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Abstract 28 

1. Maximum body size is a key trait of an animal species, determining its population 29 

dynamics, productivity, and interactions with other species and the environment. For 30 

fish in particular, the maximum body length (Lmax) correlates strongly to other life 31 

history parameters and is commonly used in ecological models and population 32 

assessments.  33 

2. Maximum size of a species is often defined as a single value, representing the single 34 

largest observed individual or an average of several of the largest individuals. This 35 

approach, however, does not explicitly account for sampling effort, where greater 36 

sampling intensity generally leads to a higher probability of finding a larger individual. 37 

3. Here we present an R package for Bayesian estimation of maximum animal body 38 

size and its uncertainty using the largest observed individuals from multiple samples. 39 

Although developed for maximum body length, the method could be applied to 40 

estimate other extremes (e.g., greatest body weight, tallest height) from other taxa 41 

that grow indeterminately.  42 

4. The package uses three alternative methods – extreme value theory and two 43 

versions of exact finite sample approach. The latter two are suitable in cases where 44 

the underlying population body size distribution can be approximated by a truncated 45 

normal distribution.  46 

5. To demonstrate the application of the method we used a hypothetical fishing 47 

competition data, but any other records of maximum observed individuals across 48 

multiple comparable samples (scientific surveys, trophy hunting, underwater surveys, 49 

historical accounts) are also suitable.  50 

 51 

 52 

 53 



1 BACKGROUND 54 

For species that grow indeterminately body size is a strong predictor of many life history 55 

parameters including energy requirements, growth rate, predation risk, and trophic position 56 

(Blueweiss et al., 1978; Jennings et al., 2001; Peters, 1986; Schmidt-Nielsen, 1984). For 57 

fishes, which constitute the majority of vertebrate species, the maximum observed body 58 

length (Lmax) is among the most commonly used life history parameter to inform stock 59 

assessment models (e.g., Brey and Pauly, 1986; Hordyk, 2021), or as a correlate for 60 

ecological analyses (Peters, 1986). Body size, and specifically body length, is also an easily 61 

obtainable metric, which can be estimated or measured using non-destructive methods.  62 

Lmax is commonly reported as a single species-specific value representing the largest 63 

individual ever observed, as compiled in FishBase (Froese and Pauly, 2025) - the largest 64 

and main repository of fish related information. Such values are widely used as key traits in 65 

data-poor fisheries and cross-species analyses (Östman et al., 2023). However, treating 66 

Lmax as a fixed species-level parameter is problematic because the likelihood of observing 67 

extremely large individuals depends strongly on sample size, fishing pressure (Barnett et al., 68 

2017), and temperature-driven variation in growth and longevity (Atkinson, 1994; Brooks et 69 

al., 2026). Moreover, estimating a species trait from a single observed individual risks biased 70 

inference. Ideally, Lmax estimates should include uncertainty reflecting the underlying 71 

sampling effort, but no formal framework for doing so currently exists. 72 

Assessing uncertainty around extreme observations (here, the largest observed individual) is 73 

not unique to body size data. Extreme value theory (EVT) is a statistical framework 74 

developed to model rare extremes, such as annual maximum rainfall or temperature 75 

(Nerantzaki and Papalexiou, 2022), and is conceptually analogous to the central limit 76 

theorem (CLT), but for extremes rather than means (see also Gaines and Denny, 1993 for 77 

ecological applications). While the CLT states that sample means converge to a normal 78 

distribution regardless of the underlying population, EVT posits that sample maxima follow a 79 

known family of distributions, the generalised extreme value (GEV) distribution (Gumbel, 80 



1958). Thus, for repeated samples of a species, the largest individual in each sample 81 

(‘sample maxima’) is expected to follow a GEV distribution. This allows estimation of the 82 

probability of observing individuals of a given body size and associated uncertainty. 83 

Importantly, the GEV is robust to the form of the underlying population distribution, 84 

converging to the Gumbel distribution when that distribution is exponential-like (e.g. 85 

lognormal, normal, or exponential). 86 

Heather et al. (2026) showed how EVT, using either the generalised extreme value (GEV) or 87 

Gumbel distributions, can be applied within a Bayesian framework to formally estimate 88 

maximum length (Lmax) for fish species or populations. They also introduced an alternative 89 

