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Abstract 45 

Australia’s Murray-Darling Basin experienced three consecutive years of meteorological drought across 46 

2017–2019, collectively named the ‘Tinderbox Drought’. Rainfall deficits during the three-year drought 47 

were most pronounced in the Australian cool season (April to September). Deficits in both the cool 48 

season and annual total rainfall were unprecedented in the instrumental record. However, the 49 

instrumental record provides just one of a range of equally plausible climate trajectories that could have 50 

occurred during this period. To determine if the Tinderbox Drought was outside this range, we used 51 

observational data from prior to the onset of the drought to construct Linear Inverse Models (LIMs) that 52 

emulate the stationary statistics of Australian rainfall and its connection to global sea surface temperature 53 

(SST) anomalies. Overall, we find that rainfall deficits were most unusual in the northern Murray-Darling 54 

Basin, and during the final year of the drought. The global SST anomalies observed during the first two 55 

years of the Tinderbox Drought, particularly the cool anomalies in the central tropical Pacific and western 56 

Indian Ocean, are not typically associated with low rainfall across the Murray-Darling Basin. In terms of 57 

single-year rainfall anomalies, the only aspect of the Tinderbox Drought that was beyond the range of the 58 

LIMs was annual-total rainfall over the northern Murray-Darling Basin during 2019. This coincided with 59 

an extreme positive Indian Ocean Dipole event that was also beyond the range of the LIMs. When 60 

considered in terms of basin-wide rainfall over the full three years, rainfall deficits during the Tinderbox 61 

Drought were beyond the LIM range in terms of both cool-season and annual-total rainfall. This suggests 62 

an anthropogenic contribution to the severity of the drought—likely exacerbated by the 2019 extreme 63 

positive Indian Ocean Dipole event.  64 

 65 

 66 
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1 Introduction 67 

Australia’s 2017–2019 ‘Tinderbox’ Drought was unprecedented in the historical record. The drought was 68 

focussed over the Murray-Darling Basin (MDB) in southeast Australia (Fig. 1), and was characterized by 69 

an overall ~50% deficit in cool season (April to September) rainfall (Devanand et al., 2024), spanning the 70 

D'harawal seasons of Marrai'gang, Burrugin, and Wiritjiribin. The traditional lands of the First Nations 71 

D'harawal people span part of the south-eastern MDB, and the D'harawal people retain a deep 72 

understanding of the local climatology, developed over tens of thousands of years. Recognising this in 73 

turn provides deeper insights into how and where the Australian climate is changing (Lansbury et al., 74 

2023). 75 

 76 

 The MDB is the largest agricultural region in Australia, and the Murray-Darling river system provides 77 

drinking water to many eastern Australian cities and towns. The sustained lack of rainfall during the 78 

Tinderbox Drought caused declines in evapotranspiration, streamflow and water storage (Devanand et al., 79 

2024). The severity of the drought was further worsened by high air temperatures and high vapor 80 

pressure deficit (Devanand et al., 2024), ultimately setting the conditions for the 2019/2020 ‘Black 81 

Summer’ fires and causing an estimated total national welfare loss of AU$63 billion (Wittwer and 82 

Waschik, 2021). Declines in river flow also had severe implications for the natural environment, for 83 

example mass fish death events across the MDB in 2018 and 2019 (Vertessy et al., 2019), including 84 

Guddhu (Murray cod) and Dhagaay (Murray perch)—both of which have important cultural value to First 85 

Nations people in the MDB.  86 

 87 

MDB rainfall is expected to decline on average—and particularly during the cool season—due to human-88 

caused climate change (Grose et al., 2020). Consistent with this, cool-season rainfall in south-eastern 89 

Australia has declined over past decades (BoM, 2022; McKay et al., 2023). Accordingly, First Nations 90 

people have observed changing river flow regimes, declining water quality, and changes in seasonality—91 

with flow-on consequences for MDB biodiversity (Lansbury et al., 2023). However this rainfall decline is 92 

not yet unambiguously attributable to climate change (McKay et al., 2023). This lack of an attributable 93 

change is likely due to the MDB’s high rainfall variability, which in turn is affected by a complicated 94 

network of local and remote drivers (McKay et al., 2023). These include large-scale modes of climate 95 

variability such as the El Niño Southern Oscillation (ENSO) and the Indian Ocean Dipole (IOD), as well 96 

as sea surface temperature (SST) anomalies in the tropical oceans north of Australia (Devanand et al., 97 
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2024; Nicholls, 2010; van Rensch et al., 2015). Despite the significant long-term association of historical 98 

MDB rainfall anomalies with ENSO variability, ENSO is unlikely to have been a major driver of rainfall 99 

deficits during the Tinderbox Drought (Devanand et al., 2024). Instead, cool SSTs in the eastern Indian 100 

Ocean (indicating positive IOD conditions) likely contributed to the deficits, especially during the final 101 

year of the drought that coincided with the strongest positive IOD event on record (Devanand et al., 102 

2024).  103 

 104 

Impacts of the Tinderbox Drought were particularly costly because a drought of equal or greater severity 105 

had not been experienced in the MDB since European water use and management began in Australia—106 

despite that the MDB experienced longer but less severe historical droughts, such as the 1997–2009 107 

Millennium Drought. Short, severe droughts pose different water management challenges to longer, less 108 

severe droughts (e.g., Stewart et al., 2020), such that historical experience was insufficient for both 109 

agricultural and water resource management agencies and community support networks to adequately 110 

anticipate and prepare for the Tinderbox Drought. To inform effective preparation for future droughts, it 111 

is important to quantify the full possible natural range of variability in MDB rainfall. We can then 112 

determine whether the Tinderbox Drought fell within the range of rainfall deficits that are possible from 113 

natural climate variability alone, or if human-caused climate change must have played a role in the 114 

drought’s occurrence and/or severity. 115 

 116 

The ~120 year instrumental record of Australian rainfall represents just one of a range of equally 117 

plausible climate histories that could have occurred during this period. Hence, the instrumental record is 118 

unlikely to have captured the full range of hydrological extremes that are possible from natural variability 119 

alone, particularly for multi-year events. That is, our available observations are an incomplete sampling 120 

of Australian rainfall variability (Falster et al., 2024) and thus it is impossible to determine whether the 121 

