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Abstract

In ecology, it is extremely useful to model migratory connections as it can be built

upon to produce further research into organisms and the environment. Unfortunately,

it is also difficult to model natural occurences due to the numerous unaccountable

factors. It is also difficult in the sense that tracking wild organisms can be costly

and may create bias in future actions when using extrinsic trackers such as tagging

using leg bands or GPS chips. Using intrinsic trackers such as genetic information

left behind by organisms is an viable alternative. This paper will model migratory

bird connectivity using allele counts on a spatial scope to predict breeding grounds

of a genetic sample using a Bayesian Latent Gaussian Process. Although data is

sparse, predictions are reasonable; though, the model can be further fine-tuned for

higher accuracy.
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Introduction

The way humans live their daily lives are strongly intertwined with the way animals

live theirs; changes in one can be seen reflected in the other. Locusts swarms can

cause major damage agriculturally by consuming crops that could feed hundreds of

thousands of people for a year in merely a day, wild avians can travel over large

distances spreading avian influenza viruses such as H5N1, man made dams reduced

salmon habitats, wild salmon populations, and as a result, jobs in the salmon-fishing

industry, and the effect climate change will have on organisms and their adaptive

responses (Dingle, 2014).

Motivation

Analyzing the migratory connectivity or the movement of animals between breeding

and nonbreeding areas, allows us to learn more about ecological and evolutionary

conditions. Animals migrate for reasons such as food and breeding/living locations

which is why studying how migration behavior changes will tell us more about both

the organisms and the environment such as responses to pressure, population dy-

namics, survival rates, habitat quality, deforestation, climate change, and resources
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availability (Peter P. Marra, 1998; Michael S. Webster and Holmes, 2002).

Species Conservation

One example of natural selection would be that migratory birds’ reproductive success

in breeding grounds is affected by events in the wintering grounds; birds who manage

to stay in better habitats and have ample food will be able to migrate to breeding

grounds earlier due to better physical conditions resulting in better habitats and

mates (Peter P. Marra, 1998). Due to the difficulty of determining migratory routes

of individual birds, especially over long distances, it is not possible to infer attributes

contributing to population trends; ideally, gaining information about the occurrences

throughout the migratory process instead of solely from the wintering/breeding sites

will offer more direction for conservation measures of diminishing populations (Irby

J. Lovette and Smith, 2004).

Economy

From agriculture to even industry, a country’s economy can be severely affected by

migratory behavior.

Food

Mentioned in relgious texts such as the Bible and the Quran and carved into Ancient

Egyptians’ tombs are locust swarms. Locusts are a specific species of grasshoppers

that under certain drought conditions will become gregarious; swarming together to

breed rapidly and rapid migration. These ’plagues’ will travel long distances and are

capable of consuming enough vegetation to feed 400,000 people for a year in a single

day (Dingle, 2014).
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Jobs

As mentioned in the earlier Species Conservation section, environmental conditions

can have long term impacts on populations; another example would be the dimin-

ishing wild salmon population. Building dams to generate power to meet demands

has blocked wild salmons from migrating from breeding to wintering grounds and

contaminated breeding waters causing the wild salmon population and in turn, jobs

in marinas, fishing, restaurants, etc. to diminish (Dingle, 2014). Efforts to remedy

this are not easily successful; California built multiple hatcheries to breed salmon,

but once released back into the wild, hatchery salmon were unable to adjust and died

(Dingle, 2014).

Disease Spread

Another consequence of migratory birds are the diseases and parasites that can be

introduced over long distances, from bird to bird and bird to human populations

(Tervon Fuller and Waldenstrom, 2012). Pathogens in migratory populations may

change in intensity or mutate not just during migratory season but outside of it as

well (Silke Bauer and Hahn, 2016). In recent years, the H5N1 strain of the Influenza

A virius has been heavily studied. This strain has shown to be easily mutable and

have been found in not only avians, but pigs and ferrets as well. The fear is that

H5N1 will mutate into a version that humans are not only succeptible to, but is

also air-bourne transmissible. This consequence further emphasizes the importance

of modeling migratory connectivity with both a temporal and a spatial aspect; over

many annual cycles and between breeding and wintering grounds.

Goal

Modeling migratory connectivity is ultimately a very large and difficult project due

to the sheer number of factors in nature that needs to be studied as well as the
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distance between migrants who spend much of their lives far apart (Dingle, 2014).

