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Abstract: (1) The focus of recent research shifts towards complex ‘whole organism’ responses (i.e., in multiple
functional traits) in adaptation to or to defend against stressors under complex environmental conditions. This
increasing complexity is challenging to analyse and demands sophisticated tools to drive meaningful
conclusions from those data. Trait-based regression models, multivariate analyses, like principal component
analyses, and plasticity indices can be used to tackle challenges with those complex investigations. But those
methods have substantial limitations, like the need for high sample size, multi-dimensionality of results or the
need for trait coordination in high-dimensional space, or the calculation on the population level, which might
buffer or cover the de facto occurring individual effects. (2) To improve and simplify studies on ‘whole
organism’ responses, analyses, and their interpretation, we developed the Index for Adaptive Responses. This
straightforward framework can unite all traits of an organism in one number. A newly developed
transformation method, included in this framework, comprises a normalisation and standardisation to a
baseline or control without changing the data or variance structure of the original data. We assessed the
performance and accuracy of the framework with an application in an extensive predator-prey case study, with
simulations and application examples using literature data. (3) We show that the Index for Adaptive Responses
respects adaptations as well as maladaptations and outperforms established approaches. The framework is
robust against outliers and non-gaussian distribution. We further show that the qualitative prediction of the
adaptiveness of included traits is highly accurate, even under challenging conditions, e.g., low replicate
numbers. Functions and algorithms of the framework are provided with an R package but can easily be
translated into other programming languages. (4) The Index for Adaptive Responses will simplify future research
on complex adaptive responses and improves our understanding of these responses’ ecological as well as
evolutionary implications.

Keywords: adaptive response; complex environment; functional ecology; functional trait; Index for
Adaptive Responses; phenotypic plasticity; plasticity index; whole organism response

Introduction

Environmental stressors, such as changes in biotic or abiotic conditions induce phenotypic
responses in organisms. These phenotypic responses are often gathered under the terms of
phenotypic plasticity, phenotypic flexibility, or cyclomorphosis (Forsman, 2015; Laforsch & Tollrian,
2009). In this concept, a genotype can express different phenotypes depending on environmental
conditions (Whitman & Agrawal, 2009). Examples of phenotypic plasticity include responses to
temperature changes (e.g., Gilbert, 2011, Hofmann et al., 2019; Martin-Creuzburg et al., 2012),
inducible defences against predators (e.g., Christjani et al., 2016; Stoks et al., 2016; Wigley et al., 2018),
induced adaptations to toxins and other harmful substances (e.g., Colpaert et al., 2004; Li et al., 2020;
Polat et al., 2010) and radiation (e.g., Eshun-Wilson et al., 2020; Leech & Williamson, 2000), and
adaptations to withstand droughts (e.g., Belluau & Shipley, 2017; Blumenthal et al., 2020; Hu et al.,
2020). Different stressors may cause different or even opposing responses in organisms and may
interact with each other or with other, at first sight, unrelated environmental parameters. An
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increasing number of studies on phenotypic plasticity have considered more than one stressor or
environmental parameter to achieve a better mechanistic understanding of ecological and/or
evolutionary responses (e.g., Borden et al., 2020; Herzog et al., 2016; Martin-Creuzburg et al., 2012;
Sarrazin & Sperfeld, 2022; Shudo & Iwasa, 2001; Turschwell et al., 2022).

Phenotypic plasticity of functional traits became a quickly increasing research field (Dewitt &
Scheiner, 2004). It becomes more and more evident that it is often insufficient (depending on the
research question) to investigate single or a small subset of functional traits of an organism but that
there is a complex interplay of all traits exhibited by the organism at all scales (Forsman, 2015;
Piersma & Gils, 2011; Pigliucci & Preston, 2004; Valladares et al., 2007). As Forsman (2015) pointed
out, the investigation of “whole organism’ or total adaptive responses (meaning to include as many
potentially relevant traits as possible) would improve our understanding of the ecological and
evolutionary success of individuals, populations, and species. This is crucial for a better
understanding of the evolution and maintenance of biodiversity (see Forsman (2015) and references
herein). However, not all traits of an organism contribute equally to an adaptation to a stressor.
Especially in multi-stressor studies, it is not trivial to conclude how an upcoming stressor, e.g., a
toxin, affects the adaptive response against another stressor, e.g., predation. A traits” increase may be
beneficial for the particular trait but detrimental and maladaptive for other traits. To disentangle
multiple traits' contribution to an organism's actual adaptation, elaborative experiments would be
required (see further below for an example). Even though this would be the most straightforward
approach, it would need to be repeated for every change in the system and each
organism/species/clone.