Tinderbox Drought was outside the expected range of variability using observations alone.  122 

 123 

More complete records of Australian rainfall variability are available from climate model simulations of 124 

the pre-industrial past millennium (Falster et al., 2024), long unforced 'control' runs (Falster et al., 2024), 125 

and initial condition large ensembles (Mankin et al., 2020; Wood et al., 2021). The much greater number 126 

of years available in these simulations allows a long enough time for the most extreme hydrological 127 

conditions that are possible within these simulation frameworks to be characterized, and for small 128 
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anthropogenic trends to be identified within the large natural variability of Australian rainfall. For 129 

example, comparison of the rainfall anomalies during the Tinderbox Drought with Australian rainfall 130 

simulated by Coupled Model Intercomparison Project (CMIP6) models suggest an ~18.4% anthropogenic 131 

contribution to observed cool-season rainfall deficits during the Tinderbox Drought (Devanand et al., 132 

2024).  133 

 134 

However, CMIP-class climate models have known biases and substantial intermodel spread in Australian 135 

rainfall (Grose et al., 2020; King et al., 2015) such that these climate model-based estimates must be 136 

tested with other data types. Natural archives of past rainfall variability such as tree rings, stalagmites, 137 

corals, ice cores and lake sediments—referred to as 'paleoclimate' records—are one such source, acting as 138 

proxies for direct observations. Paleoclimate data can potentially extend the length of the instrumental 139 

record by hundreds of years, sampling more of the full possible range of natural rainfall variability. 140 

Annually-resolved paleoclimate records with a strong mechanistic link to MDB rainfall can provide a 141 

valid comparison with rainfall during the three-year Tinderbox Drought, however such paleoclimate 142 

records are sparsely distributed in Australia. Instead, our present understanding of long-term rainfall 143 

variability in the MDB is based almost entirely on paleoclimate records from outside the MDB (Cook et 144 

al., 2016; Freund et al., 2017; Ho et al., 2015; Palmer et al., 2023; Vance et al., 2015). These remote 145 

records often have low correlations with MDB rainfall and require assumptions of stationary climate 146 

teleconnections over long periods of time, resulting in uncertainty in paleoclimate proxy-derived 147 

estimates of long-term rainfall variability and extremes in the MDB. 148 

 149 

Here we use an alternate method to quantify the degree to which the Tinderbox Drought was unusual. We 150 

use instrumental observations of Australian rainfall and global SSTs to construct Linear Inverse Models 151 

(LIMs) that emulate the stationary statistics of Australian rainfall and its association with regional -to-152 

large scale climate variability. By running the LIMs forced with noise we can produce long-term (many 153 

thousands of years) surrogate records of Australian rainfall variability. LIMs have been applied in other 154 

regions of the world to characterize the likelihood and causes of multi-year droughts, for example 155 

demonstrating that severe megadroughts known to have occurred in the western USA during the last 156 

millennium are also possible in today’s climate (Ault et al., 2018). Here, we apply the LIM approach to 157 

Australian multi-year droughts, and use this tool to answer the following question: Although MDB 158 

rainfall deficits during the Tinderbox Drought were unprecedented, was the intensity of this event 159 

foreseeable based on the characteristics and major drivers of Australian rainfall over the preceding 160 

century? We additionally seek to determine (a) the global surface ocean conditions most reliably 161 
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associated with dry conditions in the MDB; and (b) whether the global surface ocean conditions during 162 

the Tinderbox Drought reliably bring dry conditions to the MDB and hence whether some characteristics 163 

of the drought were potentially predictable. 164 

  165 

2 Methods 166 

2.1 Linear Inverse Modeling 167 

LIMs are a simple and computationally efficient method by which to emulate the observed stationary 168 

spatiotemporal statistics of a dynamical system (Penland and Matrosova, 1994). LIMs have been used 169 

extensively to understand observed climate variability, particularly its predictability (e.g., (Newman et 170 

al., 2016) for the Pacific Decadal Oscillation), and to produce seasonal and longer timescale forecasts 171 

(e.g., (Penland and Sardeshmukh, 1995) for ENSO). The predominant focus of LIMs in a climate context 172 

has been ENSO, with the associated LIMs trained on observed SSTs, and other fields like sea surface 173 

height and zonal surface winds that are critical for representing the state of the coupled atmosphere-ocean 174 

system in the tropical Pacific. Recently, however, LIMs have been constructed to also simulate climate 175 

fields that are driven by spatiotemporal variability in SSTs. In Ault et al. (2018), for instance, LIMs were 176 

used to produce a null hypothesis for the likelihood of persistent and severe droughts in southwestern 177 

North America. We closely follow this approach but instead focus on rainfall over Australia and its 178 

connection to the broader climate system (via SST anomalies). 179 

  180 

2.2 Data 181 

Monthly Australian rainfall data are from the Australian Gridded Climate Dataset v2 (AGCD), which is 182 

available at 0.05° latitude by 0.05° longitude resolution from 1900 to present (Evans et al., 2020). Across 183 

this time period, ~60-65 % of the MDB contains one or more physical rainfall monitoring stations per 184 

0.25°; this fraction does not meaningfully change throughout our analysis period (Evans et al., 2020). 185 

Monthly sea surface temperature (SST) data are from two sources. SST data from ‘Centennial in situ 186 

Observation-Based Estimates of the Variability of SST and Marine Meteorological Variables version 2’ 187 

(COBE) are available at 1° latitude by 1° longitude resolution from 1891 to 2020 (Hirahara et al., 2014; 188 

Ishii et al., 2005). SST data from the US National Oceanic and Atmospheric Administration 'Extended 189 

