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Abstract—Of all the charismatic megafauna of the world’s
oceans, manta rays are perhaps the least understood. The goal
of this project was to characterize movement using network
analysis and to interpret the movement ecology of Australian reef
manta rays with community detection, motif analysis, and role
prediction. We performed these analyses on a dataset of acoustic
telemetry detections of reef mantas on Australia’s east and west
coasts. We found that manta communities exhibit significant
modular structure with future work needed to ecologically
characterize said communities, that motif analysis is promising
technique for characterizing manta movement patterns, and that
RolX assignments likely need observer data to be interpreted.

Index Terms—Community Detection, Motif Analysis, Role
Extraction, Manta Ray, Marine Ecology

I. INTRODUCTION

Acoustic telemetry is a survey tool commonly used in ma-
rine ecology to address the logistical issues of tracking marine
organisms directly. Animals are outfitted with a tag that emits
an ultrasonic “ping” with the unique ID of the tag, which are
recorded by underwater hydrophones (Sibert, 2001). Together,
these detections provide a record of an animal’s movements
over space and time. The uses of acoustic telemetry data are
many: prioritizing habitats for conservation (Simpfendorfer et
al., 2010), tracking invasive species dynamics (Lennox et al.,
2016), and even reducing fatal interactions between humans
and highly venomous animals, such as the box jellyfish (Gor-
don & Seymour, 2009).

The reef manta ray, Mobula alfredi, is a coastally-affiliated
species that mostly inhabits the tropics (Marshall et al., 2018).
Individuals are thought to have home ranges that they reside
in or return to, although their fidelity may vary by sex and
age (Marshall et al., 2018). Some reef manta rays are thought
to exhibit seasonal migrations, traveling up to 70 km a day,
but the frequency of these migrations is debated (Marshall
et al., 2018). These migrations are thought to be influenced
by seasonal changes in productivity, as manta rays are filter
feeders that feed on plankton (Marshall et al., 2018).

A. Motivation

Reef manta rays are one of the least understood large marine
organisms. All manta rays were thought to belong to the same
species until 2010 (Ito & Kashiwagi, 2010), and the possibility
of a third species beyond M. alfredi and M. birostris has
yet to be resolved (Hinojosa-Alvarez et al., 2016). Effective
management and conservation require an understanding of a
species’ biology and ecology, which does not yet exist for the
reef manta ray (Couturier et al., 2014). In 2018, a group of
30 manta ray experts were convened to determine scientific
priorities to inform better management. One of these pressing
knowledge gaps was spatial dynamics and movement (Stewart
et al., 2018). Network and graph analysis is a relatively
new approach to analyzing acoustic telemetry data (Jacoby &
Freeman, 2016; Lédée et al., 2015), the earliest applications of
which were published in 2012 (Jacoby et al., 2012; Mourier
et al., 2012). Traditional analysis of acoustic telemetry data
focuses on home range determination (Lédée et al., 2015), but
new analysis techniques present promising tools for ecological
inference.

B. Problem Definition

The goal of this project was to find other ways to charac-
terize movement using network analysis and to interpret the
movement ecology of Australian reef manta rays with com-
munity detection, motif analysis, and role prediction. Motif
analysis was performed with the goal of quantifying fine-
scale movement patterns of individuals and comparing these
patterns over time. Community detection provides insights into
movement and population linkages on a larger scale, while role
extraction indicates types of habitat usage.

II. RELATED WORK

Traditional analysis of acoustic telemetry data most often
involves kernel-based home range metrics (Lédée et al., 2015).
Lédée et al. (2015) found that network analysis is able to
provide core use data comparable to those produced by the
traditional methods, as well as additional information on
movement within an individual’s home range. Finn et al.



(2014) conducted an analogue of home range analysis by
using six community detection algorithms on bipartite graphs
to quantify fish associations with receivers. Of these algo-
rithms, Multilevel, Girvan-Newman, and Walk-Trap produced
the highest modularity scores. However, Orman and Labatut
(2009) found Walk-Trap and another algorithm, Spin-Glass,
to be the most robust on simulated graphs. With regard to
motif analysis, Staveley et al. (2019) used changes in triad
motif distribution between months to characterize changes
in connectivity of fish populations over time, finding that
increased temperatures resulted in less connected populations.
While community detection appears in a fair number of papers
that use network analysis to analyze acoustic telemetry data,
Staveley et al. (2019) appear to have been the first to apply
motif analysis to acoustic telemetry data. Role extraction has
yet to be applied to acoustic telemetry data.

