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Abstract6

The post-monsoon season (October–December, OND) concentrates a disproportionate7

share of �ood hazard in the Ganges–Brahmaputra–Meghna delta, coinciding with the8

principal Bay of Bengal cyclone season, with elevated antecedent soil moisture and9

river stages, and with the period in which polders, embankments, and urban drainage10

in Bangladesh are most exposed to compound surge–rainfall loading. The frequency of11

the extreme rainfall driving that hazard is conventionally treated as �xed in time. This12

study quanti�es how observable interannual ocean–atmosphere variability—the Indian13

Ocean Dipole (IOD) and the El Niño–Southern Oscillation (ENSO)—modulates it.14

Nonstationary generalized extreme value (GEV) models conditioned on climate indices15

were �tted to regional annual maximum monthly rainfall over Bangladesh (1950–2013),16

*Corresponding author. Email: 2304052@ce.buet.ac.bd
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with a focused hazard analysis of Central Bangladesh for the homogeneous 1982–201317

window. Both indices are signi�cant covariates, with cool and negative ocean states18

amplifying extremes; ENSO is the more consistent driver across the full record, while19

the IOD signal strengthens after 1982, although an interaction test cannot formally20

con�rm regime dependence. The principal consequence is recurrence compression: de-21

pending on calibration period, the depth of the nominal 100-year event behaves as an22

approximately 36- to 54-year event under strongly negative IOD states, a 1.9- to 2.8-23

fold compression that is robust across leave-one-out, rolling-window, �xed-panel, and24

cross-model audits and con�rmed by four independent distribution-free tests. Lifetime25

exceedance probability for a 50-year-service structure is near the stationary value un-26

der climatological weighting of states but rises substantially when service life coincides27

with negative-phase conditions, so the practical signi�cance is the temporal clustering28

of risk rather than a uniform bias. Because these are rainfall-only estimates, they are29

lower bounds on true compound surge and river-stage risk. The results support an30

implementable risk-management framework—a climate surcharge factor, seasonal op-31

erational triggers, climate-weighted lifetime-reliability assessment, and asset-portfolio32

prioritization—that augments existing practice without speculative trend extrapolation.33

Keywords: Flood hazard; Extreme rainfall; Climate variability; Indian Ocean Dipole;34

ENSO; Risk assessment; Nonstationary frequency analysis; Infrastructure reliability; Bangladesh35

1 Introduction36

1.1 Post-monsoon �ood hazard in the Bengal delta37

Bangladesh, situated at the head of the Bay of Bengal within the Ganges–Brahmaputra–38

Meghna delta, is among the most �ood-exposed countries in the world (Mirza 2003). Al-39

though the southwest monsoon (June–September) supplies roughly 71% of annual rainfall40

(Shahid 2010), the post-monsoon season (October–December, OND) carries a disproportion-41

ate share of hydrologic risk: it coincides with the principal Bay of Bengal cyclone season42
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(Islam and Peterson 2009), with elevated antecedent soil moisture and river stages inherited43

from the monsoon, and with the operational period in which polders, embankments, and44

urban drainage systems in the delta are most vulnerable to compound surge–rainfall loading45

(Karim and Mimura 2008; Ikeuchi et al. 2017)—a class of compound hydrometeorological46

hazard in which the joint occurrence of interacting drivers produces risk that single-driver47

analyses systematically understate (Zscheischler et al. 2018). Rainfall in Bangladesh exhibits48

signi�cant variability and documented changes in wet and dry spells and extreme events49

(Shahid 2010, 2011; Chowdhury 2003), and the destructive 2024 transboundary �oods have50

renewed attention on the interaction between extreme rainfall, antecedent conditions, and51

infrastructure performance in the delta (Das et al. 2026).52

The hazard is therefore not a single-driver phenomenon, and its design-relevant expression53

is not a single storm. What governs drainage congestion, embankment loading, and polder54

performance in the OND season is the accumulated multi-day rainfall of the wettest post-55

monsoon month, arriving on a catchment already saturated and into rivers already running56

high. It is the frequency of that loading, and its stability in time, that this paper examines.57

1.2 Stationary treatment of a non-stationary hazard58

Design standards for drainage systems, embankments, �ood-control structures, and water-59

resources infrastructure are conventionally derived from frequency analysis of historical ex-60

tremes under the assumption of stationarity: the premise that the probability distribution61

of annual maxima is invariant in time (Katz et al. 2002; Khaliq et al. 2006). In Bangladesh62

this premise is embedded throughout statutory practice: �ood-control, drainage, and irriga-63

tion (FCDI) structures are designed to �xed return-period standards under the Bangladesh64

Water Development Board’s design manuals (Bangladesh Water Development Board 2013b;65

Government of Bangladesh 2000), coastal polder embankments to return-period surge and66

wave levels (Bangladesh Water Development Board 2013a), national water planning to the67

return-period inundation framework established by the Master Plan Organization (Master68
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Plan Organization 1986; Water Resources Planning Organization 2004), and urban drainage69

to the rainfall-intensity provisions of the Bangladesh National Building Code (Housing and70

Building Research Institute 2020)—in every case from a stationary frequency analysis of the71

historical record, with no provision for the interannual ocean-state modulation quanti�ed72

below.73

The limitations of this premise are now widely recognized (Milly et al. 2008), and a74

substantial body of work has developed nonstationary alternatives in which distribution75

parameters vary with time or with physically meaningful covariates (El Adlouni et al. 2007;76

Villarini et al. 2009; Cheng et al. 2014). A parallel literature has reformulated the concepts of77

return period, reliability, and design life for nonstationary conditions (Cooley 2013; Rootzén78

and Katz 2013; Salas and Obeysekera 2014; Read and Vogel 2015), while cautioning that79

nonstationary models must be deployed with restraint because parameter uncertainty can80

dominate when records are short (Serinaldi and Kilsby 2015), and out-of-sample testing has81

found that the predictive advantage of nonstationary over stationary models is frequently82

modest or absent when the nonstationarity is extrapolated as an open-ended trend rather83

than tied to an observable, recurrent covariate (Luke et al. 2017).84

Most applications of this framework use time as the covariate, implicitly attributing85

nonstationarity to secular trends. An alternative, and in many respects more physically de-86

fensible, approach is to condition extreme-value distributions on observable modes of climate87

variability (Katz et al. 2002; Gilleland and Katz 2016). This distinction has become central88

to recent methodological work: several studies now argue explicitly that a time covariate89

lacks physical signi�cance and that physically meaningful covariates such as temperature,90

ENSO, and the IOD yield more defensible nonstationary estimates (Yan et al. 2023; Vin-91

narasi and Dhanya 2022; Agilan and Umamahesh 2017). When extremes are conditioned on92

a climate state rather than on calendar time, the resulting model does not extrapolate an93

open-ended trend; it instead quanti�es how risk is redistributed among recurring, observable94

states of the ocean–atmosphere system. This matters for practice: climate-state covariates95
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can be monitored and, increasingly, forecast at seasonal lead times, so a state-conditioned96

model translates directly into operational risk information.97

Recent Bangladesh-speci�c extreme-value work has begun to relax the stationarity as-98

sumption. Dey and Patwary (2025) �tted nonstationary GEV models to daily rainfall in99

Dhaka and Chattogram using atmospheric temperature as a covariate, �nding materially100

higher extreme-rainfall probabilities in Chattogram; and CMIP6-based projections indicate101

substantial changes in extreme-precipitation indices over Bangladesh through mid-century102

(Islam et al. 2025). These studies establish that nonstationarity is detectable and design-103

relevant for Bangladesh, but they either use time or local temperature as the covariate, or104

operate at the scale of seasonal projections; the question of how much the e�ective frequency105

of the design event is modulated by observable, in-season ocean states has received little106

attention.107

1.3 Ocean drivers of post-monsoon rainfall variability108

Two coupled ocean–atmosphere modes plausibly modulate OND rainfall extremes over Bangladesh.109

The El Niño–Southern Oscillation (ENSO) is the canonical driver of interannual variability110

in South Asian rainfall (Rasmusson and Carpenter 1983; Webster et al. 1998; Kumar et al.111

1999), operating through shifts in the Walker circulation and associated changes in convec-112

tion and moisture convergence over the Bay of Bengal. The Indian Ocean Dipole (IOD), an113

east–west gradient of equatorial Indian Ocean sea surface temperature that peaks in boreal114

autumn (Saji et al. 1999; Webster et al. 1999), modi�es convection over the eastern Indian115

Ocean and the strength of moisture transport into the northern Bay of Bengal precisely116

during the OND season (Saji and Yamagata 2003; Schott et al. 2009). The two modes in-117

teract: the IOD can modify the ENSO–monsoon relationship (Ashok et al. 2001), ENSO118

diversity produces distinct teleconnections (Ashok et al. 2007), and the Indian Ocean acts119

as a capacitor that delays and reshapes ENSO impacts (Xie et al. 2009).120

For Bangladesh speci�cally, statistical evidence links ENSO to seasonal rainfall and tem-121
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perature anomalies (Wahiduzzaman and Luo 2021), and long-term regional trend analyses122

report ENSO and IOD teleconnections that vary by season and sub-region (Rahman and123

Islam 2019). Across the broader Indian monsoon region, the IOD and ENSO exert a non-124

stationary and nonlinear in�uence on the frequency of extreme-rainfall events, with the IOD125

contribution strengthening over recent decades even as the ENSO–monsoon relationship has126

weakened (Krishnaswamy et al. 2015). There is, moreover, growing evidence that extreme127

IOD events themselves are becoming more frequent under greenhouse warming (Cai et al.128

2014; Abram et al. 2020), and that unprecedented IOD states can drive rainfall extremes well129

outside the historically sampled range (MacLeod et al. 2024). Whether this regional ten-130

dency extends to design-relevant extremes over Bangladesh, as opposed to seasonal means,131

has nonetheless received little attention.132

1.4 Objectives and framing of this study133

This paper addresses the �ood hazard posed by post-monsoon rainfall extremes, and asks how134

far the frequency of that hazard—the quantity on which exposure and reliability assessments135

depend—is modulated by observable states of the ocean–atmosphere system. The question136

is not which ocean mode dominates Bangladesh rainfall, which the available record cannot137

settle de�nitively, but the more practical one: by how much does observable climate-state138

variability alter the reliability of stationary hazard estimates, and is that alteration robust139

to reasonable choices of covariate and model structure?140

Accordingly, the analysis (i) �ts stationary and climate-conditioned GEV models to re-141

gional OND annual maximum rainfall using both the IOD (Dipole Mode Index, DMI) and142

