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1  |  INTRODUC TION

Mathematical modelling and simulation, particularly those that si-
multaneously model genomic, populations, and environmental 
processes, are cornerstones of population genetic practice. They 
provide the link between evolutionary and ecological processes 

through temporal and spatial patterns observed in population ge-
nomic data (Haller & Messer, 2019) and enable testable predictions 
and insights into the interaction between organisms and their envi-
ronment (Hoban, 2014). In particular, simulation modelling provides 
the opportunity to forecast the response of species and commu-
nities to environmental change (Manel & Holderegger, 2013), infer 
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Abstract
Software for realistically simulating complex population genomic processes is rev-
olutionizing our understanding of evolutionary processes, and providing novel op-
portunities for integrating empirical data with simulations. However, the integration 
between standalone simulation software and R is currently not well developed. Here, 
we present slimr, an R package designed to create a seamless link between standalone 
software SLiM >3.0, one of the most powerful population genomic simulation frame-
works, and the R development environment, with its powerful data manipulation and 
analysis tools. We show how slimr facilitates smooth integration between genetic 
data, ecological data and simulation in a single environment. The package enables 
pipelines that begin with data reading, cleaning and manipulation, proceed to con-
structing empirically based parameters and initial conditions for simulations, then to 
running numerical simulations and finally to retrieving simulation results in a format 
suitable for comparisons with empirical data – aided by advanced analysis and visu-
alization tools provided by R. We demonstrate the use of slimr with an example from 
our own work on the landscape population genomics of desert mammals, highlighting 
the advantage of having a single integrated tool for both data analysis and simulation. 
slimr makes the powerful simulation ability of SLiM directly accessible to R users, 
allowing integrated simulation projects that incorporate empirical data without the 
need to switch between software environments. This should provide more opportu-
nities for evolutionary biologists and ecologists to use realistic simulations to better 
understand the interplay between ecological and evolutionary processes.
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dispersal ecology (Storfer et al., 2018), quantify past population dy-
namics (Patton et  al., 2019) and detect outlier loci as evidence of 
selection or other genetic phenomena (Hoban, 2014). As such, they 
have application to an increasing variety of ecological and evolution-
ary problems that will continue to grow as genomic datasets increase 
in number, quantity, coverage and sophistication. Increasingly too, 
these genomic datasets will be linked directly to reference genomes 
enabling the estimation of region-specific chromosomal recombi-
nation and mutation rates adding a further layer to the analysis of 
selection in natural populations (Hoban, 2014).

At a fundamental level, empirical datasets demand analytical 
toolkits that can accommodate the potentially high complexity of 
the processes involved in their creation. Recent developments in 
sophisticated simulation software have the potential to provide 
mechanistic insight into increasingly complex evolutionary scenar-
ios (Carvajal-Rodríguez, 2010; Haller & Messer, 2019; Hoban, 2014; 
Kelleher et al., 2016; Messer, 2013; Strand, 2002; Yuan et al., 2012). 
However, utilizing flexible simulations requires exploration of a large 
parameter space, which often generates large amounts of data that 
need sophisticated computational tools to unpack, interrogate and 
synthesize. Likewise, using simulations to model empirical data is an 
emerging field (‘simulation-based inference’) because it allows re-
searchers to fit data to complex mechanistic models where it is diffi-
cult or impossible to derive an analytical likelihood for the outcome 
data under the model (Beaumont et al., 2002; Brehmer et al., 2020; 
Cranmer et al., 2020; Marjoram et al., 2003; Sisson, 2018; Torada 
et al., 2019; Wang et al., 2021). Johri et al.  (2022) recently argued 
that to reasonably derive insight into the complex processes involved 
in population genomics, a ‘baseline’ model, containing all the mini-
mal evolutionary processes we expect to influence genomes, should 
be constructed in order to account for ‘background’ or non-target 
processes, and reduce the chances of discovering spurious results. 
Notably, this baseline model, involving genetic drift, demographic 
history, geographic structure, mutation, recombination, gene con-
version and background selection, is already far more complex than 
most non-simulation-based analytical approaches can handle. One 
way to deal with this inherent complexity is to increase the routine 
usage of complex simulations in empirical biology, both for concep-
tual development of empirical questions and for making empirical 
inferences. Towards this goal: to increase accessibility and facilitate 
more rapid and seamless interrogation and synthesis between em-
pirical data and population genomics simulation, we present slimr 
(https://​rdinn​ager.​github.​io/​slimr/​​).

