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Abstract

An observation that has gone largely unnoticed in the hydrological literature is that the Mood test for
equal scales, originally designed for univariate samples, can be extended to the multivariate setting in
ways that capture joint scale shifts across correlated flood indicators. This research develops such an
extension and applies it to annual maximum discharge, peak water level, and flood duration data from 16
gauging stations along the Brahmaputra River in India and Bangladesh, covering the years 2000 to 2022.
Graph-theoretic representations of the station network defined the spatial dependence structure, while the
Laplace equation on the network graph provided harmonic interpolation of flood characteristics between
stations. Laplace transforms of the flood duration distribution supplied moment-generating functions
used to derive the asymptotic variance of the multivariate Mood statistic. Survey design principles guided
the selection of a balanced panel of stations, and support vector machine classifiers benchmarked the
test's ability to distinguish pre- and post-2010 flood regimes. The multivariate Mood test detected a
significant scale shift (p = 0.003) in the joint flood distribution after 2010, a shift missed by the
univariate Mood test applied to any single indicator. The support vector machine achieved 84.6 percent
classification accuracy using the multivariate scale features as inputs, compared with 71.3 percent using
univariate features alone. These results indicate that multivariate extensions of classical scale tests can
reveal regime changes in complex flood systems that univariate analyses overlook.
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Introduction

Most hydrologists who have worked on the Brahmaputra would agree on one thing: the river
doesn't follow the rules. Peak discharges at Pandu, India, have exceeded 70,000 cubic metres
per second in some years and barely reached 40,000 in others, a variability that makes flood
frequency estimation both critical and frustrating M. Standard approaches treat each flood
indicator, discharge, water level, duration, separately, testing for trends or regime changes one
variable at a time. But floods are multivariate events, and a shift in the joint scale of these
indicators can go undetected when each margin is tested alone.

The Mood test, proposed by Mood in 1954 2, uses the sum of squared deviations of the ranks
from the combined sample median rank as its test statistic. It is a rank-based test for
differences in scale (dispersion) between two populations, requiring no distributional
assumptions beyond continuity. Its power is highest against alternatives where the two
populations differ in spread but share the same location, making it well suited to flood
frequency applications where non-stationarity may manifest as increased variability rather than
a shift in the mean I,

Extending the Mood test to multiple response variables requires a definition of multivariate
ranks and a corresponding test statistic. Several approaches exist, including componentwise
ranks, spatial ranks based on data depth, and graph-based ranks defined by nearest-neighbour
distances . This research adopts the graph-based approach, defining ranks on the minimum
spanning tree of the inter-observation distance matrix. The resulting multivariate Mood
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statistic inherits the distribution-free property of its univariate
parent under the null hypothesis of equal multivariate scales.
The Brahmaputra application uses data from 16 stations
spanning the river's course from Dibrugarh, Assam, to
Bahadurabad, Bangladesh, over 23 flood seasons (2000-
2022). Graph theory provides the spatial structure, the
Laplace equation on the station network interpolates between
stations, and Laplace transforms supply the moment-
generating machinery for deriving the test's asymptotic
properties. The research was conducted at the Curitiba
Academy of Statistical Research, Curitiba, Parana, Brazil.

Model description and parameterisation

The multivariate Mood statistic was constructed as follows.
For two samples of trivariate flood vectors (discharge, water
level, duration) of sizes m and n, the combined sample of N =
m + n observations was used to build a minimum spanning
tree (MST) on the Euclidean distances in three-dimensional
space. Each observation was assigned a graph rank equal to
its depth in the MST, defined as the number of edges on the
longest path from that node to a leaf ™. The multivariate
Mood Statistic M was defined as M = sum- {i in sample 1}
(R-i - (N+1)/2) ~2, where R-i is the graph rank, analogous to
the univariate Mood statistic but with graph ranks replacing
linear ranks. Under the null hypothesis of equal multivariate
scale, M has an asymptotic normal distribution with mean and
variance derived from the MST's degree sequence. The
Laplace transform of the flood duration distribution, L(s) =
E[exp(-sD)], was used to compute the variance correction for
the heavy-tailed duration component, ensuring that the
asymptotic approximation remained accurate even when the
marginal distributions were skewed 1.

Material and methods

Material

Annual flood records for 16 gauging stations along the
Brahmaputra River were obtained from the India Central
Water Commission (stations in Assam) and the Bangladesh
Water Development Board (stations in Bangladesh) for the
flood seasons of 2000 through 2022. Three variables were
recorded for each station-year: annual maximum
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instantaneous  discharge (cubic metres per second),
corresponding peak water level (metres above datum), and
flood duration (days above danger level). Station selection
followed a survey design that ensured balanced representation
of the upper, middle, and lower river reaches, with at least
four stations per reach [, Satellite-derived inundation extent
from the Dartmouth Flood Observatory was used as an
auxiliary variable for stations with incomplete records. The
research was conducted at the Department of Probability and
Statistics, Curitiba Academy of Statistical Research, Curitiba,
Parana, Brazil, between January 2022 and June 2023. Ethics
approval was not required because the research used publicly
available hydrological records. Analysis used R version 4.2.2
with the energy, e1071, and igraph packages.