Reconstruction SST version 5’ (ERSST) are available at 2° latitude by 2° longitude resolution from 1854 190 

to 2023 (Huang et al., 2017).  191 

 192 
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2.2.1 Data processing 193 

To construct LIMs describing Australian rainfall variability and the associated SST anomalies, we used 194 

117 years of monthly gridded observational data (1900–2016). This is the full interval of overlap between 195 

the three datasets, excluding information from the 2017–2019 Tinderbox Drought. COBE and ERSST 196 

were regridded to a common 2.5° latitude by 2.5° longitude grid using bilinear interpolation and AGCD 197 

was regridded to 0.5° latitude by 0.5° longitude. In all cases the regridding decreases the nominal spatial 198 

resolution and helps to address computational and storage constraints. The data were then linearly 199 

detrended to minimize any influence of anthropogenic forcing, which is the only likely source of secular 200 

trends over the 1900-2016 interval. Further data processing specific to the LIM construction is described 201 

below in Section 2.3. 202 

 203 

2.3 LIM construction 204 

Our approach closely follows that of Ault et al. (2018) (see also Coats et al. (2020)). Here we focus on 205 

where the approaches differ. To quantify rainfall variability we use the AGCD. We excluded rainfall data 206 

from northern Australia, due to the highly non-linear nature of the monsoonal rainfall in this region (Fig. 207 

1). To do this, we masked out the ‘monsoonal north’ and ‘wet tropics’ Australian natural resource 208 

management clusters, which in turn are based on logical areal groupings of long-term climatic conditions 209 

and biophysical factors (CSIRO and Bureau of Meteorology, 2015). We use both COBE and ERSST for 210 

the SST training data to test the sensitivity of our results to observational uncertainties. In both cases, we 211 

restricted the data to 55°S to 55°N, to minimize the influence of uncertainties in seasonal sea ice 212 

development on the SST field used for the LIMs (Huang et al., 2017). We subsequently refer to this 213 

dataset as ‘global SST’.  214 

 215 

LIMs are linear by construction and the training data is typically smoothed to remove weather, seasonal 216 

cycles, and other nonlinear variability. Following precedent (Ault et al., 2018; Coats et al., 2020), after 217 

removing the seasonal cycle over the full data period we then applied a three-month running mean. The 218 

3-month running mean is also consistent with smoothing that is applied to Australian rainfall data in 219 

constructing drought metrics such as the Standardized Precipitation Index (e.g. Devanand et al., 2024). 220 

 221 

LIMs are typically trained on a truncated space relative to the full data, utilizing a limited set of the 222 

expansion coefficients from an empirical orthogonal function (EOF) analysis. We retained the first 15 223 

EOFs for SST (70% and 63% variance explained for COBE and ERSST, respectively) and the first 30 224 

EOFs for rainfall (93% variance explained). As in Ault et al. (2018), the rainfall portion of the state 225 
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vector was down-weighted by three orders of magnitude such that SSTs can impact rainfall in the LIMs 226 

but rainfall cannot impact SSTs. This down-weighting assumes that SST variability can drive Australian 227 

rainfall variability but not the other way around. All additional choices used to construct the LIMs are 228 

consistent with those in Ault et al. (2018); further details for producing and integrating the LIMs can be 229 

found therein.  230 

 231 

We integrated each LIM (one each using COBE and ERSST training data) for 5000 years to produce 232 

covarying spatiotemporal trajectories of rainfall and SST that are consistent with the stationary linear 233 

lagged covariance statistics of the training datasets.  234 

 235 

2.3.1 LIMs trained on SST variability in specific regions 236 

To test the sensitivity of our results to SST variability in regions known to affect MDB rainfall, we 237 

additionally constructed LIMs trained on Australian rainfall data and SSTs in (a) only the tropical Pacific 238 

Ocean, or (b) only the Indian Ocean. The ‘tropical Pacific Ocean’ is defined as the Pacific Ocean from 239 

20°S to 20°N. The Indian Ocean is defined as the Indian Ocean basin north of 55°S. Ocean boundaries 240 

are from the World Ocean Atlas (Garcia et al., 2019). We similarly retained the first 15 EOFs for SST 241 

(tropical Pacific Ocean: 95% and 96% variance explained for COBE and ERSST, respectively; Indian 242 

Ocean: 86% and 93% variance explained for COBE and ERSST, respectively). 243 

 244 

2.4 Metrics of LIM performance 245 

To test the skill of the LIMs in replicating the observed spatiotemporal statistics of the dynamical 246 

rainfall-SST system, we calculated the first two EOFs of the observed 1900–2016 global SST fields, 247 

processed as per Sections 2.2.1 and 2.3. We then calculated the correlations of the first two principal 248 

components of SST (PC1 and PC2) with Australian rainfall observations, similarly processed as per 249 

Sections 2.2.1 and 2.3. We repeated these steps using the LIM results, and calculated spatial correlations 250 

between each pair of grids (e.g., SST EOF1 in observations versus LIMs, using COBE as the SST 251 

training data). To calculate the spatial correlations for the pairs of two-dimensional grids, we flattened 252 

each grid, producing two directly comparable vectors, with each index position of each vector 253 

representing the values at a particular latitude-longitude pair.  254 

 255 

We performed this analysis for all three sets of LIMs; that is, LIMs calculated using (a) global SSTs, (b) 256 

SSTs in the tropical Pacific Ocean, and (c) SSTs in the Indian Ocean. These comparisons provide 257 
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estimates of how well the LIMs capture the dominant modes of variability in broad-scale SST variability 258 

and its connection to Australian rainfall. 259 

 260 

2.5 Observational data treatment for comparison, encompassing the Tinderbox Drought 261 

To directly compare rainfall anomalies during the drought with outputs of the LIMs, we applied all data 262 

processing steps (regridding, detrending and smoothing) described in Sections 2.2.1 and 2.3 to the same 263 

observational datasets, but extending to the end of 2019—thereby encompassing the drought. This 264 

enabled the observed drought and SST conditions during 2017–2019 to be directly compared to the LIMs 265 

results trained on the 1900–2016 datasets. Detrending by subtracting the 1900–2019 rather than 1900-266 

