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Abstract 9 

This study develops a multi-centennial reconstruction of precipitation for the Greater Dublin 10 

Area, Ireland, using documentary, instrumental, circulation-based, and proxy evidence.  Three 11 

independent reconstructions are produced for two contrasting water-resource domains, 12 

including: a monthly scaled version of the Jenkinson documentary-instrumental rainfall dataset 13 

for 1711-1977 produced by an earlier analysis for the island of Ireland; a circulation-informed 14 

monthly statistical ensemble based on Lasso and Random Forest models for 1748-1994; and 15 

an annual oak cellulose δ¹⁸O reconstruction of May-August precipitation extending to 1200 16 

CE. Reconstructions were assessed against 1 km gridded rainfall observations for the common 17 

overlap period 1865-1977 using correlation, bias, error metrics, SPI-based event detection, and 18 

agreement in ranked wet and dry extremes. Long-term UK rainfall series and an extended 19 

Dublin snow and sleet series were used as independent comparators. Both the Jenkinson and 20 

statistical ensemble reconstructions reproduce observed monthly, seasonal, and annual rainfall 21 

variability, but the Jenkinson reconstruction shows the strongest agreement across most metrics 22 

and better captures wet and dry extremes. The statistical ensemble provides an independent, 23 

physically interpretable reconstruction, although it tends to smooth variability and under-24 

represent event magnitude. The δ¹⁸O reconstruction shows weaker interannual agreement with 25 

observed May-August rainfall but provides a valuable longer-term perspective on summer 26 

hydroclimatic variability. Divergence between the Jenkinson and ensemble reconstructions 27 

before the mid-nineteenth century, particularly in winter and spring, is consistent with possible 28 

snow- and sleet-related undercatch in early precipitation sources which affects the Jenkinson 29 

reconstruction. Summer rainfall during the eighteenth century remains uncertain, with evidence 30 

for increased regional hydroclimatic heterogeneity. Together, these reconstructions provide a 31 
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stronger basis for contextualising historical droughts and pluvials affecting Dublin and for 32 

stress-testing water-resource systems beyond the instrumental period. 33 

Keywords (7): Historical climatology; Precipitation reconstruction; Documentary evidence; 34 

Tree-ring δ¹⁸O; Data rescue; Water resources; Greater Dublin Area 35 

 36 

1. Introduction 37 

Long-term rainfall reconstructions are fundamental to water resource management, offering 38 

the possibility of extending the evidence base for yield assessments, drought planning, and 39 

decision-making beyond the instrumental period.  They can also provide the context needed to 40 

distinguish emerging anthropogenic change from climate variability (Fordham and Murphy, 41 

2026) and identify historically plausible drought and wet periods for stress testing 42 

infrastructure and management plans (Noone et al., 2017; Wilby et al., 2015; Wilby and 43 

Murphy, 2019) Historical climatology and palaeoclimatology consistently demonstrate that 44 

hydroclimatic variability inferred from the instrumental era alone can underestimate both the 45 

severity and persistence of extremes, with direct implications for water-supply reliability, 46 

infrastructure design, and climate adaptation planning (Wetter et al., 2014; Cook et al., 2015; 47 

Blöschl et al., 2020; Brázdil et al., 2020a; Büntgen et al., 2021).  Beyond water resource 48 

management, Engler et al. (2013) show how precipitation reconstructions can shed light on 49 

previous extremes, such as the 1740-41 famine in Ireland, while Murphy et al. (2020) highlight 50 

the extent of multi-annual drought across the British and Irish Isles in 1765. Jobbová et al. 51 

(2024) have linked precipitation reconstructions with newspaper records to examine drought 52 

impacts in Ireland from the early 1700s to the present.  53 

Ireland has a rich history of weather observing, with systematic observations beginning in 54 

Dublin in 1789 (Shields, 1983). Recent research has attempted to leverage these data, with 55 

Noone et al. (2016) developing a homogenised network of 25 long-term monthly precipitation 56 

gauges across the island from 1850 onwards, and Ryan et al. (2022) developing a network of 57 

long-term daily stations extending back to the late 1800s. Others, including Jenkinson et al. 58 

(1979) and Murphy et al. (2018), have also used observations and documentary sources to 59 

develop a monthly rainfall series for the Island of Ireland from 1711 to the present.  60 

In addition to these observations, Murphy et al. (2020) have used circulation-based predictors 61 

to reconstruct monthly precipitation totals for regional precipitation series across the British 62 
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and Irish Isles using multiple linear regression. In addition to extending available regional 63 

series for the Island of Ireland, Scotland and the England and Wales Precipitation (EWP) series 64 

to 1748, Murphy et al. (2020) used circulation-informed precipitation reconstructions to show 65 

that winter totals in the EWP series may be underestimated given changes in gauge design and 66 

undercatch of snow prior to circa 1860. At a European scale, Pauling et al. (2006) developed 67 

seasonal gridded precipitation fields for land areas at 0.5o x 0.5o resolution from 1500-1900 68 

using principal component regression combining long instrumental precipitation series, 69 

documentary information and natural proxies, including tree rings, ice cores, corals and 70 

speleothems as predictors. Reconstruction skill over Ireland is good for all seasons from circa 71 

1700 onwards, with the data previously used as a benchmark against which other Irish 72 

reconstructions have been assessed (Murphy et al., 2018). Relatedly, Casty et al. (2007) also 73 

provide reconstructions of monthly precipitation from 1766 onwards, which have previously 74 

been employed, following bias correction, to extend river flow reconstructions for 51 Irish 75 

catchments (O’Connor et al., 2021).  76 

While these datasets and reconstructions have been very valuable for assessing of past 77 

extremes, they are often not configured around the spatial units relevant to water-resource 78 

planning and may not fully capture important local heterogeneity in precipitation variability.  79 

Recent data rescue initiatives, including Rainfall Rescue (Hawkins et al., 2023) and 80 

transcription of historical Irish rain-gauge records by Met Éireann (Ireland’s national 81 

meteorological service, Ryan et al., 2021; Ryan and McGovern, 2025), have substantially 82 

strengthened the observational basis for long-term rainfall assessment and increased potential 83 

for developing bespoke multi-century reconstructions for key water resource zones. Despite 84 

Ireland's generally wet climate, the Greater Dublin Area, which encompasses Ireland's largest 85 

metropolitan region, is highly vulnerable to drought. This vulnerability reflects the combination 86 

of high and growing water demand, ageing infrastructure with little spare capacity, relatively 87 

low rainfall compared to western Ireland, limited local storage, strong dependence on key 88 

surface-water sources, and sensitivity to seasonal rainfall deficits (Kelly-Quinn et al., 2014). 89 

This study reconstructs monthly precipitation for two water resource zones in the GDA using 90 

three approaches: (i) month-specific statistical reconstructions (Lasso and random-forest 91 

regression) driven by circulation and hydroclimate predictors (back to 1748), (ii) scaling of a 92 

rainfall anomaly dataset compiled by Jenkinson et al. (1979) (back to 1711), and (iii) an 93 

annually resolved oak cellulose δ¹⁸O proxy chronology, developed for Central England (Loader 94 

et al., 2019) and used here to reconstruct growing-season precipitation (MJJA) back to 1200.  95 
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The key aims of this work are to i) leverage available datasets to produce multi-centennial 96 

reconstructions of monthly precipitation that water managers can use to evaluate historical 97 

extremes (both drought and pluvials), and ii) examine how skilfully different approaches to 98 

reconstruction can capture precipitation variability and extremes across contrasting upland and 99 

lowland domains within the GDA. The remainder of the paper is structured as follows. Section 100 

2 describes the study area, datasets, reconstruction methods, and the evaluation approaches 101 

used to assess performance. Section 3 presents the reconstruction results, including 102 

calibration/validation and comparative analysis over the observational overlap period. Section 103 

4 discusses the utility and limitations of each reconstruction approach and key insights from 104 

reconstructions. Section 5 concludes with the main findings and implications. 105 

 106 

2. Study Area, Data and Methods 107 

2.1 Study Area  108 

The Greater Dublin Area (GDA) in eastern Ireland spans lowland coastal terrain and the 109 

adjacent Wicklow Mountains, producing sharp rainfall gradients over short distances. Ireland’s 110 

water-resources planning framework is structured around Regional Water Resources Plans 111 

(RWRPs), which subdivide Regional Water Management Areas into Study Areas (SAs) 112 

comprising one or more Water Resource Zones (WRZs). The GDA broadly aligns with Uisce 113 

Éireann’s (Ireland’s national water utility; formerly Irish Water) Study Areas SA1, SA2 and 114 

SA9. SA1 and SA2 are upland areas in County Wicklow, covering the eastern and western 115 

halves of the northern Wicklow Mountains, and include small settlements and headwater 116 

catchments. SA9 is predominantly urban and spans County Dublin and parts of adjacent 117 

counties, with a population of approximately 1.7 million. The GDA supply system serves a 118 

great, spatially concentrated demand and is substantially reliant on the River Liffey, increasing 119 

sensitivity to prolonged rainfall deficits and operational shocks (Uisce Éireann, 2022a, 2022b). 120 

For precipitation reconstruction, SA9 is retained as defined by Uisce Éireann, while SA1 and 121 

SA2 are combined into a single upland domain (hereafter SA-upland) to reflect hydrological 122 

similarity (Figure 1). Reconstructions are produced and evaluated separately for SA9 and SA-123 

upland and evaluated against gridded observational rainfall. 124 

 125 
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 126 

Figure 1   Map of the Greater Dublin Area (GDA) on the east coast of Ireland. The GDA is defined here as 127 
the combination of Uisce Éireann water management areas SA9 (red shading) and the merged SA1-SA2 128 
regions, referred to in the study as “SA upland” (green shading). Grey shading denotes urban areas within 129 
the GDA, whereas blue indicates water bodies, including the River Liffey (highlighted by the thicker blue 130 
line) and the main reservoirs supplying the Dublin region.  Source: the map is the author’s work in QGIS 131 

 132 

2.2 Data 133 

2.2.1 Observed gridded rainfall dataset (1865-2024) 134 

Observed monthly precipitation is represented using a 1 km gridded rainfall dataset (1865-135 

2024) produced by Met Éireann. Inputs are drawn mainly from the modern station network 136 

after 1941, while earlier decades incorporate extensive rescued historical gauge data, including 137 

Rainfall Rescue digitisation (Hawkins et al., 2023) and additional Met Éireann transcriptions 138 

(Ryan et al., 2021; Ryan and McGovern, 2025). Grids are generated using regression on 139 

physiographic predictors and kriged residuals, and evaluated by cross-validation, providing an 140 

internally consistent reference for comparison with reconstructions (Coonan et al., 2024). The 141 

product is provided on the Irish National Grid (TM75/Irish Grid; EPSG:29903). A single series 142 

of monthly totals for each domain was extracted from the gridded data for use in subsequent 143 

analysis. As with all long-term gridded gauge-based precipitation products, station density and 144 
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record continuity are generally lower in complex terrain and in earlier periods (Hofstra et al., 145 

