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1 ABSTRACT

Situational awareness is a central task to managing potential risks to maritime infrastructure; however,
conventional methods for capturing vessel movements are often susceptible to spoofing or sensitive to
weather conditions. This issue motivates the methodology presented in this paper, which investigates
distributed acoustic sensing (DAS) as a method to measure acoustics relating to vessels across wide
regions, and proposes an anomaly detection method to process data. This paper aims to address
two challenges for anomaly detection using DAS data: 1) increasing detection power via leveraging
multiple DAS channels and 2) reducing the number of false alarms when monitoring large regions.
For this purpose, a spatial scan statistic is implemented, as it presents a method for testing regions
with various sizes, and often reduces false alarms related to testing multiple regions independently.
Furthermore, it is proposed that model residuals can be used as features for the spatial scan statistic,
since predictive models can be designed such that their residuals are insensitive to changes in the
data relating to benign events. The proposed system is validated using an open dataset collected
off the coast of Valencia. The results suggest that the method is able to consistently detect ships,
with each ship crossing event in the test set being detected prior to crossing, and on average alarms
are raised when ships are 2km from the cable. Furthermore, the spatial scan statistic is shown to
both increase the detection range, while reducing false alarms when compared to testing each region
independently.

2 INTRODUCTION

Maritime infrastructure such as pipelines, undersea cables and offshore wind turbines, have become
central in the maritime domain. This increasing reliance on maritime infrastructure presents chal-
lenges in relation to managing maritime traffic, as well as the risk of sabotage or terrorism. Two
prevalent methods for monitoring vessel movements include AIS messages', and satellite imaging?.
However, neither of these methods can reliably capture vessel movements in all scenarios — AIS mes-
sages are not a legal requirement for all vessels and can be turned off, and satellite imaging is more
challenging in poor visibility conditions. Thus, a more robust monitoring system requires additional
sensing capabilities. This paper investigates distributed acoustic sensing (DAS)?3, as a cost-effective
method for acoustic sensing across large regions, and presents a spatial anomaly detection method
to detect vessels.

Distributed acoustic sensing is a technology that enables a fibre optic cable to be transformed
into a dense acoustic sensing array®. Thus, acoustic signals from large regions can be measured,
which in combination with automated methods for detection and characterisation, could allow for low-
cost, comprehensive monitoring systems. Several approaches have been proposed for leveraging
DAS data to predict vessel movements. These methods typically follow statistical/machine learning

approaches 58784 or focus purely on signal processing approaches %'%'*:12_ |t should also be noted
that many alternative passive sonar systems have been used to successfully demonstrate automated
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vessel detection in acoustic data'®'41%16  using point sensors or arrays of point sensors. While the
wider passive acoustics literature presents many tools that could be used to process DAS data, the
spatial coverage of DAS presents novel challenges and opportunities.

The large coverage of DAS typically leads to many channels, which presents challenges relating
to the optimal partitioning of the space to select subsets of channels, and developing modelling ap-
proaches to capture spatial dependencies. For example, one approach would be to jointly model the
entire system of sensors; however, this would present a challenging modelling problem, and may lose
sensitivity to local anomalies, as they become averaged out in a large feature pool. In addition, this
approach would provide no information about the location of an anomaly. Another approach would be
to partition the space into predefined regions, and to treat each partition as an independent prediction
problem, which is the main approach taken in previous studies®87:84. However, this approach has
two main issues. First, a fixed partition must be defined; if the region is too small, there is a risk a
feature set will not contain all sensors affected by a signal, reducing detection power, and if the region
is much larger than the affected area, events may be missed because most channels will represent
a normal signal. Second, if there are many partitions, false positive alarms will compound, adding to
the manual effort required to investigate alarms.

These challenges motivates the investigation of spatial scan statistics in this paper, which present
a statistical test for spatial anomalies of varying sizes'”'®. By testing over different window sizes, the
scan statistic circumvents the issues related to a fixed partition, increasing detection power in sce-
narios where anomalies may effect a changing number of sensor channels '®'°. Furthermore, spatial
scan statistics leverage the assumption that observations were drawn from a potentially large space,
reducing the occurrence of false alarms caused by multiple testing'”'®. Scan statistics present a
promising method to leverage information across many DAS channels; as far as the authors are
aware, they have not been previously investigated in the context of DAS. In addition, they have only
been applied in a limited setting for object detection in the maritime domain?®, where a numerical
dataset was used to investigate the scan statistic as a method for post-processing of signal-processing
based binary detection labels using passive acoustic sensors.

