variation, peaking between Days 2 and 4, confirmed by 
wide confidence intervals and large differences in mean alpha 
performance even under the same irradiance (Figures 5 and 
6). On Day 1, both the minimum and maximum performance 
were observed under low light, with the highest mean at the 
lower temperature. This may reflect a need to maintain a 
higher photosynthetic efficiency under low light in cooler tem-
peratures to maintain performance when activity is lowered. 
Each of the highest means was discovered under a lowered 
irradiance respective to the pre-experimental culture condi-
tions, which was expected considering alpha's role in photo-
synthesis (Coles and Jones  2000; Laws and Mclellan  2020). 
By Day 7, alpha's *ESPI declined considerably, indicating this 
trait can demonstrate high plasticity under short-term stress 
before alternative photosynthetic adaptation. It is worth not-
ing that there is evidence suggesting that as cell size increases, 
alpha decreases in marine diatoms (Geider et  al.  1986; Yan 
et  al.  2018) and a separate investigation of prolonged re-
sponses regarding this relationship would be beneficial (Prins 
et al. 2020). Regulation of alpha early in the cell's growth cycle 
likely provides ecological benefits in that organisms are able 
to rapidly adapt to dynamic light fluctuations such as those 
provided by water column mixotrophy, or an algal bloom 
(Prins et al. 2020; Shatwell et al. 2012).

Ek, the minimum saturating irradiance as determined by 
the maximum photosynthetic rate and alpha, maintained 
the highest *ESPI of all traits on Days 1 and 7, indicating 
strong and sustained phenotypic plasticity (Figures 5 and 6). 
Although *ESPI values decreased slightly from Days 1 to 7, 
Ek remained extremely sensitive to shifts in temperature and 
nutrient availability. The highest performance on both days 
was observed under higher temperatures, 12.8 μmol photons 
m−2 s−1 and 200% nutrient load, with a slightly elevated mean 
response on Day 1 as compared with Day 7. Ek also showed 
one of the most consistently high *ESPIs and followed a sim-
ilar, though delayed, pattern to alpha, which may in part 
be that it is also governed by the P-I curve (Lund-Hansen 
et al. 2020; Petrou and Ralph 2011). Ek can be used as an indi-
cator of photoadaptation, and the observed elevated Ek func-
tion at 12.8 μmol photons m−2 s−1 demonstrates the ability of T. 

weissflogii to increase light utilisation in low light conditions 
(Huovinen and Gómez 2011; Mock and Hoch 2005; Petrou and 
Ralph 2011). Wide variation in mean under this low light con-
dition is positively correlated with an increase in temperature 
and nutrient load, indicating these factors to be performance 
limiters. Similar to alpha, plasticity in the minimum saturat-
ing efficiency of diatoms likely provides benefits in early ad-
justment to variable conditions. It is known that various algae 
can downregulate Ek in response to low light, so that the min-
imum energy load is higher than what is required for growth 
(Gómez et  al.  2009). A decrease in respiration is a common 
strategy for polar diatoms which survive up to 5 months in 
darkness (Gómez et al. 2009; Kühl et al. 2001).

For rETRmax, Day 1 responses displayed a pronounced phe-
notypic shift despite relatively small Euclidean distance, sug-
gesting a strong immediate reaction to elevated temperature 
and irradiance. By Day 7, rETRmax performance still peaked 
but with a lower *ESPI, indicating a level of acclimation to 
these conditions. This pattern is also consistent with the 
possibility of a photosynthetic threshold (photoinhibition) 
at higher irradiance intensities (Ihnken et  al.  2010; Perkins 
et  al.  2006), above which rETRmax gains are limited. This 
trait shows some of the lowest plasticity except for on Day 
3, where a spike occurs, produced by a high Hedges' g and 
moderate Euclidean distance (Figures 5 and 6). Previous work 
has shown that rETRmax shows a similar pattern of variation 
based on temperature across eight marine diatoms, which 
may relate to its being a central function of photosynthesis 
(Claquin et al. 2008). It may be plausible that plasticity is in-
herently lowered in traits with key roles in cellular function 
or ones which are a cumulation of many cellular mechanisms 
coming together. When rETRmax is elevated, diatoms may be 
capable of rapid growth under variable light conditions or high 
light (Gilbert et al. 2000; Wilhelm and Jakob 2011), however, 
maintaining elevated rETRmax and photosynthesis in general 
incurs metabolic costs (Li et al. 2015; Litchman et al. 2007). 
Thus, down-regulating rETRmax to track ambient light levels 
may be the more stable strategy.

