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1. Abstract 13 

Natural selection, the relationship between trait and fitness, is a key determinant of 14 

evolutionary change and population adaptation. Therefore, accurate estimation of natural 15 

selection is important. In 1983, Lande and Arnold proposed a simple regression-based 16 

approach which allows the measurement of selection on a range of traits whilst accounting 17 

for confounding variables. However, issues remain with its application to observational data 18 

from wild populations which can bias estimates, including assumptions around causality and 19 

whether selection on a trait is hard or soft. We highlight how, when fitness and traits are 20 

measured repeatedly across individuals and/or common environments, we can identify these 21 

issues in observational studies by comparing directional selection gradients decomposed 22 

across different hierarchical levels. We outline the theory behind this and show how multi-23 

response models provide a readily available statistical tool to implement this approach. We 24 

then use an empirical example to illustrate our method and how to interpret the results. Our 25 

approach builds upon previous work to allow greater inference to be drawn from existing 26 
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observational datasets, particularly when no genetic information is available. This should 27 

facilitate improved interpretation of estimates of selection in wild populations, and ultimately, 28 

our understanding of the selection process. 29 

 30 

Keywords: directional selection, bias, repeated measures, soft selection, hard selection, 31 

quantitative genetics 32 
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2. Introduction 34 

Natural selection is the difference in survival and/or reproduction of individuals as a result of 35 

differences in their trait phenotypes, which is broadly measured as the relationship between 36 

fitness and a trait (Darwin, 1859; Falconer & Mackay, 1996). The strength of natural 37 

selection is an important determinant of the rate of adaptation of a population (Charmantier et 38 

al., 2014; Falconer & Mackay, 1996; Hoekstra et al., 2001). Therefore, understanding 39 

variation in the strength and direction of natural selection can provide crucial insights into 40 

potential causes of differences in fitness between individuals and how populations might 41 

evolve in response to changing environmental pressures (Caruso et al., 2017; Siepielski et al., 42 

2009). As a result, accurately estimating natural selection is a key goal in evolutionary 43 

biology that has implications across a range of disciplines. Under the assumption of low 44 

temporal and spatial variation in selection (Morrissey & Hadfield, 2012; Siepielski et al., 45 

2013), there is often interest in estimating an over-all selection gradient i.e. the average 46 

selection gradient across time and/or space. Lande and Arnold (1983) proposed a simple 47 

linear regression-based approach to estimating the strength of natural selection (hereafter the 48 

‘Lande-Arnold’ method) that can account for confounding variables. This has allowed 49 

evolutionary biologists and ecologists to measure selection on a range of traits, using the 50 

regression of relative fitness w on a trait z:  51 

𝑤௜ =  𝜇଴ + 𝛽௭𝑧௜ + 𝑒௜ . [1] 52 

Where 𝑤௜ is the fitness of an individual relative to the population mean at observation i, μ0 is 53 

the global intercept, z is the trait value and e is the residual. The linear effect of the trait on 54 

fitness, 𝛽௭, is the directional selection gradient. This Lande-Arnold selection gradient is 55 

straightforward to measure and can be expanded to measure quadratic and correlational 56 

selection (Lande & Arnold, 1983; Stinchcombe et al., 2008; Svensson, 2023). This has led to 57 

a rapid expansion in the number of published estimates of selection, to the extent that, most 58 
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meta-analyses on the strength of selection have more estimates of Lande-Arnold derived 59 

selection gradients than estimates from other methods (Caruso et al., 2017; Charmantier et 60 

al., 2024; Hoekstra et al., 2001; Kingsolver et al., 2001; Morrissey & Hadfield, 2012; 61 

Siepielski et al., 2009; Svensson, 2023).  62 

 63 

Despite the benefits of the Lande-Arnold approach to estimating natural selection, and its 64 

widespread use in studies of observational data from wild populations, issues remain with its 65 

application and interpretation; here we focus on two. The first, well-documented, issue is that 66 

the Lande-Arnold approach inherently assumes a causal relationship, i.e., that fitness changes 67 

as a direct result of a change in the trait being analysed (Hadfield, 2008; Mitchell-Olds & 68 

Shaw, 1987; Morrissey et al., 2010; Rausher, 1992; Svensson, 2023). This can be particularly 69 

problematic in wild populations where many confounding environmental factors may result 70 

in a trait-fitness relationship and thus a non-zero estimate of selection, when in reality there is 71 

no causal relationship between the trait and fitness (Kingsolver et al., 2012; Rausher, 1992). 72 

Confounding factors can be dealt with by including them as covariates, which allows 73 

measures of selection to be corrected when confounding variables are both known and 74 

measured (Morrissey & Henshaw, 2022). However, in wild observational studies there are 75 

theoretically an unlimited number of unknown confounding variables, which poses a huge 76 

challenge when relying on Lande-Arnold based approaches to estimate selection and infer 77 

causality (Svensson, 2023).  78 

 79 

The second, less well-known issue is the impact of hard and soft selection on the accuracy of 80 

the Lande-Arnold approach. Here, we define hard selection as cases where the fitness of 81 

individuals depends solely on an individual’s absolute trait value and is independent of the 82 

trait values of other conspecifics in the local environment (i.e. selection is density and 83 
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frequency independent). We define soft selection as cases where the fitness of individuals 84 

depends on their trait value relative to the trait value of other conspecifics in the local 85 

environment with which they interact (i.e. selection is density and frequency dependent) (Bell 86 

et al., 2021; Wallace, 1975; Wallace & Lewontin, 1968). For more detailed examples and a 87 

discussion of soft and hard selection see Bell et al. (2021). If selection is soft, a single/global 88 

average selection gradient (i.e. estimated across environments) may be biased towards zero 89 

depending on how fitness has been relativised (see section 3.2 for details). Together, these 90 

issues may contribute to the mismatch between the observed and predicted response to 91 

selection that is common across wild populations (Brookfield, 2016; Hansen & Houle, 2004; 92 

Merilä et al., 2001; Pemberton, 2010; Pujol et al., 2018). 93 

 94 

In wild populations that are monitored repeatedly across time and/or space, trait(s) of interest 95 

and fitness (measured as an individual’s contribution to the population at the next time point 96 

(Sæther & Engen, 2015)) or fitness components (e.g. survival and/or reproduction in the next 97 

time point) are often also measured repeatedly on the same individuals across time and/or 98 

space. As a result, fitness and trait(s) will be measured repeatedly across environments that 99 

individuals share with each other. This means that any environmental conditions, such as 100 

weather, food availability or population density effects that occur in a specific location or 101 

timepoint and affect an individual’s trait and/or fitness measurements are shared by 102 

individuals within that environment.  103 

 104 

Here, we will introduce how we can use repeated measures of traits and fitness to decompose 105 

the association between them (i.e. the estimates of selection) across hierarchical levels, such 106 

as time and space. This decomposition of selection into hierarchical levels can be used to: (i) 107 

assess whether selection is consistent with causality; and (ii) test consistency with, and 108 
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correct selection estimates for, soft and hard selection in observational data. We then show 109 

how, without additional data, multi-response models (often referred to as multivariate 110 

models) provide a readily available statistical tool to implement this approach. Whilst the 111 

statistical models we promote have been previously described and widely used, their 112 

application to trait-fitness relationships is mostly limited to separating associations into 113 

genetic and non-genetic hierarchical levels and thus directly estimating the predicted 114 

evolutionary change in a trait without any explicit model of selection (Morrissey et al., 2012; 115 

Rausher, 1992). This article highlights how, even without genetic information, multi-response 116 

models can be applied more broadly to improve our understanding of trait-fitness 117 

relationships and thus the process of natural selection. 118 

 119 

3. Theory 120 

3.1 Decomposing selection gradients to assess consistency with causality 121 

To understand how we can infer if our estimates of selection from observational data are 122 

consistent with causality, we reconsider the Lande-Arnold equation in its simplest form 123 

(equation [1]), but where a trait and fitness have been measured repeatedly across individuals 124 

and common environments: 125 

𝑤௜௝௞ =  𝜇଴ +  𝛽௭𝑧௜௝௞ + 𝑜௜௝௞. [2] 126 

Where 𝑤௜௝௞ is relative fitness that has been relativised by the global mean fitness. For 127 

simplicity, o is everything that is not explained by z: 𝑜௜௝௞ =  𝑢௝ + 𝑐௞ + 𝑒௜௝௞ where 𝑢௝  and 𝑐௞ 128 

are the random effects of individual identity j and common environment k. As both the trait 129 

and fitness are measured repeatedly across individuals and common environments, we can 130 

also decompose the phenotypic value of the trait: 131 

𝑧௜௝௞  =  𝑢௭,௝  +  𝑐௭,௞  +  𝑒௭,௜. [3] 132 
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Where 𝑢, 𝑐 and 𝑒 are individual, common environment and residual effects on the trait 𝑧, 133 

respectively.  We combine equations [2] and [3], to give: 134 

𝑤௜௝௞  =  𝜇଴  +  𝛽௭൫𝑢௭,௝  +  𝑐௭,௞  +  𝑒௭,௜൯ +  𝑜௜௝௞, [4] 135 

which, when expanded, gives us:  136 

𝑤௜௝௞  =  𝜇଴  +  𝛽௭𝑢௭,௝  +  𝛽௭𝑐௭,௞  +  𝛽௭𝑒௭,௜ +  𝑜௜௝௞. [5] 137 

Equation [5] shows that if there is a causal effect of z on w (i.e. an increase in any component 138 

of the trait phenotype leads to the same increase in fitness), the gradients estimated for each 139 

hierarchical level should be the same. This is because the Lande-Arnold method is estimating 140 

a single selection gradient 𝛽௭, which inherently assumes that all decomposed gradients are of 141 

equivalent magnitude and direction. If this is not true, this suggests the relationship between a 142 

trait and fitness is not causal and 𝛽௭ would give a biased estimate of selection. These 143 

decomposed gradients represent associations between trait and fitness at different hierarchical 144 

levels as follows: 145 

𝑤௜௝௞  =  𝜇଴  +  𝛽௨𝑢௭,௝  +  𝛽௖𝑐௭,௞  +  𝛽௘𝑒௭,௜ +  𝑜௜௝௞. [6] 146 

Where the 𝛽’s represent the linear relationship between different hierarchical levels of the 147 

trait and relative fitness: 𝛽௨ among individuals, 𝛽௖ among common environments, and  148 