To tackle the challenge of investigating such multi-trait responses under complex environmental
conditions, we need more sophisticated tools to achieve meaningful conclusions about the total
adaptive state of an organism and how it might be changed by other stressors or changing
environments. In principle, regression models can be used to disentangle the benefit of different traits
on the organism's fitness (e.g., see Diel et al. 2023, manuscript in preparation). However, they require
high degrees of freedom and, hence, large sample sizes. Multivariate techniques, like principal
component analyses, can reduce the number of traits or parameters that have to be evaluated by
regression models. However, these approaches mainly provide benefits in the case of meaningful
trait coordination in the hyperdimensional space (e.g., Candeias & Fraterrigo, 2020; Wright et al.,
2006). Thereby, traits that achieve a similar goal coordinate in the same direction and can be
summarised in the respective principal component (e.g., some root traits of a plant can coordinate for
water uptake efficiency). But if this coordination cannot be found, they rarely simplify the
interpretation, since the resulting principal components are combinations of all traits. Other
approaches, like some plasticity indices, can also account for several traits. However, those plasticity
indices are calculated on the population or treatment level instead of the individual level (see
Valladares et al. (2006) for an overview). This makes the inference on single traits difficult and masks
the overall effects of stressors due to the buffering effect by the population variance and other (maybe
neglected) traits (for discussion, see Karpestam et al., 2012; Pigliucci & Preston, 2004; Whitman &
Agrawal, 2009). Calculation on the population level further poses the problem that it is impossible to
calculate the estimates' uncertainty. However, uncertainty is valuable information in ecological
research and an essential tool for predictions and ecosystem management. Furthermore, plasticity
indices are rather meant to estimate the organism's overall capacity to respond to a certain
environment and not, specifically, how it adapts to it.

Here, we present a unified framework based on simple equations and algorithms to achieve a
single value reflecting the total adaptive response of an organism to a certain stressor. Our approach
is applicable to all kinds of quantifiable traits. Furthermore, the obtained value is comparable across
experiments, organisms, and systems. The framework uses a newly developed data-transformation
method, which standardises and normalises trait data to a baseline (control treatment or similar data).
All values are calculated on the individual level, allowing for the estimation of uncertainties.
Additionally, a priori knowledge about the adaptiveness of traits can be applied if available, e.g.,
from literature. Furthermore, the framework allows for estimating each trait's contribution to the total
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adaptive response of organisms. We demonstrate the applicability and potential of this framework
using a case study on a predator-prey system and with simulations. Finally, we provide examples of
how the framework can be applied to different research fields and experimental data. The Index for
Adaptive Responses framework is implemented in an R package (InARes), allowing to apply all steps
and variants thereof using just a few lines of code in R.

Material & Methods

Developing the framework

The main goal in developing an Index for Adaptive Responses (InARes) framework was to achieve
only one number or parameter that reflects the total (mal-)adaptation to a certain stressor. It should
be usable in comparing organismal responses across environmental factors (hereafter referred to as
stressors). Several steps are necessary for the Index for Adaptive Responses framework to achieve these
goals, which will be elaborated on in the following paragraphs. The equations herein can be modified
individually (e.g., when using the R package) to enter a priori knowledge into the framework (e.g.,
which traits are adaptive and which maladaptive). Additionally, some functions come in two variants
for calculating the InARes or a plasticity index. Examples of how the functions of the R package can
be used and modified are described further below in the supplementary information and the readme
and help file of the R package (the package will be available on CRAN and GitHub:
https://github.com/Maki-science/InARes).
Transforming each trait's values

A tremendous number of possible traits can contribute to an organism's adaptation to a certain
stressor. Those traits can comprise behavioural, life history, morphological, physiological, and
molecular traits (maybe even more). These are naturally on different scales. Therefore, all trait values
must be transformed to the same scale in the first step. This is usually achieved by, e.g., a z-
transformation (or standardisation) with the following equation:

X—H
== (eqn 1)

where z is the standardised value, x is an individual's trait value, u is the population's (or
treatment's) mean, and o is the standard deviation of the same population (or treatment).

Additionally, it is necessary to scale them to a meaningful range, e.g., normalised from 0 to 1.
This can be achieved using a normalisation equation like the following:

' x—min(x)

= (eqn 2)

max(X)—min(x)

where x is the normalised value in a range of 0 to 1, x is the individuals” value to be transformed,
and min(X¥) and max(X) are the minimum or maximum value of a population (or treatment),
respectively.