To facilitate the application of scan statistics to real-time DAS data, this paper develops a frame-
work to efficiently process many data channels and account for spurious fluctuations in the data.
Specifically, a scan statistic is applied to a model residual instead of the raw signal. This approach
follows ideas relating to modelling covariates 18212223 which is an important consideration for data
where confounding influences will lead to significant variation; in DAS data there are a wide range
of spurious effects that could influence the signal. In this paper, unsupervised modelling approaches
(autoencoders??) are estimated using baseline data including no known vessels. This approach re-
sults in features with reduced sensitivity to patterns captured in the baseline dataset, while maintaining
sensitivity to activity related to vessels. The resulting residual-based scan statistic is tested for the
task of vessel detection using an open dataset collected near Valencia®®. It is demonstrated to suc-
cessfully identify all ten ship crossings in the investigated test set, and in most cases the first alarm
was raised when the ship was still several kilometres from the cable.

The structure of this paper is as follows. Section 2 present the necessary background relating to
scan statistics and introduces the idea of the use of model residuals as a feature. Section 3 then
presents the case study methodology and results using an open dataset collected near Valencia.
Finally, Section 4 presents conclusions and future work.

3 SPATIAL SCAN STATISTICS FOR ANOMALY DETECTION US-
ING DISTRIBUTED ACOUSTIC SENSING

The spatial scan statistic was first proposed by Kuldorf to monitor disease outbreaks using counts of
patients from hospitals'”. Since its original implementation, there have been many variations of the
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Figure 1: Outline of the proposed anomaly detection approach using DAS, where (a) shows the
training process, while (b) presents the testing procedure.

scan statistic proposed?®, and it has found applications in disease/bio terrorism monitoring 819, crime
surveillance?”?8, vehicle traffic analysis?®, target detection, structural damage localisation®9,31:20,
and environmental monitoring2. To apply scan statistics for real-time monitoring of DAS data, meth-
ods for accounting for benign variations and leveraging complex time series with high sampling rates
are required. To this end, this section introduces a methodology for leveraging model residuals as
a feature for the scan statistic. The general methodology is presented in Figure 1, with Figure 1(a)
illustrating the general training methodology, and Figure 1(b) the testing process. First, the neces-
sary background relating to the scan statistic is presented in the following section, and Section 2.2
discusses using model residuals as features.

3.1 Spatial scan statistics

The spatial scan statistic aims to monitor multiple spatially-related time series X = {x1,...,x¢}, t0
detect emerging spatial clusters of anomalous values'’. Cluster detection is achieved by testing
each set of indices S from a the set of index windows S € S. Subset testing of each region S
is achieved by comparing a null hypothesis H,, typically estimated using historical data, with an
alternative hypothesis H;. This paper follows an expectation-based approach '8, which calculates the
alternative hypothesis H; via a maximum likelihood approach applied to a subset; the likelihood ratio
is used as a test statistic and is calculated as follows,

maxy, (syco,(s) [ Lies P(Xi | H1,01(5))
maxg,eo, | [;cs P(xi | Ho,0o)

where P(x; | Ho,6p) represents the likelihood function, and 6, and 6,(S) represent the estimated
parameters for the null and alternative hypothesis respectively. The likelihood function can either
be defined via empirical distributions, commonly Poisson, Bernoulli or Gaussian, or nonparametric
approaches?®. Each candidate region is tested and the cluster with the largest value is selected as
follows,

F(S) = (1)

S* = arg max F(S) (2)

where S* represents the subset with the largest likelihood ratio from all subsets. After evaluating
all regions in S, anomalous regions are reported based on the probability associated with S*; this
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paper implements Monte Carlo testing to obtain probabilities (p-values). By testing all candidate re-
gions and selecting the most likely anomalous cluster, the spatial scan statistic adjusts for the multiple
testing inherent to large spatial domains; thus, reducing false positive alarms '@,

Typically, the set of candidate locations S, are chosen according to a search window, such as a
circle around centroid locations, or by dividing the space into a grid. This paper aims to evaluate
whether the spatial scan statistic can be used to improve detection by leveraging information across
neighbouring DAS channels; in the investigated case the cable follows a straight line. As such, only
one spatial dimension is considered; thus, the window used represented an interval of channels along
the cable § = {{3,...,5} : 1 <i < j < C}. The spatial scan statistic could also be extended to con-
sider measurements from more complex cable geometries; for example, by defining scan windows
on graphs?. It can also be used to test over multiple time instances (the spatio-temporal scan statis-
tic)26. The spatio-temporal scan statistic will be considering in future work.