One of the first steps needed to accomplish such a goal is tracking migrant popula-

tions throughout their migratory cycle, starting with their breeding and wintering

locations. There have been multiple ways of doing so; extrinsicly through the us-

age tracking devices and leg bands, which can be costly, time consuming, have a

behavioral effect on organisms, and have poor returns, and intrinsicly through the

gathering of biological markers. In the past, biological markers have involved DNA

or stable-isotope ratio, but collection has been too sparse to result in any concrete

decisions. As such, the goal here is to assign individuals to a region even with lim-

ited data. This can be accomplished with a spatially continuous genetic assignment

model. This paper will be reproducing the model specified in (Colin W. Rundel and

Novermbre, 2013), and producing a Shiny app for user interface.
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2

Gaussian Process Model

Data

Figure 2.1: Breakdown of Observed Al-
lele Data from (Chr, 2016)

The data utilized is the same used in

(Colin W. Rundel and Novermbre, 2013)

and are a subset of data gathered by

the UCLA Center for Tropical Research

(CTR) for their studies on the pop-

ulation structure and conservation of

Neotropical migratory birds. DNA sam-

ples in the form of blood and feathers

were collected from North American and

Mexico over multiple years.

Regarding the allele data we will

be using to reproduce the allele model

specified in (Colin W. Rundel and

Novermbre, 2013); two species of birds

are analyzed, the Hermit Thrush (HETH) and Wilson’s Warblers (WIWA). 138
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HETH individuals are sampled from 2000-2008 at 14 breeding locations, and alleles

were measured at 6 loci. 163 WIWA individuals were collected from 1996 - 1998

from 8 breeding locations, and alleles were measured at 9 loci. The loci at which the

alleles are measured were determined by previous papers.

Birds have pairs of chromosomes, just as humans do. From chromosomes, one can

derive more detailed genetic information about the organism of which the observed

DNA originates. At different loci or genes on the chromosomes, there is an observable

allele or gene variant; thus from one bird DNA sample, there are two alleles observed

at a specific loci; one from each chromosome. Figure 2.1 illustrates the specificities

of the data gathered.

Table 2.1, is a sample of 10 observations from the HETH allele data. Each ob-

servation is comprised of two rows, one for each chromosome, where at each of the

6 loci, there is an allele pair. Values of -999 indicate missing information. No-

tice that there is an allele155 at Loci 1 and at Loci 2, but these are distinct; i.e.

allele155,Loci 1 ‰ allele155,Loci 2. The HETH dataset has 27, 22, 9, 20, 10, and 10

unique allele observations at the six loci respectively and the WIWA dataset has 19,

19, 21, 16, 20, 31, 15, 74, and 27 unique allele observations at the 9 loci respectively.

Working forward, the model assumes that these are the only possible observed alleles

at each loci. This is a necessary assumption because information about all possible

allele categories for each loci is not available, but this may not be necessarily true in

another context or in the future with more data.

6



Hud

Log
QCI
Rup

AK1

AK2

AZ1
AZ2

CA CT

MB

MIOR

UT

Ak

BC Al

Sea

Or

SF
Co

Ont

40

50

60

−160 −140 −120 −100 −80

long

la
t

species

HETH

WIWA

Sampling Locations for Data

Figure 2.2: Locations at which HETH data and Wilson data were sampled along
with location name

Observation Location Number Loci 1 Loci 2 Loci 3 Loci 4 Loci 5 Loci 6
04N2020 1 165 155 141 206 141 179
04N2020 1 187 157 147 274 152 179
04N2021 1 165 155 143 206 -999 179
04N2021 1 183 159 143 206 -999 181
04N2022 1 153 157 143 202 143 179
04N2022 1 183 163 143 214 143 179
04N2023 1 -999 157 141 206 143 179
04N2023 1 -999 163 145 237 148 179
04N2024 1 165 155 143 214 141 179
04N2024 1 167 161 145 214 141 179
04N2025 1 165 155 143 198 143 177
04N2025 1 187 169 147 214 170 179
04N2026 1 163 169 139 206 141 179
04N2026 1 165 172 141 206 148 179
04N2027 1 155 155 143 218 138 179
04N2027 1 165 157 143 249 150 181
04N2028 1 167 163 141 202 141 179
04N2028 1 173 163 145 210 143 183
04N2029 1 153 155 143 198 -999 179
04N2029 1 183 157 145 210 -999 179