However, if we perform just these two steps, the values would be at the same scale and range
but still are not more meaningful than their unprocessed counterparts. Furthermore, each
experimental setup might be (slightly) different, and even if not, the organisms may respond slightly
differently each time an experiment is repeated. Therefore, the baseline of a response would change
each time an experiment is repeated, or some parameters have changed. To solve this issue, the idea
is to use a control treatment (or similar population, hereafter referred to as control) as the baseline of
a response. Therefore, we invented a new transformation method, which incorporates a
standardisation and normalisation to a control population in just one step. We merged and modified
equations 1 and 2, resulting in a rex-transformation (rex for relative expression):

adinla: (eqn 3.1)

max(X.t)—min(xs7)

rex;x =

Values of rex assume the individual has:

<0: a lower response in a certain trait compared to the control mean
= 0: a similar response compared to the control mean

> 0: an enhanced response compared to the control mean
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where rex;, is the transformed value of the kt trait of the i individuum. It must be calculated for
each trait and individual separately. x; is the untransformed individuals’ trait value, u_ is the mean
value of the control, max(x.) and min(x.,) are the maximum and minimum trait values across the
control and the stressor treatment (hereafter referred to as treatment). Through this transformation,
the values are standardised to the same scale and normalised to a range of -1 to 1. Thus, the values
become independent of the experimental design and environmental conditions, to a certain extent,
as all those factors are implicitly included in the control and set as a baseline. In other words, rex;,
is an individual's measure of the relative expression of a trait in relation to the control. It is
comparable across experiments and even species, as the value always considers the control and,
therefore, also accounts for performance differences among organisms (which happens, even in
similar experiments).

The Index for Adaptive Responses’ value: a weighted mean of all traits

The main issue for a reasonable estimation of a total adaptation is that not all traits of an
organism contribute equally to the adaptation. Therefore, all traits incorporated in the InARes would
have to be weighted according to their contribution. Usually, very extensive and elaborative
experiments are necessary to assess each trait's contribution to the total adaptation of an organism.
To avoid this tremendous effort and necessity for those data, we made use of some inherent
assumptions of most ecological studies to realise another way of weighing the traits: Although
usually not explicitly mentioned, it is implicitly assumed that an increase in a trait under a certain
stressor is a beneficial response that protects the organisms against the stressor to a certain extent.
Furthermore, an organism will "prevent" overexpression of a trait to avoid wasting resources.
Although not necessarily true in all cases, these assumptions are implicitly accepted broadly in
ecological research. However, in cases where such a trait enhancement under exposure to a stressor
is not obviously beneficial, we might need to understand the mechanism behind this change,
rendering these assumptions still viable. On the other hand, traits that are thought or known to be
rather an effect of the stressor instead of an adaptation should not be included at this step of the
framework.

Following these assumptions, a relatively stronger increase in one trait (i.e., a relatively
higher investment) renders this relatively stronger response potentially more beneficial compared to
a relatively lower response (i.e., a relatively lower investment). We calculated the relative expression
of all traits with the rex-transformation. Therefore, we can use the highest absolute rex value (i.e.,
the relatively strongest expression) of a trait as a weighing parameter for this trait. The absolute value
because of two reasons: First, an adaptive response can also mean a decrease in a trait (i.e., a negative
sign), e.g., a decrease in body size against visual hunting predators to increase elusiveness. Second,
even if organisms of the treatment enhance a trait in general, there may also be some individuals that
strongly decrease it. These contrasting responses within a population lead to the assumption that the
trait might not be that important, since otherwise most individuals would behave similarly. By taking
the absolute value, this case will lead to a diminished weight of this specific trait, which is a desired
feature of the InARes.

These implicit assumptions further allow for the estimation of whether a trait enhancement is
adaptive or maladaptive. When most individuals in the treatment population exhibit an increase in
a trait, compared to control, we can assume that an increase in this trait is adaptive, and vice versa.
Therefore, we need the sign of the median of the treatment population (i.e., > 0 means an increase in
rex is adaptive, < 0 means an increase in rex is maladaptive). We use the median instead of the mean,
making the algorithm robust to outliers. Those thoughts lead to the following equation for a weighted
mean value of all traits:
rex ik

max(||rexl‘k(ct)||oo)- sgn(median(rexl’k(t)))

Ntraits
Xy

InARes; = (eqn 4.1)

Ntraits

Values of InARes assume the individual exhibits an:
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< 0: overall maladaptive change in the included traits against a certain stressor
= 0: overall, neither adaptive nor maladaptive response

> 0: an overall adaptive response

where InARes; is the individuals” weighted mean value of all traits. As before, it is calculated at the
individual level, allowing for estimating the uncertainty (i.e., standard deviation) of this value. n, 4
is the number of traits included in InARes, rex;, is the value of the k™ trait of the it individuum
that is included. W'.k(ct; is the vector of all rex values of the kt trait of control and treatment, and
m is the vector of all rex values of the k" trait of the treatment. The signum function
( sgn(median(7ex,,;)) ) assesses just the sign of the median of m
max (||rexi‘k(ct)||w) . sgn(median(rexi_k(t))) is the weighing term, which we call rexmax, from
hereon. Similarly to rex, InARes will be between -1 and 1. Through this, adaptations and
maladaptations are considered, such that adaptive decreases in a trait would lead to increases in
InARes. In contrast, maladaptive increases in a trait would lead to decreases in InARes. In other
words, InARes measures the cumulative expression of traits in relation to their maximum expression
and their control or baseline. Similar to the previous step, equation 4.1 comes with another variant
that allows customisation and incorporation of additional knowledge of the investigated system, if
available (see SI for more detail).