𝛽௘ within individuals, respectively. The selection gradient estimated in a Lande-Arnold 149 

regression is composed of these decomposed gradients as shown below: 150 

 𝛽௭ =   𝛽௨

𝜎௨೥
ଶ

𝜎௭
ଶ

  +  𝛽௖

𝜎௖೥
ଶ

𝜎௭
ଶ

  +  𝛽௘

𝜎௘೥
ଶ

𝜎௭
ଶ

. [7] 151 

Where 𝜎ଶ’s represents the total (𝜎௭
ଶ), among individuals (𝜎௨೥

ଶ ), among common environments 152 

(𝜎௖೥
ଶ ), and within individual (𝜎௘೥

ଶ ) variances of the trait. The Lande-Arnold derived selection 153 

gradient (𝛽௭) is therefore composed of all these gradients, weighted by the proportion of the 154 

total phenotypic variance of the trait explained by variation at these different hierarchical 155 
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levels. The derivation of equation [7] from equation [6] can be found in supplementary 156 

material S1.  157 

 158 

As shown above, under a simple model of causality, where the trait directly affects fitness, we 159 

expect the selection gradients at each hierarchical level to be equal in both direction and 160 

magnitude to each other and the overall 𝛽௭ (Equation [6]; Figure 1A; (Bonnet & Postma, 161 

2018; Gauzere et al., 2021; Hadfield et al., 2013; Pick et al., 2016). Thus, comparing the 162 

magnitude and direction of these decomposed selection gradients, can be used to infer 163 

whether selection on a trait is consistent with causality. An exception to this would be when 164 

selection is measured on a trait with considerable measurement error, which may result in 𝛽௘ 165 

estimates that are biased downwards (Dingemanse et al., 2021). Inconsistency with causality 166 

would be indicated if one or more of the decomposed selection gradients differed from each 167 

other. For example, if there is a non-causal relationship between relative fitness and a trait 168 

driven by an environmental variable that changes among common environments, this would 169 

result in an increase in 𝛽௖ which would upwardly bias 𝛽௭ (Eq, 8; Figure 1b), and thus impact 170 

our interpretation of selection estimated using the Lande-Arnold method (Rausher, 1992; 171 

Stinchcombe et al., 2002).  172 

 173 

 174 
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 175 

 176 

Figure 1: Examples of Lande-Arnold derived selection gradients and their decomposition to 177 

selection gradients at different hierarchical levels when selection is: (A) consistent with 178 

causality; versus (B) inconsistent with causality and instead confounded by an environmental 179 

variable that changes across common environments. 𝛽௭ (purple) is the Lande-Arnold derived 180 

selection gradient, 𝛽௨ (blue) is the among individual selection gradient, 𝛽௖ (green) is the 181 

common environment selection gradient and 𝛽௘  (yellow) is the within individual selection 182 

gradient. 183 

 184 

3.2 Decomposing selection gradients to assess consistency with, and correct for, soft and hard 185 

selection 186 

When estimating a single, global selection gradient across environments, the Lande-Arnold 187 

method can bias estimates of selection toward zero depending on both how selection operates 188 

and how fitness is relativised. Although selection may actually be on a continuum between 189 

hard and soft selection, we discuss these as discrete modes of selection for clarity. To 190 

illustrate this, Figures 2A – D show a theoretical example where the selection gradients for 191 
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trait z were estimated across two years of measurements under scenarios of hard selection 192 

(first column; A and C) and soft selection (second column; B and D), when fitness is 193 

relativised either across years (top row; A and B) or within years (bottom row; C and D). 194 

Here, all individuals live within the same local environment, and the mean value of the trait 195 

changes between years, being larger in year 2. The true strength of selection is the same 196 

across years in both scenarios (solid black lines). When selection is hard the fitness of an 197 

individual is dependent on its trait value independent of the population trait mean. Therefore, 198 

as the population trait mean changes across years, so too does mean absolute fitness. Under 199 

this scenario, we would obtain the correct selection gradient using the Lande-Arnold method 200 

when selection is measured across common environments and fitness is relativised across 201 

years (Figure 2A). However, when fitness is relativised within years and hard selection is 202 

occurring, relative fitness is not reflective of the change in absolute fitness that is occurring 203 

between years, causing the selection gradient to be biased downwards (Figure 2C). 204 

 205 

When selection is soft, the absolute fitness of individuals in year 2 falls into the same range 206 

as year 1 because mean fitness is the same in both years. In this scenario of soft selection, the 207 

selection gradient is always underestimated when measured from data pooled across both 208 

years. This occurs even if the selection gradient is the same in both years and regardless of 209 

how fitness is relativised (Figures 2B & 2D).  210 
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  211 

 212 

 213 

Figure 2: The linear relationship between relative fitness w and trait z (i.e. the selection 214 

gradient) where fitness has been relativised by the global mean (A & B) and the within year 215 

mean (C & D), when selection is hard (A & C) and soft (B & D). Coloured points denote w 216 

(treated as described above) and z values measured in year 1 (blue) and year 2 (orange). Solid 217 

lines show the true selection gradients would be recovered by analysing each year separately, 218 

while dashed lines show the selection gradients measured when data from both years are 219 
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pooled together and fitness is relativised by the global mean. In (A) the dashed line cannot be 220 

seen as it is identical to the solid line. Note that the slopes of the true selection gradients do 221 

not change between years, which would occur if the strength of selection was varying across 222 

years. 223 

 224 

Before we describe how selection gradient estimates can be corrected when selection is 225 

consistent with soft selection, we must first discuss how the pattern of decomposed selection 226 

gradients that is consistent with causality changes depending on whether selection is hard or 227 

soft. When hard selection occurs the fitness of an individual is independent of the trait mean 228 

of the population. If the trait mean of the population changes across common environments, 229 

the associated relative fitness also changes from year to year (Figure 2A). Therefore, we 230 

expect the among common environment selection gradient (𝛽௖) to be different from zero and 231 

equivalent in both direction and magnitude to all other selection gradients when selection is 232 

both causal and hard (Figure 3A). However, if selection is soft, there will be no difference in 233 

fitness, and thus relative fitness of individuals among common environments (Figure 2B). 234 

Therefore, we do not expect there to be a relationship between mean trait value and mean 235 

relative fitness between common environments if the trait mean varies across those common 236 

environments. Consistency with soft selection, is therefore provided by a common 237 

environment selection gradient (𝛽௖) of zero, but other selection gradients (e.g., 𝛽௨ and 𝛽௘) 238 

different from zero and equivalent to each other. If selection is consistent with soft selection 239 

and causality, we should still see the relationship between trait and relative fitness present 240 

both within and among individuals (Figure 3B). Soft selection will result in a downward bias 241 

in 𝛽௭ if the contribution of the negligible among common environment selection gradient is 242 

not corrected (Figures 2B & 3B), as estimates of 𝛽௭ will include 𝛽௖ as per equation [7].  243 

 244 
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 245 

Figure 3: Examples of Lande-Arnold derived selection gradients and their decomposition at 246 

different hierarchical levels when selection is: (A) consistent with hard selection; versus (B) 247 

consistent with soft selection. 𝛽௭ (purple) is the Lande-Arnold derived selection gradient, 𝛽௨ 248 

(blue) is the among individual selection gradient, 𝛽௖ (green) is the common environment 249 

selection gradient and 𝛽௘  (yellow) is the within individual selection gradient. 250 

 251 

Corrected estimates of the selection gradient (𝛽௭
ᇱ) can be obtained by removing any variation 252 

in relative fitness or the trait across common environments as well as their relationship to 253 

each other from equation 7. This includes removal from the total variance 𝜎௭
ଶ. Thus, in Figure 254 

3B the corrected estimate of the selection gradient (𝛽௭
ᇱ) is:  255 

 𝛽௭
ᇱ =    𝛽௨

𝜎௨೥
ଶ

𝜎௨೥
ଶ + 𝜎௘೥

ଶ
  +  𝛽௘

𝜎௘೥
ଶ

𝜎௨೥
ଶ + 𝜎௘೥

ଶ
. [8] 256 

 257 

It is also important to note that other methods have been developed to correct and test for 258 

consistency with soft selection. More in-depth discussion of how these different approaches 259 

affect selection gradient estimates and test for consistency with hard vs soft selection is in the 260 

supplementary material S2. 261 
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 262 

3.3 Using genetic information to decompose selection gradients 263 

Previous studies have decomposed the covariance between fitness and trait into genetic 264 

versus non-genetic hierarchical levels (Morrissey et al., 2012; Rausher, 1992; Stinchcombe et 265 

al., 2002; Stinchcombe et al., 2014). This can be achieved when data on the relatedness 266 

among individuals is available (Kruuk, 2004). However, to date these approaches have not 267 

discussed what can be learnt from partitioning the non-genetic association further into any of 268 

its components, instead focusing on the genetic association. However, in isolation this genetic 269 

association does not provide an explicit model of selection because a genetic association 270 

between a trait and fitness could occur due to genetic correlations with other traits that are 271 

causally related to fitness (i.e. under selection; Morrissey et al. (2012); Rausher (1992); 272 

Thomson et al. (2017)). Below we highlight how the model we present above can be 273 

extended to obtain further information on whether selection on a trait is likely to be causal by 274 

partitioning 𝛽௨ into additive genetic and permanent environmental hierarchical levels as 275 

shown below: 276 

𝛽௨𝑢௭,௝  = 𝛽௔𝑎௭,௝  +  𝛽௣௘𝑝𝑒௭,௝ .   [9] 277 

Where the additive genetic selection gradient (𝛽௔) is the linear relationship between 278 

individual breeding values for a trait and individual breeding values for fitness. The 279 

permanent environment selection gradient (𝛽௣௘) is the linear relationship between mean trait 280 

value across individuals’ permanent environments and mean relative fitness across 281 

individuals’ permanent environments. Thus, 𝛽௨ is weighted by both 𝛽௔ and 𝛽௣௘ as follows: 282 