slimr is an R package designed to link the very large and widely 
used ecosystem of analysis and visualization tools in the R statistical 
language to the SLiM scripting language (Haller & Messer, 2019), a 
popular, powerful and flexible population genomics simulation tool. 
The package creates a smooth fusion between the computational 
power and flexible model specification of SLiM with the advanced 
statistical analysis, visualization and metaprogramming tools of R. R 
is not the only powerful framework for data analysis – Python and 
Julia are also excellent alternatives – but it is a very popular frame-
work amongst biologists, and is particularly strong for metaprogram-
ming – meaning programming code that manipulates programming 

code – which powers slimr's features and is due to R's non-standard 
evaluation (NSE) features (Wickham, 2014).

The primary aim of slimr is to facilitate the smooth integration 
of data processing and analysis with the simulation abilities of SLiM. 
This allows powerful SLiM-based simulations to be included more 
easily in complex workflows that might include data as inputs to a 
simulation, or data generated as outputs of a simulation, facilitating 
downstream statistical analysis or visualization of simulation results. 
As a primary example, simulation-based inference methods such as 
approximate Bayesian computational require running large numbers 
of simulations with different parameter values, and the comparison 
of simulation outputs to empirical data. Both of these things are 
made easier by slimr, which allows users to directly take advantage 
of simulation-based inference implemented in R itself without hav-
ing to create potentially complex customized interfaces between R 
and SLiM.

Importantly, slimr is designed to preserve access to the full and 
complete set of simulation features available in SLiM and to easily 
accommodate future features of SLiM software which is under very 
active development. Therefore, slimr does not just wrap around cer-
tain features of SLiM, using SLiM as an engine to power a particular 
class of simulations and make them more easily accessible (that is, 
not requiring learning SLiM and its complexity). slendr is a recent R 
package that does take this alternative strategy, allowing the sim-
ple specification and running of certain spatial simulations that can 
make use of some of R's spatial data structures, and greatly increas-
ing the accessibility of this class of simulations (Petr et al., 2022). The 
trade-off is that slendr has limited flexibility and only implements a 
subset of SLiM's features. slimr, in contrast, supports all current and 
future features of SLiM. In fact, because slimr is a general-purpose 
interface to SLiM, writing packages like slendr, that implement 
user-friendly interfaces to particular classes of simulations, should 
be much easier, as slimr can act as an intermediary between R and 
SLiM, eliminating the need to write large amounts of boilerplate 
code translating from R to SLiM and back again.

In the following section, we describe the package and its main 
features from a technical perspective. Lastly, we provide some ex-
amples of how to use the package in a simulation workflow from 
within R, and how this can enable biologists to incorporate advanced 
simulation into their projects, along with empirical data, for the pur-
poses of experimental design planning, theoretical insight, or to 
directly model complex mechanistic processes through simulation-
based inference.

2  |  PACK AGE DESCRIPTION

slimr is an R package that interfaces with SLiM >3.0 software for 
forward population genetics simulations (see Haller & Messer, 2019; 
Messer, 2013 for full details on SLiM, as well as the website at https://​
messe​rlab.​org/​slim/​). slimr has most recently been updated to work 
with SLiM version 4.0 and greater, including support for its powerful 
new ‘multispecies’ feature (Haller & Messer, 2023), but should also 
be compatible with any version greater than 3.0 (previous versions 
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may work but have not been tested). It has already demonstrated its 
utility in a large-scale simulation projects (Hill et al., 2023).

slimr implements a domain-specific language (DSL) that mimics 
the syntax of SLiM, allowing you to write and run SLiM scripts and 
capture resulting simulation output, all within the R environment. 
Much of the syntax is identical to SLiM, but slimr offers additional R 
functions that allow users to manipulate SLiM scripts (“slimr verbs”) 
by inserting them directly into any SLiM code block. This enables R 
users to create SLiM scripts that explore large numbers of different 
parameters and also automatically produce output from SLiM for 
powerful downstream analysis within R.