Jacoby & Freeman (2016) outline applications of network
analysis tools to movement ecology data and explain the
ecological significance of different metrics. Taken together,
these metrics can inform conservation management and predict
the impacts of habitat loss or change (Jacoby Freeman, 2016).

III. DATA

Australia’s Integrated Marine Observing System (IMOS)
makes their acoustic telemetry data publicly available for a
variety of species. Research partners of the IMOS maintain
14 receiver arrays around the continent of Australia (“Acoustic
Telemetry”, n.d.). A single row contains a timestamp, the name
of the hydrophone receiver station, the latitude of the receiver
to the hundredth of a degree, the longitude to the tenth of a
degree, the tag ID, the species, and metadata on the research
partner providing the data. Our focus in this project is on the
594,749 individual detections of reef mantas in the IMOS data,
comprising 82 individuals and 142 receivers primarily in the
tropics off of Australia’s east and west coasts.

We discovered some temporal variation in our data, which
we’ve provided in Tables I and Table II. We noticed that there
are significantly more entries in July through September, and
worried that this skew may be due to a lack of entries in certain
months for certain years from a sudden increase in tagging. In
Tables VII, VIII, IX (attached in the appendix), we found that
this skew appeared for a year and a half due to a single tag
pinging only one receiver — indicating that some circumstance
— such as the tag falling off or ray dying — resulted in this
tag repeatedly pinging this receiver. We remedy this in our
graphs by limiting self-edges to 1 per-receiver. Self loops were
kept in role extraction to indicate a place where rays might
linger. We’ve provided corrected tables in Tables IV and III,
which show a trend of more activity during austral winter
(June through September) months. This is consistent with the
actual activity of the reef manta ray, since our receivers are
primarily located in the northern end of their habitat — the
Great Barrier Reef — where going north would bring them
closer to the Equator, or warmer waters.

TABLE I
RAW VARIATION IN DATA BY YEAR

Year # Entries # Receivers # Rays pings/receiver pings/ray

2007 133 5 2 26.6 66.5
2008 4553 43 22 105.9 206.9
2009 23276 56 31 415.6 750.8
2010 11714 25 14 468.6 836.7
2011 147833 32 18 4619.8 8212.9
2012 355910 29 14 12272.8 25422.1
2013 51050 5 6 10210.0 8508.3
2014 262 21 4 12.5 65.5
2015 18 7 4 2.6 4.5

TABLE II
RAW VARIATION IN DATA BY MONTH

Month # Entries # Receivers # Rays pings/receiver pings/ray

Jan 38926 39 23 998.1 1692.4
Feb 30666 36 19 851.8 1614.0
Mar 37911 20 25 1895.6 1516.4
Apr 24922 28 27 890.1 923.0

May 23656 44 25 537.6 946.2
Jun 32628 41 48 795.8 679.8
Jul 84580 76 40 1112.9 2114.5

Aug 109717 52 39 2109.9 2813.3
Sep 75052 33 35 2274.3 2144.3
Oct 43321 25 34 1732.8 1274.1

Nov 46551 35 32 1330.0 1454.7
Dec 46819 29 26 1614.4 1800.7

TABLE III
CORRECTED VARIATION IN DATA BY YEAR

Year # Entries # Receivers # Rays pings/receiver pings/ray

2007 133 5 2 26.6 66.5
2008 4553 43 22 105.9 206.9
2009 23276 56 31 415.6 750.8
2010 11714 25 14 468.6 836.7
2011 38855 32 17 1214.2 2285.6
2012 15403 29 14 531.1 1100.2
2013 4979 5 5 995.8 995.8
2014 262 21 4 12.5 65.5
2015 18 7 4 2.6 4.5

TABLE IV
CORRECTED VARIATION IN DATA BY MONTH

Month # Entries # Receivers # Rays pings/receiver pings/ray

Jan 2116 39 23 54.2 92.0
Feb 1869 36 19 51.9 98.4
Mar 3795 20 25 189.8 151.8
Apr 1910 28 27 68.2 70.7

May 2423 44 25 55.1 96.9
Jun 12744 41 48 310.8 265.5
Jul 29124 76 40 383.2 728.1

Aug 13236 52 39 254.5 339.4
Sep 8447 33 35 256.0 241.3
Oct 4594 25 34 183.8 135.1

Nov 5061 35 32 144.6 158.2
Dec 3973 29 26 137.0 152.8

IV. METHODS

A. Graph Generation
We performed motif analysis on a graph of receivers with

directed edges between them if any ray moved from one
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receiver to the other. This was created using pandas. The data
were processed in the following order: Removed extraneous
data (uploader, organization, etc); Created one node for each
unique receiver in the dataset; Sorted data by timestamp;
Grouped data by tag id; Iterated through data by tag id in
chronological order, adding an edge between each receiver.
This created an unweighted directional graph with edges
representing manta movements between receivers.