 𝛽௨ =   𝛽௔

𝜎௔೥
ଶ

𝜎௔೥
ଶ +  𝜎௣௘೥

ଶ
  +  𝛽௣௘

𝜎௣௘೥
ଶ

𝜎௔೥
ଶ + 𝜎௣௘೥

ଶ
. [10] 283 

 284 

Therefore, equation [6] becomes: 285 
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𝑤௜௝௞  =  𝜇଴  +  𝛽௔𝑎௭,௝   +  𝛽௣௘𝑝𝑒௭,௝  +  𝛽௖𝑐௭,௞  +  𝛽௘𝑒௭,௜ +  𝑒௪,௜. [11] 286 

 287 

Comparison of the genetic selection gradient with other selection gradients measured in the 288 

same model provides more information about whether a causal relationship between the trait 289 

and relative fitness is likely (Figure 4). When a trait has a causal effect on fitness, we expect 290 

the selection gradient between trait and relative fitness between individuals’ breeding values 291 

and permanent environments to be equivalent to each other. Therefore, assuming hard 292 

selection, selection is consistent with causality when all selection gradients are equivalent 293 

(Figure 4A). Decomposing 𝛽௨ into permanent environment and genetic selection gradients 294 

can also facilitate the interpretation of the relationship between a trait and fitness in more 295 

complex scenarios. For example, if 𝛽௭ is non-zero, but both within individual (𝛽௘) and among 296 

common environment (𝛽௖) selection gradients are zero (suggesting the association is not 297 

causal), decomposition of 𝛽௨ into 𝛽௔ and 𝛽௣௘ can help us separate cases where 𝛽௭ is 298 

confounded by an environmental variable that is consistent among individuals (Figure 4B) 299 

from cases where 𝛽௭ is being confounded by genetic correlations with another trait that is 300 

under selection (Figure 4C). Additionally, decomposing 𝛽௨ into permanent environment and 301 

genetic selection gradients can help us identify cases where selection on the trait is consistent 302 

with causality, but the trait is genetically correlated with another trait which is being selected 303 

in the opposite direction to the genetic correlation. In this scenario we expect all selection 304 

gradients to be equal in magnitude and direction to each other except the genetic selection 305 

gradient 𝛽௔, which may be biased downwards by any magnitude depending on the strength of 306 

the genetic correlation with the other trait and the strength of selection acting on the other 307 

trait (Figure 4D).  308 

 309 
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 310 

Figure 4. Examples of Lande-Arnold derived selection gradients and decomposed selection 311 

gradients where genetic information is available. (A) Pattern is consistent with causality, (B) 312 

Pattern is selection is inconsistent with causality and instead suggests a confounding variable 313 

that is consistent among individuals, (C) Pattern is inconsistent with causality and instead 314 

suggests confounding by a genetic correlation with a trait that is selected to increase and (D) 315 

Pattern is consistent with causality but the trait is genetically correlated with a trait that is is 316 

selected to decrease. Where 𝛽௭ (purple) is the Lande-Arnold derived selection gradient, 𝛽௔ 317 

(blue) is the genetic selection gradient, 𝛽௣௘ (teal) is the permanent environment selection 318 

gradient, 𝛽௖ (green) is the among common environment selection gradient and 𝛽௘ (yellow) is 319 

the within individual selection gradient. Hard selection is assumed to be occurring in all 320 

scenarios. In D, the genetic selection gradient depicted is zero; but it can take any magnitude 321 
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depending on the strength of the genetic correlation with the other trait and the strength of 322 

selection acting on the other trait. 323 

 324 

4. Estimating decomposed selection gradients  325 

4.1 Multi-response models  326 

The decomposition of directional selection gradients can be readily achieved with multi-327 

response models. Where multiple response variables are simultaneously modelled, the 328 

variances for each response variable and covariances between them at different hierarchical 329 

levels can be estimated. Multi-response models can be run in Bayesian or Frequentist 330 

frameworks. However, a Bayesian approach allows uncertainty in parameters to be more 331 

easily propagated to the derived decomposed selection gradients relative to Frequentist 332 

approaches. These models are already frequently used in quantitative genetics and 333 

behavioural ecology to estimate the genetic covariance between a trait and fitness (Kruuk et 334 

al., 2002; Morrissey, 2014; Morrissey et al., 2010; Reid, 2012), and the phenotypic and 335 

genetic covariances between traits (Clements et al., 2011; Dingemanse & Dochtermann, 336 

2013; Dobson et al., 2023; Houslay & Wilson, 2017; Reid & Wolak, 2018). Thus, there are 337 

many packages available that can run these models, and a number of papers and tutorials 338 

outlining how these models are implemented (de Villemereuil et al., 2018; Houslay & 339 

Wilson, 2017). While multi-response models are capable of measuring selection gradients 340 

(Morrissey et al., 2010), we found very few studies that have used or advocated their use in 341 

this context (but see Dingemanse et al. (2021); Mittell et al. (2024); Videlier et al. (2021)). In 342 

wild populations with repeated measures across individuals and common environments, we 343 

can fit a multi-response model with relative fitness w (relativised by the global mean) and the 344 

trait z as two responses, with random intercepts for individual identity and common 345 

environments as specified below:  346 
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𝑤௜௝௞~ 𝜇௪,଴ + 𝛽௪,ௗ𝑑௪,௜௝௞ + 𝑢௪,௝ + 𝑐௪,௞ + 𝑒௪,௜௝௞, [12𝑎] 347 

𝑧௜௝௞~ 𝜇௭,଴ + 𝑢௭,௝ + 𝑐௭,௞ + 𝑒௭,௜௝௞. [12𝑏] 348 

Where global intercepts and random intercepts at each hierarchical level are measured 349 

separately for trait z and relative fitness w, d is any variable that may affect relative fitness 350 

independent of the trait and  𝛽௪,ௗ is the linear effect of variable d on w. When measuring 𝛽௭ 351 

using multiple regression (i.e. where w is the only response variable), the random intercepts u 352 

and c, and any unexplained effects e, are only modelled and estimated for w, and z is assumed 353 

to be free of error. However, multi-response models measure the variances in and covariances 354 

between z and w across hierarchical levels u and c, and any residual variance and covariance 355 

e, therefore allowing error in z to be explicitly estimated. The random intercepts for u and c, 356 

and residual errors e, are distributed assuming a multivariate normal distribution with 357 

variance-covariance structures as follows: 358 

[𝑢௪, 𝑢௭]~ 𝑀𝑉𝑁(0, Σ௨ ⊗ 𝐼), Σ௨ = ቈ
𝜎௨ೢ

ଶ 𝜎௨ೢ,೥

𝜎௨ೢ,೥
𝜎௨೥

ଶ ቉ , [12𝑐] 359 

[𝑐௪, 𝑐௭]~ 𝑀𝑉𝑁(0, Σ௖ ⊗ 𝐼), Σ௖ = ቈ
𝜎௖ೢ

ଶ 𝜎௖ೢ,೥

𝜎௖ೢ,೥
𝜎௖೥

ଶ ቉ , [12𝑑] 360 

[𝑒௪, 𝑒௭]~ 𝑀𝑉𝑁(0, Σ௘ ⊗ 𝐼), Σ௘ = ቈ
𝜎௘ೢ

ଶ 𝜎௘ೢ,೥

𝜎௘ೢ,೥
𝜎௘೥

ଶ ቉ . [12𝑒] 361 

Where 𝑀𝑉𝑁 denotes a multivariate normal distribution and  Σ are covariance matrices that 362 

link common environment c and among individual u hierarchical levels, and residual effects 363 

e, to observations, ⊗ is a Kronecker product, and I an identity matrix. From these matrices 364 

we can estimate variances and covariances where 𝜎௨ೢ
ଶ , 𝜎௖ೢ

ଶ and 𝜎௘ೢ
ଶ  are the variances in 365 

relative fitness due to differences among individuals, common environments and any residual 366 

variance, respectively. 𝜎௨೥
ଶ , 𝜎௖೥

ଶ  and 𝜎௘೥
ଶ  are the variances in the trait due to differences 367 

between individuals, between common environments and any variance in the trait left 368 
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unexplained by the model, respectively. 𝜎௨ೢ,೥
, 𝜎௖ೢ,೥

 and 𝜎௘ೢ,೥
 are the covariances between 369 

trait and relative fitness among individuals, common environments and any residual 370 

covariance, respectively. 371 

 372 

It is important to note here that a regression coefficient is the covariance between the two 373 

variables of interest, standardised by the variance of the explanatory variable. As described 374 

by (Phillimore et al., 2010), using the estimates of variances and covariances above, we can 375 

therefore calculate a regression coefficient (i.e. a directional selection gradient) akin to a 376 

Lande-Arnold model as specified below: 377 

𝛽௭ =  
𝜎௪,௭

𝜎௭
ଶ

. [13] 378 

Total phenotypic covariance is calculated by summing all possible covariances estimated by 379 

the model together: 380 

𝜎௪,௭ =  𝜎௨ೢ,೥
+ 𝜎௖ೢ,೥

+  𝜎௘ೢ,೥
. [14] 381 

Total phenotypic variance in the trait is calculated by summing all traits variances estimated 382 

by the model together: 383 

𝜎௭
ଶ =  𝜎௨೥

ଶ + 𝜎௖೥
ଶ +  𝜎௘೥

ଶ . [15] 384 

We can estimate decomposed selection gradients using the variances and covariances 385 

estimated at each level as specified below: 386 

𝛽௨ =  
𝜎௨ೢ,೥

𝜎௨೥
ଶ

. [16] 387 

𝛽௖ =  
𝜎௖ೢ,೥

𝜎௖೥
ଶ

. [17] 388 

𝛽௘ =  
𝜎௘ೢ,೥

𝜎௘೥
ଶ

. [18] 389 

 390 
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When selection is soft, we can correct selection estimates  𝛽′௭ by not including the covariance 391 

between relative fitness and the trait among common environments, nor any variation in trait 392 

among common environments, when calculating the directional selection gradient as follows 393 