Since this paper aims to monitor continuous model residuals, a Gaussian likelihood is imple-
mented. One advantage of expectation-based scan statistics is that, when using an exponential
likelihood function, computation time can by reduced significantly be pre-computing statistics '°; this
approach was used in the implementation in this paper.

For a more detailed explanation of the expectation-based spatial scan statistic, the interested
reader may refer to 8.

3.2 Spatial scan statistics using model residuals

The aim of the spatial scan statistic is to monitor C' time series simultaneously to identify spatially
localised anomalies. The motivation of applying the scan statistic to DAS is to simultaneously monitor
C time series relating a large number of channels. However, DAS time series will likely present a
high-dimensional feature for hypothesis testing, representing multiple channels and potentially many
frequencies, when frequency-based features are used. Furthermore, in many cases DAS measure-
ments are affected by a range of confounding factors, including weather, cable degradation, and
wildlife activity, which introduces non-stationary behaviour; thus, requiring more complex generative
models for the null and alternative hypothesis to prevent false alarms?'23,

One approach would be to extract a set of features relating to each channel (or a set of channels),
which are only sensitive to changes in the signal caused by objects of interest. This paper proposes
using the residual of a predictive model as a potential feature, which would allow complex phenom-
ena to be implicitly modelled. This approach is similar to various approaches proposed for modelling
covariates or functional data '8212223; however, it allows for a more flexible specification of the mean
function while also using computationally efficient scan statistics.

In this paper, multiple independent autoencoders were trained using DAS baseline data represent-
ing multiple regions along the cable, where data relating to ships within a certain distance threshold
were removed using AlS data; multiple independent models were trained to account for variation in
measurements across the cable. Autoencoders present a powerful approach for anomaly detection
in high-dimensional data2*, and highlight deviations from the baseline via increased reconstruction
error. By using reconstructive models, relationships implicit in the baseline data can be captured,
i.e. given data from extreme weather conditions, a model should be able to accurately reconstruct
the data, while phenomenon not included in the baseline dataset will be poorly represented, such
as vessels. Future work will consider using different predictive models to improve robustness under
changing conditions, including directly incorporating exogenous features, such as temperature and
wind speed.

For more details on autoencoders the interested reader may refer to24.
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Figure 2: Example of AIS messages for 06/09/2020.

4 CASE STUDY: VALENCIA DAS DATASET

To test the potential of the residual-based scan statistic to detect vessels in a maritime environment,
the dataset during the Valencia-lIsalink experiment was used?®. The following sections provide a
brief description of the dataset and introduce the methodology for establishing a baseline and testing;
results for the detection of vessels crossing and approaching the cable are then presented in Section
3.3.

4.1 Dataset description

The dataset was collected using a Febus Optics A1-R interrogator installed on a standard telecom-
munications cable connecting the Spanish peninsula and Mallorca®®. Data was measured in the first
50km of the cable, over a period of seven days (01/09/2020-07/09/2020). Data were measured with a
sampling frequency of 1000Hz, downsampled to 250Hz, using a gauge length of 30m, and a channel
resolution of 16.8m.

To obtain labels, AIS data was leveraged across the same time period. An example day of vessel
traffic (06/09/2020) is visualised in Figure 2. A geometry file is provided along with the DAS data,
providing coordinates relating to underwater channels; this geometry is also visualised as a red line
in Figure 2. It can be seen a large proportion of traffic in the region either begins or terminates its
journeys in the port of Valencia, with some traffic also coming from Sagunto, and a moderate number
of vessels took a route leading them to approach and/or cross the cable.

To generate labels from AlS signals at the same time scale as the DAS features, linear interpola-
tion between two AIS messages was performed. Future work could consider more advanced methods
for interpolation, such as autoregressive modelling3?; however, linear interpolation should provide a
suitable estimation for this application, assuming ships maintain a constant speed and route. To pre-
vent incorrect labels from poor interpolation, vessel trajectories were filtered to remove cases where
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messages received either side of the cable were more than 15 minutes apart.

