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ARTICLE INFO ABSTRACT
Keywords: Tailings storage facilities (TSFs) are expanding, and occasional failures can cause severe down-
Tailings storage facilities stream impacts. This study presents a screening-level framework for conditional Potential Loss of

Tailings dam failure

Conditional consequence screening
Potential loss of life

Downstream population exposure
Scenario-set modelling

Life (PLL, given failure) using open datasets, Google Earth Engine (GEE), and an Excel release
model. The workflow estimates dam geometry by DEM cut-and-fill, caps release at 0.90 of stor-
age, routes a MERIT Hydro-guided corridor, applies exponential thickness decay with minimum-
thickness trimming, and evaluates PLL on the WorldPop 100 m grid.

Each site is evaluated using 144 equally weighted deterministic combinations and summarised
with scenario-exceedance curves, scenario-set Value-at-Risk at 95% (VaR95) and scenario-set
Expected Shortfall at 95% (ES95). Across 17 sites, upper-tail PLL spans nearly three orders of
magnitude, with VaR95 from 0.1 to 148 and P99 from 0.15 to nearly 200. A high-consequence
group emerges, while most remain low. Scenario-exceedance curves reveal varied distributions,
including long-tail behaviour where typical outcomes are low but some combinations produce
severe PLL. Partial rank analysis showed a stronger independent association of PLL with exposed
population (ppgiq = 0.64) than with stored volume (ppqpiq = 0.16), although the 17-site sample
limits generalisation.

The framework supports standardised ranking and prioritisation, complementing site-specific
breach hydraulics and evacuation analyses. Results should be interpreted within assumptions
on routing, release estimation, transferable depth-fatality curves, population uncertainty and
equal design weighting. Estimates represent conditional consequences, not probabilistic annual
risk. Future work should extend beyond PLL, which captures only fatality consequences and
cannot substitute for assessing displacement, livelihoods, environmental harm or wider social
consequences.

1. Introduction

Mine tailings, the fine-grained waste from ore processing, are generated in increasing quantities as demand grows for metals used in
low-carbon energy systems. Global tailings generation is approximately 13 billion tonnes annually, while meeting 2020-2050 demand
for key energy-transition commodities could generate up to 2 trillion tonnes of tailings and waste rock combined [1]. This growth
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expands inventories of tailings storage facilities (TSFs) and requires transparent portfolio-level risk governance [1-3]. TSF failures
remain infrequent but high-consequence events [4,5]. Since 1915, 257 failures have been identified, with more than half of total
released volume occurring after 2000 [1,6]. Brumadinho in 2019 and Mount Polley in 2014 illustrate consequences ranging from rapid
downstream propagation and fatalities to infrastructure damage and persistent contamination [7-9].

These events have accelerated governance and disclosure initiatives, including the Global Industry Standard on Tailings Man-
agement (GISTM) and the Global Tailings Portal [2,3,10,11]. GISTM requires credible failure scenarios and assessment of downstream
exposure, vulnerability, and consequences across loss of life, environmental, health, social, cultural, infrastructure, and economic
dimensions [2]. However, Hopkins and Kemp [12] show that credibility also depends on industry power, accountability, independent
assurance, and whether external actors can interrogate operator-generated assessments. Existing classification schemes are not always
directly comparable or accompanied by a common quantitative PLL calculation [13-15]. Facilities within the same category can
therefore have different downstream exposure and fatality potential [16,17]. Portfolio stakeholders need a rapidly applicable method
that provides comparable, quantitative, and uncertainty-aware conditional PLL estimates across facilities [3,10,15,18].

Simple facility-size proxies are also insufficient [4,5,19]. Relationships between stored and released tailings volumes are widely
used for preliminary release estimation, but their predictive strength decreases with larger failure datasets. Piciullo et al. [6] reported
that the coefficient of determination for released versus stored volume decreased to > ~ 0.59 in a larger sample, compared with values
close to 0.9 in earlier studies, and that the average released-to-stored volume ratio was approximately 0.27. Consequences therefore
depend not only on release magnitude but also on downstream routing and population exposure [15,17]. Conversely, detailed
breach-hydrodynamic models require site-specific breach, rheological and geotechnical inputs and are often impractical for initial
screening of large portfolios [11]. A phased approach is therefore needed in which standardised screening identifies facilities requiring
detailed modelling and field verification [10,15].

The specific methodological gap is the absence of a scalable, reproducible open-data workflow combining regression-based release
scenarios, downstream routing, spatially explicit population exposure, depth-dependent fatality estimation and structured sensitivity
analysis to generate comparable conditional PLL metrics across TSF portfolios. Existing approaches cover only parts of this sequence,
provide categorical outputs, or require detailed site-specific inputs. Table 1 positions the proposed framework relative to represen-
tative alternatives. Its contribution is integrative rather than a new breach-hydraulics solver or fatality function: it links release
estimation, hydrography-guided routing, population exposure, conditional PLL and upper-tail diagnostics in one portfolio-scale
workflow.

To address this gap, we developed a Google Earth Engine (GEE) framework coupled with an Excel-based release-volume model.
Global elevation, hydrography and population datasets are combined with simplified, parameterised flow-thickness routing to esti-
mate downstream exposure and depth-dependent PLL. Release and routing uncertainty is explored through a full-factorial set of 144
deterministic parameter combinations per site, interpreted using equal design weights and summarised with scenario-exceedance
curves, scenario-set Value-at-Risk at 95% (VaR95), and scenario-set Expected Shortfall at 95% (ES95).

Applied to 17 TSFs, the framework revealed substantial variation in upper-tail conditional PLL and a stronger independent rank
association with downstream population exposure than with estimated stored volume. It is intended to prioritise subsequent inves-
tigation, not to estimate annual failure risk or replace site-specific breach-hydraulic, evacuation or emergency-response studies.

2. Methodology

We present an end-to-end workflow for screening the consequences of tailings dam failure, implemented in GEE and coupled to a
lightweight Excel regression (Fig. 1). Throughout the workflow, H denotes dam height, V4, the estimated stored volume, F the cap-
aware release-fraction set, f € F a selected released fraction, V, released volume, L the e-folding length, t;,;; the minimum meaningful
thickness and halfW the corridor half-width. All mathematical symbols are defined immediately after the equation, or closely related
group of equations, in which they first appear, together with their physical meaning and units. The implementation uses two com-
panion GEE scripts that follow the same sequence of operations: an interactive script (model-1-GEE) for site setup and diagnostics, and
a batch script (model-2-GEE) for evaluation of the full scenario set and statistical aggregation. In model-1-GEE, the dam polygon is used
to compute dam height H and stored volume Vg, by digital elevation model (DEM) cut-and-fill [21,22]. These scalars (Vygm, H) are

passed to the Excel model, which returns a cap-aware release set F = {f 16,f50,f{mi¥g7 ffl.y" } from a log-space regression with residual

Table 1
Comparison of representative approaches for TSF consequence assessment.
Approach and references Main output Limitation for portfolio-scale PLL screening
Empirical release and runout Released volume, release fraction or runout estimates Do not translate release estimates into spatially explicit population
models [6,19,20] derived from historical failures exposure and PLL
Disclosure-based portfolio Facility characteristics and reported consequence or Outputs are categorical, scheme-dependent and not based on a
assessments [10] hazard classes harmonised PLL calculation
Empirical loss-of-life methods Population at risk and potential fatalities for an Require an independently derived inundation footprint and were
[16,18] established inundation area developed mainly for water-dam applications
Detailed site-specific modelling Breach hydraulics, non-Newtonian runout, exposure, Requires extensive site-specific data and substantial modelling
[7] warning and evacuation outcomes effort
Proposed Google Earth Routed exposure, conditional PLL distributions and Uses simplified corridor and thickness representations and does not
Engine—Excel framework upper-tail scenario diagnostics replace detailed hydraulic modelling
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3. Derive terrain
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J— Output: Trimmed centerline; corridor (constant half-width tube); dam base elevation (min

DEM in polygon); dam height H; dam volume V,,, by DEM cut-and-fill; mean @
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Input: Site parameters (from Steps 1-4); Release list from Excel model
F = { fie foo 220, f2™ }; parameter grids for L, t, half W

mid ’
Process: repeat Step-6 for each f € F and for every (L, i, HalfW) in the parameter grids.
Output: Per-run rasters and PLL CSV; scenario-exceedance curve;
scenario-set VaR95 and ES95; master table; figures.

7. Execute
ensemble &
aggregate results

PR

Fig. 1. Workflow for data-driven tailings-failure consequence screening.

spread ¢ and a physical cap at 0.90 of storage (Eq. (4)-(11b)) [19,20]. The interactive script uses fso supplied by the Excel model for
on-screen diagnostics. This is a screening-level consequence workflow, not a breach-hydraulics model. Throughout this paper, we use
the term “framework” for the integrated workflow that combines DEM-based dam geometry, regression-based release estimates,
corridor-based routing, PLL evaluation on WorldPop, and portfolio-level VaR95/ES95 diagnostics. The framework is designed to
support portfolio-wide screening of conditional loss-of-life consequences across multiple tailings dams and to operate within, rather
than replace, the site-specific breach and evacuation studies mandated by existing tailings-risk governance frameworks. All corridor
and depth computations occur on the 30 m DEM grid. Before exposure, the depth raster is reprojected to the native WorldPop 100 m
grid, and the population layer is never resampled.

For reproducibility, each run records a configuration comprising the dam polygon and a centerline guided by the Multi-Error-
Removed Improved-Terrain (MERIT) Hydro dataset, the map projection and scale, the parameter set {L, tyn, halfW}, the selected
release fraction(s) f, capped at 0.90, and the script identifier, namely model-1-GEE for the interactive mode and model-2-GEE for the
batch mode. These metadata are archived with every export.

Guided by MERIT-Hydro streams, the operator traces a centerline along the most plausible flow path. Using fso together with user-
set L (decay length), i, (minimum meaningful thickness), and half-width, model-1-GEE builds a longitudinal exponential thickness
field along the centerline (Eq. (13)), computes the theoretical stop length and trimming rules (Egs. (15) and (16)), and buffers the
trimmed centerline to form a constant half-width tube that serves as the baseline corridor. Thickness is computed on the terrain grid
and then reprojected to the native WorldPop 100 m grid before exposure [23,24]. Potential Loss of Life (PLL) is evaluated on that grid
using the population band and the depth-bin fatality curve reported in Table 4, with aggregation according to Eq. (18) [17,25]. A
DEM-derived valley mask (distance-to-stream, slope, local relief) may be rendered for diagnostics, but it is not applied to constrain the
baseline corridor.

The scenario-set run (model-2-GEE) repeats the thickness—depth—PLL pipeline for each f € F and for all combinations of L, ty,
and half-width in predefined parameter grids (full-factorial). Outputs include per-run depth rasters and PLL comma-separated-value
(CSV) tables, together with site-level scenario-set summaries consisting of the scenario-exceedance curve, VaR95 and ES95. All
datasets follow frozen versions and access dates (DEM GLO30, MERIT Hydro, WorldPop 2020, WorldCover 2020); projections, scales,
parameters, and geometries are archived to ensure full reproducibility.