ENSO (Niño 3.4) as competing covariates; (ii) subjects the �tted models to a sequence of ro-143

bustness audits, including leave-one-out sensitivity to extreme years, multi-start optimization144

checks, formal interaction tests for temporal regime dependence, and cross-model compari-145

son; (iii) translates only the audited, surviving results into hazard and risk metrics—namely146

climate-state-dependent return levels, equivalent return periods of the nominal design event147
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(recurrence compression), and lifetime failure probabilities under climate-state cycling—and148

(iv) distils these metrics into a four-component risk-management framework, comprising149

a design-stage veri�cation surcharge, seasonal operational triggers, lifetime reliability as-150

sessment, and asset-portfolio prioritization, that can be adopted within existing practice.151

Throughout, ENSO and the IOD are treated as competing but complementary covariates,152

and conclusions are stated at the level of robustness the data support.153

2 Study area and data154

2.1 Rainfall observations and regionalization155

Monthly rainfall totals were compiled from quality-controlled daily records of 34 Bangladesh156

Meteorological Department (BMD) stations for 1948–2014, with stations screened for data157

completeness (>95% complete months). Stations were grouped into �ve hydrologic regions:158

Central (Dhaka, Faridpur, Madaripur, Tangail, Barisal, Khulna, Mongla, Jessore, Satkhira,159

Bhola), Northeastern (Sylhet, Srimangal, Comilla, Mymensingh, Chandpur, Feni, Maijdee160

Court), Coastal (Chittagong, Cox’s Bazar, Hatiya, Sandwip, Kutubdia, Sitakunda, Patenga,161

Teknaf), Northwestern (Rajshahi, Bogra, Dinajpur, Rangpur, Thakurgaon), and Southwest-162

ern (Patuakhali, Khepupara).163

For each region and year, the analysis variable is the OND annual maximummonthly rain-164

fall, computed as the station-mean of the maximum monthly total over October–December.165

Monthly block maxima were used in preference to daily maxima because monthly totals166

during OND integrate the multi-day rainfall episodes, frequently of cyclonic origin, that167

govern drainage-congestion and embankment loading in the delta, and because they are less168

sensitive to station-level daily gaps in the early record. The resulting variable, the regional169

mean of each station’s wettest post-monsoon month, is to be understood as a regional in-170

dex of seasonal �ood loading rather than as a point design storm. The regional grouping171

pools hydrologically comparable stations in the spirit of regional frequency analysis (Hosk-172
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ing and Wallis 1997), while deliberately adopting a simple station-mean index in place of173

formal L-moment regional pooling; it characterizes the saturation, drainage-congestion, and174

embankment-loading environment of the season, and the quantities derived from it in Sec-175

tion 5 are protection-level statements for that loading environment, not direct inputs to the176

sizing of individual hydraulic structures, which respond to shorter-duration point or areal177

depths.178

The Southwestern region was excluded from the regional comparison on methodological179

grounds. Its two constituent stations begin substantially later than the rest of the network180

(1973 for Patuakhali, 1974 for Khepupara, versus 1950 for the four analyzed regions), yielding181

a shorter and non-overlapping record (n = 39–40 years) that cannot be directly compared182

against the 64-year window used elsewhere. A two-station region also falls below the station183

density conventionally recommended for a stable regional index (Hosking and Wallis 1997).184

For these reasons, and independent of the �tted coe�cients themselves, the Southwestern185

region is reported separately rather than pooled into the primary four-region comparison.186

All regional results below therefore refer to the four remaining regions, each with complete187

1950–2013 coverage (n = 64 years).188

The primary hazard analysis focuses on Central Bangladesh, the region with the densest189

station coverage and the most populous exposure (including metropolitan Dhaka). Station190

locations and the regionalization are shown in Fig. 1. Station records within the region begin191

at di�erent dates: �ve of the ten Central stations report continuously from 1948–1953, while192

the remainder commence later (Bhola 1966, Madaripur 1977, Tangail 1987, Mongla 1991).193

The regional OND maximum is computed as the mean of available station maxima in each194

year, so the number of contributing stations rises from �ve in 1950 to eight by 1982 and195

ten by 2000. This increasing station density is a further reason, beyond the satellite-era196

improvement in sea-surface-temperature observation, for basing the primary analysis on the197

post-1982 period, during which at least eight of the ten stations contribute throughout.198
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Figure 1: Bangladesh Meteorological Department stations used in this study, grouped into the
four analysis regions; Southwestern stations (crosses) are reported separately (Section 5). The
national border is drawn from Natural Earth 1:10m vector data; station positions are plotted at
town coordinates.
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2.2 Climate indices199

The IOD state is represented by the Dipole Mode Index (DMI), the di�erence in sea sur-200

face temperature anomaly between the western (50°E–70°E, 10°S–10°N) and southeastern201

(90°E–110°E, 10°S–0°) equatorial Indian Ocean, computed from HadISST (Rayner et al.202

2003) following Saji et al. (1999). The ENSO state is represented by the Niño 3.4 sea sur-203

face temperature anomaly from ERSSTv5 (Huang et al. 2017). Both indices were averaged204

over October–December to align with the rainfall season, and were standardized (zero mean,205

unit variance) over the analysis period so that regression coe�cients are expressed in mil-206

limetres per standard deviation (mmσ−1) of the index. One standard deviation of OND207

DMI corresponds to approximately 0.21 °C in the 1982–2013 sample. Two candidate Niño208

3.4 products were cross-checked over their 1982–2013 overlap (r = 0.987; median absolute209

di�erence 0.17 °C); the ERSSTv5 series was adopted because it spans the full 1950–2013210

period.211

3 Methods212

3.1 Stationary and climate-conditioned GEV models213

Annual maxima were modeled with the generalized extreme value (GEV) distribution (Coles214

2001). Because each annual maximum is the largest of only three monthly totals, the asymp-215

totic extreme-value argument does not by itself justify the GEV here; the distribution is216

instead used as a �exible three-parameter family for block maxima, in line with common217

hydrologic practice for seasonal maxima (Katz et al. 2002), and its adequacy is established218

empirically through the goodness-of-�t testing described below rather than asserted theo-219

retically. The stationary model M0 has constant location µ, scale σ, and shape ξ. Climate220

conditioning was introduced through the location parameter: M1, µ(t) = β0 + β1 DMI(t);221

M2, µ(t) = β0 + β1 NINO34(t); and M3, µ(t) = β0 + β1 DMI(t) + β2 NINO34(t), with σ and222
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ξ held constant. Location-only conditioning was retained after preliminary testing because223

the short record does not support stable estimation of covariate e�ects in σ or ξ (Serinaldi224

and Kilsby 2015). Parameters were estimated by maximum likelihood using Nelder–Mead225

optimization initialized from a grid of starting values for each covariate coe�cient, which226

guards against convergence to local optima. Nested models were compared by likelihood-227

ratio tests (LRT) and non-nested alternatives by the Akaike information criterion (Akaike228

1974). Distributional adequacy of �tted models was veri�ed with Kolmogorov–Smirnov and229

Anderson–Darling tests on transformed residuals; no model considered here was rejected at230

the 5% level.231

3.2 Temporal regime analysis232

Because the ENSO–monsoon relationship is known to have weakened after the late 1970s233

(Kumar et al. 1999) and IOD variability and SST observation density both increase in the234

satellite era, the 64-year record was split at 1982 into two equal 32-year regimes. The235

breakpoint was speci�ed a priori on these physical and observational grounds, at the start236

of the satellite SST era, and was not selected by searching over candidate breakpoints for237

�t quality. Covariate models were re�tted within each regime, and regime dependence was238

tested formally with interaction models: M5 adds a regime indicator and a DMI × regime239

term toM3. The interaction coe�cient was further examined with a nonparametric bootstrap240

to obtain a con�dence interval that does not rely on asymptotic likelihood theory at this241

sample size.242

3.3 Robustness audits243

Three audits were applied before any result was carried into the hazard analysis. First, leave-244

one-out (LOO) sensitivity: the years containing the most in�uential extremes within 1982–245

2013 (1988, 1998, 2004, 2007) were removed one at a time, covariates were re-standardized,246

models were re�tted, and the resulting spread of β1 was compared with the full-sample247
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estimate. Second, optimization stability: all headline coe�cients were reproduced from sub-248

stantially broader starting-value grids. Third, formula veri�cation: every quantity reported249

in Section 5 was checked against closed-form anchors (e.g., a T -year level must satisfy a250

round-trip T → quantile → T identity, and a 100-year design must yield a 39.5% exceedance251

probability over a 50-year life under stationarity). Quantities that failed audit—in particu-252

lar con�dence intervals on long return levels, which proved unstable under both bootstrap253

and pro�le-likelihood construction at n = 32—are reported as point estimates only, with254

uncertainty characterized through the LOO and cross-model analyses instead (Section 5.4).255

3.4 Hazard and reliability metrics256

Let Fs(x) denote the GEV distribution function conditional on climate state s (a speci�ed257

standardized value of the covariate). Three metrics translate the �tted models into risk-258

relevant terms. (i) Climate-state return levels: the T -year level under state s is the quantile259

of Fs at probability 1 − 1/T . (ii) Equivalent return period (recurrence compression): for260

the design depth x100 de�ned by the stationary 100-year event, the e�ective return period261

under state s is Te(s) = 1/[1 − Fs(x100)]; values below 100 years indicate compression (the262

design event is exceeded more often than its nominal frequency) and values above 100 years263

indicate dilation. (iii) Lifetime failure probability: for a structure with L-year service life,264

the probability of at least one exceedance of the design depth is 1 −
∏

s
[Fs(x100)]

Ls , where265

Ls is the time spent in state s. Three cases are reported: a single persistent state (Ls = L);266

a climatological weighting in which the standardized state is redrawn annually from its267

observed (approximately standard normal) distribution; and an equal-time stress cycling268

among strongly negative, neutral, and strongly positive states (Ls = L/3), which deliberately269

over-weights extreme phases relative to their climatological frequency and therefore serves270

as a bounding scenario rather than an expectation (Salas and Obeysekera 2014; Read and271

Vogel 2015). All reliability formulas operate on exceedance probabilities ps = 1 − Fs(x100),272

and each reported value was veri�ed against the stationary anchor 1− (1−1/100)50 = 0.395.273
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4 Climate-conditioned extreme value analysis274

4.1 Competing covariates over the full record (1950–2013)275

Table 1 compares the candidate models for Central Bangladesh over the full 64-year record.276

Both indices are individually signi�cant covariates of OND extreme rainfall, with negative277

coe�cients in all cases: warm ENSO states and positive IOD states are associated with278

suppressed extremes, and cool/negative states with ampli�ed extremes. Over the full record279

ENSO is marginally the stronger single covariate (∆AIC = −10.8 relative to stationarity;280

p < 0.001), with the IOD close behind (∆AIC = −10.4; p < 0.001), and the dual-covariate281

model M3 attains the lowest AIC overall, indicating that the two indices carry partially282

independent information.283

Table 1: Model comparison for Central Bangladesh OND annual maximum rainfall, 1950–2013
(n = 64). ΔAIC is relative to the stationary model M0; p-values are from likelihood-ratio tests
against M0.

