Identifying perpetuation in processes driving fish movement
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Summary

This extended abstract explores ongoing work that is developing new models and
algorithms capable of identifying the environmental drivers of human and animal movement.
Specifically, the paper presents an algorithm able to identify the perpetuating conditions for
movement: those ranges of environmental variables that are necessary for movement to occur.
Our algorithm is tested on fish movement data from a large, long-term ecology study in
Australia, combined with environmental data about water temperatures, levels, and salinity.
The results demonstrate the types of rules that can generated from real movement patterns
using our algorithm.
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Introduction

Context-aware movement analysis (CAMA) aims to relate movement to the underlying geographic
context in which that movement is embedded (Laube, 2014). Understanding how geographic space
drives movement patterns is arguably of much greater importance in most applications than analyzing the geometry of the movement patterns (a perspective often ignored by traditional movement
analysis approaches, cf. Laube et al., 2005; Buchin et al., 2011). In this extended abstract we
explore ongoing work developing techniques capable of identifying the environmental drivers of
movement. Specifically, the work reported concerns the identification of perpetuating conditions
for movement: those ranges of environmental conditions that are necessary for movement to occur,
even though these conditions may not directly be the causes of movement. The approach, tested
on fish movement data from a large long-term ecology study in Australia, demonstrates the types
of rules generated from real movement patterns.
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2

Perpetuation

Our algorithm for identifying perpetuation is a component of a larger attempt to identify other
types of causation too, including previous work on identification of causal events in fish movements
(Bleisch et al., 2013, 2014). Our general model of causation has as its primary focus the relationships
between events, some of which are causes while others are effects. The most general form of causal
rules we are working towards handling is:
[Causes | Conditions] ⇒ effect after Delay,
where
• Causes ⊂ C, C is a set of causes (environmental events),
• Conditions is a set of conditions, where each condition is a triple c = (pc , vc− , vc+ ) ∈ P × R × R,
and P is the set of all environmental processes
• effect ∈ M, M is the set of effects (movement events).
• Delay is a delay interval [d− , d+ ], where d− , d+ are integers such that 0 ≤ d− ≤ d+ .
In a condition, vc− and vc+ are the limits of a range within which the value of pc must fall in order
for the condition to hold. The environmental process pc is drawn from the set of environmental
processes P (which might include processes such as temperature, turbidity, water level, and so forth
in the case of fish movements). Note that following Galton (2012), only events can strictly cause
other events. When one ongoing process is responsible for the continuing operation of another, we
refer to this as perpetuation rather than cause. Within our general scheme, perpetuation effects
can be simulated by dropping the Causes term and using the Conditions to encode the perpetuating
processes. The effect is then an event acting as a proxy for the perpetuated process (as might arise,
for example, from discrete observations of what is in reality a continuous process). This results in
rules of the form:
Conditions ⇒ effect after Delay
which are the target of the investigations reported here.
2.1

Problem statement

Now assume a data set recording the occurrences of movement events M at every timestep over
some time period T = [0, n] along with the continuously varying values of relevant environmental
processes P across the geographic space in which movement takes place. Our problem is to identify
a compact set of rules of the form Conditions ⇒ effect after Delay that accurately describe this
data.

2.2

Algorithm

Although our full algorithm for dealing with causing events and their interactions with perpetuating
processes is rather complex, the component for dealing with perpetuation alone can be relatively
simply sketched. Informally, we can:
1. label each time step t ∈ T as “good” (if the movement effect occurs) or “bad” (if the movement
effect does not occur);
2. sort the labeled time steps according to the values of a chosen environmental process pc ;
3. identify consecutive runs of time steps within the sorted sequence; and
4. take the union of the sets of intervals delimiting the start and end points of this each;
In cases where there is only one rule driven by only one perpetuating environmental process, this
procedure performs well. Extending the approach to multiple rules (explaining different movement
effects), and multiple environmental process (with different conditions), and time delays (resulting from inevitable temporal and spatial granularity effects upon the detection of movement and
monitoring environmental processes), makes our full algorithm somewhat more complex. Further,
although this algorithm is explicitly temporal, it is not explicitly spatial (as indeed might be expected for a general treatment of causality). Our results also consider the spatial coincidence of
perpetuating processes and effects, on the assumption that causal relationships operate in only over
immediate temporal and spatial proximity. However, a fuller discussion of the algorithm and these
issues is beyond the scope of this extended abstract.
3

