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Highlights 38 

• Uncalibrated change-point tests inflate false positives 17–265× in Mizoram rainfall.  39 

• Calibrated surrogates confirm consecutive wet days (CWD) rose robustly, by 44.9%.  40 

• Monsoon totals held steady, rainfall shifted to longer, less intense spells.  41 

 42 

Abstract 43 

Regional rainfall studies often detect a change point and test the resulting periods as if the break had 44 

been specified in advance, a procedure that severely inflates false positives when the break is instead 45 

selected from the same data being tested. We quantify this inflation and provide a general calibration 46 

framework, applied to ten ETCCDI indices from 0.25° gridded daily rainfall across 29 cells in 47 

Mizoram, northeast India (1950–2025). The procedure was calibrated using multivariate AR(1) 48 

surrogates that preserve temporal persistence and spatial covariance but contain no change point. In 49 

these signal-free series, the uncorrected procedure gave p < 0.05 in 83% and p < 0.001 in 27%, a 17-50 

fold and 265-fold inflation over nominal levels. Applying the calibration to the observed record, only 51 

two of ten epoch contrasts survived correction. Consecutive wet days increased 44.9% across the 52 

2006 break (p = 0.003) and was the only spatially coherent signal across all sensitivity settings. SDII 53 

declined 24.7%, significant only under the primary null (p = 0.037; sensitivity p = 0.128). Monsoon 54 

totals were unchanged (−2.9%, p = 0.629), while wet days increased 17.5% and intensity declined 55 

16.5% (both p ≤ 0.001), indicating longer, less intense spells rather than a supply change. The 232 56 



mm decline in annual rainfall was not distinguishable from correlated noise (p = 0.058). These results 57 

show that regional rainfall analyses relying on searched change points must calibrate the full 58 

detection-and-testing procedure. Without it, evidence for regional rainfall change is almost entirely an 59 

artifact of break selection. 60 

Keywords: rainfall extremes; change-point detection; selective inference; field significance; wet-spell 61 

duration; northeast India 62 



1. Introduction 63 

A common approach in regional rainfall analysis is to scan a record for a change point and 64 

then test the difference between the periods before and after the selected break. This is 65 

problematic because the break is chosen from the same data being tested: the resulting p-66 

value assumes the split was fixed in advance, although it was selected to maximise the 67 

observed difference. Conditional methods have been developed to address this selection 68 

problem (Jewell et al., 2022), and recent climate studies have highlighted the sensitivity of 69 

change-point results to assumptions about trend and serial correlation (Lund et al., 2023), 70 

while the number and location of detected breaks is itself conditional on the assumed model 71 

and penalty (Shi et al., 2022). Yet regional rainfall studies rarely calibrate the complete 72 

detect-then-test procedure they use, and the design remains common even in careful recent 73 

work (Amirthanathan et al., 2023). Spatial dependence compounds this problem: serial 74 

correlation can produce apparent shifts even without a change in forcing, while spatial 75 

correlation can generate clusters of significant cells that appear to represent a coherent 76 

regional signal (Cortés et al., 2020). Change-point detection in gridded fields can also 77 

produce neighbouring shifts (Aghaei et al., 2025), and counting significant cells without 78 

accounting for covariance risks overstating spatial coherence (Huth & Dubrovský, 2021; 79 

Farris et al., 2021). 80 

This inference problem is especially consequential in settings where the underlying climate 81 

signal is itself contested. A warming atmosphere is generally expected to intensify daily 82 

rainfall extremes, but the response is highly uneven across regions. India illustrates this 83 

contrast clearly. Extreme rainfall has increased over central India and parts of the coast 84 

(Goswami et al., 2006; Roxy et al., 2017), whereas recent assessments indicate declining 85 

southwest monsoon rainfall over northeastern India, including a decline of 0.5–1.5 mm day⁻¹ 86 

per decade during 1951–2024 (Dhara et al., 2025). Other studies report declining annual 87 

precipitation over the northeast, linked to moisture-flux divergence (Borah et al., 2026), 88 

declining rainfall during both winter and monsoon (Chakraborty et al., 2025), and a regional 89 

change point after 1996 (Sharma et al., 2025). Singh et al. (2025) likewise found a decline in 90 

extreme rainfall events over the northeast using the same family of gridded data used here. 91 



The evidence is not consistent, however. Das et al. (2024) found no significant change in 92 

high-intensity rainfall during 1991–2020, whereas Kolekar et al. (2025) reported increases in 93 

high-duration rain spells and maximum spell intensity over 1901–2023. Climate projections 94 

also suggest fewer wet days but greater rainfall intensity later this century (Paul & Maity, 95 

2023). These differences partly reflect contrasting periods, datasets and rainfall indices. 96 

Given the inference problem outlined above, though, they may also arise from differences in 97 

how persistent and autocorrelated rainfall series are analysed, and from uncalibrated 98 

inference at searched change points. 99 

We use Mizoram, in the southern part of northeast India, as the setting in which to develop 100 

and demonstrate a calibrated detect-then-test framework. The state's rainfall is strongly 101 

seasonal, and agriculture and other livelihoods remain highly dependent on the monsoon, 102 

making inference errors in either direction, whether over- or under-stating change, practically 103 

consequential. Evidence from Mizoram is itself limited and mixed: Lawmchullova et al. 104 

(2026) reported increasing rainfall at stations in the Tlawng watershed during 1984–2023, 105 

together with declining pre-monsoon rainfall, while earlier work reached similar conclusions 106 

for the same basin (Lawmchullova et al., 2024). In neighbouring Meghalaya, the same 107 

gridded product used here indicates longer dry periods (Phawa et al., 2022). The direction of 108 

rainfall change in Mizoram thus remains uncertain. That uncertainty is itself a symptom of 109 

the broader calibration problem this study addresses. 110 

In this study, we address this calibration gap directly rather than abandoning change-point 111 

analysis. We analyse ten ETCCDI rainfall indices across 29 grid cells in Mizoram for 1950–112 

2025, identify a change point in rainfall intensity, and evaluate the resulting epoch contrasts 113 

using multivariate AR(1) surrogates that preserve temporal persistence and inter-cell 114 

covariance but contain no true change point. We ask three questions: how strongly does the 115 

uncorrected procedure inflate false positives; which rainfall changes remain after calibration; 116 

and what do those changes indicate about the way monsoon rainfall is being delivered? We 117 

report both uncorrected and calibrated results because the contrast between them is central to 118 

the study. 119 

2. Materials and methods 120 

2.1 Study area and rainfall data 121 



Mizoram occupies the southern part of northeast India (21.9–24.5°N, 92.2–93.4°E), with parallel 122 

north–south ridges ranging from below 100 m in the south to over 2000 m along the eastern margin. 123 

Rainfall is dominated by the southwest monsoon, with a secondary pre-monsoon maximum linked to 124 

Bay of Bengal convection. 125 

Daily rainfall data were obtained from the 0.25° × 0.25° gridded India Meteorological Department 126 

product of Pai et al. (2014), which supersedes the earlier 1° analysis of Rajeevan et al. (2006). From 127 

the 40 cells covering 92.50–93.25°E and 22.00–24.25°N, 29 fall within Mizoram and form the 128 

analysis domain. The record covers 1 January 1950–31 December 2025 (27,759 days; 76 complete 129 

years; Figure 1). 130 

All indices were calculated for each cell and then averaged across the 29 cells to obtain the regional 131 

series; cell-level results were retained for spatial analyses. A comparison with an earlier rainfall 132 

product showed an RMSE of 35.1 mm for the nearest cell relative to a mean Rx1day of 109.5 mm. 133 