‘exact finite sample’ (EFS) method, which incorporates prior knowledge of the underlying 90 

body-size distribution from which observations are drawn (see Heather et al., 2025 for 91 

justification of why a general shape could be assumed for most fish species). The EFS 92 

approach can be based on either a single sample maximum or multiple largest individuals 93 

per sample (‘exact finite sample multiple maxima’ or EFSMM), although using multiple 94 

maxima provides little additional gain in estimation precision or accuracy (Heather et al., 95 

2026).  96 

Here we present fishmax, an R package that implements methods described in Heather et 97 

al. (2026) and provides a user-friendly Bayesian framework for estimating maximum size 98 

(Lmax)  and its uncertainty at the species or population level. We illustrate the workflow using 99 

data from a fishing competition to estimate Lmax for a fish population. The method is broadly 100 

applicable to any sampling context that yields sample maxima, including scientific trawls, 101 

visual censuses, or historical records of the largest fish caught. In the example competition, 102 

five fishers (𝑘𝑘 = 5) each catch multiple fish (𝑛𝑛1,𝑛𝑛2, … ,𝑛𝑛𝑘𝑘) but report only their largest 103 

individual (𝑀𝑀𝑘𝑘). The fishmax package uses these maxima records (𝑀𝑀1,𝑀𝑀2, … ,𝑀𝑀𝑘𝑘) to 104 

estimate the probability density function of Lmax using both EVT- and EFS-based 105 

approaches. 106 



For the EVT approach, fishmax fits either a generalised extreme value (GEV) or Gumbel 107 

distribution to the sample maxima, representing the probability of observing individuals of a 108 

given size as a function of sampling effort. For example, the 95th percentile corresponds to 109 

the expected largest individual from 20 samples (“20-sample Lmax”) of similar size to those 110 

used for model fitting (here, five 𝑛𝑛𝑘𝑘 values). Bayesian posteriors provide credible intervals 111 

around these estimates (default: 80%). Users may choose between the GEV or Gumbel 112 

distributions (see section 3.2: Choosing the model). EVT predicts convergence of sample 113 

maxima to the GEV or Gumbel as sample size increases, meaning no strict minimum 114 

sample size is required; however, in practice, small samples lead to high uncertainty and 115 

potentially unreliable parameter estimates (see Heather et al., 2026).  116 

fishmax also implements the exact finite sample (EFS) method, which assumes that the 117 

underlying body-size distribution can be approximated by a positive-normal distribution, an 118 

assumption justified for coastal fish species body lengths (Heather et al., 2025). Under EFS, 119 

the mean (𝜇𝜇) and standard deviation (𝜎𝜎) of this distribution are estimated together with a 120 

parameter 𝜆𝜆 describing sample sizes (𝑛𝑛𝑘𝑘) that generated the observed maxima. These 121 

sample sizes are assumed to follow a Poisson distribution, where 𝜆𝜆 is the shape parameter. 122 

Thus, EFS jointly estimates 𝜇𝜇, 𝜎𝜎, and 𝜆𝜆. Like the EVT approach, EFS yields a “20-sample 123 

𝐿𝐿max”. Full methodological details are provided in Heather et al. (2026). 124 



 125 

Figure 1. Illustration of the workflow for estimating maximum body size (Lmax) from a set of 126 

sample maxima using the fishmax package. Sample maxima are represented by the lengths 127 

of the largest fish observed in each of five samples with unknown sample sizes. Users can 128 

estimate 𝐿𝐿max using either an extreme value theory (EVT) approach, fitting GEV or Gumbel 129 

distributions, or the exact finite sample (EFS) method using single or, when available, 130 

multiple maxima per sample (EFSMM). After model fitting, users can assess model 131 

convergence and estimate the expected maximum body size and associated uncertainty for 132 

a specified number of samples (default - 20). 133 

 134 

2 IMPLEMENTATION 135 

2.1  Installation 136 

fishmax can be run in R (v. 4.1.0 or above; R Core Team, 2025). The fishmax package can 137 

be installed from the GitHub repository using the remotes package (Csárdi et al., 2024). The 138 

fishmax package depends on the following CRAN packages: dplyr (Wickham et al., 2023), 139 

ggplot2 (Wickham, 2016), tidyr (Wickham et al., 2025), purrr (Wickham and Henry, 140 

2025), tibble (Müller and Wickham, 2026), methods (R Core Team, 2025), glue (Hester 141 



and Bryan, 2024), posterior (Bürkner et al., 2023), patchwork (Pedersen, 2025), 142 

truncnorm (Mersmann et al., 2023) and evd (Stephenson, 2002). Detailed installation 143 

instructions can be found at [GitHub link - anonymous until publication].  144 

To estimate maximum body size, fishmax uses a Bayesian framework, with parameter 145 

estimation performed using CmdStan via the cmdstanr interface (Gabry et al., 2025), and the 146 