We performed community detection on an undirected, bi-
partite graph of manta rays and receivers, where there is an
edge between a ray and a receiver if that receiver picked up a
signal from the ray’s acoustic tag. This graph was also created
in pandas, and the data was processed in a similar manner
as the first graph. The differences were that duplicate values
of receiver id, tag id were dropped from the dataset, nodes
for each tag ID (manta) were created, and edges between
corresponding nodes for tag ID, receiver ID pairs were added.

B. Initial Characterization

The unipartite graph was compared against an Erdős–Rényi
random graph with the same number of nodes and edges. The
Erdős–Rényi random graph was generated using Stanford’s
SNAP library (Leskovec & Sosič, 2016). The comparison met-
rics were degree distribution, approximate diameter, average
clustering coefficient, and number of triads.

A random bipartite graph was generated by placing the
same number of edges in the manta-to-receiver bipartite graph
between a random receiver node and a random manta node.

C. Motif Analysis

We use the Exact Subgraph Enumeration (ESU) algorithm
to find all motifs of size three on the unipartite receiver-to-
receiver graph. We removed self-edges because we found a
majority of size-three subgraphs receivers had three self-edges
— 1241, to be exact. To contrast, 371 had two self-edges, 85
had one self-edge, and only 11 had no self edges. Removing
these edges had the added benefit of reducing complexity
when it came to counting and analyzing our motifs. After
removing self-edges, we then counted each motif by counting
the number of edges in the induced subgraph and then looking
for a unique in- and out-degree pattern for that number of
edges. For example, in a three-node subgraph with two edges,
there are three unique motifs: 1, 2, and 3 (shown in Figure
4). Each of these graphs has at least one node with a degree
not found on the other graphs, for example, motif 1 has a
node with an out-degree 2 and an in-degree 1, which is not
found in motifs 2 or 3. We use these nodes to categorize and
count each motif. Because we didn’t seek out other sources
to confirm this counting strategy, we used assert statements
to ensure that no motifs were neglected or double counted.
Table V shows our table of unique nodes to motifs. Algorithm
1 shows our counting algorithm.

We created network significance profiles, using ESU and the
aforementioned counting algorithm on our constructed graph
and on 250 Erdős–Rényi graphs. As is typical with network
significance profiles, we took the mean of our random graphs

as well as their standard deviations by motif to calculate a
normalized z-score per motif. We initially had a divide-by-
zero issue with some motifs 12 and 13, which tend to have
more edges and were hard to come by in a random graph.
To resolve this, we had a base count of 1 for motifs in each
graph (both random and real). This strategy scaled down the
network significance profile from having undefined values to
values that still stressed the importance of a motif, while still
being visible on the profile. Our equations are thus as below.
They are consistent with the equations mentioned in class,
aside from the changed base motif counts.

Zi =
Nreal

i − N̄rand
i

std(Nrand
i )

(1)

Where our variables are as follows:

• Nreal
i is 1 + #{subgraphs of type i in real network}

• Nrand
i is 1 + #{subgraphs of type i in randomized

network}
• N̄rand

i is Nrand
i averaged over all random graphs

• std(Nrand
i ) is the standard deviation of Nrand

i over all
random graphs

SPi =
Zi√∑
j Z

2
j

(2)

After creating an initial network significance profile of all
movements of manta rays over all of our data, we followed
Staveley et al. (2019) and explored how these patterns change
given different times or conditions, comparing significance
profiles of (1) each month (2) each year (3) between El Nino
and La Nina events and (4) between rays.