2009; Newman et al., 2015; Cornes et al., 2018). Interpolation can smooth small-scale 146 

variability and dampen local extremes relative to point observations, but it may introduce larger 147 

uncertainties in upland areas where rainfall gradients are strong (Daly 2006; Hofstra et al., 148 

2009; Herrera et al., 2012; Daly et al., 2021; Matiu et al., 2024). Finally, gridded totals inherit 149 

known gauge-measurement biases - particularly exposure, wind and snow-induced undercatch 150 

(Adam and Lettenmaier, 2003; Murphy et al., 2018; Pollock et al., 2018; Hawkins et al., 2023; 151 

Kendon et al., 2023).  152 

 153 

2.2.2 The Jenkinson Dataset (1711-1977) 154 

The Jenkinson dataset is a documentary-instrumental rainfall series for the island of Ireland 155 

derived from an unpublished UK Meteorological Office note compiled by Jenkinson et al. 156 

(1979). It provides continuous Ireland-wide monthly rainfall estimates for 1711-1977, 157 

expressed as (i) annual rainfall anomalies (annual totals expressed as a percentage of an 158 

estimated annual average rainfall, AAR) and (ii) proportional monthly rainfall distributions 159 

expressed as ‘internal percentages’ of the annual total. While Jenkinson et al (1979) provide an 160 

island-wide series, resampling AAR for the GDA allows the annual anomaly and monthly 161 

distribution information to be re-anchored to the rainfall climatology for the Dublin domains 162 

considered here.  163 

 It is important to note that the Jenkinson series draws on a changing mixture of source 164 

materials through time, including early rain-gauge observations, documentary weather diaries, 165 

regional UK rainfall series used as proxy stations, and later Irish station observations. The full 166 

Jenkinson series, its compilation and its provenance are described in detail by Murphy et al. 167 

(2018). For much of the eighteenth century, the series is strongly informed by Rutty’s Dublin 168 

weather diary (Rutty, 1770). From 1792-1839, observed Dublin rainfall data reported by Dixon 169 

(1953) are included, while monthly and annual totals for Dublin derived from the UK Met 170 

Office are also noted for 1823-1824. From 1840-1977, the series increasingly draws on 171 

monthly and annual totals from available long-term stations, including Dublin. For the mid- to 172 

late-twentieth century, inputs include long-term station data, including Dublin stations reported 173 

by Tabony (1980), monthly and annual totals from the Irish Meteorological Service/Met 174 

Éireann, and annual rainfall maps. 175 
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The Jenkinson series is therefore unlikely to be fully independent of the gridded 176 

observational rainfall dataset used for evaluation in this study, particularly during periods 177 

when both products may draw on early Dublin-area and Irish station observations, either 178 

directly or indirectly. For this reason, comparisons between the Jenkinson-based Dublin 179 

reconstruction and the gridded rainfall reference are interpreted as assessments of overlap-180 

period agreement or consistency, rather than as fully independent validation. Nevertheless, 181 

the Jenkinson series provides a valuable long-term documentary-instrumental estimate of 182 

monthly precipitation variability. In this study, we refer to the Dublin-domain product as a 183 

Jenkinson-based reconstruction, because the original island-wide anomaly and monthly 184 

distribution information are re-anchored to domain-specific AAR estimates for SA9 and SA-185 

upland. 186 

 187 

2.2.3 Predictors used for statistical reconstructions (1748-1994) 188 

Plausible predictors with potential utility for reconstructing monthly precipitation were 189 

compiled to develop statistical reconstruction approaches. The predictor set comprises quality-190 

assured sea-level pressure (SLP) datasets, North Atlantic/European circulation indices, and 191 

auxiliary hydroclimate covariates, including Central England Temperature (CET), a monthly 192 

UK precipitation series, and the summer Palmer Drought Severity Index (PDSI) derived from 193 

the Old World Drought Atlas (Cook et al., 2015). All predictors used, their sources, and 194 

temporal coverage are summarised in Table 1. Reconstructions were undertaken from 1748 195 

to1994 given the overlap of available predictors.  196 

 197 

 198 

 199 

 200 

 201 

 202 

 203 

 204 
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Series name 

(abbreviation used) 
Source/reference Why a plausible predictor 

London sea-level 

pressure (LSLP) 
Cornes et al. (2012a,b) 

Represents synoptic-scale pressure variability that 

controls airflow and storm tracks affecting rainfall. 

Dublin sea-level 

pressure (DSLP) 
Jones et al. (1987; 1999) 

Local pressure variability is directly linked to 

circulation regimes associated with wet/dry 

conditions. 

Paris-London index 

(SLP gradient) (PL) 
Cornes et al. (2013) 

Proxy for zonal flow strength; stronger westerlies 

enhance moisture transport and rainfall. 

SLP gridpoint near 

Dublin (grid 50) (g50) 
Casty et al. (2007) 

Captures regional-to-large-scale pressure 

variability influencing Irish rainfall at the monthly 

scale. 

North Atlantic 

Oscillation index 

(variant 1) (nao1) 

Luterbacher et al. (2002) 
Key mode of North Atlantic circulation; modulates 

westerlies and storminess relevant to rainfall. 

North Atlantic 

Oscillation index 

(variant 2) (nao2) 

Jones et al. (1997) 

The alternative NAO definition provides 

robustness; NAO is strongly linked to circulation-

driven rainfall variability. 

Hurrell NAO index (hu) Hurrell (1995) 
Basin-scale pressure contrast controls westerly 

flow and moisture advection into NW Europe. 

Jones NAO index (j) Jones et al. (1997) 
Independent NAO variant; helps capture NAO-

related circulation effects on rainfall. 

Rogers NAO index (r) Rogers (1984) 
NAO-related circulation metric; linked to storm-

track shifts influencing rainfall totals. 

European circulation 

mode 1 (eu1) 

Barnston & Livezey (1987); 

Luterbacher et al. (1999);   

Represents Euro-Atlantic circulation regimes that 

modulate regional precipitation patterns. 

European circulation 

mode 2 (eu2) 

Barnston & Livezey (1987); 

Luterbacher et al. (1999);  

Associated with blocking/zonal flow differences 

that influence rainfall occurrence and persistence. 

Central England 

Temperature (CET) 

Manley (1974); Parker et 

al. (1992) 

Temperature covaries with circulation/airmass 

state and seasonality, which also influence rainfall 

regimes. 

UK precipitation series 

(uk) 

Todd et al. (2013); Murphy 

et al. (2018) 

Nearby precipitation integrates similar synoptic 

forcing and provides a physically consistent 

hydroclimate constraint. 

Old World Drought 

Atlas scPDSI (OWDA 

scPDSI) 

Cook et al. (2015) 

The hydroclimate index reflects moisture-balance 

variability that can covary with large-scale 

circulation and thereby affect rainfall. 

 205 

Table 1  The monthly predictor suite used in circulation-based statistical reconstructions. All series are 206 
extracted for the maximum overlap period of 1748-1994. 207 

 208 

 209 

 210 

 211 

 212 

https://doi.org/10.5194/egusphere-2026-3352
Preprint. Discussion started: 7 July 2026
c© Author(s) 2026. CC BY 4.0 License.



9 
 

2.2.4 Oxygen-isotope proxy data (tree-ring cellulose δ¹⁸O) (1200-2000) 213 

This study uses tree-ring oxygen isotope (δ¹⁸O) data from the master chronology compiled by 214 

Loader et al. (2019) for Central England, spanning 1200-2000 CE, based on δ¹⁸O measurements 215 

of oak tree-ring cellulose, to derive an annually resolved reconstruction of MJJA (May-August) 216 

precipitation variability. We use this dataset to provide an annually resolved proxy archive of 217 

growing-season hydroclimate variability from the wider British-Irish Isles region. Here, it is 218 

used to derive a May-August (MJJA) precipitation reconstruction for the Dublin rainfall 219 

domains by calibrating against observed MJJA rainfall during the instrumental overlap period. 220 

The purpose of including the δ¹⁸O-based reconstruction is therefore twofold: first, to provide 221 

an independent proxy-based comparison for summer hydroclimate variability during the period 222 

of overlap with gridded observations and the documentary-instrumental reconstructions; and 223 

second, to extend the assessment of regional summer hydroclimatic variability beyond the 224 

documentary-instrumental window. Its interpretation is restricted to MJJA rainfall variability 225 

and the longer-term summer hydroclimate context. It is not treated as a monthly reconstruction, 226 

nor as a direct local rainfall measurement for Dublin. 227 

 228 

2.2.5 Long-term comparative series 229 

Eastern Ireland and much of the UK lie within a common North Atlantic circulation domain, 230 

where precipitation variability at monthly to seasonal scales is modulated by large-scale modes 231 

such as the North Atlantic Oscillation and associated moisture-transport regimes (Wilby et al., 232 

1997; Parry et al., 2023). As a result, long-term precipitation series from the UK can exhibit 233 

coherent variability with eastern Ireland and provide useful hydroclimatic context for 234 

interpreting reconstructed rainfall variability, particularly prior to the start of the Irish 235 

instrumental record. Four long-term UK monthly precipitation series were employed, including 236 

records from Kew Gardens (southern England), the Spalding/Pode Hole composite series (East 237 

Midlands), alongside two additional long-duration series from Carlisle (northwest England) 238 

and Oxford (south-central England). These series extend into the eighteenth century and are 239 

derived from combinations of early instrumental observations and documentary-based 240 

reconstructions, with varying degrees of uncertainty in their earliest segments (Wales-Smith, 241 

1971; Craddock and Wales-Smith, 1977;  Tabony, 1980; Todd et al., 2013; Murphy et al., 2018). 242 

In addition, we compare seasonal totals from our reconstructions with those of Pauling et al. 243 
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(2006). This comparison is limited to SA9 for the period 1700-2000, as the grid resolution of 244 

the Pauling et al. dataset does not allow for the adequate representation of SA_upland. Seasonal 245 

totals from Pauling et al. were extracted for two grids overlapping SA9 and a regional average 246 

derived across both cells. Together, these series provide independent benchmarks against which 247 

the timing, persistence, and relative magnitude of reconstructed wet and dry periods can be 248 

assessed.  249 

 250 

2.2.6 Dublin snow and sleet series (DSS) and Manley (MSS) snow and sleet series 251 

To assess whether early winter rainfall measurements may be biased low because of undercatch 252 

of snow or mixed precipitation (Murphy et al., 2019), we use the Dublin snow and sleet dataset 253 