2017 trend did not affect the results. 267 

 268 

2.6 Quantifying MDB rainfall seasonality 269 

The MDB spans different rainfall regimes, with a distinct north-south gradient in rainfall seasonality (Fig. 270 

1). We quantified rainfall seasonality by subtracting the average percentage of annual rainfall that falls in 271 

the austral winter (JJA) from the average percentage of annual rainfall that falls in the austral summer 272 

(DJF). We calculated this metric for each grid cell in the AGCD, and used the results to divide the MDB 273 

into areas with summer-dominated rainfall (positive values) or winter-dominated rainfall (negative 274 

values). 275 

 276 

2.7 Comparing observed and modelled anomalies 277 

We calculated area-mean timeseries for rainfall over (a) the entire MDB, (b) the northern MDB, and (c) 278 

the southern MDB. The northern and southern MDB regions were defined based on their rainfall 279 

seasonality, as described in Section 2.6. To give equal area weighting when calculating area-mean 280 

rainfall, the gridded data were weighted by the square root of the cosine of latitude. We calculated the 281 

MDB area-mean rainfall timeseries for observations, as well as results from all LIMs. 282 

 283 

We compared observed MDB rainfall anomalies during the 2017–2019 Tinderbox Drought with the 284 

distributions provided by the LIMs constructed using global SSTs. We did this for each individual 285 

drought year (2017, 2018, 2019), the two two-year sequences (2017–18, 2018–19), and the full three-year 286 

drought (2017–2019). We assessed both annual-total and austral cool-season (April to September) 287 

rainfall anomalies, because rainfall deficits during the drought were most anomalous in the cool season 288 

(Devanand et al., 2024). We also separately assessed anomalies over the sections of the MDB with 289 

summer-dominated rainfall (the northern MDB) versus winter-dominated rainfall (the southern MDB) 290 
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(Fig. 1). In the results, we show whether observed rainfall anomalies during the Tinderbox Drought years 291 

were (a) exceeded in the 1900–2016 instrumental record; (b) unprecedented in the instrumental record 292 

but expected from the LIMs; or (c) unprecedented in the instrumental record and outside the range of the 293 

LIMs (suggesting an anthropogenic contribution or variability not sampled by the LIM). 294 

 295 

2.7.1 Testing sensitivity of results to SST variability in particular regions 296 

We repeated all analyses described in Section 2.7, but using distributions provided by the LIMs 297 

constructed using Australian rainfall and SSTs from only the tropical Pacific Ocean or only the Indian 298 

Ocean (as defined in Section 2.3.1).  299 

 300 

2.8 SST anomalies during the driest years in the MDB 301 

To identify SST anomaly patterns characteristically associated with dry conditions in the MDB, we 302 

identified—in the two 5000-year-long global ocean LIM outputs—the driest 5th percentile of years each 303 

in the MDB, the northern MDB and the southern MDB. That is, the 250 years with the most negative 304 

rainfall anomalies. We composited the annual mean SST and annual total Australian rainfall anomalies 305 

during those 250 years, and use stippling to show grid cells where >80% of the 250 years have an 306 

anomaly of the same sign (a positive SST/rainfall anomaly or a negative SST/rainfall anomaly). High 307 

agreement between the years suggests that this is likely to be an SST anomaly that promotes dry 308 

conditions in the MDB.  309 

 310 

We also repeated this analysis using timeseries with a three-year running mean applied. This allowed us 311 

to identify the driest three-year periods in the MDB in each LIM output (that is, intervals of equal length 312 

to the Tinderbox Drought).  313 

 314 

2.8.1 Relationship between dry years in the MDB and expected remote drivers of MDB rainfall 315 

variability 316 

ENSO (Gillett et al., 2023; McBride and Nicholls, 1983; e.g. Risbey et al., 2009), the IOD (Ashok et al., 317 

2003; McKay et al., 2023; e.g. Risbey et al., 2009), and SSTs in the ocean north of Australia (Nicholls, 318 

2010; van Rensch et al., 2015) are all known remote drivers of MDB rainfall variability. We used the 319 

LIMs to assess long-term variability in how interactions between these drivers are related to dry years in 320 

the MDB, including during the Tinderbox Drought. We quantified ENSO using SST anomalies in the 321 

Niño 3.4 area (5°S to 5°N, 190°E to 240°E). We quantified IOD anomalies using the Dipole Mode Index 322 

(DMI), which is the gradient between the western (10°S to 10°N, 50°E to 70°E) and south-eastern (10°S 323 
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to 0°, 90°E to 110°E) Indian Ocean SSTs. Following Nicholls (2010) and van Rensch et al. (2015), we 324 

also calculated area-mean SST anomalies in a box to the north of Australia (15°S to 0°, 110°E to 150°E).  325 

 326 

For the 5000-year-long global ocean LIMs, we calculated annual mean values for each index. We show 327 

the full range of Niño 3.4, DMI, and northern Australian SST values, and highlight the values associated 328 

with the lowest fifth percentile of annual-total and cool-season rainfall (following Anderson et al., 2023). 329 

We compare these distributions with the Niño 3.4, DMI, and northern Australian SST values observed 330 

during each year of the Tinderbox Drought.  331 

 332 

2.9 Characteristic rainfall anomalies when SST anomalies are most similar to the observed anomalies 333 

during the drought 334 

We investigated whether the global SST anomalies observed during the three years of the Tinderbox 335 

Drought are expected to be associated with low rainfall over the MDB. Using the COBE and ERSST 336 

gridded datasets prepared as described in Section 2.5, we calculated annual mean SST anomaly maps for 337 

each year of the drought (2017, 2018, and 2019). We also calculated annual mean SST anomalies for 338 

each of the 5000-year-long LIM outputs, resulting in 5000 global anomaly maps for each SST product. 339 

We then used the Root Mean Squared (RMS) difference between the observations and each LIM year (cf. 340 