Fig. 1 summarises the sequence of operations implemented by model-1-GEE, the Excel release model and model-2-GEE; the in-
dividual steps are described in Sections 2.1-2.7.
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2.1. Site inputs, portfolio definition, and area-of-interest construction - workflow step 1

The analysis is performed on a site-specific area of interest (AOI) defined by two user inputs: a dam polygon and a downstream
centerline. At this step (executed in separate scripts), we set the model parameters {L (m),tyin (m),halfW (m)}. The interactive script
(model-1-GEE) uses the median release fso supplied by the Excel release model for on-screen diagnostics, whereas the batch script

(model-2-GEE) ingests the full percentile set {fm, fso,fgﬁ, hiy" } from the same Excel model and enumerates the parameter grids. The

dam polygon delineates the impoundment and is used to derive terrain-based dam metrics on the native 30 m DEM grid [22]. We
compute a reference base elevation 2z, as the minimum DEM value inside the polygon (after AOI clipping). We define the crest
elevation as the polygon-wise DEM maximum, and compute dam height as:

H = Zerest — Zbase (€D

where H is the DEM-derived dam height (m), 2.s is the maximum DEM elevation within the dam polygon (m), and 2pg. is the
minimum DEM elevation within the same polygon (m).
The stored volume is obtained by DEM cut-and-fill above the base within the dam polygon:

Vi — / max(DEM(x) — Zpase, 0) dA ?

geometry

where Vg, is the estimated stored volume above the reference base elevation (m®), geometry denotes the dam polygon, DEM(x) is the
terrain elevation at horizontal location x(m), max[DEM(x) —2pase, 0] is the positive elevation difference above the base, and dA is an
infinitesimal horizontal area element (m2).

Discretising on the raster gives:

Vaam= > max(DEM; — Zie, 0) Apix; ©)

icgeometry

where i indexes the DEM pixels within the dam polygon, DEM,; is the elevation of pixel i(m), Apiy, is its horizontal area obtained from
ee. Image.pixelArea (m?), and max (DEM; —2pgse, 0) is the positive thickness above the reference base (m). Their product is the volume
represented by pixel i, and summation over all pixels yields Vg, [26].

We archive (Vygn, H), together with DEM metadata (projection, resolution, access date) for reproducibility. This DEM-based
construction of base elevation, crest elevation and dam height is illustrated schematically in Fig. 2(a). The geometric constructions
for dam height, the plain-tube corridor, and the longitudinal thickness field are summarised in Fig. 2(a—c).

The downstream centerline and baseline corridor are constructed using MERIT Hydro guidance as described in Section 2.3.

2.2. Datasets and spatial standards - workflow step 2

We used global, open datasets and preserve each product's native resolution and projection until harmonisation is required by the
computation. Topography comes from COPERNICUS/DEM/GLO30 (30 m) and provides terrain derivatives used downstream (slope
and a 300 m local-relief metric) [22]. Hydrographic context was provided by Multi-Error-Removed Improved-Terrain (MERIT) Hydro
v1.0.1 (MERIT/Hydro/v1_0_1; bands upa and dir), developed and documented by Yamazaki et al. [27], and used to guide the
centerline along objectively derived drainage. Population exposure is evaluated with WorldPop/GP/100m/pop (2020) using the band

Crest elevation z,,..; Top of the release flow
__ DEM profile #

- -

H «” /g |

a) Base elevation zpgse

1
|
1
v Ex) Tube wall
Top of the release flow i
5 i
= . DEM profile ! Wiz,
g t) .- . . . ~~~DEM profile
m Tl T ? T
b) : o) halfWw : halfw
Coordinate x across flow path Centerline

Fig. 2. Schematic dam height, longitudinal thickness and corridor cross-section. (a) Dam height H defined as the elevation difference between crest
Zerese and base zpqg in the DEM. (b) Longitudinal DEM profile along the flow path, showing thickness t(x) from the DEM surface to the top of the
release flow at distance x downstream. (c) Cross-section of the constant-width corridor, with half-width (halfW) on either side of the centerline and
thickness t(x) above the DEM.



V. Adjiski et al. International Journal of Disaster Risk Reduction 146 (2026) 106493

population on its native 100 m grid [28]. European Space Agency (ESA) WorldCover 10 m 2020 v100 (ESA/WorldCover/v100/2020)
was used for cartographic context only [29]. The year 2020 denotes the land-cover reference year, whereas 2021 is the dataset
publication year. Core layers and roles are summarised in Table 2. All core rasters are clipped to the AOI prior to analysis. These
AOI-clipped stacks are the working inputs for subsequent steps.

Harmonisation proceeds in two stages. First, the corridor construction and the thickness-to-depth computations are performed on
the terrain grid (30 m) within the plain half-width tube around the trimmed centerline, which serves as the baseline corridor. A valley-
bottom diagnostic can be rendered for quality assurance (QA). It is not used to constrain the baseline corridor. Second, before any
exposure calculations, the final depth raster is reprojected to the native WorldPop 100 m grid so that depth and population share the
same projection, scale, and extent. Population is never resampled. Only depth is resampled using a continuous-field method appro-
priate for physical surfaces. All exposure metrics and PLL are computed strictly on the WorldPop grid.

Version tracking and reproducibility are recorded explicitly. We log collection identifiers, versions, and dates of access for all
layers: DEM COPERNICUS/DEM/GLO30 (band DEM), hydro MERIT/Hydro/v1_0_1 (bands upa, dir), population WorldPop/GP/100m/
pop (2020) (band population), and land cover ESA/WorldCover/v100/2020 (band Map). Processing is performed in the GEE Code
Editor. AOI geometries, parameter values, and projections are archived with the outputs.

2.3. Terrain metrics, corridor construction, and dam geometry - workflow steps 3 and 4
This subsection corresponds to workflow steps 3-4 in Fig. 1 and covers.

e terrain diagnostics used to guide routing and QA,
e the MERIT-guided centerline and plain-tube corridor, and
e dam height and volume derived from the DEM.

We derive terrain diagnostics on the native 30 m DEM to support routing and quality assurance [22,30,31]. Slope is computed in
degrees, and local relief is computed with a 300 m moving window to emphasise valley floors. To guide routing, we render a drainage
skeleton from MERIT Hydro (using the upstream-area and flow-direction bands) and compute distance to that skeleton [27]. These
layers are co-registered to the DEM grid and used for visualisation and analyst QA. They do not constrain the baseline corridor in the
main results.

Fig. 3(a—c) illustrates a typical model-1-GEE diagnostic view for one site, showing the mapped dam footprint, MERIT-derived
drainage network with flow-direction arrows, AOI hillshade and WorldPop population layers, and the interactively chosen center-
line used for visual QA of the routing.

The downstream centerline is then digitised along the most plausible flow path using the MERIT-derived drainage as guidance. This
anchors both the location and the direction of the candidate pathway to an external hydrography product and reduces subjectivity. The
centerline represents the dominant downstream drainage path rather than the full two-dimensional flow field. Reduced-order and
semi-physical tailings-screening approaches have similarly used DEM-controlled routing and empirical volume-area relationships to
delineate first-order impact zones where site-specific breach hydrographs and rheological properties are unavailable [32,33]. In the
present framework, the line is constrained by the MERIT Hydro drainage network and visually checked against the DEM and satellite
imagery before being archived with the run configuration. Nevertheless, some analyst dependence remains, particularly where
drainage divides are poorly defined, multiple downstream branches are possible, or local infrastructure modifies the natural flow path.

The polyline is buffered to a constant half-width tube, which serves as the baseline hazard corridor. A cross-section of this constant-
width tube, showing the half-width (halfW) on either side of the centerline and the thickness t(x) above the DEM, is given in Fig. 2(c).
The tube area together with the drawn centerline length defines the mean width, and the corridor geometry is stored with projection
and units.

We compute mean width as @ = % (m) and archive o, the tube area, and Ly, with projection and units. Dynamic trimming

by the stop-length criterion is applied later in Step 6, once a release fraction has been selected.
The dam-height and stored-volume estimates derived in Section 2.1 are summarised for all 17 study sites in Table 3 and provide the
inputs to the release-volume regression described in Section 2.4.

Table 2
Core datasets and roles.
Layer GEE ID/bands Native Role in workflow
resolution
Digital elevation COPERNICUS/DEM/GLO30/DEM 30 m Terrain analysis, slope, local relief, dam cut-and-fill
model
Hydrography MERIT/Hydro/v1_0_1/upa, dir ~90 m Potential drainage lines and distance-to-streams; guidance for
centerline
Population WorldPop/GP/100m/pop/population 100 m Exposure grid and PLL aggregation on native grid
(2020)
Land cover (context) ESA/WorldCover/v100/2020/Map 10 m Cartographic context; not used in PLL calculations
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Fig. 3. Interactive diagnostics for site setup in the model-1-GEE script. (a) DEM hillshade around the circular AOI with MERIT-Hydro drainage
network (blue) and mapped tailings dam polygon (cyan). Flow-direction arrows along the drainage network indicate plausible downstream routes.
Inset: high-resolution satellite view of the digitised dam footprint. (b) WorldPop 100 m population within the same AOI, highlighting inhabited
areas around the dam. (c) Example of an interactively chosen centerline (yellow) following a MERIT stream, which serves as the baseline flow path
for the scenario set. Inset: satellite zoom on the selected stream reach.

2.4. Release-volume model (Excel) - workflow step 5

This step converts the dam metrics from Step 4 into a release-fraction set that can be injected into the GEE models. The inputs are
stored volume Vg, (m®) and dam height H(m). We fit a regression using the historical tailings-failure dataset reported by Piciullo et al.
[6], Table 2). Prior studies have used similar regression-based approaches to estimate released volume/fraction from failure attributes
and to quantify coefficient uncertainty [19,20]. The fitted model returns coefficients f, v, fy and a residual spread ¢ in log; , units. We
evaluate percentiles at p ¢ {16,50,84,97.5} and apply a physical cap ¢ = 0.90 (fraction of storage). For upper-tail reporting we use
below-cap probabilities ppig, phi < Peqp (EQ. (10)-(11b)). Standard-normal z-quantiles used: z16 = — 0.9945,250 = 0,284 = + 0.9945,
2975 = + 1.9600.

Units: R, is a volume (m®); f, = R,/V and the cap 0.90 are dimensionless.

The regression model is:

p=PBo + By 10810(Viam) + By l0gyo (H) ()]

where p is the predicted mean of log;, R, with R denoting released volume in mS; Po is the regression intercept; f,, and f;; are the
coefficients for stored volume and dam height, respectively; Vyq, is stored volume (ms); and H is dam height (m).

Percentiles of the released volume R map via Eq. (5). The (raw) release fraction f;* follows Eq. (6), with the physical cap in Eq. (7).
To avoid cap-induced pile-ups in the reported upper tail, we summarise it using below-cap dynamic percentiles per Egs. (10)-(11b),
rather than smoothing capped values.

For model transparency, the Excel ‘Config’ sheet reports the regression fit based on the compiled historical-failures dataset in the
Data sheet, comprising N = 54 events and 51 residual degrees of freedom (df = 51). Coefficients are estimated in log;, space and

reported with standard errors (SE) and 95% confidence intervals (CIs) (ﬁ +to97551 -SE, t~ 2.01): Bo = —0.0476 (SE 0.5881; 95% CI
[-1.230, 1.135]), #, = 0.7049 (SE 0.1149; 95% CI [0.474, 0.936]), ; = 0.8543 (SE 0.3210; 95% CI [0.209, 1.500]); residual standard

Table 3
Basic characteristics of the 17 tailings dams considered in this study, including estimated dam height and stored tailings volume derived from the
DEM-based cut-and-fill procedure.

Site Country Estimated tailings dam height H (m) Estimated stored tailings volume Vgqm (m>)
Loulo-Gounkoto Mali 19 19,476,373
Geita Tanzania 55 104,733,620
KCGM Australia 26 55,598,525
South Deep South Africa 38 56,678,380
Fosterville Australia 35 7,496,855
Mponeng South Africa 39 26,133,714
Kuranakh Russia 37 78,131,021
Driefontein South Africa 42 38,939,213
Siguiri Guinea 52 83,258,182
Young-Davidson Canada 57 17,598,689
Edikan Ghana 57 69,275,453
Haile United States 41 39,578,850
Ergo South Africa 83 491,457,833
Goldex Canada 8 2,474,817
Chirano Ghana 61 23,912,462
Aurizona Brazil 35 7,900,615
Yanfolila Mali 23 8,369,300
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Table 4

Default depth-fatality mapping z(h)
Water/flow depth h(m) n(h)
h<03 0
03<h<1 0.1
1<h<2 0.2
2<h<5 0.5
h>5 0.9

deviation (SD) ¢ log;, = 0.5694 (i.e., a one-sigma multiplicative scatter of 10°%%* ~ 3.71 in R); R? = 0.6465.

