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1. Motivation 2. Objectives

The Indus River Basin (IRB) faces significant water scarcity challenges due to climate change, population growth, e Utilising the IRB as a case study, we develop a methodology that harnesses the power of such large ensembles of
unregulated water abstraction and unsustainable agricultural practices. databases

Integrated Assessment Models (IAMs) can provide comprehensive assessments of these complex interactions. i. To discover critical water futures as “Ensemble of Outliers”.

Recent study conducted by Dolan et al. (2021) used Global Change Analysis Model (GCAM) to generate a large ii. Analyse their attributes, including what makes them critical.

ensemble of 3,000 plausible future scenarios across multiple dimensions.

3. lllustrated Methodology

 We apply Gaussian Mixture Models (GMM) clustering algorithm to irrigation withdrawals for cotton 2100 and highlight candidate Ensemble of Outliers. Then, we calculate the Mahalanobis distance and p-values to identify Ensembles of Outliers.

35

Cluster_weights

® @ Cluster 0:0.10 1.0
® @ Cluster 1: 0.03 @
® .: ) ® Cluster 2:024 —_ H H
: = D2= (U — H)T « y1 4 (e — 1) 0o Cluster / Characteristics
0 & o8 © - S . - ' '
B v o ] m% . S D2 = squared Mahalanobis distance | 0s o No. of (SSP-Shared Socioeconomic Pathways)
.:? ..\’\).6“ -fai\’ A % K X Cluster_weight < 0.1 = . - g °
ot S, %~ 1= inverse covariance matrix, 0.7 t Scenarios Socioeconomics Agriculture Land Use Scenario
T = transpose, 08 © SSP1,SSP5
z .. o . o _ Universal Carbon Tax
20 lL;; = mean of the cluster, g° Sustainable practices, High input
5 , e _ oo, 4/60 . " . Low carbon
b = I = mean of the entire dataset | SSP3 farming with intensive use of technologies
b’\‘) sz ® 0.3 . H
15 @, Regional rivalry, resources
o\{é;” . . 0.2 .. .
2¢ Eq 1. Mahalanobis distance Limited cooperation, SSP1, SSP5, SSP2
0.1 @ : it e :
" I P(Dz > z) 1 1/90 Income disparities | A combination of sustainable
) — 0.0 . . -
p_vatue , X 0 01 s 03 04 0e 06 0 o8 0o 1d and conventional agriculture
20Cotton Irrig;(t)ion Withdrai?als in (Km3)8f(z':r2100 . P = PrObablllty 4 X" = Ch|'Square StatIStIC | | NO‘rmaIIiSEd .Maha.‘lano.bis d.iStar.‘ce | | praCtICGS
Fig 1. GMM clustering for Cotton 2100 highlightin Fig 2. Ensemble of Outliers for IRB Cotton . .. : :
8 . 8 . en'lE 8 Eq 2. p_value & Table 1. Characteristics of Potential Ensembles of Outliers
candidates of Ensemble of Outliers (black) 2100 (green)

4. General Validation 5. Future Work

* For validation we generate a synthetic dataset of irregular shape with known outliers and implement our methodology to identify Ensembles of Outliers. Here an * Integrate identification and characterisation of ensembles

example of 1500 datapoints with standard deviation 6 and 150 outliers with standard deviation 4 is displayed. .
of critical futures.
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