(analogous to Equation 8): 394 

 𝛽′௭ =  
𝜎௨ೢ,೥

+ 𝜎௘ೢ,೥

𝜎௨೥
ଶ + 𝜎௘೥

ଶ
. [19] 395 

 396 

4.2 Multi-response animal models 397 

If we have information on relatedness among individuals, we can use a multi-response animal 398 

model which involves an additional hierarchical level varying at the level of the individual 399 

and linked to the relatedness matrix (A), allowing individual phenotypic effects to be split 400 

into additive genetic and non-genetic effects. This uses relatedness information to estimate 401 

breeding values, additive genetic variances and covariances. In this model, the previous 402 

hierarchical level associated with among individual effects u separates to give us additive 403 

genetic a and permanent environment pe hierarchical levels as below: 404 

𝑤௜௝௞~ 𝜇௪,଴ + 𝛽௪,ௗ𝑑௪,௜ + 𝑎௪,௝ + 𝑝𝑒௪,௝ + 𝑐௪,௞ + 𝑒௪,௜௝௞, [20𝑎] 405 

𝑧௜௝௞~ 𝜇௭,଴ + 𝑎௭,௝ + 𝑝𝑒௭,௝ + 𝑐௭,௞ + 𝑒௭,௜௝௞. [20𝑏] 406 

From which we can we obtain the following additional variances and covariances  407 

[𝑎௪, 𝑎௭]~ 𝑀𝑉𝑁(0, Σ௔ ⊗ 𝐴), Σ௔ = ቈ
𝜎௔ೢ

ଶ 𝜎௔ೢ,೥

𝜎௔ೢ,೥
𝜎௔೥

ଶ ቉ . [20𝑐] 408 

[𝑝𝑒௪, 𝑝𝑒௭]~ 𝑀𝑉𝑁൫0, Σ௣௘ ⊗ 𝐼൯, Σ௣௘ = ቈ
𝜎௣௘ೢ

ଶ 𝜎௣௘ೢ,೥

𝜎௣௘ೢ,೥
𝜎௣௘೥

ଶ ቉ . [20𝑑] 409 

𝛽௨ can be calculated from this model by summing the additive genetic and permanent 410 

environment covariances and variances as follows: 411 

𝛽௨ =  
𝜎௔ೢ,೥

+  𝜎௣௘ೢ,೥

𝜎௔ೢ
ଶ + 𝜎௣௘೥

ଶ
. [21] 412 
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 413 

4.3 Measuring direct selection on multiple traits  414 

One of the major advantages of the Lande-Arnold method is the ability to model selection on 415 

multiple traits simultaneously, allowing pathways of indirect and direct selection gradients 416 

for correlated traits to be disentangled and leading to improved understanding of selection. 417 

The multi-response model can be expanded to measure decomposed direct selection gradients 418 

on correlated traits as follows: 419 

𝑤௜௝௞~ 𝜇௪,଴ + 𝛽௪,ௗ𝑑௪,௜௝௞ + 𝑎௪,௝ + 𝑝𝑒௪,௝ + 𝑐௪,௞ + 𝑒௪,௜௝௞, [22𝑎] 420 

𝑧ଵ௜௝௞
~ 𝜇௭భ,଴ + 𝑎௭భ,௝ + 𝑝𝑒௭భ,௝ + 𝑐௭భ,௞ + 𝑒௭భ,௜௝௞, [22𝑏] 421 

𝑧ଶ௜௝௞
~ 𝜇௭మ,଴ + 𝑎௭మ,௝ + 𝑝𝑒௭మ,௝ + 𝑐௭మ,௞ + 𝑒௭మ,௜௝௞. [22𝑐] 422 

Where 𝑧ଵand 𝑧ଶ are two different traits measured on the same individual, and d is any 423 

variable that may affect relative fitness independent of either trait. From these we get the 424 

following matrices at different hierarchical levels as follows: 425 

Σ௨ = ൦

𝜎௨ೢ
ଶ 𝜎௨ೢ,೥భ

𝜎௨ೢ,೥మ

𝜎௨ೢ,೥భ
𝜎௨೥భ

ଶ 𝜎௨೥భ,೥మ

𝜎௨ೢ,೥మ
𝜎௨೥భ,೥మ

𝜎௨೥మ

ଶ

൪ , [23𝑎] 426 

Σ௖ = ൦

𝜎௖ೢ
ଶ 𝜎௖ೢ,೥భ

𝜎௖ೢ,೥మ

𝜎௖ೢ,೥భ
𝜎௖೥భ

ଶ 𝜎௖೥భ,೥మ

𝜎௖ೢ,೥మ
𝜎௖೥భ,೥మ

𝜎௖೥మ

ଶ

൪ , [23𝑏] 427 

Σ௘ = ൦

𝜎௘ೢ
ଶ 𝜎௘ೢ,೥భ

𝜎௘ೢ,೥మ

𝜎௘ೢ,೥భ
𝜎௘೥భ

ଶ 𝜎௘೥భ,೥మ

𝜎௘ೢ,೥మ
𝜎௘೥భ,೥మ

𝜎௘೥మ

ଶ

൪ , [23𝑐] 428 

Using methods outlined by Bernstein (2009); Froy et al. (2019), we can calculate 429 

decomposed direct selection gradients by rearranging these variances and covariances among 430 

trait 𝑧ଵ, and 𝑧ଶ , using the among individual direct selection gradients as examples, as 431 

follows.  432 
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 433 

For each hierarchical level, we first rearrange each matrix into two. The first matrix, A, 434 

contains the variance and covariance between traits:  435 

   Σ௨ಲ
 =   ቈ

𝜎௨೥భ

ଶ 𝜎௨೥భ,೥మ

𝜎௨೥భ,೥మ
𝜎௨೥మ

ଶ ቉ . [24] 436 

The second matrix, B, will contain the covariances between each trait and relative fitness as 437 

follows. 438 

   Σ௨ಳ
 =   [𝜎𝒖௪,௭భ

𝜎𝒖௪,௭మ]. [25] 439 

We then can then estimate decomposed direct selection gradients on 𝑧ଵ and 𝑧ଶ by multiplying 440 

Σ௨ಳ
 and the inverse of Σ௨ಲ

 (Σ௨ಳ
 Σ௨ಲ

ିଵ), this can then be repeated for each level of the multi-441 

response model specified. 442 

 443 

5. Empirical example 444 

5.1 Study Population 445 

To illustrate our approach, we provide an empirical example estimating selection on male 446 

antler weight using individual-based data from a long-term study of a wild population of red 447 

deer (Cervus elaphus) living on the Isle of Rum, Scotland (Kruuk et al., 2002; Pemberton et 448 

al., 2022). For more a detailed description on the study population see the supplementary 449 

material S3. Briefly, males grow and shed antlers each year and these are used as weapons in 450 

male-male contests to control groups of females. Males with larger antlers are more likely to 451 

win fights and mate with more females (Clutton-Brock et al., 1979; Kruuk et al., 2002; 452 

Mittell et al., 2024), suggesting a causal relationship between antler weight and fitness. 453 

Previous analysis suggested strong selection on antler weight using the Lande-Arnold method 454 

and that antler weight had a large heritable component (Kruuk et al., 2002). Selection on 455 

antler weight on the Rum study population may be soft as males compete over a limited 456 



  
 

23 
 

resource (females) and would only need larger antlers than their direct competitors. Males 457 

regrow antlers each year (Kruuk et al., 2002, Clutton-Brock et al., 1979), and there is 458 

evidence that the phenotypic composition of antler weight in the population changes between 459 

years (Moyes et al., 2011). Previous studies also found there was no genetic correlation 460 

between antler weight and breeding success, and that the phenotypic association was being 461 

driven mainly by a permanent environment effect (Kruuk, 2004; Kruuk et al., 2014; Kruuk et 462 

al., 2002; Mittell et al., 2024). However, these decomposed selection gradients were not 463 

directly compared to each other and therefore not explicitly tested for 464 

consistency/inconsistency with causality as laid out above and the results were not discussed 465 

in the context of soft or hard selection. 466 

  467 

For our analyses we used data collected between 1974-2020. Annual breeding success was 468 

used as our fitness component, which is the number of calves sired by a male each year as 469 

determined by paternity assignments. We then relativised annual breeding success by the 470 

global mean, that is, the mean across all years. We estimated antler weight by weighing cast 471 

antlers on site using an electronic top pan balance accurate to 0.1 g (Kruuk et al., 2002). We 472 

then standardised antler weight across years (i.e. the global mean) to a variance of 1 and 473 

mean of 0 for analysis.  474 

 475 

5.2 Statistical analyses 476 

5.2.1 Measuring selection on antler size using the Lande-Arnold method 477 

We ran a linear mixed model as specified in equation [S7], where relative annual breeding 478 

success was the response. We fitted standardised antler weight, mean centred age, mean 479 

centred age squared and the year annual breeding success was measured as fixed effects. Age 480 

and its quadratic term account for variation in annual breeding success due to the ages of 481 
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males independent of any effects of age on antler weight (Kruuk et al., 2014; Kruuk et al., 482 

2002) while the continuous year fixed effect accounts for an increase in the proportion of 483 

calves being assigned paternities over the course of the study as a result of improvements in 484 

the proportion of individuals that are genotyped (Walling et al., 2010). We included male 485 

identity and year as random effects to account for unexplained variation in relative annual 486 

breeding success among individuals and years (Kruuk et al., 2014; Kruuk et al., 2002; Mittell 487 

et al., 2024). This model, and all models presented here, were implemented using the 488 

MCMCglmm v2.36 package (Hadfield, 2010) in R v4.5.0 (R Core Team, 2025). 489 

 490 

5.2.2 Measuring selection on antler weight using multi-response models 491 

We ran two multi-response models, one where we assumed no pedigree information was 492 

available, a common scenario for many wild study populations, and one where we used 493 

genetic relatedness calculated from the pedigree to allow decomposition of the among 494 

individual selection gradient into a genetic and permanent environment gradient as specified 495 

in equations [S8]-[S9]. Our response variables were relative annual breeding success and 496 

standardised antler weight and the fixed effects of year, age and age2 were fitted for relative 497 

annual breeding success only. We fitted male identity as a random effect either once (in 498 

models assuming no pedigree information) or twice for animal models, with one linked to a 499 

genetic relatedness matrix to estimate both 𝛽௔ and 𝛽௣௘ in models that used relatedness in the 500 

form of a pedigree (Kruuk, 2004) (see the supplementary S4 for details). As males grew 501 

antlers and participated in the mating season in the same year, we included year as a random 502 

effect and allowed a covariance between relative annual breeding and antler weight to be 503 

measured to estimate 𝛽௖. We then compared the gradients estimated in the same model and 504 

determined whether they were statistically different from each other by subtracting their 505 
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posteriors and calculating the posterior mean difference and their 95% credible intervals 506 