Fucoxanthin content exhibited a wide variation on Day 1, pos-
itively correlated with temperature and nutrient load, and neg-
atively with irradiance. Ecologically, fucoxanthin and other 
accessory pigments function to regulate light capture (Prins 
et al. 2020; Wulff et al. 2005), and these environmental shifts 
may have stimulated photosynthetic activity and supported 
upregulated pigment production. High nutrient load has previ-
ously been shown to increase fucoxanthin content in the spe-
cies (Marella and Tiwari  2020; Supramaetakorn et  al.  2019), 
and other diatom species are reported to have the highest dry 
weight when cultured around 25°C (Khaw et al. 2022). By Day 
7 (Figures  5 and 6), the highest mean values were observed 
under lower light (25 μmol photons m−2 s−1) and higher tempera-
ture, albeit with reduced nutrient levels compared with Day 1. 
The delay in reaching these peak pigment values suggests that 
pigment accumulation is not an immediate response but re-
quires more adaptation time. Interestingly, mean fucoxanthin 
content declined across the two time points; however, it still 
yielded a higher *ESPI at Day 7, which suggests partial acclima-
tion or resource reallocation throughout the experiment (Prins 
et al. 2020; Wulff et al. 2005).
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In contrast, chlorophyll a content consistently showed a smaller 
*ESPI and narrower confidence intervals, indicating less vari-
ance among the two groups (Figures 5 and 6). The trait's role in 
cellular metabolism appears to constrain its plasticity, thus lim-
iting the extent of its response under the tested environmental 
gradients. The stability of chlorophyll a may also be reflective 
of an energy conservation strategy, in that it is kept consistent to 
maintain energy capture under short-term environmental fluc-
tuations. As the measure of chlorophyll a in this case study was 
only through spectroscopy, it is hard to detangle whether the 
observed result comes from a variation in chlorophyll a content 
per cell or if this is the result of the aggregated biomass increase. 
The pattern in the *ESPI observed does, however, point to the 
highest plasticity occurring on Day 4, as with many other traits 
observed here.

The *ESPI results underscore the complex interplay of trait 
plasticity under multi-factor environmental drivers. Some traits 
(Ek, Fucoxanthin) show persistent or enhanced divergence over 
time, whereas others (alpha, rETRmax) exhibit an early spike 
in plasticity followed by partial acclimation as cultures adjust 
to new environmental conditions. Traits where elevated func-
tionality incurs considerable metabolic costs display trade-offs 
between nutrient allocation and photosynthetic regulation, 
dictated by the advantage of timely adjustment. There is a clear 
difference in plastic response between fast-acting regulatory 
mechanisms versus those that cannot be immediately altered 
by the cell or have certain core functions; however, each trait 
displays a unique pattern, with different distribution patterns 
across these spaces.

Days 3 and 4 post-inoculation under a new set of environmental 
factors presents a window of elevated plasticity in this marine 
diatom, with the highest plasticity seen across four of the traits 
on these 2 days. Previously, growth rate has been determined 
as a ‘master trait’ that guides and has complex trade-offs with 
acclamatory behaviours (Bastos  2022; Klausmeier et  al.  2004; 
Litchman et  al.  2007). Under variation in environmental con-
ditions, a trade-off between growth and competitive adapta-
tion allows for different species to co-exist; however, marine 
diatoms have been shown to take a ‘velocity strategy’ which 
focuses on rapid nutrient uptake and high maximum growth 
rate (Crowlfiy 1975; Litchman et al. 2007; Sommer 1984). The 
exponential growth phase was found to correlate with high-
est plasticity for all conditions under which they were found 
(Figure 6, Figure S2). This leads to the conclusion that diatoms 
may undergo a period of adjustment during the initial exponen-
tial phase in which their plasticity allows them to adapt to the 
present environmental conditions. This finding may be a result 
of their ability for rapid nutrient uptake and photoacclimation, 
a strategy allowing for rapid phenotypic plasticity under chang-
ing environmental factors, giving the population an opportunity 
to determine and find the most appropriate adaptations (Ajani 
et al. 2021; Litchman et al. 2007; Peirson 2015). This possible re-
sponse is likely a conglomeration of many cellular processes that 
are elevated under exponential phase, and an abundance of nu-
trients at this period in the experiment. The diatom Skeletonema 
marinoi was shown to produce the highest quantity of various 
metabolites specifically under exponential phase and was as-
sumed to have highest overall metabolism during this period 
(Vidoudez and Pohnert  2012). Furthermore, variation is often 