Two types of labels were used to validate the method: the minimum distance between a ship and a
given DAS channel, and a binary label indicating a ship crossing the cable. To relate sensor channels
with a their physical location, the geometry file provided with the dataset was used. Thus, distance to
each channel could be computed using haversine distance, and ship crossing were found by looking
at whether segments in the ship trajectory and cable geometry overlapped, as in34.

The first 9,189m of the cable were on land?°.In addition, large numbers of channels in the first
section of the cable underwater contained consistent high levels of noise. As most vessel crossings
in this time period occurred further along the cable, the channels from the first 18.2km were not used.
In addition, after initial analysis of the data, it was found that regions of high amplitude signal relating
to ship crossings, as well as the region of high noise that can often be observed when a DAS cable
transitions from land into the sea, were offset by a constant bias. Based on these observations, the
geometry file was retrospectively corrected by shifting the the original channel indices by 58.

4.2 Feature extraction and training methodology

Data were split into a training, validation and testing set with a proportion of 60:10:30. To establish a
baseline both for the autoencoders and the spatial scan statistic (the null hypothesis), AIS data was
used to filter training data to only include instances where no ship was within a 5km radius of a given
channel. This approach was used rather than directly using AIS data in training as the number of ship
events are small, and data are imbalanced compared to the quantity of baseline data.

Features were obtained via Welches method, with a thirty-second time window, using a fifteen-
second overlap — resulting in a system that evaluates and potentially raises an alarm every fifteen
seconds. Frequency features in the range of 5 to 60Hz were selected to focus on a frequency range
that is commonly related to ships 55, Several channels were concatenated to jointly model multiple
channels, allowing cross-channel relationships to be leveraged for data compression. In this paper,
the FFT features from 10 channels are concatenated, resulting in a feature dimension of 363; this
number was chosen to minimise correlation between the centre points of each set of channels.

There are a number of hyperparameters that must be selected both for the training of the au-
toencoders and to define the spatial scan statistic test. For the autoencoders, several trials were
performed to select an architecture that produced low generalisation error to the validation set; the
encoder and decoder both used two hidden layers with 100 and 75 nodes for the outer and inner lay-
ers respectively, and the latent space used 50 nodes. To establish a suitable length for time windows
and the corresponding number of averages to use within Welches method cross-validation was per-
formed using the validation set, which included ship crossings from the first five days of the dataset;
windows including 150 samples were selected. For the spatial scan statistic, the search space must
be defined. To limit computation, this paper limits the maximum locations to fifty. Standardisation was
used as preprocessing for both the autoencoders, and residuals for the spatial scan statistics. As the
residuals are skewed and prone to extreme values, a power transformation was applied to the data
(the Yeo-Johnson transformation?#), such that it better fits the Gaussian distribution assumption of
the spatial scan statistic.
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True positive Alarm  Average distance Average distance
Method rate rate  at first detection (m) at last detection (m)
Independent detectors 1.00 0.15 1329 2355
Spatial scan 1.00 0.09 1879 2847

Table 1: The average performance of the independent anomaly detector results aggregated vs the
residual-based spatial scan statistic, including proportion of ships detected from ten ships (the true
positive rate for binary crossing indicator labels), the alarm rate - representing the proportion of 15-
second time windows associated with an alarm - and the average distances of the vessels at first and
last detection.

To test the effectiveness of post-processing residuals via the spatial scan statistic, a comparison is
presented using autoencoders as independent anomaly detectors, indicating alarms by thresholding
the reconstruction error. This method provides independent alarms relating to sensor data in regions
of the cable, representing a similar approach to previous literature. To provide a single alarm for a
given time instance, alarms are aggregated by setting the label as true if any label is positive. The
probability threshold for raising an alarm was defined as the 99.9th percentile for both methods.

4.3 Results

Table 1 summarises the performance of the residual-based scan statistic for raising alarms related
ship crossing events specifically, where "independent detectors” refers to the independent anomaly
detector approach. In the test period, ten ships crossed the cable, of which all raised alarms associ-
ated with the estimated crossing time, as shown by the "true positive rate" in Table 1.