Model Location structure AIC ΔAIC β (mmσ−1) LRT p

M0 Stationary µ 752.5 0 — —
M1 DMI µ+ β1DMI 742.1 −10.4 −22.0 < 0.001
M2 ENSO µ+ β1NINO34 741.7 −10.8 −25.1 < 0.001
M3 DMI+ENSO µ+ β1DMI + β2NINO34 738.9 −13.6 −15.7/− 16.1 —

4.2 Temporal regime structure284

Splitting the record at 1982 reveals an asymmetry between the two indices. The ENSO285

coe�cient is signi�cant in both sub-periods and a formal ENSO × regime interaction is not286

signi�cant, indicating a stable ENSO in�uence throughout the record. The DMI coe�cient,287

by contrast, is weak and non-signi�cant before 1982 but strong afterwards (β = −33.5288

mmσ−1, p < 0.01 in the analysis window). The corresponding DMI × regime interaction has289

a negative point estimate (β4 ≈ −12mmσ−1) but does not reach signi�cance (LRT p = 0.41),290

and its bootstrap 95% con�dence interval includes zero. The data are therefore directionally291
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consistent with an intensi�ed post-1982 IOD in�uence, possibly re�ecting improved SST292

observation in the pre-satellite era as much as genuine regime change, but with 32 years per293

regime the test is underpowered and no formal claim of regime dependence is made.294

Two conservative conclusions follow: ENSO is a persistent covariate over the full record,295

and the post-1982 period provides the cleanest, most homogeneous window for quantifying296

the joint climate-state in�uence. The hazard analysis of Section 5 is therefore based on 1982–297

2013, within which both covariates are signi�cant and of comparable magnitude. Because the298

full-record DMI coe�cient is smaller (−22.0 mmσ−1), and the regime di�erence cannot be299

formally con�rmed, the headline quantities of Section 5.2 are additionally reported under the300

full-record coe�cient as an explicit lower-bound sensitivity, so that no conclusion depends301

on accepting the post-1982 window as the correct characterization.302

4.3 Leave-one-out sensitivity and formal in�uence diagnostics303

Because n = 32 annual maxima could in principle be dominated by a handful of exceptional304

seasons, two complementary in�uence analyses were performed. A leave-one-out (LOO)305

re�t was carried out for every year in the record, and the change in the DMI coe�cient was306

quanti�ed formally by its standardized DFBETA (Table 2 reports the most in�uential years).307

No single year exceeds standard in�uence thresholds by enough to alter the conclusion: the308

largest single-year e�ect is the exclusion of 1984, which moves the coe�cient from −33.5 to309

−39.5 mmσ−1 (an 18% change), followed by 1992 (−39.3); the year with the most extreme310

covariate value, and hence the highest formal leverage, is 1997, the record super-IOD event,311

whose removal actually weakens the coe�cient to −28.7. Critically, across all 32 leave-one-312

out re�ts the DMI coe�cient remains between −27.9 and −39.5 mmσ−1—negative, of the313

same order of magnitude, and statistically signi�cant in every case—and the ENSO coe�cient314

varies by no more than 16%. The �tted climate sensitivity is therefore a property of the315

full distribution of OND extremes rather than an artifact of any single season; individual316

high-leverage years a�ect the coe�cient’s precise magnitude but never its sign, order of317
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magnitude, or signi�cance.318

Table 2: Leave-one-out sensitivity of the DMI coe�cient, Central Bangladesh, 1982–2013, show-
ing the �ve most in�uential years ranked by standardized DFBETA. Full-sample βDMI = −33.46
mmσ−1. The sign and signi�cance of the e�ect are preserved in all 32 re�ts.

Year excluded βDMI (mmσ−1) DFBETAstd Note

1984 −39.51 +2.47 largest in�uence
1992 −39.28 +2.37
1996 −27.87 −2.27
1997 −28.72 −1.92 highest leverage (super-IOD)
1998 −37.64 +1.70

Range over all 32 re�ts: −39.51 to −27.87; sign and p < 0.05 signi�cance retained throughout.

The �tted covariate relationship and the distributional adequacy of the conditional model319

are shown directly in Fig. 2. The upper panel plots the observed OND annual maxima against320

the standardized DMI together with the 50- and 100-year conditional return-level curves;321

both curves decline with increasing DMI, so the negative climate e�ect is expressed directly322

as a downward shift of the hazard quantiles. The lower panels are the nonstationary quantile–323

quantile and probability plots of the probability-integral-transformed maxima against the324

standard Gumbel: points fall close to the identity line across the full range, and neither the325

Kolmogorov–Smirnov nor the Anderson–Darling test rejects the conditional GEV at the 5%326

level.327

One structured feature is nonetheless visible in the scatter that the location-only model328

does not capture: the spread of observed maxima narrows as the DMI increases, indicating329

a scale dependence on climate state in addition to the location shift. Because the largest330

dispersion occurs at strongly negative DMI, a location-only model is likely to understate,331

rather than overstate, the upper-tail rainfall and hence the compression under negative-IOD332

conditions. The reported compression is in this sense conservative.333
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Figure 2: Data diagnostics for the DMI-conditioned GEV, Central Bangladesh. Top: observed
OND annual maximum rainfall versus standardized DMI, with the 50-year and 100-year conditional
return levels; both decline with DMI. Bottom: nonstationary quantile–quantile plot (left) and
probability plot (right) of the probability-integral-transformed maxima against the standard Gumbel
distribution.
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4.4 Regional heterogeneity334

Table 3 and Fig. 3(b) report single-covariate �ts for the four regions with complete 1950–335

2013 coverage. The climate signal is spatially organized rather than uniform. Central and336

Northeastern Bangladesh show signi�cant sensitivity to both indices; the Coastal region is337

strongly ENSO-sensitive (β = −42.1 mmσ−1, p < 0.01) but not signi�cantly DMI-sensitive338

over the full record; and the Northwestern region is essentially decoupled from both in-339

dices. ENSO provides the better single-covariate model in every region over this 64-year340

window, which is consistent with its full-record stability noted above; the DMI contribution341

is concentrated in the post-1982 period and in the Central and Northeastern regions. This342

spatial pattern carries direct implications for risk management. Climate-state adjustments343

are strongly supported for Central Bangladesh, supported for the Coastal region through344

robust ENSO sensitivity, supported for Northeastern Bangladesh, and not supported for the345

Northwestern region.346

Table 3: Regional single-covariate GEV results, OND annual maxima, 1950–2013 (n = 64 per
region). The Southwestern region is reported separately (Section 2.1).

Region Stations Mean (mm) βDMI p (DMI) βENSO p (ENSO)

Central 10 168.8 −22.0 < 0.001 −25.1 < 0.001
Northeastern 7 207.8 −20.8 0.008 −22.3 0.007
Coastal 8 274.1 −18.6 0.127 −42.1 0.002
Northwestern 5 142.5 −6.9 0.116 −5.7 0.283

5 Hazard and risk implications of climate-state variabil-347

ity348

This section translates the audited statistical models into the three quantities that govern349

hazard assessment and hydraulic design practice: design rainfall depths, e�ective recur-350

rence of the design event, and lifetime reliability. All results refer to Central Bangladesh,351

1982–2013, the region and period for which both covariates are signi�cant and the record352
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Figure 3: Statistical evidence for climate conditioning of OND extreme rainfall, 1950–2013.
(a) AIC improvement of climate-conditioned GEV models over the stationary model for Central
Bangladesh. (b) Regional covariate coe�cients for the DMI and Niño 3.4 indices; asterisks denote
likelihood-ratio signi�cance against the stationary model.

is homogeneous. The stationary GEV �t for this window yields stationary design depths of353

410mm (50-year) and 452mm (100-year) for the OND maximum monthly rainfall; the latter354

serves as the reference design event throughout. Consistent with Section 2.1, these depths355

quantify the regional seasonal �ood-loading index, and the protection-level statements below356

should be read at that level rather than as direct sizing inputs for individual structures.357

5.1 Climate-state-dependent design rainfall358

The hazard analysis conditions design rainfall on the IOD (DMI) as the primary index, for359

three reasons that are physical rather than statistical. First, the IOD peaks during the OND360

season itself, so it is the in-season mode of variability most directly contemporaneous with the361

rainfall extremes being designed for, whereas the ENSO signal over Bangladesh acts partly362

through its in�uence on the Indian Ocean (Section 5.8). Second, the DMI e�ect is strongest363

and most clearly signi�cant in the post-1982 window, where it is of comparable magnitude364

to the ENSO e�ect. Third, conditioning on a single in-season index yields a transparent,365

observable design covariate. Because the two indices are correlated and ENSO is marginally366

the stronger covariate over the full record, every quantity is additionally reported under the367
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ENSO-conditioned and dual models (Section 5.4), so that no conclusion rests on the choice368

of DMI alone.369

Table 4 and Fig. 4 report 50- and 100-year return levels conditional on the IOD state, com-370

puted from the DMI-conditioned model (M1). Moving from a strongly positive to a strongly371

negative IOD state (+2σ to −2σ of OND DMI, approximately ±0.4 °C) raises the 50-year372

design depth from 345mm to 479mm and the 100-year depth from 400mm to 534mm,373

an approximately 33% (134mm) modulation of design rainfall attributable to a single ob-374

servable ocean index. The neutral-state values (412mm and 467mm) closely reproduce375

the stationary estimates, as they should, con�rming internal consistency of the conditional376

model. Values are reported as point estimates: both bootstrap and pro�le-likelihood interval377

construction proved unstable for upper-tail quantiles at this sample size (Section 3.3), and378

interval estimates that failed the audit are deliberately not reported. Uncertainty is instead379

characterized by the leave-one-out stability of the underlying coe�cients (Table 2) and by380

the cross-model sensitivity analysis of Section 5.4.381

Table 4: Return levels of OND maximum monthly rainfall conditional on IOD state (DMI-
conditioned GEV, Central Bangladesh, 1982–2013). Point estimates; see text for uncertainty treat-
ment.