(95% CIs). 507 

 508 

5.3 Results 509 

We do not discuss the estimates of the fixed effects or random effects variances and 510 

covariances in detail here as they are not the focus of the study, but they are reported in 511 

Tables S1-S2. As expected, the Lande-Arnold derived estimate of 𝛽௭ for antler weight in the 512 

Rum study population was positive (𝛽௭ post mean: 0.51, 95% CIs: (0.33 – 0.67), Figure 5, 513 

Table S3). Decomposing this selection gradient into among individual, among common 514 

environments (years) and within individual selection gradients using a multi-response model 515 

with no genetic information suggests that selection on antler weight in the Rum study 516 

population was consistent with causality and soft selection. Causality is suggested because 517 

the among and within individual selection gradient were similar in both magnitude and 518 

direction to each other, and to the Lande-Arnold derived selection gradients, and were 519 

statistically different from zero (𝛽௨: 0.64 (0.39 – 0.94), 𝛽௘: 0.46 (0.23 – 0.70), Figure 5, Table 520 

S3). However, soft selection is suggested because the among common environment selection 521 

gradient was not statistically different from zero and was visually removed from the other 522 

gradients (𝛽௖: 0.20 (-0.14 – 0.51), Figure 5, Table S3), implying that there was no relationship 523 

between the weight of antlers grown in a particular year and the mean relative fitness that 524 

year. However, the differences between the posteriors for each gradient do not definitively 525 

support this – if selection was soft and consistent with causality, we would expect 𝛽௨ and 𝛽௘ 526 

not to be statistically different from each other, but for both to be statistically different from 527 

𝛽௖. While we found 𝛽௨ to be statistically different from 𝛽௖  and not statistically different from 528 

𝛽௘, 𝛽௖ and 𝛽௘ were not statistically different from each other (Table 1). It is possible that the 529 

within individual selection gradient was being biased towards zero by error in the trait 530 
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measurement (Dingemanse et al., 2021), but we believe this effect to be minimal as antler 531 

weight was measured after casting on digital scales accurate to 0.1g.   532 

 533 

Figure 5: Selection gradient estimates for antler weight in male red deer from the Rum study 534 

population derived using the Lande-Arnold method, a multi-response model and a multi-535 

response animal model. The purple circle is the Lande-Arnold derived selection gradient 𝛽௭, 536 

the dark blue triangle is the among individual selection gradient 𝛽௨, the blue small square is 537 

the genetic selection gradient 𝛽௔, the teal horizontal dash is the permanent environment 538 

selection gradient 𝛽௣௘, the green large square is the among common environment (in this case 539 

year of measurement) selection gradient 𝛽௖ and the yellow star is the within individual 540 

selection gradient 𝛽௘. Points and lines denote the posterior mean estimates and their 95% 541 
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credible intervals respectively. 95% credible intervals can be used as an indication of whether 542 

the gradients are significantly different from 0. 543 

 544 

Table 1: The posterior mean differences and associated 95% credible intervals (CIs) between 545 

gradients estimated within the multi-response model and within the multi-response animal 546 

model. Where  𝛽௨ is the among individual selection gradient, 𝛽௔ is the genetic selection 547 

gradient, 𝛽௣௘ is the permanent selection gradient, 𝛽௖ is the among common environment 548 

selection gradient and 𝛽௘ is the within individual selection gradient. Gradients that are 549 

significantly different from each other (95% CIs do not overlap 0) are highlighted in bold. 550 

Gradients Difference between posteriors (Mean + 95% CIs) 

 Multi-response Model Multi-response Animal Model 

𝛽𝑎 – 𝛽pe -- -0.84 (-1.5 – -0.22) 

𝛽𝑎 – 𝛽𝑐 -- -0.11 (-0.7–0.39) 

𝛽𝑎 – 𝛽𝑒 -- -0.438(-0.93 – 0.05) 

𝛽𝑝𝑒 – 𝛽𝑐 -- 0.73 (0.27 –1.19) 

𝛽𝑝𝑒 – 𝛽e -- 0.46 (0.05 –0.92) 

𝛽𝑢 - 𝛽c 0.44 (0.09 – 0.87) -- 

𝛽𝑢 - 𝛽𝑒 0.19 (-0.15 – 0.51) -- 

𝛽𝑐 - 𝛽𝑒 -0.25 (-0.61 – 0.13) -0.28 (-0.62 – 0.11) 

 551 

 552 

Decomposing the among individual selection gradient into genetic and permanent 553 

environment selection gradients provided further insight. Generally, components that were 554 

estimated in both models were similar (Tables S1-S2). Credible intervals were often wider in 555 
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the multi-response animal model compared to the multi-response model, presumably due to 556 

the increase in power required to estimate the genetic components. The genetic selection 557 

gradient was not statistically different from zero (𝛽௔: 0.11 (-0.35 – 0.57), Table S3, Figure 5), 558 

while the permanent environment selection gradient (𝛽௣௘: 0.94 (0.57 –1.30), Table S3, Figure 559 

5) was larger than the common environment and residual selection gradients (𝛽௖: 0.22 (-0.16 560 

– 0.52), 𝛽௘: 0.50 (0.24 – 0.72), Table S3, Figure 5). Formal comparison of the posterior 561 

estimates shows that the permanent environment selection gradient was significantly greater 562 

than every other decomposed selection gradient (Table 1), while the genetic selection 563 

gradient was not statistically different from the among common environment nor the within 564 

individual selection gradient (Table 1).  565 

 566 

This pattern suggests two possible scenarios:  567 

1. Selection on antler weight is soft, indicated by the among common environment 568 

selection gradient not being different from 0. Selection is also consistent with 569 

causality because both the residual and the permanent environment gradients were 570 

different from 0. However, antler weight is genetically correlated with other trait(s) 571 

that are selected against, resulting in a genetic selection gradient not different from 572 

zero. Additionally, there is the suggestion of a confounding environmental variable 573 

that is consistent among individuals, inflating the permanent environment gradient 574 

(the point estimate of this gradient is larger than any other; Figure 5). In this scenario 575 

the Lande-Arnold selection gradient could be correct, due to simultaneously being 576 

biased downwards by the genetic selection gradient and upwards by the permanent 577 

environment selection gradient. However, these biases may not be equal and so the 578 

Lande-Arnold selection gradient could also be incorrect. 579 
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2. Selection on antler weight is inconsistent with causality, and the Lande-Arnold 580 

selection gradient is being confounded upwards by variables that are consistent 581 

between and within individuals. This is indicated by both the permanent environment 582 

and the within individual selection gradients being greater than zero whereas the 583 

genetic and common environment selection gradients are not greater than zero. Under 584 

this scenario the Lande-Arnold selection gradient is biased upwards by both the 585 

permanent environment and the within individual selection gradients.  586 

This approach has helped us narrow this down potential scenario explaining the positive 587 

phenotypic association between relative annual breeding success and antler weight.  If 588 

possible, attempting to account for potential confounding factors that are consistent among 589 

individuals could help discern further which of these two scenarios is occurring. Parameter 590 

estimates could then be compared among models to assess whether the inclusion of 591 

confounding variables reduced the permanent environment selection gradient to be equal in 592 

magnitude to the within individual selection gradient or to zero. Considering the Rum red 593 

deer population, anecdotal evidence suggests that permanent environment confounding could 594 

be driven by differences in where males feed outside the study area through winter and spring 595 

prior to the mating season; males that rut in our study area are often opportunistically spotted 596 

feeding in the same areas in winter/spring each year. However, as these observations are 597 

opportunistic and outside the study area, we do not have the necessary data to explicitly test 598 

this hypothesis.  599 

 600 

If scenario 1 is correct, and selection on antler weight is causal and soft, selection estimates 601 

from the Lande-Arnold approach would be underestimated, but this can be corrected as 602 

detailed above using Eq [21]. Applying this correction to the multi-response animal model, 603 

we find that our corrected selection gradient estimate did not differ much from the 604 
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uncorrected selection gradient derived from the Lande-Arnold method; both credible intervals 605 

clearly overlap each other (𝛽௭: 0.51 (0.33 – 0.67), 𝛽′௭: 0.56 (0.35 –0.75), Figure 6). To 606 

confirm this, we calculated the difference between the posteriors of the selection gradient 607 

corrected for soft selection, and the uncorrected selection gradient. We found a non-608 

significant difference (𝛽z – 𝛽’z: -0.11 (-0.23 – 0.006).  This is likely because the effect of the 609 

among common environment selection gradient is weighted by the among common 610 

environment variance in the trait (Eq [7]), and antler weight did not show substantial among 611 

year variance (𝜎௖೥
ଶ ,Table S2). 612 

 613 

 614 

 615 

Figure 6: Estimated selection gradients for antler weight in male red deer from the Rum study 616 

using the Lande-Arnold method which have not been corrected for soft selection, (left, 𝛽௭) 617 

and have been corrected for soft selection, right, 𝛽′௭, following equation [10] and using data 618 

from the multi-response animal model. Points and lines represent posterior mean estimates 619 
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and their 95% credible intervals respectively. Note that the credible intervals shown here 620 

denote whether these estimates are statistically different from zero, and do not indicate 621 

whether they are statistically different from each other. 622 

 623 

6. Discussion 624 

We have described how the Lande-Arnold method of estimating selection based on the 625 

phenotypic regression of fitness on a trait assumes that selection is causal (see also Rausher 626 