Interpretation: holding the other predictor fixed, a 10x increase in stored volume multiplies the predicted release by 10%v ~ 5.07,
and a 10x increase in dam height multiplies it by 10’ ~ 7.15; f, and 3 are statistically different from zero (CIs exclude 0), while the
intercept is not.

For a target percentile p with standard-normal deviate z,, the release volume and the corresponding raw fraction are:

R,=10""%" [m? ©)

where R, is the released-volume estimate at percentile probability p (m®), 2z, = ®~1(p) is the corresponding standard-normal deviate,
o! () is the inverse standard-normal cumulative distribution function, and oy, is the residual standard deviation of the regression in
logio (m?) units.
R,
fraw — P (6)
P Vdam

where f;*" is the uncapped released fraction at percentile probability p, calculated as the ratio between R, and Viam.
We enforce the physical bound by capping the fraction at ¢ = 0.90 [20]:

P =min (f;a‘”, c) )

where f; is the capped released fraction and ¢ = 0.90 is the maximum permitted fraction of stored volume released.
Capping all high percentiles can otherwise produce artificial pile-ups at 0.90. To avoid this, we compute the percentile at which the
cap first binds:

:1°g1o(CVdam) —H
=T G logy,

(8)

Dcap = o] (anp) (9)

where 2., is the standard-normal deviate at which the uncapped release reaches cVyqm, pegp is the corresponding cumulative proba-
bility, and @( -) is the standard-normal cumulative distribution function.

Instead of smoothing capped values, we report two below-cap probabilities pyq and py; chosen strictly below p.q,. These produce
uncapped, ordered fractions that remain < ¢ without altering sub-cap percentiles:

0 < Pmia < pni < Peap (10)
R, .
yn __ ~“Pmid
mid — Vdam (1 1a)
R,
fam _ TP 11b
hi Vdum ( )

Here, pmig and py; are two selected percentile probabilities satisfying 0 < pmig < Pri < Pcqp- The quantities R, ., and R, are obtained
from Eq. (5), while fi}l’; and f;liy" are the corresponding below-cap release fractions. The final release setis F = { fre.f50 ,ffﬁ; -,f;,il-y" }, where
f16 and f5o denote the 16th-percentile and median release fractions, respectively.

This selection guarantees fi6 < fso < ffl}l'g < hi.y" < 0.90 and removes cap-induced plateaus. The release set is F = { f16, fs0, ffl)i'g,

hiy" } The interactive run (model-1-GEE) uses fso to produce an on-screen PLL estimate, while the batch script (model-2-GEE) ingests
the full set F and evaluates all combinations across the parameter grids of L, t,;;; and halfW. For reproducibility, the workbook stores
auxiliary diagnostics (e.g., Rso, 6, Zcap, Peap) and writes a per-dam CSV with fields: site_id, Vaam (m®),H(m), fi6,f50:frug S5 -

To evaluate the out-of-sample predictive performance of the release-volume regression, we conducted leave-one-out cross-vali-
dation across the 54 historical failure records. In each iteration, one event was excluded, the log-space regression was refitted using the
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remaining 53 events, and the released volume of the omitted event was predicted without using that event during model estimation.
Validation performance was assessed using the cross-validated coefficient of determination, root-mean-square error (RMSE), mean
absolute error (MAE), and mean prediction error in logio (m®) units. We also evaluated the empirical coverage of fold-specific pre-
diction intervals based on the residual standard deviation estimated from each training subset. This procedure provides an out-of-
sample assessment of the regression component, although it does not by itself validate the downstream-routing or PLL components
of the complete framework.

The historical-failure database may also be affected by reporting and selection bias because large, damaging or well-investigated
events are more likely to be documented than smaller, remote or poorly recorded failures. The dataset does not provide event-specific
inclusion probabilities, and the number and characteristics of undocumented failures are unknown. Consequently, a formal correction
using inverse-probability weighting, models accounting for systematically unrecorded events, or related methods cannot be supported
without introducing additional assumptions. The regression is therefore treated as conditional on the available documented-event
sample and is used to generate release scenarios rather than as an unbiased estimate of the complete population of TSF failures.
Residual-based percentiles, the physical release cap and leave-one-out cross-validation represent uncertainty and predictive variability
within the recorded sample, but they do not remove reporting bias. Preferential recording of larger failures may shift the fitted
relationship toward more severe documented events, particularly when applied to smaller or underrepresented facilities.

2.5. Thickness, depth, and potential loss of life (PLL) - workflow step 6

We convert a selected release fraction into a longitudinal thickness field, rasterise depth inside the plain half-width tube, and

compute PLL on the native WorldPop 100 m grid. We select a release fraction f ¢ F from Step 5 (interactive fso; batch: all f € {fm, fs0,

b fly "}) and compute released volume [34]:
Vi :f Viam (m3) (12)

where V; is the released volume used in the routing calculation (m%), f € Fis the selected released fraction, and Vg, is the estimated
stored volume (m?).

The corridor geometry supplies the mean width @, while the user specifies the e-folding length L and the minimum meaningful
thickness t,;;,. The exponential profile is used as a reduced-order parameterisation that produces monotonic downstream thinning and
a finite stop length when the minimum-thickness criterion is reached. It is not presented as a universal rheological law for tailings
flows. Similarly, the constant-width tube is a scenario envelope rather than a prediction of the local inundation boundary. Its half-
width is varied across the scenario set, together with the decay length and minimum-thickness threshold, to represent uncertainty
in lateral extent and longitudinal attenuation. Detailed numerical back-analyses demonstrate that actual tailings-flow depth and extent
depend on the breach hydrograph, released volume, terrain and non-Newtonian rheology, and that different parameter combinations
may reproduce similar bulk runout behaviour [7,35]. Accordingly, t(x) is interpreted here as an effective screening thickness used to
classify exposure, rather than a site-specific prediction of local hydrodynamic depth.

Thickness decays exponentially along the MERIT-guided centerline with chainage.

x measured from the dam toe:

t(x) =toe ™/t 13)
v,
to :w—zﬂmm 14

where t(x) is the effective screening thickness at downstream chainage x(m), t, is the intercept thickness at x = 0 (m), x is distance
along the centerline measured from the dam toe (m), L is the e-folding decay length (m), @ is the mean corridor width (m), and t, is
the minimum meaningful thickness used as the stopping threshold (m).

When t(x) reaches tmin the flow is assumed to stop. The corresponding stop length and applied trimming are:

I'=Lln <t—°> (15)

min
Ltrim = IIliIl(L*, Ldrawn) (16)

where L* is the theoretical stop length (m), defined by t(L*) = tmin; Larawn is the available digitised centerline length (m); and Ly, is the
applied corridor length (m), defined as the shorter of L* and Lgawn.

The resulting longitudinal thickness field t(x) along the flow path, measured as distance x downstream from the dam, is sketched in
Fig. 2(b). When the digitised centerline extends to the theoretical stopping distance (Lgqwn > L*), the complete thickness profile
conserves the released volume because [34]:

.
B / £()dx = DL (o — trin) =V, a7
0
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The integral is evaluated from the dam toe, x = 0O, to the theoretical stopping distance, x = L*. Under the constant mean-width
assumption, the complete theoretical profile integrates to V,. If the available centerline is shorter than L*, the calculations are per-
formed over Ly, = Lgrawn, and only the portion of the theoretical volume within the available corridor is represented.

We evaluate t(x) along the polyline, paint the values to pixels inside the trimmed tube, and set depth to zero outside.

For exposure, the effective screening-thickness raster, computed on the 30 m terrain grid, is used as an inundation-depth proxy and
reprojected to the native WorldPop 100 m grid before any counts so that depth and population share identical projection, scale, and
extent [23]. Population is never resampled, only depth is resampled using a continuous-field method suitable for physical surfaces. All
exposure metrics and PLL are therefore computed strictly on the WorldPop grid [23].

Fatality probability is linked to depth by a step function z(h) whose default depth bins and fatality probabilities are listed in Table 4
[17,36].

Expected fatalities (PLL) are summed on the WorldPop 100 m grid as:

PLL= Zn(di) population; (18)

icQ

where PLL is conditional Potential Loss of Life, expressed as expected fatalities; Q is the set of WorldPop cells intersecting the trimmed
corridor; i indexes those cells; d; is the reprojected effective depth proxy in cell i(m); z(d;) is the fatality probability assigned to that
depth; and population; is the WorldPop population count in cell i. Optional by-bin summaries use bins Bx with probabilities 7zy:

Py = Z population; (19)
i€Q:d; By
PLLk = T[kpk (20)

where By is depth bin k, 7y, is the fatality probability assigned to that bin, Py is the population exposed within bin k, and PLLy is the
corresponding expected-fatality contribution. Summing Py over all bins gives the total exposed population, while summing PLLy gives
the total conditional PLL in Eq. (18).

This calculation is applied to every parameter combination evaluated in Section 2.6. To examine uncertainty in the transferable
fatality relationship, we performed a warning-response sensitivity analysis for the five sites classified as high consequence in Section
3.1. The current depth-fatality mapping was retained as the reference variant, without explicit credit for warning or evacuation. Two
additional variants were derived from the Brumadinho Life Safety Model results reported by Lumbroso et al. [7]. In that study,
modelled fatalities decreased from 456 without warning to 299-354 when warning was issued at the time of failure, giving a response
multiplier of 0.656-0.776. A 5 min advance warning reduced fatalities by 200-270, leaving 186-256 fatalities and giving a multiplier of
0.408-0.561. For each scenario-set run i, the sensitivity-adjusted PLL was calculated as:

PLLi.v = mvPLLi.ref (21)

where PLL; s is the reference conditional PLL, m, is the warning-response multiplier, and PLL;, is the adjusted PLL for vulnerability
variant v. The multipliers were applied in post-processing to the 144 run-level PLL outcomes for each high-consequence site, after
which VaR95 and ES95 were recalculated. These variants are illustrative transfer-based sensitivity bounds, not site-specific predictions
of warning effectiveness. Building stock, warning dissemination, evacuation capacity and temporal occupancy remain outside the
screening model.

2.6. Scenario-set execution and aggregation - workflow step 7

Model-2-GEE applies the thickness, reprojection and PLL procedure defined in Section 2.5 to the complete Cartesian product of the
release set F, e-folding lengths L, minimum-thickness thresholds t,,;, and corridor half-widths.

Table 5
Model-2-GEE parameter grids used to generate the deterministic scenario set (144 runs per site).

Parameter Symbol  Values/definition Units  Levels  Screening-range basis

Released fraction set F F— {fls- fs0, fiﬁ: hlyn} where fi6 = P16 and fso = P50; - 4 Site-specific central and upper-tail
(cap-aware; regression scenarios, capped at 0.90 of
regression-based) fi{; and f,)" are site-specific upper-tail members storage. Not prior probabilities.

(computed from the capped regression distribution)

Longitudinal decay L 1000; 1500; 2000 m 3 Brackets rapid to gradual downstream
length attenuation and associated stopping

lengths.

Minimum meaningful tmin 0.05; 0.10; 0.15 m 3 Tests retention or trimming of shallow
thickness (stopping distal deposits. All values are below the
threshold) 0.30 m first non-zero fatality threshold.