IOD state (OND DMI) Conditional µ (mm) 50-year (mm) 100-year (mm)

Strongly negative (−2σ) 202 479 534
Weakly negative (−1σ) 169 445 501
Neutral (0) 135 412 467
Weakly positive (+1σ) 102 379 434
Strongly positive (+2σ) 69 345 400

5.2 Recurrence compression of the nominal design event382

A more decision-relevant statement of the same physics asks how often the stationary 100-383

year design depth (452mm) is actually exceeded under each climate state. Table 5 and384

Fig. 5 report the equivalent return period Te(s) across the IOD spectrum. The relationship is385

strictly monotonic, with no reversals at any of the nine states examined: the equivalent return386
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Figure 4: Design rainfall as a function of IOD state: 50- and 100-year OND maximum monthly
rainfall from the DMI-conditioned GEV model (Central Bangladesh, 1982–2013), with stationary
design depths shown as dashed lines. The state-conditioned levels span the stationary values,
modulating design rainfall by approximately 33% across the observed IOD range.
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period rises smoothly from 36 years at−2σ to 189 years at+2σ, a 5.3-fold modulation. Under387

strongly negative IOD conditions, the nominal 100-year event behaves as an approximately388

36-year event, a compression factor of 2.8; under strongly positive conditions, the same389

depth becomes rarer than its nominal frequency. The smoothness and monotonicity of this390

relationship, together with its accelerating increments toward positive states, are exactly the391

behavior expected of a genuine location shift in the parent distribution and argue against392

statistical artifact.393

Table 5: Equivalent return period of the stationary 100-year design depth (452mm) as a function
of IOD state. Di�erences between successive rows are strictly positive (monotonicity veri�ed nu-
merically).

OND DMI state Equivalent return period (years) Interpretation

−2.0σ 36 Strong compression (factor 2.8)
−1.5σ 44 Compression
−1.0σ 55 Compression
−0.5σ 67 Compression
0 83 Mild compression
+0.5σ 102 Approximately nominal
+1.0σ 126 Dilation
+1.5σ 154 Dilation
+2.0σ 189 Strong dilation (factor 1.9)

Two quali�cations make this result explicit. First, a lower-bound sensitivity: if the smaller394

full-record DMI coe�cient (−22.0 mmσ−1, Section 4.2) is substituted for the post-1982 value395

with all other parameters held �xed, the compression at −2σ weakens but remains well below396

the nominal 100 years; the qualitative conclusion—roughly two- to three-fold compression397

of the design event under strongly negative states—therefore survives even under the most398

conservative admissible coe�cient, and only its magnitude depends on the analysis window.399

Second, an honest decomposition of the curve: the mild compression at the neutral state400

(83 rather than 100 years) is not a climate e�ect but a baseline o�set between the four-401

parameter conditional �t and the three-parameter stationary �t to 32 observations, two402

parameterizations that distribute upper-tail probability slightly di�erently. The climate403

signal proper is the monotonic spread of the curve about its own neutral value; the baseline404
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Figure 5: Recurrence compression of the nominal design event. Equivalent return period of the
stationary 100-year design depth (452mm) as a function of the OND DMI state. The relationship is
strictly monotonic across all nine states examined: under strongly negative IOD conditions the de-
sign event behaves as an approximately 36-year event (compression factor 2.8), while under strongly
positive conditions it becomes rarer than nominal.
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o�set should be attributed to model form, not to the ocean.405

5.3 Lifetime reliability of stationary designs406

Table 6 and Fig. 6 report the probability that a structure designed to the stationary 100-407

year standard experiences at least one design exceedance during a 50-year service life. Under408

stationarity this probability is 39.5% by construction. Under the climatological weighting, in409

which states occur with their observed frequencies, the lifetime probability is 29–49% across410

the three model formulations (49% DMI, 29% ENSO, 43% dual), a range that brackets the411

stationary value. This is the central honest �nding of the reliability analysis: averaged over412

the climatological distribution of states, stationary design is approximately unbiased, and413

the analysis does not manufacture a spurious across-the-board risk in�ation.414

The signi�cance lies instead in the conditional structure that the average conceals. If415

the service life is dominated by strongly negative IOD/ENSO conditions, the lifetime ex-416

ceedance probability rises to 63–76% depending on the covariate model; under persistently417

positive conditions it falls to 7–23%; and the equal-time stress cycling scenario yields 36–418

54%. Because observed IOD and ENSO states decorrelate on interannual timescales, typi-419

cally persisting for one to two years rather than across a multi-decadal service life (Torrence420

and Compo 1998; Luo et al. 2007), the persistent-phase �gures should be read as stress-421

test bounds rather than as expected service-life exposure, with the climatologically weighted422

value the more representative long-horizon estimate. The stationary calculation is therefore423

not uniformly conservative or unconservative; its realized bias depends on the climate states424

actually encountered, which is precisely the information stationary analysis discards.425

The practically important consequence is the temporal clustering of risk: during negative-426

phase periods the annual exceedance probability of the design event roughly triples. This427

clustering is what makes the result a multi-hazard rather than a single-driver �nding. The428

negative-phase seasons in which extreme OND rainfall becomes roughly three times more429

likely are the same seasons in which antecedent river stages are elevated and Bay of Bengal430
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cyclogenesis is favoured (Islam and Peterson 2009; Zscheischler et al. 2018), so the three431

principal loading mechanisms on delta infrastructure—rainfall, river stage, and storm surge—432

are positively coupled through the same ocean state rather than arriving independently.433

The probabilities reported here are conditioned on rainfall alone and therefore represent the434

marginal component of a joint exposure. Because compound analyses consistently �nd that435

single-driver treatments understate risk when drivers are positively dependent (Ikeuchi et al.436

2017; Zscheischler et al. 2018), the lifetime exceedance �gures in Table 6 should be read437

as lower bounds on true compound hazard, and the negative-phase columns in particular438

understate the concentration of risk by an amount this analysis cannot quantify.439

Table 6: Probability of at least one exceedance of the stationary 100-year design depth during
a 50-year service life, by covariate model and climate-state assumption. Stationary benchmark:
39.5%.

Climate-state assumption DMI model ENSO model Dual model

Persistent strongly negative state 76% 63% 69%
Persistent neutral state 45% 24% 40%
Persistent strongly positive state 23% 7% 20%
Climatological weighting (s ∼ N(0, 1)) 49% 29% 43%
Equal-time stress cycling (−2σ/0/+ 2σ) 54% 36% 47%

5.4 Sensitivity to model formulation440

Because no single covariate model can be declared de�nitively superior (Section 4), every441

quantity above was recomputed under all three formulations. Table 7 summarizes the com-442

parison at the neutral state. The three models place the 100-year design depth within a443

44mm band (423mm to 467mm, approximately ±5% of the stationary value), and all three444

reproduce the qualitative �ndings: monotonic recurrence compression toward negative states445

and elevated lifetime risk under negative-phase persistence. The ENSO-only model is the446

most conservative in reliability terms and the DMI-only model the least; the dual model,447

which has the strongest statistical support over the full record, lies between them. The448

conclusions of Sections 5.2–5.3—compression of the design event under negative ocean states449
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Figure 6: Lifetime reliability of the stationary design under climate-state variability: probability
of at least one exceedance of the stationary 100-year design depth during a 50-year service life, by
covariate model and climate-state assumption. The dashed line marks the stationary benchmark of
39.5%.

by roughly a factor of two to three and a 36–54% lifetime exceedance probability under450

cycling—are therefore robust to the choice of climate covariate, even though the attribution451

of variance between the two correlated indices is not fully resolvable from 32–64 years of452

data.453

Table 7: Cross-model sensitivity of hazard and reliability metrics (Central Bangladesh, 1982–2013).

Metric DMI only ENSO only DMI+ENSO

100-yr design depth, neutral state (mm) 467 423 453
Lifetime exceedance, climatological weighting (%) 49 29 43
Lifetime exceedance, equal-time stress cycling (%) 54 36 47

5.5 Temporal stability across calibration periods454

Because the record ends in 2013, it is reasonable to ask whether the recurrence-compression455

result is an artifact of the 1982–2013 calibration period. To test this without extending the456

dataset or altering the model, the DMI-conditioned GEV was re�tted over eight overlapping457
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30-year windows advancing in 5-year steps, and the equivalent recurrence period of the458

stationary 100-year design depth under strong negative IOD (−2σ) was recomputed in each459

window using the identical formulas of Section 3.4. The compression implication is present460

in every window without exception (Fig. 8): the equivalent recurrence period under −2σ461

remains below the nominal 100 years throughout. The strength of the compression intensi�es462

toward the present, with the single-covariate DMI coe�cient rising in magnitude across the463

windows.464

To con�rm that the apparent intensi�cation is not an artifact of the evolving station465

network, the rolling-window audit was repeated on a �xed panel of the six stations report-466

ing continuously since 1948–1953 (Dhaka, Faridpur, Barisal, Khulna, Jessore, Satkhira),467

which removes all compositional drift (Fig. 7). On this �xed panel the DMI coe�cient still468

strengthens toward the present (early-half mean ≈ −20, late-half mean ≈ −28 mmσ−1),469

and the equivalent recurrence period under −2σ still trends downward. The strengthening470

is therefore predominantly a genuine intensi�cation of the IOD–rainfall coupling rather than471

a consequence of adding stations to the regional average—a �nding consistent with the doc-472

umented tightening of Indo-Paci�c coupling and with projected increases in extreme IOD473

variability under greenhouse warming (Cai et al. 2014; Abram et al. 2020). The operative474

conclusion is that the recurrence-compression implication holds across every calibration pe-475

riod tested over six decades, with its most pronounced and most decision-relevant expression476

in the recent decades.477

5.6 Distribution-free validation and speci�cation checks478

Because the likelihood-ratio tests of Section 4 rely on asymptotic χ2 theory that is only479

approximate at n = 32, the signi�cance of the DMI–rainfall relationship was reassessed with480

four resampling and placebo procedures that make no distributional assumption, together481

with two speci�cation checks. All were applied to the DMI-conditioned model for Central482

Bangladesh, 1982–2013, and are summarized in Table 8.483
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Figure 7: Fixed-panel con�rmation of the temporal trend. The rolling-window audit repeated using
only the six Central stations reporting continuously since 1948–1953, eliminating compositional drift.
(a) The DMI coe�cient strengthens toward the present. (b) The equivalent recurrence period under
−2σ IOD remains below 100 years in every window, con�rming the intensi�cation is not an artifact
of the expanding station network.

