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 24 
ABSTRACT 25 
40Ar/39Ar geochronology is a powerful technique for dating geological events and processes on 26 
timescales from hundreds to billions of years. Most 40Ar/39Ar datasets are collected from 27 
analysis of single mineral phases or phenocryst-free groundmass that cooled rapidly following a 28 
volcanic eruption, which can allow for straightforward interpretation of 40Ar/39Ar age spectra. 29 
However, 40Ar/39Ar age spectra from mixtures of multiple minerals and/or multiple age 30 
components are often complex. In such situations, interpretations commonly used for single 31 
mineral phases are inappropriate and will result in geologically spurious conclusions. Here, we 32 
present a Bayesian method for the analysis and interpretation of 40Ar/39Ar step-heating spectra 33 
that result from mixing of multiple components, where a component is defined by both its age 34 
and mineral composition. We test the efficacy of this Bayesian approach using a suite of case 35 
studies. Two of these case studies utilize 40Ar/39Ar data from laboratory-prepared mixtures, 36 
which we use to explore how the composition, age, and number of components in a mixture, as 37 
well as our prior knowledge of these parameters, influence the model results. We also present 38 
an application-based case study in which we use plausible compositions and ages from a past 39 
Mars landing site to generate a synthetic 40Ar/39Ar dataset, which we then deconvolve using our 40 
Bayesian approach. We discuss modifications to our method that could improve the model’s 41 
precision and outline geologic applications of our Bayesian approach in terrestrial and 42 
extraterrestrial settings that would permit the extraction of a greater amount of temporal 43 
information.    44 
 45 
1. INTRODUCTION 46 
The 40Ar/39Ar method is widely used to date geological events that span the entire ca. 4.6 Ga of 47 
our Solar System’s history (e.g., Renne et al., 1997; Renne et al., 2000; Preece et al., 2018). In 48 
most applications of the 40Ar/39Ar method, single mineral phases or phenocryst-free groundmass 49 
from igneous or metamorphic rocks are selected for analysis following standard sample 50 
preparation techniques such as acid leaching, magnetic separation and picking under optical 51 
microscope (e.g., McDougall and Harrison, 1999). Isolating mineral phases for 40Ar/39Ar dating 52 
often, though not always, allows for straightforward interpretation of the resulting datasets.  53 
 54 
40Ar/39Ar data from step degassing measurements are typically presented and interpreted on an 55 
age spectrum plot, where the 40Ar*/39Ar ratio (40Ar* denoting radiogenic 40Ar derived from the 56 
decay of 40K) observed during each heating step, which is proportional to the apparent step age, 57 
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is plotted as a function of cumulative 39Ar release (Merrihue and Turner, 1966). If a reproducible 58 
40Ar*/39Ar ratio (heating steps that are statistically indistinguishable at 2 sigma) and therefore 59 
age are found in over 60% (Fleck et al., 1977) of the continuous step degassing of a sample, we 60 
typically infer that the sample cooled geologically instantaneously, resulting in an ultimately 61 
spatially uniform distribution of 40Ar*. In such cases, we identify concordance from the age 62 
spectrum as a plateau. Once a plateau has been identified, we report the 40Ar/39Ar age of that 63 
sample as a weighted mean by inverse variance of the steps comprising the plateau (McDougall 64 
and Harrison 1999), and this 40Ar/39Ar age is typically interpreted to be geologically meaningful 65 
(e.g., an eruption age for a volcanic rock).  66 
 67 
We can also make geologic inferences about processes affecting the distribution of 40Ar and 68 
therefore the 40Ar/39Ar age spectra in single-component samples. For example, diffusive loss of 69 
40Ar* for samples with single diffusion domains manifests as monotonically increasing steps in 70 
an 40Ar/39Ar age spectrum (Turner, 1968). Depending on the setup of the step degassing 71 
experiment, it is possible to calculate the kinetics of Ar diffusion in a sample from the degassing 72 
of reactor-induced 39Ar or 37Ar, which allows us to model the geologic time-temperature history 73 
that would result in the observed 40Ar/39Ar release pattern (e.g., Foland, 1994, Cassata et al., 74 
2010). Recoil loss and excess 40Ar also affect age spectra in predictable ways. Recoil loss of 75 
reactor-induced 39Ar normally manifests as initial steps with high 40Ar*/39Ar and old ages, due to 76 
39Ar loss from the edges of mineral grains, and lower 40Ar*/39Ar and younger ages for later high-77 
temperature steps, resulting from the redistribution of 39Ar (Onstott et al., 1995). If multiple 78 
diffusion domains are present, this redistribution is often interpreted as transport of 39Ar out of K-79 
rich diffusion domains and into relatively K-poor, more retentive domains (Onstott et al. 1995). 80 
Extraneous 40Ar (40Arex), which is thought to be either inherited argon from older grain 81 
contamination or non-radiogenic 40Ar contamination (Kelley, 2002), typically manifests as saddle 82 
shape age spectra with relatively high 40Ar/39Ar ratios at the beginning and end of step heating 83 
(Lanphere and Dalrymple, 1976).  84 
 85 
There are a number of potential applications of 40Ar/39Ar geochronology, however, for which 86 
mineral separation is not feasible. For example, 40Ar/39Ar dating is frequently utilized for 87 
provenance analysis of sediments and sedimentary rocks in tectonic and paleoclimatic studies 88 
(Copeland and Harrison 1990; Hemming et al., 1998; Singer et al., 2004), but at present is 89 
largely restricted to coarse-grained sediments for which individual mineral grains can be 90 
obtained. Such isolation of individual grains is difficult for fine-grained materials and even if such 91 
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a separate could be produced, the amount of material would still preclude single grain analyses. 92 
Bulk sediment provenance analysis of fine-grained sediments via 40Ar/39Ar geochronology has 93 
been used to understand source changes through time in marine or lacustrine depositional 94 
environments (e.g., VanLaningham et al., 2006), but owing to a lack of interpretive frameworks, 95 
interpretations are restricted to simply identifying changes in source region through time and not 96 
determining the ages of different components. Extraterrestrial meteorite samples are another 97 
example where 40Ar/39Ar geochronology of multiple mineral phases is often required due to very 98 
small sample sizes, but also desirable because different mineral phases will have different 99 
temperature sensitivities and potentially record different thermal events in a meteorite’s history 100 
(e.g., Cassata et al., 2010; 2018). Similarly, potential in situ rover-based 40Ar/39Ar 101 
geochronology on future missions to Mars, the Moon or other rocky bodies (e.g., Morgan et al., 102 
2017) would require analyses of multiple mineral phases as sample preparation has been 103 
limited to simple sieving (Farley et al., 2014).   104 
 105 
In situations where single mineral components cannot be isolated, conventionally used 106 
interpretations of 40Ar/39Ar spectra are inappropriate. This has been demonstrated by a number 107 
of studies using artificial mixtures to explore the impact of multiple components on age spectra. 108 
Rex et al. (1993) showed that mixing a hornblende with a younger biotite that was less retentive 109 
of Ar produced a monotonically increasing age spectrum, similar to the shape conventionally 110 
interpreted to reflect Ar diffusive loss during slow cooling (Turner, 1968). Kula et al. (2010) 111 
mixed two muscovite samples and two biotite samples, each of different ages. Individually, 112 
muscovite and biotite samples yielded flat age spectra consistent with an interpretation of rapid 113 
cooling. However, when mixed and step heated, the muscovite samples yielded relatively flat 114 
intermediate-age plateaus with plateau age varying as a function of the mixing proportion, while 115 
the biotite mixtures yielded highly complex and discordant age spectra. In exploring the range of 116 
effects that degassing multiple mineral components simultaneously has on 40Ar/39Ar age 117 
spectra, these studies and others (discussed below) demonstrate that the conventional method 118 
of interpreting an age ‘plateau’ from an 40Ar/39Ar age spectrum is erroneous. To extend 40Ar/39Ar 119 
to the realm of multi-component mineral mixtures it is clear that new analytical techniques are 120 
needed, in this paper we present a method based on Bayesian parameter inference to obtain 121 
the age(s) of each component in a multi-component mineral 40Ar/39Ar dataset. Firstly, we 122 
discuss prior modelling techniques to extract age information from multi-component mineral 123 
40Ar/39Ar datasets and present our model in the methods section.  124 
 125 
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Although multi-component 40Ar/39Ar age spectra cannot be interpreted via conventional 126 
methods, a number of different approaches have been attempted to maximise information 127 
recovery from the complicated age spectra resulting from analysis of mixtures.  Among these, 128 
several are semi-quantitative or descriptive in nature. For example, Gillespie et al. (1982) model 129 
how, in a mixture of two minerals that have substantially different activation energies, the Ar 130 
from the two minerals is effectively separated by detailed step heating analyses. Gillespie et al. 131 
(1982) illustrate their model with both a theoretical age spectrum and an age spectrum of mixed 132 
felsic minerals from a partially degassed granitoid xenolith in basalt. The application of the 133 
model in Gillespie et al. (1982) is limited to qualitative analysis of the two-component age 134 
spectrum with no direct fit of the data and no recovery of age information. Forster and Lister 135 
(2004) proposed a method to interpret complex age spectra from two-component mixtures of 136 
micas that involves statistically analysing age spectra for frequently measured ages (FMA) and 137 
using these FMAs to define asymptotes in the spectra. In their interpretation, an upward-138 
converging age asymptote represents the minimum age of one component, while a downward-139 
converging asymptote represents a maximum age of the other. While this method could be used 140 
to infer the presence of multiple components, it only provides an upper or lower bound on the 141 
age of any component; in cases where components of the same phase are mixed, resulting in 142 
intermediate plateau ages, the recovered information may have no geological meaning (e.g., 143 
Kula et al., 2010). VanLaningham and Mark (2011) created synthetic mixtures of well-144 
constrained 40Ar/39Ar mineral standards, including Taylor Creek Rhyolite sanidine (TCRs), Alder 145 
Creek sanidine (ACs), Heidelberg biotite (HD-B1). The authors showed that the shape of the 146 
age spectra resulting from stepwise degassing of these samples could be predicted, but they do 147 
so with a great deal of prior knowledge about the different components (K concentration, 148 
40Ar/39Ar age of the monitor minerals, Gaussian distributed release of Ar, and the mean and 149 
variance of the Gaussian release from the individual phases). VanLaningham and Mark (2011) 150 
suggest that it may be possible to invert their age spectra to solve for the ages of the individual 151 
mineral components, should enough degassing steps be conducted during sample analysis. 152 
 153 
Quantitative numerical approaches have also been used to interpret age spectra from multi-154 
component mixtures. Each of these approaches is rooted in the Multiple Diffusion Domain 155 
model (MDD) originally formulated by Lovera et al. (1989). The MDD model was introduced to 156 
interpret complex 40Ar/39Ar age spectra from alkali feldspars that in many ways resemble age 157 
spectra from multi-component mixtures. The MDD model assumes that individual K-feldspar 158 
crystals contain multiple diffusion domains that are non-interacting and are characterized by 159 
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different diffusion length scales (Lovera et al., 1989, Lovera et al., 2002). In the case of multi-160 
component mixtures, different components essentially act as separate, non-interacting domains 161 
(which themselves might exhibit MDD behavior). For example, Cassata et al. (2010) used the 162 
MDD model framework to interpret 40Ar/39Ar age spectra from polymineralic samples of Martian 163 
meteorites ALH84001 and Nakhla. These authors report multi-phase MDD-type models that 164 
reproduce the 39Ar and 37Ar diffusivities calculated from step heating results. Cassata et al. 165 
(2010) then use these models to explore time-temperature histories consistent with the 166 
observed 40Ar/39Ar age spectra. Analogous multi-phase MDD-type models have been 167 
implemented since (e.g., Shuster and Cassata, 2015) Although Cassata et al. (2010) and 168 
subsequent studies are able to find time-temperature histories that agree with their observed 169 
age spectra, their forward modelling approach is limited by subjective choices with regards to 170 
the diffusion kinetics model fits and the range of time-temperature histories they explore. 171 
Boehnke et al. (2016) applied a multi-phase MDD type modelling approach to interpret 40Ar/39Ar 172 
spectra obtained from whole rock chips of the Jilin chondrite and the Apollo 16 lunar breccia 173 
67514. In contrast to the forward modelling approach of Cassata et al. (2010), Boehnke et al. 174 
(2016) use a global optimization algorithm to invert both the Arrhenius plots for multi-phase 175 
MDD diffusion kinetics and the age spectra for time-temperature history. Their inversion method 176 
is able to resolve the observed age spectra and place constraints on the timing and duration of 177 
shock-related heating events. Of the existing numerical approaches to interpreting multi-178 
component mixtures, the Boehnke et al. (2016) approach is the least restrictive in terms of 179 
number of required assumptions. Nonetheless, their approach requires highly computational 180 
processes that prevent the direct estimation of uncertainty on parameters such as age and 181 
diffusion kinetics (Boehnke et al., 2016).  182 
 183 
In this paper we describe an approach for the deconvolution of multi-component 40Ar/39Ar age 184 
spectra using a Bayesian model. The overarching goals of the modelling are threefold: (1) to 185 
reproduce the age spectrum generated during laboratory degassing, (2) to deconvolve the Ar 186 
released from each component, and (3) to determine the age of each component. Unlike the 187 
approach of Boehnke et al. (2016), we are not performing a joint inversion of the age spectrum 188 
and the components’ diffusion parameters. Rather, we are constructing a joint probability model 189 
of the cumulative 39Ar release curve, defined as the cumulative fraction of 39Ar released as a 190 
function of temperature, and the age spectrum, defined as the apparent 40Ar/39Ar age as a 191 
function of the cumulative fraction of 39Ar released, while using prior information about the 192 
diffusion parameters. It is worth noting, however, that the Arrhenius plot from which Boehnke et 193 
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al. (2016) invert diffusion parameters is derived from the cumulative 39Ar release curve that we 194 
use in our joint probability model. A strength of using the joint probability model in our Bayesian 195 
approach is that it allows for flexibility to include additional sources of information in the model, 196 
such as the K/Ca spectrum, which we discuss in more detail later.  197 
 198 
To demonstrate the strengths and challenges of our approach, we present three case studies. 199 
In each case study we use our Bayesian inversion model to quantitatively fit observed or 200 
simulated 40Ar/39Ar age spectra and cumulative 39Ar release curves and recover the ages of the 201 
individual components in the mixture. In the first case study, we reevaluate 40Ar/39Ar step-202 
heating data from mixtures of neutron fluence monitor standards reported by VanLaningham 203 
and Mark (2011) as described above, using only prior knowledge about the number and 204 
composition of components in each mixture. The second case study utilises the mixtures of 205 
muscovite and biotite samples of different ages reported by Kula et al., (2010). We use this case 206 
study to demonstrate a limiting case for our approach, as we cannot effectively ‘un-mix’ the 207 
ages of components with the same composition without prior knowledge of both the mixing 208 
fraction and number of components. In the third case study, we use plausible compositions and 209 
ages for components in the Martian regolith to generate a synthetic 40Ar/39Ar age spectrum. We 210 
then use our Bayesian inversion method with reasonable priors to model these synthetic data. 211 
This case study demonstrates the utility of our method for interpreting complex 40Ar/39Ar data to 212 
obtain geologically meaningful ages from whole rock meteorite or mission-returned samples, or 213 
in situ on potential future planetary exploration missions.  214 
 215 
2. METHODS 216 
2.1 Phenomenology represented in the model 217 
In order to develop a Bayesian approach to interpreting 40Ar/39Ar spectra from multi-component 218 
mixtures, we must first define models that represent the physical processes affecting the argon 219 
systematics in these mixtures. First, consider a single component in a mixture. For this 220 
individual component, we assume that the length scale of argon diffusion is defined by the grain 221 
size, and that the diffusion geometry can be approximated as a sphere with radius a. Although 222 
the assumption of a spherical geometry is a mathematical idealisation, it is a reasonable 223 
approximation for most mineral grains (Lovera et al., 1989, Harrison et al., 1991, Lovera et al., 224 
2002, Gautheron and Tassan-Got, 2010). In addition to a spherical geometry, we also assume 225 
that diffusion is isotropic, and that Fick’s second law describes the distribution of argon in the 226 
system:  227 
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 228 