Because the products differ, they were treated separately and are not combined in the analysis 134 

(Supplementary Table S16). 135 

2.2 Quality control and homogeneity 136 

No grid-year had more than 4% missing days, and no negative rainfall values were recorded; 137 

therefore, no infilling was applied. Annual rainfall totals were tested for homogeneity using the 138 

standard normal homogeneity test (Alexandersson, 1986), Buishand range test (Buishand, 1982), 139 

Pettitt test (Pettitt, 1979), and von Neumann ratio. Following Wijngaard et al. (2003), cells were 140 

classified as useful (0–1 tests rejecting homogeneity at the 1% level), doubtful (2), or suspect (3–4). 141 

The useful cells were retained as a homogeneous subset for sensitivity analysis. 142 

2.3 Extreme indices 143 

Ten ETCCDI indices were calculated: PRCPTOT, Rx1day, Rx5day, R95p, R99p, SDII, R10mm, 144 

R20mm, CDD and CWD (Zhang et al., 2011). These definitions follow those used in global 145 

assessments (Alexander et al., 2006; Donat et al., 2013). A wet day was defined as ≥1.0 mm, with 146 

percentile thresholds referenced to 1961–1990. Seasons followed the Indian convention: pre-monsoon 147 

(MAM), monsoon (JJAS), post-monsoon (OND), and winter (JF). 148 

2.4 Trend estimation and serial correlation 149 

Monotonic trends in the rainfall indices were evaluated using the non-parametric Mann–Kendall 150 

(MK) test. For a time series (x_1,x_2,\ldots,x_n), the MK statistic is defined as 151 

 𝑆 = ∑ ∑ sgn௡௝=௜+1௡−1௜=1 ௝ݔ) −  ௜) (1) 152ݔ



where, 153 

 sgn(ݔ௝ − (௜ݔ = {+1, ௝ݔ > ,௜0ݔ ௝ݔ = ,௜−1ݔ ௝ݔ <  ௜ (2) 154ݔ

The variance of S was corrected for tied observations according to 155 

 Var(𝑆) = ௡(௡−1)(2௡+5)−∑ ௧೛೒೛=1 (௧೛−1)(2௧೛+5)18  (3) 156 

where g denotes the number of tied groups and (ݐ௣) is the number of observations in the (݌) −  ℎ tied 157ݐ

group. 158 

Because annual rainfall indices may exhibit serial correlation, the variance of the MK statistic was 159 

adjusted using the Hamed–Rao (1998) approach. The correction was based on the lag-1 160 

autocorrelation of detrended ranks. The adjusted variance can be represented generally as 161 

 Var∗(𝑆) = Var(𝑆) ⋅ VIF (4) 162 

where VIF represents the variance-inflation factor associated with the statistically significant 163 

autocorrelation structure of the detrended rank series. 164 

The Hamed–Rao correction was used for the primary inference. Two alternative treatments of serial 165 

correlation were additionally considered: the effective-sample-size correction of Yue and Wang 166 

(2004) and the trend-free pre-whitening method of Yue et al. (2002). These alternative approaches 167 

were used to evaluate the sensitivity of the inferred trends to the treatment of temporal persistence. 168 

Trend magnitude was estimated using the Theil–Sen estimator (Sen, 1968), 169 

Senߚ̂  = median {௫ೕ−௫೔௝−௜  :  1 ≤ ݅ < ݆ ≤ ݊} (5) 170 

where (̂ߚௌ௘௡) represents the median slope across all possible pairs of observations. 171 

Multiple testing across indices and spatial cells was controlled using the Benjamini–Hochberg false 172 

discovery rate (FDR) procedure (Benjamini and Hochberg, 1995), an approach now standard in 173 

hydrological trend detection where many sites are tested simultaneously (Douglas et al., 2000; Renard 174 

et al., 2008). 175 

2.5 Change-point detection 176 

A change in regional rainfall intensity was identified using the non-parametric Pettitt change-point 177 

test (Pettitt, 1979), applied to the regional SDII series. For a candidate change point k, the Pettitt 178 

statistic was calculated as 179 



 ௞ܷ = ∑ ∑ sgn௡௝=௞+1௞௜=1 ௜ݔ) −  ௝) (6) 180ݔ

and the estimated change point was identified from the location of the maximum absolute value of 181 

U_k, 182 

ܭ  = arg max1≤௞<௡ | ௞ܷ| (7) 183 

The test identified 2006 as the change point in the regional SDII series. Because the estimator assigns 184 

the break year to the first segment, the rainfall record was divided into two epochs: 1950–2006 and 185 

2007–2025. 186 

Differences between the two epochs were initially evaluated using the two-sided Wilcoxon rank-sum 187 

test. However, because the break was identified through a search over the record, the resulting 188 

conventional p-value does not account for the selection of the break point. This issue was explicitly 189 

addressed through the surrogate calibration procedure described in Section 2.6. 190 

2.6 Calibration of the detect-then-test procedure 191 

Testing the difference between two periods after selecting the break point from the same rainfall 192 

record can produce substantially anti-conservative inference. The conventional epoch-comparison p-193 

value implicitly assumes that the division between the two periods was specified independently of the 194 

data. In the present analysis, the break was instead selected by scanning the record using the Pettitt 195 

test. Therefore, the complete detect-then-test procedure was calibrated rather than correcting only the 196 

final epoch comparison. 197 

Let the vector of rainfall indices in year (t) be represented by 198 

௧ܠ  = ,௧,1ݔ) ௧,2ݔ , … ,  ௠,௧)ৢ (8) 199ݔ

where m = 10 represents the ten rainfall indices. Change-point-free surrogate series were generated 200 

using a multivariate first-order autoregressive [AR(1)] process, 201 

௧ܠ  = ௧−1ܠ ۯ + ઽ௧ (9) 202 

where (ۯ) represents the autoregressive coefficient matrix and the innovation vector satisfies 203 

 ઽ௧ ∼ ܰ(૙, ઱ఌ) (10) 204 

This formulation preserves the lag-1 temporal persistence and contemporaneous cross-correlation 205 

among the rainfall indices while containing neither an imposed trend nor a true change point (Theiler 206 

et al., 1992; Schreiber and Schmitz, 2000). 207 



Each surrogate realization was subjected to exactly the same analytical procedure as the observed 208 

dataset. Specifically, the Pettitt test was first applied to the surrogate SDII series, the detected break 209 

was then used to define the two surrogate epochs, and the Wilcoxon rank-sum test was subsequently 210 

applied to each rainfall index. The resulting surrogate distribution was used to obtain a calibrated 211 

probability for each observed epoch contrast. 212 

If T_b represents the observed test statistic for rainfall index b, and ( ௕ܶ(௥)) represents the 213 

corresponding statistic from surrogate realization r, the calibrated probability was estimated 214 

empirically as 215 

corr,௕݌  = 1+∑ ூೃೝ=1 (|்್(ೝ)|≥|்್|)ோ+1  (11) 216 

where R is the number of surrogate realizations and (I(\cdot)) is an indicator function. 217 