Fig. 1. Triad Significance Profile Order (Milo et al., 2004)

TABLE V
MOTIFS TO NUMBER OF EDGES AND UNIQUE NODES DEGREES

Motif # Edges Unique Node Degrees (in, out)

1 2 (0, 2)
2 2 (2, 0)
3 2 else condition
4 3 (0, 1)
5 3 (1, 0)
6 4 (2, 2)
7 3 (2, 0)
8 3 else condition
9 4 (0, 2)
10 4 (2, 0)
11 4 else condition
12 5 N/A
13 6 N/A
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Algorithm 1: Counting Pseudocode
Result: Subgraph Counts
counts = {1:0, 2:0, 3:0, 4:0, 5:0, 6:0, 7:0, 8:0, 9:0, 10:0, 11:0, 12:0, 13:0};
for sg in Subgraphs do

ideg = GetIndegrees(sg);
odeg = GetOutdegrees(sg);
edges = GetEdges(sg);
switch edges do

case 6 do
counts[13] += 1;

end
case 5 do

counts[12] += 1;
end
case 4 do

motif done = false;
for node in sg do

if ideg == 2 and odeg == 2 then
counts[6] += 1;
motif done = true;

end
if ideg == 0 and odeg == 2 then

counts[9] += 1;
motif done = true;

end
if ideg == 2 and odeg == 0 then

counts[10] += 1;
motif done = true;

end
end
if !motif done then

counts[11] += 1;
end

end
case 3 do

motif done = false;
for node in sg do

if ideg == 0 and odeg == 1 then
counts[4] += 1;
motif done = true;

end
if ideg == 1 and odeg == 0 then

counts[5] += 1;
motif done = true;

end
if ideg == 2 and odeg == 0 then

counts[7] += 1;
motif done = true;

end
end
if !motif done then

counts[8] += 1;
end

end
case 2 do

motif done = false;
for node in sg do

if ideg == 0 and odeg == 2 then
counts[1] += 1;
motif done = true;

end
if ideg == 2 and odeg == 0 then

counts[2] += 1;
motif done = true;

end
end
if !motif done then

counts[3] += 1;
end

end
end
return counts

end

D. Role Extraction

A version of the directed receiver-to-receiver unipartite
graph was used for role extraction in order to illustrate habitat
usage by the manta rays. Self loops were included in the
graph to account for individuals with high site fidelity. Role

extraction was performed using the RolX algorithm developed
by Henderson et al. (2012) and implemented in the GraphRole
Python package by Kaslovsky (2018). The default range of 2-8
roles was considered by the algorithm.

Kaslovsky’s (2018) implementation follows the description
by Henderson et al. (2012) and recursively extracts feature
vectors using local features and the features of the node’s
egonet. Non-Negative Matrix Factorization (NMF) is used to
decompose the node x feature vector matrix into two matrices.
These features then are clustered using k-means clustering to
assign roles. The number of clusters or roles is determined
by a loss minimization of how well the decomposed matrices
multiplied together approximate the original feature matrix.

Published data from Lady Elliot Island in the central Great
Barrier Reef were used to contextualize the roles determined
by GraphRole. Jaine et al. (2012) recorded habitat usage by
manta rays at seven sites around Lady Elliot Island. Of these
seven sites, five were also receiver stations in the our telemetry
array.

E. Community Detection

We used a variety of community detection algorithms on
the bipartite manta-to-receiver graph to see if the mantas
form communities with meaningful modular structure. Using
a combination of SNAP, networkx, and igraph, we imple-
mented ’Girvan-Newman’ (Girvan & Newman, 2002), ’CNM’
(Clauset et al., 2004), ’Leading-Eigenvector’ (Newman, 2006),
’Fast Greedy’ (Newman & Girvan, 2004) ‘Walk-Trap’ (Pons
& Latapy, 2006), ‘Spin-Glass’ (Reichart & Bornholdt, 2006),
‘Label-Propagation’ (Raghavan et al., 2007), and ‘Multilevel’
(Blondel et al., 2008).

The Girvan-Newman algorithm uses the concept of
”between-ness centrality” to progressively remove edges from
the network that are likely not between communities. The
CNM algorithm merges two communities that contribute
maximum positive value to global modularity at every step.
The Leading Eigenvector algorithm reframes modularity max-
imization as a maximization over the eigenspectrum of the
modularity matrix of a graph. The Fast Greedy algorithm is a
version of the greedy modularity maximization algorithm that
runs in O(n log2 n) time. The Walk Trap algorithm functions
similar to Fast Greedy with the addition that it measures
similarities between vertices based on random walks. The Spin
Glass method utilizes an analogy from physics to relate com-
munity detection to finding the ground state of an infinite range
spin glass. Because the Spin Glass algorithm only works on
completely connected graphs, we ran it on the two connected
components of the bipartite graph and manually combined
their membership vectors. The Label Propagation algorithm
is similar to the iterative belief classification algorithm used
in class, wherein each node is initially assigned its own cluster
label, and then nodes adopt the label that the majority of their
neighbors hold. The Multilevel algorithm is another algorithm
based on modularity, and is similar to Fast Greedy except that
it can give entire clusters new assignments through the process.
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We evaluated the quality of the clusterings generated by
these algorithms by calculating their modularity:

Q =
1

2m

∑
ij

[
Aij −

kikj
2m

]
δ (ci, cj) (3)

Because the Label Propagation algorithm can produce starkly
different results from run to run we ran it 100 times and
recorded the minimum and maximum modularity scores and
cluster assignments. Of the clustering assignments, Multilevel
and Walk Trap produced the highest modularity scores. A
full table of the algorithms and their corresponding cluster
numbers and modularity scores is shown in the results section.

V. RESULTS

A. Initial Characterization

The degree distributions for the directed, unipartite
receiver-to-receiver and Erdős–Rényi random graphs are
compared in Figure 2.

Fig. 2. In- and out-degree distributions of the unipartite detection (left) and
Erdős–Rényi (right) random graph.

The detection graph is much more right-skewed than the
Erdős–Rényi graph, with more outliers of high degree. The
Erdős–Rényi graph also has a smaller diameter than the
detection graph (3.29 vs. 5.69 according to the approximate
neighborhood function) and higher average clustering coeffi-
cient (1336 vs. 669). However, the Erdős–Rényi graph has a
much lower number of triads, with 48 as opposed to the 246 in
the detection graph. These metrics suggest that the detection
graph does not have many clusters larger than triad size, which
would make the diameter high and clustering coefficient low.

The degree distributions for the manta-to-receiver and
random bipartite graphs are shown in Figure 3.

Fig. 3. Receiver node and manta node degree distributions of the bipartite
detection (left) and Erdős–Rényi (right) random graphs.

The degree distributions of the bipartite graphs show the
same pattern as the unipartite graphs, with the real graph
having a greater diversity in degree in both node groups. The
comparison is also similar in terms of graph diameter: the
diameter of the random bipartite graph is smaller than that of
the manta-to-receiver graph by the approximate neighborhood
function (3.95 vs. 6.92).

B. Motif Analysis

We initially did a single network significance profile over
all time and all rays to get a general sense of manta ray
movements (Figure 5). Compared to the random graph, we
notice that motifs 1, 2, and 3 are less common. Meanwhile,
motifs 4, 5, and 6 are notably more significant, as well as
motifs 9 onward.

Because our data was over all time, we wanted to break up
this profile by time period and by ray to see if these patterns
of significance persist under different conditions. These are all
grouped in Figure 11. In Figure 11, we find that the general
trends of ray movements stay the same, with some exception:

• For motifs over all rays, Figure 6, we see that our chart
follows the same trend as our total graph, but is fairly
noisy.

• For yearly motifs, Figure 7, we have a lot of variation
in years 2007 and 2013-2015, as seen in Table III. Years
with less data were found to be less consistent, this was
likely due to only sampling from less than 10 rays.

• For monthly motifs, Figure 8, we found that from
June through November, the significance of Motif 13
increased.

• For months with high El Nino and La Nina scores,
Figures 9 and 10, we found that profiles were fairly
similar, with the exception of Motif 3 — of which dipped
slightly in La Nina months.

C. Role Extraction

The RolX algorithm yielded eight roles for the unipartite
receiver-to-receiver graph. The role assignments are shown in
Figure 12.

Role 1 was the dominant role in the unipartite graph, with
55.5% of receivers being assigned to it, followed by Role 2.
Role 6 was the least common role, with only two nodes on the
West Coast of Australia being assigned to it. Roles 3, 5, and
7 were only present on the East Coast. The roles appear to be
fairly heterogeneous in terms of latitudinal distribution. Role
4 appears to correspond to nodes close to Ausralia’s coastline.
Stations assigned to Role 0 tend to only occur close to stations
assigned to Role 1. The data published by Jaine et al. (2012)
allow for a preliminary, qualitative comparison between RolX
roles and observed uses of habitat. The mapping of RolX role
to relative frequency of habitat use type is shown in Figure 13

Based on Figure 13, it appears that Role 0 may correspond
to a fairly even mixture of cruising, cleaning, and foraging.
Role 1 similarly corresponds to all three types of habitat use,
with cruising being a much larger component. Neither Roles 2
nor 7 contain a significant amount of cleaning. Role 2 contains
a significantly larger portion of cruising behavior than Role 7.
Based on the extremely small number of points to compare,
it was not possible to determine whether role and habitat use
profile have a significant relationship, although the limited data
available suggest that profiles may be distinct between the
roles.
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Fig. 4. Triad Significance Profile Order (Milo et al., 2004).