𝛿𝐶𝛿𝑡= 𝐷(𝑇)𝑎2𝛻2𝐶 229 
     (1)  230 
 231 

Where C is the concentration of argon, t is time, D is the diffusivity, and T is temperature. A 232 
Fickian diffusion model implies that argon will move from regions of higher concentrations to 233 
regions of lower concentrations. We assume the boundary condition that the concentration C at 234 
a distance a, the grain boundary, is zero. With this condition equation 1 can be solved for the 235 
fractional loss (f) of a diffusant as derived by Crank (1975) and then discretized by Fechtig and 236 
Kalbitzer (1966).  237 
 238 
Following on from the assumption of Fickian diffusion, we also assume that the diffusion of Ar is 239 
thermally driven and that the temperature dependence of diffusivity D can be described with an 240 
Arrhenius relationship: 241 
 242 

𝐷(𝑇)𝑎2= 𝐷0𝑎2exp (𝐸𝑎𝑅𝑇) 243 
               (2) 244 
 245 

Where D0 is the frequency factor, Ea is the activation energy, R is the gas constant, and T and a 246 
are as defined above. The parameters Ea and D0 are a function of a particular noble gas and 247 
mineral pair and control the temperature sensitivity of the system in question. In the case 248 
studies we present here, we also assume that each component of the mixture has cooled 249 
through its closure temperature over a geologically instantaneous time interval and remained a 250 
closed system since, resulting in a spatially uniform distribution of 40Ar*. We also assume 251 
spatially uniform production of 40Ar* and reactor-induced 39Ar in individual components (i.e., no 252 
zonation of parent K). More complex process-based models can be incorporated into the 253 
Bayesian framework that we outline below. For example, we can use the same overall Bayesian 254 
framework to examine cases of a non-uniform distribution of 40Ar* in individual components 255 
(e.g., due to thermally driven loss). We choose to present simple yet geologically reasonable 256 
cases in order to gain a basic understanding of the Bayesian model behavior, which could be 257 
obscured by introducing more complex processes and boundary conditions. 258 
 259 
With these assumptions, we can predict the age spectrum and cumulative release curve for a 260 
single component with a laboratory heating schedule from equations 1 and 2, as we expect the 261 



 

 

9 

fractional release of 40Ar* and 39Ar to be essentially equivalent in each heating step (e.g., Foland 262 
& Xu, 1990), assuming mass-dependent fractionation in nature is negligible. This mathematical 263 
framework for predicting the age spectrum and cumulative release curve of an individual 264 
component now allows us to consider the age spectrum and cumulative release curve for 265 
multiple components. The multi-component problem can be treated as a mixture model, where 266 
the measured data are a linear combination of the end member distributions. Similar to detrital 267 
zircon and grain size distribution models, our data are non-negative with a mixing fraction, φ, 268 

that must sum to one (e.g., Sambridge and Compston, 1994, Yu et al., 2016, Sharman and 269 
Johnstone, 2017). Given these constraints, the generalized equation for a multi-component 270 
cumulative release curve (equation 5) and age spectrum (equation 6) can be represented as:  271 
 272 

         273 

                                                         𝜙= =1𝑘𝜙𝑖=1                                             (3)       274 

 275 

                                                               𝜇= 𝑖=1𝑘𝜇𝑖=𝑖=1𝑘𝜙𝑖𝛿𝐹𝑖(𝑖=1𝑘𝜙𝑖𝛿𝐹𝑖)   276 
                                                                 (4)        277 

                         278 

                                                                    𝐹𝑠= 𝑖=1𝑘𝜙𝑖𝐹𝑖	279 
                                                       (5)        280 

                                     281 

                                                                𝐴𝑔𝑒𝑠= 𝑖=1𝑘𝜇𝑖𝐴𝑔𝑒𝑖	282 
                                                                                                        (6)           283 

                                                                                                284 
     285 

Where Ages and Fs are the measured 40Ar*/39Ar age and cumulative 39Ar release of a particular 286 
heating step, µi , φI , Agei , δFi , Fi  are the mixing fraction, volume fraction, age, incremental 287 

release and cumulative release, respectively, of each component i in the mixture. Using these 288 
assumptions and physical representations for the argon systematics in multi-component 289 
mixtures, we developed a Bayesian framework to estimate the mixture fraction, diffusion 290 
kinetics, and age of each component from an observed multicomponent age spectrum and 291 
cumulative release curve as defined by equations 5 and 6.  292 
 293 
2.2 Bayesian framework  294 
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Bayesian inference is a statistical technique that involves fitting a probability model to data in 295 
order to estimate parameters in the model (Gelman et al., 2013). Central to Bayesian inference 296 

is Bayes theorem (Eq. 4) which states that the posterior probability P(𝜃|y), or the probability of a 297 

model parameter 𝜃 given the data y, equals P(y| 𝜃), the likelihood of the data given the model 298 

parameters, multiplied by the prior probability of the model parameter, P(𝜃), and divided by the 299 

probability of the data, P(y).  300 
 301 

                                                 𝑃𝑦𝜃= 𝑃(𝑦|𝜃)𝑃𝜃𝑃𝑦	302 
            (7)        303 
                                        304 
The probability of the data P(y), also known as the evidence, is the integration of the model 305 
probability across the entire model parameter space. The calculation of P(y) is often intractable 306 
for problems with many variables requiring very high dimensional integrals. However, because 307 
P(y) is a normalising constant that simply scales the posterior probability, Eq. 4 can be recast as 308 
a proportionality relationship given as: 309 
 310 

                  𝑃𝜃𝑦∝𝑃𝑦𝜃𝑃(𝜃) 311 
         (8)  312 
 313 

The advantage of the Bayesian approach is that our initial knowledge about model parameters 314 

are incorporated in probability density functions we call priors P(𝜃). In cases where we know 315 

very little about the true value of a model parameter 𝜃, we can give that parameter a highly 316 

uninformed prior probability distribution; in cases where we have physical constraints on 𝜃, we 317 

can incorporate this information into P(𝜃). We obtain an estimate of the model parameters (the 318 

posterior), by updating our initial knowledge (the prior (P(𝜃)) conditional on our observations (the 319 

likelihood P(y|𝜃)) and by drawing samples from the posterior (P(𝜃|y)).  320 

 321 
For the multi-component 40Ar/39Ar deconvolution problem, our observed data y are the age 322 
spectrum and cumulative release curve obtained from a laboratory degassing experiment. Our 323 

model parameters, 𝜃 include the activation energy Ea, frequency factor D0, and grain size a, for 324 

Ar diffusion in each component, the age of each component Age, and the volume fraction, 𝜙. 325 
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The Bayesian proportionality relationship for the multi-component 40Ar/39Ar problem is as 326 
follows:  327 
 328 

 𝑃𝐸𝑎𝑖, 𝐷𝑜𝑖, 𝐴𝑔𝑒𝑖, 𝑎𝑖, 𝜙𝑖𝑦 ∝ 𝑃𝑦𝐸𝑎𝑖, 𝐷𝑜𝑖, 𝐴𝑔𝑒𝑖, 𝑎𝑖, 𝜙𝑖𝑃(𝐸𝑎𝑖, 𝐷𝑜𝑖, 𝐴𝑔𝑒𝑖, 𝑎𝑖, 𝜙𝑖) 329 
                                                                                                                                       (9) 330 
where i represents each component in the mixture. We follow Gallagher et al. (2012) by 331 
adopting a sum of squares for our likelihood function for both the age spectrum (Eq. 11) and 332 
cumulative release curve (Eq. 12) observations. These are expressed as follows:  333 
 334 

                                                        𝐿1= − 12𝑖=1𝑁(𝑜𝑏𝑠1𝑖− 𝑚𝑜𝑑𝑒𝑙1𝑖𝜎1𝑖)2 335 
                                                                        (10) 336 

 337 

𝐿2= −𝑁2ln2𝜋−𝑁2ln𝜎2𝑖2− 12𝜎2𝑖2𝑖=1𝑁(𝑜𝑏𝑠2𝑖−𝑚𝑜𝑑𝑒𝑙2𝑖)2 338 
                                        (11) 339 