Figure 8: Temporal stability audit using eight overlapping 30-year calibration windows (5-year
steps). (a) DMI location-parameter coe�cient across windows. (b) Equivalent recurrence period of
the stationary 100-year design depth under −2σ IOD: compression (T < 100 yr) is present in every
window and intensi�es toward the present.
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First, a permutation test shu�ed the pairing between rainfall maxima and DMI values484

2,000 times; the observed likelihood-ratio statistic (10.44) was exceeded by only 0.3% of485

permutations. Second, a phase-randomized surrogate test generated 2,000 covariate series486

that preserve the DMI power spectrum and autocorrelation but destroy its phase alignment487

to rainfall—a stricter null that controls for the covariate’s temporal structure—yielding p =488

0.004. Third, a circular-shift null, which rigidly lags the DMI series by every possible o�set489

and thus preserves its autocorrelation exactly, placed the observed statistic above all 31490

shifted alternatives (p = 0.031). Fourth, a placebo test re�tted the identical model using �ve491

physically-unrelated covariates (three AR(1) surrogates matched to the DMI autocorrelation,492

a linear time index, and an 11-year sinusoid); none reached signi�cance and every placebo493

statistic fell far below the DMI value, con�rming that the modeling procedure does not494

manufacture signi�cance from covariates with comparable statistical texture but no physical495

link to Bangladesh rainfall.496

Two speci�cation checks complete the assessment. A nonlinearity check added a quadratic497

DMI term to the location parameter; the term was not signi�cant (LRT p = 0.47) and498

in�ated the AIC, so the linear-in-DMI location structure is adequate over the observed index499

range. Finally, residual diagnostics on the probability-integral-transformed maxima showed500

no departure from uniformity (Kolmogorov–Smirnov p = 0.73), approximate normality of501

the transformed residuals (Anderson–Darling 0.26, below the 5% critical value 0.73), and502

no signi�cant lag-1 serial correlation (r1 = −0.24); a weak positive association between503

residual magnitude and �tted value (r = 0.19) recovers, as an independent diagnostic, the504

mild scale-dependence on climate state already noted in Section 4.3, which renders the505

location-only compression estimate conservative. The DMI e�ect is thus signi�cant under506

four independent distribution-free tests, is not produced by placebo covariates, and arises507

from a correctly speci�ed conditional model.508
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Table 8: Distribution-free validation and speci�cation checks for the DMI-conditioned GEV, Cen-
tral Bangladesh 1982–2013. LRT p-value shown for reference; all resampling tests con�rm signi�-
cance without asymptotic assumptions.

Test Result Interpretation

Likelihood-ratio (asymptotic) p = 0.0012 reference
Permutation (2,000) p = 0.0030 signi�cant, distribution-free
Phase-randomized surrogate (2,000) p = 0.0040 robust to covariate autocorrelation
Circular-shift null (31 o�sets) p = 0.031 no accidental alignment
Placebo covariates (5) 0/5 signi�cant procedure does not over-�t
Nonlinearity (linear vs. quadratic) quad. n.s. (p = 0.47) linear location adequate
Residual PIT (KS) p = 0.73 GEV �t not rejected
Residual serial correlation (lag 1) r1 = −0.24 (n.s.) no autocorrelation structure

5.7 Seasonal covariate window (lead–lag analysis)509

The covariates are averaged over the OND rainfall season itself (Section 2.2). To test whether510

a leading seasonal window would serve as well or better—which would bear directly on the511

seasonal-forecast application of Section 6.2—the single-covariate models were re�tted using512

each of six seasonal windows from boreal spring (MAM) through the synchronous OND513

window, for both indices. The DMI relationship strengthens monotonically as the window514

approaches OND, consistent with the boreal-autumn peak of the IOD, and is strongest515

synchronously; however, the autumn windows (ASO, SON, OND) are mutually correlated516

at 0.91–0.97 and share calendar months, so this progression re�ects one signal measured517

through overlapping windows rather than independent con�rmation and does not establish518

OND as uniquely optimal.519

The robust and decision-relevant contrast is between the well-separated windows: the520

ENSO relationship is already at essentially full strength by the monsoon season (JJAS,521

a one-to-four-month lead; β ≈ −33 mmσ−1, p = 0.011) and does not sharpen further522

toward OND, whereas the DMI relationship is only marginal at that lead (p = 0.052) and523

consolidates through the autumn. Neither index shows any relationship in the well-separated524

spring window (MAM, p ≈ 0.49). The practical implication is that ENSO carries a longer525

e�ective lead time for the pre-season operational triggers of Section 6.2, while the IOD526
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provides its strongest signal contemporaneously with the season it modulates.527

5.8 Physical interpretation of the climate–extremes linkage528

The sign, seasonality, and spatial pattern of the �tted relationships are consistent with529

established Indo-Paci�c dynamics, and no novel mechanism needs to be invoked. During530

boreal autumn, when the IOD peaks, a negative IOD event places anomalously warm water531

and enhanced convection in the eastern equatorial Indian Ocean (Saji et al. 1999; Schott et al.532

2009). The associated anomalous circulation strengthens low-level convergence and moisture533

transport from the Bay of Bengal toward its northern rim, while warmer eastern-basin and534

Bay of Bengal surface waters raise boundary-layer moist static energy for the deep convective535

systems—post-monsoon depressions and tropical cyclones—that produce the largest OND536

monthly totals in Bangladesh (Islam and Peterson 2009). Positive IOD events reverse this537

con�guration, and the negative DMI coe�cient on extreme rainfall is the direct statistical538

expression of this asymmetry. The ENSO pathway is complementary: cool (La Niña) states539

strengthen the ascending branch of the Walker circulation over the Maritime Continent540

and Bay of Bengal sector, favoring enhanced convection and post-monsoon cyclogenesis,541

while warm (El Niño) states suppress it (Rasmusson and Carpenter 1983; Webster et al.542

1998). Because positive IOD events co-occur preferentially with El Niño (Ashok et al. 2001;543

Krishnamurthy and Kirtman 2003), the two indices are correlated, and the dual model’s544

partial coe�cients are accordingly smaller than the single-covariate estimates.545

The regional gradient of sensitivity follows the same moisture-routing logic. The Central,546

Northeastern, and Coastal regions receive their OND extremes predominantly from marine547

systems advected inland from the Bay, so their extremes inherit the Bay’s ocean-state mod-548

ulation directly; the Coastal region’s especially strong ENSO coe�cient is consistent with549

�rst-landfall exposure to cyclonic systems whose basin-scale activity responds to ENSO.550

The Northwestern region lies furthest from the coast, outside the principal marine moisture551

corridors, and derives a larger share of its cool-season rainfall from western disturbances552
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and locally triggered convection; its statistical decoupling from both indices is therefore the553

expected outcome of geography rather than an anomaly requiring explanation.554

5.9 Scope of the claims the record supports555

The analysis deliberately stops short of claims the data cannot support. The record does not556

establish IOD dominance over ENSO: over 64 years ENSO is marginally the more consistent557

covariate, the apparent post-1982 intensi�cation of the DMI e�ect is directionally clear but558

not statistically con�rmable, and the two indices co-vary too strongly for 32–64 annual559

maxima to apportion variance de�nitively.560

What the data do establish, robustly and across every audit applied, is the decision-561

relevant statement: observable ocean states modulate the e�ective frequency of the design562

rainfall event by a factor of roughly two to �ve, monotonically across the index range (Fig. 5),563

consistently across three model formulations (Table 7), insensitively to the removal of in-564

dividual extreme years (Table 2), and across all rolling 30-year calibration windows. This565

framing aligns with a broader shift in the nonstationary-hazard literature away from open-566

ended time-trend extrapolation and toward physically interpretable, observable covariates567

(Luke et al. 2017; Yan et al. 2023; Vinnarasi and Dhanya 2022). The contribution of this568

study is therefore not a new teleconnection claim but a quanti�ed, audited demonstration569

that the stationarity assumption embedded in hazard estimation and design practice conceals570

a large, structured, and partially predictable component of �ood risk.571

6 A climate-informed risk-management framework572

The audited results of Section 5 support a four-component framework through which existing573

Bangladeshi hazard assessment and operational practice can incorporate climate-state infor-574

mation without abandoning its statutory basis in the BWDB design manuals (Bangladesh575

Water Development Board 2013b), the MPO/NWMP return-period framework (Master Plan576
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Organization 1986; Water Resources Planning Organization 2004), and the BNBC (Housing577

and Building Research Institute 2020) (Fig. 9). The framework is intentionally conserva-578

tive in construction: every quantity it uses is a point estimate that survived the audits of579

Section 3.3, every component is a veri�cation or prioritization layer added on top of, not in580

place of, conventional stationary analysis, and each component degrades gracefully to current581

practice if climate information is unavailable or distrusted.582

Figure 9: Climate-informed risk-management framework derived from the audited results.
Climate-conditioned models (right) supplement, and are benchmarked against, conventional sta-
tionary frequency analysis (left); the four numbered components feed design veri�cation, seasonal
operations, lifetime risk assessment, and portfolio prioritization.

6.1 Design veri�cation depth and the climate surcharge factor583

The �rst and most immediately implementable component is a veri�cation check at the584

design stage. For Central Bangladesh, the negative-phase (−2σ) design depths of Table 4585
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exceed the stationary depths by an almost constant ratio: 479/410 = 1.17 at the 50-year586

level and 534/452 = 1.18 at the 100-year level. This ratio functions as a climate surcharge587

factor of approximately 1.18, a single dimensionless number by which the stationary design588

depth is multiplied to obtain the depth that conventional reliability targets would require589

if the structure had to deliver its nominal performance during negative-phase conditions.590

The near-constancy of the factor across return periods is a consequence of the location-591

only conditioning and makes the check trivial to apply within existing design work�ows:592

no re�tting, no software change, simply a second capacity check at 1.18 times the code593

depth. This approach is a physically-grounded analogue of the safety-factor methods now594

being proposed for designing urban infrastructure under nonstationary conditions (Kim et al.595

2021; Yan et al. 2023).596

A worked example illustrates the decision content. Consider a drainage regulator in the597

Dhaka region sized for the stationary 100-year OND rainfall of 452mm. Section 5.2 shows598

that during strongly negative IOD seasons this depth is exceeded with annual probability599