Estimate each trait’s contribution to the Index for Adaptive Responses

This step is optional. It allows estimating the contribution of each trait to the InARes value from
a simple control vs treatment experiment or similar data. In principle, we reverse the calculation of
equation 4.1 or 4.2, respectively, to calculate each trait's contribution to InARes at the individual
level:
Yik . 1 o reXik
© VT max((exeeellen)
where all parameters have a similar meaning as before, and co;, is the contribution of the kt trait
of the it" individuum to InARes;, and the weighted trait y,,, similar to previous equations. In this

Coj| = (eqn 5.1)

Ntraits IMARes;

case, the previously calculated values for y,, can be used and do not have to be calculated again.
Then, the mean and standard deviation of co;; is calculated for each trait and used in the

following equation to estimate the adaptiveness of each trait qualitatively:

|median(InARes,)|

median(InARes;)

COy = COik(t) — COik(c) * (eqn 5.2)

CO, is the corrected change in the mean contribution from the control to the treatment. The
contribution of each trait to the InARes of the control can vary strongly because the values are very
low (naturally around 0), resulting in a very high mean contribution (in equation 5.1). Thus, we
correct the mean contribution with the ratio of the absolute median value of InARes of the control
and the treatment. This step considers the strength of deviation of the treatment from control and
solves the issue with small contribution numbers in control. Again, we use the median to achieve
robustness against outliers and the absolute value to get the sign of the relation (i.e., whether the trait
is adaptive or maladaptive). If CO, exceeds 0.05 (meaning a change in the contribution of 5 % or
more) in one trait, an increase in this trait is considered adaptive or maladaptive, depending on the
sign. This value was initially chosen arbitrarily but has proven to be the best value during the
simulations (see SI for results). Furthermore, the treatment's standard deviation of co;;, is used to
assess potential interactions with other parameters. If the value exceeds 5 % of the co;) of the
treatment, it is assumed that the strong variance in the contribution is caused by other parameters
(i.e., an interaction exists). This is a reasonable assumption, as the specimens of the treatment should
similarly respond if there is a definite benefit in the enhancement of a trait. Suppose a high variation
occurs in the response. In that case, the benefit of the respective trait might be dependent on factors
other than just that single trait (e.g., an interaction with environmental factors), causing individuals
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to potentially “select” different strategies in this trade-off. However, both of these thresholds can be
customised in the corresponding function of the R package if desired.

The values of CO,, can also be ordered ordinary. Therefore, the trait with the highest absolute
value is assumed to have the highest adaptive benefit for the total adaptation of the organism against
the stressor. However, it probably cannot be considered a linear relationship (e.g., a value of 10 %
compared to 5 % does not necessarily mean that it is twice as effective, although possible). We would
need many experimental data from different research fields to support this assumption of a linear
relationship between those values. Future application of the InARes framework will show whether it
can be applied at a continuous scale. The function in the R package will report the result as clear text
and numerical output (see Table SI1 for an example). However, this approach can only provide a
rough estimate, as it cannot replace a proper experiment to investigate the effectiveness of each trait.
This approach is a tool that helps interpret the results of an analysis, to get first ideas of the traits’
effectiveness if nothing or not much is known about the studied system. This will also help in
designing proper experiments for that estimation and further studies of the respective system.
Testing the Index for Adaptive Responses

We sophisticatedly tested the InARes framework and all its features. We used data from a very
elaborative laboratory predation trial with the aquatic predator-prey system, comprising Daphnia
magna as prey and Triops cancriformis as invertebrate predator (Diel et al., 2023, manuscript in
preparation). In this study, 10 morphological, plastic traits were examined and related to a survival
probability for each individuum. This is a perfect testing data set for this framework. We evaluated
the original full trait-based model, a predictive model thereof, models applying different ways of the
InARes framework, and two versions of a model based on principal component analysis as a common
way to analyse such data. One with a common approach of dimension reduction, and one with just
the first principal component, since we aimed to achieve a single value, representing the organisms
adaptation (see SI for a detailed description).

The framework and its equations imply that a specific [nARes value reflects a certain efficiency
of the adaptive response. We used another predator-prey data set to test this implication, where the
prey D. cucullata was exposed to three different predators (Laforsch & Tollrian, 2004). We calculated
the InARes value for each situation and related them to the defence effectiveness against each
predator (see SI for a detailed description).