Ding et al., 2018) to identify the 10 years most closely matching SST anomalies observed during the 341 

drought.  As in Section 2.8, we composited the annual mean SST anomalies and annual total Australian 342 

rainfall anomalies during those 10 years, and use stippling to show grid cells where eight or more of the 343 

10 years have an anomaly of the same sign. 344 

 345 

3 Results and discussion 346 

3.1 Skill of LIMs in emulating the stationary statistics of Australian rainfall and its connection to global 347 

and regional SST anomalies 348 

Figures S1–S3 demonstrate that the LIMs accurately capture observed variability in the rainfall -SST 349 

system. Broadly, correlations between Australian rainfall and SST PCs 1 and 2 are stronger in the LIMs 350 

than in observations. This is likely because the LIM represents the true system with a limited number of 351 

PCs for both SST and Australian rainfall and thus will contain less “noise” than the real world. That is, 352 

the truncated set of PCs used to represent the system means that the correlations—which are dominated 353 

by higher-order PCs—will tend to be accentuated. 354 

 355 
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Results are highly consistent between LIMs constructed using SST data from COBE versus ERSST 356 

(Figs. S1–S3 a–h versus S1–S3 i–p), indicating a low sensitivity of our results to observational 357 

uncertainties. Therefore, when using the LIMs to produce distributions of possible anomalies in SST and 358 

Australian rainfall, we combine results from the two LIMs (resulting in distributions comprising 10,000 359 

years of data).   360 

 361 

In terms of spatial correlations between LIMs and observations across SST and its connection to 362 

Australian rainfall variability, LIMs constructed using SST data from ERSST perform very slightly better 363 

than LIMs constructed using COBE (Figs. S1–S3). Therefore, for the remainder of Section 3, when 364 

showing spatial patterns we show results from LIMs constructed using ERSST, and show the equivalent 365 

results from COBE in the Supplement.    366 

 367 

3.2 How unusual was the Tinderbox Drought? 368 

Considered as a three-year (2017–2019) rainfall deficit across the entire Murray-Darling Basin (MDB), 369 

the Tinderbox Drought was both historically unprecedented and beyond the range of rainfall anomalies 370 

produced by the LIMs (Fig. 2). This result is true for both annual and cool-season rainfall anomalies . 371 

The 3-year rainfall deficits were particularly large and exceptional in the northern MDB . In contrast, in 372 

the southern MDB the 3-year annual rainfall deficits were not the most extreme 3-year anomaly in the 373 

observational record, and the 3-year cool season rainfall deficits were historically unprecedented but not 374 

outside of expectation from the LIMs. 375 

 376 

Of the three drought years, 2019 was the most extreme (orange points in Fig. 2), with 2018–2019 being 377 

the driest of the two-year sequences (brown points in Fig. 2). In the MDB, and more specifically in the 378 

northern MDB, 2018–2019 was outside of the expectation of the LIMs for both cool season and annual 379 

rainfall deficits. When considering 2019 alone, it was only the annual rainfall deficits in the northern 380 

MDB that were outside of the range of the LIMs. In contrast, the 2019 annual rainfall deficit over the full 381 

MDB and the 2019 cool-season rainfall deficit over the northern MDB were historically unprecedented in 382 

observational data but were within the range of the LIMs. Rainfall deficits in the southern MDB (across 383 

both seasons, and all combinations of years) were also within the range of possible anomalies produced 384 

by the LIMs, but were historically unprecedented in the instrumental record for the 2018–2019 annual 385 

total.  386 

 387 
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Our LIM analysis suggests that it was the occurrence of three sequential dry years that made the 388 

Tinderbox Drought so exceptional (corroborating the findings of Devanand et al., 2024). In the case of 1, 389 

2 and 3-year rainfall deficits that were historically unprecedented but fall within the LIM ranges 390 

(coloured squares in Fig. 2): based on the statistics of the instrumental record such rainfall deficits should 391 

be expected in the MDB, even though such extremes had not been historically experienced prior to the 392 

Tinderbox Drought. However, as the full 3-year drought did not fall within the LIM range, this suggests 393 

an anthropogenic contribution to the drought and/or variability that was not sampled by the LIMs (e.g., 394 

low frequency natural variability). This is particularly the case for cool-season rainfall over the northern 395 

MDB. Another way to say this is that although the individual years of the Tinderbox Drought were 396 

within the expected range of variability of MDB rainfall (over the entire basin), having sequential 397 

anomalies of the observed magnitude was not.   398 

 399 

3.3 Influence of interbasin interactions on rainfall anomalies during the Tinderbox Drought 400 

Exploration of the basin-specific LIMs suggests that interbasin interactions tend to limit drought severity 401 

in the MDB (Fig. S4). During the Tinderbox Drought, there were intervals with rainfall deficits that were 402 

unprecedented in the instrumental record and beyond the range of LIMs trained on global SSTs, but that 403 

are exceeded in LIMs where Australian rainfall variability is driven by only the tropical Pacific or Indian 404 

oceans (triangles in Fig. S4). For example, over the northern MDB the annual-total deficits observed in 405 

2019, 2018–2019 and 2017–2019 were all outside of the LIM range based on global SSTs, but these 406 

observed anomalies are within the range of LIMs derived only from tropical Pacific SSTs. Similarly, 407 

despite being historically unprecedented and outside the LIMs trained on global SSTs, cool-season 408 

deficits over the entire MDB exceeding those observed in 2017–18, 2018–19, and 2017–2019 do occur in 409 

the Indian Ocean-only LIMs. Our findings indicate that more extreme rainfall deficits in the MDB occur 410 

in LIMs driven in isolation by the Indian or tropical Pacific oceans, but that drought extremes are reduced 411 

when both regions are included together as part of the global ocean.  412 

 413 

As the LIMs do not include information about atmospheric circulation, in this study we are unable to 414 

diagnose the mechanisms driving these more extreme deficits. However, analysis of the impact of ENSO 415 

and the IOD on moisture delivery to Australia suggests that during co-occurring El Niño and positive 416 