Two null specifications were considered. Under the primary null, residuals were calculated after 218 

removing a step associated with the observed break. This prevents the detected signal itself from 219 

artificially increasing the estimated persistence. Under the sensitivity null, the raw series were mean-220 

centred without removing the observed step, producing a more conservative persistence structure. 221 

Corrected probabilities were reported under the primary null, with the sensitivity-null results provided 222 

as an additional robustness assessment. 223 

2.7 Field significance and spatial dependence 224 

The 29 grid cells exhibit substantial spatial dependence, meaning that they cannot be treated as 29 225 

independent observations (Livezey and Chen, 1983; Wilks, 2006). Consequently, the number of 226 

significant cells alone is insufficient to establish regional spatial coherence. The effective number of 227 

independent spatial samples was therefore estimated from the mean inter-cell correlation. 228 

For N spatial cells and mean pairwise correlation (ߩ), the effective spatial sample size was calculated 229 

as 230 

 eܰff = ே1+(ே−1)ఘ‾  (12) 231 

Field significance was subsequently assessed using the covariance-preserving surrogate framework 232 

described in Section 2.6, extended to the 29-cell field. For this spatial analysis, the innovation 233 

covariance was estimated from cell-level residuals so that the surrogate realizations preserved both 234 

temporal persistence and contemporaneous inter-cell covariance. For every surrogate realization, cell-235 

level trends were calculated and counted using exactly the procedure applied to the observations: a 236 

cell was counted when its uncorrected Mann–Kendall trend reached p ≤ 0.05, with no serial-237 



correlation correction and no false-discovery-rate control. The local statistic is deliberately left 238 

uncorrected because the surrogate null already reproduces both the serial persistence and the inter-cell 239 

covariance of the observed field; correcting the statistic as well would apply the same adjustment 240 

twice. These counts are therefore not the FDR-controlled counts reported in §3.2 and Supplementary 241 

Table S3. 242 

Let (ܯ௢௕௦)denote the observed number of such cells and (ܯ௥) the corresponding number obtained 243 

from surrogate realization r. Field significance was evaluated from the empirical null distribution, 244 

field݌  = 1+∑ ூೃೝ=1 (ெೝ≥ெobs)ோ+1  (13) 245 

Because the innovation covariance matrix was estimated from only 75 residual vectors, an 246 

unregularized covariance estimate could produce an overly broad or unstable null distribution. Linear 247 

covariance shrinkage (Ledoit and Wolf, 2004) was therefore incorporated as an additional sensitivity 248 

analysis. The shrinkage covariance estimator was represented as 249 

 ઱̂ఒ = (1 − ઱̂(ߣ +  250 (14) ܂ߣ

where (઱̂) is the empirical covariance matrix, (܂) is the shrinkage target, and (ߣ) is the shrinkage 251 

intensity. 252 

Three shrinkage levels, (ߣ = 0), 0.2 and 0.5, were combined with the two null specifications, 253 

resulting in six null–shrinkage combinations. An index was classified as spatially coherent only when 254 

it achieved field significance under all six combinations. This stringent criterion was adopted to 255 

reduce the possibility that spatial coherence would be inferred from the most favourable covariance 256 

specification. 257 

2.8 Seasonality and wet-season timing 258 

The change in annual rainfall between the two epochs was decomposed into contributions from the 259 

four seasons: pre-monsoon (MAM), monsoon (JJAS), post-monsoon (OND), and winter (JF). For 260 

season s, the change in mean rainfall was calculated as 261 

߂  ௦ܲ = ‾ܲ௦,post − ‾ܲ௦,pre (15) 262 

where ‾ܲ௦,pre and ‾ܲ௦,post represent the mean rainfall during the pre-break and post-break epochs, 263 

respectively. The contribution of each season to the total annual rainfall change was then expressed as 264 

௦ܥ  = ௱௉ೞ௱௉annual × 100 (16) 265 



where (ܥ௦) denotes the percentage contribution of season s to the total annual rainfall change, (߂ ௦ܲ) is 266 

the change in rainfall for season (ݏ), and (߂ ௔ܲ௡௡௨௔௟) is the corresponding change in annual rainfall. 267 

Because the seasonal epoch contrasts were based on the same searched 2006 break, their statistical 268 

significance was evaluated using the calibrated detect-then-test procedure described in Section 2.6. 269 

This approach accounts for the uncertainty introduced by selecting the change point from the 270 

observed rainfall record before evaluating the differences between the two epochs. 271 

Wet-season timing was characterized using the calendar day on which 10 %, 50 %, and 90 % of the 272 

annual rainfall had accumulated. For year y, the date corresponding to a cumulative rainfall fraction q 273 

was defined as 274 

௤,௬ܦ  = min {݀: ௉೤(ௗ)௉೤annual ≥ {ݍ ݍ  , ∈ {0.10,  0.50,  0.90} (17) 275 

where ( ௬ܲ(݀)) is the cumulative rainfall from the beginning of year (ݕ) through calendar day (݀), and 276 ( ௬ܲ௔௡௡௨௔௟) is the total rainfall accumulated during that year. 277 

The duration of the principal wet-season accumulation period was subsequently calculated as the 278 

interval between the 10 % and 90 % accumulation dates: 279 

௬ܮ  = ௬,0.90ܦ −  ௬ (18) 280,0.10ܦ

Trends in the wet-season timing metrics were assessed using the Mann–Kendall test and Theil–Sen 281 

slope estimator described in Sections 2.4, while potential change points were identified using the 282 

Pettitt test described in Section 2.5. These timing analyses did not require the additional calibration of 283 

Section 2.6 because the Mann–Kendall trend analysis does not involve selection of a change point, 284 

whereas the Pettitt test provides its own significance assessment for the change-point search. 285 

Differences in timing metrics between the two epochs were therefore reported descriptively. 286 

2.9 Regional frequency analysis 287 

Annual maximum daily rainfall was analysed using the L-moment index-flood framework (Hosking, 288 

1990; Hosking and Wallis, 1997). Sample L-moment ratios, including the L-coefficient of variation 289 

(L-CV) and L-skewness, were calculated for the individual grid cells. Regional homogeneity was 290 

assessed using the L-moment heterogeneity statistic, with 500 simulations from a kappa distribution 291 

used to establish the expected distribution under regional homogeneity. 292 

Candidate probability distributions were ranked using the relevant goodness-of-fit statistic. When the 293 

complete 29-cell domain was found to be heterogeneous, the grid cells were grouped into spatially 294 

coherent sub-regions and the frequency analysis was repeated within each sub-region. 295 



Regional rainfall quantiles were estimated under the index-flood assumption, whereby site-specific 296 

quantiles are represented by the product of an index flood and a common regional growth factor, 297 

 ܳ௜(ܶ) = ௜ߤ  298 (19) (ܶ)ܩ 

where (ܳ௜(ܶ)) is the rainfall quantile at site (݅)corresponding to return period (ܶ),  is the site-299(௜ߤ)

specific index flood, and (ܩ(ܶ)) is the regional growth curve. 300 

At-site annual maximum rainfall was additionally modelled using generalized extreme-value (GEV) 301 

distributions (Coles, 2001). The stationary GEV distribution was represented by 302 