Table 2.1: Sample of HETH Allele Data
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Model

Since the allele data gathered is essentially the allele found at a specific locus and

location for an individual, we can accumulate the data to obtain the counts of each

allele at a specific locus and location. Intuitively, a multinomial distribution with

parameters being the total number of alleles observed at a (locus, location), and the

probability of each allele of being observed at a (locus, location).

ppyl.k|fl.kq “
p
ř

i ylikq!
ś

i ylik

ź

i

f yliklik „MNp
ÿ

i

ylik, fl.kq

p
ř

i ylikq! is the total number of alleles at (locus l, location k) as ylik is the number of

times the ith allele appears at (locus l, location k).flik is the frequency or probability

of the ith allele appearing at (locus l, location k) and fl.k is the vector of probability

for all alleles at (locus l, location k). A prior is then placed on flik, a logit gaussian

in order to maintain the bounds on flik

• 0 ď flik ď 1

•
ř

i flik “ 1

and still incorporate a latent gaussian aspect to the model.

flik “
eΘlik

ř

j e
Θljk

Θli „MVNpµli,Σq

Θli is a vector of length k, the total number of sampled locations, and will differ

across (locus l, allele i). Fitting Θli to a multivariate Gaussian model allows the

model to include in spatial information through Σ. Σ is the covariance matrix which

tells us how allele frequencies are related from locations a certain distance away. We

allow Σ to be a powered exponential covariance plus a nugget covariance to allow
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for a smoother covariance and extra variation at the same location respectively. It

is necessary to assume both stationary and isotropic conditions, that is the spatial

metric will remain the same regardless the location and that measurement in differ-

ent directions will not differ. In the context of the problem, this assumption may not

necessarily hold; wind direction, weather, landscape, food sources, and many other

factors will necessarily affect both, but these are factors difficult to account for es-

pecially without a temporal aspect. For simplicity purposes, the covariance function

will make these assumptions and produce a more general covariance matrix.

Σk1,k2 “ σpdk1,k2 |αq

“ α0e
´

ˆ

dk1,k2
α1

˙α2

` α3Id“0

We also allow

µli “ εlηli1r,1

The over parameterization improves MCMC convergence, which is useful as this

is already a fairly high dimensional model and future calculation will be intensive

enough without having to run MCMC for a very long time. This has been shown

in the past through similar context (Colin W. Rundel and Novermbre, 2013; Chuan-

hai Liu, 1998; Dyk and Meng, 2001; Liu and Wu, 1999).

The reason it helps is because the overparametrization allows us to reduce depen-

dencies between parameters in this hierarchical model and makes more flexible pre-

dictions (Gelman, 2006). We further put hyperpriors on α0, α1, α3, ε, and η. This

is necessary because we want to ensure that the covariance matrix is postive semi

definite. Our beliefs for Θ is that it is centered at 0; if Θ “ 0, then the probability of

each allele occurring will be equal to each other. Thus, η and ε should have prior dis-

tributions where the expected value is 0 or very close to 0. Technically, this would be

possible with a Uniform prior with a very large range, which seems like a good choice
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because it is a uninformative prior and we want very generalized beliefs for η and ε.

However, this is not necessarily a good idea as we will be taking the exponential of

Θ meaning that since Θ has an equal probability of being chosen, flik can blow up

really quickly as it is calculated by taking the exponential of Θ which means that

the posterior distribution will be heavily dependent upon the upper bound (Gelman,

2006). When using a uniform prior distribution, we do so cautiously. On the other

hand, we also do not want it to be too centered around 0, which will make it difficult

for updates to explore other values.

We set α2 “ 1 or 2. We let α0, α1 and α3 have prior distributions with a positive

domain that satisfies our assumption that different locations are at least slightly cor-

related.

Say we assume correlation to be at least 0.05:

If α2 “ 1

ρk1,k2 “
α0e

´ d
α1

α0

“ e
´ d
α1

“ 0.05

Ñ α1 “
3

d

If α2 “ 2

ρk1,k2 “
α0e

´

´

d
α1

¯2

α0

“ e
´

´

d
α1

¯2

“ 0.05

Ñ α1 “

c

3

d
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ñ α0 „ t

ˆ

0,
´logp0.05qα2

maxpdq
, 1

˙

T p0, q

ñ α3 „ t

ˆ

0,
´logp0.05qα2

maxpdq
, 1

˙

T p0, q

ñ α1 „ Unif

ˆ

´logp0.05qα2

maxpdq
,
´logp0.05qα2

minpdq

˙

ñ εl „ Np0, 100q

ñ ηl,i „ Np0, 100q

where t() is the student-t distribution with degrees of freedom(df), mean, and pre-

cision, T(0,) indicates truncating the distribution to non-negative values, Unif() is

the uniform distribution with lower bound and upper bound and N() is the normal

distribution with mean and variance. These hyper-prior distributions may be fine

tuned further to get better results, perhaps through nested cross validation.