The features of slimr fall into four categories and are as follows:

1.	 Integrated Development
a.	 Autocomplete and Documentation (within R) for SLiM code 

(Figure 1)
b.	 Code highlighting and pretty printing of SLiM code

2.	 Data Input/Output (Figure 2)
a.	 Automatic output generation and extraction from SLiM to R 

(r_output())
b.	 Insert arbitrary R objects into SLiM scripts through inlining 

(r_inline())
3.	 Metaprogramming (Figure 2)

a.	 Code templating for SLiM scripts (r_template())
b.	 Flexible general metaprogramming tools (support for rlang's !! 

and !!! forcing operators)

4.	 Interoperability
a.	 Full feature preserving conversion from SLiM code to slimr 

code (as_slimr_script() and as_slimr_code()) and from slimr to 
SLiM (as_slim_text()).

b.	 Run code in SLiM from R
The first set of features is designed to make it easy to develop 

SLiM scripts in an R development environment such as RStudio, and 
mostly recapitulates features that SLiM users already have access 
to in the form of SLiMgui and QtSLiM (https://​messe​rlab.​org/​slim/​ ). 
The second and third features are implemented using what we call 
“slimr verbs”, allowing SLiM and R features to be combined in ad-
vanced ways. The fourth and final set of features allows users to 
move smoothly back and forth between SLiM (or SLiMgui) and slimr 
in R. The integration between R and SLiM provided by slimr com-
pensates knowledgeable users of R for a lack of knowledge of SLiM, 
helping to lower the barrier to learning and using SLiM. At the same 
time, it provides powerful metaprogramming abilities to advanced 
SLiM users, allowing the use of R as a workflow management system 
for SLiM simulations, which R excels at. For example, slimr allows 
SLiM simulation to be easily used within R workflow management 
packages such as targets and its make-like declarative workflows 
(Landau, 2021), or guildai (Kalinowski, 2023), originally designed to 
keep track of machine learning runs but also useful for any task that 
needs to explore a large number of parameters, such as simulations.

In the next section, we describe slimr features in greater detail, 
showing examples through screenshots and code snippets.

F I G U R E  1 Example of a single script using the main slimr verbs (r_template, r_output and r_inline). (a) Code to specify the slimr_script. (b) 
Pretty printing of the script, showing special slimr syntax. (c) Example of running slim_script_render on the slimr_script object, demonstrating 
how placeholder variables specified in r_template are replaced with provided values. All code from the above example can be accessed as a 
package vignette (https://​rdinn​ager.​github.​io/​slimr/​​artic​les/​simple_​examp​le_​using_​migra​tion_​and_​fst.​html).
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2.1  |  Integrated development

slimr allows you to write SLiM code from within an R integrated de-
velopment environment (IDE). slimr is designed to work well with 
RStudio, but can be used in any R IDE. The syntax used to write SLiM 
code in slimr is very similar to the native SLiM syntax. As an example, 
here is a minimal simulation written using slimr.
slim_script(

 slim_block(initialize(),
 {
  initializeMutationRate(1e-7);
  initializeMutationType(“m1”, 0.5, “f”, 0.0);
  initializeGenomicElementType(“g1”, m1, 1.0);
  initializeGenomicElement(g1, 0, 99,999);
  initializeRecombinationRate(1e-8);
 }),
 slim_block(1,
 {
  sim.addSubpop(“p1”, 500);
 }),
 slim_block(10,000,
 {
  r_output_full();
 })
 ) - > script_1

The above code initializes a simulation with a single species with 
a single mutation type, setting its mutation and recombination rate, 
it then adds a single population of the species of 500 individuals 
and then creates an output of the full simulation state at generation 
10,000. The code assigns this code as a slimr script object script_1, 
which can then be further manipulated, printed prettily and sent to 
SLiM to run. In this very simple simulation, because we have not in-
cluded any logic for deterministic evolutionary processes, this sim-
ulation would model how the genome would change under genetic 
drift, for a population of 500 individuals, based on the mutation and 
recombination rate. This is a simple simulation but SLiM is capable of 
producing population genomics simulations of great complexity and 
sophistication, limited primarily by a user's imagination, by simply 
manipulating the logic of the simulation.

In general, a script is specified in slimr using the slim_script func-
tion, within which you create slimr coding blocks, using the slim_
block function. The user can create as many slimr code blocks as 
desired within a slim_script. In the example above, we have added a 
slimr “verb” (r_output_full), which tells SLiM to output the full state 
of the simulation and return it to R during the execution of the block. 
We will discuss slimr verbs in more detail in the next section.