Corridor half-width halfw 40; 60; 80; 120 m 4 Total widths of 80-240 m span narrow,

confined corridors to broader spreading
envelopes at 30 m DEM resolution.
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The parameter levels in Table 5 were selected as transparent screening bounds rather than as quantiles of calibrated prior dis-
tributions. The e-folding lengths L = 1000, 1500 and 2000 m provide a factor-of-two bracket from comparatively rapid to gradual
longitudinal attenuation. Together with released volume, corridor width and t,,;,, these values control the theoretical stopping length.
The minimum-thickness values t;,;; = 0.05, 0.10 and 0.15 m test whether shallow distal deposits are retained or removed. All three lie
below the first non-zero fatality-depth threshold of 0.30 m in the adopted mapping. Corridor half-widths of 40, 60, 80 and 120 m
correspond to total widths of 80-240 m, spanning a relatively narrow valley-confined tube to a broader lateral-spread envelope while
remaining spatially resolved by the 30 m terrain grid. These levels are not treated as universal physical limits or prior probabilities.
They define a reproducible design space for comparative sensitivity analysis. The four release-fraction scenarios, three values of L,
three values of t,;;; and four corridor half-widths produce 4 x 3 x 3x4 = 144 combinations per site. These combinations constitute a
full-factorial design for structured parameter-sensitivity analysis within the selected screening bounds. They are not random draws
from a calibrated joint probability distribution. Each combination is assigned an equal design weight of 1/144 so that every selected
parameter level is represented transparently and consistently across all facilities. Equal weighting therefore does not imply that the
physical scenarios are equally likely.

Probabilistic Monte Carlo and Latin hypercube sampling were considered. However, these approaches require defensible marginal
distributions and, where relevant, dependence relationships among the uncertain inputs [37]. Such distributions are not currently
available for L, tmn, corridor half-width or their site-specific dependence on release magnitude. Imposing common probability dis-
tributions across all 17 facilities would therefore introduce assumptions that cannot presently be supported by data. The equal-weight
full-factorial design was selected as a reproducible and assumption-transparent baseline. When calibrated site-specific distributions or
expert-elicited weights become available, the archived run-level outputs can be reweighted without rerunning the geospatial calcu-
lations. Runs producing a zero-length or empty tube yield zero exposure and remain in the design so that all enumerated parameter
combinations are retained.

The full Cartesian product does not impose statistical independence in a probabilistic sense because no joint probability distribution
is fitted. Instead, it enumerates every release-routing combination to expose main effects and interactions without imposing an un-
supported dependence structure. However, the equal-weight baseline does not represent possible physical dependence among the
inputs. To test sensitivity to the possible association between released fraction and lateral extent, two bounding rank-coupling con-
figurations were evaluated using the archived run-level outcomes. In the positive-coupling configuration, the four release fractions,
ordered from smallest to largest, were paired with corridor half-widths of 40, 60, 80 and 120 m, respectively. In the opposite bounding
configuration, the ordered release fractions were paired with half-widths of 120, 80, 60 and 40 m. All three L levels and all three t;;,
levels were retained, producing 36 equally design-weighted combinations in each dependence stress test. VaR95, ES95 and cross-site
rankings were recalculated for both configurations. These stress tests are dependence bounds, not calibrated joint probability models.

From the scenario set, we obtain a vector of 144 PLL totals per facility, expressed as expected fatalities. Each value corresponds to
one enumerated parameter combination and receives the equal design weight 1/144. The resulting distribution is an empirical design
distribution rather than a calibrated probability distribution. It is summarised using a scenario-exceedance curve, scenario-set VaR95
and scenario-set ES95.

- Scenario-exceedance curve [38]

For a PLL threshold g, the fraction of enumerated parameter combinations whose PLL exceeds that threshold is:

SE(q) = 1(PlL; > q) (22)

z|~
M=

||
-

i

where SE(q) is the scenario-exceedance fraction at PLL threshold g, q is expressed in expected fatalities, N = 144 is the number of
enumerated parameter combinations, PLL; is the PLL outcome of combination i, and 1(-) is the indicator function, equal to 1 when
PLL; > q and 0 otherwise. The scenario-exceedance curve is the complement of the empirical cumulative distribution function under
the equal-weight design and is plotted as a right-continuous step function. It describes the proportion of enumerated parameter
combinations exceeding a specified PLL value. It is not the probability of dam failure, the annual probability of a loss-of-life outcome or
a calibrated conditional probability given failure.

- Scenario-set Value-at-Risk at 95% (VaR95) [39]

The scenario-set VaR95 is calculated as the 95th percentile of the outcome vector y using the Hyndman-Fan Type-7 empirical
quantile [40]:

VaRgs = Qo.95(¥) (23)

where y = (y1,...,¥n) is the vector of PLL outcomes from the N = 144 parameter combinations and Qo ¢s5(y) is the 95th-percentile
operator calculated using the Hyndman-Fan Type-7 empirical quantile definition.

Interpretation: approximately 5% of the enumerated, equally design-weighted parameter combinations exceed this value. The 5%
refers only to the scenario set and must not be interpreted as a physical or annual exceedance probability.
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- Scenario-set Expected Shortfall at 95% (ES95) [39]

In this study, ES95 is calculated as the empirical mean of the scenario outcomes in the upper tail defined by the VaR95 threshold:

T95 = {l *Yi > VaRgs} (24)
1
ESos = 7o 2ien i (25)

where Tos = {i:y; > VaRos} is the set of run indices belonging to the upper tail, |Tos| is the number of runs in that set, y; is the PLL
outcome of run i, and ES95 is their arithmetic mean. Because the design is finite and deterministic, | Tos| may differ slightly from exactly
5% of N, particularly when several outcomes equal the VaR95 threshold. ES95 is therefore interpreted as the threshold-defined upper-
tail mean of the equal-weight scenario set. It does not represent an annualised expected loss or a probability-weighted expectation
based on calibrated physical likelihoods. Units: expected fatalities.

Together with the 50th, 90th and 99th percentiles (P50, P90 and P99), these statistics summarise central tendency and upper-tail
behaviour. The resulting tables, summary metrics and optional rasters are described in Section 2.7.

These outputs provide the quantitative basis for the Results and Discussion (Section 3). For each of the 17 tailings dams, we use the
empirical scenario-set PLL distribution and its summaries (P50, P90, P99, VaR95 and ES95) to construct four complementary di-
agnostics: percentile “league tables,” scenario-exceedance curves, VaR95-ES95 scatterplots and PLL distribution boxplots. In Section
3.1-3.5 these diagnostics are used to compare conditional consequences across the portfolio and to group sites into high-, moderate-
and low-consequence classes based on their PLL metrics. This three-tier grouping is a study-specific construct derived from the scenario
set and is not intended to replace formal consequence categories in existing standards.

To examine the relative cross-site associations of tail PLL severity with downstream exposure and facility size, we calculated
pairwise and partial Spearman rank correlations across the 17 sites. The variables were scenario-set ES95, estimated stored tailings
volume and a standardised reference-run exposure measure. For each facility, exposed population was defined as the [28] population
within the trimmed corridor generated using the site-specific median release fraction fso, L = 1500 m, t;; = 0.10 m and a corridor
half-width of 60 m. Two partial associations were evaluated: ES95 with exposed population while controlling for stored volume, and
ES95 with stored volume while controlling for exposed population. Partial correlations were calculated by residualising the ranked
variables against the ranked control variable and correlating the resulting residuals. The rank-based formulation reduces sensitivity to
the several-orders-of-magnitude ranges and does not assume linear relationships on the original scale. Because the analysis includes
only 17 facilities, it was treated as exploratory. Robustness to individual observations was assessed by recalculating the partial cor-
relations after omitting each site in turn. Two-sided significance was evaluated using residual-permutation tests with 200,000
permutations.

For auxiliary context, Appendix A lists the original disclosure-based consequence or hazard classes reported by Franks et al. [10]
alongside the study-specific conditional PLL tiers. The original class labels and classification-system identifiers are retained without
harmonisation because the underlying schemes differ in terminology, criteria and consequence dimensions, and may include envi-
ronmental, economic, infrastructure or other impacts in addition to potential loss of life. No agreement score or equivalence between
the two classifications is inferred, and the appendix comparison is not used for model validation, study-tier assignment or Stage 2
escalation decisions. Independent quantitative evaluation of the release-volume component was instead performed using
leave-one-out cross-validation of the 54 historical failure records (Sections 2.4 and 3.7; Table 9). The Brumadinho case is presented
separately as a screening-level plausibility check of the selected downstream route, applied corridor extent and workforce-exposure

Table 6
Summary of conditional PLL metrics (expected fatalities) for the 17 tailings dams: median (P50), upper percentiles (P90, P99), Value-at-Risk at 95%
(VaR95 = P95), and Expected Shortfall at 95% (ES95).

Site Consequence group (High/Moderate/Low) P50 P90 P99 VaR95 (P95) ES95
Loulo-Gounkoto High 15.0 63.6 105.66 82.8 90.5
Geita High 28.7 61.8 91.02 71.3 82.6
KCGM Moderate 0.1 10.2 46.02 36.7 40.4
South Deep Low 1.7 4.4 4.77 4.5 4.6
Fosterville Low 0.2 0.4 0.67 0.5 0.6
Mponeng Low 1.3 2.7 3.82 3.6 3.7
Kuranakh Moderate 4.3 17.3 34.75 22.2 28.4
Driefontein Moderate 0.1 0.6 60.29 0.7 22.6
Siguiri High 43.0 101.4 196.87 132.3 157.2
Young-Davidson Low 0.1 0.6 1.40 0.8 1.0
Edikan High 36.2 76.3 140.12 93.5 115.9
Haile Low 0.3 1.1 1.41 1.2 1.3
Ergo Low 1.8 5.1 8.49 6.3 7.1
Goldex Low 0.0 0.1 0.15 0.1 0.1
Chirano High 59.8 129.4 185.95 148.1 165.3
Aurizona Low 0.1 0.2 0.34 0.2 0.3
Yanfolila Low 0.4 3.7 6.69 5.1 6.0

11
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assumptions (Section 3.7; Fig. 9; Table 10).

2.7. Implementation details and exports

All geospatial processing was carried out in the Google Earth Engine Code Editor using model-1-GEE for interactive site setup and
model-2-GEE for deterministic batch execution. The release-volume regression and associated diagnostics were implemented in the
accompanying Excel workbook. The scenario design is deterministic and requires no random seeds for the GEE runs. Fixed random
seeds were used and archived for the residual-permutation tests in the cross-site correlation analysis. Runs producing a zero-length or
empty corridor are retained with zero exposure so that all 144 enumerated parameter combinations remain represented. We export the
following.

. 30 m terrain derivatives (slope, local relief),

. the trimmed centerline and the tube corridor as vectors,

. optional per-run depth rasters (30 m) and their WorldPop-grid versions (100 m) for mapping, and

. CSV tables: a per-run master table with parameters and diagnostics (f, L, tmin, halfW, @, H, Vggm, Vr, Lirim, PLL, PLL by bin), plus site-
level summaries containing the scenario-exceedance curve and tail metrics (VaR95, ES95).
All exports carry projection, scale, units, and timestamps. Dataset identifiers, collection versions, and dates of access are logged in
the scripts to ensure exact reproducibility.

A WN -

3. Results and Discussion

In this section we present the consequences of hypothetical tailings dam failures across the 17-site portfolio, expressed as condi-
tional potential loss of life (PLL) under the scenario set defined in Section 2. We first summarise site-level PLL metrics and group the
dams into three consequence classes (Section 3.1), then examine their ranking, scenario-exceedance behaviour, tail severity and
within-site variability (Sections 3.2-3.5). We then examine how tail PLL severity relates to estimated stored volume and downstream
exposed population (Section 3.6), before synthesising the findings and their implications for tailings governance (Section 3.7).

3.1. Overview of scenario-set PLL outcomes and site grouping

For each dam, model-2-GEE takes the four cap-aware release fractions F = {flﬁ, fs0, fﬁl}i';‘, hly"} obtained from the regression-based

release model and evaluates them over a pre-defined deterministic grid of corridor-thickness parameters {L,tmn, halfW}, yielding 144
scenario runs per site (Table 5). All 144 combinations are run through the pipeline that converts thickness to depth and then to PLL on
the WorldPop grid, producing one total PLL value (expected fatalities) per parameter combination.