 340 
For the likelihood of the age spectrum observation L1 (given in Eq. 10), obs1i is the observed 341 
age, model1i  is the model predicted age, and σ1i  is the error in the observed age for each 342 

experiment time-temperature step i. In the case of the cumulative release curve, we define our 343 
likelihood to take the form of a normal distribution given by Eq. 11 (L2), wherein obs2i is the 344 
observed cumulative 39Ar release, model2i is the model-predicted cumulative 39Ar release, and 345 
σ2i the model error for the cumulative 39Ar release. The total likelihood of the model is calculated 346 

by summing L1 and L2. Given the way in which we define both likelihoods, the age spectrum 347 
likelihood typically carries the dominant weight in the likelihood summation (L1 + L2). This is 348 
illustrated in Figure 5. 349 
 350 
To predict the observed age spectrum and cumulative release curve, and to recover the desired 351 
model parameter posterior distributions in Eq. 6, we couple a forward model for multiple mineral 352 
phase age spectra and cumulative release curves as outlined in Section 2.1 with stochastic 353 
sampling via a Markov Chain Monte Carlo (MCMC) method. MCMC’s are used to map out and 354 
sample probability distribution functions by stochastically exploring parameter space in such a 355 
way that a histogram of the samples produces the target prior distribution. For model 356 
parameters with priors that do not have a gradient (e.g., parameter(s) described by a uniform 357 
distribution), we couple a Metropolis and No U-Turn sampler (NUTS; Hoffman and Gelman, 358 
2014), which we describe in more detail below. We use the NUTS sampler for all other 359 
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parameters in the model. The NUTS sampler was developed by Hoffman and Gelman (2014) as 360 
an extended form of the Hamiltonian Monte Carlo (HMC) formulated by Duane et al. (1987). 361 
Like all MCMC methods, HMC samplers are rooted in the Metropolis-Hastings algorithm, which 362 
follows the following procedure: (1) start with an initial, random model, (2) propose a new model, 363 
(3) compute the acceptance probability α of the proposed model, (4) assess if the model should 364 

be accepted by random comparison, and (5) repeat for a duration depending on the complexity 365 
of the model, typically at least ~105 iterations (Metropolis et al., 1953; Hastings, 1971). The 366 
acceptance criteria in our Metropolis Hastings algorithm is expressed as follows (after Gallagher 367 
et al., 2009):  368 
 369 

𝛼=𝑚𝑖𝑛𝑝𝑘′𝑝𝑦𝑘′𝑞(𝑘|𝑘′)𝑝𝑘𝑝𝑦𝑘𝑞(𝑘′|𝑘) 370 
        (12) 371 

 372 
where k is the current model and k’ is the proposed model. The first two terms in the numerator 373 
and denominator of Eq. 12 are the prior and likelihood of the proposed and current models, 374 
respectively. The last term in both the numerator and denominator (q(k|k’)) is the proposal 375 
function, used to propose a new model vector k’, given the current model state k. Unlike the 376 
random walk nature of the Metropolis-Hastings sampler with the acceptance criteria for each 377 
proposal as defined in equation 12, NUTS takes advantage of first-order gradient information of 378 
the likelihood. In the model we use compound steps, meaning we use a combination of the 379 
NUTS and Metropolis samplers for our model depending on the distribution we have chosen for 380 
our parameters. We implemented our compound samplers in the probabilistic python library 381 
pymc3 (Salvatier et al., 2016). Code used to generate the models discussed here are available 382 
in a Github repository (https://github.com/jackcarter9/Bayesian-multi-component-40Ar-39Ar-383 
dating). 384 
 385 
3. RESULTS 386 
3.1 Case study 1: VanLaningham and Mark (2011)  387 
As a first test for our Bayesian modeling framework, we re-examine the 40Ar/39Ar age spectra 388 
generated by VanLaningham and Mark (2011). We chose these mixtures because they consist 389 
of neutron fluence monitors of known age and chemistry and individually exhibit a simple 390 
40Ar/39Ar age spectrum (i.e., define an age plateau). Additionally, VanLaningham and Mark 391 
(2011) conducted their experiments using a temperature-controlled furnace, which enables us to 392 
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investigate diffusion kinetic parameters from their results. We only assume to know the number 393 
and composition of components in the mixture in our prior information. 394 

 
Figure 1.  Age spectra of the mixtures created by VanLaningham and Mark (2011) (gray 
boxes), the mean posterior predictive model of our Bayesian inversion (black solid curve), and 
the 95% credible interval of the posterior model (white boxes). The ages of neutron flux monitor 
standards used in these mixtures are indicated by horizontal lines and include Alder Creek 
sanidine (ACs, solid line), Heidelberg biotite (HD-B1, dotted line), and Taylor Creek Rhyolite 
sanidine (TCRs, dashed line). Known proportions of the monitor standards by mass in each 
mixture are indicated above each panel. 
 395 
Figure 1 shows the step heating results for the four mixtures originally presented in 396 
VanLaningham and Mark (2011). As an example, we focus on Mixture 2 (Figure 1B), comprised 397 
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of 75% ACs and 25% HD-B1 by mass. From Figure 1B, we observe that Ar release from the 398 
older HD-B1 is greater during the early low-temperature heating steps, which is due to a 399 
combination of the argon diffusion kinetics in these two mineral phases and the larger grain size 400 
of ACs relative to HD-B1 in this mixture. As the Ar from HD-B1 is exhausted, Ar release from the 401 
younger ACs becomes dominant in the high temperature steps. The exhaustion of Ar from HD-402 
B1 results in monotonically-decreasing step ages from a ‘pseudo plateau’ at ~12 Ma 403 
corresponding to 0-25% of the cumulative 39Ar released to another ‘pseudo plateau’ at ~2.2 Ma 404 
corresponding to 50-90% of the cumulative 39Ar release. It is important to note that neither of 405 
these ‘pseudo plateaus’ corresponds to the known age of either ACs (1.19 ± 0.014 Ma (2σ 406 

analytical uncertainty) Vanlaningham and Mark, 2011; solid horizontal line, Figure 1B) or HD-B1 407 
(24.59 ± 0.24 Ma (2σ analytical uncertainty), Vanlaningham and Mark, 2011; dotted horizontal 408 

line, Figure 1B). Note for comparison we used the ages for the fluence monitors as reported by 409 
Vanlaningham and Mark (2011) from their analyses of the individual age components. The ages 410 
of the individual components were calculated using the decay constants of Steiger and Jaeger 411 
(1977) and the age (28.02 Ma) of Fish Canyon Tuff sanidine (Morgan et al., 2014) as reported 412 
by Renne et al. (1998). For the purpose of our comparison the absolute age of the mineral 413 
standards is irrelevant (e.g., Mark et al., 2017). 414 
 415 
While Figure 1 demonstrates that the shape of the age spectra for these mixtures depends on 416 
the ages of the components in the mixture, what is not immediately apparent in Figure 1 is the 417 
role of Ar diffusion kinetics in these components. In Figure 2, we show an Arrhenius plot 418 

calculated for Mixture 2, with the log of effective diffusivity, ln(𝐷𝑒𝑓𝑓𝑎2), shown as a function of 419 

inverse temperature. Figure S1 also shows Arrhenius plots for Mixtures 1, 3, and 4. We 420 
calculated the effective Ar diffusion coefficients normalized for grain size (Deff/a2) using the 421 
fraction of 39Ar released from each step in the degassing experiment after the equations in 422 
Fechtig and Kalbitzer (1966). We refer to an effective diffusion coefficient because each 423 
component of the mixture has a different diffusivity at each temperature in the degassing 424 
experiment. Therefore, we expect the calculated diffusivity for a particular temperature step to 425 
be a linear combination of the diffusivity in each phase i, weighted by their relative contributions 426 
fi (Smith and Kay, 1999): 427 
 428 

𝐷𝑒𝑓𝑓𝑎2= 𝑖=1𝑛𝑓𝑖𝐷𝑎2	429 
(13)  430 

 431 
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The Arrhenius behaviour we observe for Mixture 2 (Figure 2) is curvilinear and plots between 432 
argon diffusion parameters reported in the literature for sanidine (e.g., Cassata and Renne, 433 
2013) and biotite (e.g., Harrison et al., 1985), the two mineral phases present in this mixture. 434 
This is consistent with our expectation that the effective diffusivity is a linear combination of the 435 
end-member diffusivities of each phase in the mixture (Eq. 13). At low temperatures and gas 436 
release fractions, we expect Ar diffusion from biotite to dominate and for diffusivities calculated 437 
for Mixture 2 to have a slope similar to the slope for biotite reported by Harrison et al. (1985). 438 
However, we note that temperatures of the furnace used to conduct the experiments by 439 
VanLaningham and Mark (2011) are not well-calibrated below ~800 ºC. Therefore, we suspect 440 
that temperatures < 800 ºC in Fig. 2 are poorly constrained, and that this results in a much 441 
steeper slope than expected from the kinetics reported by Harrison et al. (1985). We 442 
hypothesize that the temperature calibration also affects some of our model predictions (see 443 
Discussion section). At high temperatures and high gas release fractions, Ar from biotite 444 
becomes exhausted, and the diffusivities we calculate approach those expected for sanidine 445 
(Cassata and Renne, 2013).  446 
 447 

 
Figure 2. Arrhenius plot for Mixture 2 (75% ACs and 25% HD-B1 by mass), calculated after 
Fechtig and Kalbitzer (1966). We compare the Arrhenius behavior of this mixture to kinetic 
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parameters determined from step degassing experiments on Fish Canyon sanidine (dashed 
line; experiment FCs-1, Cassata and Renne, 2013) and biotite (solid line; Harrison et al., 1985). 
As Mixture 2 was sieved to a 20-63 um size fraction, we normalised the sanidine diffusivities by 
a diffusion length scale (i.e., grain half-diameter) of a = 32 µm and the biotite diffusivities to a = 
10 µm, assuming a spherical geometry for both. This provides endmember constraints for 
comparison with the mixture’s Arrhenius behavior, as a larger diffusion length scale for biotite 
would shift diffusivities down and vice versa for a smaller sanidine diffusion length scale. The 
effective Ar diffusivities calculated for Mixture 2 plot between the two end member diffusivities 
for sanidine and biotite. 
 448 
Having demonstrated that the endmember diffusion kinetics are consistent with the mixture 449 
results, we use the endmember kinetics to inform the priors in our Bayesian inversion. Figure 3 450 
shows the prior distributions for the variables that are utilized in our inversion for Mixture 2. We 451 
assume there are two components in the mixture a priori and that the mixture is compositional in 452 
nature. Therefore, the mixing coefficients of both components follow a Dirichlet distribution 453 
(Diebolt and Robert, 1994) (Figure 3A). We note that this is the fraction of 39Ar contributed by 454 
each component, which is related but not equal to the mass of material from each component in 455 
the mixture. Figures 3B and C show the prior diffusion kinetics parameters we define using 456 
published experiments by Cassata and Renne (2013) and Harrison et al. (1985). In order to fully 457 
sample the kinetics parameters, we use the reported values from these experiments to 458 
construct distributions of the activation energies (Ea) (Figure 3B) and the natural logarithm of 459 
frequency factors (ln(D0)) (Figure 3C), treating the reported 2σ value as 1σ in the prior 460 
distribution. Figure 3D shows the prior age distribution for each component. To be as 461 
unrestrictive as possible, we define the prior age distribution as a uniform distribution with a 462 
lower bound of 0 and an upper age bound given by the age of the Earth. 463 
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Figure 3. Prior information used in our Bayesian deconvolution of Mixture 2, shown as relative 
probabilities. We assume to know the number (n = 2) and composition (biotite, shown in gray, 
and sanidine, shown in white stripes) of the components in the mixture. (A) Prior distribution of 
mixture fractions 𝜙, assuming a Dirichlet boundary condition. (B and C) Prior distribution of 
activation energies (Ea) and the natural logarithm of frequency factors (ln(D0), with D0 
normalised to 1 cm2s-1), estimated from the diffusion kinetics reported in Cassata and Renne 
(2013) and Harrison et al. (1985). (D) Prior distribution of component ages.  
 464 
Given these priors, we then ran our MCMC sampler 300,000 times, each time predicting the age 465 
spectrum and cumulative 39Ar release curve. We assess the goodness of fit for each model 466 
result by comparing the model to the observations, which include both the age spectrum and 467 
cumulative 39Ar release curve, via our likelihood function. Good fits, which minimize the summed 468 
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likelihood functions, suggests that the model, and therefore the parameters that build the model, 469 
may adequately describe the observation. The mean posterior model was then constructed from 470 
the model samples after the ‘burn-in’, which refers to the initial model samples that occur while 471 
the Markov chain explores parameter space widely before it reaches its equilibrium distribution. 472 
The mean posterior model from this post-burn-in sampling can then be compared directly with 473 
our observations. Figure 1 shows the mean posterior predictive models, also known as the 474 
expected models, from our Bayesian inversion of all four VanLaningham and Mark (2011) age 475 
spectra (solid black lines) and corresponding 95% credible intervals (white boxes, black outline). 476 
The expected models largely reproduce the complex age spectra observed in the laboratory 477 
experiments. The most significant differences typically occur during transition steps between 478 
‘pseudo’ plateaus; nonetheless, most of these steps agree with the expected model within the 479 
credible interval, with the exception of Mixtures 2 and 4, wherein some steps during the 480 
transition are outside the model credible interval (Figures 1B and 1D). In Figure 4, we show the 481 
expected model for cumulative 39Ar release for Mixture 2 compared to the observed cumulative 482 
39Ar release curve. We provide expected models of cumulative 39Ar release curves for all four 483 
Vanlaningham and Mark (2011) mixtures in Figure S2. Our fits to the cumulative 39Ar release 484 
curves are generally poorer than our fits to 40Ar/39Ar age spectra. For each cumulative release 485 
curve model fit, we see deviations from the observed 39Ar release curve for the initial portion of 486 
the curve at lower temperatures.  487 
 488 
In addition to reproducing the mixtures’ cumulative 39Ar release curves and age spectra, our aim 489 
was to deconvolve the age of each component in a mixture by sampling for these desired 490 
parameters from the posterior. Figure 5 shows the MCMC samples, after the initial burn-in 491 
period of 200,000 iterations, for the age of each component in Mixture 2. Figure 5 demonstrates 492 
that after the burn-in period, our model converges on ages for the two components in the 493 
mixture that minimize the log likelihood function (Figure 5C). Figure 6 shows a pair plot of the 494 
posterior sampling of component ages and diffusion kinetics for Mixture 2, where diagonal plots 495 
show histograms of a single parameter and off-diagonal plots show the correlations between 496 
parameters. Pair plots for the rest of the Vanlaningham and Mark (2011) mixtures are shown in 497 
Figures S3-S5. 498 
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Figure 4. Comparison of the observed (grey) and predicted (black with 95% credible interval) 
cumulative argon release curve for Mixture 2 (25% HD-B1, 75% ACs), of Vanlaningham and 
Mark (2011).  