Using this model, we implement MCMC to sample posterior allele frequencies

f̃ and use this information to find the posterior predictive distribution of the allele

frequency flik for a grid of predictive locations around the locations sampled for the

data. This reveals one of the two major reasons for incroporating a latent Gaussian

aspect to the model specified above. Using one allows us to predict on a continuous

space and not just for locations from which samples were taken. From Figure ??, we

can see that for both datasets, we have few sampled locations and that they are not

evenly spread across all of the United States and Canada. However, with a Gaussian

Process, we can make a grid of locations in the United States and Canada. This grid

may be specified to be super fine or coarse; for my simulations, I set the grid to be

of 10 and appended sampled locations if not already in grid - 2813 predict locations.

From this, we can compute the probability of SG, a genetic sample where two

11



alleles are observed i1 and i2. When gathering data, we also have to account for mis-

takenly identifying an allele as something it isn’t. (Colin W. Rundel and Novermbre,

2013) sets this probability as δ “ 0.05 such that

P pi|f̃ , k, lq “ p1´ δqf̃lik `
δ

ml

i.e. the probability of observing allele i at location k and locus l and having updated

the posterior predictive allele frequencies is the probability that a mistake was not

made times the allele frequency for allele i at location k and locus l plus the prob-

ability of making a mistake and assuming that all other alleles to have appeared at

(l,k) have equal probability of being mistaken.

Then we can find the joint probability of observing the genetic sample at location

k and locus l, but we also have to account for the possibility that an allele has been

overcounted. This can occur when the first allele observed is observed again and

mistaken as the second allele. (Colin W. Rundel and Novermbre, 2013) sets γ “ 0.01.

P pi1, i2|f̃ , kq “

#

γP pi1|f̃ , k, lq ` p1´ γqP pi1|f̃ , k, lq if i1 “ i2

2p1´ γqP pi1|f̃ , k, lqP pi2|f̃ , k, lq if i1 ‰ i2

When i1 ‰ i2, there is no overcounting, so we merely have the probability of

not overcounting times the probability of obtaining the combination of i1 and i2.

There is a 2, because order does matter; i.e. pi1, i2q is distinct from pi2, i1q. When

i1 “ i2, we have the same case of not overcounting, written differently because

P pi1|f̃ , k, lq “ P pi2|f̃ , k, lq and the case of overcounting which is the probability of

overcounting times the probability of obtaining the allele that is overcounted.

Now, we have the joint probability of observing SG at location k, and locus l based

on information in our data set. Assuming independence across loci, the probabiltiy
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of observing SG and location k will just be the product.

P pSG|f̃ , kq “
ź

l

ppi1, i2, f̃ , kq

These are all calculation that will differ slightly depending on which iteration you

are using to calculate the values. We can use Monte Carlo approximation to do so,

which is essentially taking the average. However, noticing that P pSG|f̃ , kq is highly

right skewed, we choose to use the median as it is a more stable indicator of the

central tendency. There may be cases where P pSG|f̃ , kq is not highly right skewed,

but in the case of symmetry, the median will equal the mean, so using the median

will cover all cases.

P pSG|f̃ ,Observed Dataq “
1

N

N
ÿ

mcmc“i

P pSG|f̃
mcmc, kqˆ

P pSG|f̃ ,Observed Dataq “ median
´

P pSG|f̃
mcmc, kq;mcmc “ 1, ..., n

¯

‘

δ and γ may be adjusted, but reasonable adjustments don’t impact results in any

major way (Colin W. Rundel and Novermbre, 2013). For the above to hold, it is

necessary to make the assumption of Hardy-Weinberg equilibrium and linkage equi-

librium. Hardy-Weinberg assumes allele frequencies is consistent across time; which

is useful since data was gathered across multiple years. Linkage equilibrium assumes

independence between loci, i.e. it is equally likely to see the allele combination of

allele135, allele225 at locus1, locus2 as it is to see allele135, allele227.