(DSS) developed for the GDA (Horvath et al., 2025). DSS summarises the number of days with 254 

snow and/or sleet at monthly, seasonal (October-May) and annual scales for 1867-2024, based 255 

on six long-running observing sites across the GDA, and is published as an aggregated regional 256 

series. Here, DSS is used as an independent indicator of precipitation phase. For analyses 257 

requiring longer temporal coverage, DSS is extended back to 1748 using the London snow and 258 

sleet series compiled by Gordon Manley (1969), which was subsequently digitised and 259 

extended to 1974 (Murphy et al., 2019). The Manley series is based on a synthesis of early 260 

instrumental observations and documentary evidence from the greater London area and 261 

provides one of the longest continuous records of snowfall and sleet occurrence in the North 262 

Atlantic region. The extension methodology is described in Section 2.4. 263 

 264 

2.3 Methods 265 

2.3.1 Statistical reconstruction (1748-1994) 266 

Statistical reconstructions were developed separately for the two rainfall domains. For each 267 

domain and calendar month, two regression approaches were applied: Lasso and Random 268 

Forest (RF) regression. Models were developed independently for each calendar month to 269 

allow seasonally varying predictor-rainfall relationships and fitted using the 1930-1994 period, 270 

given the denser modern gauge network within the gridded observational dataset. Four-fold 271 

blocked cross-validation was used within the 1930-1994 period. Calibration years were ordered 272 

chronologically and divided into four contiguous blocks with out-of-fold predictions generated 273 

from temporally withheld data. These out-of-fold predictions were used to tune model 274 
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parameters, derive ensemble weights and to summarise model development performance.  275 

Selected LASSO and RF models were then refitted using the full 1930-1994 period and applied 276 

to the full record to generate monthly reconstructions for 1748-1994. Monthly predictions were 277 

subsequently aggregated to annual and seasonal totals. Seasons were defined as DJF, MAM, 278 

JJA, SON and MJJA, with December assigned to the following winter season-year for DJF 279 

aggregation. The 1930-1994 out-of-fold results are interpreted as blocked cross-validation 280 

model development diagnostics rather than as fully independent validation, because the same 281 

model development period was used for hyperparameter selection and ensemble weight 282 

derivation. Independent temporal validation was undertaken separately over 1865-1929, which 283 

was not used for model fitting, hyperparameter tuning or ensemble weighting. Model 284 

performance was summarised using root mean square error (RMSE), mean absolute error 285 

(MAE), Pearson’s correlation coefficient, Spearman’s rank correlation coefficient and percent 286 

bias (PBIAS). 287 

2.3.1.1 Lasso Regression 288 

Lasso (least absolute shrinkage and selection operator) regression is an extension of ordinary 289 

least squares (OLS) that remains stable when predictors are collinear and numerous (Tibshirani, 290 

1996; Hastie et al., 2009). Stability is achieved by adding a penalty on coefficient size, which 291 

shrinks some estimates towards zero and sets others exactly to zero, thereby reducing 292 

overfitting relative to unpenalised OLS (Tetko et al., 1995; Li et al., 2020). Lasso regression 293 

was implemented in R using glmnet (Friedman et al., 2010). For each month, the penalty 294 

parameter (𝜆) was selected using four-fold blocked cross-validation over the 1930-1994 295 

calibration period. Out-of-fold predictions from this procedure were retained to assess model 296 

skill within the calibration period. Final monthly Lasso models were then refitted using the full 297 

1930-1994 calibration period and applied to the complete predictor record. Predictor 298 

importance was summarised using the absolute values of coefficients from the final model 299 

fitted to the whole 1930-1994 calibration period.  300 

2.3.1.2 Random Forests 301 

Random forests (RFs) are supervised machine learning methods that learn the relationship 302 

between predictors and a target variable from training data. RF regression builds an ensemble 303 

of regression trees by fitting each tree to a bootstrap resample of the training data and averaging 304 

predictions across trees (Breiman, 2001). Within each tree, splits are selected to reduce 305 

prediction error, typically by minimising the residual sum of squares. RF can represent 306 
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nonlinear responses and higher-order interactions, but is typically less interpretable than 307 

regression and can overfit in small samples without careful validation. 308 

Random forest (RF) regression was implemented in R using randomForest (Liaw and Wiener, 309 

2002). For each month, hyperparameters were tuned using the same four-fold blocked cross-310 

validation scheme as for Lasso. A small grid search explored (i) mtry, the number of predictors 311 

randomly considered at each split, using three values based on p (the number of predictors) - 312 

the square root of p, p/4, and p/2 (rounded) and (ii) minimum node size (5, 10, 20, 30), with 313 

the number of trees fixed at 300. For each setting, cross-validated predictions were generated, 314 

and RMSE was computed. The configuration with the lowest cross-validated RMSE was 315 

selected, and the model was refitted to the whole 1930-1994 calibration period. Predictor 316 

importance was quantified using permutation importance, expressed as the percentage increase 317 

in out-of-bag (OOB) error after permuting each predictor.  318 

2.3.1.3 Ensemble Generation 319 

For each domain and calendar month, monthly rainfall reconstructions from both the Lasso and 320 

RF models were combined into a two-member weighted ensemble. Ensemble weights were 321 

derived from the blocked cross-validation out-of-fold RMSE values calculated over the 1930-322 

1994 model-development period.  These were converted to weights using an inverse-squared 323 

RMSE rule and normalised to sum to 1. The final monthly ensemble estimate was calculated 324 

as the weighted average of the final full-refit LASSO and RF predictions. Because weights 325 

were derived separately by month and domain, the relative contribution of LASSO and RF was 326 

allowed to vary seasonally and spatially between SA9 and SA-upland. Because the same 327 

model-development period was used both to tune the individual models and to derive ensemble 328 

weights, the out-of-fold ensemble performance is treated as a model-development diagnostic 329 

rather than as fully independent validation. Independent temporal validation was undertaken 330 

separately over 1865-1929, which was not used for model fitting, hyperparameter tuning or 331 

ensemble weighting.  332 

2.3.1.4 Uncertainty Estimation for the Statistical Ensemble 333 

Uncertainty in the statistical ensemble was estimated using non-parametric bootstrap 334 

resampling of the 1930-1994 calibration years. For each domain and calendar month, 1000 335 

bootstrap samples were generated by sampling calibration years with replacement. For each 336 

bootstrap replicate, LASSO and RF models were refitted using the selected monthly model 337 

settings: the selected LASSO λ, selected RF mtry, selected RF node size and 300 trees. The 338 
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refitted models were then applied to the full predictor record, and the ensemble prediction was 339 

calculated using the previously derived month-specific inverse-RMSE² weights. Pointwise 340 

95% uncertainty intervals were calculated as the 2.5th and 97.5th percentiles of the bootstrap 341 

ensemble of 1000 predictions. Monthly bootstrap predictions were aggregated to annual and 342 

seasonal totals to produce corresponding uncertainty intervals at those timescales. Any negative 343 

monthly rainfall predictions from the statistical models were truncated to zero before 344 

aggregation and the calculation of uncertainty intervals. 345 

It should be noted that the derived intervals quantify uncertainty associated with calibration-346 

sample resampling, conditional on the selected predictor set, gridded rainfall target, model 347 

structures, selected hyperparameters and ensemble-weighting scheme. They do not represent 348 

total reconstruction uncertainty. In particular, they do not fully account for uncertainty in 349 

predictor datasets, structural uncertainty associated with the choice of modelling framework, 350 

possible non-stationarity in predictor-rainfall relationships, or uncertainty in the gridded 351 

observational target itself. The intervals are therefore interpreted as conditional reconstruction 352 

intervals rather than comprehensive uncertainty bounds. 353 

 354 

2.3.2 Jenkinson monthly reconstruction (1711-1977) 355 

Monthly rainfall totals for each study domain were reconstructed from the Jenkinson anomaly-356 

distribution dataset (Jenkinson et al., 1979) for 1711-1977 by anchoring its annual anomalies 357 

to a domain-specific mean annual rainfall (AAR) estimated over 1865-1975. Uncertainty in 358 

AAR was quantified using a non-parametric bootstrap of the annual totals for each domain 359 

from 1865 to 1975. A total of 1,000 resamples were generated by drawing years with 360 

replacement and calculating AAR for each resample. For each bootstrap AAR, Jenkinson 361 

annual percentage anomalies were converted to annual rainfall totals by scaling the AAR 362 

upward (for positive anomalies) or downward (for negative anomalies), thereby transferring 363 

the interannual variability encoded in Jenkinson onto the domain-specific climatological mean 364 

annual rainfall (AAR). Annual totals were then partitioned into monthly totals using the 365 

corresponding year’s internal percentages (converted to proportions). Final monthly estimates 366 

were summarised across the 1,000-member ensemble using the median and the 2.5th and 97.5th 367 

percentiles as uncertainty intervals. These intervals reflect uncertainty in the anchored AAR 368 

estimate and are conditional on the Jenkinson anomalies and internal-percentage fields. 369 

 370 
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2.3.3 Oxygen-isotope reconstruction of MJJA rainfall (1200-2000) 371 

Extended summer rainfall (May-August, MJJA) for each GDA domain was reconstructed from 372 

an annually resolved oak cellulose δ¹⁸O master chronology for Central England using a reduced 373 

major axis variance-scaling approach as applied by Loader et al. (2020). For each domain, the 374 

calibration relationship was defined from the overlap period between δ¹⁸O and observed MJJA 375 

rainfall over the period 1930-2000. Calibration-period means and standard deviations of 376 

𝛿18𝑂and MJJA rainfall, together with their correlation, were used to derive the transformation, 377 

which was then applied to all years with available δ¹⁸O to generate a reconstructed MJJA 378 

rainfall series. 379 

Uncertainty in reconstructed MJJA rainfall was quantified using 1000 bootstrap resamples of 380 

annual calibration-year pairs (δ¹⁸O, MJJA rainfall) drawn with replacement (Efron and 381 

Tibshirani, 1993). For each replicate, calibration summary statistics and the δ¹⁸O-rainfall 382 

correlation were re-estimated, and a complete reconstruction was generated using the ensemble 383 

median and the 2.5th and 97.5th percentiles as 95% uncertainty intervals. These intervals 384 

quantify uncertainty arising from calibration of the variance-scaling transformation and are 385 

conditional on the chosen target series and calibration window. 386 

 387 

2.4 Extension of the Dublin Snow and Sleet series and residual-based analysis 388 

To assess whether differences between the Jenkinson and statistical ensemble reconstructions 389 

may reflect snow- and sleet-related gauge undercatch in early observations, a residual-based 390 

diagnostic framework was adopted, following the rationale of Murphy et al. (2019). As this 391 

analysis requires a continuous estimate of precipitation phase variability over the 392 

reconstruction period, the Dublin Snow and Sleet (DSS) series was first extended back to 1748. 393 