Methods

The 23-year record was split at 2010 to define pre- and post-
2010 samples, motivated by reports of intensifying flood
variability in the Brahmaputra after 2010 [). The univariate
Mood test was applied separately to each of the three flood
indicators, using the standard squared-rank statistic with a
continuity-corrected normal approximation. The multivariate
Mood test was computed on the trivariate flood vectors using
the MST-based graph ranks described above. The Laplace
equation on the station network graph, defined with inverse-
distance edge weights, was solved to interpolate flood
characteristics at ungauged points between stations, providing
a spatially continuous flood surface for visualisation. The
Laplace transform of the flood duration distribution was
estimated by fitting a gamma distribution to the duration data
by maximum likelihood and evaluating L(s) = (beta / (beta +
s)) Malpha analytically. Support vector machines with a radial
basis function kernel were trained to classify each station-year
as pre- or post-2010 using either the three univariate scale
features (squared deviations from the median for each
indicator) or the single multivariate scale feature (the graph-
rank-based Mood contribution). Classification accuracy was
assessed by leave-one-year-out cross-validation [,

Results

Table 1: Univariate and multivariate Mood test results for pre- vs post-2010 flood regimes

Test Statistic p-value Conclusion

Mood (Discharge) 2.31 0.128 Not signif.
Mood (Water Level) 1.87 0.171 Not signif.
Mood (Duration) 2.64 0.104 Not signif.
Multivariate Mood 8.92 0.003 Significant

None of the three univariate Mood tests detected a significant
scale shift at the 0.05 level, with p-values ranging from 0.104
(duration) to 0.171 (water level). The multivariate Mood test,

by contrast, yielded a statistic of 8.92 (p = 0.003), providing
strong evidence for a joint scale shift in the trivariate flood
distribution after 2010 (Table 1).

Table 2: Support vector machine classification accuracy for pre- vs post-2010 regime

Feature Set Accuracy (%) Sensitivity (%) Specificity (%)
Univariate scale features 71.3 68.4 74.1
Multivariate scale feature 84.6 82.1 87.0

Combined features 86.2 84.3 88.1

The SVM trained on the multivariate scale feature achieved
84.6 percent accuracy, a 13.3 percentage point gain over the
univariate feature set (71.3 percent). Combining both feature
sets gave a marginal further improvement to 86.2 percent

(Table 2), suggesting that most of the discriminative
information was already captured by the multivariate Mood
contribution.
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Fig 1: Annual flood frequency index at Brahmaputra gauging stations, 2000-2022

Monsoon
Surge

23.1%

Snowmelt
Pulse

Dam
Release

12.5%

Tributary

16.3% Input

19.7%

Baseflow
Contrib.

Fig 2: Proportional contribution of flood components to total Brahmaputra discharge variability

Discussion

The multivariate Mood test's ability to detect a joint scale
shift that all three univariate tests missed illustrates a well-
known but often ignored principle: marginal tests can miss
multivariate signals. The joint shift appeared because post-
2010 floods were not just larger or longer on average but
more variable in their joint behaviour, years with high
discharge but short duration alternated with years of moderate
discharge but exceptionally long duration, a pattern that
inflates the multivariate scale without necessarily inflating
any single marginal scale P,

The graph-theoretic construction of multivariate ranks via the
minimum spanning tree has the advantage of being affine-
invariant: rotating or rescaling the flood variables doesn't
change the MST structure or the resulting ranks. This property
is important because the three flood indicators have different
units and vastly different magnitudes . The Laplace
equation interpolation on the station network produced
smooth flood surfaces that agreed visually with satellite
inundation maps, though formal validation against the
Dartmouth Flood Observatory data showed a mean absolute
error of 8.3 percent in inundation extent.
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The SVM results confirm that the multivariate scale shift has
practical predictive value: an 84.6 percent accuracy in
distinguishing pre- from post-2010 flood regimes means that
the joint scale feature carries regime information that could
inform early warning systems. The radial basis kernel's
implicit mapping to a high-dimensional feature space may
have captured nonlinear interactions between the flood
indicators that the linear Mood statistic does not explicitly
model (81,

A limitation is the relatively short record: 11 years before and
12 years after the putative 2010 breakpoint provide limited
power for detecting subtle shifts. The choice of 2010 as the
split point was informed by prior literature [l rather than
estimated from the data, which avoids selection bias but
means the test is conditional on this choice being correct.

Sensitivity analysis

To assess the sensitivity of the multivariate Mood test to the
choice of split point, the analysis was repeated with
breakpoints at every year from 2005 to 2015. The test statistic
exceeded the 0.05 critical value for split points at 2009, 2010,
and 2011, with the maximum statistic at 2010 (M = 8.92).
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Split points before 2008 or after 2012 yielded non-significant
results, supporting the interpretation that the regime change
was concentrated around 2010. Robustness to the distance
metric was checked by replacing Euclidean distance with
Mahalanobis distance in the MST construction; the resulting
p-value shifted from 0.003 to 0.005, still clearly significant.

Conclusion

This research extended the Mood test for equal scales to the
multivariate setting using minimum spanning tree graph ranks
and applied it to trivariate flood data from the Brahmaputra
River. The multivariate test detected a significant joint scale
shift after 2010 that no univariate test identified,
demonstrating the value of multivariate scale diagnostics in
flood frequency analysis. Support vector machine
classification confirmed the practical discriminative power of
the multivariate scale feature. Graph-theoretic spatial
interpolation via the Laplace equation provided smooth flood
surfaces between stations. These results argue for routine use
of multivariate scale tests alongside univariate analyses in
flood regime assessment and suggest that the Brahmaputra's
flood variability structure underwent a genuine change around
2010. Future research should extend the multivariate Mood
framework to accommodate spatial correlation among stations
and test it on other large river systems with suspected non-
stationary flood behaviour.
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