(ݔ)ܨ  = exp {− [1 + ߦ (௫−ఓఙ )]−1/క} (20) 303 

subject to 304 

 1 + ߦ (௫−ఓఙ ) > 0 (21) 305 

where (ߤ), ߪ) > 0), and (ߦ)denote the location, scale, and shape parameters, respectively. 306 

Stationary GEV models were compared with models incorporating a linear trend in the location 307 

parameter, a temporal trend in the logarithm of the scale parameter, and covariates representing Niño 308 

3.4 and the Indian Ocean Dipole. Competing models were evaluated using the Akaike Information 309 

Criterion (AIC) and Bayesian Information Criterion (BIC). 310 

2.10 Coherence with climate modes 311 

Potential coherence between regional annual maximum rainfall and large-scale climate variability was 312 

assessed using the Niño 3.4 index and Indian Ocean Dipole (IOD) index. Niño 3.4 was considered for 313 

the December–February (DJF) season, whereas the IOD was considered for the September–November 314 

(SON) season (Saji et al., 1999). 315 

Cross-wavelet analysis was used to investigate the time–frequency relationship between the regional 316 

annual maximum rainfall series and the climate-mode indices (Torrence and Compo, 1998; Grinsted 317 

et al., 2004). The cross-wavelet transform was calculated as 318 

 ௫ܹ௬(ݏ, (ݐ = ௫ܹ(ݏ,  (ݐ ௬ܹ∗(ݏ,  319 (22) (ݐ

where ( ௫ܹ(ݏ, ) and((ݐ ௬ܹ(ݏ,  320 (ݏ) ,are the continuous wavelet transforms of the two time series((ݐ

denotes wavelet scale, (ݐ) represents time, and the superscript (∗) denotes complex conjugation. 321 

Wavelet coherence was evaluated using the smoothed cross-wavelet power relative to the individual 322 

wavelet powers, 323 



,ݏ)2ܴ  (ݐ = |ௌ[௦−1ௐೣ೤(௦,௧)]|2ௌ[௦−1|ௐೣ(௦,௧)|2] ௌ[௦−1|ௐ೤(௦,௧)|2] (23) 324 

where (S) denotes the smoothing operator. 325 

Because neighbouring wavelet coefficients are not statistically independent, pointwise significance 326 

was not interpreted in isolation. Instead, significance was evaluated using the area of the largest 327 

contiguous patch of pointwise-significant coherence. The observed patch area was compared against 328 

its corresponding null distribution, following the area-wise approach of Maraun et al. (2007) and 329 

Schulte (2016). 330 

2.11 Cartographic representation 331 

Cell-level rainfall results were represented using the original (0.25∘) grid cells clipped to the 332 

administrative boundary of Mizoram. The results were displayed as discrete grid cells rather than 333 

interpolated surfaces. 334 

Further spatial interpolation was avoided because the source rainfall product already represents an 335 

interpolation of the IMD gauge network (Pai et al., 2014). Additional interpolation could introduce 336 

further smoothing, particularly for rainfall extremes in a relatively sparsely gauged mountainous 337 

region, where interpolation is known to damp high percentiles (Hofstra et al., 2010); grid resolution 338 

should not be equated with information content (Daly, 2006). Kriging was also not applied because 339 

only 29 spatial units were available, far fewer than reliable variogram estimation requires (Oliver and 340 

Webster, 2014). 341 

The use of the original grid cells also ensured direct correspondence between the statistical unit used 342 

in the analysis and the spatial unit represented in the maps. 343 

For cell-level results, statistical significance was determined after Benjamini–Hochberg FDR 344 

correction. Cells satisfying 345 

ݍ  ≤ 0.10 (24) 346 

were identified as statistically significant, rather than using unadjusted p < 0.05. This approach 347 

follows the recommendation of Wilks (2016) for controlling false discoveries in spatial climate 348 

analyses. Supplementary figures additionally provide the alternative AR6-style significance 349 

representation, in which hatching marks cells that are not robust (Tebaldi et al., 2011; Gutiérrez et al., 350 

2021), while the main figures retain the conventional overlay because denser texture is read as greater 351 

confidence irrespective of the legend (Johannsen et al., 2018). 352 



2.12 Reproducibility 353 

All analyses were conducted in R 4.5.1 using trend and modifiedmk for trend and change-point 354 

analysis, lmom and lmomRFA for regional frequency analysis, extRemes for GEV modelling, 355 

biwavelet for wavelet coherence, and sf for spatial processing. Random seeds were recorded with all 356 

outputs. The surrogate procedure in §2.6 was independently re-implemented with a different random-357 

number generator; corrected p-values agreed within Monte Carlo error (maximum absolute difference 358 

= 0.038; standard error ≈0.01; Supplementary Table S17). The reconciled results workbook and 359 

analysis code are provided as Data S1 and permanently archived on Zenodo (Khiangte, 2026). 360 

3. Results 361 

3.1 Quality control, homogeneity and spatial redundancy 362 

Of the 29 grid cells, 16 were classified as useful, 9 as doubtful and 4 as suspect (Table 1; Figure 1). 363 

Nineteen cells showed an FDR-significant break in annual rainfall, but break years varied widely 364 

(median 1979; IQR 30 years), indicating no single regional breakpoint (Figure 2; Supplementary 365 

Table S2). Breaks were also organised more strongly by longitude than latitude: the western cells had 366 

a median break of 2004, whereas the eastern cells had a median of 1976 and contained most of the 367 

suspect cells. The eastern margin was therefore treated cautiously, and no substantive conclusion 368 

depends on it. 369 

Table 1. Quality control and homogeneity of the 29 in-domain grid cells. 370 

Longitude band Cells Useful Doubtful Suspect Median break year PRCPTOT 

West (92.50 °E) 6 5 0 1 2004 

Central (92.75–93.00 °E) 19 11 8 0 1973 

East (93.25 °E) 4 0 1 3 1976 

Domain 29 16 9 4 1979 

Classification follows Wijngaard et al. (2003): useful = 0–1 of four homogeneity tests reject at the 1 371 

% level, doubtful = 2, suspect = 3–4. Nineteen of 29 cells carry an FDR-significant break (IQR of 372 

break year = 30 yr). 373 

Mean inter-cell correlation was 0.70, reducing the 29 nominal cells to an effective sample of 374 

approximately 1.9 for PRCPTOT and 2.9 for Rx1day (Eq. 12; Supplementary Table S1). This strong 375 

spatial redundancy was accounted for in the field-significance analysis. 376 



3.2 Monotonic trends, 1950–2025 377 

None of the ten indices showed a significant monotonic trend in the regional series under the primary 378 

Hamed–Rao correction (Table 2). The smallest p-value was for SDII (p = 0.184), and all FDR-379 

adjusted values were 0.940. SDII was significant under Yue–Wang (p = 0.023) and trend-free pre-380 

whitening (p = 0.003), with a Sen slope of −0.051 mm day⁻¹ yr⁻¹ (95% CI: −0.093 to −0.009). 381 