To extend DSS prior to the earliest direct observations (1867), the long-term London snow and 394 

sleet series (1668-1974) compiled by Gordon Manley (1969) and digitised by Murphy et al. 395 

(2019) was used. A linear no-intercept transfer function between DSS and the Manley snow 396 

and sleet series was calibrated over their common period (1867-1974) using aggregated annual 397 

totals. The fitted relationship was then applied to the Manley series to estimate DSS values for 398 

1748-1866, thereby rescaling the UK-based chronology to the Dublin domain. The resulting 399 

extended DSS series provides a temporally continuous indicator of snowfall and sleet 400 

occurrence for comparison with the rainfall reconstructions from the mid-eighteenth century 401 

onward and reproduces coherent interannual-to-decadal variability across the overlap period. 402 
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The extension of the DSS series was undertaken at an annual resolution. Residual analysis was 403 

subsequently performed using the difference series between the Jenkinson and ensemble 404 

rainfall reconstructions with annual Pearson’s r, 10-year Pearson’s r and significance of 10-405 

year p-value following adjustment for autocorrelation calculated. This approach enables 406 

assessment of whether systematic differences between reconstructions covary with an 407 

independent indicator of snowfall and sleet variability, thereby providing an indication of 408 

potential snow-related undercatch in early rainfall observations used in the Jenkinson 409 

reconstruction. 410 

Decadal analysis was undertaken to account for noise in the annual reconstructions, whereas 411 

beyond-10-year smoothing reduces the effective sample size for calculating nominal p-values. 412 

Comparison with residuals was undertaken for the DJF, MAM, and ONDJFMAM (snow year) 413 

periods, representing the seasons most sensitive to solid precipitation. Although separate 414 

seasonal DSS reconstructions were not developed, the annually resolved DSS series is 415 

dominated by cold-season snowfall variability and was therefore used as an independent 416 

indicator of years characterised by enhanced snow and sleet occurrence. To enable comparison 417 

across series, residuals and the extended DSS were standardised to z-scores using their 418 

respective means and standard deviations. For visual comparison, the DSS series was sign-419 

inverted (multiplied by -1) so that periods of increased snow and sleet occurrence correspond 420 

to larger positive residuals.  421 

 422 

2.5 Evaluation of reconstructions 423 

Comparison of performances across the different reconstructions is undertaken using visual 424 

assessment and quantitative evaluation for the full period of overlap with observations. Key 425 

evaluation metrics include Pearson’s r to assess covariation, R2 to examine the proportion of 426 

variance in the observations captured by each reconstruction and the Percent Bias (PBIAS) and 427 

Mean Absolute Error (MAE). The sensitivity of winter and spring totals to undercatch of snow, 428 

particularly in the early observations, is evaluated by comparing reconstruction residuals with 429 

the extended Dublin Snow and Sleet (DSS) series (Section 2.4). Full reconstructions are 430 

presented and compared for concurrent periods.  431 

The ability of each reconstruction to capture wet and dry extremes in the observations is 432 

evaluated using the Probability of Detection (POD) and False Alarm Ratio (FAR) (Murphy et 433 

al., 2020; Rudd et al., 2017). Based on threshold exceedances, the former measures the 434 
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proportion of observed extremes successfully detected by the reconstructions, while the latter 435 

measures the proportion of extremes in the reconstructions that were not observed. The metrics 436 

are calculated as follows: 437 

𝑃𝑂𝐷 =  
𝐻

𝐻 + 𝑀
 438 

𝐹𝐴𝑅 =  
𝐹

𝐻 + 𝐹
 439 

where hits (H) count the number of events which occurred in both the observations and the 440 

reconstruction, misses (M) indicate the number of events that occurred in the observed series 441 

but not in the reconstruction. The False Alarm (F) counts instances where an event occurred in 442 

the reconstruction but not in the observed series.  443 

For continuous monthly reconstructions (Jenkinson and Statistical Ensemble), the Standardised 444 

Precipitation Index (SPI) was derived for both reconstructions and observations. SPI was fitted 445 

for accumulation periods of 1, 3, 6 and 12 months using a Gamma distribution. POD and FAR 446 

were evaluated at thresholds of +/- 1.0 and +/-1.5, representing moderate and extreme droughts 447 

and pluvials. For MJJA precipitation, per cent anomalies relative to a fixed (1980-2000) 448 

baseline, were calculated for each series. Positive and negative thresholds of +/- 20% and +/-449 

50% of the baseline for each month were identified.  450 

We assess the consistency of the top 20 wettest and driest years between 1865 and 1977 across 451 

each reconstruction and observations using the Jaccard Similarity Coefficient (Jaccard Index, 452 

JI). For our subset of the top 20 wet and dry years, the JI is used to measure the 453 

similarity/diversity of sample sets and is calculated as: 454 

𝐽𝐼(𝐴, 𝐵) =  
|𝐴 ∩  𝐵|

|𝐴 ∪  𝐵|
 455 

Where the numerator represents the intersection of the two sets or the number of events in 456 

common, and the denominator represents the total number of unique events present across both 457 

lists. A JI score of 1 indicates identical sets, 0 indicates complete disjoint (no overlap) while a 458 

value of ~0.33 indicates 50% overlap.  459 

In addition to quantitative evaluation against observations, reconstructed rainfall variability 460 

was assessed qualitatively using long-term UK precipitation series (Section 2.2.5). Seasonal 461 

totals (DJF, MAM, JJA, SON) were standardised (z-scores) separately for each station and 462 
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season using the mean and standard deviation over 1711-1977 and then smoothed using 10-463 

year forward running means. These series provide an independent regional benchmark for 464 

examining the timing, persistence, and relative magnitude of wet and dry periods in the Dublin 465 

pre-instrumental period. Comparisons are based on visual assessment of temporal alignment 466 

and consistency across series. 467 

 468 

3 Results 469 

3.1 Calibration and Evaluation 470 

3.1.1 Statistical Reconstructions 471 

Statistical reconstructions demonstrate clear skill in reproducing rainfall variability in both 472 

domains during the calibration (1930-1994) period. For ease of presentation, cross-validation 473 

results for each domain and model are provided in the Supplement (Tables S1-S2), with only 474 

ensemble results for final models presented below. For both domains, Lasso regression 475 

marginally outperforms Random Forests in each month and for seasonal and annual 476 

aggregations and contributes slightly greater weight to the final ensemble.  477 

Table 2 reports results for the weighted ensemble mean performance over the full calibration 478 

period (1930-1994) and an independent evaluation period (1865-1929), while Figure 2 shows 479 

scatter plots of ensemble reconstructions by domain for each season and annually. For SA9 the 480 

weighted ensemble mean returns calibration period r values >0.85 for all months, with PBIAS 481 

typically < 5 per cent. For the independent evaluation period, skill typically reduces slightly, 482 

with some months (April, July, October, and November) showing r values between 0.60 and 483 

0.70. The largest PBIAS scores are evident for June (12.32%) and September (16.55%). For 484 

other months, PBIAS is well below 10%. On a seasonal and annual basis, the ensemble 485 

reconstructions for SA9 typically show good performance and transferability between periods, 486 

with best performance in winter and the largest decrease in performance in autumn (SON), 487 

where r falls from 0.84 to 0.63. However, the PBIAS for all seasons and annual totals remains 488 

within 5% for both calibration and validation periods. Similar performance characteristics are 489 

evident for SA-upland, but PBIAS scores are slightly higher. Here the largest dis-improvement 490 

in skill, moving from calibration (r = 0.92) to validation (0.76), is for extended summer (MJJA). 491 

It is difficult to confirm whether decreases in performance moving from calibration to 492 

validation are due to data inhomogeneities in the early record or to overfitting. The strong 493 
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performance of the models and the ensemble for cross-validation during the calibration window 494 

would suggest that data inhomogeneities cannot be ruled out.  495 

There are notable differences in the predominant predictors used in each model between SA9 496 

and SA-upland. For the majority of months in both domains, sea level pressure is the dominant 497 

predictor, most often LSLP, followed by g50. For SA9 in the winter months, the next most 498 

important predictor is the Paris-London index (pl), a surrogate for the NAO. However, in the 499 

SA-upland this is typically replaced by the EU index, whereas in spring and summer the pl 500 

