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Project Background

Ongoing research at the Center for Tropical Research (CTR) at
UCLA seeks to identify patterns of continental scale migratory
connections

Current methods are too coarse for most applications

Large amounts of data are available ( >150,000 feather
samples from >500 species)

Genetic data - microsatellites, mitochondrial haplotypes,
SNPs (soon)
Isotopic data - δ2H
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Species of interest

Hermit Thrush
Catharus guttatus

Wilson’s Warbler
Wilsonia pusilla

138 Individuals
14 Locations
6 Loci
9-27 Alleles

163 Individuals
8 Locations
9 Loci
15-31 Alleles
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Model Framework

Assuming that the genetic(G ) and isotopic(I ) models are
conditionally independent, then for a sample S and location k :

P(k |S ,G , I ) ∝ P(S |k ,G , I ) π(k)

= P(SG ,SI |k ,G , I ) π(k)

= P(SG |k ,G , I ) P(SI |k ,G , I ) π(k)

= P(SG |k ,G ) P(SI |k , I ) π(k)
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Previous work

Wasser, et. al [2004] developed an approach for assigning genetic samples from
illegal ivory shipments to geographic locations.

supporting information on the PNAS web site). However, it shares
perhaps the biggest drawback of the SAM for our application: the
implicit assumption that each sample comes from one of our 28
sampling locations. This assumption may not hold for tusks of
unknown origin. Therefore, perhaps the greatest advantage of our
smoothing method for estimating allele frequencies is that it leads
to our CAM that does not make this assumption, but allows that the
sample may have arisen from any location in the elephant’s range.
Fig. 2 shows the estimated location of each sample, color-coded
according to actual broad geographic region of origin: West Africa,
Central forest, and Central, South, and East savannah, using the
CAM. Table 3 summarizes the distances between estimated loca-
tion and actual sampling location of each individual, within each

region. Overall, 50% of samples were located to within 499 km of
their actual origin, and 80% to within 932 km. Accuracy was
greatest for samples from Central and Western regions (Table 3, see
top row per region). This result might have been expected for the
forest populations because they exhibit considerably greater genetic
diversity than their savannah counterparts (14), and their habitat
seems likely to produce greater barriers to gene flow (27). The high
accuracy for central savannah elephants is presumably due to
isolation from their East and South counterparts by long distances
of forest and desert habitat. In contrast, the larger discrepancies for
some individuals from East and Southern Africa reflect greater
genetic similarity between these regions, possibly due to relatively
few barriers to gene flow in these savannah habitats (28).

The CAM also estimates how much confidence to place in
assigned sample origins by giving a set of plausible locations for any
sample. For example, Fig. 3A shows 100 plausible locations for
samples from Bia, ET, and Mikumi. For each sample, these 100
plausible locations are drawn from the set of all possible locations,
weighted according to their probability. The tight clustering of the
points corresponding to the Bia sample indicate high confidence
that the sample comes from near Bia, the intermediate clustering
for the ET sample indicate slightly less certainty, whereas the higher
dispersion for the Mikumi sample indicates that we could not be
confident of its precise origin.

Finally, we examined how the CAM might perform for samples
from locations not included in our reference database. To perform
this assessment, we applied it to each sample in turn, but excluded
all samples that were from the same location as the sample being
assigned when estimating allele frequencies. As expected, this
results in a decrease in average assignment accuracy (Table 3,
bottom row per region). For some locations, such as ET (and
Garamba, data not shown) the effects of removing the samples
from that location are particularly strong because the data available
at other locations do not allow accurate allele frequency estimates
to be obtained for these populations. For other locations, such as
Mikumi, the effects of removing the samples at that location are
small because samples at nearby locations provide adequate allele
frequency estimates. This finding is illustrated in Fig. 3B, which
shows the effect of excluding all other samples from a location on
the confidence in assignments for the samples previously shown in
Fig. 3A. The confidence in the assignment of the sample from
Mikumi is barely affected. The results for the sample from Bia in
Fig. 3 illustrate the complex structure of forest populations: when
Bia samples are included in the assignment, the sample is precisely
assigned to Bia, indicating that Bia is somewhat genetically distinct