Fig. 5. Network Significance Profile of Ray Movement Over All Time

Fig. 6. Network Significance Profile by Each Ray’s Movement Over All Time

Fig. 7. Network Significance Profile of All Ray Movement by Year

Fig. 8. Network Significance Profile of All Ray Movement by Month

Fig. 9. Network Significance Profile of Ray Movement of La Nina Months

Fig. 10. Network Significance Profile of Ray Movement of El Nino Months

Fig. 11. All Generated Network Significance Profiles

Fig. 12. Role assignments of the stations by RolX overplotted on bathymetry
(z).

Fig. 13. Relative uses of habitat at receiver stations around Lady Elliot Island
(Jaine et al., 2012) mapped to receiver station roles, as determined by RolX.

D. Community Detection

Table VI shows the modularity scores and corresponding
optimal number of clusters for each community detection
algorithm. Multilevel and Walk Trap produced the highest
modularity scores, with 0.6248 and 0.6246 respectively. Vi-
sualizations of the cluster assignments made by these two
algorithms can be seen in Figures 14 and 15. In those figures,
each color represents a different community cluster, and nodes
labeled ”r” and ”m” correspond to receivers and mantas
respectively. Figure 16 shows the geographic layout of the
clusters found by the Multilevel algorithm.

VI. ANALYSIS

A. Initial Characterization

The degree distributions of both the unipartite receiver-
to-receiver and bipartite manta-to-receiver suggest a more
complex graph structure than that determined by random
movements. Reef mantas exhibit complex movements on a
daily basis, moving inshore to clean and socialize during the
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TABLE VI
MODULARITY SCORES AND CLUSTER NUMBERS FOR COMMUNITY

DETECTION ALGORITHMS

Algorithm: Modularity: Number of Clusters:

Girvan-Newman 0.6014 7
CNM 0.6119 9

Leading Eigenvector 0.5827 11
Fast Greedy 0.6097 6
Walk Trap 0.6246 9
Spin Glass 0.6193 10

Label Propagation (Max) 0.6163 8
Label Propagation (Min) 0.4883 7

Multilevel 0.6248 7

Fig. 14. Clusters identified by Multilevel algorithm on bipartite graph

Fig. 15. Clusters identified by Walk Trap algorithm on bipartite graph

day and offshore to feed at night (Marshall et al., 2018). This
could help explain why some receivers are more visited than
others. The real graphs have a lower diameter relative to their
associated random graphs, suggesting that there is possibly low
connectivity between communities. In the unipartite graph, it

Fig. 16. Spatial distribution of the acoustic receivers colored by the com-
munities determined by the Multilevel algorithm overplotted on bathymetry
(z).

suggests that individual mantas may only visit certain groups
of receivers; in the bipartite graph, it suggests that only small
groups of mantas visit the same receiver. This finding is
supported by Marshall et al. (2018), who state that reef mantas
have low connectivity between distant habitats.

Sampling bias should be considered as an influence on
these graph properties, as receiver locations are a function of
areas that are accessible and financially feasible for humans
to reach. For example, the North Coast of Australia is largely
inaccessible due to the prevalence of saltwater crocodiles and
box jellyfish. Therefore, low connectivity in the graphs may
be due in part to a lack of receivers in between areas of high
receiver density.

B. Motif Analysis

All of our network significance profiles followed a similar
trend, of which reflected real manta ray behavior. We note that
the most prominent motifs are ones that display some kind of
back-and-forth behavior: 4, 5, 6, 9, 10, 11, 12, and 13 — in
which motifs with more bi-directed edges tend to be more
popular. This is in line with manta ray behavior, given that —
as mentioned in the previous section — rays will move in and
offshore to accomplish different tasks. It’s important to note
that certain patterns should be rare or difficult to accomplish
using patterns of movement — for example, 1 can only be
accomplished from multiple rays leaving from a point but
not returning — however, motifs 3 and 8 are both possible
for a single ray to accomplish, and are of relatively low
significance on all of our profiles, including that of individual
ray movement.

Due to the sparseness in data in 2007 and between 2013-
2015, we could not find any clear correlation over years. We
had initially hoped to look for patterns with El Nino and La
Nina — warm and cool events in the tropical Pacific — in our
data. We found, however, that we only had thorough data in
one range of El Nino years: 2009-2010. This led us to focus
on data by month.