index remains more important than in the lowland SA9.  501 

 502 

 503 

 504 

 505 

 506 

 507 

 508 

 509 

 510 

 511 

 512 

 513 

 514 

 515 

 516 

 517 

 518 

 519 
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Season Period 

SA9 - Ensemble SA-upland - Ensemble 

RMSE Pearson's R MAE PBIAS RMSE 
Pearson's 

R 
MAE PBIAS 

Jan 
1930-1994 15.41 0.90 11.72 0.08 26.37 0.89 20.36 0.07 

1865-1929 20.23 0.78 16.58 3.88 39.18 0.70 30.45 5.80 

Feb 
1930-1994 14.31 0.91 11.20 0.00 19.70 0.92 15.42 0.06 

1865-1929 18.11 0.81 14.41 -0.77 30.75 0.80 23.64 0.67 

Mar 
1930-1994 16.10 0.86 12.99 -0.04 26.13 0.85 21.44 -0.13 

1865-1929 19.38 0.74 14.75 0.32 35.30 0.69 27.20 5.74 

Apr 
1930-1994 10.36 0.91 7.73 0.18 17.99 0.88 14.02 -0.10 

1865-1929 19.19 0.68 14.75 4.25 30.09 0.66 24.21 4.99 

May 
1930-1994 18.73 0.85 13.98 0.16 22.94 0.90 16.65 0.12 

1865-1929 20.98 0.74 17.50 8.54 27.17 0.78 22.11 13.60 

Jun 
1930-1994 16.50 0.88 12.53 0.07 18.55 0.90 14.64 0.13 

1865-1929 21.83 0.76 18.35 12.32 27.44 0.76 23.49 8.25 

Jul 
1930-1994 15.15 0.89 12.16 0.10 14.68 0.94 11.41 0.14 

1865-1929 27.27 0.65 20.49 -3.80 32.89 0.70 27.26 4.51 

Aug 
1930-1994 17.01 0.88 14.04 0.10 21.25 0.92 16.94 0.10 

1865-1929 28.88 0.71 22.19 -6.27 33.16 0.73 26.33 0.33 

Sep 
1930-1994 18.04 0.89 14.76 -0.14 22.63 0.91 18.56 -0.20 

1865-1929 25.32 0.77 21.86 16.55 40.17 0.71 33.34 18.34 

Oct 
1930-1994 20.89 0.86 16.01 -0.16 28.61 0.86 21.58 -0.16 

1865-1929 28.86 0.67 21.26 -0.84 42.89 0.66 31.84 -6.44 

Nov 
1930-1994 20.42 0.84 15.58 -0.09 30.80 0.84 23.71 0.24 

1865-1929 24.89 0.67 19.07 -1.73 34.36 0.71 27.45 6.10 

Dec 
1930-1994 17.87 0.87 13.92 0.01 26.39 0.89 21.62 -0.09 

1865-1929 26.48 0.84 22.21 9.32 46.44 0.81 38.58 12.53 

Annual 
1930-1994 62.96 0.83 50.57 0.01 94.90 0.84 76.01 0.01 

1865-1929 86.49 0.71 67.02 2.97 148.94 0.71 119.06 5.76 

DJF 
1930-1994 30.53 0.89 23.69 -0.16 44.24 0.92 36.23 -0.20 

1865-1929 36.03 0.86 28.91 4.76 69.21 0.79 56.25 6.98 

MAM 
1930-1994 27.33 0.86 19.81 0.10 40.72 0.89 30.40 -0.04 

1865-1929 31.70 0.75 25.36 4.30 53.80 0.71 42.73 7.91 

JJA 
1930-1994 29.70 0.88 22.79 0.09 33.45 0.91 25.22 0.12 

1865-1929 42.35 0.75 31.78 -0.60 53.71 0.79 40.91 3.78 

SON 
1930-1994 36.07 0.84 28.69 -0.13 53.95 0.83 42.47 -0.04 

1865-1929 47.99 0.63 38.45 3.71 69.23 0.61 56.11 4.68 

MJJA 
1930-1994 33.90 0.89 26.59 0.11 38.57 0.92 30.39 0.12 

1865-1929 47.48 0.69 38.05 1.35 62.33 0.76 49.40 5.94 

 520 

Table 2   Performance of monthly, annual and seasonal rainfall reconstructions for the weighted ensemble 521 
over the calibration (1930-1994) and independent validation (1865-1929) periods in the SA9 and SA-upland 522 
domains. Model skill is quantified using root mean square error (RMSE), mean absolute error (MAE), 523 
Pearson’s correlation coefficient (R) and percent bias (PBIAS). Ensemble estimates are derived from a 524 
weighted combination of the Lasso and RF models based on inverse-squared RMSE. Seasons are defined 525 
as DJF (winter), MAM (spring), JJA (summer), SON (autumn), and MJJA (May-August). 526 
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 527 

 528 

Figure 2 Observed versus reconstructed rainfall for the weighted ensemble mean (weighted mean of 529 
LASSO and Random Forest) at annual and seasonal timescales (DJF, MAM, JJA, SON, and MJJA) in the 530 
SA9 (left) and SA-upland (right). Calibration results for 1930-1994 are shown in the left columns, and 531 
independent validation results for 1865-1929 in the right columns. 532 
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3.1.2 Jenkinson Reconstructions 533 

The Jenkinson reconstruction is evaluated over the full overlap with observations (1865-1977). 534 

While this series lacks independence from the observations, it remains important to quantify 535 

its performance relative to the modern best estimate of rainfall across domains. The bootstrap 536 

distribution of annual average rainfall is shown in Figure 3, indicating the higher totals in the 537 

SA-upland and greater variability in the AAR samples. Median reconstructions show clear skill 538 

at monthly and seasonal scales, with generally strong correlations and a large proportion of the 539 

variability explained, indicating that they reproduce the broad structure of SA9 rainfall 540 

variability (Table 3). Skill is strongest in winter (DJF) and summer (JJA), while SON is the 541 

weakest season in both domains. At the monthly scale, correlations are high throughout most 542 

of the year. In SA9 r ranges from 0.82 in October to 0.94 in June, while in SA-upland r ranges 543 

from 0.83 in October to 0.91 in May and June. PBIAS is greatest in January in SA9 (11.29%) 544 

and in June in SA_updand (7.76%). Figure 4 provides scatter plots between observed seasonal 545 

totals and Jenkinson reconstructions. The reconstructions' performance is evident, with some 546 

increased error at higher totals in MAM and MJJA in both domains.  547 

 548 

 549 

Figure 3   Bootstrap distribution of the SA9 (left) and SA-upland (right) annual average rainfall (AAR), 550 
based on 1000 resamples of annual totals for the period 1865-1977, obtained by resampling with 551 
replacement from the observed annual totals. 552 

 553 

 554 

 555 

 556 
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 SA9 SA-upland 

Period RMSE Pearson's R MAE PBIAS RMSE Pearson's R MAE PBIAS 

Jan 17.83 0.90 14.38 11.29 30.50 0.84 24.51 0.97 

Feb 13.58 0.92 10.59 5.4 25.27 0.87 19.26 -3.39 

Mar 14.3 0.88 10.41 0.83 26.26 0.86 19.02 -7.46 

Apr 10.89 0.90 8.26 -3.93 18.31 0.88 14.06 -3.35 

May 14.53 0.90 10.72 -7.01 18.08 0.91 14.21 -0.30 

Jun 11.76 0.94 8.31 -4.28 17.09 0.92 14.03 7.76 

Jul 16.08 0.90 12.30 -5.05 22.50 0.87 16.95 4.70 

Aug 18.4 0.90 12.61 -5.47 23.55 0.88 18.67 5.23 

Sept 15.82 0.91 12.10 1.4 26.93 0.87 20.83 5.53 

Oct 23.02 0.82 16.82 2.72 35.20 0.78 26.35 1.50 

Nov 17.62 0.88 13.69 5.59 25.77 0.88 19.70 1.84 

Dec 18.08 0.91 14.14 8.23 33.16 0.87 22.96 0.78 

Annual 60.05 0.87 47.77 1.29 102.54 0.85 82.47 1.14 

DJF 34.12 0.91 28.80 8.53 53.54 0.86 41.47 -0.12 

MAM 23.85 0.87 17.96 -3.36 39.30 0.85 29.76 -3.89 

JJA 30.19 0.91 22.52 -5.00 40.24 0.90 30.83 5.73 

SON 35.19 0.84 29.22 3.29 55.55 0.80 45.16 2.80 

MJJA 34.51 0.9 26.18 -5.45 44.17 0.89 34.25 4.34 

 557 

Table 3  Skill metrics for the SA9 and SA-upland Jenkinson rainfall reconstructions at monthly, annual 558 
and seasonal timescales, including MJJA (May-August). Model performance is evaluated using root mean 559 
square error (RMSE), Pearson’s correlation coefficient (R), mean absolute error (MAE) and percent bias 560 
(PBIAS), computed from matched observed and reconstructed totals over the full period of overlap between 561 
observed and reconstructed series (1865-1977). 562 

 563 
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 564 

Figure 4  Observed versus reconstructed SA9 (left) and SA-upland (right) rainfall for the Jenkinson-based 565 
reconstructions over 1865-1977 at annual and seasonal timescales (DJF, MAM, JJA, SON, and MJJA). 566 
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3.1.3 δ¹⁸O Reconstructions 567 

The δ¹⁸O-based reconstruction provides an independent estimate of MJJA rainfall variability, 568 

calibrated over 1930-2000 and evaluated against observations for 1865-1929 (Table 4; Figure 569 

5). The reconstructed series shows a moderate and consistent relationship with observed MJJA 570 

rainfall in both domains across both calibration (SA9: r = 0.56; SA-upland: r = 0.54) and 571 

validation (SA9: r = 0.52; SA-upland: r = 0.54) periods. PBIAS scores are also very small for 572 

both domains. Split-period calibrations using early and late subsets of the overlap period (Table 573 

S3) yield comparable performance, indicating that the proxy-rainfall relationship is not 574 

strongly sensitive to the choice of calibration window. 575 

 576 

 SA9 SA-upland 

Period 
Calibration Validation Calibration Validation 

1930-2000 1865-1929 1930-2000 1865-1929 

RMSE 66.57 68.54 90.48 90.44 

Pearson 0.56 0.52 0.54 0.54 

MAE 51.87 55.49 73.51 75.86 

PBIAS >-0.01 -1.15 >-0.01 2.45 

 577 

Table 4  Performance metrics for the δ¹⁸O-based MJJA (May-August) rainfall reconstruction in the SA9 578 
and SA-upland domains. Model performance is reported for the calibration period (1930-2000) and an 579 
independent validation period (1865-1929). Metrics include root mean square error (RMSE), mean absolute 580 
error (MAE), Pearson’s correlation coefficient (r), and percent bias (PBIAS), calculated from matched 581 
observed and reconstructed seasonal totals. Reconstructed values correspond to the median of the 582 
bootstrap ensemble. 583 

 584 
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 585 

Figure 5  Observed versus reconstructed MJJA rainfall totals for SA9 (left) and SA upland (right) based on 586 
the tree-ring δ¹⁸O reconstruction. Panels show calibration (1930-2000; top) and validation (1865-1929; 587 
bottom) periods. Reconstructed values represent the median model estimates for each year. Each point 588 
corresponds to an individual year, and dashed lines indicate least-squares linear regression fits, illustrating 589 
model performance during calibration and independent validation. 590 

 591 

3.2 Performance over a common period 592 

Given that each method required different calibration approaches, we next compare the 593 

performance of each reconstruction across the common overlap with observations 1865-1977, 594 

and visualise annual and seasonal reconstructions for their respective periods of record. Both 595 

the weighted ensemble and Jenkinson reconstructions reproduce observed rainfall variability 596 

in SA9 and SA-upland well at annual, seasonal and monthly scales. However, as expected, the 597 

Jenkinson reconstruction generally shows the stronger agreement with observations (Table 5). 598 

At the annual scale (Table 5 and Figure 6), both reconstructions capture broad interannual 599 

rainfall variability in each domain. The Jenkinson reconstruction is more closely aligned with 600 

the observed record, with higher correlations and lower errors than the ensemble in both601 
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  SA9 