(1992); Stinchcombe et al. (2002); Svensson (2023)), and that, when standardising fitness by 627 

the global mean, that selection is hard. Importantly we also show that when these 628 

assumptions are not met, selection gradients based on the Lande-Arnold method can be 629 

biased. We then outline how, when fitness and a trait are measured repeatedly across 630 

individuals and common environments, decomposing selection gradients across hierarchical 631 

levels can help infer whether patterns are consistent with causality, hard or soft selection, and 632 

to correct selection gradient estimates for soft selection. We describe how to decompose 633 

selection gradients across hierarchical levels using readily available and well documented 634 

multi-response models, and how these models can be expanded to include genetic 635 

information and selection on multiple traits. Unlike other methods for determining 636 

consistency with causality (Morrissey et al., 2012; Rausher, 1992), when selection is 637 

confounded, our method can help identify the source of confounding between trait and 638 

fitness, which will help justify and shape future data collection.  639 

 640 

While we mostly discuss temporal common environments such as year, we emphasise that 641 

other common environments, such as location, can be included in analyses and genetic 642 

information is not strictly necessary for the approach we have described. Furthermore, our 643 

method can be used to determine consistency with causality not just for selection gradients 644 
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(i.e. where the response is a fitness measure of an individual), but any relationship between 645 

two traits estimated by linear regression if both traits have been measured repeatedly across 646 

individuals and/or common environments. For example, Ravindran et al. (2022) decomposed 647 

the correlation between annual measures of telomere length and female reproductive 648 

performance among and within individuals and among years in a wild population of Soay 649 

sheep (Ovis aries) to shed light on the processes underlying their association. However, we 650 

note that without genetic information, confounding via permanent environment and genetic 651 

correlations with traits under selection cannot be ruled out. Overall, our method is suitable to 652 

a large number of studies from wild populations where genetic data is not available but have 653 

repeated measures of fitness and trait phenotypes across individuals and common 654 

environments, where paternity or fitness related data can be inferred from other sources. 655 

 656 

The Lande-Arnold approach models fitness as a Gaussian trait and we followed this approach 657 

in our empirical example to facilitate a simpler illustration of the proposed method. However, 658 

we recognise that fitness measures are more appropriately modelled assuming other 659 

distributions (e.g. annual survival as a binomial trait, or annual reproductive success as a 660 

Poisson trait). In cases where fitness is modelled as non-normally distributed, the model will 661 

estimate a latent scale gradient, from which a selection gradient on the observed scale can be 662 

derived and methods for this have been discussed elsewhere (Morrissey & Bonnet, 2019; 663 

Morrissey & Goudie, 2022). Importantly, comparison of decomposed latent scale gradients to 664 

test for consistency with causality and hard and soft selection can still be done as we have 665 

described 666 

 667 

In our empirical example, we added fixed effects (year and age) that account for biases in 668 

relative annual breeding success and ecological processes that occur independent of selection, 669 
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which otherwise may have biased the variances and covariances estimated at the different 670 

hierarchical levels, and therefore the selection gradient estimates (de Villemereuil et al., 671 

2018). However, we recommend that great care is taken that any fixed effects included in 672 

these models are not causing selection or are not a part of the causal pathway of selection. 673 

This is because if the predictors vary at a particular level, they may affect the variance/ 674 

covariances at that level, which would then affect the comparison between different levels. In 675 

the latter case, as a part of the selection process is effectively being removed, this would 676 

likely cause the selection gradient to be masked or reduced.  677 

 678 

While there is considerable scope to apply our methods across a range of different situations, 679 

there are some limitations and considerations that should be discussed. Firstly, there are 680 

issues of sample size in selection analyses, and many studies on natural populations may lack 681 

the sample size required to accurately estimate selection (Hersch & Phillips, 2004). 682 

Unfortunately, the multi-response model requires larger sample size than the Lande-Arnold 683 

method, as it involves estimating covariances and variances at different hierarchical levels. 684 

There are often sample sizes issues in observational studies of wild populations and in 685 

Bayesian analyses this can lead the posterior being too heavily dominated by the priors that 686 

are set. Estimating the samples sizes required for the multi-response model approach is 687 

convoluted and dependent on a number of facets - the strength of selection acting on the trait, 688 

the number of traits, the number of hierarchical levels specified, the variation of the trait at 689 

different hierarchical levels, the direction and strength of correlations between traits at each 690 

hierarchical level, the number of groups in each hierarchical level and the number of samples 691 

in each group. Estimating the sample size required for a specific analysis can be done using 692 

simulations using packages such as squidSim (Pick, 2025) in R.  693 

 694 
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Secondly, the main limiting factor for assessing consistency with hard/soft selection in wild 695 

population studies is likely the number of common environments (e.g. locations or years) 696 

sampled. Keeping individual-based wild studies funded long term or across large locations is 697 

challenging (Clutton-Brock & Sheldon, 2010; Festa-Bianchet et al., 2017; Pemberton et al., 698 

2022; Sheldon et al., 2022) and thus the number of years or the locations sampled may not 699 

exceed 10 (Hughes et al., 2017; Siepielski et al., 2009). This is an important consideration 700 

because the more complex the models become, i.e. more traits or hierarchical levels included, 701 

the higher the sample size that is required. Fortunately, there number of long-term individual-702 

based studies that have been running across decades is increasing (Bonnet et al., 2022; de 703 

Villemereuil et al., 2020; Sheldon et al., 2022). These studies are likely to have the sample 704 

sizes required to make inferences about the relative importance of hard versus soft selection, 705 

providing a way forward to utilise currently existing data whilst strengthening the motivation 706 

to continue with data collection. 707 

 708 

Finally, we note that, as with all purely observational data, correlation is not equivalent to 709 

causation and so the patterns suggested by the decomposition of selection into its hierarchical 710 

levels may not be those that are actually occurring. For example, in our empirical example 711 

the decomposed gradients are consistent with selection on antler weight being soft. However, 712 

it is possible that selection on antler mass is instead hard, but a confounding environmental 713 

variable is biasing the common environment selection gradient downwards. We argue that, as 714 

with all observational data, it is important to use the ecology of the population to infer 715 

whether alternative explanations are likely. In the case of our empirical example, hard 716 

selection on antler size would appear unlikely as females cannot store sperm across years and 717 

so a male’s reproductive success in a given year is entirely determined by his competitive 718 

ability in that year.  719 
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 720 

Despite these issues, we argue that decomposing selection gradients is informative. As in our 721 

empirical example, qualitative comparison of the magnitude of the different gradients can 722 

provide information on likely sources of environmental confounding and potential 723 

unaccounted trait correlations even if direct statistical comparisons between different 724 

gradients are inconclusive. Additionally, if soft selection is thought to be likely for a trait, our 725 

method can be used to investigate if the data is consistent with soft selection and to correct 726 

the selection gradient for soft selection. 727 

 728 

We have not discussed measuring quadratic, correlational or fluctuating selection in much 729 

detail in our paper. Our framework does not allow for selection to vary across common 730 

environments and may produce biased selection gradient estimates if selection does vary  731 

(Bonnet & Postma, 2018; Westneat et al., 2020). The theory we propose behind decomposed 732 

selection gradients does apply to decomposed quadratic and correlational selection. However, 733 

we do not recommend using multi-response models to estimate quadratic or correlational 734 

selection gradients, as Dingemanse et al. (2021) showed using simulations that quadratic and 735 

correlation selection gradients estimated this way were very imprecise and prone to 736 

inaccuracies. Instead latent-variable models can be used to estimate quadratic, correlational 737 

and fluctuating selection (Dingemanse et al., 2021), but they require more complex statistical 738 

programming skills to implement. There are a few packages that are currently available for 739 

fitting these models, but few tutorials exist on how to fit them properly (Dingemanse et al., 740 

2021). Therefore, for measuring directional selection where selection does not fluctuate, 741 

which is the scope of our paper, multi-response models are an easily accessible and 742 

implementable option to decompose selection gradients, with many tutorials available to help 743 

fit them. 744 
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 745 

In conclusion, when trait and fitness are measured repeatedly across individuals or common 746 

environments, the association between the two can be decomposed across different 747 

hierarchical levels. This approach can provide insight into whether the association between a 748 

trait and fitness is consistent with a causal relationship and whether selection on a trait is 749 

consistent with hard or soft selection. We demonstrate how this decomposition can be 750 

achieved with multi-response models, a readily available and well documented statistical 751 

approach. This type of repeated measures data is likely to exist for many wild populations 752 

and for associations other than those between traits and fitness. Application of our approach 753 

to such data should provide more information about the sources of correlations between traits 754 

and between traits and fitness, which can better inform our understanding of the ecology of 755 

natural selection and the evolution of traits in wild populations. 756 

 757 

Data and Code availability: data and code used in this manuscript can be found at 758 

https://github.com/Sazz010101/selection_causal_inference_paper.git 759 
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 988 

S1 Derivation of equation [9]  989 

The Lande-Arnold selection gradient 𝛽௭ can be estimated by dividing the total phenotypic 990 

covariance between trait and relative fitness (𝜎௪,௭) by the total phenotypic variance of the 991 

trait (𝜎௭
ଶ) as follows. 992 

 993 

𝛽௭ =  
𝜎௪,௭

𝜎௭
ଶ

[𝑠1] 994 

 995 

 996 

Where 𝜎௪,௭ is composed of the covariance between relative fitness and trait among 997 

individuals (𝜎௨ೢ,೥
), among common environments (𝜎௖ೢ,೥

) and within individuals (𝜎௘ೢ,೥
).  998 

 999 

𝜎௪,௭ =  𝜎௨ೢ,೥
+ 𝜎௖ೢ,೥

+  𝜎௘ೢ,೥
. [𝑠2] 1000 

 1001 
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𝜎௭
ଶ is composed of the variance of the trait among individuals (𝜎௨೥

ଶ ), among common 1002 

environments (𝜎௖೥
ଶ ) and within individuals (𝜎௘೥

ଶ ). 1003 

 1004 

𝜎௭
ଶ =  𝜎௨೥

ଶ + 𝜎௖೥
ଶ +  𝜎௘೥

ଶ  [𝑠3] 1005 

 1006 

Therefore, decomposed selection gradients 𝛽௨, 𝛽௖ and 𝛽௘ are calculated by dividing the 1007 

decomposed covariances by their respective decomposed trait variances as follows: 1008 