IOD events (i.e., the ‘drying’ phases of both modes), a high pressure anomaly south of Australia results 417 

in a weak increase in moisture advected from the Tasman Sea to the MDB—slightly ameliorating the 418 

reduced moisture delivery from the south and west of Australia (Holgate et al., 2022). Further, climate 419 

model analyses suggest that Indian Ocean circulation changes can independently reduce rainfall over the 420 



PREPRINT SUBMITTED TO WEATHER AND CLIMATE EXTREMES 

 

MDB via both a weaker Indian Walker Circulation—which inhibits convection, causing dry conditions—421 

and weakening of the westerlies south of Australia, reducing the number of extratropical lows and frontal 422 

systems reaching southern Australia (Taschetto et al., 2011; Ummenhofer et al., 2009).  423 

Even with the more extreme range of drought conditions produced by LIMs driven only by the Indian or 424 

tropical Pacific oceans, the 3-year sequential rainfall deficits of the Tinderbox Drought remain outside of 425 

the all-LIMs range for the 2017–2019 cool season rainfall deficits in the northern MDB. This also holds 426 

for the 2-year cool season deficits over the northern MDB in 2017–2018 and 2018–2019. This further 427 

strengthens our findings that it was the cool-season rainfall deficits over the northern MDB, and the 3-428 

year sequence of these deficits, that were the most exceptional characteristics of rainfall deficits during 429 

the Tinderbox Drought. 430 

 431 

3.4 Global SST anomalies promoting low rainfall over the MDB 432 

The LIMs suggest that the most consistent predictors of dry years in the MDB are warmer-than-average 433 

SSTs across the central to eastern tropical Pacific Ocean and the western Indian Ocean (Fig. 3, Fig. S5). 434 

This is the case for both single years and three-year mean rainfall deficits (not shown), and the full MDB 435 

as well as the northern and southern MDB. Cool SST anomalies in the Tasman and Coral Seas are also 436 

consistent predictors of dry years in the LIMs constructed using SST data from COBE, particularly for 437 

the northern MDB (Fig. S5). The associated SST anomaly pattern is reminiscent of global SST anomalies 438 

during simultaneous El Niño and positive IOD conditions, and the association of dry MDB years with 439 

these phases of tropical Indo-Pacific variability is clear in Fig. 4.  440 

 441 

Despite the persistent association of dry anomalies in the MDB with tropical Indo-Pacific SST 442 

variability, the extreme rainfall deficits of the Tinderbox Drought did not correspond to this expected 443 

SST relationship (Figs. 4–5).  During the Tinderbox Drought, only the final (and driest) year of the 444 

drought was associated with a weak central-Pacific El Niño event as well as an extreme positive IOD 445 

event (Figs. 4–5, Fig. S6). This positive IOD event was well beyond the range of the LIMs (Fig. 4)—446 

particularly in its lack of association with a large positive Niño 3.4 SST anomaly. For comparison, the 447 

second-strongest positive IOD event on record, in 1997, was associated with an extreme El Niño event, 448 

as would be expected from Figure 4. We note that it is possible that the relatively coarse grid resolution 449 

of the LIMs fails to accurately capture and model the full extent of Indian Ocean SST variability. 450 

Nevertheless, our findings suggest that an anthropogenic influence on global SST variability contributed 451 

to the occurrence of an extreme positive IOD event in the absence of a strong tropical Pacific SST 452 

anomaly, which in turn drove very low rainfall across the MDB. Additionally, the occurrence of an 453 
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unprecedentedly strong positive IOD event is consistent with paleoclimate, historical and climate model 454 

evidence which all indicate that positive IOD events will become more frequent and more extreme in a 455 

warming world, along with decreased strength of coupling to tropical Pacific SSTs (Abram et al., 2020; 456 

Ham et al., 2017). 457 

 458 

Previous work has also highlighted the importance of SST anomalies to the north of Australia in 459 

predicting dry years in the MDB (Devanand et al., 2024; Nicholls, 2010; van Rensch et al., 2015). Single 460 

dry years in the MDB LIMs are associated with co-occurring positive anomalies in the Niño 3.4 region 461 

and cooler-than-average SSTs to the north of Australia (Fig. 3, Fig. S5, Fig. S7). However, cool SSTs to 462 

the north of Australia are not as reliable a predictor of dry conditions over the MDB as a positive IOD 463 

(Fig. 4 compared with Fig. S7). Nevertheless, the driest year of the Tinderbox Drought (2019) fell within 464 

the range of coinciding Niño 3.4 and northern Australian SST anomalies that are expected to bring dry 465 

conditions to the MDB (Fig. S7). We also note that this result differs slightly from Devanand et al. 466 

(2024), who found that northern Australian SST anomalies were negative on average across April to 467 

September of each year of the Tinderbox Drought. However, Devanand et al. (2024) used a different 468 

region to define ‘northern Australian SST’, which specifically targeted the area of strongest correlations 469 

between SST and their drought focus region, and extends further south and east than the region defined 470 

by Nicholls (2010).  471 

 472 

3.5 Do SST anomalies observed during the Tinderbox Drought reliably bring dry conditions to the MDB? 473 

The LIMs can also be used to find analogue SST patterns that are most consistent with the observed SST 474 

anomalies during each year of the Tinderbox Drought (Fig. 5 and Fig. S6). The annual mean SST 475 

anomaly pattern observed during the first year of the drought is not reliably associated with a dry MDB 476 

(Fig. 5 and Fig. S6, first column), and for the second year only the LIMs constructed with COBE are 477 

associated with dry MDB conditions (Fig. 5 and Fig. S6, second column). SST anomalies during the final 478 

year of the drought are reliably associated with dry conditions across much of the MDB (Fig. 5 and Fig. 479 

S6, third column), although the areas with consistent dry anomalies differ slightly between the two 480 

models. The ERSST-based LIMs show consistent dry anomalies in the southern and central MDB (Fig. 481 

5) whereas the COBE-based LIMs show dry anomalies in the northern MDB, extending across central 482 