  Ensemble Jenkinson 

Period RMSE MAE Pearson's R PBIAS RMSE MAE Pearson's R PBIAS 

Jan 18.75 14.93 0.84 1.94 17.83 14.38 0.9 11.29 

Feb 16.41 12.84 0.86 0.37 13.58 10.59 0.92 5.4 

Mar 18.52 14.41 0.79 0.85 14.3 10.41 0.88 0.83 

Apr 15.78 11.53 0.77 3.07 10.89 8.26 0.9 -3.93 

May 20 15.98 0.77 4.1 14.53 10.72 0.9 -7.01 

Jun 19.64 16.02 0.81 8.1 11.76 8.31 0.94 -4.28 

Jul 23.06 17.01 0.74 -3.85 16.08 12.3 0.9 -5.05 

Aug 24.31 18.45 0.79 -3.13 18.4 12.61 0.9 -5.47 

Sep 22.73 19 0.81 6.65 15.82 12.1 0.91 1.4 

Oct 26.06 19.41 0.76 -1.08 23.02 16.82 0.82 2.72 

Nov 23.82 18.23 0.75 -1.52 17.62 13.69 0.88 5.59 

Dec 23.09 18.49 0.83 6.05 18.08 14.14 0.91 8.23 

Annual 78.62 61.69 0.76 1.61 60.05 47.77 0.87 1.29 

DJF 34.13 26.97 0.86 3.01 34.12 28.8 0.91 8.53 

MAM 29.9 22.93 0.78 2.67 23.85 17.96 0.87 -3.36 

JJA 37.56 27.95 0.81 -0.31 30.19 22.52 0.91 -5 

SON 43.42 34.4 0.74 1.14 35.19 29.22 0.84 3.29 

MJJA 41.8 32.8 0.79 0.68 34.51 26.18 0.9 -5.45 

 
SA-upland 

 
Ensemble Jenkinson 

Period RMSE MAE Pearson's R PBIAS RMSE MAE Pearson's R PBIAS 

Jan 34.89 26.62 0.79 2.52 30.5 24.51 0.84 0.97 

Feb 26.43 19.95 0.86 1.17 25.27 19.26 0.87 -3.39 

Mar 32.47 25.53 0.76 4.14 26.26 19.02 0.86 -7.46 

Apr 25.56 19.87 0.75 4.14 18.31 14.06 0.88 -3.35 

May 24.85 19.82 0.82 7.25 18.08 14.21 0.91 -0.3 

Jun 24.09 19.76 0.82 5.76 17.09 14.03 0.92 7.76 

Jul 27.02 20.91 0.8 1.67 22.5 16.95 0.87 4.7 

Aug 27.83 21.44 0.82 1.12 23.55 18.67 0.88 5.23 

Sep 33.91 27.19 0.79 8.35 26.93 20.83 0.87 5.53 

Oct 37.65 27.68 0.75 -4.6 35.2 26.35 0.78 1.5 

Nov 34.04 27.01 0.78 3.14 25.77 19.7 0.88 1.84 

Dec 39.16 31.54 0.82 7.18 33.16 22.96 0.87 0.78 

Annual 130.64 103.42 0.75 3.3 102.54 82.47 0.85 1.14 

DJF 60.5 48.54 0.83 3.97 53.54 41.47 0.86 -0.12 

MAM 48 37.18 0.77 5.13 39.3 29.76 0.85 -3.89 

JJA 45.96 34.32 0.84 2.56 40.24 30.83 0.9 5.73 

SON 63.39 50.3 0.73 1.92 55.55 45.16 0.8 2.8 

MJJA 52.62 40.9 0.83 3.65 44.17 34.25 0.89 4.34 

Table 5  Performance metrics for the weighted ensemble and Jenkinson reconstructions relative to observed 602 
rainfall in SA9 and SA-upland over the common period 1865-1977, evaluated at monthly, seasonal and 603 
annual scales. Metrics include root mean square error (RMSE), mean absolute error (MAE), Pearson’s 604 
correlation coefficient (r), and percent bias (PBIAS). 605 
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 606 

Figure 6  Comparison of annual SA9 and SA-upland rainfall totals from the statistical and Jenkinson 607 
reconstructions and the observations. The blue line represents the weighted ensemble reconstruction (1748-608 
1994), while the red line shows the Jenkinson-based reconstruction (1711-1977). The black line shows the 609 
observed rainfall (1865-2024). All values are expressed as annual totals (mm).610 
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SA9 and SA-upland. In SA9, annual rainfall correlation is 0.87 for the Jenkinson reconstruction 611 

compared with 0.76 for the weighted ensemble, while RMSE falls from 78.62 mm for the 612 

ensemble to 60.05 mm for Jenkinson. A similar pattern is found in SA-upland, where annual 613 

correlation rises from 0.75 for the weighted ensemble to 0.85 for Jenkinson, accompanied by a 614 

reduction in RMSE from 130.64 mm to 102.54 mm. Biases are small for both methods, 615 

indicating that the main differences lie in their ability to capture year-to-year variability rather 616 

than mean totals. 617 

At the seasonal scale (Table 5 and Figure 7), the Jenkinson reconstruction again outperforms 618 

the weighted ensemble across nearly all seasons and in both domains. In SA9, the highest 619 

seasonal performance is obtained for winter and summer. For DJF, correlations are 0.91 for 620 

Jenkinson and 0.86 for the ensemble, while in JJA the contrast is larger, with correlations of 621 

0.91 and 0.81, respectively. MAM and SON show the same ordering, with Jenkinson 622 

correlations of 0.87 and 0.84, compared with 0.78 and 0.74 for the ensemble. Errors are also 623 

consistently lower for Jenkinson, especially in spring, summer and autumn. The same broad 624 

pattern is evident in SA-upland. Correlations for the weighted ensemble range from 0.73 in 625 

SON to 0.84 in JJA, whereas Jenkinson correlations range from 0.80 in SON to 0.90 in JJA. 626 

Thus, although both reconstructions reproduce observed seasonality, the Jenkinson approach 627 

provides a closer representation of seasonal rainfall variability in both domains, given the 628 

integration of observed data. 629 

 630 
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 631 

Figure 7  Comparison of seasonal SA9 (left) and SA-upland (right) rainfall totals from the statistical and 632 
Jenkinson reconstructions and observations. Panel shows DJF, MAM, JJA, SON, and MJJA totals. The 633 
blue line represents the weighted ensemble mean reconstruction (1748-1994), while the red line shows the 634 
Jenkinson-based reconstruction (1711-1977). The black line shows observed rainfall (1865-2024). All values 635 
are expressed as seasonal totals (mm). 636 

 637 

 638 

 639 

https://doi.org/10.5194/egusphere-2026-3352
Preprint. Discussion started: 7 July 2026
c© Author(s) 2026. CC BY 4.0 License.



30 
 

The monthly results (Table 5) show a similar, and in some respects even clearer, contrast 640 

between the two approaches. For SA9, the weighted ensemble monthly correlations range from 641 

0.74 in July to 0.86 in February, while Jenkinson ranges from 0.82 in October to 0.94 in June. 642 

In the SA-upland, ensemble correlations range from 0.75 in April and October to 0.86 in 643 

February, while Jenkinson ranges from 0.78 in October to 0.92 in June. Thus, monthly skill is 644 

consistently high for both reconstructions, but almost always higher for Jenkinson.  645 

The MJJA season is particularly important because it permits comparison among all three 646 

reconstruction approaches (Table 6 and Figure 8). In SA9, the Jenkinson reconstruction shows 647 

the strongest agreement with observations, with r = 0.90, RMSE = 34.51 mm and MAE = 26.18 648 

mm. The weighted ensemble performs less well, with r = 0.79, RMSE = 41.80 mm and MAE 649 

= 32.80 mm. The δ¹⁸O reconstruction is markedly weaker, with a correlation of 0.54 and 650 

substantially larger errors (RMSE = 67.97 mm; MAE = 54.25 mm). In the SA-upland, the same 651 

ranking is observed: Jenkinson again performs best (r = 0.89; RMSE = 44.17 mm), followed 652 

by the weighted ensemble (r = 0.83; RMSE = 52.62 mm), while the δ¹⁸O reconstruction remains 653 

much weaker (r = 0.54; RMSE = 90.91 mm). Notably, all three approaches show relatively 654 

small PBIAS values. 655 

Overall, the verification results show that both primary monthly reconstructions provide 656 

credible representations of historical rainfall variability. However, the Jenkinson reconstruction 657 

performs best relative to observations across nearly all temporal aggregations and in both 658 

spatial domains. This is not surprising given the use of early observations in the Jenkinson 659 

series. For MJJA, the δ¹⁸O-based reconstruction provides a longer independent perspective, but 660 

its agreement with observed rainfall during 1865-1977 is notably weaker than that of either of 661 

the other two approaches.  662 

 663 

  Ensemble Jenkinson δ¹⁸O reconstruction 

Domain 
RMS

E 

MA

E 

Pearson's 

R 

PBIA

S 

RMS

E 

MA

E 

Pearson's 

R 

PBIA

S 

RMS

E 

MA

E 

Pearson's 

R 

PBIA

S 

SA9 41.80 
32.8

0 
0.79 0.68 34.51 26.18 0.90 -5.45 67.97 

54.2

5 
0.54 -0.21 

SA-

upland 
52.62 40.9 0.83 3.65 44.17 34.25 0.89 4.34 90.91 

75.0

1 
0.54 1.96 

 664 

Table 6  Performance metrics for the weighted ensemble mean, Jenkinson, and δ¹⁸O-based 665 
reconstructions relative to observed MJJA (May-August) rainfall in SA9 and SA-upland over the 666 
common period 1865-1977. Metrics include root mean square error (RMSE), mean absolute error (MAE), 667 
Pearson’s correlation coefficient (r) and percent bias (PBIAS). 668 
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 669 

Figure 8  Comparison of MJJA (May-August) SA9 (left) and SA-upland (right) rainfall totals from all three 670 
reconstruction approaches. The blue line represents the weighted ensemble reconstruction (1748-1994), the 671 
red line shows the Jenkinson-based reconstruction (1711-1977), and the purple line denotes the tree-ring 672 
δ¹⁸O-based reconstruction (1711-2000 on the top and 1200-2000 on the bottom). Black segments indicate 673 
observed rainfall used to extend the reconstructions beyond their respective reconstruction periods (1978-674 
2024 for the Jenkinson series, 1995-2024 for the ensemble, and 2001-2024 for the δ¹⁸O-based 675 
reconstruction). All values are expressed as seasonal totals (mm).676 
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3.3 Representation of extremes 1865-1977 677 

The ability of the Jenkinson and weighted ensemble to capture wet and dry extremes is 678 

evaluated for the common period of overlap across the reconstructions using SPI-based 679 

threshold exceedances (Figure 9). Across all accumulation periods and thresholds, the 680 

Jenkinson reconstruction demonstrates the highest skill at identifying both wet and dry events, 681 

with a higher Probability of Detection (POD) and lower False Alarm Ratio (FAR) than the 682 

statistical models. This is evident for both moderate (±1.0) and more extreme (±1.5) thresholds, 683 

where Jenkinson retains comparatively high detection rates, particularly for dry events, which 684 

are generally detected more reliably than wet events across all reconstructions. Jenkinson 685 

reconstructions also achieve comparatively lower false alarm ratios, with POD values of 0.72 686 