C++ backend cmdstan. Both cmdstanr and CmdStan should be installed prior to the 147 

installation of fishmax. More information regarding the cmdstanr package and cmdstan can 148 

be found at https://mc-stan.org/cmdstanr. 149 

Steps for the installation of cmdstanr and CmdStan:  150 

install.packages( 151 

  "cmdstanr", 152 

  repos = c("https://stan-dev.r-universe.dev", getOption("repos")) 153 

) 154 

cmdstanr::install_cmdstan()  155 

 156 

followed by fishmax installation: 157 

install.packages("remotes") 158 

remotes::install_github("[ANONYMOUS]/fishmax") 159 

 160 

2.2  Example data 161 

The data provided for the maximum size estimation represent a set of observations of 162 

maximum body sizes observed in 𝑘𝑘 samples of a studied population. The unit of 163 

measurement does not matter, but in the example below we are using fish lengths in 164 

centimetres. For each of the 𝑘𝑘 samples, the dataset has 𝑚𝑚 largest body size observations, 165 

body lengths, were 𝑚𝑚 could be just a single largest individual (single maxima approach) or 166 

several largest individuals (multiple maxima approach) (left panel in Figure 1). Below we run 167 

https://mc-stan.org/cmdstanr


through an example where only the single largest individual is reported per sample. For 168 

example, we have a fishing competition where five fishers report their single largest caught 169 

fish, resulting in five values in total: 40, 41, 35, 42, and 31 cm. 170 

sample_maxima <- c(40, 41, 35, 42, 31) # single maximum per sample 171 

 172 

2.3  Functions  173 

The fishmax package contains five primary functions: fit_max_model, get_max, plot_max, 174 

max_posterior, and plot_traceplot (Table 1). Detailed descriptions of the functions 175 

along with examples are available through the help function using the command (e.g., 176 

?fit_max_model). A user should start by loading the fishmax package: 177 

library(fishmax)  178 

 179 

Table 1. Main functions in the fishmax package. 

Function Description 

fit_max_model() Takes the sample maxima as its primary argument, either in the 

form of a vector (single maxima approach) or as a list of vectors 

(multiple maxima approach). Fits the Bayesian models, selected by 

the user, to the sample maxima values. The user can select EVT 

(GEV), EVT (Gumbel) or EFS/EFSMM depending on the dataset 

(see model_type argument; default fits all relevant models).  

mod_fit <- fit_max_model(sample_maxima)  

get_max() Takes the fitted model object as its primary argument and outputs 

the summary statistics of the posterior – the estimate of maximum 

size and credible intervals. The default is to estimate the maximum 

size expected from 20 samples (argument k) and 80% Bayesian 

credible intervals (argument ci).  

https://besjournals.onlinelibrary.wiley.com/doi/10.1111/2041-210X.70047#mee370047-tbl-0001


get_max(fit = mod_fit, ci = 0.8, k = 20) 

plot_max() Takes the fitted model object as its primary argument and outputs a 

custom plot using the ggplot2 package creating a publication-ready 

visual summary of the 20-sample (or otherwise user-defined) 

maximum size estimate (Lmax in the example case).  

plot_max(fit = mod_fit) 

max_posterior() Takes the fitted model object as its primary argument and returns 

Markov Chain Monte Carlo (MCMC) posterior samples, useful for 

potential further analyses that account for uncertainty. 

max_posterior(fit = mod_fit) 

plot_traceplot() Takes the fitted model object as its primary argument and outputs 

MCMC trace plots to visualise potential convergence issues.  

plot_traceplot(fit = mod_fit) 

 180 

2.4  Getting 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 estimates 181 

The first step in the procedure of estimating 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 requires the user to fit the desired model(s) 182 

using the fit_max_model function: 183 

mod_fit <- fit_max_model(sample_maxima)  184 

 185 

From the fitted model(s) we can extract the estimates of 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚, using the default 20-sample 186 

𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚, and 80% confidence intervals, using: 187 

get_max(fit = mod_fit, ci = 0.8, k = 20) 188 

The default value of the k argument in the get_max() function is 20. This value represents 189 

the 20-sample 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 that we recommend reporting to maintain consistency between studies 190 

(see Interpretation and Guidance for more details). Note that this k value in the get_max() 191 



function does not refer to the number of samples or sample maxima used for fitting, but the 192 

number of hypothetical samples for which to report Lmax. 193 

In the example dataset presented here, the 20-sample 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 based on EFS was slightly 194 

lower, at 44.5 cm (40.3 – 53.8 cm 80% credible interval), compared to the estimate from EFS 195 

using GEV and Gumbel distributions, at 51.7 cm (44.5 – 66.3 cm) and 50.3 cm (43.7 – 62.9 196 

cm), respectively (Table 2, Figure 2).  197 

Table 2. Estimated 20-sample 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 with 80% and 95% credible intervals 

as provided - output from the get_max() function. 