We used simulations to analyse the effect of the rex-transformation on the data and variance
structure (see SI for results) and to estimate the prediction accuracy of the algorithm comprising
equations 5.1 and 5.2. Therefore, we defined several parameters of simulated data that should be
tested semi-permutated to analyse how they affect the quality of the outcome. We assessed 656
different cases, including their combinations. We ran regression models to evaluate the impact of the
different data parameters (i.e., number of non-gaussian distributed traits, number of traits, number
of replicates, number of (mal)adaptive traits, and difference in the traits between control and
treatment). During the simulation, we ran the complete framework in its default form and checked
whether the outcome is similar to the input (i.e., whether the traits set as adaptive or maladaptive
when creating the data are estimated as such by the algorithm; see SI for a detailed description).

For creating the algorithms and the package, as well as performing the statistical analyses, we
used R version 4.0.3 (Core Development Team, 2020) with the packages car (Fox & Weisberg, 2019),
ggplot2 (Wickham, 2016), and gamm4 (Wood et al., 2020). Residuals of all statistical models were
checked for normal distribution and homogeneity of variance. The general level of significance was
set to 0.05.

Application examples for the Index for Adaptive Responses

To show the broad application possibilities of the InARes framework, we re-evaluated literature
data from different research fields. We took a typical example of a multi-predator study with rotifers
facing an invertebrate and a vertebrate predator (Zhang et al., 2022). We took a second study
investigating the effects of monoculture and agroforestry on cocoa trees in different environments,
representing an example of an application in complex environments with different environmental


https://doi.org/10.20944/preprints202309.0072.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 September 2023 doi:10.20944/preprints202309.0072.v1

conditions (Borden et al., 2020). For better readability, we provided the complete analyses, including
brief methods, results, and discussion of each data in separate blocks at the end of the results chapter
in the supplemental information.

Results
Re-evaluation of the case study

The full model of the corresponding study (Diel et al. 2023, manuscript in preparation) showed
that the tail-spine length and the furca length (in interaction with the predator body length) have a
major impact on the survival probability. Some additional analyses showed that the lateral body
width and the length of the dorsal spinule bearing area provide additional benefits on survival
probability in a specific orientation. The full model exhibited a deviance of 630.5 and comprised 19
parameters (i.e., the traits and selected interactions). However, because of collinearity with other
traits, two additional traits (the lateral body width and the length of the ventral spinule bearing area)
and their interactions had to be excluded from this model (Table 1).

Table 1. The deviance of all binomial generalised additive mixed models applied in this study, with
different parameterisation. The deviance is a proxy for the fit quality across different parameterised
models. Noted are the original model (Diel et al. 2023, manuscript in preparation) and its predictive
model version, all models with differently calculated InARes (i.e., comprising different traits) and the
models using the principal components of a principal component analysis as fixed terms (see SI for

detailed methods).
Model Deviance
Full trait-based model from the corresponding study, including 19 630.5
parameters
Selected version of the full-trait-based model 648.0
Trait-based model, including only the two majorly affecting terms of 560.5

the corresponding study
Model, based on the InARes, including all 10 traits 568.4
Model, based on the InARes, including all traits except the two

. . 570.2
collinear traits
Model, based on the InARes, including terms selected by prior

o 563.6

contribution analyses (as part of the framework)
Model, based on the InARes, including only the two majorly affecting 5604
terms of the corresponding study '
Model, based on the InARes, including the two major terms and the
minor affecting terms (in specific orientation) of the corresponding 564.2
study
Model, based on the principal component analysis including 5643
components 1--3
Model, based on the principal component analysis including just 5704

component 1

Following a stepwise downward selection of the full model, we created the predictive model.
The most important predictors for the survival probability of the prey were the tail-spine length (chi-
sq. = 8.658, p =0.003), the distance between the fornices (chi-sq. = 4.899, p = 0.027) and the interaction
between the length of the furca and the body length of the predator (chi-sq. = 9.650, p = 0.002). The
model exhibited a deviance of 648.0 (Table 1).

We calculated the InARes over all traits and used this value to predict survival probability in
interaction with the predator body length. The model showed a significant effect on the survival
probability in the InARes value (chi-sq. = 6.016, p = 0.014) and in the interaction with this value and
the predator body length (chi-sq. = 5.372, p = 0.021). It exhibited a deviance of 568.4 (Figure 1 A,
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Table 1). When excluding the collinear traits from the calculation of the InARes, there was no
significant effect anymore (chi-sq. = 3.618, p = 0.057), but the interaction with the predators” body
length was still significant (chi-sq. = 5.925, p = 0.015). The deviance of this model was 570.2 (Table 1).
We evaluated the contribution of each trait to the InARes over all traits. The traits predicted to be
adaptive comprised the tail-spine length, the distance between the fornices, the length of the dorsal
and ventral spinules, as well as the length of the dorsal and ventral spinule bearing areas, with the
effect strength in this order. An increase in furca length was recognised as maladaptive. However,
the algorithm predicted potential interactions in all of the included traits. We used these predictions
calculated by the InARes framework in an additional model. Then, we fitted the model again with
these adaptive and maladaptive traits. Here, the InARes had a significant effect on the survival
probability of the prey (chi-sq. =9.166, p = 0.003), while the predator body length and their interaction
had no significant effect. The model exhibited a deviance of 563.6 (Table 1). It is worth to mention,
that this is the most sophisticated model, without the use of any external information.