In order to make the development of SLiM simulation within R 
easier for slimr users, the entire reference documentation for func-
tions in SLiM and Eidos scripting language (on which SLiM is based) 
is included in slimr (with the original authors' permission). Hence, not 
only can you look up relevant SLiM functions in their R session (by 
typing? followed the name of the function, e.g.,? slimr::addRecombi-
nant), but the R IDE can also perform autocompletion.

slimr makes it easy to write SLiM code in R after you learn a 
few differences between SLiM and slimr (described in Table  S1). 
This means you can learn how to write complex SLiM simulations 
by reading SLiM documentation and the examples found within it 
(https://​messe​rlab.​org/​slim/​). In fact, all examples from the SLiM 
manual, referred to as ‘recipes’ are available as a character vector 
within slimr, accessible as the object ‘slim_recipes’. In fact, you can 
directly convert SLiM scripts into slimr code, which we describe in 
greater detail in the section on interoperability.

2.2  |  Slimr verbs

Much of the power of slimr comes from its use of “slimr verbs”, which 
are prefixed with ‘r_’, and are used for data input and output, and for 
metaprogramming. What makes slimr verbs unique and powerful is that 
they are special R functions that can be inserted directly into slimr cod-
ing blocks, where they will modify how the SLiM script will be generated 
and run in SLiM, typically by inserting purpose-built SLiM code in place 
before SLiM is run. In other words, they are not passed ‘as is’ to SLiM, 
but make it easy for R to interact with SLiM. Because of slimr verbs, 
slimr code appears to be a hybrid between SLiM and R code. slimr verbs 
allow all set-up and logic required to use SLiM with R to occur inside 
the slim_block() coding blocks comprising the slimr_script object, thus 
requiring fewer arguments to be set in preparation for downstream 
analysis (e.g. slim_run does not require many complex arguments be-
cause most of what it needs to know is embedded in the slimr_script 
object). In our experience, this leads to a very smooth experience using 
slimr by reducing the frequency of switches between different mental 
modes. By convention, all slimr verbs have the prefix r_, to denote they 
are R functions that will be executed from within R, typically to insert 
something into the eventual SLiM script. They are meant to be used 
only inside slim_block calls, and will do nothing if called outside this con-
text. All other slimr functions are prefixed with slim_, which generally 
means they are to be used on slimr_script objects (or to create them), 
and not inside a slim_block call. Examples of all slimr verbs can be seen 
in an example script in Figure 1, and are described in Table 1.

The main slimr verbs for input and output are r_inline() and r_out-
put() respectively (Table 1).

2.3  |  Metaprogramming

Metaprogramming is programming that generates or manipulates 
code itself. slimr has facilities for manipulating SLiM programming 
code and generating scripts. The main slimr verb for doing this is 
r_template. r_template is designed to help you easily generate many 
versions of a slimr_script with different parameters, which greatly 
facilitates parameter exploration, sensitivity analysis and the use of 
SLiM simulations in simulation-based inference methods such as ap-
proximate Bayesian computation (ABC; Beaumont et al., 2002).

Perhaps the simplest way to get data from R into a slimr simula-
tion is by using the forcing operator (!!), which can be used anywhere 
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in a slim_block() coding block to flag variables that are meant to come 
from the R environment rather than used as is within the resulting 
SLiM code. The forcing operator forces R to replace the expression 
following it with the value to which the expression evaluates, which 
prevents the expression from being treated as SLiM code. In simple 
terms, the (!!) is used to flag that the expression following is not a 
SLiM expression, but a reference to an object in your R environment. 
slimr supports operators for forcing (!!) and splicing (!!!), which are 
defined and used extensively in the tidyverse package (and which 
are imported by slimr). An example of using the (!!) operator for this 
purpose is provided in the first example in the Examples section.