The resulting empirical design distribution of PLL for each site is summarised by percentiles (P50, P90 and P99), a scenario-
exceedance curve and two scenario-set tail metrics: Value-at-Risk at 95% (VaR95, the 95th percentile of PLL) and Expected Short-
fall at 95% (ES95, the empirical mean of scenario outcomes in the upper tail defined by the VaR95 threshold). ES95 should therefore be
read as a scenario-set upper-tail mean conditional on failure, not as an annualised expected loss. All reported PLL, percentile, VaR95
and ES95 values describe consequences given that a dam failure occurs and given our scenario set of plausible parameter combinations.
They therefore quantify conditional loss-of-life consequences, not annual failure risk. The equal design weights support transparent
comparison among facilities but do not represent estimates that the 144 parameter combinations are physically equally likely. The
resulting site-level PLL summaries are reported in Table 6.

Key PLL metrics for all 17 tailings dams (P50, P90, P99, VaR95 and ES95) are summarised in Table 6 and form the basis for the
consequence grouping discussed below. Across the 17 study sites the scenario set outcomes span almost three orders of magnitude in

Table 7
Sensitivity of scenario-set VaR95 and ES95 at the five high-consequence sites to warning-response multipliers derived from the Brumadinho Life
Safety Model.

Site Reference VaR95: warning at VaR95: 5 min advance Reference ES95: warning at ES95: 5 min advance
VaR95 failure warning ES95 failure warning
Loulo- 82.8 54.3-64.3 33.8-46.5 90.5 59.4-70.2 36.9-50.8
Gounkoto
Geita 71.3 46.8-55.3 29.1-40.0 82.6 54.2-64.1 33.7-46.3
Siguiri 132.3 86.8-102.7 54.0-74.2 157.2 103.1-122.0 64.1-88.2
Edikan 93.5 61.3-72.6 38.1-52.5 115.9 76.0-89.9 47.3-65.0
Chirano 148.1 97.2-114.9 60.4-83.1 165.3 108.4-128.3 67.4-92.7

Note: All values are expected fatalities. Reference VaR95 and ES95 values are taken from the baseline scenario-set results in Table 6. Warning-at-
failure ranges were calculated using multipliers of 0.656-0.776, corresponding to reductions of approximately 22-34%. Five-minute advance-
warning ranges were calculated using multipliers of 0.408-0.561, corresponding to reductions of approximately 44-59%. The multipliers were
derived from the Brumadinho Life Safety Model results reported by Lumbroso et al. [7]. They represent transfer-based sensitivity bounds rather than
calibrated site-specific estimates of warning effectiveness.
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Table 8
Pairwise and partial Spearman associations of ES95 with standardised reference-run exposed population and estimated stored tailings volume across
the 17-site portfolio.

ESO95 relationship Pairwise Spearman p Control variable Partial Spearman p Permutation p — value Leave-one-site-out partial-p range
Exposed population 0.78 Stored volume 0.64 0.006 0.48-0.79
Stored volume 0.60 Exposed population 0.16 0.529 0.04-0.33

Note: Partial correlations were calculated from ranked variables. Two-sided p-values were obtained from residual-permutation tests with 200,000
permutations. Leave-one-site-out ranges were calculated by omitting each facility in turn. The results are exploratory because the portfolio contains
only 17 sites.

Table 9
Leave-one-out cross-validation performance of the historical release-volume regression.
Metric Cross-validation result
Historical failures, N 54
Cross-validated R? 0.607
RMSE, log;o (m%) 0.583
MAE, log;o (m®) 0.452
Mean error, logio (m®) 0.005
Coverage of nominal 16th-84th percentile interval 75.9%
Coverage of nominal 2.5th-97.5th percentile interval 92.6%

Note: RMSE and MAE values of 0.583 and 0.452 in log;o space correspond to approximate multi-
plicative factors of 3.83 and 2.83, respectively. Mean error is defined as observed minus predicted
logyo released volume. This analysis provides out-of-sample validation of the release-volume
regression component only. It does not constitute end-to-end validation of the corridor geometry,
effective-thickness representation, population exposure or PLL estimates.

Table 10
Brumadinho (2019) screening-level plausibility check: applied corridor extent and sensitivity of conditional PLL to workforce spatial distribution with
released volume fixed at 9.7 x 10° m>.

Metric Scenario By: workers spread (wide polygon) Scenario By: workers concentrated (smaller polygon)
V; (m®) 9,700,000 9,700,000

Lirim (m) 9028 9028

Population in corridor, WorldPop-only (Pop4) 49 49

Exposed workers in corridor (Wexp) 138 282

Total exposed population (Popa + Weyxp) 187 331

PLL (expected fatalities) 109 189

the upper tail. VaR95 ranges from about 0.1 expected fatalities at Goldex to roughly 150 at Chirano, while P99 ranges from ~ 0.15 to
nearly 200 expected fatalities. The league-table plot of P90-P99 intervals with VaR95 markers makes this contrast clear: a small group
of sites concentrates at the upper end of the axis, whereas most sites cluster near zero with very short high-percentile ranges. In terms of
upper-tail behaviour, the portfolio is therefore highly heterogeneous, even though all sites were evaluated using the same release-
model procedure and the same corridor-parameter grid.

To structure the discussion, we group the 17 dams into high-, moderate- and low-consequence sites using combined tail diagnostics
rather than a single threshold metric. VaR95 is used as the main ranking metric, while the P90-P99 range, ES95, scenario-exceedance-
curve shape and boxplot behaviour are used to identify sites with long-tail behaviour. This combined interpretation is important
because some sites may have low typical or VaR95-level consequences but still exhibit high-consequence outcomes for a small subset of
parameter combinations in the upper tail. These labels are study-specific and are not intended to replace the formal consequence
classification categories used in standards such as the GISTM [2]. The high-consequence group, conditional on failure, comprises:
Loulo-Gounkoto, Geita, Edikan, Siguiri and Chirano. For these tailings dams, VaR95 lies between ~ 71 and 148 expected fatalities, P90
between =~ 62 and 129, and P99 between ~ 91 and 197. The P90-P99 spans are wide, indicating that many parameter combinations
produce non-negligible loss of life once failure is assumed. The moderate-consequence group consists of KCGM, Kuranakh and
Driefontein. KCGM and Kuranakh have VaR95 between roughly 22 and 37 expected fatalities, whereas Driefontein is included in the
moderate-consequence group because of its long-tail profile: although its VaR95 remains below one expected fatality, its P99 reaches
about 60 and its ES95 is substantially higher, indicating that a small subset of scenarios produces much larger consequences. The
remaining nine sites: South Deep, Fosterville, Mponeng, Young-Davidson, Haile, Ergo, Goldex, Aurizona and Yanfolila, form a
low-consequence group with VaR95 consistently below = 7 and P99 below ~ 9 expected fatalities. Appendix A, Table Al provides an
auxiliary descriptive listing of the original disclosure-based consequence or hazard classes reported by Franks et al. [10] alongside the
study-specific conditional PLL tiers. Because the disclosed classes originate from different classification systems and may incorporate
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environmental, economic, infrastructure or other consequences beyond loss of life, no direct equivalence or agreement is inferred. The
table is not used for model validation, tier assignment or prioritisation.

The scenario-exceedance curves are consistent with this three-tier structure. High-consequence sites exhibit relatively shallow
scenario-exceedance curves: scenario-exceedance fractions remain non-negligible (much greater than 5%) over tens to more than one
hundred expected fatalities before approaching the 5% VaR95 level. Moderate-consequence sites show steeper curves. KCGM and
Kuranakh cross the 5% scenario-exceedance level at approximately 20-40 expected fatalities, whereas Driefontein crosses it below one
expected fatality but retains a pronounced upper tail. Low-consequence sites have very steep scenario-exceedance curves that
approach zero for PLL values of only a few expected fatalities, indicating that only a small fraction of parameter combinations results in
any appreciable exposure.

The VaR95-ES95 cross-plots indicate that VaR95 and ES95 are close for most sites at the current scenario-set resolution, implying
that the VaR95 threshold is broadly representative of the threshold-defined upper-tail mean. Driefontein is a clear exception: VaR95
remains below one expected fatality while ES95 is much larger, reflecting a distribution in which most parameter combinations yield
small PLL but a small subset produces markedly higher consequences. We therefore use VaR95 as the primary tail metric for tiering and
ranking, while retaining ES95 to identify sites with heavier upper tails.

Finally, the boxplots of PLL across the scenario set for each site reveal strongly right-skewed distributions whose spread mirrors the
consequence grouping. High-consequence sites show large interquartile ranges, high medians (already in the tens of expected fatal-
ities), and numerous extreme outliers. Moderate-consequence sites have medians in the single-digit range and shorter whiskers, while
low-consequence sites display medians below about 2 expected fatalities with tight boxes and only occasional outliers. Together, these
patterns justify treating the three groups as distinct consequence classes and motivate the more detailed, site-by-site analysis of
scenario-exceedance curves and tail behaviour in the following subsections.

3.2. Site-level ranking from PLL percentiles

Fig. 4 summarises the scenario-set outcomes at site level as a “league table”. Each horizontal bar shows the range between the 90th
and 99th percentiles of PLL (P90-P99), while the square marker indicates the 95th percentile (P95), which is identical to VaR95 in our
notation. Sites are ordered vertically by VaR95, with high-consequence sites at the top, followed by moderate-consequence and then
low-consequence sites.

Fig. 4 shows PLL percentiles and highlights a compact group of five high-consequence sites whose upper percentiles lie well above
those of the rest of the portfolio. Chirano ranks first, with P90 ~ 129, VaR95 ~ 148 and P99 ~ 186 expected fatalities. Siguiri follows
with P90 ~ 101, VaR95 ~ 132 and P99 ~ 197, while Edikan, Loulo-Gounkoto and Geita form a second tier with VaR95 values of about
94, 83 and 71 expected fatalities, respectively, and P99 values between roughly 91 and 140. These sites have long P90-P99 bars that
span tens of expected fatalities, indicating that many combinations of release fraction and corridor parameters produce severe loss-of-
life outcomes once failure is assumed.

Moderate-consequence sites occupy an intermediate region of the league table. KCGM has VaR95 ~ 37 expected fatalities, with P90
~ 10 and P99 =~ 46, while Kuranakh has VaR95 ~ 22, P90 ~ 17 and P99 ~ 35. Driefontein is more unusual: its VaR95 is below one
expected fatality (=~ 0.73) and P90 = 0.60, yet its P99 reaches roughly 60 expected fatalities. In the plot this appears as a long, right-
extending bar with a marker close to the origin, reflecting a distribution in which most parameter combinations yield very small PLL
but a small subset produces much larger consequences. This behaviour is consistent with a corridor geometry in which only the largest
releases and longest runout lengths intersect substantial population.

League table - PLL percentiles by site (P90 - P99)
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Fig. 4. League-table plot of PLL percentiles across the scenario set by site (P90-P99) with VaR95 markers.
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Low-consequence sites cluster near the origin with short P90-P99 intervals. All have VaR95 below about 6.4 expected fatalities, and
P99 never exceeds ~ 8.5. At the lowest end of the spectrum, Goldex, Aurizona and Fosterville have P99 values below one expected
fatality (=~ 0.15, 0.34 and 0.67, respectively), and their P90 and VaR95 values are an order of magnitude smaller still. The narrow bars
for these dams suggest that even the most pessimistic combinations within our scenario set generate only limited loss-of-life exposure,
and that this conclusion is robust to modelling assumptions about release fraction and corridor geometry.

Interpreted as a portfolio screening tool, Fig. 4 therefore serves two functions. First, the position of the VaR95 markers provides a
transparent ranking of sites by upper-tail consequence, clearly distinguishing the small number of tailings dams where conditional
fatalities could plausibly reach the hundreds from the majority where even P99 upper-tail outcomes remain in the single digits. Second,
the width of the P90-P99 intervals offers a simple visual proxy for parameter sensitivity: wide bars (e.g., Chirano, Siguiri, Driefontein)
flag sites where PLL consequence estimates are highly sensitive to uncertain model choices, whereas narrow bars (several of the low-
consequence sites) indicate robustly low PLL across the scenario set. In the following subsections, we complement this snapshot with
the full scenario-exceedance curves, which reveal how these upper-tier metrics arise from the underlying distributions.