Fig. 2. Estimated locations of elephant tissue and fecal samples from across
Africa when assignments are allowed to vary anywhere within the elephants’
range. All tissue and scat samples (n ! 399) successfully amplified at seven or
more loci. Sampling locations are indicated by a cross and are color-coded
according to actual broad geographic region of origin: West Africa, Central
forest, and Central, South, and East savannah (color-coded as in the Fig. 1
legend). Assigned location of each individual sample is shown by a circle and
is color-coded according to its actual region of origin. The closer each circle is
to crosses of the same color, the more accurate is that individual’s assignment.

Fig. 3. Representation of confidence of assignments when all neighboring samples from that subpopulation (represented by a single cross) were included (A)
vs. excluded (B) from the calculation of geographic-specific allele frequencies for ET (green), Bia (cyan), and Mikumi (blue). The 100 color-coded circles are random
draws from the set of all possible locations weighted according to their probability. The concentration of these 100 circles in any given area gives a guide to the
probability that the sample arose from that area under each condition.

Wasser et al. PNAS ! October 12, 2004 ! vol. 101 ! no. 41 ! 14851
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Model Basics

Using a multinomial error structure

p(yl ·k |fl ·k) =
slk !∏
i ylik !

∏
i

(flik)ylik

where:

flik is the allele frequency of allele i from locus l at location k .

ylik is the count of allele i from locus l at location k.

slk =
∑

i ylik is the total count of alleles from locus l at
location k .
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Modeling allele frequency

Allele frequencies are modeled using normalized values:

flik =
exp(θlik)∑
j exp(θljk)

where θli is a gaussian process:

θli
[r×1]

∼ MVN(Mli
[r×1]

, Σ
[r×r ]

)
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Model Parameters

Mean

Mli
[r×1]

= ξl ηli 1[r ,1]

ξl ∼ Unif(−∞,∞)

ηli ∼ N(0, βl)

βl ∼ Unif(0, 106)

Variance

{Σ}k1,k2 = σ(dk1,k2 |α)

Assumes process is stationary and

isotropic
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Covariance Functions

Powered Exponential Covariance:

σ(d |α) = α0 exp

[
−
(

d

α1

)α2
]

+ α3 Id=0

Matérn Covariance:

σ(d |α) = α0
1

Γ(α2) 2(α2−1)

(
d

α1

)α2

Kα2

(
d

α1

)
+ α3 Id=0

with the following priors on α:

α0, log(α1), log(α2), α3 ∼ Unif
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Model Fitting via MCMC

All parameters are updated by random walk Metropolis Hasting
with normal jump proposals.

However, we first reparameterize as follows:

Vli
[r×1]

∼ MVN(0, Σ
[r×r ]

)

Vli
[r×1]

= Chol(Σ)
[r×r ]

· Xli
[r×1]

where

{Xli}k ∼ N(0, 1)
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Allele Frequency - Hermit Thrush - Locus 3
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Probability of a Sample

For a sample S with alleles il and jl at locus l and location k

p(S |f , k) =
∏
l

pl(il , jl |f , k)

pl(il , jl |f , k) =

{
γ pl(il |f , k) + (1− γ) pl(il |f , k)2 if il = jl

(1− γ) p(il |f , k) p(jl |f , k) if il 6= jl

pl(il |f , k) = (1− δ)flik + δ/ml

where δ is the probability only one of the alleles amplified and γ is
the probability of a genotyping error.
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Spatial Posteriors - Hermit Thrush
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Mapping isotope values
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Combined - Hermit Thrush
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Combined - Wilson’s Warbler
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Classifier Results
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Classifier Results + SDM
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Conclusion

Simple unified framework for combining Genetic and Isotopic
models

Combined results dramatically outperform either model alone

Future Work

Fully bayesian isoscape model
Refine SDM priors

R packages (available soon):

Genetic - Rscat
Isotopic - isoscape
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