1/36 ≈ 2.8%, not the nominal 1%. Over a single decade dominated by negative-phase con-600

ditions, the exceedance probability is 1 − (1 − 1/36)10 = 25%, against 9.6% implied by the601

design documents, equivalent to approximately a 2.5-fold understatement of short-horizon602

risk, precisely when antecedent river stages and cyclone exposure are also elevated. If the603

same structure is instead veri�ed against the surcharge depth of 534mm, its nominal reliabil-604

ity is preserved across the full range of observed climate states. Because conveyance capacity605

exhibits strong economies of scale at the design stage, while post-construction retro�tting606

is disproportionately expensive, the surcharge check is a low-regret intervention: its cost is607

incurred where capacity is cheapest and its bene�t is concentrated in the climate states in608

which failure is most likely and most consequential.609

Two boundaries on the factor must be respected. It is derived from, and applies to,610

regional OND monthly maxima in Central Bangladesh; Section 4.4 supports analogous (sep-611

arately calibrated) factors for the Northeastern and Coastal regions but explicitly does not612
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support any climate surcharge in the Northwest, where applying one would waste capital on613

a linkage the data do not exhibit. And it is a veri�cation depth for climate-state robustness,614

not a revised statutory standard: adopting it as a mandatory design basis would require the615

cost–bene�t and policy analysis that standard-setting demands, which this study informs616

but does not perform.617

6.2 Seasonal operational risk management618

The second component exploits the observability of the covariates. Unlike a time trend,619

the OND climate state is monitored in near-real time and is forecast with useful skill at620

one-to-two-season leads by operational coupled models (Luo et al. 2007, 2008; Barnston621

et al. 2012; Shi et al. 2012). The compression curve of Fig. 5 converts such a forecast622

directly into decision-relevant language: a forecast strongly negative IOD season implies that623

every structure in the climate-sensitive regions is operating, for that season, at an e�ective624

protection level of roughly its nominal level divided by 2.8. Concrete operational responses625

follow at near-zero capital cost: pre-season drawdown of regulators and retention storage626

where rule curves permit; veri�cation of polder pump readiness and embankment inspection627

before, rather than during, the season; pre-positioning of emergency drainage assets in the628

Central and Northeastern regions; and escalation triggers tied to published index thresholds629

rather than to ad hoc judgment.630

6.3 Lifetime reliability and asset-portfolio prioritization631

The third and fourth components operate at the planning horizon. Table 6 establishes that632

the realized reliability of a stationary design depends materially on the sequence of climate633

states over the service life. For asset management this converts directly into a prioritization634

rule: among structures of equal nominal standard and equal consequence-of-failure, those635

in climate-sensitive regions whose remaining service life is expected to overlap negative-636

phase-rich periods carry the higher realized risk and should rank higher for inspection, re-637
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habilitation, and upgrade budgets. The state-occupation weights in the lifetime formula of638

Section 3.4 are deliberately exposed as inputs: agencies holding scenario information about639

future IOD and ENSO statistics, including projected increases in extreme IOD frequency640

under greenhouse warming (Cai et al. 2014; Abram et al. 2020), can substitute their own641

weights without any change to the framework.642

6.4 Scope and intended use643

To preclude misapplication, the framework’s scope is stated explicitly. (i) It applies to644

regional OND monthly maxima; sub-daily urban drainage design responds to di�erent storm645

physics and requires separate analysis. (ii) It applies to the Central, Northeastern, and646

Coastal regions; the Northwest showed no signi�cant climate linkage and the Southwestern647

stations were reported separately for data reasons. (iii) Its quantities are audited point648

estimates whose uncertainty is expressed through cross-model ranges (Table 7) and coe�cient649

stability (Table 2), not through formal intervals, and decisions should weigh the full cross-650

model range rather than any single column. (iv) It is additive to, and benchmarked against,651

stationary practice: every component reduces to current practice when the climate state is652

neutral or unknown, which is the appropriate behavior for a veri�cation layer.653

6.5 Relation to nonstationary design theory654

The framework instantiates, for Bangladesh, the design-life and equivalent-reliability con-655

cepts developed for nonstationary conditions (Rootzén and Katz 2013; Salas and Obeysekera656

2014; Read and Vogel 2015). Those formulations require a model of how exceedance probabil-657

ity evolves over the service life; the present study supplies that ingredient in covariate form,658

with a decisive practical advantage over time-trend formulations: the covariate is bounded,659

recurrent, and observable, so the �tted model is interpolative rather than extrapolative and660

cannot generate the open-ended projections that make trend-based nonstationary design con-661

tentious (Luke et al. 2017; Serinaldi and Kilsby 2015). The cautions of Serinaldi and Kilsby662
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(2015) regarding uncertainty in nonstationary models apply with full force at n = 32 and663

motivated two structural decisions: the refusal to report interval estimates that failed audit,664

and the presentation of every quantity across three competing model formulations so that665

the model-choice component of uncertainty is visible in the decision quantities themselves.666

7 Limitations667

Several limitations bound the conclusions. (i) Sample size: the homogeneous analysis win-668

dow contains 32 annual maxima; upper-tail interval estimation is unstable at this size, and669

uncertainty is accordingly expressed through sensitivity ranges rather than con�dence in-670

tervals. (ii) Attribution: DMI and Niño 3.4 are correlated, and the partition of in�uence671

between them cannot be settled with this record; all conclusions are therefore reported672

across competing formulations. (iii) Covariate structure: only the GEV location parameter673

was conditioned on climate state; scale or shape responses, if present, would modify tail674

behavior in ways this model cannot capture, but could not be estimated stably here. (iv)675

Spatial aggregation: regional station-mean maxima smooth localized convective extremes;676

station-scale applications would require local recalibration. (v) Block choice: monthly OND677

maxima target multi-day, basin-scale loading; sub-daily urban drainage design responds678

to di�erent storm physics and may exhibit di�erent climate sensitivity. Furthermore, the679

lifetime-reliability metrics are conditioned on rainfall alone; because the post-monsoon sea-680

son exposes delta infrastructure to compound surge, river-stage, and rainfall loading whose681

joint occurrence single-driver analyses tend to understate (Ikeuchi et al. 2017; Zscheischler682

et al. 2018), the reported exceedance probabilities should be read as lower bounds on true683

multi-hazard risk. (vi) Stationarity within states: the framework assumes the conditional684

distributions are themselves stable; secular climate change may alter both the index distribu-685

tions and the conditional response, and projected increases in extreme IOD frequency (Cai686

et al. 2014) would shift the state-occupation weights used in lifetime calculations. (vii) The687
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climate surcharge factor is region- and variable-speci�c, derives from the DMI-conditioned688

model at the protective end of the cross-model range, and is proposed as a veri�cation depth,689

not as a revised statutory standard. (viii) Multiplicity : several models, regions, and periods690

were examined; although the headline relationships are strongly signi�cant and survive leave-691

one-out testing, no formal multiplicity correction was applied, and marginal results should be692

read accordingly. (ix) Dependence: annual maxima are treated as conditionally independent693

given the covariate; residual serial dependence inherited from the autocorrelated indices was694

not modeled and would, if present, mildly widen e�ective uncertainty. (x) Block size and695

extrapolation: each annual maximum is the largest of only three monthly totals, so the GEV696

is adopted as an empirically validated family rather than an asymptotic necessity, and the697

100-year quantile is an extrapolation to roughly three times the record length with a weakly698

constrained shape parameter; these are standard, but real, caveats on all tail statements.699

8 Conclusions700

Nonstationary extreme-value analysis of 64 years of post-monsoon rainfall maxima across701

Bangladesh, subjected to leave-one-out, optimization-stability, interaction, and formula au-702

dits, supports the following conclusions.703

1. Post-monsoon rainfall extremes in Central, Northeastern, and Coastal Bangladesh are704

signi�cantly modulated by observable ocean climate states. ENSO is a persistent705

covariate across the full 1950–2013 record; the IOD is a comparably strong covariate706

in the post-1982 period (−33.5 mm per standard deviation of OND DMI in Central707

Bangladesh). The Northwestern region shows no signi�cant linkage to either index.708

2. The dominant consequence for hazard estimation is recurrence compression. The rain-709

fall depth corresponding to the stationary 100-year design event in Central Bangladesh710

(452mm) has an e�ective return period that varies monotonically from approximately711

36 years under strongly negative IOD states to approximately 189 years under strongly712
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positive states, a �ve-fold modulation reproduced by ENSO-based and dual-covariate713

models. A rolling-window audit over eight overlapping 30-year calibration periods con-714

�rms that this compression is present in every period and intensi�es toward the present,715

a strengthening con�rmed on a �xed six-station panel and therefore consistent with an716

intensi�cation of the IOD response rather than with correlated covariates or evolving717

station coverage.718

3. Stationary reliability statements are state-dependent. The lifetime probability that a719

50-year-service structure designed to the stationary 100-year standard experiences a720

design exceedance is 39.5% under stationarity and 29–49% under climatological state721

weighting depending on model formulation, con�rming approximate unbiasedness on722

average, but rises to 63–76% if the service life is dominated by negative-phase condi-723

tions. The signi�cance of the climate linkage is the temporal clustering of risk, not a724

uniform bias of stationary analysis—and because the negative phase also elevates river725

stage and cyclone exposure, the rainfall-only �gures are lower bounds on compound726

hazard.727

4. These results translate into an implementable framework: a climate surcharge factor728

of approximately 1.18 on stationary design depths (the protective, DMI-conditioned729

end of the cross-model range) for veri�cation in the climate-sensitive regions; seasonal730

operational triggers tied to monitored and forecastable index thresholds, under which731

the design event becomes roughly 2.8 times more likely than nominal; and lifetime732

reliability and asset-prioritization calculations with explicit, user-replaceable climate-733

state weights. Each component is additive to existing practice and reduces to it when734

climate information is absent.735

Collectively, the results demonstrate that climate-state variability materially alters the736

reliability of stationary hazard and design assumptions in Bangladesh, and they provide737

audited, model-robust quantities through which design veri�cation, seasonal operations, and738
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asset management can incorporate that variability without recourse to speculative trend739

extrapolation.740

Statements and Declarations741

Funding742

This research did not receive any speci�c grant from funding agencies in the public, com-743

mercial, or not-for-pro�t sectors.744

Competing interests745

The author declares that he has no known competing �nancial interests or personal relation-746

ships that could have appeared to in�uence the work reported in this paper.747

Author contributions748

Sadman Arshad: Conceptualization, Methodology, Software, Formal analysis, Investiga-749

tion, Data curation, Visualization, Writing — original draft, Writing — review and editing.750

As the sole author, Sadman Arshad is responsible for all aspects of the work.751

Data availability752

The post-monsoon rainfall records were obtained from the Bangladesh Meteorological De-753

partment (BMD) under institutional arrangement and are not publicly redistributable; they754

may be requested directly from BMD (http://www.bmd.gov.bd). The climate indices used755

as covariates are publicly available: the Dipole Mode Index was computed from the HadISST756

dataset (Rayner et al. 2003) provided by the UK Met O�ce Hadley Centre, and the Niño 3.4757

index from NOAA ERSSTv5 (Huang et al. 2017) provided by the NOAA Physical Sciences758

Laboratory.759

39

http://www.bmd.gov.bd


Code availability760

The analysis code and processed (non-restricted) datasets supporting the �ndings of this761

study are available from the author on reasonable request.762

Ethics approval763

Not applicable.764

Declaration of generative AI and AI-assisted technologies765

During the preparation of this work the author used a large language model-based AI assis-766

tant in order to improve the language, structure, and clarity of the manuscript and to assist767

with reference checking, code auditing, and formatting. After using this tool, the author768

reviewed and edited the content as needed and takes full responsibility for the content of the769

publication.770

References771

Abram NJ, Wright NM, Ellis B, Dixon BC, Wurtzel JB, England MH, Ummenhofer CC,772

et al. (2020) Coupling of Indo-Paci�c climate variability over the last millennium. Nature773