3.3. Scenario-exceedance behaviour and VaR95 across consequence groups

The scenario-exceedance curves in Fig. 5 provide a complementary view of the PLL outcomes across the deterministic parameter
set. For a PLL threshold g, the scenario-exceedance fraction is the proportion of the 144 parameter combinations for which PLL> q.
Each curve is therefore a stepwise, monotonically decreasing function of PLL. The horizontal dashed line at 5% identifies the scenario-
set VaR95 level, meaning that approximately 5% of the enumerated combinations exceed this value; it does not represent a 5%
physical probability of occurrence.

Fig. 5(a) shows scenario-exceedance curves for the five high-consequence sites. Chirano and Siguiri clearly occupy the upper
envelope: their curves remain above 10% up to PLL values of roughly 140-150 expected fatalities and cross the 5% line at VaR95 ~ 148

High-consequence sites
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10%
VaR95

(5% of scenario combinations)

Scenario-exceedance fraction

1%
0 20 40 60 80 100 120 140 160 180 200

PLL (expected fatalities)
a) —— Site 1:Loulo-Gounkoto Site 2:Geita Site 9:Siguiri —— Site 11:Edikan —— Site 15:Chirano

Moderate-consequence sites
100%
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(5% of scenario combinations)

Scenario-exceedance fraction
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Fig. 5. Scenario-exceedance curves of PLL (expected fatalities) across the deterministic parameter set by consequence group: (a) high-consequence
sites; and (b) moderate-consequence sites. The horizontal dashed line identifies scenario-set VaR95, exceeded by approximately 5% of the
enumerated parameter combinations.
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and =~ 132 expected fatalities, respectively. Edikan and Loulo-Gounkoto form an intermediate tier, with VaR95 ~ 94 and ~ 83 ex-
pected fatalities and scenario-exceedance fractions still well above 10% for PLL levels around 70-80. Geita has the lowest curve within
the high-consequence group, with VaR95 ~ 71 and exceedances already below 10% by ~ 60 expected fatalities. All five curves decline
gradually rather than dropping sharply, indicating that a wide range of parameter combinations can produce moderate to high PLL
once failure is assumed. This behaviour is consistent with long, valley-confined runout paths that intersect sizeable downstream
populations for many combinations of release fraction and corridor geometry.

Moderate-consequence sites (Fig. 5(b)) display noticeably steeper scenario-exceedance curves and lower VaR95 values, but still
non-negligible conditional PLL. KCGM has the highest tail within this group: scenario-exceedance fractions remain above 10% up to
PLL =~ 20, and the curve crosses the 5% line at VaR95 ~ 37 expected fatalities. Kuranakh has VaR95 = 22, with a comparatively steep
decline. Scenario-exceedance fractions fall below 10% by ~ 18 expected fatalities and approach 1% by = 35. Driefontein behaves
differently: its curve is very steep near the origin, with VaR95 only ~ 0.73 and scenario-exceedance fractions below 10% already at PLL
~ 1. However, a long tail formed by a small share of the parameter combinations extends to PLL 60 (P99), indicating that some
combinations generate much larger consequences than the bulk of the scenario set. This pattern suggests a corridor where only extreme
releases and long runout lengths reach populated areas.

Low-consequence sites (Appendix A, Figure A1) have scenario-exceedance curves clustered close to the origin, with VaR95 values
below ~ 6.4 expected fatalities for all nine tailings dams. For Goldex, Aurizona and Fosterville, VaR95 is below one expected fatality (~

0.11, 0.24 and 0.52, respectively), and scenario-exceedance fractions drop below 5% at PLL levels that remain well under a single
expected fatality. South Deep, Mponeng, Yanfolila and Ergo exhibit somewhat longer tails, but even for these sites the 5% scenario-set
exceedance level lies between = 3.6 and ~ 6.3 expected fatalities, and the curves approach the 1% line by PLL &~ 5-8. Overall, the
steepness and limited horizontal extent of the low-consequence curves indicate that only a narrow subset of parameter combinations
yields any material exposure, and that even pessimistic scenarios remain in the single-digit range of expected fatalities.

Viewed together, the scenario-exceedance curves clarify how the league-table statistics arise from the underlying distributions.
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Fig. 6. Relationship between VaR95 and ES95 for PLL (expected fatalities) across the scenario set: (a) high- and low-consequence sites; (b)
moderate- and low-consequence sites. The red dashed line shows the 1:1 relationship (VaR95 = ES95).
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Gradual, slowly decaying curves in the high-consequence group reflect corridors where many combinations of release fraction and
thickness parameters intersect dense downstream populations, leading to a broad range of PLL values with substantial share of scenario
combinations at high consequences. In contrast, steep curves in the moderate- and low-consequence groups indicate that results are
dominated by a small set of severe parameter combinations, with most runs producing little or no exposure because the modelled
runout either stops before reaching major settlements or traverses sparsely populated terrain. These patterns reinforce the three
consequence classes introduced in Sections 3.1-3.2 and show that the ranking by VaR95 is supported not only by point estimates but
also by the full shape of the scenario-set distributions.

3.4. Tail severity: relationship between VaR95 and ES95

Fig. 6 compares VaR95 with ES95, defined here as the threshold-based upper-tail mean of PLL outcomes at or above the VaR95
level. Fig. 6(a) shows the high- and low-consequence sites, and Fig. 6(b) shows the moderate- and low-consequence sites, with the low-
consequence cluster repeated in both panels to keep the axes comparable. The red dashed line represents the 1:1 relationship
VaR95 = ES95. Points located close to this line have tails in which the threshold-defined upper-tail mean is similar to the VaR95
threshold. Points above the line indicate heavier tails, where the threshold-defined upper-tail mean is higher than the VaR95 threshold
itself.

Across the portfolio, most sites lie very close to the VaR95 = ES95 line, indicating that ES95 is numerically similar to VaR95 at the
scenario-set resolution used here. High-consequence sites cluster in the upper right of Fig. 6(a). Chirano and Siguiri plot slightly above
the 1:1 line, indicating that for these tailings dams the threshold-defined upper-tail mean is modestly higher than the VaR95 threshold,
consistent with the gradual scenario-exceedance curves and long P90-P99 ranges described in Sections 3.2-3.3. Edikan, Loulo-
Gounkoto and Geita are even closer to the line, with ES95 only marginally exceeding VaR95. Thus, although these sites have large
conditional PLL, their tails are not extremely heavy in the sense that the very worst runs are only somewhat more severe than the 95th-
percentile scenario.

Moderate-consequence sites (Fig. 6(b)) show a similar pattern at lower absolute consequence levels. KCGM and Kuranakh lie
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slightly above the VaR95 = ES95 line, reflecting the modest tail extension seen in their scenario-exceedance curves. Driefontein is a
clear exception: VaR95 remains below one expected fatality, while ES95 is much larger because the threshold-defined upper-tail set
includes a small number of severe runs. This indicates a thin-bulk, long-tail distribution, where most parameter combinations produce
very low PLL but a limited subset reaches substantially higher exposed populations. Low-consequence sites cluster near the origin, with
both VaR95 and ES95 in the single-fatality range or below, and they sit essentially on the 1:1 line, indicating thin tails in which the
threshold-defined upper-tail mean is only slightly higher than VaR95.

From a portfolio-management perspective, these scatterplots (Fig. 6(a) and (b)) show that in this particular scenario set the choice
between VaR95 and ES95 makes little difference to the relative ranking of most sites: tailings dams that have large VaR95 also have
proportionally large ES95, and most points remain close to the VaR95 = ES95 line. VaR95 is therefore an adequate primary ranking
metric for portfolio-level screening in our case. ES95 mainly acts as a diagnostic check on tail behaviour, especially for sites such as
Driefontein, where the small number of severe runs is not fully represented by VaR95 alone. More generally, points located sub-
stantially above the 1:1 line would indicate genuinely heavy tails, where the very worst scenarios are much more severe than the 95th-
percentile case.

3.5. Within-site variability: full PLL distributions

Fig. 7 summarises the distribution of PLL (expected fatalities) across the full scenario set for each site, using boxplots. For every
dam, the box spans the interquartile range (IQR, P25-P75), the horizontal line marks the median, the whiskers extend to the most
extreme values within 1.5 x IQR of the quartiles, and points beyond the whiskers denote outlying runs. All values remain conditional
on dam failure and on the set of parameter scenarios.

For the high-consequence sites (Fig. 7(a)), the boxplots show that large consequences are not confined to a handful of extreme runs
but occur across a substantial part of the scenario set. Chirano and Siguiri have the highest medians, at about 60 and 43 expected
fatalities, respectively, with very wide IQRs (= 27-88 for Chirano and = 23-71 for Siguiri) and P90 values around 130 and 100. Their
upper whiskers and outliers extend to nearly 190-200 expected fatalities, confirming the broad right-skewed distributions and elevated
VaR95 and ES95 values seen in the scenario-exceedance curves. Edikan and Geita form an intermediate tier: their medians (~ 36 and
~ 29) and IQRs (=~ 17-54 and ~ 18-47) still imply double-digit PLL for a large share of runs, with P90 around 76 and 62 and maxima
near 140 and 91. Loulo-Gounkoto has a lower median of ~ 15 expected fatalities, but its long upper whisker (P90 ~ 64, maximum ~
106) indicates that a sizeable minority of parameter combinations still produces consequences comparable to those at Geita.

Moderate-consequence sites, plotted on the same scale in Fig. 7(a), show a different structure. Kuranakh has a median PLL of about
4.3 expected fatalities, with an IQR of ~ 2.1-8.1 and P90 ~ 17, placing it just below the high-consequence sites in terms of typical
outcomes but clearly separated from the low-consequence group. KCGM and Driefontein, by contrast, have medians close to zero (~
0.14 and ~ 0.15) and relatively compact boxes and P90 values (=~ 10 for KCGM and = 0.6 for Driefontein), yet both exhibit very long
upper whiskers and isolated outliers. In particular, Driefontein reaches a maximum of ~ 75 expected fatalities despite its very low P90,
while KCGM has outliers up to ~ 46. This pattern, small medians and P90 but occasional large outliers, is consistent with the steep
scenario-exceedance curves and the VaR95/ES95 behaviour for these sites, where most runs yield little or no exposure but a small
subset of high-release, long-runout combinations generates disproportionately severe consequences.

The zoomed panel for low-consequence sites (Fig. 7(b)) confirms that their PLL distributions across the scenario set are tightly
concentrated near zero. Medians range from ~ 0.005 expected fatalities at Goldex and = 0.05 at Aurizona to ~ 1.3-1.9 at South Deep,
Mponeng and Ergo. P90 values remain below about 5 expected fatalities for all sites (=~ 5.1 at Ergo, ~ 4.4 at South Deep and ~ 3.7 at
Yanfolila), and maxima are in the single-digit range except for a few isolated points. Fosterville, Young-Davidson, Haile, Goldex and
Aurizona show particularly compact boxes with P90 well below one expected fatality, indicating that even pessimistic parameter
combinations produce only marginal conditional PLL. South Deep, Mponeng, Ergo and Yanfolila have somewhat broader IQRs and
longer whiskers, but still fall well below the high- and moderate-consequence sites in both median and upper-tail values.

Taken together, the boxplots reinforce the patterns seen in the league table, scenario-exceedance curves and VaR95-ES95 scat-
terplots. Sites with high upper-tail severity and strongly skewed distributions (notably Chirano, Siguiri and, to a lesser extent, Edikan,
Geita, Kuranakh and Driefontein) are characterised by skewed distributions with long upper whiskers and pronounced outliers. In
contrast, low-consequence sites have compact, near-symmetric boxes clustered close to zero, reflecting both low typical PLL and
limited sensitivity to parameter choices. In modelling terms, large within-site variability arises where combinations of high release,
long decay length and corridor width generate greater effective depth and/or longer reach across populated areas than low-release or
short-runout combinations. Where modelled runout paths are short or traverse sparsely populated terrain, the PLL distributions across
the scenario set remain sharply bounded, and both median and tail metrics stay in the single-fatality range.