 499 
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Figure 5. (A) Log likelihood of each model age spectrum (L1) and cumulative release curve 
(L2), as well as the summed log likelihood (L1 + L2), for Mixture 2 of Vanlaningham and Mark 
(2011). Note that the summed log likelihood and L1 plot on top of one another. (B) and (C) 
are accepted sample ages of  HD-B1 and ACs in the mixture created by Vanlaningham and 
Mark (2011). Every 100th accepted sample for the post-burn-in iterations is shown. For 
reference, the known age of HD-B1 (B) and ACs (C) are shown at the 95% confidence 
interval with grey horizontal bars.  

 500 
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Figure 6. Pair plot for Vanlaningham and Mark (2011) Mixture 2 showing the posterior sampling 
of each component’s age (Ma), activation energy (Ea, kJ/mol) and the natural logarithm of 
frequency factors (ln(D0), with D0 normalised to 1 cm2s-1). In diagonal histogram plots, dark grey 
boxes represent the 95% confidence bounds of the known parameter values from prior studies 
(Harrison et al., 1985; Vanlaningham and Mark, 2011; Cassata and Renne, 2013;). We interpret 
component 1 to be HD-B1  (accepted age of 24.59± 0.24 Ma; Vanlaningham and Mark, 2011) 
and component 2 as ACs (accepted age of 1.19 ± 0.014 Ma; Vanlaningham and Mark, 2011). In 
the off-diagonal kernel density estimation plots, four contours are shown from light to dark gray 
representing 95, 68, 34 and 5% credible intervals. 
 501 
 502 
 503 
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Table 1. Deconvolution model results for the VanLaningham and Mark (2011) mixtures, 
compared to known ages for mixture components. 

Component Accepted Age ±  2σ  (Ma)  Estimated Age ±  2σ  (Ma)  
Mixture 1 : 75% Alder Creek sanidine (ACs), 25% Taylor Creek Rhyolite sanidine (TCRs) 

ACs 1.19 ± 0.0141 1.21 ± 0.15 
TCRs 28.26 ± 0.281 28.0 ± 1.0 

MIxture 2: 75% ACs, 25% Heidelberg biotite (HD-B1) 
ACs 1.19 ± 0.0141 1.27 ± 0.16 

HD-B1 24.59 ± 0.24 1 24.6 ± 1.1 
Mixture 3: 50% HD-B1, 50% TCRs 

HD-B1 24.59 ± 0.241 24.8 ± 0.8 
TCRs 28.26 ± 0.281 28.1 ± 0.6 

Mixture 4: 50% ACs, 25% HD-B1, 25% HD-B1 
ACs 1.19 ± 0.014 1.20 ± 0.12 

TCRs 28.26 ± 0.28 28.0 ± 1.0 
HD-B1 24.59 ± 0.24 25.0 ± 1.0 

1 VanLaningham and Mark (2011)  504 
 505 
Overall, we found that our Bayesian inversion method successfully modeled the ages and 506 
diffusion kinetics for each component in the VanLaningham and Mark (2011) mixtures. This is 507 
illustrated in Figure 6 for Mixture 2 (on-diagonal histograms), as well as for all four mixtures in 508 
Table 1 and Figures S3-S5. The ages of the components we estimate from the posterior 509 
sampling are statistically indistinguishable from the known ages of the components in each 510 
mixture (Table 1), although the age uncertainty from the posterior estimate is greater than the 511 
uncertainty of the known age. We do not observe any significant differences in the relative 512 
uncertainty of model-predicted ages as a function of the number of components, nor do we 513 
observe any significant differences in predicted age uncertainty as a function of which phases 514 
are present in a mixture. We find that the relative uncertainty in the predicted age for Alder 515 
Creek sanidine (ACs), which is by far the youngest component with an age of 1.19 ± 0.014 Ma 516 
(Vanlaningham and Mark, 2011), is greater (by a factor of x3-6) than the relative age uncertainty 517 
for the other three, older monitor standards. We also find that, although indistinguishable within 518 
the uncertainties reported, our estimated ages for ACs are nominally older than the known age; 519 
likewise, our estimated ages for the oldest components in a given mixture (either HD-B1 or 520 
TCRs) are nominally younger than the known age. We explore possible reasons for these 521 
differences in our discussion section. 522 
 523 
3.2 Case study 2: Kula et al (2010)  524 
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In the first case study, specifically Mixtures 1 and 4, we examined mixtures containing 525 
components of the same mineral, but did not observe this to have a clear effect on the model 526 
predicted ages or their relative uncertainties. Here, we reevaluate the muscovite and biotite 527 
mixture data presented by Kula et al. (2010) as an endmember, limiting case of mixtures with 528 
multiple components of the same mineral. Our expectation is that this scenario should be 529 
challenging for our simple Bayesian model, since the individual components will have very 530 
similar and possibly identical argon diffusion kinetics. In their study, Kula et al. (2010) created 531 
mixtures of two muscovite and biotite samples, respectively, that individually yield robust age 532 
plateaus (97-100% of the 39Ar release). The individual muscovite components yielded 40Ar/39Ar 533 
plateau ages as follows: IV14, with an age of 148.8 ± 1.6 Ma (2σ), and NY25, with an age of 534 
71.9 ± 0.8 Ma (2σ). Similarly, the individual biotite components yielded 40Ar/39Ar plateau ages as 535 
follows; IV8, with an age of 146.1 ± 1.6 Ma (2σ), and PM1, with an age of 75.3 ± 0.8 Ma (2σ). 536 
Kula et al. (2010) created three mixtures with different ratios of the muscovite or biotite samples 537 
by mass (3:1, 1:1, and 1:3 IV14 to NY25 and IV8 to PM1). The 40Ar/39Ar age spectra and 538 
cumulative 39Ar release curves from incremental heating of these muscovite and biotite mixtures 539 
are reproduced in Figures 7 and 8, respectively. The muscovite mixtures show similar features 540 
to Mixture 1 of VanLaningham and Mark (2011) in that, to a first order, they observe similar 541 
ages for most steps that are proportional to the mixing fractions (Kula et al., 2010). The biotite 542 
mixtures show highly discordant spectra with an overall decrease in age toward the younger 543 
PM1 component but with localised undulation of step ages.  544 
 545 
We initially set up our Bayesian deconvolution model with priors analogous to those set up for 546 
case study 1. Specifically, we fixed the number of components in each mixture to 2, used the 547 
diffusion kinetics of argon in muscovite and biotite reported by Harrison et al. (2009) and 548 
Harrison et al. (1985) respectively, and allowed the component ages to be free parameters 549 
described by uniform distribution. We found that with these unrestrictive priors, our modeled 550 
step ages agree with essentially all of the steps in the observed age spectra, and generally have 551 
much larger credible intervals than the observed uncertainties in step ages (Figures S6-7, A-C). 552 
In the muscovite models, the mean posterior age spectra are flat for > 85% of the cumulative 553 
39Ar, whereas the observed age spectra exhibit an overall slight upward increase in age over 554 
this gas fraction, although these increases occur within the modeled 95% credible intervals 555 
(Figure S6 A-C). Over the last < 15% of the cumulative 39Ar release, the predicted step ages 556 
decrease and approach the age of the final observed step age. In the case of the biotite 557 
mixtures, while the undulations in the observed age spectra are generally within our models’ 558 
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very large credible intervals, our mean posterior age spectra exhibit monotonic decrease in step 559 
age with increasing 39Ar release fraction that is notably different from the observed age spectra 560 
shapes. We also found differences between the predicted and observed cumulative 39Ar release 561 
curves for these mixtures when using a model setup with unrestrictive priors (Figures S6-7, D-562 
F). For the muscovite mixtures, we consistently predict higher 39Ar release fractions at low 563 
temperatures than observed in experiments (Figure S6, D-F). Conversely, for two of the three 564 
biotite mixtures we predict lower 39Ar release fractions at low temperatures than observed in 565 
experiments, although in this case the observed values are very close to the wide model 566 
credible interval (Figure S7, D-F). 567 
 568 
While the predicted age spectra and cumulative 39Ar release curves provide some insight about 569 
the model’s performance with the unrestrictive prior, we are most interested to know about the 570 
model’s ability to resolve the ages of different components present in the mixture. For the 571 
muscovite mixtures, our model technically resolves the presence of two components. However, 572 
in all cases our model predicts that one component completely dominates the mixture and fails 573 
to predict the age of either component in the mixtures, with the exception of the younger 574 
component in the 1:3 IV14:NY25 mixture (Table 2). For example, in the 3:1 IV14:NY25 mixture, 575 
the older component carries 99% of the mixture weight. The ~133 Ma modeled age of the older 576 
component is consistent with the apparent plateau age in the observed age spectrum (Figure 577 
S6A), but is inconsistent with the known age of IV14, the older component in this mixture, of 578 
~149 Ma (Table 2). Similarly, the modeled age of the younger component is ~100 Ma, which is 579 
consistent with the youngest step ages observed at the end of the step heating experiment 580 
(Figure S6A) but inconsistent with the ~72 Ma age of NY25, the younger component in this 581 
mixture (Table 2). For the biotite mixtures, the mixing fractions predicted for the biotite mixtures 582 
with the unrestrictive prior are also inconsistent with the known mixing fractions, although we do 583 
resolve the presence of two components. For example, in the 1:3 IV8:PM1 mixture, our model 584 
predicts mixing fractions of 57% IV8 and 48% PM1. With the unrestrictive prior we predict 585 
component ages that either 1) correspond to the initial and final step ages of the observed age 586 
spectra (Figure S7 A-C), which do not correspond to either of the known ages of the individual 587 
components, or 2) have very large uncertainties, such that the ages of the individual 588 
components are indistinguishable (Table 3). 589 
  590 
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Figure 7. Age spectra (A, B, C) and cumulative release curves (D, E, F) of muscovite mixtures 
created by Kula et al. (2010). Each mixture contains grains from two muscovite samples, mixed 
in different proportions by mass: IV14 (stippled line, 148.8 ± 1.6 Ma), and NY25 (dashed line, 
71.9 ± 0.8 Ma). The observed age spectra and cumulative release curves are shown in grey. 
The mean posterior age and cumulative release models are given by a black dashed line, with 
the 95% credible interval is shown with a solid gray line. Models shown are for the more 
restrictive priors on the mixing fraction of each component described in the text. 
 591 
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Figure 8. Age spectra (A, B, C) and cumulative release curves (D, E, F) of biotite mixtures 
created by Kula et al. (2010). Each mixture contains grains from two biotite samples, mixed in 
different proportions by mass: IV8 (stippled line, 146.1 ± 1.6 Ma), and PM1 (dashed line, 75.3 ± 
0.8 Ma). The observed age spectra and cumulative release curves are shown in grey. The 
mean posterior age and cumulative release models are given by a black dashed line, with the 
95% credible interval is shown with a solid gray line. Models shown are for the more restrictive 
priors on the mixing fraction of each component described in the text. 
 592 
To attempt to successfully deconvolve the age components for Kula et al. (2010) mixtures, we 593 
imposed more restrictive priors. Specifically, we placed a tighter constraint on the prior for the 594 
mixture fraction of each component. For example, for a mixture with a known mixture fraction by 595 
mass of 1:3, we constrain one component to have a mixture fraction between 0.2 and 0.3 and 596 
the other to be between 0.7 and 0.8. Imposing this more restrictive prior ensures that there is a 597 
weight assigned to the fraction of each component that is within the known range of mixture 598 
weights for the prepared samples, which prevents the model from collapsing to a single 599 
component of intermediate age between the individual component ages, as we observed for the 600 
muscovite mixtures. Modeled component ages for both the initial model setup with unrestrictive 601 
priors and this setup with more restrictive mixture priors are given in Tables 2 and 3. We also 602 
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report model results with these more restrictive priors as pair plots of the diffusion kinetics and 603 
ages of each component in the Kula et al. (2010) mixtures in Figures S8-13.  604 
 605 
With a more restrictive prior on the mixing fractions, our model does a better job of reproducing 606 
the complexities of the observed 40Ar/39Ar age spectra of the muscovite mixtures. Specifically, 607 
our model predicts slightly increasing step ages by 80% or more of the 39Ar release, followed by 608 
decreasing step ages in the last ~20% or less of 39Ar release (Figure 7 A–C). In contrast, our 609 
model is unable predict the cumulative release curves for the muscovite mixtures; specifically, 610 
our model predicts an earlier 39Ar release than observed in the experiments over the initial 50% 611 
of the 39Ar release (Figure 7 D–F). We predict ages for the muscovite mixture components that, 612 
in all but one case, are within the 2σ confidence limit of the known ages of NY25 and IV14. The 613 
one case in which we do not predict the component age is for the younger component in the 3:1 614 
IV14:NY25 mixture. The relative uncertainty of the component ages for these muscovite 615 
mixtures are larger than the relative uncertainties we obtained for component ages in case 616 
study 1. 617 
 618 
Imposing a more restrictive prior for the biotite mixtures enabled us to predict component ages 619 
that agree with the known component ages within the modeled credible interval for all three 620 
mixtures. However, like the muscovite mixtures we predict a much larger relative uncertainty in 621 
the estimated component ages than is observed for the individual biotite components (Table 3), 622 
and also much larger relative uncertainties compared to the results in case study 1. The 623 
posterior predicted age spectra for the biotite mixtures are similar to the overall observed age 624 
spectra, in that step ages decrease with increasing cumulative 39Ar, with a much higher age 625 
gradient toward the end of the experiments. However, our modeled age spectra still lack the 626 
complexity in the age spectra observed for these mixtures, particularly the two ‘undulations’ 627 
observed over the first 60-80% of 39Ar release. Unlike the muscovite mixtures, our modeled 628 
cumulative release curves exhibit a later 39Ar release than observed in the experiments for the 629 
first 50% of the 39Ar release. 630 
 631 
Table 2. Modeled ages, using both nonrestrictive and restrictive priors, for muscovite 
components in mixtures created by Kula et al. (2010), with comparison to known ages. 