(wet) and 0.76 (dry) for Jenkinson compared to 0.56 and 0.67 for the ensemble for SPI-3, and 687 

correspondingly lower FAR values (0.32 and 0.26 vs 0.43 and 0.39), with similar differences 688 

evident across SPI-1, SPI-6 and SPI-12 (Figure 9). 689 

The statistical reconstructions exhibit lower skill and greater variability. Random Forest 690 

performs more favourably than LASSO, particularly for dry events, where POD values 691 

approach those of the Jenkinson reconstruction at longer accumulation periods. However, this 692 

is often accompanied by elevated FAR (Figure 9). The weighted ensemble mean typically 693 

performs between the two methods, improving on Lasso but not fully matching the 694 

performance of Random Forest or Jenkinson. Differences between methods are most apparent 695 

at shorter accumulation periods (SPI-1 and SPI-3). 696 

For the more extreme thresholds (±1.5), detection skill decreases across all reconstructions, 697 

reflecting the increased difficulty in identifying rarer events. However, the relative ranking of 698 

model performance remains consistent, with Jenkinson retaining the highest POD and 699 

generally lower FAR. In contrast, the statistical models show reduced POD and increased false 700 

alarm rates, particularly for wet extremes. Dry extremes are generally better captured than wet 701 

extremes across all methods (Figure 9). 702 

 703 

 704 
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 705 

Figure 9  Skill of the reconstruction methods in detecting wet and dry events, evaluated using the 706 
Probability of Detection (POD), False Alarm Ratio (FAR)  for SA9 (left) and SA upland (right). Results are 707 
shown for four threshold levels (±1 and ±1.5) and across SPI accumulation periods (1, 3, 6, and 12 months). 708 
Each panel displays the performance of the Jenkinson (red), Lasso (orange), Random Forest (green), and 709 
the ensemble (blue) reconstruction. Positive thresholds (+1, +1.5) represent wet extremes, while negative 710 
thresholds (-1, -1.5) represent dry extremes. Higher POD values indicate better skill, whereas lower FAR 711 
values indicate fewer false detections. 712 

 713 
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The Jaccard Index is employed to evaluate the skill of all three reconstructions in capturing the 714 

top 20 wettest and driest years and seasons (Figure 10), with the full lists of top 20 wettest and 715 

driest years provided in Table S4. The Jenkinson reconstruction shows the highest agreement 716 

with observations in identifying the top 20 wettest and driest years across most seasons and at 717 

the annual scale, with JI values generally exceeding those of the weighted ensemble. For 718 

example, in SA9, the Jenkinson reconstruction captures 16 of the 20 wettest (JI = 0.67) and 14 719 

of the 20 driest (JI = 0.54) years, compared to 13 (JI = 0.48) and 10 (JI = 0.33) years, 720 

respectively, for the ensemble. This pattern is consistent across seasons in both SA9 and SA-721 

upland (Tables S5-S6), with the Jenkinson reconstruction typically identifying a larger 722 

proportion of extreme years than the weighted ensemble. The wettest years (1865-1977) in the 723 

observed series for both domains are 1960 and 1872 (ranked third in SA9 and second in SA-724 

upland). Both reconstructions identify these years as exceptionally wet, with 1872 ranked as 725 

the wettest, and 1960 ranked second in the Jenkinson reconstruction in both domains, and fifth 726 

(SA9) and fourth (SA-upland) in the ensemble (Table S4). The driest years in the observed 727 

record are 1887 and 1971. The Jenkinson reconstruction identifies 1887 as the driest year in 728 

both domains, while 1971 is ranks fourth. The weighted ensemble reconstruction also identifies 729 

these years as exceptionally dry, ranking 1887 as the third- and second-driest year in the SA9 730 

and SA-upland domains, respectively, and 1971 as the sixth- and seventh-driest year (Table 731 

S4).  732 

 In winter (DJF), both reconstructions perform well, capturing 13-15 events (JI = 0.48-0.60), 733 

while in spring (MAM) and summer (JJA) the advantage of the Jenkinson reconstruction is 734 

more pronounced, identifying 14-15 events (JI = 0.48-0.60) compared to 10-12 events (JI = 735 

0.33-0.43) for the weighted ensemble. In autumn (SON)’ wet extremes show the weakest 736 

agreement, with Jenkinson and the ensemble identifying 11 and 10 of the top 20 events, 737 

respectively (JI = 0.38 and 0.33). In contrast, dry extremes are captured more reliably, with 16 738 

and 14 events identified (JI = 0.67 and 0.54, respectively). 739 

Across both domains, dry extremes are generally captured more reliably than wet extremes, 740 

with higher Jaccard Index values and a greater number of correctly identified events across 741 

most seasons. This is particularly evident in autumn (SON), where dry extremes show the 742 

highest agreement (JI up to 0.67), while wet extremes exhibit the lowest agreement (JI typically 743 

0.33-0.38). For MJJA, inclusion of the δ¹⁸O reconstruction highlights its more limited ability 744 

to reproduce extreme years, capturing 9-11 of the top 20 events (JI = 0.29-0.38), compared to 745 

12 events (JI = 0.43) for the weighted ensemble and 15-16 events (JI = 0.60-0.67) for the 746 
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Jenkinson reconstruction. JI values for the δ¹⁸O reconstruction are substantially lower than 747 

those of both Jenkinson and the ensemble, particularly for dry extremes, indicating reduced 748 

skill in identifying individual extreme years. Notably, for SA9, the δ¹⁸O reconstruction captures 749 

just under 50 per cent of the observed driest years in MJJA, and just over 50 per cent of the 750 

wettest years. This behaviour is reversed for SA-upland, while the weighted ensemble shows 751 

improved performance in the upland domain, particularly for dry extremes where agreement 752 

matches that of the Jenkinson reconstruction. 753 

 754 
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 755 

Figure 10  Agreement between reconstructed and observed extreme precipitation years, expressed using 756 
the Jaccard Index (JI) for SA9 (left) and SA-upland (right) across six seasonal aggregations (Annual, DJF, 757 
MAM, JJA, SON, MJJA). Bars represent the agreement in the identification of the top wettest (blue) and 758 
driest (red) years between model reconstructions and observations. Higher JI values indicate stronger 759 
agreement between reconstructed and observed extreme years, while the dashed horizontal line indicates a 760 
JI value of 0.33, corresponding approximately to a 50% overlap. 761 
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3.4 Full period reconstructions 762 

Comparisons thus far have focused on the period of overlap with observations; in this section 763 

we focus primarily on the pre-1865 reconstructions. For winter (DJF), while both Jenkinson 764 

and the weighted ensemble show good coherence over the instrumental period, there is 765 

evidence of divergence between reconstructions in both domains before circa 1850, with DJF 766 

totals for Jenkinson generally lower than for the ensemble (Figure 7). The divergence is more 767 

apparent in the upland domain. A similar pattern is also evident in spring (MAM), but less 768 

marked. Given that the Jenkinson series is constructed directly from early observations and 769 

documentary sources (Dr John Rutty’s weather diary), we explore whether these 770 

reconstructions are sensitive to observational bias through the under-representation of snow 771 

due to changes in gauge design, observational practice or reliance on documentary sources 772 

(Murphy et al., 2020). The weighted ensemble reconstruction is less likely to contain such 773 

biases, as it is derived from predictors such as sea level pressure, among others, rather than 774 

direct precipitation observations.  775 

 To explore whether snowfall and sleet variability may contribute to divergence between 776 

reconstructions, a residual series was calculated as the difference between the Jenkinson and 777 

weighted ensemble mean and compared with an annually resolved extended Dublin Snow and 778 

Sleet (DSS) series derived using the Manley London snow and sleet chronology. A linear 779 

transfer function (slope of 0.55 (95% CI 0.51-0.60) calibrated over the common period (1867-780 

1974) showed good agreement between the Dublin and Manley series (r = 0.83; MAE = 4.8 781 

days and Percent Bias of -6.48%), supporting the use of the extended DSS chronology prior to 782 

the instrumental overlap period. The derived extended DSS series is shown in Figure S1.  783 

Comparison of 10-year forward-running averages for reconstruction residuals and the inverted 784 

DSS series is presented in Table 10 and Figure 11 for winter (DJF), spring (MAM), and the 785 

snow year (ONDJFMAM). Both DJF and the snow year show significant (p < 0.05) positive 786 

correlations with the residual series at the annual scale, with the snow year 10-year smoothed 787 

series also revealing significance after p-value correction for autocorrelation in SA9. No 788 

significant correlation is found for MAM, whereas for DJF, 10-year smoothing reduces 789 

significance once p-values are corrected (p <0.10). Visual correspondence between the residual 790 

and DSS series is evident across all seasons and both domains, with periods of elevated snow 791 

and sleet occurrence generally coinciding with larger divergence between the reconstruction 792 

approaches. Similar behaviour across both domains is consistent with the possibility that the 793 

pre-1865 Jenkinson winter and spring series may exhibit low biases due to snowfall undercatch, 794 
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changing observational practices, or limitations in documentary and early instrumental sources. 795 

Comparison with reconstructions and available long-term series from the UK is broadly 796 

consistent with the interpretation that winter totals in the 18th-century Jenkinson series may be 797 

biased low relative to the weighted ensemble (Figure 12), while also lending support to the 798 

large-scale hydroclimatic variability captured by the weighted ensemble mean. Comparison 799 

with Pauling et al. (2006) reconstructions for SA9 winter (DJF) totals reinforces the finding 800 

that the Jenkinson reconstruction underestimates winter totals, with the Pauling reconstructions 801 

showing stronger agreement with the weighted ensemble reconstruction. The winter Jenkinson 802 

reconstruction for SA9 reveals a correlation of 0.68 with the Pauling reconstruction, while the 803 

equivalent correlation for the weighted ensemble is 0.73 (Figure 13).  804 

 805 

    r p-value adjusted p-value 

season smoothing SA9 SA_Upland SA9 SA_Upland SA9 SA_Upland 

DJF annual 0.46 0.47 0.00 0.00 0.00 0.00 

DJF 10-year 0.72 0.70 0.00 0.00 0.09 0.09 

MAM annual 0.08 0.08 0.41 0.41 0.42 0.42 

MAM 10-year 0.32 0.29 0.00 0.00 0.46 0.51 

ONDJFMAM annual 0.42 0.41 0.00 0.00 0.00 0.00 

ONDJFMAM 10-year 0.73 0.66 0.00 0.00 0.04 0.08 

 806 

Table 10  Pearson’s correlations between annual and smoothed (10-year forward running mean) residuals 807 
and the inverse extended snow and sleet residuals for each domain. Also shown are the raw and adjusted 808 
p-values when the effective sample size is reduced due to autocorrelation from smoothing. 809 

 810 

For Spring (MAM) good coherence is evident between reconstructions and longer-term 811 

reconstructions with the Jenkinson series showing lower decadal totals than the weighted 812 

ensemble during the 1700s, but consistent with some UK stations (Figure 12). Comparison of 813 

the annual MAM series with Pauling et al. (2006) reconstructions shows strong agreement with 814 

the weighted ensemble mean, with Jenkinson revealing lower annual totals prior to 1780 815 

(Figure 13). 816 

https://doi.org/10.5194/egusphere-2026-3352
Preprint. Discussion started: 7 July 2026
c© Author(s) 2026. CC BY 4.0 License.