On average the spatial scan statistic first raised alarms when ships were 1879m from the cable,
and continued indicating the presence of an anomaly until vessels had moved 2847m from the cable.
This result demonstrates the potential for detecting vessels via DAS. The cause of the asymmetry
between the average first and last detection distance requires further investigation; it may be caused
by changing conditions along the cable or an imbalance in vessel behaviours in the test set. However,
since the test dataset only includes ten crossings, strong conclusions cannot be drawn.

Using, the spatial scan statistic provided an improvement in the detection range from the cable
of around 500m, demonstrating the benefit of combining information from detectors across multiple
channels. In addition, the spatial scan statistic also led to a lower overall proportion of time instances
where an alarm was raised, shown by the alarm rate in Table 1. This result is likely because it is more
robust to spurious spikes in single or small sets of channels. Although, it would clearly still be benefi-
cial to further reduce this alarm rate to prevent wasted personnel time in investigating false alarms.

An example of a single ship trajectory during the test period is shown in Figure 3(a), where each
point represents the location of an AlIS message, and blue and red points indicate no alarm, or alarm
raised, respectively. Meanwhile, Figure 3(b) provides a shows the time and location of anomalous
windows with a dark blue line, and the ship crossing time and location is indicated by the star. It can
be seen in this case an alarm is raised when a ship was at a distance of 3074m from the cable, and
alarms were continually raised while it was near the cable. This result suggests incorporating infor-
mation from multiple time windows may help reduce false positives. For example, a basic approach
would be to only raise an alarm in the case N consecutive alarms were raise. A more advanced ap-
proach would be to leverage a scan statistic with flexible scan windows to leverage anomalous signals
across multiple channels and time instances.

It can be seen in this case, while the ship crossing is within the centre of the window, a wide range
of channels are flagged as anomalous in Figure 3(b), suggesting a potentially limited utility of the

Vol. 48. Pt. 1. 2026



Proceedings of the Institute of Acoustics

39.61 1

—= Cable 08:00:42

08:02:12 -

08:04:01 -

39.58
08:05:31

o8:07:01
08:08:31
39.54 08:10:01
os11:31
08:13:01

08:14:30

tude

239514 o
£ 08:16:00

Lati

08:17:30 -
_______

--------------- 08:19:00 -
_________
39.48 o 08:20:30 -
08:22:00

08:23:31-

.
.
a~ .
1 . 08:25:01 -
39.44 4 || .*
. | . 08:26:31
.
. .
.. .
’o.o.

08:28:01

—— 08:29:31 -

39.41
-0.31

Longitude Channel location (m)
(a) (b)

Figure 3: Example of a single case of vessel detection. The path reported via AlS is indicated by
the red and blue dots in (a), indicating if an alarm was raised, or not raised, at the time of the AIS
message, respectively. The section of the DAS cable used for anomaly detection is indicated by the
black line. Panel (b) shows the time and location of the binary prediction labels and the associated
spatial window, shown by the dark blue lines, and the estimated crossing time and location is shown
by the star marker.

Distance Independent detectors Scan statistic
threshold (m) | TP FP FN TN | TP FP FN TN
500 113 1212 14 7785 | 108 710 19 8287
1000 196 1129 59 7740 | 188 630 67 8239
5000 501 824 1161 6638 | 471 347 1191 7115

Table 2: Number of true positives (TP), false positives (FP), false negatives (FN), and true positives
(TN), when considering all time instances as positive label where ship distances are below the thresh-
old.

method for source localisation, even though it could still present a useful tool for quantifying the extent
acoustic waves can be measured across a cable. This result may suggest source localisation could
be challenging with unsupervised methods, as the signal extends across a large region. Furthermore,
the movement of the ship can be seen from the location of clusters increasing along the cable be-
tween 8:14 and 8:19, which corresponds with the trajectory shown in Figure 3(a). However, at the end
of the detection period, the detection window constricts, and no longer corresponds to the location of
the ship. There are several reasons that may have caused this result: the cable depth is increasing
along the cable, so perhaps only the channels at a shallower depths measured a signal above the
noise floor, or the wave arrival direction may have led to larger axial strain in these locations 6.