 Accepted age ± 2σ  (Ma)  Estimated age ± 2σ (Ma) 
unrestrictive prior 

Estimated age ± 2σ (Ma) 
restrictive prior 

Known: 3:1(IV14:NY25)  
IV14 148.8 ± 1.6 133 ± 7 143 ± 5 
NY25 71.9 ± 0.8 100 ± 10 100 ± 8 
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Known: 1:1(IV14:NY25)  
IV14 148.8 ± 1.6 114 ± 12 137± 21 
NY25 71.9 ± 0.8 88 ± 15 87 ± 16 

Known: 1:3(IV14:NY25)  
IV14 148.8 ± 1.6 94 ± 6 138 ± 26 
NY25 71.9 ± 0.8 78 ± 8 78 ± 7 

 632 
Table 3. Modeled ages, using nonrestrictive and restrictive priors, for biotite components in 
mixtures created by Kula et al. (2010), with comparison to known ages and mixing fractions. 

 Accepted age ± 2σ (Ma)  Estimated age ± 2σ (Ma), 
unrestrictive prior 

Estimated age ± 2σ (Ma), 
restrictive prior 

Known: 3:1(IV8:PM1)  
IV8 146.1 ± 1.6 130 ± 4 149 ± 14 

PM1 75.3 ± 0.8 128 ± 5 85 ± 13 
Known: 1:1(IV8:PM1)   

IV8 146.1 ± 1.6 129 ± 38 141 ± 34 
PM1 75.3 ± 0.8 80 ± 6 80 ± 5 

Known: 1:3(IV8:PM1)  
IV8 146.1 ± 1.6 158 ± 78 152 ± 25 

PM1 75.3 ± 0.8 65 ± 32 76 ± 3 
 633 
3.3 Case study 3: A hypothetical in-situ Martian experiment  634 
While we use the previous two case studies to investigate the strengths and weaknesses of our 635 
Bayesian approach, it is also insightful to demonstrate our Bayesian framework for a 636 
geologically interesting case study. For this purpose, we created a hypothetical 40Ar/39Ar dataset 637 
for the Martian surface using compositional data from previous Mars rover observations. The 638 
recent successes of rover-based missions to Mars, such as the Mars Science Laboratory (MSL) 639 
and Mars Exploration Rover (MER) missions, have pushed the development of an in situ 640 
absolute dating package for future rover-based missions (Swindle et al., 2003; Anderson et al., 641 
2012, Cassata, 2014; Cohen et al., 2014; Solé, 2014; Cho et al., 2017; Morgan et al., 2017). 642 
The ubiquity and dominance of primary K-bearing silicate minerals (e.g., Ehlmann and Edwards, 643 
2014), makes the K–Ar system one of the most promising radioisotopic systems for dating 644 
materials in situ on the surface of Mars.  645 
 646 
All existing in situ K-Ar ages from Mars, obtained by the Curiosity rover in Gale Crater, are from 647 
multi-component mixtures of K-bearing minerals (Farley et al., 2014; Vasconcelos et al., 2016; 648 
Martin et al., 2017). Interpreting these analyses requires a number of assumptions about the 649 
ages and distribution of K and Ar in individual components in the mixture. Assumptions about 650 
the distribution of Ar could potentially be addressed by putting a 251Cf source on future rovers, 651 
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which would be used to irradiate samples with neutrons and allow for in situ 40Ar/39Ar rather than 652 
K-Ar (Morgan et al., 2017). Nonetheless, in situ measurements on future missions will still very 653 
likely be applied to mineral mixtures, as mineral separation capabilities on rovers are currently 654 
limited to simple processes such as simple sieving (e.g., Mahaffy et al., 2012; Farley et al., 655 
2014). Our Bayesian approach could therefore be important for interpreting future 40Ar/39Ar 656 
datasets from in situ measurements on mixtures, and also for 40Ar/39Ar studies in future sample 657 
return missions (e.g., Williford et al., 2018) where the amount of material is too small or the risk 658 
of losing material too great to carry out mineral separations.  659 
  660 
We generated a hypothetical 40Ar/39Ar dataset based on existing mineralogical and age 661 
information from the Murray mudstone Formation explored by the Curiosity rover. Of the mineral 662 
phases detected in the Murray Formation, jarosite, plagioclase, and sanidine contain sufficient K 663 
to contribute argon to an 40Ar/39Ar age spectrum (Rampe et al., 2017). A large amorphous 664 
fraction detected in the Murray Formation may also contain phases with nontrivial K 665 
abundances; however, because the exact composition and therefore diffusion kinetics of any K-666 
bearing phase are not known, we ignore this component at present (Rampe et al., 2017). Martin 667 
et al. (2017) carried out a two-step K-Ar dating experiment at the Mojave 2 site in the Murray 668 
Formation. The first step at 500 ºC yielded an age of 2.12 ± 0.72 Ga (2σ), which Martin et al. 669 

(2017) associate with low retentivity jarosite and possibly K-bearing salts present in the 670 
amorphous fraction. They attribute this relatively young age for secondary mineralization to the 671 
presence of fluids on the Martian surface at or slightly before this date. The second step at 930 672 
ºC yielded an age of 4.07 ± 1.36 Ga (2σ), which the authors ascribe to a detrital component of 673 

plagioclase, similar to the results obtained for bulk degassing of material in the Sheepbed 674 
mudstone (4.21 ± 0.71 Ga 2σ; Farley et al., 2014).  675 

 676 
For our hypothetical mixture, we use the mineral composition measured at Telegraph Peak 677 
(Figure 8A; Rampe et al., 2017) rather than the Mojave 2 site, as the latter lacks sanidine. We 678 
treat sanidine and plagioclase as separate components and assume both are Noachian in age, 679 
consistent with the existing in situ chronology (Farley et al., 2014; Martin et al., 2017), but give 680 
these two components slightly different ages (4.10 ± 0.05 and 4.30 ± 0.2 Ga (2σ) for sanidine 681 

and plagioclase, respectively) in order to test whether our Bayesian approach can resolve the 682 
age difference. We ascribe an age of 2.10 ± 0.25 Ga (2σ) to a jarosite component after the low-683 

temperature degassing age obtained by Martin et al. (2017). Given these ages and 684 
compositions of components, we calculated an age spectrum for the synthetic mixture (Figure 685 
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9B) assuming diffusion kinetics for the mineral phases present that are reported in the literature 686 
(Kula and Baldwin, 2011; Cassata and Renne, 2013; Jourdan and Eroglu, 2017) and a grain 687 
size of 100 µm for each component (chosen as CheMin drill samples are typically < 150 µm, 688 
Rampe et al., 2017). 689 

 

Figure 9. (A) Mineral abundances in weight % of the Murray mudstone formation measured 
by CheMin at Telegraph Peak, after Rampe et al. (2017). We use the relative abundances of 
K-bearing phases shown (jarosite, sanidine, and plagioclase), previously-determined in situ K-
Ar ages (Martin et al. 2017), and published diffusion kinetics to generate (B) a hypothetical 
40Ar/39Ar age spectrum for a bulk sediment analysis at this site and (C) a hypothetical 
cumulative 39Ar release curve. Mean posterior models (dashed black lines) for both the age 
spectrum and cumulative 39Ar release curve are shown in B and C. Input ages for the 
plagioclase P, sanidine S, and jarosite J components are shown with circles on the right-hand 
side of B. 
 690 
 691 
Table 4. Estimated ages for the synthetic Martian regolith mixture. 

Component Input Age ± 2σ  (Ga) Estimated Age ± 2σ  (Ga) 
Jarosite 2.10 ± 0.25 2.2 ± 0.2 
Sanidine 4.10 ± 0.05 4.11 ± 0.04 

Plagioclase 4.3 ± 0.2 4.4 ± 0.3 
 692 
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Figure 10. Individual cumulative release curves for the three K-bearing components in our 
synthetic Martian regolith dataset: jarosite, plagioclase, and sanidine. Calculations were 
carried out using the discretized solution of fractional loss for a sphere by Fechtig and 
Kalbitzer (1966) and using diffusion kinetics taken from literature studies on each of the 
components in the mixture (Cassata et al., 2009; Cassata and Renne, 2013; Kula and 
Baldwin, 2011). The kinetics used in our model are scaled to a grain size of 100 µm.  
 693 
The synthetic age spectrum we generated (Figure 9B) shows patterns similar to that expected 694 
from a sample that has undergone diffusive argon loss, which manifests as monotonically 695 
increasing step ages with increasing cumulative 39Ar release in the early part of the step 696 
degassing experiment. Unlike a case of thermally driven loss, our monotonically increasing step 697 
ages in the early to middle part of the experiment are due to the competing degassing of both 698 
jarosite, the youngest and least retentive component, and the oldest and intermediately 699 
retentive component plagioclase. To demonstrate this, Figure 10 shows the cumulative 39Ar 700 
release curves for the three mineral phases in this hypothetical mixture using the same diffusion 701 
kinetics as used to generate the age spectrum. Figure S14 also shows the incremental 39Ar 702 
release curve for each component, as well as the incremental and cumulative 39Ar release 703 
curves for the hypothetical mixture. We can see in Figure 10 that, by 800 ºC, near complete 704 
degassing of jarosite has occurred, while only ~20% and < 5% of 39Ar has degassed from 705 
plagioclase and sanidine, respectively. In the latter stages of release, both plagioclase and 706 
sanidine degas in concert, with plagioclase exhausting first (Figure 10), resulting in the small 707 
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stepped decrease in age from the older plagioclase (4.3 Ga) to the younger sanidine (4.1 Ga) 708 
observed in our synthetic age spectrum.  709 
 710 
In our synthetic Martian dataset we assume diffusion kinetics priors from previous studies on the 711 
end-member K-bearing components (Cassata et al., 2009; Cassata and Renne, 2013; Kula and 712 
Baldwin, 2011) and assumed a variance of 2σ for these values as in our other case studies. We 713 

also assume a Dirichlet prior for the mixing fractions with no constraints for any component, and 714 
set the prior for all age components to be a uniform distribution between 0 and 4.6 Ga to 715 
encompass the age of the Solar System.  716 
 717 
Following our creation of this synthetic Martian regolith 40Ar/39Ar dataset we simultaneously 718 
invert both the fractional release curve and age spectrum with our Bayesian model. We report 719 
the estimated ages of each end member component in table 3 and show mean posterior models 720 
and confidence intervals for the age spectrum and 39Ar cumulative release curve in figure 9. A 721 
pair plot showing the relationship between the posterior estimates of ages and diffusion kinetics 722 
for all components in the mixture is given in supplementary figure S15. The posterior models of 723 
both the age spectrum and cumulative 39Ar release curve agree with the data within the 95% 724 
credible interval. The probability density estimates of age components in the mixture, which we 725 
draw from the posterior model, agree with the known input ages and have relative uncertainties 726 
of ~1-7% (2σ).  727 