Model 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 estimate (cm) 80% CI (cm) 95% CI (cm) 

EFS 44.5 40.3 – 53.8 39.1 – 61.8 

EVT (GEV) 51.7 44.5 – 66.3 42.0 – 77.4 

EVT (Gumbel) 50.3 43.7 – 62.9 41.2 – 75.4 

 198 

The posterior samples of the parameter estimates and posterior samples of 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 can be 199 

extracted using the max_posterior(mod_fit). These posterior samples might be useful in 200 

the case of propagating error in the estimates of 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 in further analysis such as the effect of 201 

temperature or fishing pressure on 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚. 202 

 203 

2.5  Convergence and visualisation 204 

It is important to check that the models have converged properly before interpreting the 205 

results. The first step in checking model convergence is to look at the summary statistics of 206 

the model fits in the fitted model object (mod_fit in the example above), specifically the 207 

diagnostic statistics of rhat reported for each of the estimated parameters. The general 208 

advice is to use four chains and to only trust the fitting if rhat is 1.01 or lower. rhat values 209 

above 1.05 may be problematic (Gabry et al., 2025).  210 



The user can modify the number of MCMC chains (default = 4 chains) for model fitting using 211 

the chains argument inside fit_max_model(sample_maxima, chains = 4). If the models 212 

are not converting, the number of iterations in the MCMC process should be increased 213 

(default = 2000 warmup iterations and 1000 sampling iterations). The MCMC traceplots can 214 

be visualised for each of the estimated parameters using plot_traceplot() function: 215 

plot_traceplot(fit) # visualise all models 216 

plot_traceplot(fit["efs"]) # visualise a specific model  217 

 218 

where ‘efs’ to ‘evt’, or ‘evtg’ refers to the estimates from exact finite sample, extreme value 219 

theory GEV distribution or extreme value theory Gumbel distribution, respectively. 220 

 221 

The estimate of 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 can be visualised using plot_max(mod_fit) function (Figure 2). This 222 

function takes the fitted model (or models) as its primary argument, i.e., the output from the 223 

fit_max_model() function. For EFS methods the plot_max() function visualises the PDF 224 

of the 20-sample (or other user-defined k value) Lmax posterior – where the mean of this 225 

distribution represents the expected 20-sample 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚 (dashed pink vertical line in Figure 2). 226 

For the EVT methods, the plot_max() function visualises the PDF of the sample maxima – 227 

where the mean of the distribution represents the expected sample maxima (i.e., equivalent 228 

to a “one-sample 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚”). To estimate the 20-sample (or other user-defined k value) 𝐿𝐿𝑚𝑚𝑚𝑚𝑚𝑚, 229 

one would extract the 95% percentile of this distribution. The given percentile is defined by 230 

the user-defined k value as 1 − (1/𝑘𝑘).  231 

 232 



 233 

Figure 2. Estimated 20-sample Lmax based on five sample maxima, shown using output 234 

from the plot_max() function. The upper panel displays the probability density functions of 235 

the sample maxima from two EVT models (where the 20-sample Lmax corresponds to the 236 

95th percentile) and the probability density function of the 20-sample 𝐿𝐿maxfrom the EFS 237 

method (where the estimate corresponds to the median). The lower panel compares the 238 

estimated 20-sample Lmax across the three approaches, with associated 80% credible 239 

intervals. 240 

 241 

 242 



2.6  Multiple maxima per sample 243 

In cases where users have information on several largest individuals per sample (left panel 244 

in Figure 1), maximum body size can be estimated using the exact finite sample multiple 245 

maxima (EFSMM) method. For the fishing competition example case, the data available may 246 

look like the list below:  247 

# if more than the single maximum is known… 248 

maxima_list <- list(c(40, 39), 41, c(33, 34, 35), c(42, 40, 39), 31) 249 

 250 

Note that if the input data is provided as a list of vectors, where at least one element of the 251 

list is of length greater than 1 (i.e., 𝑚𝑚 >1), fishmax by default will fit the EFSMM model as 252 

well as the EFS (single maxima – only the maxima are considered, other values ignored). 253 