Because this result depends on the treatment of serial correlation, we do not regard the regional SDII 382 

trend as established. 383 

Table 2. Mann–Kendall trend statistics for the 29-cell area mean, 1950–2025. 384 

Index Z Sen slope (yr⁻¹) 95 % CI pHR pYW pTFPW qFDR 

PRCPTOT -0.076 -0.3344 -6.071 to 6.370 0.940 0.893 1.000 0.940 

Rx1day -0.458 -0.0767 -0.394 to 0.238 0.647 0.458 0.756 0.940 

Rx5day -0.807 -0.2321 -0.986 to 0.503 0.420 0.327 0.784 0.940 

R95p -0.996 -1.4874 -4.178 to 1.150 0.319 0.213 0.297 0.940 

R99p -0.382 -0.2571 -1.677 to 0.797 0.702 0.538 0.763 0.940 

SDII -1.327 -0.0513 -0.093 to -0.009 0.184 0.023 0.003 0.940 

R10mm -0.151 -0.0228 -0.189 to 0.165 0.880 0.759 0.927 0.940 

R20mm -0.253 -0.0228 -0.148 to 0.111 0.800 0.667 0.862 0.940 

CDD -0.076 -0.0057 -0.147 to 0.144 0.939 0.916 0.681 0.940 

CWD 0.836 0.0429 -0.034 to 0.133 0.404 0.169 0.280 0.940 

HR = Hamed–Rao, YW = Yue–Wang, TFPW = trend-free pre-whitening. qFDR applies Benjamini–385 

Hochberg to pHR across the ten indices. 386 

At the cell level, CWD showed the clearest spatial pattern, with trends surviving Benjamini–Hochberg 387 

control at q ≤ 0.10 in 20 of 29 cells; R10mm was significant in 2 cells, and PRCPTOT, R20mm and 388 

R95p in one each. The remaining indices, SDII among them, had no cell-level trend surviving FDR 389 

control (Supplementary Table S3); the larger counts in Table 5 are uncorrected local rejections and 390 

are not comparable with these. For R99p, the Theil–Sen slope was zero in all cells because the series 391 

contains many zero values; this reflects estimator behaviour rather than evidence of stationarity and is 392 

therefore not interpreted as a trend result. 393 

3.3 The 2006 intensity break and its calibration 394 

The Pettitt test identified a change in regional SDII in 2006 (p = 0.0011), with mean SDII declining 395 

from 19.5 mm day⁻¹ during 1950–2006 to 14.7 mm day⁻¹ during 2007–2025 (Figure 3). Before 396 

calibration, eight of the ten indices showed p < 0.05 in the epoch comparison, giving the appearance 397 

of widespread change (Table 3). 398 



This apparent significance was strongly inflated by the break-selection procedure. When the same 399 

detect-then-test analysis was applied to 2000 AR(1) surrogates containing no change point, SDII 400 

produced p < 0.05 in 83.1% of realisations under the primary null and 93.1% under the sensitivity 401 

null, corresponding to 17- and 19-fold inflation. At p < 0.001, rejection rates were 26.5% and 47.8%, 402 

respectively, or 265- and 478-fold inflation (Table 4).  403 

Table 4. Empirical rejection rate of the uncorrected detect-then-test procedure applied to change-404 

point-free AR(1) surrogates. 405 

Nominal α Null Empirical rejection rate Inflation 

0.05 Signal-adjusted 0.831 17× 

0.01 Signal-adjusted 0.552 55× 

0.001 Signal-adjusted 0.265 265× 

0.05 Raw-fit 0.931 19× 

0.01 Raw-fit 0.740 74× 

0.001 Raw-fit 0.478 478× 

Rates are for SDII, the index used to locate the break; 2000 surrogates. 406 

Conventional p-values evaluated at a searched break therefore overstate significance in this record by 407 

a wide margin. 408 

3.4 Epoch differences after correction 409 

After calibration, only two of the ten indices remained significant (Table 3). CWD increased by 410 

44.9%, from 22.3 to 32.3 days, with corrected p = 0.003 under the primary null and p = 0.008 under 411 

the sensitivity null. SDII declined by 24.7%, from 19.5 to 14.7 mm day⁻¹, but was significant only 412 

under the primary null (p = 0.037; sensitivity p = 0.128). We therefore treat the SDII decline as 413 

suggestive rather than established. Detailed cell-level epoch contrasts for the corrected split are 414 

provided in Supplementary Table S4. 415 

The remaining eight indices showed observed differences but did not survive calibration. R99p 416 

declined by 46.5%, R95p by 37.0%, Rx1day by 15.1% and PRCPTOT by 9.5%, but their corrected p-417 

values were ≥0.085. These changes are therefore reported descriptively rather than as evidence of 418 

significant shifts. 419 

Table 3. Epoch contrast between 1950–2006 (n = 57) and 2007–2025 (n = 19), before and after 420 

correction for the break search. 421 

Index Pre Post Δ (%) punc pcorr primary pcorr sensitivity Inference 

CWD 22.32 32.33 +44.9 0.001 0.003 0.008 Significant (both nulls) 

SDII 19.48 14.66 -24.7 <0.001 0.037 0.128 Significant (primary only) 



Index Pre Post Δ (%) punc pcorr primary pcorr sensitivity Inference 

R95p 564.91 355.82 -37.0 0.001 0.085 0.134 Descriptive 

CDD 54.08 59.61 +10.2 0.214 0.196 0.200 Descriptive 

R20mm 41.24 35.54 -13.8 0.025 0.243 0.270 Descriptive 

Rx1day 113.79 96.61 -15.1 0.043 0.264 0.299 Descriptive 

R10mm 75.11 71.58 -4.7 0.108 0.269 0.275 Descriptive 

R99p 181.73 97.27 -46.5 0.032 0.277 0.319 Descriptive 

PRCPTOT 2439.64 2207.24 -9.5 0.036 0.293 0.315 Descriptive 

Rx5day 251.19 221.23 -11.9 0.045 0.403 0.419 Descriptive 

Units: PRCPTOT, Rx1day, Rx5day, R95p, R99p in mm; SDII in mm day⁻¹; R10mm, R20mm, CDD, 422 

CWD in days. punc is the two-sided Wilcoxon rank-sum p-value. 423 

Restricting the analysis to the 16 homogeneous cells produced similar results: CWD increased by 424 

38.7% (p = 0.018) and SDII declined by 24.9% (p = 0.038; Supplementary Table S11). The 425 

corresponding field-significance results for the homogeneous subset are provided in Supplementary 426 

Table S10. 427 

3.5 Spatial coherence and the north–south contrast 428 

CWD was the only index with a spatially coherent signal (Table 5). Its 19 cells with a nominally 429 

significant trend exceeded the 95th percentile of the covariance-preserving null under all six null–430 

shrinkage combinations (pfield = 0.000–0.012). SDII had 12 such cells but was not field-significant 431 

under any combination (pfield = 0.068–0.146). The eight nominally significant R10mm cells likewise 432 

remained within the range expected from correlated noise. 433 

Table 5. Field significance of cell-level trends, evaluated across all six null × shrinkage combinations. 434 