3.5.1. Sensitivity of high-consequence PLL to warning-response assumptions

Table 7 presents the warning-response sensitivity results for the five high-consequence sites. Relative to the reference
depth-fatality curve, warning issued at the time of failure reduced VaR95 and ES95 by 22.4-34.4%, while a 5 min advance warning
reduced both metrics by 43.9-59.2%. The magnitude of this variation confirms that human-response assumptions are an important
source of uncertainty in the absolute PLL estimates.

Under the warning-at-failure variant, VaR95 remained between approximately 47 and 115 expected fatalities across the five sites.
Under the 5 min warning variant, the corresponding range was approximately 29-83 expected fatalities. Chirano and Siguiri remained
the two highest-consequence sites in all variants, followed by Edikan, Loulo-Gounkoto and Geita. The rank order remained unchanged
because the same sensitivity multipliers were applied to each run and site.
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These findings should not be interpreted as forecasts of the benefits of warning systems at the individual facilities. The transferred
multipliers represent the range produced by alternative evacuation assumptions for the Brumadinho case. Actual effectiveness would
depend on mudflow arrival time, warning reliability, evacuation-route availability, population awareness, building characteristics and
the spatial distribution of people when failure occurs. The analysis nevertheless demonstrates that the reference PLL values may vary
materially under plausible alternative response assumptions, even where the portfolio ranking remains stable.

3.5.2. Sensitivity to release-corridor-width dependence

The equal-weight full-factorial baseline includes every combination of release fraction and corridor half-width but does not assign
higher likelihood to any dependence structure. Two bounding rank-coupling tests were therefore used to examine the effect of possible
release-width dependence. Positive coupling, in which progressively larger releases were paired with progressively wider corridors,
increased VaR95 at the five high-consequence sites by approximately 25.6-49.8% relative to the baseline. The opposite coupling
reduced their VaR95 values by approximately 31.6-55.6%. ES95 changed by approximately +10.2% to +25.3% under positive
coupling and by approximately —40.8% to —51.4% under the opposite bound.

Despite these changes in absolute magnitude, the portfolio ranking was comparatively stable. Spearman rank correlations between
the baseline and dependence-test VaR95 values were p = 0.983 for positive coupling and p = 0.988 for the opposite coupling. Cor-
responding ES95 rank correlations were p = 0.998 and p = 0.953. Chirano, Siguiri, Edikan, Loulo-Gounkoto and Geita remained the
five high-consequence sites in both tests, although their ordering within the group changed slightly.

These results show that assumed release-width dependence can materially affect absolute VaR95 and ES95 estimates, but the
principal portfolio grouping is less sensitive. The stress tests do not identify the actual dependence structure at any facility. Rather, they
bound its potential influence and reinforce the interpretation of the reported metrics as design-based screening summaries rather than
calibrated probabilistic quantities.

3.6. Tail PLL severity versus downstream population and stored tailings volume

Fig. 8 examines how cross-site differences in tail PLL severity, represented by ES95, relate to estimated stored tailings volume and
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Fig. 8. Relationship between tail PLL severity (ES95; expected fatalities) and (a) estimated stored tailings volume and (b) standardised reference-
run exposed population, as defined in Section 2.6. The x-axes are shown on a log; scale to accommodate orders-of-magnitude variation. Pairwise
and partial Spearman correlations are reported in Table 8. Point labels identify the high- and moderate-consequence sites; unlabelled points
correspond to low-consequence sites.
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the standardised reference-run exposed population defined in Section 2.6. The pairwise Spearman association between ES95 and
stored volume was moderate (p = 0.60), whereas the association between ES95 and exposed population was stronger (p = 0.78).
Exposed population and stored volume were also positively associated (p = 0.67), indicating that comparison of the two bivariate
coefficients alone does not isolate their separate relationships with ES95.

Partial Spearman analysis produced a clearer contrast. After controlling for stored volume, ES95 retained a moderate-to-strong
association with exposed population (ppqiq = 0.64; permutation p = 0.006). After controlling for exposed population, the remain-
ing association between ES95 and stored volume was weak (ppqiq = 0.16; permutation p = 0.529). The leave-one-site-out partial
correlation ranged from 0.48 to 0.79 for exposed population controlling for volume and from 0.04 to 0.33 for stored volume controlling
for population. The contrast therefore did not depend solely on one facility or on the largest-volume observation.

These results indicate that downstream population provides more independent rank information about tail PLL severity than stored
volume within this 17-site portfolio. They strengthen the case for exposure-aware screening and show why volume alone is insufficient
for prioritisation. Nevertheless, the small sample and screening-derived variables preclude a universal or causal interpretation. The
findings should therefore be read as portfolio-specific evidence of a stronger exposure association rather than proof that exposure
dominates consequence magnitude in every TSF setting.

The pairwise correlations, partial correlations, permutation-test results and leave-one-site-out ranges are summarised in Table 8.

3.7. Synthesis, comparison with literature and policy implications

Taken together, the percentile league table, scenario-exceedance curves, VaR95-ES95 plots and boxplots identify five robustly high-
consequence sites (Chirano, Siguiri, Edikan, Loulo-Gounkoto and Geita), three moderate-consequence sites (KCGM, Kuranakh and
Driefontein) and nine low-consequence sites. The high-consequence group has VaR95 values of 71-148 expected fatalities, wide P90-
P99 intervals and strongly skewed distributions. KCGM and Kuranakh have intermediate VaR95 values, whereas Driefontein shows a
thin-bulk, long-tail pattern. The remaining sites have medians below two expected fatalities and VaR95 below 7. The three-tier
grouping is supported consistently across all four diagnostics, indicating that it is not driven by a single metric. Exposed population
also retained a stronger partial association with ES95 (p = 0.64) than stored volume (p = 0.16), although the 17-site sample limits
generalisation.

The upper-tail conditional PLL values at the high-consequence sites are of the same order of magnitude as fatality totals reported for
some major historical tailings failures, although they are scenario-based expected values rather than observed event outcomes [1,4,
19]. The three-tier pattern is also qualitatively consistent with the GISTM, which distinguishes failures capable of causing mass ca-
sualties from those with more localised impacts [2]. The study-specific tiers do not replace formal classifications, but they separate
facilities with plausible community-scale consequences from those remaining in the single-digit range given failure.

Leave-one-out cross-validation of the 54-event release-volume dataset produced a cross-validated R? of 0.607, compared with an
in-sample R of 0.646. RMSE and MAE were 0.583 and 0.452 log1o(m®), equivalent to multiplicative factors of approximately 3.83 and
2.83, while mean prediction error was 0.005 logio(m®), indicating little directional bias. Empirical coverage was 75.9% for the
nominal 16th-84th percentile interval and 92.6% for the nominal 2.5th-97.5th percentile interval. When Brumadinho was withheld, its
median predicted release was 3.65 x 10° m3 versus an observed 9.57 x 10® m®, which remained within the fold-specific 16th-84th
percentile interval of approximately 0.98-13.63 x 10° m>. These results show that the regression captures the broad scale of
release volumes but retains substantial event-level uncertainty, supporting its use as a scenario generator rather than a precise
deterministic predictor. Table 9 reports the complete metrics.

The Brumadinho failure was also used as a screening-level plausibility check of routing and workforce exposure (Fig. 9; Table 10).
Released volume was fixed at 9.7 x 10° m3, consistent with Robertson et al. [8] and Lumbroso et al. [7], and the same workflow used
for the 17-site portfolio produced an applied corridor length of 9.028 km. Because this length is the shorter of the theoretical stopping
distance and the available digitised centerline, it represents the applied screening-corridor extent rather than an independently
validated maximum runout. Published accounts indicate an approximately 10 km downstream path to the Paraopeba River [7,9],
making the modelled extent about 0.97 km, or 9.7%, shorter.

The comparison with Lumbroso et al. [7] also clarifies the difference in model scope. Their reconstruction combined an
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Fig. 9. Brumadinho (2019) tailings dam failure: (a) pre-failure setting, (b) post-failure inundation footprint, and (c) modelled hazard corridor
(Scenario B1).
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EMBREA-MUD breach hydrograph with a two-dimensional MIKE 21 Bingham-flow model and an approximately 12 m terrain model to
simulate time-varying depth, velocity and arrival time. The present framework instead uses a fixed released volume, a MERIT-guided
centerline, a constant-width envelope and a longitudinal effective-thickness function. The similarity in downstream extent supports
first-order route and runout plausibility for this case, but does not validate local width, depth, velocity, arrival time or deposition.

Residential population grids inadequately represent industrial occupancy [41], so an explicit workforce layer was added. Published
loss-of-life modelling assumed approximately 400-430 workers on site at the time of failure [7]. Accordingly, the workforce input was
set to Ny = 400 and allocated within a mine working-area polygon. To bound uncertainty in workforce location, Scenario B;
distributed workers across a relatively wide polygon, whereas Scenario By concentrated them within a smaller polygon (Fig. 9;
Table 10). WorldPop-only exposure was low in both scenarios (Pops = 49). The corridor intersected Wy, = 138 workers in Scenario B;
and Wy, = 282 in Scenario By, producing total exposed populations (Pops + Wey,) of 187 and 331 and corresponding PLL values of 109
and 189 expected fatalities. The comparison therefore supports two screening-level observations: the applied downstream extent is of
the same order as the published approximately 10 km reconstruction, and conditional PLL is highly sensitive to workforce location. It
remains a first-order plausibility check rather than validation of local flow width, depth, velocity, arrival time, deposition or fatality
outcomes.

The scenario-set framework complements single-scenario breach modelling by making parameter sensitivity visible and providing
a common basis for portfolio comparison. Wide P90-P99 ranges, slowly decaying scenario-exceedance curves and long boxplot tails
identify sites where release and corridor assumptions strongly affect PLL. VaR95 provides the primary ranking metric, while ES95
identifies heavier tails such as Driefontein. These metrics support prioritisation but cannot determine capital allocation, regulatory
compliance or risk acceptance without site-specific assessment of failure likelihood, breach behaviour, downstream exposure and
emergency response [2,15,39].

A conservative Stage 2 escalation rule is therefore proposed. A facility is flagged for Stage 2 detailed assessment when.

e scenario-set VaR95 is at least 10 expected fatalities;

e VaR95 is below 10 but ES95 or P99 is at least 10, indicating a long-tail case;

e results are materially sensitive to warning, workforce exposure, routing or parameter dependence; or

o data-quality limitations or an existing jurisdictional classification independently justify further investigation.

The threshold of 10 expected fatalities is a study-specific screening anchor that broadly corresponds to the GISTM transition from
High to Very High on the life-loss dimension and, with the long-tail override, separates the low-consequence sites from the moderate-
and high-consequence cases [2]. It is neither a regulatory threshold nor a tolerable-risk criterion. Because the framework estimates
consequences conditional on failure rather than annual failure probability, its PLL metrics cannot be compared directly with annual
risk-tolerability criteria. Stage 2 should include a site-specific breach hydrograph, two-dimensional non-Newtonian runout modelling,
refined topography, transient and workforce exposure, warning and evacuation analysis, and a formal risk assessment combining
consequences with failure likelihood and applicable requirements to reduce risk as low as reasonably practicable [2,15].

GISTM requires operators to conduct breach analyses for credible failure modes and assess downstream exposure and vulnerability
(Requirements 2.3 and 2.4). Under Requirement 4.1 and Annex 2, operators select the highest applicable consequence class across
population at risk, potential loss of life, environmental, health, social, cultural, infrastructure and economic effects. Principle 15 and
Requirement 15.3 link disclosure to public accountability and call for standardised, independent, industry-wide and publicly acces-
sible information repositories [2].