Note that the EVT methods cannot utilise more than the single maximum per sample, 254 

therefore the second, third (etc.) maximum per sample are ignored.  255 

fit_multiple <- fit_max_model(maxima_list) # multiple maxima 256 

 257 

All other functions that take the fitted model object are the same and use fit_multiple 258 

object as an argument (e.g.,  get_max(fit_multiple)). 259 

260 



3 INTERPRETATION AND GUIDANCE 261 

To our knowledge, EVT has been formally used to estimate uncertainty in fish maximum 262 

length (Lmax) in only two published cases. Formacion (1991) applied the Gumbel distribution 263 

to sample maxima from purse-seine and trawl surveys to estimate Lmax of short mackerel 264 

(Rastrelliger brachysoma) in the central Philippines, an approach later incorporated into the 265 

FiSAT II stock-assessment software (Gayanilo Jr et al., 1996). Only one subsequent study 266 

appears to have used this feature, applying it to four samples to estimate the maximum 267 

length of the invasive toadfish (Lagocephalus sceleratus) using media-reported trophy 268 

catches (Ulman et al., 2022). However, FiSAT is now rarely used, outdated, and relies on 269 

distributional approximations developed prior to modern computing. We hope that fishmax 270 

will help enable a new generation of statistically robust maximum body-size estimates, 271 

allowing more rigorous comparisons of changes driven by human and environmental 272 

pressures.  273 

 274 

3.1  Why the 20-sample 𝑳𝑳𝒎𝒎𝒎𝒎𝒎𝒎? 275 

A natural question is why fishmax uses a 20-sample Lmax by default. Under both EFS 276 

(assuming positive-normal underlying body size distribution) and EVT (GEV or Gumbel) 277 

frameworks, the right tail of the fitted distribution is unbounded, implying no theoretical upper 278 

limit to observable body size – with sufficient sampling, increasingly larger individuals can 279 

always be observed. While finite populations do have a true maximum size, this value is 280 

rarely observable in practice unless every individual is measured. Instead, these methods 281 

estimate the probability of observing a given body size conditional on sampling effort. The 282 

default 20-sample Lmax therefore represents the expected largest individual from 20 samples 283 

of similar size to those used to fit the model. For EVT, the exact number of individuals per 284 

sample is not required, provided sample sizes are broadly comparable; for EFS, sample size 285 

is estimated directly. Both methods assume approximately similar sample sizes across 286 

samples. Sensitivity analyses in Heather et al. (2026) show improved EVT performance with 287 



larger within-sample sizes (e.g. ≥100 individuals) given sufficient replication (e.g. ≥3 288 

samples). 289 

 290 

3.2  Choosing the model - EFS, EVT (GEV) or EVT (Gumbel)  291 

A related question concerns which method should be used to estimate Lmax. This issue is 292 

explored in detail by Heather et al. (2026), with key assumptions summarised in Table 3. As 293 

a general default for body-size data, we recommend the EVT approach with the GEV 294 

distribution, as it is the most flexible and least assumption-dependent, although it typically 295 

yields the widest uncertainty intervals. The Gumbel distribution is a special case of the GEV 296 

family and is appropriate when the underlying size distribution has an exponential tail (e.g. 297 

normal, lognormal, or exponential). If the underlying distribution can instead be 298 

approximated by a positive-normal distribution, as shown for hundreds of fish species 299 

(Heather et al., 2025), the EFS method provides more precise estimates. In our example, the 300 

EFS method produced slightly smaller 20-sample Lmax estimates and narrower uncertainty 301 

intervals than either EVT approach. 302 

 303 

Table 3. Assumptions about the shape of the underlying distribution of each of the three 

models, in increasing order of assumptions: extreme value theory using the generalised 

extreme value distribution (EVT – GEV), extreme value theory using the Gumbel 

distribution (EVT- Gumbel), and the exact finite sample (EFS). 

Model Notation Underlying body length distribution shape assumptions 

EVT - GEV evt No assumptions about the shape of the underlying body size 

distribution.  



EVT- Gumbel evtg Assumes the underlying distribution follows an exponential-like 

tail (e.g., normal, lognormal, exponential), which means that 

abundance quickly declines with increasing body length.  

EFS efs or 

efsmm 

Assumes the underlying distribution follows a positive-normal 

shape, and the sampling process to generate sample sizes 

follows a Poisson distribution.  

 304 
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