The presented method it not necessarily only sensitive to vessel crossings, but any deviation from
the baseline — including ships approaching the cable. Table 2 presents the counts of the true posi-
tives (TP), false positives (FP), false negatives (FN), and true negatives (TN), where a binary label is
considered true, if a ship is within the distance threshold. It can be seen that alarms are raised for the
large majority thirty-second windows when a ship is within 500m of a channel, while detection rate
drops to around 30% when the distance threshold is 5000m. Furthermore, using the scan statistic led
to a slight reduction in true positive predictions; however, it has also significantly reduced the number
of false positive alarms at each distance threshold.
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Proportion of alarms  Average window Average distance from
within the window width (m) window centre to ship (m)

1.00 5580 601

Table 3: Summary of the correspondence between anomalous regions and ship position during cross-
ing events.

Another aspect of the scan statistic is it returns a set of indices for channels with high deviations in
the signal. Assuming an anomalous signal originates from a vessel, these indices should correspond
to channels where the acoustic signal has not yet attenuated close to or below the level of ambient
noise. While this output does not directly correspond to the true location of a source, it may be rea-
sonable to assume the source is within the window, which was the case for all crossing trajectories in
the test set, as shown in Table 3.

It can also be seen with the current implementation of the spatial scan statistic, the average win-
dow size at the time of crossing was large. Considering the detection range indicated in Table 1, it is
feasible this represents the region where channel measurements are significantly affected. This re-
sults further suggests the method could provide a useful scientific tool for assessing the sensitivity of
DAS measurements. Furthermore, it could be informative for downstream analysis to predict source
location; for example, by selecting channels to be used in more computationally intensive methods,
or providing additional information for predictive models. It is important to note, spatial scan statistics
can introduce a bias towards larger windows®”; this phenomenon should be further investigated and
methods for penalising the spatial scan statistic could be implemented. It is also worth noting that in
many cases a more precise indication of the crossing location might be indicated by signal intensity,
or autoencoder residual values.

A naive approach to obtain a more precise location would be to assume a source is at the centre
of a window; the average distance from the centre is also shown in Table 3. It can be seen that while
this assumption does result in a general indication of vessel location, it still presents a large possible
region. Furthermore, how close the vessel is to the centre of the window will be dependent on several
factors, such as the approach angle and environment. It should also be again emphasised that these
results rely an ad-hoc recalibration of the cable location (see Section 3.2); the localisation capabilities
require validation on an additional dataset with accurate calibration.

5 DISCUSSION AND CONCLUSIONS

This paper has presented an initial anomaly detection approach for DAS data using model residu-
als and a spatial scan statistic. This approach was shown to consistently detect vessel crossings
with an average detection range of approximately 2-3km. In addition, aggregating information across
channels via the spatial scan statistic provided a reduction in false positive predictions, as well as an
increased detection range of approximately 500m in comparison to independent anomaly detectors.
Furthermore, the spatial anomalies indicate channels with abnormal signals, providing an initial indi-
cation of source location and a method to investigate to what extent signals can be measured across
a DAS cable.

While this paper provides a positive indication that vessel detection could be reliably achieved with
DAS and cheap-to-train anomaly detection systems, there are several limitations of the presented
study. First, the methods presented should be further validated using larger DAS datasets, which
include measurements of multiple ship crossings and well-calibrated cable locations. Part of this
analysis should include the effects of various vessel characteristics, weather events, cable types, and
changing water depths and bathymetries. Furthermore, one of the core advantages of anomaly de-
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tection is that any object not included in the baseline may be detectable; as such, the methodology
should be tested for detecting a variety of objects.

While several studies have demonstrated successful detection on regions (or patches) of DAS
data, this paper highlights the challenge of high false positive rates caused by multiple testing when
monitoring large regions via DAS. Spatial scan statistics are demonstrated to be a potential solution
to reduce false alarms; however, the reduction of benign alarms while maintaining predictive power
should be a major focus of future work. The first way alarms could be reduced in the presented frame-
work would be to refine the predictive modelling stage; for example, exogenous variables (tempera-
ture, wind speed etc.) could be incorporated; larger, more varied baseline datasets could be used;
and methods for modelling temporal trends could be incorporated. In the post-processing of model
residuals, there are several potential improvements to reduce false positives. One approach could be
to improve scan window selection to perform tests on moving objects over multiple time instance; two
options would be to use kernel-spatial scan methods?®, or subset scans %7, Another potential direc-
tion of research would be to investigate methods for establishing more representative null hypotheses.
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