 728 
4. DISCUSSION 729 
The aims of the Bayesian method developed here are to: (1) fit a posterior predictive model to 730 
40Ar/39Ar datasets from mixtures of multiple components, and (2) estimate the values of model 731 
parameters, principally the 40Ar/39Ar ages of each component in the mixture. Below, we discuss 732 
what factors influence the degree to which our Bayesian approach was successful in meeting 733 
these aims for each of our case studies. We then compare our approach to existing approaches 734 
for interpreting 40Ar/39Ar datasets from mineral mixtures and discuss ways in which our Bayesian 735 
model could be improved upon, to yield better component age estimates as well as deal with 736 
more complex 40Ar/39Ar datasets. Finally, we outline several applications where we foresee our 737 
Bayesian approach being useful for answering geologic questions.  738 
 739 
4.1 Model fits and parameter estimation 740 
 741 
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4.1.1 Case study 1 742 
Our first case study, using stepwise heating experiments of mixtures of neutron fluence 743 
monitors created by Vanlaningham and Mark (2011), is in many ways ideally designed to meet 744 
the assumptions set forth in our model framework. We know from previous work on the 745 
individual components in these mixtures that each component loses argon by volume diffusion 746 
and experienced geologically instantaneous cooling, therefore exhibiting no evidence for 747 
diffusive loss of  40Ar*. For TCRs and ACs, which consist of roughly equant grains, the 748 
assumption of a spherical diffusion geometry is also well-justified. Although an infinite sheet 749 
diffusion geometry may be more appropriate for HD-B1, this does not affect our model results in 750 
a statistically significant way. For example, if we assume an infinite sheet geometry for HD-B1 in 751 
Mixture 2, we obtain a similar fit to the age spectrum for early cumulative 39Ar release fractions 752 
(Figure S16) and results in a 1% difference in modeled age of HD-B1 and a 5% difference in the 753 
modeled age of ACs (Fig S17). Importantly, both sets of modeled ages agree with the known 754 
component ages within their credible intervals. With these assumptions of our model framework 755 
about volume diffusion and geometry met, we find a good fit between our posterior models and 756 
the observed 40Ar/39Ar age spectra, with most step ages agreeing within the 95% credible 757 
interval of the expected model (Figure 1). This demonstrates that, when the assumptions of our 758 
model framework are valid, we can use our Bayesian approach to meet our first goal of fitting a 759 
posterior predictive model to 40Ar/39Ar datasets from mixtures of multiple components. This is 760 
the case even with essentially uninformed priors about the mixing fractions and ages of 761 
individual components (Figure 3).  762 
 763 
Our fits to the cumulative 39Ar release curves, shown in Figures 4 and S2, are generally poorer 764 
than our fits to 40Ar/39Ar age spectra for this case study. For each cumulative release curve 765 
model fit, we see deviations from the observed cumulative 39Ar release at low release fractions 766 
and low temperatures. The most likely explanation for this initial deviation in cumulative 39Ar 767 
release is the inaccurate calibration of the furnace used to heat the samples at temperatures 768 
below ~800 oC. Specifically, we think the furnace temperature for heating steps below 800 ºC is 769 
overestimated. Our comparison of the Vanlaningham and Mark (2011) apparent diffusivities to 770 
known diffusion kinetics for the individual components these mixtures (Fig. 2, S1) supports this 771 
hypothesis, as we observe much lower diffusivities and a greater rate of increase in diffusivity 772 
than expected for the nominal temperatures below 800 ºC in these experiments. This is also 773 
consistent with what we observe for the cumulative 39Ar release curves, as our models 774 
consistently predict higher initial 39Ar losses than observed experimentally (Fig. 4, S2). The 775 
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nature of a cumulative quantity means that this overprediction of initial 39Ar loss affects the 776 
predicted cumulative 39Ar loss at all subsequent temperature steps, which for some of the 777 
cumulative 39Ar release curves results in substantial misfits over as much as ~50% of the 778 
cumulative 39Ar. Further, we cannot predict more than 100% cumulative 39Ar loss, which means 779 
that the model predictions will always converge with the observations at high temperatures and 780 
high cumulative 39Ar release fractions.  781 
 782 
In spite of the misfit with the cumulative 39Ar release curves, we were able to  estimate 783 
component ages for the mixtures in case study 1 that agree with the known component ages 784 

within the model credible interval, (2𝜎), albeit with a much larger uncertainty on the model-785 

predicted age than the known age (Table 1, Figures 6 and S3-5). In general, the ability of our 786 
Bayesian model to accurately estimate the ages of individual components in the Vanlaningham 787 
and Mark (2011) mixtures demonstrates that this approach can be used to extract geologically 788 
meaningful age information from 40Ar/39Ar mixture datasets, provided that assumptions about 789 
the individual components are consistent with our model framework. Moreover, these results are 790 
consistent with the fact that the cumulative 39Ar release curve carries less weight in our summed 791 
log likelihood function than the 40Ar/39Ar age spectrum (Figure 5). Our ability to deconvolve 792 
mixture component ages primarily from our model fits to 40Ar/39Ar age spectra indicates promise 793 
for the broad applicability of this model framework, as many labs generating 40Ar/39Ar datasets 794 
today heat samples with CO2 lasers, which lack direct temperature information or control, and 795 
therefore cannot quantify cumulative 39Ar release as a function of temperature. That said, 796 
temperature-controlled experiments are advantageous because they provide additional 797 
constraints for the inversion of datasets from mixtures, whether in our Bayesian framework or in 798 
a different inversion approach (e.g., Boehnke et al., 2016; Cassata et al., 2010). Furthermore, 799 
although we have not done so here, accurate temperatures during step degassing can also 800 
reveal information about sample-specific diffusion kinetics that can be used to inform priors.  801 
 802 
We did not observe any systematic relationship between the uncertainty of our estimated 803 
component ages and either the total number of components or the number of mineral phases 804 
present. However, we did find that the relative uncertainty in our predicted ages for ACs, which 805 
is significantly younger than all other components in case study 1, are ~10% or greater (2σ), 806 