From the corresponding study (Diel et al. 2023, manuscript in preparation), we knew that only
two traits significantly influenced the survival probability (i.e., tail-spine length and furca length).
Thus, we included just these two traits in the InARes. The corresponding model showed a significant
effect of the InARes value on the survival probability (chi-sq. = 15.345, p < 0.001) and a significant
interaction with the predator body length (chi-sq. = 5.715, p = 0.017). The deviance of this model was
560.4 (Figure 1 B, Table 1). The same traits were included in a trait-based model, which showed almost
equal deviance of 560.5 (Table 1). When we additionally included the lateral body width as well as
the length of the dorsal spinule bearing area (i.e., the minor affecting traits of the corresponding
study), again, the InARes value (chi-sq. = 8.156, p = 0.004) and the interaction with the predator body
length (chi-sq. = 5.456, p = 0.020) had significant effects, but the deviance increased to 564.2 (Table 1).
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Figure 1. Binomial generalised additive mixed model prediction for prey survival probability
depending on differently calculated InARes values. We included all traits in the calculation of the
InARes (A) or only two traits (B) found in the corresponding study to affect the survival probability
significantly. The latter is the model with the overall lowest deviance and therefore chosen as the best
model. The solid line indicates the mean prediction. The ribbon indicates the standard deviation of
this prediction.

The principal component analysis explained 90.6 % of the variance with the first three
components (the others explained less than 5 %). The first component explained 70.0 %. It was mainly
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described by a decrease in the ventral spinule bearing area, the body length, the dorsal spinule
bearing area, the dorso-ventral body width, the lateral body width, and the tail-spine length, in this
order. The second component explained a 13.2 % variance, comprising a decrease in the length of the
ventral spinule bearing area, an increase in body length and dorso-ventral body width, a decrease in
tail-spine length, an increase in the lateral body width, and a decrease in the distance between the
fornices, in this order. The third component explained 7.5 % of the variance and was mainly described
by a decrease in tail-spine length and an increase in the length of the dorsal spinule bearing area. We
were not able to identify any meaningful trait coordination. We used the same model as before but
included the first three principal components and their interaction with the predator body length.
The model with these three principal components showed a significant effect on the survival
probability of the prey in the first (chi-sq. = 14.941, p < 0.001) and the third (chi-sq. =5.685, p = 0.017)
component but not in the second component (chi-sq. = 0.941, p = 0.332) nor any interaction with the
predator body length. This model had a deviance of 564.3. When we only included the first principal
component to achieve just one single value, representing the total defence (i.e., as anticipated with
the InARes), the principal component had a significant effect (chi-sq. = 11.656, p = 0.001), but not the
interaction with the predator body length. This model had a deviance of 570.4 (Table 1).

The transferability of the relation between the Index for Adaptive Responses value and defence effectiveness.

In the T. cancriformis vs D. magna model, a shift of the [nARes value from 0 to 0.4 was related to
an increase in survival probability from 80.9 + 3.2 % to 94.7 + 2.1 %, which is a mean relative increase
of the survival probability by 72.2 % (see Figure 1).

In the study with D. cucullata (Laforsch & Tollrian, 2004), animals of the predation trial with
C. flavicans showed a survival probability from 52.98 + 8.9 % of control to 92.9 + 2.2 % of induced
morphs, which is a relative increase of the mean survival probability by 84.9 %. The InARes value
increased from 0+ 0.17 to 0.42 + 0.22.

Animals of the predation trial with Cyclops sp. showed a survival probability from 7.3 + 0.4 % of
control to 9.5 = 0.2 % of induced morphs in size class 2, which is a mean relative increase in the
survival probability by 2.5 %. The InARes value increased from 0 + 0.26 to 0.37 + 0.24, but the ratio of
completely eaten vs incompletely eaten prey was lower in induced morphs than in control, from 20
+3.7 % to 3.3 + 1.6 %, which is a relative increase in “feeding protection" by 83.1 % in the mean.

Animals of the predation trial with L. kindtii showed a survival probability from 35.0 + 5.0 % of
control to 90.0 = 5.0 % of induced morphs, a mean relative increase of 84.6 %. The InARes value
increased from 0 + 0.19 to 0.37 + 0.19.