579:385–392. https://doi.org/10.1038/s41586-020-2084-4774

Agilan V, Umamahesh NV (2017) What are the best covariates for developing non-stationary775

rainfall intensity-duration-frequency relationship? Adv Water Resour 101:11–22. https:776

//doi.org/10.1016/j.advwatres.2016.12.016777

Akaike H (1974) A new look at the statistical model identi�cation. IEEE Trans Automat778

Contr 19:716–723. https://doi.org/10.1109/TAC.1974.1100705779

Ashok K, Guan Z, Yamagata T (2001) Impact of the Indian Ocean Dipole on the relationship780

40

https://doi.org/10.1038/s41586-020-2084-4
https://doi.org/10.1016/j.advwatres.2016.12.016
https://doi.org/10.1016/j.advwatres.2016.12.016
https://doi.org/10.1016/j.advwatres.2016.12.016
https://doi.org/10.1109/TAC.1974.1100705


between the Indian monsoon rainfall and ENSO. Geophys Res Lett 28:4499–4502. https:781

//doi.org/10.1029/2001GL013294782

Ashok K, Behera SK, Rao SA, Weng H, Yamagata T (2007) El Niño Modoki and its783

possible teleconnection. J Geophys Res Oceans 112:C11007. https://doi.org/10.1029/784

2006JC003798785

Bangladesh Water Development Board (2013a) Coastal Embankment Improvement Project,786

Phase-I (CEIP-I): Design of Polder Embankments and Drainage Structures. Technical787

Report, Ministry of Water Resources, Dhaka788

Bangladesh Water Development Board (2013b) Standard Design Manual for Flood Con-789

trol, Drainage and Irrigation (FCDI) Structures. Technical Report, Ministry of Water790

Resources, Dhaka791

Barnston AG, Tippett MK, L’Heureux ML, Li S, DeWitt DG (2012) Skill of real-time sea-792

sonal ENSO model predictions during 2002–11: Is our capability increasing? Bull Am793

Meteorol Soc 93:631–651. https://doi.org/10.1175/BAMS-D-11-00111.1794

Cai W, Santoso A, Wang G, Weller E, Wu L, Ashok K, Masumoto Y, Yamagata T (2014)795

Increased frequency of extreme Indian Ocean Dipole events due to greenhouse warming.796

Nature 510:254–258. https://doi.org/10.1038/nature13327797

Cheng L, AghaKouchak A, Gilleland E, Katz RW (2014) Non-stationary extreme value798

analysis in a changing climate. Clim Change 127:353–369. https://doi.org/10.1007/799

s10584-014-1254-5800

Chowdhury MR (2003) The El Niño–Southern Oscillation (ENSO) and seasonal �ood-801

ing — Bangladesh. Theor Appl Climatol 76:105–124. https://doi.org/10.1007/802

s00704-003-0009-4803

41

https://doi.org/10.1029/2001GL013294
https://doi.org/10.1029/2001GL013294
https://doi.org/10.1029/2001GL013294
https://doi.org/10.1029/2006JC003798
https://doi.org/10.1029/2006JC003798
https://doi.org/10.1029/2006JC003798
https://doi.org/10.1175/BAMS-D-11-00111.1
https://doi.org/10.1038/nature13327
https://doi.org/10.1007/s10584-014-1254-5
https://doi.org/10.1007/s10584-014-1254-5
https://doi.org/10.1007/s10584-014-1254-5
https://doi.org/10.1007/s00704-003-0009-4
https://doi.org/10.1007/s00704-003-0009-4
https://doi.org/10.1007/s00704-003-0009-4


Coles S (2001) An Introduction to Statistical Modeling of Extreme Values. Springer, London.804

https://doi.org/10.1007/978-1-4471-3675-0805

Cooley D (2013) Return periods and return levels under climate change. In: Extremes in a806

Changing Climate. Water Science and Technology Library 65:97–114. https://doi.org/807

10.1007/978-94-007-4479-0_4808

Das SK, et al. (2026) From rainfall to rumors: Interpreting the 2024 Bangladesh �oods809

through numbers, narratives, and information gaps. Water Resour Res 62 (in press).810

https://doi.org/10.1029/2025WR042679811

Dey AK, Patwary MSA (2025) Utilizing non-stationary extreme value model to quantify812

extreme rainfall in two major cities in Bangladesh. Stoch Environ Res Risk Assess 39.813

https://doi.org/10.1007/s00477-025-02969-3814

El Adlouni S, Ouarda TBMJ, Zhang X, Roy R, Bobée B (2007) Generalized maximum815

likelihood estimators for the nonstationary generalized extreme value model. Water Resour816

Res 43:W03410. https://doi.org/10.1029/2005WR004545817

Gilleland E, Katz RW (2016) extRemes 2.0: An extreme value analysis package in R. J Stat818

Softw 72:1–39. https://doi.org/10.18637/jss.v072.i08819

Government of Bangladesh (2000) Bangladesh Water Development Board Act, 2000 (Act820

No. XXVI of 2000). Ministry of Water Resources, Government of the People’s Republic of821

Bangladesh822

Hosking JRM, Wallis JR (1997) Regional Frequency Analysis: An Approach Based823

on L-Moments. Cambridge University Press, Cambridge. https://doi.org/10.1017/824

CBO9780511529443825

Housing and Building Research Institute (2020) Bangladesh National Building Code (BNBC)826

2020. Technical Report, Ministry of Housing and Public Works, Government of the Peo-827

42

https://doi.org/10.1007/978-1-4471-3675-0
https://doi.org/10.1007/978-94-007-4479-0_4
https://doi.org/10.1007/978-94-007-4479-0_4
https://doi.org/10.1007/978-94-007-4479-0_4
https://doi.org/10.1029/2025WR042679
https://doi.org/10.1007/s00477-025-02969-3
https://doi.org/10.1029/2005WR004545
https://doi.org/10.18637/jss.v072.i08
https://doi.org/10.1017/CBO9780511529443
https://doi.org/10.1017/CBO9780511529443
https://doi.org/10.1017/CBO9780511529443


ple’s Republic of Bangladesh, Dhaka. Gazette noti�cation S.R.O. No. 55-Law/2020, pub-828

lished 11 February 2021; supersedes BNBC 2006829

Huang B, Thorne PW, Banzon VF, Boyer T, Chepurin G, Lawrimore JH, Menne MJ, Smith830

TM, Vose RS, Zhang HM (2017) Extended reconstructed sea surface temperature, version831

5 (ERSSTv5): Upgrades, validations, and intercomparisons. J Clim 30:8179–8205. https:832

//doi.org/10.1175/JCLI-D-16-0836.1833

Ikeuchi H, Hirabayashi Y, Yamazaki D, Muis S, Ward PJ, Winsemius HC, Verlaan M, Kanae834

S (2017) Compound simulation of �uvial �oods and storm surges in a global coupled river-835

coast �ood model. J Adv Model Earth Syst 9:1847–1862. https://doi.org/10.1002/836

2017MS000943837

Islam HMT, et al. (2025) Spatial and temporal variability of future extreme precipitation838

in Bangladesh using CMIP6 models. J Water Clim Change 16:1281–1300. https://doi.839

org/10.2166/wcc.2025.567840

Islam T, Peterson RE (2009) Climatology of landfalling tropical cyclones in Bangladesh841

1877–2003. Nat Hazards 48:115–135. https://doi.org/10.1007/s11069-008-9252-4842

Karim MF, Mimura N (2008) Impacts of climate change and sea-level rise on cyclonic843

storm surge �oods in Bangladesh. Glob Environ Change 18:490–500. https://doi.org/844

10.1016/j.gloenvcha.2008.05.002845

Katz RW, Parlange MB, Naveau P (2002) Statistics of extremes in hydrology. Adv Water846

Resour 25:1287–1304. https://doi.org/10.1016/S0309-1708(02)00056-8847

Khaliq MN, Ouarda TBMJ, Ondo JC, Gachon P, Bobée B (2006) Frequency analysis of a se-848

quence of dependent and/or non-stationary hydro-meteorological observations: A review.849

J Hydrol 329:534–552. https://doi.org/10.1016/j.jhydrol.2006.03.004850

43

https://doi.org/10.1175/JCLI-D-16-0836.1
https://doi.org/10.1175/JCLI-D-16-0836.1
https://doi.org/10.1175/JCLI-D-16-0836.1
https://doi.org/10.1002/2017MS000943
https://doi.org/10.1002/2017MS000943
https://doi.org/10.1002/2017MS000943
https://doi.org/10.2166/wcc.2025.567
https://doi.org/10.2166/wcc.2025.567
https://doi.org/10.2166/wcc.2025.567
https://doi.org/10.1007/s11069-008-9252-4
https://doi.org/10.1016/j.gloenvcha.2008.05.002
https://doi.org/10.1016/j.gloenvcha.2008.05.002
https://doi.org/10.1016/j.gloenvcha.2008.05.002
https://doi.org/10.1016/S0309-1708(02)00056-8
https://doi.org/10.1016/j.jhydrol.2006.03.004


Kim Y, Chester MV, Eisenberg DA, Redman CL (2021) A safety factor approach to designing851

urban infrastructure for dynamic conditions. Earths Future 9:e2020EF001857. https://852

doi.org/10.1029/2020EF001857853

Krishnamurthy V, Kirtman BP (2003) Variability of the Indian Ocean: Relation to monsoon854

and ENSO. Q J R Meteorol Soc 129:1623–1646. https://doi.org/10.1256/qj.01.166855

Krishnaswamy J, Vaidyanathan S, Rajagopalan B, Bonell M, Sankaran M, Bhalla RS, Badi-856

ger S (2015) Non-stationary and non-linear in�uence of ENSO and Indian Ocean Dipole on857

the variability of Indian monsoon rainfall and extreme rain events. Clim Dyn 45:175–184.858

https://doi.org/10.1007/s00382-014-2288-0859

Kumar KK, Rajagopalan B, Cane MA (1999) On the weakening relationship between the In-860

dian monsoon and ENSO. Science 284:2156–2159. https://doi.org/10.1126/science.861

284.5423.2156862

Luke A, Vrugt JA, AghaKouchak A, Matthew R, Sanders BF (2017) Predicting nonsta-863

tionary �ood frequencies: Evidence supports an updated stationarity thesis in the United864

States. Water Resour Res 53:5469–5494. https://doi.org/10.1002/2016WR019676865

Luo JJ, Masson S, Behera S, Yamagata T (2007) Experimental forecasts of the Indian866