2.4  |  Interoperability

slimr also facilitates interoperability between R and SLiM. The main 
function for achieving this is slim_run(), which takes a slimr_script 
object previously created, translates it to SLiM code (including in-
serting any slimr verb generated content) and then sends it to SLiM 
to be run, while retrieving any output that may have been specified 
using the r_output() verb. This simulation output can then be ana-
lysed or visualized using any other R functionality.

slimr also provides conversion functions that can convert 
SLiM scripts to slimr code (functions as_slimr_script() and as_
slimr_code()), or convert slimr code to a SLiM script (function as_
slim_text()). This makes it easy to move back and forth between 
SLiM and slimr for users comfortable with both. For example, it 
is possible to develop a SLiM simulation using SLiMgui, with its 
convenient interactive tools for developing and visualizing simu-
lations, and then automatically convert this prototype to slimr in 
order to facilitate running it over large parameter spaces. A new 

experimental function recently added to slimr, slim_auto(), allows 
not only automatically converting a SLiM script into slimr code, 
but automatically adding slimr verbs into the script by inferring 
how the model should be parameterized based on code analysis 
(see slimr vignette ref for an example of this).

It is increasingly being seen as vital for biologists to share code 
used to generate their results in the spirit of open science. A re-
searcher may spend months perfecting a SLiM script that simulates 
a particular scenario of interest, but this scenario and those similar to 
it are likely of interest to other researchers as well. slimr allows the 
sharing of simulations in a very open and easy-to-use way, through 
the R software ecosystem. It provides tools that can allow research-
ers, with very little additional code, to make their simulations accept 
user-defined input and output to common formats used by R users. 
Simulations can easily be wrapped into an R package, which can then 
be installed by any R user with a command. Because slimr provides 
general interfacing functionality from SLiM to R, it allows open de-
velopment of simulations by developers with much less experience 
with SLiM coding, and requires far less time.

3  |  E X AMPLES

Here, we demonstrate the use of slimr on a short and simple exam-
ple, and one more extensive example.

3.1  |  Simulating nucleotide evolution

The following script simulates a population of 100 individuals 
that randomly splits into two equally sized subpopulations with a 

F I G U R E  2 Simulated sequences for each individual. The plot shows each position in the genome along the x axis and each individual 
along the y axis (where individuals in the same subpopulation are adjacent to each other). Grid cells are coloured by their nucleotide identity 
based on the legend. Subpopulation clustering is visually apparent by the presence of patterns of strong horizontal bands of similar colour 
that are organized in 10 distinctive patterns.
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probability split_prob in each generation, after which the subpopula-
tions are reproductively isolated from each other.

## set some parameters.

seed <− 1205;

split_prob <− 0.001;

max_subpops <− 10;

## specify simulation

split_isolate_sim < − slim_script(

 slim_block(initialize(), {.
  setSeed(!!seed);
  ## tell SLiM to simulate nucleotides
  initializeSLiMOptions(nucleotideBased = T);

  initializeAncestralNucleotides(randomNucleoti
des(1000));

  initializeMutationTypeNuc(“m1”, 0.5, “f”, 0.0);
  initializeGenomicElementType(“g1”, m1, 1.0, mm-

JukesCantor​(1e-5));

  initializeGenomicElement(g1, 0, 1000–1);
  initializeRecombinationRate(1e-8);
 }),
 slim_block(1, {
  defineGlobal(“curr_subpop”, 1);
  sim.addSubpop(curr_subpop, 100);
 }),
slim_block(1, 10,000, late(), {

  if(rbinom(1, 1,!! split_prob) == 1) {

TA B L E  1 The main functions provided by slimr. More details for many of these functions can be found in the Supplementary material, the 
slimr website (https://​rdinn​ager.​github.​io/​slimr/​​), and the documentation and vignettes within the slimr package itself. Note that slimr verbs 
often have variants with different suffixes to deal with certain common situations, such as r_output_nucleotide() to automatically create 
outputs in the form of nucleotide data. All variants can be found in the package's documentation.

Function Description

Simulation creation

slim_script() Used to create a new slimr_script object. It takes a list of slimr_block objects created by slim_block()

slim_block() Used to create slimr_block objects, which contain the programming logic for generating a SLiM simulation. The syntax 
is similar to how code blocks are created in SLiM

Data Input/Output

r_inline()a Can be used inside a call to slim_block(), allowing the insertion of arbitrary R objects defined in the R environment into 
the generated SLiM script, so that data created or processed in R can be passed to SLiM for use in a simulation

r_output()a Can be used inside a call to slim_block(), allowing the insertion of SLiM code that generates output from the simulation 
in a format that can be automatically read within R