Performance of the prediction of the adaptiveness of traits

When we assessed the effects of different data attributes (i.e., number of traits included in the
InARes, number of replicates per treatment, number of traits that differed between treatment and
control, trait differences between control and treatment), we found high accuracy in most cases
(Figure 2).
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Figure 2. Relationship of data attributes and the accuracy of estimating which trait is adaptive,
maladaptive or non-adaptive. In simulations, we manipulated the number of traits included in the
InARes, the number of replicates for each treatment, how strong the traits differ between the
treatments if they differ, and how many traits differ between control and treatment. The curves were
estimated with a binomial generalised additive model when all other attributes were set to the median
value. The solid line indicates the mean prediction, and the grey ribbon (very small) indicates the
standard deviation. Note the different scales on the y-axis.

Discussion

We have developed the InARes framework with simple, robust, and intuitive equations that can
be conveniently used with the included InARes R package or transferred to any other computer
language without requiring extensive programming or statistical knowledge. Furthermore, without
the data preparation, the whole InARes framework can be applied very simply with just three lines
of code in R. We have extensively tested the performance, comparability, and accuracy of the InARes
framework. We demonstrated that all provided features are fully functional, accurate and powerful
(see Box SI1, and Fig. SI2, or the package website for a summary of recommendations and limitations).

When all traits are unified in one number that reflects the total adaptation of an organism against
a stressor, one of the main issues was that the traits may contribute differently to the adaptation.
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Some are more important than others. Some might be non-adaptive, some adaptive, and others are
maladaptive. We solved this issue by taking advantage of two implicit assumptions in ecology: First,
the organism will respond to a stressor in a for the organism beneficial way. Second, overexpression
of traits will be avoided due to the costs that come along with an increased expression. The InARes
value might be biased in cases where an organism responds to a certain stressor in a maladaptive way without
a biological reason. If this is the case at an individual level, the algorithm performance would not be affected,
as it is robust to outliers. However, if a whole population responds that way, this will bias the InARes value.
Therefore, we recommend always including prior knowledge of the system in the calculation if it is available
and validated. The improvement of the model fit in the corresponding feeding-trial study (Diel et al. 2023,
manuscript in preparation), where the findings of the study were respected in the InARes calculation,
supports this recommendation.

The results of the corresponding predator-prey study show that using the InARes value in
statistical models generally outperforms common alternatives. This is even true if no prior knowledge
about the adaptiveness of the traits exists, and all traits are used in the InARes calculation. The fit
accuracy was even further improved when we preliminarily estimated the adaptiveness with the
InARes framework and used the results in a subsequent recalculation of the InARes. There, the model
fit quality was close to that of the model with a priori knowledge. This is an additional advantage of
this framework. It strongly reduces the potential effort to assess each trait's contribution to the
defence of an organism. Excluding collinear terms reduced the model quality slightly. This indicates
that these terms contribute to the defence to some extent (see below for additional discussion) and
that collinear terms are generally no issue for this framework. It is noteworthy that the principal
component analysis almost provided a similar fit quality, but we had to use more than one
component to achieve a similar fit. Even in this case, the interpretation of the principal component
analysis is not simplified. Each component consists of a linear combination of all traits included, and
each other component also partially accounts for the same traits. Therefore, it is still quite complicated
to interpret these results and conclude the importance of each trait. Finally, the InARes model showed
equal deviance compared to a likewise trait-based model when using just the two majorly affecting
traits (of the corresponding study) in the InARes framework. This further shows that uniting and
weighing the traits provides a similar evaluation quality compared to trait-based models. However,
with the InARes framework, there is no need for extraordinarily high replicates compared to trait-
based models with many traits included.

The transformation method is robust even with non-Gaussian distributed data. The values are
implicitly standardised to the environment through the standardisation to a control treatment. The
algorithms allow comparisons across studies, systems, and even organisms in a so far not existing
simplicity and comparability. Furthermore, it will simplify studies of many traits, environmental
conditions, and/or stressors. This also accounts for different laboratories where similar experiments
are conducted. Even in clonal organisms (like Daphnia), the individuals behave slightly differently
each time an experiment is repeated. By using the control as a baseline, all those factors that are
uncontrollable or remain unrecognised are implied in the baseline. Therefore, they are excluded from
the assessment of the adaptive response as such. We tested the comparability or transferability with
a data set with multiple predator-prey systems (Laforsch & Tollrian, 2004). When evaluating the
proper metrics for the efficiency of the defences, the within-study comparison of the defences of
Daphnia against all three predators showed high comparability across the different predator systems.
Even though the efficiency of the defences between the two predator-prey studies was relatively close
(i.e., approx. 72 % vs 84 %), there remains a minor discrepancy. However, we have to admit that there
was considerable variability in the defence of the individuals in the study of Laforsch et al. (2004),
and no direct relationship between each individual's morphology and the survival probability has
been done (animals measured were not fed to the predator). Furthermore, only some of the traits
have been measured in D. cucullata in this study. In contrast, (almost) all morphological plastic traits
in the corresponding study of Diel et al. (2023) were measured, which renders the estimate of this
study more accurate. However, to our knowledge, there is no other study with a comparable and
comprehensively recorded set of traits of a predator-prey interaction, which renders perfect
comparability difficult. Nevertheless, this study provided the opportunity to compare the defence of
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the same study animals against three different predator-prey systems, showing an almost perfect
match of the increase in the InARes value and the relative increase in protection efficiency (84.9 %
against C. flavicans, 83.1 % against Cyclops sp. and 84.6 % against L. kintii upon an increase of the
InARes value from 0 to approximately 0.4). Thus, the cross-study, cross-system and cross-species
comparability are, most likely, relatively well provided by the InARes value, even though one must
be careful about the comparability of the circumstances (i.e., the environment), and perfect
comparability might be rare.