regulated by intracellular metabolism (leading to downstream 
epigenetic modulation) and could act to influence epigenetic 
modulation which is likely to play a role in observed plasticity 
(Kaelin and McKnight  2013; Vidoudez and Pohnert  2012). 
Though the exact mechanisms which influence plasticity are 
debated and poorly understood on a molecular level, inher-
ently, under exponential phase, the culture near ubiquitously 
undergoes the highest rate of cell division. The process of rapid 
asexual, and perhaps sexual, reproduction of the diatom in this 
phase of growth suggests that there is a higher rate of differen-
tiation across the population. Perhaps the observation of higher 
plasticity at early exponential phase can be attributed to the 
increased diversity seen across daughter cells before selective 
pressures which allow for the dominance of a most appropriate 
‘mono-phenotype.’ This model would align closely with the the-
ory that plasticity behaves as a mechanism that allows for evo-
lution to occur, by producing variations across a culture enough 
to keep a viable population, after which suitable adaptations are 
selected for (Ashe et al. 2021; Duncan et al. 2014).

How this interplays within an entire population remains to 
be understood, as considering the genetic diversity of dia-
toms, the likelihood of uniform phenotypic plasticity across 
a culture would seem unlikely. Further studies comparing the 
differing responses of various algal families may shed further 
light on how these mechanisms behave. This case study is also 
limited in that pure lab-grown cultures vary greatly from nat-
ural communities of diatoms. Wild-type diatom assemblages 
will be influenced by microbial populations, predation, and 
competition, all of which cannot be accounted for in this data-
set which was observed under pure culture (Morin et al. 2015; 
Neury-Ormanni et  al.  2020; Sjöqvist and Kremp  2016), a 
common issue seen across ex situ work. The biological trig-
gers which become active under these various pressures likely 
result in a breadth of plasticity which is not observed here. 
Investigations which account for natural community struc-
tures or those which utilize more recently isolated diatoms 
may be able to more comprehensively address the questions of 
plasticity raised in this case study.

The findings also highlight a need for targeted epigenetics stud-
ies which investigate differences throughout different periods 
of growth, and how these link to observed plasticity. This may 
help validate whether phenotypic plasticity undergoes windows 
of elevation, considering epigenetics changes are highly likely 
to be the primary mechanism behind plasticity (Feinberg 2007; 
Huang et al. 2019; Schlichting and Wund 2014).

5   |   Conclusion

The methodology presented here provides an adapted option for 
calculating phenome plasticity in biology. The proposed *ESPI 
utilising a measure of variance and Euclidean distance aims to 
allow for a flexible method of plasticity quantification that is 
straightforward to apply and digest as a reader. The case study 
of T. weissflogii demonstrates that plasticity in this marine dia-
tom is temporal and closely linked to the growth stage, with the 
early exponential phase displaying elevated plasticity in traits 
that act to adapt the culture to new environmental conditions 
quickly. The statistical method described aims to increase the 
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accessibility of phenome quantification to enhance our under-
standing of adaptability, population dynamics, and how crucial 
organisms may respond to changing environments.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Figure S1: Bias and RMSE of each 
*ESPI and original ESPI. Bias and RMSE are calculated using ground 
truth determined through the simulation dataset (a). Bias of each *ESPI 
and ESPI when calculated under 1 environmental dimension with CIs 
(95%). (b) RMSE of each *ESPI and ESPI when calculated under 1 envi-
ronmental dimension with CIs (95%). (c) Bias of *ESPI when calculated 
under 2, 4, 5, and 10 environmental gradients with CIs (95%). (d) RMSE 
of *ESPI when calculated under 2, 4, 5, and 10 environmental gradients 
with CIs (95%). Figure S2: Histogram of OD720 of Thalassiosira weiss-
flogii culture per environmental condition, as a proxy for biomass accu-
mulation with standard error. Environmental conditions are indicated 
in the top left of each panel. Panels A–H are separated by temperature 
and light combinations with two temperatures (20°C and 24°C) and 
four irradiance levels under each (13, 25, 57, 166 μmol photons m−2 s−1). 
Colour is indicative of the nutrient concentration under each environ-
mental condition (100%, 50%, and 200%). Daily data is constructed 
from the average OD720 per day of 192 replicates with error bars rep-
resenting the standard deviation of each group. Table S1: Conditions 
matrix demonstrating the range of abiotic conditions T. weissfloggi was 
grown for 7 days. All light and nutrient conditions were repeated in each 
20°C and 24°C. Nutrient concentration refers to the concertation of F/2 
medium, which has halved and doubled, respectively. Equation S1. 
Calculation of correction factor J(v) for the transformation of Cohens' d 
to Hedge's g. v represents degrees of freedom, and Γ the gamma function. 
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