Metaprogramming

r_template()a Can be used inside a call to slim_block(), allowing insertion of dynamically specified parameter values. In combination 
with slim_script_render() this allows creating large lists of slimr_script objects with different parameter values, 
which can automatically be run in parallel with slim_run(). Very useful for sensitivity analysis or approximate 
Bayesian computation (ABC) or other simulation-based inference techniques

slim_script_render() Takes a slimr_script object and a list or data.frame of parameter values to be inserted where r_template() calls have 
been made. Can also be used to dynamically insert different objects where r_inline() calls have been made

slim_auto() Experimental function that automatically determines suitable places to insert r_inline() and r_template() calls based 
on code analysis (by detecting variables that are inputs to the computational graph implied by the code in a 
slimr_script object, and by comparing to objects available in the R environment). In the future, it will also support 
automatic detection of where r_output() calls should be placed as well

Interoperability

slim_run() Takes a slimr_script object created by slim_script(), or a list of such objects, translates them into SLiM code while 
inserting everything specified by embedded slimr verbs, runs it in SLiM while retrieving the simulation output as 
specified by r_output(), potentially in parallel. SLiM must be installed and linked to slimr before slim_run() will work

as_slim_text() Takes a slimr_script object created by slim_script and converts it into a SLiM script, as text. This can be directly opened 
in SLiMgui and run interactively or passed to the SLiM command line program to run the simulation completely 
outside R if desired

as_slimr_script() Takes a SLiM script as a character vector and converts it into a slimr_script object containing the equivalent simulation 
logic

as_slimr_code() Same as as_slimr_script() except that it converts the SLiM script into the slimr code that would create the equivalent 
slimr_script object. Therefore, the output of the function is text. This can be copied and pasted into an R console or 
IDE, and then edited within R. This is very useful if you want to use an existing SLiM script as a starting point for a 
modified simulation

aDesignates a slimr ‘verb’, which can only be used inside slim_block() calls.
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   ## split a subpop
   subpop_choose = sample(sim.subpopulations, 1);
   curr_subpop = curr_subpop +1;
   sim.addSubpopSplit(subpopID = curr_subpop,
    size = 100,
    sourceSubpop = subpop_choose);
   ## if too many subpops, remove one randomly
   if(size(sim.subpopulations) >!! max_subpops) {
    subpop_del = sample(sim.subpopulations, 1);
    subpop_del.setSubpopulationSize(0);
  }
 }
  ## output nucleotide data with slimr verb.
  r_output_nucleotides(subpops = TRUE, do_every = 100);
 }),
 slim_block(10,000, late(), {
  sim.simulationFinished();
})

 )
results <− slim_run(split_isolate_sim)

This simulation simulates genomic evolution with an explicit nu-
cleotide sequence substitution model (Jukes–Cantor model). By de-
fault, SLiM only simulates and keeps track of ‘mutations’ in a more 
abstract sense (these could be thought of as generating new alleles at 
a gene, or SNPs, or however the researcher wants to interpret them). 
However, explicit nucleotide evolution models can be enabled in SLiM 
using initializeSLiMOptions(nucleotideBased = T) within the initializa-
tion block. We then define a particular model of nucleotide substitu-
tion using initializeGenomicElementType(), which sets up the model 
for a particular mutation type, of which we have only one in this 

simulation. However, multiple mutation types are possible in SLiM, 
which theoretically could each have a different model of nucleotide 
substitution.

The main simulation logic is contained in a slim_block call that 
looks like slim_block(1, 10,000, late(), {…}). This specifies that the 
code in {…} should run in all generations from 1 to 10,000 – late() is a 
callback which tells the simulation to run the code as late as possible 
in the simulation cycle.

After specifying the simulation as a slimr_script object, we run 
the simulation using slim_run(), and place the results in an object 
named results.

This example also demonstrates the forcing operator!!. In the 
script above, we have highlighted where this is occurring in bold. 
Where!! occurs slimr will insert the value of the variable immedi-
ately following, as defined within the R environment, so it will not be 
passed as is to SLiM. The script is also available as a vignette in the 
slimr package (which can be viewed here: https://​rdinn​ager.​github.​
io/​slimr/​​artic​les/​simple_​nucle​otide_​examp​le.​html).