We tested the predictive power of the third step of this framework with simulations. They
provided very sophisticated results, indicating a high accuracy of predicting the adaptiveness of each
trait even under challenging circumstances, like a low replicate number or minimal differences
between the control and the treatment. The only data attribute that resulted in bad prediction
accuracy was a low number of (mal-) adaptive traits. The algorithm performs poorly if less than 25
% of the included traits differ from control (adaptive or maladaptive). In a natural context, however,
we assume that the [nARes framework will be applied only when differences between the control and
treatment have been observed. Thus, this poor performance can be neglected, resulting in a prediction
accuracy above 90 % in almost all cases. Nevertheless, the simulations only estimate how the
algorithm might perform in a natural context, and future studies will provide a better idea about the
“in-field” performance. When testing the algorithm in the corresponding predator-prey study, we
achieved a result from the algorithm that was in line with the results of the trait-based evaluation
(see SI for a more detailed discussion). However, the trait-based approach allows a more detailed
inference on the relation of a functional-trait value and its benefit against the stressor. These results
show that the algorithm cannot replace experiments, e.g., feeding experiments, for estimating the
adaptiveness of a certain defensive trait when definite knowledge is aimed for or necessary.
However, the trait-contribution assessment of the [nARes framework can help creating new
hypotheses and design experiments. Furthermore, it does not require extensive work force and still
provides decent estimates of the traits’ adaptability. This will improve the knowledge about the
studied system and help to achieve this definite knowledge.

The framework even allows testing traits that cannot be directly investigated in such an
experiment. For example, in the corresponding study (Diel et al., 2023), it was not possible to record
the ultrastructural traits of D. magnas’ carapace, which affect the stability of the daphnids’ shell
(Kruppert et al., 2016; Rabus et al., 2013; Ritschar et al., 2020). The animals would need to be killed
for these measurements and could not be fed to the predator. Without the urgent need for a feeding
trial with the same animals, all traits could be measured on the same animal and then analysed using
the InARes framework. The baseline and rexmax, values can also be estimated with control and
exposure treatments in a preliminary experiment. Those values can then be used in further
experiments, e.g., that even apply unreplicated designs (i.e., without specific treatments but
continuous parameters).

We provided examples of how the InARes framework can be applied in different cases. Even
though we could not confirm all results of the underlying data with the InARes framework, they were
generally in line with prevailing theories and the findings and discussions in the corresponding
studies (see SI for detailed discussions). We could show that the InARes framework has broad
applicability and provides a fast and easy way to improve and simplify inference and comparability
across studies and environments. However, we would recommend and highly appreciate feedback
from users of the framework (e.g., via Github) to expand the list of recommendations in the packages’
readme file.

Conclusions

Analyses using the InARes provide easily understandable and interpretable results. Especially
when studying the impact of one stressor on the adaptiveness against another stressor or in complex
environments, this framework provides a simple and intuitive interpretation of the analyses. We
showed how this framework could be applied in various research fields and to investigate different
questions. The framework and its algorithms are created with broad applicability in mind and are
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not dedicated to a special case. Therefore, there might be ways to apply this framework (or parts
thereof, i.e., the rex-transformation) in other research areas. The only requirement is a baseline or
control treatment to which the individual values can be related. However, this can also be achieved
in a preliminary experiment. We admit that this framework simplifies reality and can only
approximate an organism's total response and each trait's contribution to the adaptation. However,
by the time of writing, this method is probably the best tool available to investigate functional traits
and total responses under complex environments. The [nARes framework will help to reveal and
understand trade-offs in organismal responses and corresponding functional traits. Consequently, it
will help to understand these responses’ underlying mechanisms and evolution.

Supplementary Materials: The following supporting information can be downloaded at the website
of this paper posted on Preprints.org.
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