Hopkins and Kemp [12] regard GISTM as an important advance while describing compromises involving industry influence,
accountability, affected-community rights, disclosure and independent assurance. GISTM provides Independent Tailings Review
Boards and Dam Safety Reviews, yet they question whether company-arranged assurance and summary disclosure enable sufficient
external review. Credibility therefore depends on whether external actors can examine the evidence and assumptions behind
operator-generated assessments.

Within this governance context, the proposed open-data framework provides an independently reproducible Stage 1 screen.
Common datasets, explicit assumptions and archived scenarios allow external actors to compare facilities, test rankings and question
operator-generated classifications. The framework cannot establish a formal GISTM classification, verify conformance or replace site-
specific breach analysis, independent technical review, affected-community engagement, emergency planning or regulatory
judgement.

PLL covers only fatality consequences. It does not quantify displacement, livelihood disruption, health effects, cultural heritage
loss, environmental damage, infrastructure loss or economic disruption. Because GISTM assigns the highest applicable consequence
class across all dimensions, low screening-level PLL does not imply low overall consequence [2,12]. The framework cannot substitute
for social, environmental or local economic impact assessments.

Several limitations affect the absolute PLL estimates. First, the same depth-fatality curve is applied to all sites. Warning-response
variants reduced VaR95 and ES95 by approximately 22-34% for warning at failure and 44-59% for a 5 min advance warning, while
preserving the ranking because common multipliers were applied. These transfer-based bounds do not represent site-specific building
stock, shelter, warning reliability, evacuation capacity, arrival time or temporal occupancy. The reference curve may therefore
overestimate PLL where warning, evacuation or shelter are effective and underestimate it where warning is absent, occupancy is
concentrated or vulnerable buildings predominate [7,16,25].

Second, routing uses a MERIT-guided one-dimensional centerline, a constant-width envelope and an exponential effective-
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thickness profile rather than a two-dimensional hydrodynamic model [7,20,32]. It does not simulate local widening and constriction,
bends, lateral spreading, deposition, rheological transitions, velocity or arrival time. Exposure may be overestimated where actual flow
is more confined and underestimated where spreading or runout exceeds the selected corridor. The modelled thickness is therefore an
exposure proxy, not a locally validated depth prediction.

Third, the release regression is conditional on documented failures, which may overrepresent large or well-investigated events.
Leave-one-out validation quantifies predictive performance within the 54-event sample but cannot correct missing-event bias. If
smaller failures are systematically underrepresented, the fitted relationship may overstate release severity for some facilities.

Fourth, equal design weights provide balanced coverage of the selected parameter space but do not represent physical likelihood.
The full-factorial design also does not establish that the parameters are physically independent. Probabilistic, Bayesian or expert-
weighted approaches require defensible marginal distributions and dependence structures that are unavailable consistently across
the portfolio [37]. The release-width stress tests materially changed absolute VaR95 and ES95 but preserved strong cross-site rank
agreement and the same five high-consequence sites. The reported metrics should therefore be interpreted as design-based sensitivity
summaries rather than calibrated probabilities. Archived run-level results can be reweighted if site-specific distributions, expert
weights or dependence models become available.

Finally, the cross-site analysis contains only 17 facilities. Partial rank correlations and leave-one-site-out checks reduce con-
founding and sensitivity to individual observations, but do not establish causation or guarantee transferability. Exposure is also based
on one WorldPop realisation at 100 m resolution without explicit treatment of population change or uncertainty [23,28]. Rankings
therefore remain conditional on the selected parameter ranges, equal weights and population representation.

These limitations can bias results in either direction. Reporting bias may overstate release severity, omitted transient or workforce
populations may understate exposure, and corridor or fatality assumptions may over- or underestimate PLL depending on confinement,
spreading, warning and vulnerability. DEM, centerline and population-grid uncertainties may also act in either direction. The values
should therefore be treated as assumption-dependent screening estimates rather than consistently conservative predictions. The
sensitivity analyses indicate that portfolio grouping is more stable than absolute PLL [7,23,41].

The framework is therefore a Stage 1 portfolio-screening tool. It identifies facilities warranting Stage 2 breach, runout, exposure
and evacuation assessment, but does not determine risk acceptability, regulatory compliance or investment decisions. Data-quality
limitations, sensitivity findings and governance conditions apply regardless of the numerical result.

4. Conclusion

This study developed an end-to-end, screening-level framework for portfolio-wide consequence assessment of tailings dam failure
using Google Earth Engine (GEE) and an Excel regression release model. The workflow estimates dam geometry by DEM cut-and-fill,
derives cap-aware release scenarios, routes a simplified MERIT-guided corridor with exponential thickness decay, and computes
conditional Potential Loss of Life (PLL) on the WorldPop 100 m grid. It supports portfolio prioritisation given failure rather than
breach-hydraulics simulation or replacement of site-specific dam-break and evacuation analyses.

Conditional consequences varied substantially across the 17-site portfolio despite a consistent scenario design of 144 runs per site,
with upper-tail PLL spanning nearly three orders of magnitude (VaR95 ~0.1 at Goldex to ~148 at Chirano; P99 ~0.15 to ~200).
Chirano, Siguiri, Edikan, Loulo-Gounkoto and Geita formed the high-consequence group (VaR95 ~71-148; broad P90-P99), whereas
nine sites remained consistently low (VaR95 < ~7; P99 < ~9). Scenario-exceedance curves distinguished broadly severe distributions
from cases where severe outcomes occurred only for a small share of parameter combinations. Driefontein illustrates this long-tail
profile (P90 < 1; P99 ~60). VaR95 and ES95 were closely aligned for most sites, supporting VaR95 as the primary screening
metric and ES95 as a tail diagnostic. Warning-response variants reduced high-consequence-site VaR95 and ES95 by approximately 22-
59%, confirming substantial uncertainty in absolute PLL while preserving the ranking under common transfer-based multipliers.
Exposed population retained a stronger association with ES95 after controlling for stored volume (g4, = 0.64) than stored volume
did after controlling for population (p,qqy = 0.16). This supports exposure-aware screening and cautions against volume-only pri-
oritisation, although the 17-site sample limits generalisation.

These findings support portfolio governance by providing an independently reproducible first-pass reference for comparing fa-
cilities and questioning operator-generated classifications. Explicit inputs, assumptions and documented scenario logic allow operators
and external stakeholders, including regulators, investors, civil society organisations and researchers, to reproduce the screen. VaR95,
scenario-exceedance-curve shape and sensitivity results identify where detailed breach and two-dimensional runout modelling,
emergency planning and data validation are most informative. These outputs support prioritisation and external review but cannot
determine GISTM conformance or independently assure facility safety.

Under the proposed escalation rule, facilities with scenario-set VaR95 of at least 10 expected fatalities, or ES95 or P99 of at least 10
despite lower VaR95, are flagged for Stage 2 detailed assessment. Data-quality limitations, sensitivity findings and governance con-
ditions apply regardless of the numerical result. These are consequence-screening triggers, not tolerable-risk, regulatory-acceptance or
capital-allocation criteria.

Results remain conditioned on simplified assumptions. Runout is represented by a MERIT-guided centerline corridor with expo-
nential thickness decay, not two-dimensional hydraulics or complex spreading. Released volume comes from regression-based sce-
narios with residual spread and a cap rather than a time-varying breach hydrograph. Baseline PLL uses a uniform depth-fatality curve
on single-year WorldPop 100 m data. Warning-response sensitivity uses transfer-based multipliers for the five high-consequence sites
and does not model site-specific warning effectiveness, evacuation capacity, building stock or transient occupancy. DEM-derived
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geometry and routing also contain elevation uncertainty and some analyst dependence. The full-factorial scenario set uses equal design
weights for balanced, reproducible coverage, but these weights do not represent physical likelihood. Scenario-exceedance curves,
VaR95 and ES95 are therefore design-based conditional-consequence summaries rather than estimates of probabilistic annual risk.
Bounding release-width tests changed absolute tail metrics but preserved the five-site high-consequence group, indicating that
rankings were more stable than numerical PLL values.

These limitations may over- or understate absolute PLL depending on site conditions, reinforcing the framework's role in
comparative screening rather than site-specific prediction.

Future work should extend beyond PLL by combining ESA WorldCover and change detection with spatial indicators of displace-
ment, livelihoods, water resources, protected areas, ecological sensitivity, cultural assets and infrastructure. These data would enable
multi-impact screening within the existing corridor and scenario-set logic. Until then, PLL remains one component of consequence
assessment and cannot substitute for assessment of GISTM's social, environmental and economic dimensions. The framework's policy
value lies in making this fatality component transparent and open to external review.
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Appendix A. Additional results and contextual comparison

Figure Al presents additional scenario-set results generated in this study. Table Al reproduces the original disclosure-based
consequence or hazard classes and classification-system identifiers reported by Franks et al. [10] for descriptive context.

Low-consequence sites
100%

10%
VaR95

(5% of scenario combinations)

Scenario-exceedance fraction

0 1 2 3 4 5 6 it 8 9
PLL (expected fatalities)
South Deep Fosterville — — =VaR95 markers at 5%
Mponeng Young-Davidson Haile
Ergo Goldex Aurizona
Yanfolila

Fig. A.1. Scenario-exceedance curves of PLL (expected fatalities) across the deterministic parameter set for low-consequence sites. The horizontal
dashed line identifies scenario-set VaR95, exceeded by approximately 5% of the enumerated parameter combinations.
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Table A.1

Auxiliary descriptive listing of this study's conditional PLL tiers and the original disclosure-based consequence or hazard classes reported by Franks

etal. [10].
Site This study: consequence tier (conditional PLL) Franks: reported class Franks: classification system
Loulo-Gounkoto High High SANS
Geita High High SANS
KCGM Moderate High ANCOLD
South Deep Low High B ANCOLD
Fosterville Low Major AU-VIC
Mponeng Low High SANS
Kuranakh Moderate Insignificant RSA-2
Driefontein Moderate High SANS
Siguiri High High SANS
Young-Davidson Low High CAN-ON
Edikan High Hazard Class B/C GHA
Haile Low Low US-sC
Ergo Low High SANS
Goldex Low Medium CDA
Chirano High High CDA
Aurizona Low Very High CDA
Yanfolila Low High CDA

Note: This study's tier is a study-specific conditional PLL grouping derived from the scenario-set results in Table 6 and the scenario-exceedance, VaR95
and ES95 diagnostics. The Franks et al. [10] column reproduces the original disclosed consequence or hazard class for each facility, together with its
reported classification system. The classifications are presented together for descriptive context only. No cross-system harmonisation, equivalence,
agreement score or validation inference is made because the underlying schemes differ in terminology, thresholds and consequence dimensions and
may incorporate environmental, economic, infrastructure or other impacts in addition to potential loss of life.

Classification-system codes, as reported in the dataset of Franks et al. [10], used in Table Al.

SANS = South African National Standard 10286 (South African National Standards; consequence classification for mine residue
deposits).

ANCOLD = Australian National Committee on Large Dams (tailings/dam consequence categories under ANCOLD guidance).
CDA = Canadian Dam Association (dam safety/consequence classification under CDA guidance).

AU-VIC = Victoria (Australia): Department of Primary Industries, Environmental Guidelines-Management of Tailings Storage
Facilities (Nov 2004).

CAN-ON = Ontario (Canada): Ministry of Natural Resources, Classification and Inflow Design Criteria (2011).

US-SC = United States (South Carolina): Department of Health and Environmental Control, Dam Safety Program Manual (2012).
GHA = Ghana: LI 2182-Minerals and Mining (Health, Safety and Technical) Regulations (2012).

RSA-2 = Russian Federation: State Regulation No. 986 (02 Nov 2013)-criteria for classification of hydraulic structures by hazard
class.

Data availability

Data will be made available on request.
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