 1009 

𝛽௨ =  
𝜎௨ೢ,೥

𝜎௨೥
ଶ

[𝑠4𝑎] 1010 

𝛽௖ =  
𝜎௖ೢ,೥

𝜎௖೥
ଶ

[𝑠4𝑏] 1011 

𝛽௘ =  
𝜎௘ೢ,೥

𝜎௘೥
ଶ

[𝑠4𝑐] 1012 

 1013 

We rearrange and insert equation [s1] into [s2] to get: 1014 

 1015 

𝛽௭𝜎௭
ଶ =  𝜎௨ೢ,೥

+ 𝜎௖ೢ,೥
+  𝜎௘ೢ,೥

[𝑠5] 1016 

 1017 

Which we derive to get: 1018 

𝛽௭ =  
𝜎௨ೢ,೥

+ 𝜎௖ೢ,೥
+  𝜎௘ೢ,೥

𝜎௭
ଶ

[𝑠6] 1019 

We then rearrange and insert equations [S4a – c] into equation [S6a] as follows: 1020 

 1021 



  
 

43 
 

𝛽௭ =  
𝛽௨𝜎௨೥

ଶ + 𝛽௖𝜎௖೥
ଶ +  𝛽௘𝜎௘೥

ଶ

𝜎௭
ଶ

[𝑠6𝑎] 1022 

 𝛽௭ =   𝛽௨

𝜎௨೥
ଶ

𝜎௭
ଶ

  +  𝛽௖

𝜎௖೥
ଶ

𝜎௭
ଶ

  +  𝛽௘

𝜎௘೥
ଶ

𝜎௭
ଶ

[𝑠6𝑏] 1023 

 1024 

S2 How different ways of standardising fitness and traits affects 1025 

selection estimates depending on whether selection on the trait is soft 1026 

or hard 1027 

When explaining how fitness is relativised and traits are standardised when measuring 1028 

selection, Lande and Arnold (1983) stated that fitness should be relativised by the “mean of 1029 

the population”. Lande and Arnold were considering a single population at a single time 1030 

point, which allows no way to distinguish hard and soft selection and makes this definition 1031 

reasonably clear in this context. However, this definition is somewhat vague if a population is 1032 

measured across multiple environments or time points. Under these scenarios, what 1033 

constitutes a population becomes more ambiguous and may be context dependent, making 1034 

hard and soft selection more distinct mechanisms in this context. Importantly, this can result 1035 

in different ways of relativising fitness and standardising traits that can introduce 1036 

unintentional biases and error into estimates of selection. 1037 

Studies measuring selection can standardise fitness and trait phenotypes either by the global 1038 

mean of the data or by the mean within common environments (e.g., within each year in 1039 

populations with annual breeding cycles). A review by De Lisle and Svensson (2017) found 1040 

that most studies measuring fitness and traits across several environments or ‘groups’ tended 1041 

to mostly standardise fitness and traits ‘globally’ without much justification. If fitness and 1042 

trait phenotypes are standardised by the global mean selection may be underestimated if 1043 
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selection is soft. A way of dealing with this would be to standardise fitness and trait 1044 

phenotypes within common environments (ie. within groups) prior to analysis with the 1045 

Lande-Arnold method.  This would theoretically correct Lande-Arnold derived selection 1046 

gradients for soft selection because individuals compete with other individuals that exist in 1047 

the same space and/or time, and this approach relativises their fitness and trait phenotype to 1048 

the mean of the individuals they compete against.  Indeed, this is how (De Lisle & Svensson, 1049 

2017) recommend to standardise fitness and trait measurements when soft selection is 1050 

occurring. However, relativising fitness and trait phenotypes within common environments 1051 

implicitly assumes soft selection is occurring across those common environments, which can 1052 

lead to erroneous selection gradients if that is not the case. It can also be difficult to 1053 

understand in advance of the analysis whether selection on a trait is likely to be soft or hard. 1054 

For example, when a population occurs across different areas with different environments, it 1055 

can be difficult to determine how connected these subpopulations are (De Lisle & Svensson, 1056 

2017). If soft selection on a trait is occurring and subpopulations are completely isolated, 1057 

selection would appear soft, but increasing connectivity is likely to give soft selection the 1058 

appearance of hard selection. For this scenario, relativising fitness and trait phenotypes within 1059 

common environments would result in the selection gradient being misestimated. 1060 

Additionally, common environment fitness and trait means are likely to be erroneous, 1061 

particularly if samples sizes within common environments are small, which may cause 1062 

underestimation of the error in the means within environments, and therefore, the selection 1063 

gradient estimates (Lüdtke et al., 2008). Plotting the relationship between a trait and absolute 1064 

fitness separately for each level of the common environment to determine whether soft or 1065 

hard selection is occurring may also lead to spurious conclusions being made, as these 1066 

associations are not tested statistically.  1067 
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Aside from our method, whether selection is hard or soft can also be explicitly tested for by 1068 

expanding the Lande-Arnold method to include the within common environment trait mean 1069 

as a covariate and comparing the slopes (i.e. contextual analysis )(Goodnight et al., 1992), or 1070 

by including within common environment mean and an individual’s deviation from the mean 1071 

and comparing their slopes (i.e. within and among group centring) (Kreft et al., 1995; 1072 

Westneat et al., 2020). It is worth noting that these methods are reparameterizations of each 1073 

other and are consistent with our approach of decomposing selection gradients. However, the 1074 

statistical implementation of the contextual analysis/ within and among group centring 1075 

approach differs from our approach, as they suffer from the issues mentioned above when 1076 

samples sizes within common environments are small.  1077 

Our approach of decomposing selection gradients into different hierarchical levels using 1078 

multi-response models allows for hard vs soft selection to be explicitly tested in a statistically 1079 

robust framework, while accounting for uncertainty in estimation of the means of common 1080 

environments with small sample sizes. Our method also simultaneously assesses consistency 1081 

with causality and allows selection gradient estimates to be corrected when selection is soft 1082 

without any of the drawbacks associated without having to first assume soft or hard selection 1083 

is occurring.  1084 

 1085 

S3 Additional information on measurements used in our empirical 1086 

example of selection on antler weight in male red deer 1087 

In the Rum red deer study population, the identity of almost every individual is known from natural 1088 

markings, collars, ear tags and punches (Pemberton et al., 2022). Females are sexually receptive for 1-1089 

2 days each year during the mating season (September – October) and give birth May-June of the 1090 

following year. Male reproductive success is primarily determined via precopulatory male-male 1091 
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competition during the mating season, where males will attract females into their harem, which they 1092 

then mate with once they come into oestrus. Males guard their harem against other males, and 1093 

contests frequently escalate into dangerous fights to establish dominance and possession of females 1094 

(Clutton-Brock et al., 1979). We expect selection on antler weight to be consistent with causality 1095 

because males use their antlers when fighting to gain access to females and defend their harems, and 1096 

males with larger antlers are likely to win more fights and mate more females (Clutton-Brock et al., 1097 

1979; Kruuk et al., 2002; Mittell et al., 2024). Selection on antler weight is likely be soft as males 1098 

would only need bigger antlers compared to their opponents be able to win fights, and the limiting 1099 

number of niches to be occupied would be the ratio of females to males during the mating season 1100 

(Clutton-Brock et al., 1979; Kruuk et al., 2002). 1101 

Antler weight has been a major focus in the Rum study population, with much already investigated in 1102 

terms of both phenology (Clements et al., 2010; Moyes et al., 2011) and its association with male 1103 

fitness (Clutton-Brock et al., 1979; Kruuk et al., 2014; Kruuk et al., 2002), making it an ideal trait to 1104 

demonstrate our methods. Antlers start to grow in the spring, encased in blood supplying tissue called 1105 

velvet which is rubbed off in summer (Clements et al., 2010). Antlers are then cast off the following 1106 

spring and the cycle restarts (Clements et al., 2010). Cast antlers are collected and measured, and the 1107 

unique shape of the antler is used to identify which individuals they belonged to (Kruuk et al., 2002).  1108 

The paternity of calves born each year were determined via tissue samples collected at birth (Guinness 1109 

et al., 1982; Pemberton et al., 2022), which were then used to infer male annual breeding success 1110 

measures as the number of calves males were assigned paternity to each year. The age of males born 1111 

in the study area were calculated from their date of birth, whereas the ages of immigrant males who 1112 

were born outside the study area but rutted within the study area were estimated from appearance 1113 

(Walling et al., 2010). We included males aged 5 and over in our analysis as males are considered to 1114 

be sexually mature at this age (Pemberton et al., 2022). We then mean centre male age by subtracting 1115 

mean male age from each male age. 1116 

 1117 
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S4 Analysis specifications for our empirical example 1118 

Our data comprised of 818 observations from 246 male deer across 44 years. The pedigree used for 1119 

the animal multi-response model was pruned down to 564 individuals who either had phenotypic data 1120 

available or where related to individuals who had phenotypic data. 1121 

We estimated the Lande-Arnold derived selection gradient for antler weight using the equation 1122 

specified below: 1123 

𝑤௜௝௞~ 𝜇଴ +  𝛽௭𝑧௜௝௞ + 𝛽௠𝑚௜௝௞ + 𝛾௠𝑚௜௝௞
ଶ + 𝛽௕𝑏௜௝௞ +  𝑢௝ + 𝑐௞ + 𝑒௜௝௞ . [𝑆7] 1124 

 1125 

Where 𝑤 is the relative annual breeding success of a male, 𝜇଴ is the global intercept for relative 1126 

fitness, 𝑧 is male antler weight standardised to a variance of 1 and mean of 0, 𝑚 is the mean centred 1127 

age of males,  𝑚ଶ
 is the mean centred age of males squared, 𝑏 is the year in which both trait and 1128 

fitness were measured, 𝑢, 𝑐 and 𝑒 are identity and year random effects and any residual variation in 𝑤 1129 

not explained by the model. 𝛽௭,  𝛽௠, 𝛾௠ and 𝛽௕  are the effects of 𝑧௜௝௞, 𝑚, 𝑚ଶ
  and 𝑏 on 𝑤  1130 

respectively, and 𝛽௭ is the Lande-Arnold derived directional selection gradient.  1131 