Index Significant cells (of 29) pfield range Spatially coherent 

CWD 19 0.000 – 0.012 Yes 

SDII 12 0.068 – 0.146 No 

R10mm 8 0.096 – 0.202 No 

R95p 4 0.414 – 0.534 No 

PRCPTOT 3 0.446 – 0.744 No 

R20mm 1 0.620 – 0.968 No 

CDD 0 1.000 – 1.000 No 

R99p 0 1.000 – 1.000 No 

Rx1day 0 1.000 – 1.000 No 

Rx5day 0 1.000 – 1.000 No 

Nulls: signal-adjusted and raw-fit AR(1); covariance shrinkage 0, 0.2, 0.5. Counts are cells whose 435 

uncorrected Mann–Kendall trend reaches p ≤ 0.05; the local statistic carries no serial-correlation 436 



correction and no FDR control, because the surrogate null accounts for both (§2.7). They therefore 437 

differ from the FDR-controlled counts in §3.2 and Supplementary Table S3. 438 

The CWD pattern showed a clear north–south contrast (Figures 4 and 5; Supplementary Figures S1 439 

and S2). All 11 cells south of 23.00°N showed lengthening wet spells, with a median trend of +8.9% 440 

decade⁻¹, whereas only 5 of 18 cells north of 23.25°N were positive, with a median trend of −3.6% 441 

decade⁻¹. PRCPTOT showed no comparable spatial gradient, with median trends of −0.5% decade⁻¹ in 442 

the north and +0.1% decade⁻¹ in the south and only one FDR-significant cell. The spatial change 443 

therefore reflects a redistribution in rainfall persistence rather than a corresponding change in rainfall 444 

amount. 445 

3.6 Seasonal budget and monsoon delivery 446 

Annual rainfall declined by 232 mm (9.5%) between the two epochs (Table 6). The largest 447 

contribution came from the pre-monsoon season, which accounted for 62% of the decline (−144 mm; 448 

−25.2%), followed by the monsoon (−47 mm; −2.9%), post-monsoon (−22 mm; −9.9%) and winter 449 

(−19 mm; −45.5%). However, none of the seasonal contrasts remained significant after correction 450 

(pre-monsoon p = 0.058; winter p = 0.069; monsoon p = 0.629; post-monsoon p = 0.637). The annual 451 

decline should therefore be treated as descriptive rather than as evidence of a significant reduction in 452 

rainfall supply. 453 

Table 6. Seasonal decomposition of the change in annual total between epochs. 454 

Season Pre (mm) Post (mm) Δ (mm) Δ (%) Share of change (%) punc pcorr 

Pre-monsoon (MAM) 569.5 425.8 -143.7 -25.2 61.8 0.010 0.058 

Monsoon (JJAS) 1602.0 1554.8 -47.1 -2.9 20.3 0.230 0.629 

Post-monsoon (OND) 225.6 203.4 -22.2 -9.9 9.6 0.606 0.637 

Winter (JF) 42.5 23.2 -19.3 -45.5 8.3 0.049 0.069 

Annual 2439.6 2207.2 -232.4 -9.5 100.0 — — 

The seasonal decomposition is shown in Figure 6. The seasonal distribution changed modestly, with 455 

the monsoon contribution rising from 65.7% to 70.4% of annual rainfall and the pre-monsoon 456 

contribution falling from 23.3% to 19.3%. Cell-level seasonal trend statistics are provided in 457 

Supplementary Table S5. 458 

Within the monsoon season, rainfall amount changed little (−2.9%; calibrated p = 0.629). Wet-day 459 

frequency increased by 17.5%, CWD by 48.1%, and per-wet-day monsoon intensity declined by 460 

16.5%. These component changes are reported descriptively because corresponding search-calibrated 461 

probabilities were not separately estimated. Annual wet days also increased by 11.0% (p = 0.004). 462 

Thus, the monsoon is characterised by more frequent and persistent wet periods, with less rainfall per 463 

wet day despite little change in seasonal rainfall total. This pattern is consistent with the CWD result 464 



and provides the clearest evidence of a change in rainfall delivery rather than seasonal rainfall 465 

amount. 466 

3.7 Wet-season timing 467 

Wet-season onset, defined by the date at which 10% of annual rainfall had accumulated, became later 468 

by 2.04 days decade⁻¹ (p = 0.019; q = 0.067; Table 7; Figure 7). The interval between the 10% and 469 

90% accumulation dates shortened by 2.06 days decade⁻¹ (p = 0.034; q = 0.067). Both metrics showed 470 

Pettitt breaks in 2005 (p = 0.0067 and 0.0118, respectively). 471 

The 50% accumulation date showed a weaker later shift (+0.89 days decade⁻¹; p = 0.158), while the 472 

withdrawal date showed no trend (p = 0.737). The changes therefore indicate a later onset and shorter 473 

wet-season accumulation period, with no clear change in the termination date. 474 

Table 7. Wet-season timing. 475 

Metric Sen slope (d decade⁻¹) ptrend qFDR Pettitt break pPettitt Epoch shift (d)† 

doy₁₀ (onset) +2.04 0.019 0.067 2005 0.0067 +14.9 

doy₅₀ (centroid) +0.89 0.158 0.210 2006 0.0446 +10.2 

doy₉₀ (withdrawal) -0.18 0.737 0.737 1975 0.3867 +0.5 

Span (doy₁₀–doy₉₀) -2.06 0.034 0.067 2005 0.0118 -14.4 

† Descriptive; not tested. Trend and Pettitt p-values require no search correction. 476 

3.8 Extreme-value behaviour 477 

The full 29-cell domain was heterogeneous for regional frequency analysis (Table 8; Figure 8; 478 

Supplementary Table S12). Spatial clustering produced two sub-regions of 16 and 13 cells; the first 479 

was acceptably homogeneous and the second possibly heterogeneous, with no discordant sites. 480 

Among the candidate distributions, the generalized normal distribution was accepted, whereas the 481 

GEV, generalized logistic, Pearson type III and generalized Pareto distributions were rejected. The 482 

generalized normal and GEV growth curves differed by less than 3% up to the 100-year return period. 483 

Table 8. Regional frequency analysis of annual maximum daily rainfall. 484 

Quantity Whole domain Sub-region 1 (n = 16) Sub-region 2 (n = 13) 

Heterogeneity H₁ 6.03 (definitely 

heterogeneous) 

-0.37 (acceptably 

homogeneous) 

1.81 (possibly 

heterogeneous) 

GoF Z: GNO / GEV 1.05 / 2.75 — — 

Max discordancy D 2.98 (none discordant) — — 

50-yr return level, GNO 

(mm) 

— 195 (157–219) 292 (231–387) 



GEV is rejected at |Z| > 1.64; GNO accepted. Return levels are site medians with the across-site range 485 

in parentheses. 486 

The southern and south-western sub-region had the larger index flood and steeper growth curve, 487 

indicating greater extreme-rainfall magnitude and a heavier regional upper tail. Sub-region 488 

membership and site-level L-moment ratios are reported in Supplementary Table S15. Median 50-489 

year return levels were 195 mm (range 157–219 mm) and 292 mm (231–387 mm) for the two sub-490 

regions, respectively. 491 

For the regional annual maximum series, a stationary GEV provided an adequate fit (K–S D = 0.071, 492 

p = 0.816; Figure 9) and gave a 50-year return level of 220 mm (95% CI: 172–313 mm). Adding a 493 

linear trend in location did not improve the model (ΔAIC = +1.6 relative to the stationary model), 494 

while ocean-covariate models provided only weak AIC support and were not preferred by BIC 495 