Once the simulation runs, we can extract the data, and print it to 
see what the resulting object looks like. Then, we can plot one of the 
sequence alignments as an image plot (Figure 2).
res_data <− slim_results_to_data(results)

res_data

## # A tibble: 100 x 6

## type expression generation name data

##

## 1 slim_nucleotides slimr_output_nucleotide~100 

seqs

## 2 slim_nucleotides slimr_output_nucleotide~200 

seqs

F I G U R E  3 UPGMA tree of 
subpopulations simulated in the 
nucleotide evolution example in 
section 3.1, with tip points coloured by 
subpopulation.
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## 3 slim_nucleotides slimr_output_nucleotide~300 

seqs

## 4 slim_nucleotides slimr_output _nucleotide~400 

seqs

## 5 slim_nucleotides slimr_output_nucleotide~500 

seqs

## 6 slim_nucleotides slimr_output_nucleotide~600 

seqs

## 7 slim_nucleotides slimr_output_nucleotide~700 

seqs

## 8 slim_nucleotides slimr_output_nucleotide~800 

seqs

## 9 slim_nucleotides slimr_output_nucleotide~900 

seqs
## 10 slim_nucleotides slimr_output_nucleotide~1000 

seqs

## … with 90 more rows

image(ape::as.DNAbin(res_data$data[[100]]))

And then we use some other R packages to quickly build a tree 
based on the simulated nucleotides to see if it looks like what we 
would expect from a sequentially splitting population (Figure 3).
## convert to ape::DNAbin

al < − ape::as.DNAbin(res_data$data[[100]])

dists <− ape::dist.dna(al)

upgma_tree <− ape::as.phylo(hclust(dists, 

method = “average”))

pal <− paletteer::paletteer_d(“RColorBrewer::Pai

red”, 10)

plot(upgma_tree, show.tip.label = FALSE)

ape::tiplabels(pch = 19, col = pal[as.numeric(as.

factor(res_data$​subpops[[100]]))])

4  |  SCIENTIFIC HYPOTHESIS 
E XPLOR ATION E X AMPLE:  INVESTIGATING 
POPUL ATION GENOMIC S OF SMALL 
MAMMAL S IN A PERIODIC ENVIRONMENT

In this section, we provide a brief description of a full example 
analysis using simulation that is fully described in the accompanying 
Supplementary Material and a substantial R vignette available here: 
https://​rdinn​ager.​github.​io/​slimr/​​artic​les/​Main_​manus​cript_​examp​
le_​v2.​html.

The context for this example is a long-term ecological study 
in the Simpson Desert in central Australia. Several authors of this 
paper have studied the population dynamics of small mammals and 
reptiles in this desert for more than 30 years (Dickman et al., 2014; 
Greenville et al., 2016, 2017). Recently, we have begun sequencing 
tissue samples taken from animals captured during the past 15 years, 
and obtained single nucleotide polymorphism (SNP) data using DArT 
(Diversity Arrays Technology Pty Ltd) technology. Here, we use 
SNP data from 167 individuals of a common native rodent species, 
the sandy inland mouse Pseudomys hermannsburgensis, sampled at 

seven sites over 3 years (2006–2008), and subsequently aggregated 
to three subpopulations for analysis. The three sample years span 
periods before and after a major rainfall event at the end of 2006; 
big rains occur infrequently in the study region (every 8–12 years) 
(Greenville et al., 2012) but drive major population eruptions.

We used the SNP data to calculate pairwise Fst values among the 
three subpopulations in each year, revealing that pairwise Fst values 
dropped rapidly to nearly zero immediately after the rainfall event 
from a high recorded just prior to the event when the populations 
were more genetically differentiated. We interpreted this result to 
mean that the rainfall event, which caused the sandy inland mouse 
population to rapidly increase, also allowed animals to move out 
of spatially scattered refuge patches to which they had been con-
fined during the preceding dry period (Dickman et  al.,  2011). This 

F I G U R E  4 (a) Mean Fst values from 36 replicate simulations 
simulated under our hypothesized mechanism to explain Fst 
fluctuations in small mammal population in the Simpson Desert 
using hand-chosen parameter values. Blue values and lines 
represent simulated values and red values and line represent the 
observed Fst values. Details of simulation including code are in the 
Data S1. (b) Same simulation run over many generations, showing 
the three subpopulation pairs separately. The subpop pair refers 
to pairwise combinations of three subpopulations named BL, BR 
and TR (further explanation can be found in the vignette of this 
example in the Data S1, or as included in the slimr package).
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movement allowed the subpopulations to mix, leading to a decrease 
in population genetic structure as measured by Fst.