Australia (Fig. S6). Together, these results suggest that the rainfall deficits experienced during the 483 

Tinderbox Drought were not the most likely outcome given the global SST anomaly pattern. 484 

 485 
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3.6 Implications 486 

Our findings indicate that the observed rainfall deficits during the Tinderbox Drought, and specifically 487 

the 3-year sequence of these anomalies, were worse than could have been expected based on the 488 

historical association of Australian rainfall and global SST variability. The multi -millennial length of the 489 

LIMs provides enough realisations of possible rainfall sequences to rule out this 3-year drought as simply 490 

being a manifestation of natural climate variability on timescales up to multi -decadal. Instead, our 491 

findings suggest that other factors beyond SST variability contributed to the Tinderbox Drought being 492 

worse than could have been anticipated. This is reinforced by findings that the tropical Indo-Pacific SST 493 

conditions during the Tinderbox Drought did not follow the expected behaviour that has historically been 494 

associated with dry conditions in the MDB, and that LIM analogues of the observed global SST patterns 495 

during the drought years are not reliably associated with dry conditions in the MDB, and can not account 496 

for the extreme intensity and northern MDB focus of the observed rainfall deficits. 497 

 498 

The Tinderbox Drought was likely worsened by processes not represented in the statistical LIMs, 499 

including human-caused climate change. Key characteristics of this drought included that it was hotter 500 

than it would have been without human-caused climate warming, and that associated rising vapour 501 

pressure deficit made the atmosphere thirstier than it would have been for analogous droughts without the 502 

influence of climate change (Devanand et al., 2024). While equivocal attribution of observed rainfall 503 

trends over the MDB is not yet possible, there has been an observed decrease in cool season rainfall and 504 

an increased number of below average rainfall years in southeast Australia (BoM, 2022). These rainfall 505 

trends are not incorporated in our LIMs, and climate model analyses suggest that human-caused climate 506 

change worsened the cool-season rainfall deficits of the Tinderbox Drought by around 18% (Devanand et 507 

al., 2024).  508 

 509 

Other atmospheric variability processes that are unaffected by SST variability were also a characteristic 510 

of the Tinderbox Drought. The final and most intense year of the drought included a rare sudden 511 

stratospheric warming event over Antarctica which is associated with intense dry conditions and 512 

increased fire risk over the northern MDB (Lim et al., 2019). In particular, this may have intensified the 513 

northern MDB component of rainfall deficits which were found to be particularly exceptional in our 514 

LIMs analysis, and acted in conjunction with the very strong positive IOD event that developed in the 515 

same year and is more typically associated with rainfall deficits in the southern MDB. 516 

 517 
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Numerous aspects of continued human-caused climate change are expected to make it even more likely 518 

that intense drought conditions will be experienced in the MDB that are beyond historical experience and 519 

also beyond the range of what could have been anticipated from natural variability without climate 520 

change. Rainfall in the MDB is projected to decline this century, particularly in the cool-season (Grose et 521 

al., 2020). Future droughts will also be hotter than the equivalent drought would have been in a world 522 

without human-caused climate warming, and associated increases in vapour pressure deficit will enhance 523 

the ability for the land surface to dry. This drying provides a feedback that further reduces locally-derived 524 

rainfall during drought periods (e.g., Devanand et al., 2024). Noting that most MDB runoff is generated 525 

across the southeastern MDB during the cool season (Potter et al., 2010; Donohue et al., 2011), future 526 

reductions in cool season rainfall will have implications for water management in the MDB—including, 527 

for example, determining the balance between consumptive water use and water for the environment 528 

(Prosser et al., 2021). This will be the case even during droughts similar to the Tinderbox Drought, where 529 

deficits were more focused in the northern MDB. Therefore, a possible future application of our LIM 530 

approach is to use the model outputs as the basis for a wider range of stochastic MDB flow scenarios 531 

when determining water management plans (following the suggestion of Prosser et al., 2021). 532 

 533 

Human-caused climate change is also expected to increase the frequency and severity of positive IOD 534 

events (e.g., Abram et al., 2020; Wang et al., 2024), increasing the chance of rainfall impacts that are 535 

beyond the range that could be anticipated from historical experience using the LIMs framework. 536 

Together our findings suggest that the Tinderbox Drought may be an indication of the type of 537 

unexpectedly extreme events that Australia will need to build resilience to, even in the absence of being 538 

able to fully anticipate the potential intensity of these extreme events.  539 

 540 

3.7 Limitations of Linear Inverse Models for assessing drought characteristics 541 

The LIM approach is a powerful tool for assessing the ‘unusualness’ of a multi-year extreme rainfall 542 

event such as the Tinderbox Drought, given climate models have known biases in Australian rainfall, and 543 

the relevant Australian paleoclimate proxy record is sparse. The two major drawbacks of using an 544 

observations-based statistical framework to assess the Tinderbox Drought are that: 1) all rainfall and SST 545 

observations used to construct the models were taken within a time when human activities were already 546 

affecting the climate; and 2) low frequency (multi-decadal and longer timescale) variability is not well 547 

sampled by the LIMs. Hence, future studies analyzing modern extreme hydroclimate events in the 548 

context of natural variability should also seek to obtain information from annually-resolved, local 549 

hydroclimate proxy records with a strong mechanistic relationship to MDB rainfall. That is, proxies for 550 
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which we thoroughly understand the processes that encode a hydroclimate signal in a natural archive 551 

(e.g., tree wood, stalagmite, or lake sediment), and can hence compare directly with observed events.  552 

 553 

4 Conclusions 554 

Rainfall deficits during Australia’s 2017–2019 Tinderbox Drought were beyond expectations based on 555 

rainfall variability during the preceding century. Rainfall deficits were largest in the northern MDB 556 

(which has summer-dominated rainfall), and in the cool season (from April to September). The 557 

occurrence of unprecedented rainfall deficits during the Tinderbox Drought—beyond the range from the 558 