(Supplementary Table S13). We therefore found no compelling evidence of non-stationarity in annual 496 

maximum daily rainfall over the study domain. 497 

3.9 Coherence with climate modes 498 

Neither ENSO nor the Indian Ocean Dipole showed area-wise significant coherence with the regional 499 

annual maximum rainfall series (Supplementary Table S14). For ENSO, 8.9% of the wavelet plane 500 

was pointwise significant, but the largest contiguous patch (112 units) was below the 95th-percentile 501 

null value of 196. For the dipole mode, only 1.0% was pointwise significant and the largest patch (20 502 

units) was also below its null threshold of 191. Thus, neither mode showed evidence of coherent 503 

association with annual maximum rainfall. 504 

3.10 Sensitivity analyses 505 

Wet-day threshold. The increase in wet-day frequency was concentrated at light rainfall: days 506 

receiving 0–1 mm increased by 0.87 days decade⁻¹ (p = 0.007), a rise of 25.9 % between epochs (p < 507 

0.001; Supplementary Table S7). Increasing the wet-day threshold from 1 to 2.5 and 5 mm reduced 508 

the epoch change in wet-day count from +11.0% to +7.9% and +3.8%, neither of which was 509 

significant (p = 0.164 and p = 0.914; Supplementary Table S6). In contrast, the CWD increase 510 

declined from +44.9% to +30.1% and +27.5% but remained significant at all thresholds (p = 0.001, 511 

0.016 and 0.007), while the SDII decline persisted (−24.7%, −21.6% and −18.1%; all p < 0.001). 512 

The concentration of the wet-day signal at low rainfall amounts raises the possibility of changes 513 

related to gauge density or interpolation. However, CWD remained evident at higher thresholds and 514 

was preserved in the homogeneous-cell subset. We therefore place greater weight on the CWD signal 515 

than on the increase in wet-day frequency itself. 516 



Record length. Truncating the record at 2019 removed the nominal significance of the PRCPTOT, 517 

R99p, R10mm and R20mm epoch differences, while CWD (+56.7%), SDII (−19.4%) and R95p 518 

(−27.0%) remained nominally significant (Supplementary Table S8). Several descriptive epoch 519 

differences therefore depend partly on the final six years of the record. 520 

Intensity–persistence relationship. A partial correlation between SDII and CWD, controlling only 521 

for annual rainfall, was negative (r = −0.553, p < 0.001), but this relationship is induced by the 522 

definition of SDII as annual rainfall divided by wet-day count. After controlling for both annual 523 

rainfall and wet-day count, the correlation between the 95th percentile of wet-day rainfall and CWD 524 

was weak and non-significant (r = −0.125, 95% CI: −0.341 to 0.103; p = 0.281; Supplementary Table 525 

S9). Thus, the data do not support an independent physical trade-off between rainfall intensity and 526 

wet-spell persistence. 527 

3.11 Supplementary material 528 

Supplementary Information provides detailed cell-level statistics, sensitivity analyses, field-529 

significance assessments, regional frequency-analysis diagnostics, climate-mode coherence results, 530 

and independent validation of the surrogate calibration. Supplementary Figures S1 and S2 provide the 531 

alternative IPCC AR6-style representations of Figures 4 and 5. Data S1 provides the reconciled results 532 

workbook and analysis code. 533 

4. Discussion 534 

4.1 The cost of testing at a searched break 535 

The central methodological result is that conventional inference becomes severely miscalibrated when 536 

a change point is selected from the same record and then tested as if it were fixed in advance. In our 537 

surrogate experiments, the nominal 5% test rejected in 83–93% of change-point-free series, while the 538 

nominal 0.1% test rejected in 27–48%. Thus, the eight apparently significant epoch contrasts obtained 539 

from the uncorrected analysis cannot be interpreted as independent findings. 540 

The magnitude of this inflation depends on record length, temporal persistence and the dependence 541 

between the index used to locate the break and those subsequently tested. The important point is 542 

therefore not the exact inflation factor for Mizoram, but that the composite detect-then-test procedure 543 

must be calibrated for the specific record and covariance structure being analysed. This also explains 544 

why the two null models matter: SDII is significant under the primary null but not under the more 545 

conservative sensitivity null. 546 

Our results support a practical recommendation for regional rainfall studies using searched change 547 

points: calibrate the complete detection-and-testing procedure rather than applying a conventional test 548 



only after selecting the break. This provides a direct estimate of how often the analytical pipeline 549 

would produce apparently significant results when no change point is present. 550 

4.2 Longer wet spells and where they occur 551 

The most robust physical result is the increase in consecutive wet days. CWD increased by 44.9% 552 

across the 2006 break, remained significant under both null models, and was the only index with field 553 

significance across all six null–shrinkage combinations. The spatial pattern was equally clear: all 11 554 

cells south of 23.00°N showed lengthening wet spells, whereas only 5 of 18 northern cells were 555 

positive. No comparable pattern occurred in rainfall amount. 556 

The result is broadly consistent with recent regional evidence of longer precipitation spells. Sharma et 557 

al. (2025) reported increased precipitation duration during July–October across several Indian sub-558 

regions, while Kolekar et al. (2025) found increases in high-duration rain spells over northeast India. 559 

These studies do not establish a common mechanism, but their agreement in the direction of change 560 

supports the interpretation that the CWD signal warrants further physical investigation. 561 

The seasonal analysis provides an internally consistent picture. Monsoon rainfall totals changed little, 562 

while wet-day frequency and CWD increased and per-wet-day intensity declined. The evidence 563 

therefore points to a change in the temporal distribution of monsoon rainfall rather than a clear change 564 

in seasonal rainfall amount. Because similar patterns appear in both trend and epoch analyses, this 565 

interpretation does not depend entirely on the 2006 change point. 566 

4.3 The intensity decline and conflicting evidence 567 

The 24.7% decline in SDII is suggestive but not robust. It is significant under the primary null (p = 568 

0.037) but not the sensitivity null (p = 0.128), lacks field significance, and is sensitive to the treatment 569 

of serial correlation. We therefore do not interpret it as an established regional trend. 570 

This result also differs from recent evidence for increasing rainfall intensity over northeast India. 571 

Kolekar et al. (2025) reported increasing maximum spell intensity over 1901–2023, although their 572 

longer record and different comparison periods make the results not directly comparable. 573 

Lawmchullova et al. (2026) found increasing rainfall totals across stations in the Tlawng watershed 574 

during 1984–2023, together with declining pre-monsoon rainfall. That study differs in data source, 575 

spatial scale and metric, but its pre-monsoon result is consistent with our seasonal decomposition. 576 