In our monthly data, we found that from June through
November, the significance of Motif 13 increased. This could
be attributed to the increase of activity in summer months,
which we noted in our DATA section. It is unclear, however,
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if this increase happened because of the increased number
of rays or because the rays were more prone to movement
in warmer water. Similarly, with our significance profiles of
monthly movement over La Nina and El Nino months, we saw
a lower significance of Motif 3 in La Nina months. Motif 3
is two sequential arrows — which would indicate a path that
is only traveled in one direction. Because La Nina months are
cold events, the rays could have also traveled north towards the
Equator — where our receivers are — increasing ray activity
and lowering the likelihood of Motif 3. Again, however, it’s
unclear if we can attribute the decrease in the motif to an
increased number of rays or to warmer waters facilitating more
activity for each ray.

Our main difficulty in analyzing our network significance
profiles came from how the times and sources associated with
these movements were all layered on top of each other. In the
future, we might try resolve this by generating motifs with
respect to time. This would involve going through telemetry
data temporally, constructing our motifs of size k by tracking
the visiting of nodes over time, k nodes at a time. Similar
work has been done by Paranjape et al. (2017) on temporal
motifs, in which they focus on motifs within time windows.
We could augment their ideas to incorporate the idea of spatial
movement and individual actors to analyze telemetry data.
Although we were unable to pursue this idea in this paper,
it may be a promising path to continue down in the future.

C. Role Extraction

RolX is an algorithm that has never before been applied to
acoustic telemetry data. According to RolX, different receivers
appear to serve different roles in the unipartite graph that is
separate from their physical location. However, the fact that
certain roles were only present on one coast would suggest
some overfitting to the data. Since reef mantas generally stay
on one coast of Australia or the other (Couturier et al., 2014),
one would expect all roles to be present on both coasts given
that the populations behave similarly.

One or more of the roles assigned by RolX may correspond
to a cleaning station, as mantas are known to frequent specific
parts of reefs to have fish eat their parasites and dead skin.
Using the habitat use data provided by Jaine et al. (2012) as
context, the widespread distribution of Role 1 would suggest
that most receiver sites are used for a mixture of cruising,
cleaning, and foraging by reef mantas. However, given the
small amount of data, this inference cannot be stated with any
statistical certainty. More data are needed in order to determine
a correlation between roles assigned by RolX and habitat use.

If and when more habitat use data are available in the future,
role extraction may be a useful tool in extrapolating habitat
use patterns from areas highly observed by humans, such as
Lady Elliot Island, to areas with receivers but without citizen
science projects. This could also be an area of application for
graph convolutional neural networks for node classification.

Sampling bias should again be considered in the roles repre-
sented by receiver stations. Receivers are likely predominantly
placed in areas deemed biologically interesting, and so areas

where mantas only pass through or perform behaviors that are
harder to observe by humans may not be well represented in
the data.

D. Community Detection

Our results agree with the findings of Finn et al. (2014) in
the sense that the Multilevel and Walk Trap algorithms found
the best community clusterings as measured by modularity.
One difference, however, is that they also found the Fast
Greedy algorithm to produce an optimal modularity score. Ad-
ditionally, our findings agree with Orman and Labatut (2009),
who evaluated all of our community detection algorithms, with
the exception of Multilevel, and found that Walk Trap and Spin
Glass were the most robust. These comparisons are interesting
not only because they provide additional supporting evidence
for the efficacy of these three algorithms, but also because
they suggest that Multilevel and Walk Trap may have proper-
ties that are particularly well suited to detecting intraspecies
ecological communities. In particular, one can imagine how
the agglomerative nature of the Multilevel algorithm would
help it identify macro communities of animals who associate
with one another.

Another interesting finding, illustrated in Figure 16 is that
the clusters identified by the Multilevel algorithm are not geo-
graphically constrained. The same holds true for the Walk Trap
algorithm, though that figure is not displayed for conciseness.
We are now left with the task of interpreting the meaning
of the clusters identified by these two algorithms. We know
from Marshall et al. (2019) that our species of manta is highly
residential, so we can rule out the idea that the clusters are
migratory groups of mantas.