Ocean Dipole using a coupled OAGCM. J Clim 20:2178–2190. https://doi.org/10.867

1175/JCLI4132.1868

Luo JJ, Behera S, Masumoto Y, Sakuma H, Yamagata T (2008) Successful prediction of the869

consecutive IOD in 2006 and 2007. Geophys Res Lett 35:L14S02. https://doi.org/10.870

1029/2007GL032793871

MacLeod D, Kolstad EW, Michaelides K, Singer MB (2024) Sensitivity of rainfall extremes to872

unprecedented Indian Ocean Dipole events. Geophys Res Lett 51:e2023GL105258. https:873

//doi.org/10.1029/2023GL105258874

44

https://doi.org/10.1029/2020EF001857
https://doi.org/10.1029/2020EF001857
https://doi.org/10.1029/2020EF001857
https://doi.org/10.1256/qj.01.166
https://doi.org/10.1007/s00382-014-2288-0
https://doi.org/10.1126/science.284.5423.2156
https://doi.org/10.1126/science.284.5423.2156
https://doi.org/10.1126/science.284.5423.2156
https://doi.org/10.1002/2016WR019676
https://doi.org/10.1175/JCLI4132.1
https://doi.org/10.1175/JCLI4132.1
https://doi.org/10.1175/JCLI4132.1
https://doi.org/10.1029/2007GL032793
https://doi.org/10.1029/2007GL032793
https://doi.org/10.1029/2007GL032793
https://doi.org/10.1029/2023GL105258
https://doi.org/10.1029/2023GL105258
https://doi.org/10.1029/2023GL105258


Master Plan Organization (1986) National Water Plan. Technical Report, Ministry of Irri-875

gation, Water Development and Flood Control, Government of Bangladesh, Dhaka876

Milly PCD, Betancourt J, Falkenmark M, Hirsch RM, Kundzewicz ZW, Lettenmaier DP,877

Stou�er RJ (2008) Stationarity is dead: Whither water management? Science 319:573–878

574. https://doi.org/10.1126/science.1151915879

Mirza MMQ (2003) Three recent extreme �oods in Bangladesh: A hydro-meteorological880

analysis. Nat Hazards 28:35–64. https://doi.org/10.1023/A:1021169731325881

Rahman MS, Islam ARMT (2019) Are precipitation concentration and intensity changing in882

Bangladesh overtimes? Analysis of the possible causes of changes in precipitation systems.883

Sci Total Environ 690:370–387. https://doi.org/10.1016/j.scitotenv.2019.06.529884

Rasmusson EM, Carpenter TH (1983) The relationship between eastern equatorial Paci�c sea885

surface temperatures and rainfall over India and Sri Lanka. Mon Weather Rev 111:517–528886

Rayner NA, Parker DE, Horton EB, Folland CK, Alexander LV, Rowell DP, Kent EC,887

Kaplan A (2003) Global analyses of sea surface temperature, sea ice, and night marine air888

temperature since the late nineteenth century. J Geophys Res Atmos 108:4407. https:889

//doi.org/10.1029/2002JD002670890

Read LK, Vogel RM (2015) Reliability, return periods, and risk under nonstationarity. Water891

Resour Res 51:6381–6398. https://doi.org/10.1002/2015WR017089892

Rootzén H, Katz RW (2013) Design life level: Quantifying risk in a changing climate. Water893

Resour Res 49:5964–5972. https://doi.org/10.1002/wrcr.20425894

Saji NH, Goswami BN, Vinayachandran PN, Yamagata T (1999) A dipole mode in the895

tropical Indian Ocean. Nature 401:360–363. https://doi.org/10.1038/43854896

Saji NH, Yamagata T (2003) Possible impacts of Indian Ocean Dipole mode events on global897

climate. Clim Res 25:151–169. https://doi.org/10.3354/cr025151898

45

https://doi.org/10.1126/science.1151915
https://doi.org/10.1023/A:1021169731325
https://doi.org/10.1016/j.scitotenv.2019.06.529
https://doi.org/10.1029/2002JD002670
https://doi.org/10.1029/2002JD002670
https://doi.org/10.1029/2002JD002670
https://doi.org/10.1002/2015WR017089
https://doi.org/10.1002/wrcr.20425
https://doi.org/10.1038/43854
https://doi.org/10.3354/cr025151


Salas JD, Obeysekera J (2014) Revisiting the concepts of return period and risk for non-899

stationary hydrologic extreme events. J Hydrol Eng 19:554–568. https://doi.org/10.900

1061/(ASCE)HE.1943-5584.0000820901

Schott FA, Xie SP, McCreary JP (2009) Indian Ocean circulation and climate variability.902

Rev Geophys 47:RG1002. https://doi.org/10.1029/2007RG000245903

Serinaldi F, Kilsby CG (2015) Stationarity is undead: Uncertainty dominates the distribu-904

tion of extremes. Adv Water Resour 77:17–36. https://doi.org/10.1016/j.advwatres.905

2014.12.013906

Shahid S (2010) Rainfall variability and the trends of wet and dry periods in Bangladesh.907

Int J Climatol 30:2299–2313. https://doi.org/10.1002/joc.2053908

Shahid S (2011) Trends in extreme rainfall events of Bangladesh. Theor Appl Climatol909

104:489–499. https://doi.org/10.1007/s00704-010-0363-y910

Shi L, Hendon HH, Alves O, Luo JJ, Balmaseda M, Anderson D (2012) How predictable911

is the Indian Ocean Dipole? Mon Weather Rev 140:3867–3884. https://doi.org/10.912

1175/MWR-D-12-00001.1913

Torrence C, Compo GP (1998) A practical guide to wavelet analysis. Bull Am Meteorol Soc914

79:61–78915

Villarini G, Smith JA, Serinaldi F, Bales J, Bates PD, Krajewski WF (2009) Flood frequency916

analysis for nonstationary annual peak records in an urban drainage basin. Adv Water917

Resour 32:1255–1266. https://doi.org/10.1016/j.advwatres.2009.05.003918

Vinnarasi R, Dhanya CT (2022) Bringing realism into a dynamic copula-based non-stationary919

intensity-duration model. Adv Water Resour 167:104253. https://doi.org/10.1016/j.920

advwatres.2022.104253921

46

https://doi.org/10.1061/(ASCE)HE.1943-5584.0000820
https://doi.org/10.1061/(ASCE)HE.1943-5584.0000820
https://doi.org/10.1061/(ASCE)HE.1943-5584.0000820
https://doi.org/10.1029/2007RG000245
https://doi.org/10.1016/j.advwatres.2014.12.013
https://doi.org/10.1016/j.advwatres.2014.12.013
https://doi.org/10.1016/j.advwatres.2014.12.013
https://doi.org/10.1002/joc.2053
https://doi.org/10.1007/s00704-010-0363-y
https://doi.org/10.1175/MWR-D-12-00001.1
https://doi.org/10.1175/MWR-D-12-00001.1
https://doi.org/10.1175/MWR-D-12-00001.1
https://doi.org/10.1016/j.advwatres.2009.05.003
https://doi.org/10.1016/j.advwatres.2022.104253
https://doi.org/10.1016/j.advwatres.2022.104253
https://doi.org/10.1016/j.advwatres.2022.104253


Wahiduzzaman M, Luo JJ (2021) A statistical analysis on the contribution of El Niño–922

Southern Oscillation to the rainfall and temperature over Bangladesh. Meteorol Atmos923

Phys 133:1419–1436. https://doi.org/10.1007/s00703-021-00817-x924

Water Resources Planning Organization (2004) National Water Management Plan (NWMP).925

Technical Report, WARPO, Ministry of Water Resources, Government of Bangladesh,926

Dhaka927

Webster PJ, Magaña VO, Palmer TN, Shukla J, Tomas RA, Yanai M, Yasunari T (1998)928

Monsoons: Processes, predictability, and the prospects for prediction. J Geophys Res929

Oceans 103:14451–14510. https://doi.org/10.1029/97JC02719930

Webster PJ, Moore AM, Loschnigg JP, Leben RR (1999) Coupled ocean–atmosphere dy-931

namics in the Indian Ocean during 1997–98. Nature 401:356–360. https://doi.org/10.932

1038/43848933

Xie SP, Hu K, Hafner J, Tokinaga H, Du Y, Huang G, Sampe T (2009) Indian Ocean934

capacitor e�ect on Indo-western Paci�c climate during the summer following El Niño. J935

Clim 22:730–747. https://doi.org/10.1175/2008JCLI2544.1936

Yan L, Li L, Yan P, He H, Li J, Lu D (2023) Nonstationary rainfall intensity-duration-937

frequency curves considering the impacts of climate change and urbanization. Urban Clim938

49:101701. https://doi.org/10.1016/j.uclim.2023.101701939

Zscheischler J, Westra S, van den Hurk BJJM, Seneviratne SI, Ward PJ, Pitman A, AghaK-940

ouchak A, et al. (2018) Future climate risk from compound events. Nat Clim Change941

8:469–477. https://doi.org/10.1038/s41558-018-0156-3942

47

https://doi.org/10.1007/s00703-021-00817-x
https://doi.org/10.1029/97JC02719
https://doi.org/10.1038/43848
https://doi.org/10.1038/43848
https://doi.org/10.1038/43848
https://doi.org/10.1175/2008JCLI2544.1
https://doi.org/10.1016/j.uclim.2023.101701
https://doi.org/10.1038/s41558-018-0156-3

	Introduction
	Post-monsoon flood hazard in the Bengal delta
	Stationary treatment of a non-stationary hazard
	Ocean drivers of post-monsoon rainfall variability
	Objectives and framing of this study

	Study area and data
	Rainfall observations and regionalization
	Climate indices

	Methods
	Stationary and climate-conditioned GEV models
	Temporal regime analysis
	Robustness audits
	Hazard and reliability metrics

	Climate-conditioned extreme value analysis
	Competing covariates over the full record (1950–2013)
	Temporal regime structure
	Leave-one-out sensitivity and formal influence diagnostics
	Regional heterogeneity

	Hazard and risk implications of climate-state variability
	Climate-state-dependent design rainfall
	Recurrence compression of the nominal design event
	Lifetime reliability of stationary designs
	Sensitivity to model formulation
	Temporal stability across calibration periods
	Distribution-free validation and specification checks
	Seasonal covariate window (lead–lag analysis)
	Physical interpretation of the climate–extremes linkage
	Scope of the claims the record supports

	A climate-informed risk-management framework
	Design verification depth and the climate surcharge factor
	Seasonal operational risk management
	Lifetime reliability and asset-portfolio prioritization
	Scope and intended use
	Relation to nonstationary design theory

	Limitations
	Conclusions