Other recent studies have reported declining extreme rainfall or no significant change across the 577 

northeast (Singh et al., 2025; Das et al., 2024), while Dhara et al. (2025) and Borah et al. (2026) 578 

identify declines in mean rainfall and changes in moisture transport. The regional evidence therefore 579 



remains mixed, and our SDII result should be viewed as one contribution rather than a resolution of 580 

that disagreement. 581 

4.4 What the data can and cannot support 582 

Three limitations constrain the interpretation of the results. 583 

First, the gauge network and gridded interpolation may influence the light-rainfall signal. The increase 584 

in wet days is concentrated below 1 mm, and the longitudinal distribution of cell-level break years 585 

also raises the possibility of network effects. This is not a remote concern: the IMD gauge network 586 

exceeded 3,750 stations during 1991–2016 but fell below 3,000 after 2016, and station density is 587 

markedly lower in the northeast than in peninsular India (Peringiyil et al., 2025). However, the CWD 588 

increase persists when the wet-day threshold is raised to 2.5 and 5 mm and remains present in the 589 

homogeneous-cell subset. We therefore place greater confidence in the CWD result than in the 590 

increase in wet-day frequency. 591 

Second, the rainfall product itself is a source of uncertainty. IMD gridded rainfall can underestimate 592 

precipitation in mountainous and wet regions, and different gridded products can produce different 593 

trends in rainfall extremes (Goteti & Famiglietti, 2024; Paul et al., 2024). The physical interpretation 594 

of any single-product signal should therefore remain cautious. Multi-product analysis, particularly 595 

with station observations where available, would provide an important test of robustness. 596 

Third, strong spatial correlation limits the effective sample size. With a mean inter-cell correlation of 597 

0.70, the 29 nominal cells correspond to only about 1.9 independent series for PRCPTOT and 2.9 for 598 

Rx1day. The absence of a significant trend in annual maximum rainfall should therefore be 599 

interpreted as a result about detectability at this spatial scale, not as evidence that extremes are 600 

necessarily stationary, and it does not contradict the globally averaged intensification of annual 601 

maximum daily precipitation reported by Westra et al. (2013). 602 

4.5 Implications for regional rainfall analysis 603 

The methodological result is more general than the physical findings from Mizoram. Regional rainfall 604 

records are often short, serially correlated and spatially redundant, making change-point selection 605 

followed by conventional testing particularly vulnerable to false positives. 606 

Three practices follow from our analysis. First, the complete detect-then-test procedure should be 607 

calibrated against a null model that preserves the temporal persistence and spatial covariance of the 608 

observed field. Second, spatial coherence should be evaluated against a covariance-preserving field 609 

null rather than inferred from the number of significant cells alone. Third, studies should report the 610 

effective spatial degrees of freedom alongside the nominal number of grid cells. 611 



These steps are relatively simple to implement but materially change the interpretation of regional 612 

rainfall signals. In the present case, calibration reduced an apparently widespread set of rainfall 613 

changes to one robust change in wet-spell persistence, a less certain decline in intensity, and a 614 

redistribution in the temporal delivery of monsoon rainfall. The resulting claim is narrower, but better 615 

supported by the data. 616 

4.6 Limitations 617 

The calibration addresses change-point selection and dependence, but not errors in the underlying 618 

rainfall product. A change associated with the observing or interpolation system could therefore 619 

survive a surrogate test that treats the observed series as climatic. The post-break period is also 620 

relatively short (19 years), and some descriptive differences depend on the final six years of the 621 

record. 622 

The AR(1) surrogate model may underestimate persistence if the rainfall series has longer memory, 623 

which could make corrected p-values somewhat anti-conservative. The raw-fit sensitivity null 624 

provides a more conservative check, but higher-order dependence structures were not tested. 625 

Finally, we have not established a physical mechanism for the CWD increase. Moisture-flux 626 

divergence provides a plausible avenue for further investigation, but a formal moisture-budget 627 

analysis would be required to establish attribution. 628 

5. Conclusions 629 

Using 29 grid cells across Mizoram for 1950–2025, we show that change-point detection followed by 630 

conventional epoch testing can substantially overstate evidence for rainfall change. When the 631 

complete detect-then-test procedure was calibrated against change-point-free surrogates preserving 632 

temporal persistence and spatial covariance, most apparently significant epoch contrasts disappeared. 633 

The most robust rainfall signal is the increase in consecutive wet days. CWD increased by 44.9% 634 

across the 2006 break and was the only index with field-significant spatial coherence under all null–635 

shrinkage combinations. The increase was concentrated in the southern part of Mizoram and occurred 636 

without a corresponding spatial change in rainfall amount. 637 

The monsoon rainfall total remained statistically unchanged, but wet-day frequency and wet-spell 638 

duration increased while rainfall intensity declined. This indicates a shift in the temporal distribution 639 

of monsoon rainfall rather than a clear change in seasonal rainfall supply. The SDII decline itself 640 

remains uncertain because its significance depends on the treatment of serial correlation and it lacks 641 

field significance. 642 



The main implication is methodological: regional rainfall studies that search for change points should 643 

calibrate the full detection-and-testing procedure and account explicitly for spatial dependence. For 644 

Mizoram, the resulting evidence supports a narrower but more defensible conclusion—longer wet 645 

spells and altered monsoon rainfall delivery, with no robust evidence from this dataset for a change in 646 

annual maximum rainfall. 647 

Figures 648 

 649 

Figure 1. (a) Districts of Mizoram. (b) The 29-cell 0.25° analysis grid, shaded by homogeneity class 650 

after Wijngaard et al. (2003). Cells are drawn at full extent to show which cells enter the analysis; cell 651 

centres all fall inside the state boundary. 652 



 653 

Figure 2. (a) Pettitt break year in annual total, by cell; “+” marks cells whose break survives 654 

Benjamini–Hochberg control at q ≤ 0.10. (b) Distribution of cell-level break years. 655 

 656 



Figure 3. Regional (29-cell mean) series for annual total, monsoon wet days, CWD and SDII. Red 657 

line is a LOESS smoother with bootstrap band; dotted lines are epoch means; dashed vertical line 658 

marks the 2006 break, which belongs to the earlier epoch. Corrected p-values are annotated. 659 

 660 

Figure 4. Theil–Sen trend, 1950–2025, by cell, as % decade⁻¹. Cells are clipped to the state boundary; 661 

thin lines are district boundaries. “+” marks cells surviving Benjamini–Hochberg control at q ≤ 0.10, 662 

following the recommendation of Wilks (2016) that field maps mark FDR survivors rather than raw 663 

per-cell significance. Colour scales are symmetric about zero and capped at the 95th percentile of 664 

|value|; arrows on the colour bar denote clipped cells. R99p is omitted because its per-cell Sen slope is 665 

exactly zero at all 29 cells (§3.2). 666 



 667 

Figure 5. Epoch change, 1950–2006 → 2007–2025, by cell, as % change. Conventions as in Figure 4. 668 



 669 

Figure 6. (a) Area-averaged seasonal totals by epoch. (b) Contribution of each season to the −232 mm 670 

change, annotated with search-corrected p-values; no season reaches p < 0.05. (c) Monsoon-season 671 

components. 672 

 673 

Figure 7. Wet-season timing metrics with LOESS smoother and bootstrap band. 674 



 675 

Figure 8. (a) Extreme-value sub-regions from L-moment clustering. (b) Site L-moment ratios 676 

underlying the split. 677 

 678 

 679 



Figure 9. (a) Regional growth curves by sub-region, GNO and GEV. (b) Quantile–quantile plot for 680 

the stationary GEV fit. (c) 50-year return level with 95 % parametric bootstrap interval. 681 
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