Interpreting the receiver cluster labels is therefore diffi-
cult, though we can say that we do see relatively strong
modular structure among the manta communities, especially
as compared to previous research. Perryman et al. (2019)
found that there was only weak modular structure among
reef mantas in West Papua (with leading Eigenvector giving
modularity scores of 0.168), but their research was done on
photo ID’d mantas, and presupposed that mantas seen together
were associated. In terms of acoustic telemetry data, the best
modularity scores from Finn et al. (2014) on their study of
Bonefish was 0.396, but this was performed on an entirely
different species on a much smaller geographic scale. As far
as we know, this is the first community detection performed
on acoustic telemetry data of our species of manta ray.

It is also interesting to note that our optimal clustering
algorithm identifies 7 clusters, which is also the same number
of roles identified by RolX on the receivers, however there is
no perfect bijection of nodes between nodes in Figures 12 and
16. We propose that the communities may reflect clusters of
similar group size and/or behavior across the mantas at specific
receiver locations with some noise, and would be interested
in reproducing our methods on different datasets of mantas to
see if we find similar findings.
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VII. CONCLUSION

Three network analysis approaches were taken to analyze
acoustic telemetry data of reef manta rays around Australia:
motif analysis, role extraction, and community detection.

The findings of motif analysis and community detection
capture movement patterns at different spatial scales. The
motif analysis effectively captured known small-scale manta
ray movement patterns, namely, back-and-forth movements
between spots for feeding and socializing, as well as sea-
sonal migrations. Community detection, however, assigned
communities that were generally widely distributed over space,
suggesting associations between mantas over wide geographic
areas.

RolX suggested a spatially heterogeneous distribution of
roles for the receivers. Preliminary findings suggest that some
receivers are home to a mixture of activities, while others are
predominantly only used for one activity. However, more data
are needed to draw statistically sound conclusions.

Future work should focus on applying these techniques to
datasets with more consistent representation of years. For the
reef manta ray, it is difficult to form robust trends over time
because the number of rays tagged each year varied so greatly.
Ideally, a more consistent dataset would also allow for a clearer
ecological interpretation of the significantly modular structure
of manta rays across receiver vertices. Additionally, as noted in
our motif analysis results, there is a window of opportunity to
create a better algorithm for tackling temporal motif analysis
of telemetry data, in which we could capture k-length motifs
of movements per tracked individual.
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We believe that we all contributed our fair share, and would
like to be graded equally.
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APPENDIX

TABLE VII
ENTRIES PER MONTH BY YEAR

Year J F M A M J J A S O N D

2007 0 0 0 0 0 0 0 0 0 0 2 131
2008 3 269 630 1003 376 196 230 90 663 203 364 526
2009 292 164 1205 641 335 3931 2480 5227 4360 606 2514 1521
2010 808 134 48 9 12 359 1760 3290 2569 2012 436 277
2011 46 805 1571 173 1572 6510 24886 28583 20068 20822 20233 22564
2012 21228 14267 20739 21761 21233 21358 54370 71443 47332 19263 22240 20676
2013 16430 15027 13718 1252 69 274 853 1083 56 415 750 1123
2014 119 0 0 83 59 0 0 1 0 0 0 0
2015 0 0 0 0 0 0 1 0 4 0 12 1

TABLE VIII
RAYS PER MONTH BY YEAR

Year J F M A M J J A S O N D

2007 0 0 0 0 0 0 0 0 0 0 1 2
2008 1 3 10 14 11 8 8 7 9 12 7 6
2009 6 5 11 11 8 20 14 12 12 8 10 8
2010 9 5 4 2 1 3 6 4 5 4 1 2
2011 1 3 3 2 3 12 10 10 7 7 10 7
2012 6 3 1 1 1 9 7 9 2 4 3 2
2013 2 2 2 2 2 2 2 1 3 2 3 3
2014 3 0 0 1 1 0 0 1 0 0 0 0
2015 0 0 0 0 0 0 1 0 1 0 1 1

TABLE IX
RECIEVERS PER MONTH BY YEAR

Year J F M A M J J A S O N D

2007 0 0 0 0 0 0 0 0 0 0 2 3
2008 2 17 8 19 16 11 14 11 11 9 9 6
2009 9 8 9 9 13 27 43 17 16 8 16 12
2010 10 6 4 3 3 4 8 6 9 7 6 5
2011 4 6 7 9 17 6 13 15 6 9 10 12
2012 12 9 2 2 2 8 16 17 4 6 4 2
2013 1 3 3 1 3 4 4 5 4 5 5 5
2014 16 0 0 2 7 0 0 1 0 0 0 0
2015 0 0 0 0 0 0 1 0 1 0 4 1
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