Preliminary results and outlook

Our data set involved the set of movement events of more than 1000 tagged fish in the Murray
River, south eastern Australia, monitored over five years using a network of 18 logging towers that
partition the river system into 24 zones (Koehn et al., 2008). Figure 1 depicts the 24 zones and
their downstream adjacencies.
The effects were taken to be the set of fish movements. In our analysis we distinguished upstream
and downstream movements, as well as movements between different zones. For example, Figure 2
summarizes the number of downstream movement events between adjacent zones over the five year
time period. The Figure shows significantly more movement in later years (most likely a larger-scale
effect itself of the decade-long drought in southern Australia which ended in 2010).
Data about water temperature, water level, and salinity from monitoring stations along the river
was used as the environmental processes. Space in this extended abstract does not permit an
exploration of the full set of results. However, Table 1 gives examples of the best rules found for
water level in selected zones, but typical of other zones and processes. The final column in Table 1
shows the F1 score for these rules. The F1 score is calculated as the harmonic mean of the precision
(positive predictive value) and sensitivity (true positive rate) and provides a useful measure of rule

Figure 1: Schematic of zones of monitored river system in the Murray River, Australia, highlighting
downstream adjacencies (Koehn et al., 2008). The total length of monitored river is approximately
200km.
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Figure 2: Log of number of fish downstream movements between zones (identified along the columns)
over elapsed time.
accuracy (F1 score of 1.0 indicates no false positives or false negatives, a score of 0.0 indicates only
false positives and false negatives). These rules vary between moderately poor performance (e.g.,
the best rule for zone n, F1 =0.26) up to remarkably good performance. For example, for zone r the
rule 1.60 ≤ wl ≤ 6.75 ⇒ after alone can be used to account relatively reliably for movements from
r to o within 0 to 5 time steps (F1 =0.62).
Broadly, these results are encouraging in the context of the limitations that 1. these rules only
concern the single most effective rule in a zone (additional rules found might further increase the
accuracy); 2. the rules only concern water level (other environmental variables might be necessary
to explain many fish movements); 3. the rules do not yet account for uncertainty in the data or
causal rules; and 4. the rules only concern conditions of perpetuating processes, and do not yet
incorporate events (such as moon phase, flood events, or the end of droughts). Current work is
investigating each of these limitations.

Zone
i
j
n
o
r
s
u
v

Best rule found
126.41 ≤ wl ≤ 131.53 ⇒ moving from i downstream to h after [0, 5]
126.89 ≤ wl ≤ 126.92 ⇒ moving from j downstream to k after [4, 5]
124.67 ≤ wl ≤ 124.75 ⇒ moving from n downstream to i after [0, 5]
1.60 ≤ wl ≤ 6.75 ⇒ moving from o downstream to n after [0, 5]
3.02 ≤ wl ≤ 6.75 ⇒ moving from r downstream to o after [0, 5]
2.24 ≤ wl ≤ 6.40 ⇒ moving from s downstream to r after [0, 5]
2.33 ≤ wl ≤ 6.40 ⇒ moving from u downstream to s after [0, 5]
2.78 ≤ wl ≤ 6.40 ⇒ moving from v downstream to u after [0, 5]

F1 score
0.45
0.26
0.26
0.46
0.62
0.42
0.58
0.48

Table 1: The best rules discovered for selected upstream movement effects, typical of the wider
results.
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