whereas the relative uncertainty on the ages of the other components are between 3 and 5% 807 
(2σ).  We hypothesize that the inflated uncertainties in the younger age component are a result 808 
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of the dominance of the older biotite (~ 25Ma) compared to the younger (~1 Ma) sanidine in the 809 
mixture.  810 
 811 
We also find that, although indistinguishable within the uncertainties reported, our estimated 812 
ages for ACs are nominally older than the known age; likewise our estimated ages for the oldest 813 
in a given mixture (either HD-B1 or TCRs) are nominally younger than the known age. We 814 
hypothesize that this may result from the complexity of the dataset and the simplicity of model; 815 
specifically, the assumption that each component can be described by a single domain. 816 
Extending the model to account for a grain size distribution or MDD type behavior, as described 817 
later in this section, may provide a more realistic model and return the known ages without bias.   818 
 819 
4.1.2 Case study 2  820 
Our attempts to reanalyze the Kula et al. (2010) datasets may be consistent with our 821 
expectation about our Bayesian model’s limits with regards to components of the same 822 
mineralogy. We were unable to deconvolve the individual known component ages with the same 823 
degree of prior information as we had in the Vanlaningham and Mark (2011) case study and 824 
needed to impose a more restrictive prior on mixture fractions, in order to resolve two 825 
components. Although we were typically able to predict the known ages of the mixture 826 
components with this more restrictive prior on mixing fractions, our estimated ages are 827 
characterized by very large uncertainties, particularly in comparison to the estimated age 828 
uncertainties in case study 1. Furthermore, our fits to the mixture age spectra and cumulative 829 
release curves had very large credible intervals in comparison to our models of the 830 
Vanlaningham and Mark (2011) mixtures and miss complexity present in the observed age 831 
spectra, particularly for the biotite mixtures.  832 
 833 
In the case of the muscovite mixtures, we argue that our model’s difficulty in deconvolving 834 
component ages is attributable to the similarity in Ar diffusion kinetics characterizing NY25 and 835 
IV14. Below ~930 ºC, the similarity in Ar diffusion kinetics is demonstrated by the significant 836 
overlap between step degassing experiments of NY25 and IV14 individually both in cumulative 837 
39Ar release curves (Kula et al., 2010, their figure 3) and in an Arrhenius plot (Figure S18A). At 838 
temperatures > ~930 ºC, Kula et al. (2010) observe earlier gas release from IV14 muscovite 839 
than NY25 muscovite in their cumulative 39Ar release curves. For the muscovite mixtures, this 840 
change in degassing behavior is reflected in the shape of the age spectra, first as upward 841 
curvature toward the age of IV14 at intermediate to high cumulative 39Ar release fractions, and 842 
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then as downward curvature  at the highest 39Ar gas release fractions, when Ar release from 843 
IV14 is exhausted. However, over most of the muscovite mixture age spectra, the diffusion 844 
kinetics of the two components are similar, preventing our Bayesian model from differentiating 845 
these two components.  846 
 847 
To demonstrate the effect of similar diffusion kinetics in a true endmember case, we generated 848 
a synthetic mixture consisting of two muscovite components with the same age, grain size and 849 
mixing fraction as the 3:1 IV14:NY25 mixture. In generating the synthetic dataset for this 850 
mixture, we assume that both muscovite components are characterized by identical Ar diffusion 851 
kinetics, using the kinetic parameters from Harrison et al. (2009). The resulting synthetic age 852 
spectrum is flat and featureless with an apparent plateau age of ~130 Ma (Figure S19A), while 853 
the resulting synthetic cumulative 39Ar release curve has a sigmoidal shape consistent with 854 
volume diffusion from a single phase (Figure S19B). Our mean posterior age spectrum and 855 
cumulative 39Ar release curve match the synthetic data exceptionally well (Figure S19). 856 
However, like the real muscovite mixtures in case study 2, we are unable to accurately estimate 857 
both component ages in the mixture, and the older component completely dominates the 858 
mixture with an estimated mixing fraction of 92%.   859 
 860 
Imposing more restrictive priors on the mixing fraction for the Kula et al. (2010) muscovite 861 
mixtures forced the model to discern two distinct component ages, but the predicted age for the 862 
younger component (NY25) is still in too old in the 3:1 IV14:NY25 mixture where it appears to 863 
be pinned to the final, youngest step age in the 40Ar/39Ar age spectrum. We hypothesize that 864 
these muscovite mixtures might be successfully deconvolved with less restrictive priors if a 865 
heating schedule with a greater number of short-duration, high-temperature steps was used. 866 
Such a heating schedule would lead to a more detailed picture of the structure of the 40Ar/39Ar 867 
age spectrum at high cumulative 39Ar release, where the diffusion behavior of NY25 and IV14 868 
differ the most, and therefore would increase the likelihood that our model would predict the 869 
presence of more than one component. 870 
 871 
Our challenge deconvolving the Kula et al. (2010) biotite mixtures may also point to issues with 872 
our initial assumptions in our model framework for these mixtures. The 40Ar/39Ar age spectra for 873 
the Kula et al. (2010) biotite mixtures are complex, exhibiting multiple large age undulations at 874 
low 39Ar release fractions and an overall decreasing age trend toward the age of the younger 875 
component at high 39Ar release fractions. A decreasing age trend at high 39Ar release fractions 876 
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is consistent with volume diffusion from two components with different ages and slightly different 877 
Ar diffusion kinetics, with the younger component being more retentive than the older 878 
component. This decrease toward the younger age component at the end of the experiments is 879 
also consistent with the 39Ar cumulative release curves observed for the individual biotite 880 
components, with the younger PM1 exhibiting greater Ar loss at higher temperatures than the 881 
older IV8. The large undulations in step age at lower 39Ar release fractions, on the other hand, 882 
are unexpected. 883 
 884 
We propose several factors that might produce such unexpected age spectra behavior for the 885 
biotite mixtures. These factors include the presence of multiple grain sizes in each component, 886 
multiple diffusion domain (MDD) behavior in one or both biotite samples, non-volume diffusion 887 
mechanisms, or syn-experiment structural breakdown of biotite. Effects associated with the 888 
presence of multiple grain sizes are possible, although we view this as unlikely to explain these 889 
undulations entirely as the range of sieve sizes used by Kula et al. (2010) was small (177-250 890 
µm). Similarly, syn-experiment structural breakdown due to heating is unlikely to produce such 891 
undulations, as both biotite or muscovite samples would be expected to undergo crystal-892 
chemical changes at similar temperatures and therefore steps in these experiments. A 893 
component of non-volume diffusion and/or MDD-like behavior remain possibilities and are 894 
consistent with the observed cumulative 39Ar release curves and Arrhenius relationships for the 895 
individual biotite components, IV8 and PM1. Instead of exhibiting the characteristic sigmoidal 896 
shape diagnostic of volume diffusion (e.g., McDannell et al., 2018), the cumulative 39Ar release 897 
curves for IV8 and PM1 individually are relatively straight until high release fractions, whereby 898 
definition values have to approach 100%. The Arrhenius plots of diffusivities for these individual 899 
biotite components (Figure S18C) exhibit a curvilinear pattern, indicative of the presence of 900 
multiple domains (e.g., Lovera et al., 1989), rather than linear arrays as expected for thermally-901 
driven volume diffusion from a single domain, and as observed for most of the cumulative gas 902 
released from the muscovite samples.  903 
 904 
For any of these potential explanations for the biotite mixture age spectra behaviour, the initial 905 
assumptions of the current Bayesian model framework are violated. Specifically, we have 906 
assumed a single grain size and simple, single-domain volume diffusion with no structural 907 
transformations or changes in Ar diffusion kinetics for each component. Therefore, as we can 908 
see from the posterior age spectra (Figures 7-8, A-C) our models inability to capture the 909 
undulations, but it does predict the decrease toward the younger age components at high 910 
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cumulative 39Ar release fractions for all three biotite mixtures. These effects may also be 911 
affecting our model’s ability to reproduce the muscovite mixture datasets, although this is likely 912 
to a smaller extent as the undulations observed in the muscovite age spectra are much more 913 
subtle.   914 
 915 
In applications of our Bayesian model to geologic samples, it may be difficult to identify when 916 
the model’s underlying assumptions about the individual components, such as only volume 917 
diffusion from a single domain, are violated, particularly if used to analyze mixtures with many 918 
more than two components. However, we also demonstrated that using additional constraints 919 
such as mixing fractions enabled us to nonetheless obtain reasonable estimates of the 920 
component ages in the biotite and muscovite mixtures in most cases, even if we were unable to 921 
entirely capture the complexity in the mixtures’ age spectra. This additional constraint on 922 
mixture fraction may not be unreasonable for some geologic applications. For example, IV8 has 923 
higher Fe but much lower Mg contents than PM1 (Kula et al. 2010). We therefore could have 924 
determined that there were two different biotite populations in the Kula et al. (2010) mixtures 925 
and in roughly what proportions they occur from compositional information independent of the 926 
Ar measurements. Therefore, although some real mixtures may have components that violate 927 
our model’s underlying assumptions, we may still be able to extract meaningful 928 
geochronological information using our Bayesian approach, particularly if we have more prior 929 
information to incorporate into the model framework.  930 
 931 
4.1.3 Case study 3  932 
Case studies 1 and 2 highlight some of the strengths and weaknesses of our Bayesian 933 
approach to deconvolving 40Ar/39Ar datasets but lack geological significance in that the mixtures 934 
we deconvolved were laboratory-generated. Case study 3 is intended to provide a geologically 935 
interesting example: the analyses of bulk material from a planetary surface regolith. Although 936 
also artificial, we generated a hypothetical 40Ar/39Ar dataset for a Martian surface sample to 937 
highlight the complexity of estimating geologically relevant age information from potential in situ 938 
planetary measurements, or measurements on bulk material from meteorites or returned 939 
samples. Although real datasets for lunar and Martian samples with multiple components exist, 940 
at present our model does not strictly accommodate MDD-type behavior for individual 941 
components, which is frequently exhibited in these data sets; therefore testing our models on 942 
these datasets would probably not be informative without improvements to the model framework 943 
(see section 4.3.2).  944 
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 945 
The synthetic age spectrum in this case study shows monotonically increasing step ages to an 946 
apparent plateau encompassing the last ~70% of the cumulative 39Ar released. As discussed 947 
previously, this age spectrum pattern would conventionally be interpreted as reflecting partial 948 
diffusive loss of 40Ar*, but for this mixture actually represents the simultaneous degassing of Ar 949 
from minerals (jarosite, plagioclase, and sanidine) with different ages and Ar diffusion kinetics. 950 
Like in case study 1, the very good fit we observe with the age spectrum for the synthetic 951 
Martian mixture reflects the fact that this mixture satisfies the assumptions underlying the 952 
Bayesian model setup. Unlike case study 1, for which we suspect issues with the furnace 953 
calibration at low temperature, we also observe good agreement between the synthetic Martian 954 
39Ar cumulative release curve, and the Bayesian mean posterior model (Fig. 9C). These results 955 
are not unexpected for case study 3, as we have defined the diffusion kinetics grain size for 956 
each component in the mixture, and we do not introduce non-ideal behaviour such as complex 957 
diffusion behaviour (e.g., MDD) or non-volume diffusion. The idealized parameters we chose 958 
also enable us to deconvolve the component ages in this synthetic mixture within the 959 
uncertainty of the known component ages. However, as our synthetic muscovite mixture from 960 
case study 2 demonstrates (Figure S19 and Table S1), our ability to deconvolve the component 961 
ages is not a self-fulfilling outcome of generating a synthetic dataset and is dependent on the 962 
individual components of the synthetic mixture, having non-identical Ar diffusion kinetics.    963 
 964 
One potential limitation of this case study is that we have not included a non-negligible 965 
amorphous K-bearing component (e.g., feldspathic glass), which has been observed in Murray 966 
Formation mudstones (Rampe et al., 2017) and which may carry geologically relevant age 967 
information. It is possible to include an amorphous phase within this model as diffusion studies 968 
of glass have been carried out previously (e.g., Cassata et al., 2010; Gombosi et al., 2015). 969 
However, the diffusion kinetics of amorphous materials have not been extensively studied and 970 
as such uninformative priors would need to be constructed for these parameters to reflect this 971 
limited knowledge.  972 
 973 
4.2 Comparison to other approaches 974 
Cassata et al. (2010) and Boehnke et al. (2016) have recently presented models for fitting and 975 
inferring information from age spectra from the degassing of multi-component mixtures. Our 976 
Bayesian approach is similar to theirs in that we assume each mixture is comprised of multiple 977 
components characterized by different Ar diffusion kinetics, which is analogous way that MDD 978 
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modeling assumes that crystals are comprised of multiple domains with distinct diffusion kinetics 979 
of individual components. However, both Cassata et al. (2010) and Boehnke et al. (2016) 980 
incorporate MDD-type behaviour for individual components, which is an often-observed property 981 
of framework silicates (McDougall and Harrison, 1999). Our Bayesian framework can accurately 982 
represent MDD-type behavior: each domain in a particular mineral exhibiting MDD behavior will 983 
be represented as a component with a distinct age and Ar diffusion kinetics in the model 984 
posterior. However, because the framework as we implemented it here uses the number of 985 
components as a prior, we are assuming that MDD-type behavior is not occurring and that each 986 
component can be accurately represented with a single diffusion domain. Our assumption of 987 
simple diffusion behavior for individual components may contribute to our challenges in 988 
deconvolving age components for mica mixtures in case study 2. We describe in greater detail 989 
below how this assumption can be removed using a non-parametric framework in future work.  990 
 991 
There are several major advantages of our Bayesian approach over those of Cassata et al. 992 
(2010) and Boehnke et al. (2016). First, in contrast to Cassata et al. (2010) our approach allows 993 
parameters like diffusion kinetics to be constrained by the model inversion rather than 994 
subjectively imposed. Furthermore, the Bayesian approach enables us to directly quantify the 995 
uncertainty of all model parameters by their description as posterior probability distribution 996 
functions. This is distinct from the approach of Boehnke et al. (2016), the most flexible existing 997 
framework for multi-component 40Ar/39Ar analysis, which cannot quantify uncertainties of model 998 
parameters due to the computational complexity of the approach (Boehnke et al., 2016). 999 
However, unlike Boehnke et al. (2016) we do not jointly optimize the Arrhenius plot and age 1000 
spectrum, nor have we incorporated MDD-type behaviour for individual components. As many 1001 
samples exhibit Ar diffusion with MDD-type behavior, incorporating this type of behavior is one 1002 
of the ways we can improve our model framework, which we discuss in more detail below. 1003 
 1004 
4.3 Future Work   1005 
4.3.1 Observational improvements 1006 
As previously mentioned, one potential reason why we were more successful in deconvolving 1007 
the mixtures in case study 1 than in case study 2 may be the number of steps in the heating 1008 
experiment and the resulting structure of the 40Ar/39Ar age spectra. The age spectra in case 1009 
study 1 are characterized by many more temperature steps than the age spectra in case study 1010 
2, which allows finer scale structure in the age spectra to be observed in case study 1. As noted 1011 
by Gillespie et al., (1982) and Dong et al., (2000), differing diffusion kinetics between mixture 1012 
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components can allow Ar release from each component in the mixture to be unmixed via 1013 
thermal separation, as the less retentive phases will experience greater degassing at lower 1014 
temperatures than more retentive phases (e.g., Fig. 10). Degassing mineral mixtures over a 1015 
greater number of steps and over smaller increments of temperature change should therefore 1016 
enhance this thermal separation. We therefore suggest that, ideally, a very detailed heating 1017 
schedule (>50 steps) coupled with our Bayesian approach has the greatest potential for 1018 
success when deconvolving multi-component mixtures. In addition to degassing mixtures over 1019 
many steps, other heating schedule strategies such as isothermal and retrograde heating steps, 1020 
as noted by Harrison et al. (1991), should further help in unmixing the Ar contributed from each 1021 
component in a mixture.  1022 
 1023 
In addition to optimizing step heating experiments, we can pair mixture age spectrum data with 1024 
other observations to place more informed constraints on priors in our model framework. Priors 1025 
are one of the most important ingredients in the Bayesian framework, as they express our state 1026 
of knowledge about a parameter before data is observed and constrain the posterior space of 1027 
the model to a space smaller than that allowed by the likelihood itself. The age priors used in 1028 
the case studies presented here are as uninformative as possible: a uniform distribution 1029 
between 0 and 4.6 Ga. A uniform prior such as this does not affect the landscape of the 1030 
posterior. By providing more informed priors in our model setup, it is possible to both increase 1031 
model efficiency and yield better constraints on the posterior distributions of model parameters. 1032 
For example, XRD information on mineral mixtures can be used to constrain the mineral phases 1033 
that make up the mixture. This information about minerals present can be used to both optimize 1034 
heating schedules for step heating experiments and use more informed priors for the diffusion 1035 
kinetics characterizing each component in the inversion setup. Additionally, for real geological 1036 
samples we can incorporate geologic context into our prior for mineral component ages. For 1037 
example, if we have a sample from a terrestrial setting in a particular stratigraphic unit of known 1038 
age, we can constrain the ages of components to be equal to or greater than the stratigraphic 1039 
age. Similarly, in many cases we will have constraints on the range of potential source ages of 1040 
sediment in a basin setting that can be used to better define age priors. Age priors such as this 1041 
are frequently utilized in Bayesian radiocarbon modelling (Ramsey, 2009) and can be readily 1042 
incorporated into the Bayesian framework presented here. 1043 
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 1044 
4.3.2 Model improvements 1045 
Our three case studies highlight the advantages and shortcomings of our Bayesian approach 1046 
and areas where implementing modifications to the model framework can improve fits to 1047 
40Ar/39Ar datasets as well as confidence in the estimated parameters of interest like component 1048 
age. As discussed above, we think that one of the biggest challenges we faced modeling the 1049 
age spectra, cumulative release curves, and component ages in case study 2 may be MDD-like 1050 
behavior. In the current model framework, we cannot account for MDD-like behavior if it occurs 1051 
within a component as we have defined it. In non-artificial mixtures, we will also likely need to 1052 
account for grain size variation and its effect on diffusion kinetics, which will have a similar effect 1053 
to MDD-like behavior. However, as discussed above, we may not have information about the 1054 
presence of MDD-like behavior a priori, nor may we have detailed constraints on the grain size 1055 
distribution in some mixtures (e.g., in situ planetary measurements or bulk meteorite analyses).  1056 
 1057 
Having a priori knowledge of either MDD-like behaviour or the grain size distribution of a mixture 1058 
component may not be necessary if we modify our Bayesian framework to be nonparametric. In 1059 
such a modelling framework, the number of variables represents an unknown to be inferred (i.e., 1060 
the underlying grain size distribution or the number of domains). Given that our datasets are 1061 
both non-negative and compositional, we can utilize mixture models in which our observations 1062 
are some linear combination of end member processes. Mixture models have been widely 1063 
utilized in detrital geochronology (Sambridge and Compston, 1994) and grain size distribution 1064 
studies (Yu et al., 2016), which are also non-negative and compositional in nature. The Dirichlet 1065 
process is one way to implement nonparametric statistics and is used primarily in Gaussian 1066 
mixture models where the number of Gaussian distributions is unknown (Ferguson, 1973; 1067 
Sethuraman, 1994). Another nonparametric approach is to use a reversible jump Markov Chain 1068 
Monte Carlo (RJMCMC) algorithm, where the number of model parameters is allowed to vary 1069 
between model time steps (e.g., Gallagher et al., 2012). Both Dirichlet and RJMCMC methods 1070 
can be readily implemented into our existing Bayesian framework, although both methods will 1071 
make our Bayesian model substantially more computationally expensive (approximately an 1072 
order of magnitude slower, based on preliminary implementations). 1073 
 1074 
Regardless of implementation of a nonparametric Bayesian framework, we can also place 1075 
additional constraints on the age prior for components using the method of asymptotes 1076 
formulated by Forster and Lister (2003). In their interpretation, an upward-converging age 1077 
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asymptote, or partial pseudo plateau, represents the minimum age of one component, while a 1078 
downward-converging asymptote represents a maximum age of another. Although the presence 1079 
of asymptotes provides only lower or upper bounds on the age of components, we could 1080 
potentially use this method of bounds to restrict the prior space for the age components.  For 1081 
example, Mixture 1 in case study 1 (Fig. 1) exhibits a downward asymptoting plateau at ~2 Ma 1082 
which could be interpreted as a maximum age for the more retentive ACs component, thus 1083 
allowing the age priors to be restricted between 0-2 Ma rather than 0 - 4.6 Ga. Similarly, the 1084 
initial pseudo plateau at ~12 Ma could be interpreted as a minimum age for the HD-B1 1085 
component, restricting the prior age for this component between 12 Ma - 4.6 Ga. Placing a 1086 
narrower uniform distribution on the prior age for the ACs component may enable us to reduce 1087 
the uncertainty in our posterior age estimate, which was elevated for this component relative to 1088 
the other, older components in case study 1. In general, using asymptotes as a constraint may 1089 
increase our model efficiency and potentially improve our estimates of posterior distributions of 1090 
model parameters. 1091 
 1092 
A final improvement we envision for our Bayesian model framework is to fit additional 1093 
parameters, such as the K/Ca ratios calculated from step heating experiments. K-bearing 1094 
minerals have ranges of K/Ca ratios that can be included as prior information (e.g., McDougall 1095 
and Harrison, 1999). Since K/Ca spectra will depend on many of the same model parameters as 1096 