We estimated decomposed selection gradients for antler weight with no genetic information using the 1132 

equations specified below: 1133 

 1134 

𝑤𝑖𝑗𝑘~ 𝜇௪బ
+ 𝛽௪೘

𝑚௪೔ೕೖ
+ 𝛾௪೘

𝑚௪೔ೕೖ
ଶ + 𝛽௪್

𝑏௪೔ೕೖ
+ 𝑢௪ೕ

+ 𝑐௪ೖ
+ 𝑒௪೔ೕೖ

, [𝑆8𝑎] 1135 

𝑧𝑖𝑗𝑘~ 𝜇௭బ
+ 𝑢௭ೕ

+ 𝑐௭ೖ
+ 𝑒௭೔ೕೖ

. [𝑆8𝑏] 1136 

 1137 

Where 𝜇௪బ
is the global intercept for relative annual breeding success, 𝛽௪೘

, 𝑌௪೘
and 𝛽௪೘

 are the 1138 

effects of  𝑚,  𝑚ଶ and 𝑏  on 𝑤 and 𝑢௪, 𝑐௪ and 𝑒௪ are identity and year random effects for w and any 1139 

residual variation in w not explained by the model respectively. 𝜇௭బ
 is the global intercept for 1140 
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standardised antler weight, and 𝑢௭, 𝑐௭ and 𝑒௭ are identity and year random effects for z and any 1141 

residual variation in z not explained by the model respectively. 1142 

We estimated decomposed selection gradients for antler weight including genetic information using 1143 

the equations specified below: 1144 

𝑤𝑖𝑗𝑘~ 𝜇௪బ
+ 𝛽௪೘

𝑚௪೔
+ 𝛾௪೘

𝑚௪೔
ଶ + 𝛽௪್

𝑏௪೔
+ 𝑎௪ೕ

+ 𝑝𝑒௪ೕ
+ 𝑐௪ೕ

+ 𝑒௪೔ೕೖ
, [𝑆9𝑎] 1145 

𝑧𝑖𝑗𝑘~ 𝜇௭బ
+ 𝑎௭ೕ

+ 𝑝𝑒௭ೕ
+ 𝑐௭ೖ

+ 𝑒௭೔ೕೖ
. [𝑆9𝑏] 1146 

Where 𝑎௪ and 𝑝𝑒௪ are genetic and permanent random effects for w and 𝑎௭ and 𝑝𝑒௭ are genetic and 1147 

permanent random effects for z. 1148 

We then followed procedures outlined in section 3.1 to estimate variances-covariances matrices and 1149 

eventually the decomposed selection gradients from both multi-response models. 1150 

S5 Additional results and model outputs from our empirical 1151 

example 1152 

Table S1: Fixed effects estimated from models of selection on antler in the rum study population, including a 1153 

univariate (Lande-Arnold derived) model and multi-response models both with and without genetic information. 1154 

Effects are the global intercept for relative breeding success (𝜇଴ or 𝜇௪బ
), the global intercept for standardised 1155 

antler weight (𝜇௭బ
), the effect of mean-centred age (𝛽௠  or 𝛽௪೘

), the quadratic effect of mean-centred age (𝛾௠ or  1156 

𝛾௪೘
) and the effect of year (𝛽௕ or 𝛽௪್

). Estimates are posterior means and 95% credible intervals. Terms are 1157 

highlighted in bold when pMCMC values are lower than 0.05. Note we do not include estimates of 𝛽௭ from 1158 

equation [S1] as these are included in table S3. 1159 

 Lande-Arnold derived Multi-response no genetic 
information 

Multi-response with genetic 
information 

Outputs Post.mean (+95 
cis) 

pMCMC Post.mean (+95 
cis) 

pMCMC Mean (+95 CIs) pMCMC 

Intercept- 
relative 
fitness 𝜇଴ or 
𝜇௪బ

 

-24.2(-49.9 – 
1.72) 

0.07 -44.3 (-80.4 – -
8.9) 

0.001 -37.4 (-78.9 – 0.74) 0.06 
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Intercept -
Trait 𝜇௭బ

 
-- -- 0.02 (-0.18 – 

0.24) 
0.851 0.11 (-0.15 – 0.35) 0.39 

Age- relative 
fitness 𝛽௠  or 
𝛽௪೘

  

-0.13 (-0.19 – -
0.05) 

0.0008 -0.12 (-0.19 – -
0.04) 

0.002 -0.13 (-0.2 -0.05) 0.002 

Age2- relative 
fitness 𝛾௠ or  
𝛾௪೘

 

-0.04 (-0.06 – -
0.03) 

0.0008 -0.04 (-0.06 – -
0.03) 

0.0008 -0.04 (-0.06 – -
0.03) 

0.0008 

Year- relative 
fitness 𝛽௕ or 
𝛽௪್

 

0.013 (-1.83e-04 –
0.03) 

0.06 0.02 (0.005 – 
0.04) 

0.014 0.02 (2.4e-04 – 
0.04) 

0.06 

 1160 

 1161 

 1162 

 1163 

 1164 

 1165 

 1166 

Table S2: Random effect estimates from models of the Lande Arnold derived selection gradient (univariate 1167 

model) and multi-response models without and with genetic information. Outputs include the variance of 1168 

relative breeding success among individuals (𝜎௨
ଶ or 𝜎௨ೢ

ଶ ), permanent environment (𝜎௣௘ೢ
ଶ ), additive genetic 1169 

variance (𝜎௔ೢ
ଶ ), among years (𝜎௖

ଶ or 𝜎௖ೢ
ଶ ) and within individuals (𝜎௘

ଶ or 𝜎௘ೢ
ଶ ); the variance of standardised antler 1170 

weight among individuals (𝜎௨೥
ଶ ), permanent environment (𝜎௣௘೥

ଶ ), additive genetic variance (𝜎௔೥
ଶ ), among years 1171 

(𝜎௖೥
ଶ ) and within individuals (𝜎௘೥

ଶ ); and the covariance between relative breeding success and standardised antler 1172 

weight among individuals (𝜎௨ೢ,೥
), permanent environment (𝜎௣௘ೢ,೥

), additive genetic variance (𝜎௔ೢ,೥
), among 1173 

years (𝜎௖ೢ,೥
) and within individuals (𝜎௘ೢ,೎

). Estimates are posterior means with 95% credible intervals in 1174 

parentheses.  1175 

 Lande-Arnold derived Multi-response no genetic 
information 

Multi-response with 
genetic information 

Relative breeding 
success – Individual 𝜎௨

ଶ 
or 𝜎௨ೢ

ଶ  

0.75 (0.55 – 0.96) 0.94 (0.67 – 1.22) -- 

Relative breeding 
success – Permanent 
Environment 𝜎௣௘ೢ

ଶ  

-- -- 0.8 (0.51 – 1.07) 

Relative breeding 
success – Genetic 𝜎௔ೢ

ଶ  
-- -- 0.26 (0.12 – 0.43) 



  
 

50 
 

Relative breeding 
success – Year 𝜎௖

ଶ or 
𝜎௖ೢ

ଶ  

0.07 (0.01 – 0.12) 0.18 (0.09 – 0.29) 0.19 (0.09 – 0.32) 

Relative breeding 
success – Residual 𝜎௘

ଶ 
or 𝜎௘ೢ

ଶ  

1.01 (0.89 – 1.13) 1.09 (0.96 – 1.25) 1.1 (0.96 – 1.26) 

Antler weight – 
Individual 𝜎௨೥

ଶ  
-- 0.46 (0.34 -0.59) -- 

Antler weight- 
Permanent Environment 
𝜎௣௘೥

ଶ  

-- -- 0.32 (0.19 – 0.44) 

Antler weight- Genetic 
𝜎௔೥

ଶ  
-- -- 0.23 (0.12 – 0.34) 

Antler weight – Year 
𝜎௖೥

ଶ  
-- 0.41 (0.24 – 0.66) 0.45 (0.25 – 0.73) 

Antler weight – 
Residual 𝜎௘೥

ଶ  
-- 0.37 (0.32 –0.42) 0.36 (0.31 – 0.41) 

Covariance – Individual 
𝜎௨ೢ,೥

 
-- 0.3 (0.14 – 0.43) -- 

Covariance – Genetic 
𝜎௔ೢ,೥

 
-- -- 0.03 (-0.08 – 0.14) 

Covariance – 
Permanent Environment 
𝜎௣௘ೢ,೥

 

-- -- 0.29 (0.16 – 0.45) 

Covariance – Year 𝜎௖ೢ,೥
 -- 0.08 (-0.06 – 0.23) 0.1 (-0.08 – 0.25) 

Covariance – Residual 
𝜎௘ೢ,೎

 
-- 0.17 (0.08 – 0.26) 0.17 (0.09 –0.27) 

 1176 

 1177 

Table S3: selection gradients for antler weight in the Rum study population, derived from a univariate (Land-1178 

Arnold method) model, a multi-response model with no genetic term and a multi-response model with a genetic 1179 

term. Outputs are the Lande-Arnold derived selection gradient or the equivalent of a Lande-Arnold derived 1180 

selection gradient estimated form a multi-response model (𝛽௭), the among individual selection gradient (𝛽௨), the 1181 

genetic selection gradient (𝛽௔), the permanent environment selection gradient (𝛽௣௘), the among year selection 1182 

gradient (𝛽௖) and the within individual selection gradient (𝛽௘). Estimates are extracted from posterior means and 1183 

95% credible intervals.  1184 

Selection gradient Lande-Arnold derived Multi-response no 
genetic information 

Multi-response with 
genetic information 

Lande-Arnold derived/ 
equivalent 𝛽௭ 

0.51 (0.33 –0.67) 0.44 (0.27 – 0.64) 0.45 (0.27 – 0.62) 

Among individual 𝛽௨ -- 0.64 (0.39 –0.94) -- 
Genetic 𝛽௔ -- -- 0.45 (0.27 – 0.62) 
Permanent environment 𝛽௣௘  -- -- 0.94 (0.57 –1.30) 
Among common 
environment (year) 𝛽௖  

-- 0.20 (-0.14 –0.51) 0.22 (-0.16 –0.52) 

Within individual 𝛽௘  -- 0.46 (0.23 –0.7) 0.50 (0.24 – 0.72) 

 1185 
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