The second major reason, we include a latent Gaussian aspect to the model is due

to Gaussian models having nice properties to work with. When doing predictions,

we know the form to be of a normal distribution and the parameter updates have a

13



known calculation.

Θ̃mcmc
li „ Npµ̃, Σ̃q

µ̃ “ µobs `Σobs,predΣ
´1
pred,predpΘ

mcmc
li ´ µpredq

Σ̃ “ Σobs,obs ´Σobs,predΣ
´1
pred,predΣpred,obs
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3

Implementation+Simulation

Model Specifications

Using the specified model in the previous chapter as well as the specified set distribu-

tions and values for the α’s, η and ε, this chapter will discuss corresponding results

and computational issues. Other possible priors for η and ε are Gamma, Cauchy,

Student-t, or any other distribution that can be symmetric around 0 and have spread

data specified. The uniform priors on the alphas may also use some type of folded

symmetric distribution around 0 as long as not too much weight is put on values

outside the possible domains.

Computation Speed

As this is a fairly complicated model to sample from, it may take users a long time

to converge when running MCMC. While results from a short-run are likely not very

indicative of the true distribution, there is the option of adjusting sampling param-

eters for users who wish to gain a step by step understanding of how the model

works. When running it as specified in (Colin W. Rundel and Novermbre, 2013),
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with a burn-in of 20,000 iterations and 1 million simulations thinned out by every

100th iteration to get 1,000 draws, on a server with 16 cores, computation can take

approximately 7-8 hours. Prediction for the 2,813 locations can take approximately

1-2 hours more. This will, of course, differ with the number of loci, sample size, grid

size, etc.. It is further unadvisable to reduce the burn-in iterations by too much as

JAGS, will, by default, attempt to adapt the model to increase efficiency by con-

verging to the model’s optimal sampling behavior during the first half of the burn-in

iterations, 10,000; reducing burn-in iterations will limit the model’s ability to adapt

for the most efficient model making the end result questionable (Plummer, 2015).

To perform predictions, we need to pull out Θ, Σ, µ, and α’s from the JAGS

sampler. While it is possible to iterate through each location, each loci, and each

allele using for loops in R, it is time consuming and inefficient. It is also important

to note that memory allocation may be an issue as my computation when predict-

ing for approximately 2,800 locations can take up to 300GB even when removing

unnecssary objects to free up space. To save time, I write the majority of functions

necessary for prediction computation in Rcpp (C++ in R), allow all linear algebra

computation to be spread out across available cores, and further parallelize functions

that are not already being run across multiple cores. This took a bit of trail and

error as sometimes the Rcpp functions don’t like being spread out over multiple cores

and will result in an error.

Code will be made available in the my git hub repo and will be kept updated and

adjusted to gain a better balance of specifications and generalizations for the app to

run smoothly.

There are two metrics we may use to measure how well the model is predicting,
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one is merely finding the distance between the true location and the predicted lo-

cation (location with highest probability) or to treat this as an binary classification

problem. In the future, let’s refer to the two methods as distance metric and binary

metric. The distance mteric is useful in measuring how close the predictions are to

true location, but does not distinguish between peaked and flat probability assign-

ment maps, while the binary metric does. (Colin W. Rundel and Novermbre, 2013).

The binary metric takes the probability map and compares it to the ”true” proba-

bility, i.e. 0 and 1 where true location has a probaiblity of 1 and not true locations

have a probability of 0 and produces an ROC curve and an AUC. This is calculated

using the (Tobias Sing, 2015) package in R.

Location 0.4074572
Individuals 0.7127573

Table 3.1: AUC for Random Sampling of Individuals and Location
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Figure 3.1: ROC Curve for Random Sampling of Individuals
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Figure 3.2: ROC Curve for Random Sampling of Location

When measuring performance, we consider randomly sampling some number of

individuals or randomly sampling some locations. Results match findings in (Colin

W. Rundel and Novermbre, 2013), model performance decreases when a sampling

location is taken out and predictive accuracy is comparably lower than randomly

sampling the same number of individuals from the entire dataset. You can see this

in Table 3.1 as well as Figures 3.3 and 3.1. This could be a result of the original

sparsity of data, when taking out an entire location, too much information may be

removed or a location may have important information that is important to the

model, or a combination of both (Colin W. Rundel and Novermbre, 2013). For the

results shown above, the randomly sampled location was Location 1 from the HETH

data which contained 16 observations and is approximately 11% of the data. For
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comparable results, 16 individuals were also randomly sampled. The test set for the

two methods are seen in Tables 3.2 and 3.3.