LIMs—suggests a contribution of anthropogenic climate change or out-of-sample climate variability 559 

(e.g., low-frequency variability) to the overall severity of the drought. The relationship between 560 

Australian rainfall and global SSTs suggests that the most reliable predictors of rainfall deficits over the 561 

MDB are co-occurring El Niño and positive IOD conditions. This is the case for both annual-total and 562 

cool season rainfall, however, these conditions were not present throughout the Tinderbox Drought. Of 563 

particular note was an extreme positive IOD event, well outside the range of the LIMs, that likely 564 

contributed to deficits during 2019 which was the driest year of the drought. The occurrence of this 565 

exceptionally severe drought—that was not predictable based on all previous rainfall observations—566 

suggests that anthropogenic climate change may result in more unprecedented drought events in the 567 

future.  568 
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 756 

 757 

Fig. 1. Long-term (1900-2019) rainfall statistics for Australia, using data from the AGCD. a) Mean annual rainfall. b) Average 758 

seasonal balance of rainfall, calculated as the percentage of annual total rainfall that falls in DJF minus the percentage of  759 

annual total rainfall that falls in JJA. In areas with red-toned colours, most rainfall is delivered in the austral summer (DJF). In 760 

areas with blue-toned colours, most rainfall is delivered in the austral winter (JJA). Black outline in panels a) and b) shows the 761 

Murray-Darling Basin (MDB); purple (panel a) or grey (panel b) line inside the MDB shows the boundary between summer-762 

dominated rainfall (the northern MDB) and winter-dominated rainfall (the southern MDB). c) Area-mean long-term average 763 

(1900-2019) seasonal cycle of rainfall in the northern MDB (blue line) compared with the area-mean seasonal cycle of rainfall 764 

across the entire MDB (grey line). d) Area-mean long-term average seasonal cycle of rainfall in the southern MDB (blue line) 765 

compared with the area-mean seasonal cycle of rainfall across the entire MDB (grey line). 766 

 767 

 768 

 769 
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 770 

Fig. 2. Violin-and-boxplots (‘voxplots’) showing where MDB rainfall anomalies observed during the Tinderbox Drought fall 771 

relative to the full range of MDB rainfall anomalies in LIMs trained on global SSTs. Anomalies are shown in terms of single 772 

year anomalies, anomalies over two consecutive years, and anomalies over three consecutive years. Left column shows 773 

anomalies in annual total rainfall, right column shows anomalies in cool-season (April to September) rainfall. First row shows 774 

anomalies in area-mean rainfall over the entire MDB, second row shows anomalies in area-mean rainfall over the northern 775 

MDB (summer-dominated rainfall regime; Fig. 1b,c); third row shows anomalies in area-mean rainfall over the southern MDB 776 

(winter-dominated rainfall regime; Fig. 1b,d). Voxplots show full distribution of values from the LIMs. Coloured shapes show 777 

anomalies observed during the Tinderbox Drought. Points showing observed anomalies are shaped according to whether the 778 

anomaly was exceeded in the 1900–2016 instrumental record (circle),  unprecedented in the instrumental record but expected 779 
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from the LIMs (square), or unprecedented in the instrumental record and outside the range of the LIMs (suggesting an 780 

anthropogenic contribution or variability not sampled by the LIM; diamond). 781 

 782 

 783 

Fig. 3. Maps showing SST and rainfall anomalies during the driest 5th percentile of years in the MDB (in terms of annual total 784 

rainfall), in LIMs constructed using global SST data from ERSST. (a) Mean SST anomalies during the driest 5th percentile of 785 

years in the MDB (b) Mean SST anomalies during the driest 5th percentile of years in the northern MDB. (c) Mean SST 786 

anomalies during the driest 5th percentile of years in the southern MDB. (d) Mean total annual Australian rainfall anomalies 787 

during the driest 5th percentile of years in the MDB (e) Mean total annual Australian rainfall anomalies during the driest 5th 788 

percentile of years in the northern MDB. (f) Mean total annual Australian rainfall anomalies during the driest 5th percentile of 789 

years in the southern MDB.  Stippling shows cells where >80% of years have an anomaly of the same sign. Figure is based on 790 

annual total rainfall, but similar results are seen for cool seasonal rainfall (not shown).  791 

 792 
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 795 
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 797 
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 799 

 800 

Fig. 4. Cross-plots showing co-occurring Niño 3.4 SST and Dipole Mode Index (DMI) anomalies in the LIMs constructed 801 

using global SSTs. Grey points and density shading show values for all 10,000 LIM years. Blue points and density shading 802 

show years when annual total MDB rainfall is in the lowest 5th percentile. Coloured points show Niño 3.4 SST and DMI 803 

anomalies observed during each year of the Tinderbox Drought. Squares denote SST observations from COBE; triangles 804 

denote SST observations from ERSST. (a) highlighting years where rainfall over the entire MDB is in the lowest 5th 805 

percentile. (b) highlighting years where rainfall over the northern MDB is in the lowest 5th percentile. (c) highlighting yea rs 806 

where rainfall over the southern MDB is in the lowest 5th percentile. Note that results are very similar for both cool season  807 

rainfall, and rainfall anomalies calculated as three-year totals (i.e., the length of the Tinderbox Drought). 808 
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 827 

 828 

 829 

Fig. 5. Maps showing annual mean SST and annual total rainfall anomalies observed during each year of the Tinderbox 830 

Drought (top two rows), and analogues in LIMs constructed using global SST data from ERSST (bottom two rows). Top row 831 

shows observed annual mean SST anomalies during each year of the Tinderbox Drought (2017, 2018, 2019), in ERSST. 832 

Second row shows observed annual total Australian rainfall anomalies during each year of the drought, in the AGCD. Third 833 

row shows the average SST anomalies for the ten LIM years most similar to those shown in the top row, determined using the 834 

RMS difference. Bottom row shows average Australian rainfall anomalies in those same ten LIM years. Stippling in the 835 

bottom two rows shows cells where eight or more of the 10 years have an anomaly of the same sign.  836 