In the example, we use simulations to evaluate our interpreta-
tion regarding the processes driving changes in Fst values. We found 
that our initial hypothesis, that the rainfall event led to the mixing 
of previously unconnected populations in refuge patches, provided 
a good match to the data when we simulated the population and 
genomic processes (Figure  4). However, we also identified several 
other processes that could generate similar outcomes, which raises 
the question as to what data or analyses would be required to distin-
guish among these competing processes.

To formalize our ideas a little more, we ran an approximate 
Bayesian computation (ABC) analysis to derive an approximate 

posterior distribution of model parameters that produced a good 
fit to our short Fst time series (see Data S1: ABC Analysis for code 
used). We were able to easily move from simulation exploration to 
a more formal fitting exercise because the simulation was already 
in R (thanks to slimr), and so only a small amount of code was re-
quired to convert the input and output of our simulation to the 
format required by the easyABC package, which we used for this 
analysis.

Simulations using parameter values drawn from the approxi-
mate posterior of our ABC analysis are shown in Figure 5a, and the 
pairwise joint posterior distribution of those parameter values is 
shown in Figure 5b. Overall, the ABC analysis confirms that these 
three data points do not constrain much of the parameter space of 

F I G U R E  5 (a) Fst values calculated 
from simulations based on 500 parameter 
value sets drawn from the approximate 
posterior distribution of our simulation 
based on an ABC analysis. Partially 
transparent black lines represent the 
simulations. Red points and line represent 
the observed Fst values from the study 
described in this section. (b) Samples from 
the approximate posterior distribution for 
our simulation model fit with approximate 
Bayesian computation. Lower left 
panels show the five parameters of our 
simulation model estimated, plotted 
against each other in a pairwise fashion, 
giving an indication of their joint posterior 
distribution. Some parameters are highly 
correlated in the posterior. Upper right 
panels show the Pearson correlation 
coefficient, and the panels in the diagonal 
show the marginal distribution of each 
parameter estimated using kernel density 
estimation on the samples.
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plausible models, though in some cases joint distribution appears to 
be somewhat constrained for certain combinations of parameters.

The marginal posterior distribution based on samples from the 
ABC analysis confirms that our data do not constrain individual pa-
rameters much, with a fairly wide distribution for most parameters 
providing a good fit to our data (Figure 5b, diagonal panels). The only 
exception was perhaps mutation rate, for which the lower values 
that we simulated tended to provide a better fit. The parameter of 
most interest to us was the abundance threshold (abund_threshold 
in Figure 5b), which specified the population size above which a sub-
population would ‘turn on’ migration, that is, start exporting individ-
uals to the other subpopulations (in the real system, this population 
size change is driven by rainfall). In this simulation, an abundance 
threshold of zero or less would be migration always happening, and 
one of 20 or over would be migration almost never happening. Some 
simulations produced well-fitting Fst values for nearly all relevant 
values of the abundance threshold, with some falloff at either end. 
However, when we start looking at combinations of multiple param-
eters we see that the value of the abundance threshold parameter 
does constrain what values of other parameters will make for a good 
fit to the data. For example, if the abundance threshold is low, and 
thus migration is always on, only simulations with very low migration 
rates and very low mutation rates can provide a good fit to the data 
(Figure 5b, panels in rows 3 and 4 in column 2). All in all, this suggests 
that there are two approaches to improving our ability to distinguish 
how different processes lead to the patterns we see (besides just 
collecting more data): (1) try adding new summary statistics besides 
just pairwise Fst, which may capture some other aspect of the data, 
and (2) use some independent sources of data or information to es-
timate and constrain the parameter space of our simulations closer 
to that of the real system. In particular, approach 1 could be tested 
without having to collect more data by doing more simulations: we 
could simulate our model, then simulate data collection and calculate 
our new summary statistic on the simulated data. We can then see 
if we can recover the parameters of our simulation better than we 
could before incorporating our new statistic.

The results from these preliminary simulations will, thus, be in-
valuable in guiding which individuals and time periods we should 
focus our sequencing on, and what summary statistics to use, to 
maximize the chances of distinguishing among competing hypothe-
ses that might explain the combined population and genetic patterns 
in the data. Ultimately, we aim to use this approach to understand 
how future climate change could alter the population and genetic 
structure of desert animals, highlighting the value of slimr in a sci-
entific workflow.
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