04N2020 1 165 155 141 206 141 179
04N2020 1 187 157 147 274 152 179
04N2021 1 165 155 143 206 -999 179
04N2021 1 183 159 143 206 -999 181
04N2022 1 153 157 143 202 143 179
04N2022 1 183 163 143 214 143 179
04N2023 1 -999 157 141 206 143 179
04N2023 1 -999 163 145 237 148 179
04N2024 1 165 155 143 214 141 179
04N2024 1 167 161 145 214 141 179
04N2025 1 165 155 143 198 143 177
04N2025 1 187 169 147 214 170 179
04N2026 1 163 169 139 206 141 179
04N2026 1 165 172 141 206 148 179
04N2027 1 155 155 143 218 138 179
04N2027 1 165 157 143 249 150 181
04N2028 1 167 163 141 202 141 179
04N2028 1 173 163 145 210 143 183
04N2029 1 153 155 143 198 -999 179
04N2029 1 183 157 145 210 -999 179
06N0046 1 163 157 141 214 143 179
06N0046 1 165 163 143 214 146 181
06N0050 1 155 163 141 202 143 179
06N0050 1 169 165 143 202 143 179
06N0051 1 165 155 141 206 -999 179
06N0051 1 201 159 143 206 -999 179
06N0052 1 165 155 143 202 141 179
06N0052 1 187 155 143 274 146 179
06N0054 1 155 157 139 -999 138 179
06N0054 1 165 161 147 -999 143 183
06N0055 1 169 155 143 202 143 179
06N0055 1 181 159 143 202 148 181
Table 3.2: Randomly Sampled Location Test Set
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Shiny App

In order to make this model accessible to others, I have created a Shiny App so that

there is a user friendly interface. It will allow you to choose a a provided dataset or

allow you to upload one and then walk through the steps leading up to the MCMC,

run MCMC, and then show predictive results.

Figure 3.3: Shiny App
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00N2325 3 167 159 141 221 148 179
00N2325 3 167 165 145 230 148 181
02N1765 13 153 153 141 198 141 179
02N1765 13 165 163 141 198 150 181
03N3610 10 153 161 143 241 141 179
03N3610 10 165 161 147 241 141 181
03N3612 10 155 163 141 198 -999 179
03N3612 10 165 163 147 214 -999 179
04N7882 13 153 150 139 198 138 179
04N7882 13 161 155 139 206 141 183
05N8024 2 165 165 141 210 146 183
05N8024 2 173 172 147 221 148 185
05N8102 4 165 169 141 221 141 179
05N8102 4 167 176 141 230 146 183
06N0078 3 165 174 141 218 146 181
06N0078 3 193 186 141 226 148 185
06N0079 3 193 155 143 218 143 179
06N0079 3 199 157 145 221 148 179
06N0081 3 167 155 143 202 141 185
06N0081 3 181 167 143 234 148 193
06N25675 14 163 155 141 202 146 173
06N25675 14 179 157 143 210 148 179
06N4846 9 183 157 141 198 141 173
06N4846 9 183 163 143 210 141 179
06N4847 9 165 153 143 214 141 179
06N4847 9 165 161 143 214 148 183
07N33333 12 165 159 143 210 143 177
07N33333 12 167 163 143 210 143 179
08N0001 11 153 150 141 206 143 177
08N0001 11 157 155 145 253 143 181
08N0004 11 165 163 141 202 143 179
08N0004 11 169 163 143 206 143 179
Table 3.3: Randomly Sampled Individual Test Set
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4

Future Work

More research has been done in this field regarding what factors drive migratory

birds actions while migrating, and this is information that can be integrated into our

model in our priors.

If given more time, further sensitive analysis can be conducted in regards to mea-

suring model performance. Also, to make computation more efficient, especially if

given a larger data set, it may be beneficial to code in RcppParallel which may make

spreading work load across multiple cores more efficient especially since the majority

of predictions is already being coded in Rcpp. In (Rundel et al), the final model

is a combination of the continuous posterior predictive grid constructed from alleles

and one constructed from stable-isotope ratios. An inclusion of the stable-isotope

data will give better results as alleles vary more over latitude and isotopes vary more

across longitude. This will give better predictions.
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