age spectra and cumulative release curves (e.g., a, Ea, D0, 𝜙), by including this observation we 1097 

anticipate being able to better constrain the posterior distributions of these model parameters, 1098 
as well as model parameters such as component ages.  1099 
 1100 
In summary, although our Bayesian framework as implemented here can be used to 1101 
successfully deconvolve 40Ar/39Ar datasets from mineral mixtures, we can add additional model 1102 
constraints to further improve our posterior estimates of model parameters, as well as make our 1103 
model framework more flexible to accommodate 40Ar/39Ar datasets from more complex mixtures. 1104 
 1105 
4.4 Applications  1106 
There are several geological applications for which obtaining 40Ar/39Ar datasets from 1107 
polymineralic samples are useful or necessary. In these circumstances, the conventional 1108 
‘plateau’ criteria often used to interpret 40Ar/39Ar datasets is of limited or no value. Our Bayesian 1109 
approach provides a quantitative interpretive framework that can yield geologically meaningful 1110 
age information from multi-component samples. We envision the Bayesian approach being 1111 
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particularly useful for are (1) provenance studies of fine-grained sediments and (2) dating of 1112 
terrestrial and extraterrestrial materials, both in situ by exploration vehicles or analysis of 1113 
returned samples and meteorites.  1114 
 1115 
In provenance studies, conventional sample preparation approaches may be undesirable for 1116 
fine-grained sediment samples, especially in the case of silt sized material (~20-63 µm) 1117 
whereby the processes of acid leaching or picking under an optical microscope, could result in 1118 
grain size biasing or loss of sample. In such a setting conventional K-Ar ages or 40Ar/39Ar fusion 1119 
ages will reflect the integrated 40Ar/39Ar ages of all the sediment sources, and therefore not 1120 
provide geologically meaningful information. Through the use of detailed stepwise heating 1121 
coupled with our Bayesian approach, the ages corresponding to different sources could be 1122 
estimated, and in cases where the potential source bedrock ages are known the presence or 1123 
absence and possibly even the proportion of a particular provenance signal can be determined. 1124 
Using our Bayesian approach could therefore be fruitful in provenance studies of loess (e.g., 1125 
China Loess Plateau), submarine fan systems (e.g., Bengal Fan) and sediments that result from 1126 
megaflood events (e.g., channeled scablands of North America) where fine-grained sediments 1127 
will dominate. One important caveat is that application of 40Ar/39Ar dating to fine-grained material 1128 
could be susceptible to recoil. It has been shown that 39Ar can recoil ca. 0.08 µm (Onstott et al. 1129 
1995) and therefore can be problematic for 40Ar/39Ar dating of fine-grained materials. There is no 1130 
doubt that reactor-induced 39Ar and 37Ar recoil will limit the application of our approach. 1131 
However, as identified by Vanlaningham and Mark (2011) we do not expect recoil to be a major 1132 
issue if samples are sonicated (to remove clay-sized particles adhered to coarser grains) and 1133 
sieved at 10 µm and larger. Furthermore, we could build on knowledge from previous studies 1134 
(e.g., Onstott et al. 1995; Paine et al. 2006; Jourdan et al. 2007) and incorporate the effects of 1135 
recoil on the initial distribution of 39Ar and 37Ar explicitly into our model framework, which would 1136 
allow us to apply this framework to the finest-grained provenance archives without resorting to 1137 
micro-encapsulation techniques that allow for direct measurement of recoiled 39Ar and 37Ar 1138 
(Dong et al. 1995). Nevertheless, if possible, experiments designed to utilise our Bayesian 1139 
model should interrogate a range of grain-sizes common to all samples of interest, including the 1140 
coarsest fractions which are not susceptible to recoil.  1141 
 1142 
In addition to the use as a provenance tool, our Bayesian approach could also be particularly 1143 
useful for geochronology of planetary materials, both in the unlikely case of in situ planetary 1144 
geochronology and, more prevalently, in the analysis of meteorites or mission-returned samples 1145 
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that are too fine-grained or valuable to carry out mineral separation. In the only in situ approach, 1146 
the dating of the Martian regolith, the Curiosity rover SAM suite was used for analysis and the 1147 
sample preparation was limited to simple sieving before SAM analysis. Detailed XRD analysis 1148 
prior to the analysis revealed that in both cases multiple K-bearing components were 1149 
constituents of the regolith (e.g., jarosite, and plagioclase). Given this limited sample 1150 
preparation, by default, the samples must be of a polymineralic nature; however, what is not 1151 
known is the geological age(s) of the K-bearing components. An attempt was made by Martin et 1152 
al. (2017) to thermally separate K-components by employing a two-step heating method. In this 1153 
analysis the low temperature step preferentially degassed the less retentive, younger 1154 
component, inferred to be jarosite, and the high temperature step degassed a more retentive 1155 
and older component, inferred to be detrital feldspar. However, despite the success of these 1156 
applications the K-Ar ages inferred are only as accurate as the underlying assumptions that are 1157 
coupled with them. Our Bayesian approach has the potential to interrogate extraterrestrial 1158 
surfaces more thoroughly extracting ages of the K-bearing components in the Martian surface. 1159 
As mentioned above the application of XRD priors to analysis would allow for the creation of 1160 

prior probability density functions for mineral specific information (i.e., Ea, D0, 𝜙, K/Ca), 1161 

furthermore the process of sieving will create bounds on the grain size priors. We highlight such 1162 
an example in case study 3 which provides an idealised synthetic 40Ar/39Ar dataset of the 1163 
Martian regolith of three different K-bearing components and ages; jarosite (2.1 Ga), plagioclase 1164 
(4.3 Ga), and sanidine (4.1 Ga). This idealised case study highlights the applicability of our 1165 
Bayesian analytical method to extract geologically meaningful ages  from in situ rocky body 1166 
settings.  1167 
 1168 
5. CONCLUSIONS 1169 
Currently the 40Ar/39Ar dating system is most commonly applied to either single mineral phases 1170 
or groundmass analysis. However, there are geological settings and problems where the 1171 
analysis of mixtures with multiple components will be desirable or necessary, and such mixture 1172 
data requires a nonconventional approach to estimate the age(s) of each of the components 1173 
that constitute the mixture. We have developed a Bayesian approach to address this problem, 1174 
which first consists of constructing a multiple component age equation then inverting an 1175 
40Ar/39Ar dataset within this multi-component age framework to estimate the desired model 1176 
parameters, i.e., the age of each component.  1177 
 1178 
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With our Bayesian approach, we find that there is more information available in mixed age 1179 
spectra than previously realised, although our approach also has limitations. Our reanalysis of 1180 
the mixtures of monitor standards created by Vanlaningham and Mark (2011) demonstrates that 1181 
our model does a reasonably good job of fitting observed 40Ar/39Ar age spectra from mixtures, 1182 
but generally does not reproduce cumulative 39Ar release curves. We argue that the misfit with 1183 
the latter is likely a consequence of inaccuracies in the calibration of the furnace used by 1184 
Vanlaningham and Mark (2011) at low temperatures. Of most significance, our reanalysis 1185 
demonstrates that, with prior knowledge of the number of components and the mineral phases 1186 
present, the ages of individual components can be inverted from 40Ar/39Ar datasets resulting 1187 
from bulk mixtures. The ability of our model to invert individual component ages is a 1188 
consequence of these mixtures meeting the assumptions we set forth in the model setup. 1189 
 1190 
Our reanalysis of the biotite and muscovite mixtures created by Kula et al., (2010) presents a 1191 
limiting case for our modeling approach. Specifically, we were unable to resolve multiple 1192 
components in the Kula et al. (2010) mixtures with the same degree of prior information used to 1193 
invert the Vanlaningham and Mark (2011) mixtures. In addition to prior knowledge of the number 1194 
of components and mineral phases present, we also had to place narrower prior constraints on 1195 
the mixing fractions in order to accurately resolve more than one component. With this 1196 
additional prior information, we improved our estimates of the age components and resolved the 1197 
known ages in all but one case, the younger component (NY25) in the 3:1 IV14:NY25 mixture. 1198 
In all estimated ages we see an inflated uncertainty compared with both case study 1 and case 1199 
study 3. We hypothesise that this is largely due to the similarity in Ar diffusion kinetics between 1200 
the components in the Kula et al. (2010) muscovite mixtures. There may also be issues 1201 
associated with the assumptions in our model setup, including potential MDD-like or non-volume 1202 
diffusion behavior, particularly for the biotite mixtures. It is also possible that, for these mixtures, 1203 
a more detailed heating schedule that better resolves the structure of the 40Ar/39Ar age spectrum 1204 
would improve the performance of our Bayesian model.  1205 
 1206 
In addition to reanalyzing mixtures created in the laboratory, we also present an example 1207 
hypothetical application of our Bayesian approach for deconvolving an 40Ar/39Ar age spectrum 1208 
from in situ measurements on Mars. This synthetic dataset, which we generated from existing 1209 
Martian geochronological and mineralogical data, strongly resembles an 40Ar/39Ar age spectrum 1210 
for a single component sample that has experienced diffusive loss. Nonetheless, we are able to 1211 
use our Bayesian model to predict the 40Ar/39Ar age spectrum and cumulative 39Ar release 1212 
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curve, as well as determine the component ages, of the synthetic dataset. Our example 1213 
therefore highlights how our Bayesian approach could be used to distinguish between different 1214 
possible interpretations of complex age spectra when multiple components are present. We 1215 
propose that the Bayesian framework presented herein could allow the utilisation of 40Ar/39Ar as 1216 
a provenance tool for fine-grained sediments, as well as for geochronology studies of meteorites 1217 
and mission-returned samples from rocky bodies in the inner Solar System.   1218 
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