39 
 

 817 

Figure 11  Standardised residuals (Jenkinson minus weighted ensemble; black) and inverted extended 818 
Dublin Snow and Sleet (DSS) series (orange) for the SA9 and SA-upland domains across ONDJFMAM, 819 
DJF, and MAM aggregations, 1748-1867. Series are expressed as z-scores and smoothed using 10-year 820 
forward running means. The annually resolved extended DSS series was sign-inverted to facilitate visual 821 
comparison, such that periods of enhanced snow and sleet occurrence correspond to larger positive 822 
residuals. 823 

 824 

In summer (JJA), both the Jenkinson and the weighted ensemble reconstructions show close 825 

agreement back to circa 1810. For earlier years, the Jenkinson series shows higher seasonal 826 

totals than the ensemble, especially in the upland domain. For extended summer (MJJA), better 827 

agreement is evident, but the Jenkinson series shows elevated totals relative to the ensemble 828 

for certain years in the latter half of the 18th-century. For autumn (SON), there is good 829 

agreement between the two approaches throughout the full reconstructions period.  830 

 Comparison of summer reconstructions with UK stations reveals that some UK stations 831 

(Spalding and Kew) show similarly high totals in the second half of the 1700s. Other stations 832 

(Oxford and Carlisle) tend to show closer correspondence to the weighted ensemble 833 

reconstructions in this period (Figure 12). Comparison with Pauling et al. (2006) 834 

https://doi.org/10.5194/egusphere-2026-3352
Preprint. Discussion started: 7 July 2026
c© Author(s) 2026. CC BY 4.0 License.



40 
 

reconstructions for SA9 adds weight to the view that summer totals in this period are too high 835 

in the Jenkinson reconstruction (Figure 13). For MJJA the δ¹⁸O reconstruction tends to agree 836 

with the Jenkinson series during this period. However, divergence between the δ¹⁸O 837 

reconstruction and other observed and reconstructed series is evident in the early and late 838 

1700s.  The period 1730-1800 is subject to uncertainty about the extent and magnitude of wet 839 

summers. As the Jenkinson reconstruction during this period is strongly informed by Rutty’s 840 

Dublin weather diary (1716-1765) and sparse early instrumental observations, it remains 841 

difficult to determine whether the elevated summer totals reflect genuine hydroclimatic 842 

conditions or uncertainties associated with documentary and early observational sources. This 843 

period is marked by notable spatial gradients in summer totals, which would be worth 844 

unpacking in future research. Autumn shows strong agreement across all reconstructions and 845 

available series throughout the record (Figure 12). 846 

 847 
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 848 

Figure 12  Seasonal and MJJA standardised 10-year moving averages for the SA9 (left) and SA-upland 849 
(right) domains, compared with instrumental series from selected UK stations. Panels show winter (DJF), 850 
spring (MAM), summer (JJA), autumn (SON), and May-August (MJJA). Coloured lines represent 851 
individual station series (Kew - grey, Spalding - orange, Carlisle - green, Oxford - pink), weighted ensemble 852 
(blue) and Jenkinson-based reconstructions (red). The black line denotes the observed series, and the 853 
purple line in the MJJA panels represents the δ¹⁸O reconstruction. All series are standardised to a common 854 
baseline to facilitate comparison of variability across datasets. Note that the MJJA series extends over a 855 
longer period (1711-2000) than the seasonal panels (1711-1977). 856 

 857 

 858 
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 859 

Figure 13  Comparison of seasonal totals for SA9 from observations, Pauling et al. (2006) reconstructions, 860 
the weighted ensemble mean and the Jenkinson reconstruction from 1711 to 2024. 861 

 862 

4 Discussion  863 

This study developed and evaluated multi-method precipitation reconstructions for two water 864 

resource zones in the Greater Dublin Area (GDA) in Ireland, with direct relevance to water 865 

resource planning. All three reconstruction approaches show robust skill in reproducing rainfall 866 

variability across contrasting lowland and upland domains and provide complementary 867 

perspectives on GDA hydroclimate, extending rainfall variability into the early eighteenth 868 

century while placing recent summer conditions within a longer-term context extending to 869 

1200 CE. This reflects the growing recognition that hydroclimatic reconstruction is 870 

strengthened by integrating documentary, instrumental, circulation-based, and proxy evidence 871 
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rather than relying on a single method (Pauling et al., 2006; Murphy et al., 2018; Brázdil et al., 872 

2018; Brönnimann et al., 2019a, 2019b). 873 

Across the common observational overlap period (1865-1977), the Jenkinson reconstruction 874 

shows the strongest agreement with observations at annual, seasonal, monthly, and event-based 875 

scales, likely reflecting the direct incorporation of early instrumental evidence. The statistical 876 

ensemble also performs well but exhibits smoother variability and compressed extremes, 877 

consistent with the variance reduction observed in regression-based reconstruction approaches 878 

(Bürger, 2007; Hastie et al., 2009). In contrast, the δ¹⁸O reconstruction shows weaker 879 

interannual agreement with observations, as expected, given that tree-ring isotope signals 880 

integrate broader growing-season hydroclimatic conditions rather than discrete precipitation 881 

events and are focused on central England (McCarroll and Loader, 2004; Gessler et al., 2014; 882 

Klesse et al., 2018).  883 

Importantly, we show that strong reconstruction performance during the nineteenth- and 884 

twentieth-century overlap period does not necessarily imply equal reliability earlier in the 885 

record. This is particularly relevant for the Jenkinson reconstruction, as the underlying source 886 

composition changes substantially over time. During the later overlap period, the 887 

reconstruction benefits from improved instrumental coverage and more standardised 888 

observational practices, whereas earlier sections, particularly prior to the mid-nineteenth 889 

century, rely more heavily on documentary evidence and sparse rain-gauge observations. 890 

Divergence between the Jenkinson and weighted ensemble reconstructions is most evident in 891 

winter and spring prior to the mid-nineteenth century, particularly in the upland domain. 892 

Residual analysis shows broad correspondence between reconstruction divergence and the 893 

extended Dublin Snow and Sleet (DSS) series, suggesting that snowfall and mixed-894 

precipitation undercatch may contribute to low biases in the early Jenkinson winter and spring 895 

series. This hypothesis is also supported through comparison with available seasonal 896 

reconstructions by Pauling et al. (2006). Similar observational biases associated with historical 897 

precipitation measurement have been linked to rain-gauge exposure, snowfall measurement, 898 

and early observational practices (Strangeways, 1996; Strangeways, 2010; Pollock et al., 899 

2018), while comparable inhomogeneities have also been identified in long-term Irish and UK 900 

precipitation records (Murphy et al., 2018; Murphy et al., 2019).  901 

In contrast, although the statistical ensemble generally exhibits lower validation skill during 902 

the instrumental overlap, its use of independent predictors is less vulnerable to changes in input 903 
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confidence over time. However, this approach assumes that the relationship between 904 

circulation-based predictors and Dublin-domain rainfall calibrated during 1930-1994 remains 905 

sufficiently stable back to 1748. These results highlight that reconstruction approaches possess 906 

differing uncertainty structures and temporal sensitivities that must be considered when 907 

interpreting long-term hydroclimatic variability. Comparison with long-term UK rainfall series 908 

and Pauling et al. (2006) reconstructions further supports this interpretation, with several 909 

records aligning more closely with the weighted ensemble reconstruction during eighteenth-910 

century winters. Consequently, while the Jenkinson reconstruction likely provides the strongest 911 

event-scale representation during the later eighteenth and nineteenth centuries (given its 912 

incorporation of observed data), the ensemble reconstruction may offer a more robust estimate 913 

of earlier winter and spring hydroclimatic variability where snowfall-related biases are likely 914 

greatest. 915 

The mid-eighteenth century emerges as a particularly uncertain period for reconstructing 916 

summer rainfall. Although the Jenkinson and ensemble reconstructions show broad coherence 917 

during much of the observational period, substantial divergence is evident during the latter half 918 

of the eighteenth century, particularly for JJA and MJJA rainfall in the upland domain. 919 

Comparison with independent UK rainfall series, Pauling et al. (2006) reconstructions, and the 920 

δ¹⁸O reconstruction does not provide a single coherent interpretation of this period. While 921 

stations such as Spalding and Kew show elevated summer totals comparable to the Jenkinson 922 

reconstruction, Oxford and Carlisle align more closely with the ensemble reconstruction. The 923 

δ¹⁸O chronology also shows partial agreement with the Jenkinson series during this interval, 924 

although disagreement remains substantial. Rather than representing model error, this 925 

divergence may reflect genuine spatial hydroclimatic heterogeneity across Britain and Ireland, 926 

with strong regional gradients in summer rainfall variability during the eighteenth century. 927 

Similar heterogeneous behaviour has been identified in European precipitation reconstructions 928 

(Pauling et al., 2006; Casty et al., 2007; Cook et al., 2015; Brázdil et al., 2020b). Consequently, 929 

the period 1730-1800 should be regarded as an important uncertainty window for reconstructed 930 

summer rainfall variability requiring further investigation across multiple data sources. 931 

The δ¹⁸O reconstruction provides an important longer-term perspective on hydroclimatic 932 

variability that is unavailable from documentary and instrumental sources alone. The 933 

chronology is most valuable as an indicator of low-frequency summer hydroclimatic variability 934 

rather than as an event-scale reconstruction. Although agreement with observations is weaker 935 

at interannual timescales, the reconstruction nevertheless retains meaningful hydroclimatic 936 
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skill. This likely reflects both the integrated nature of tree-ring isotope signals and the spatial 937 

mismatch between Central England oak cellulose and Dublin hydroclimate.  938 

While a significant advance for understanding rainfall variability for a major European city, 939 

future work should focus on improved uncertainty propagation, incorporation of additional 940 

Irish documentary and proxy evidence, spatially resolved reconstructions, and hydrological 941 

evaluation of reconstructed droughts and water-resource vulnerability (e.g. Brázdil et al., 2018; 942 

Peña-Angulo et al., 2022; Jobbová et al., 2024). Some additional limitations should also be 943 

acknowledged. The Jenkinson reconstruction and observational series are unlikely to be fully 944 

independent during the overlap period, with some station data contributing to both datasets.  945 

Taken together, the reconstructions are best interpreted as complementary products with 946 

different strengths and applications. The Jenkinson reconstruction is most suitable for later-947 

period monthly and seasonal variability and event-scale analysis, where validation against 948 

observations is strongest. The statistical ensemble provides an independent circulation-949 

informed reconstruction that offers a physically interpretable representation of monthly 950 

regional hydroclimatic variability and provides a more robust basis for interpreting early winter 951 

and spring conditions where snowfall-related observational biases are greatest. Our work also 952 

shows that despite calibration to a sparser observational dataset, the Pauling et al. (2006) 953 

reconstructions remain a robust estimate of seasonal totals in the lowland SA9 region, 954 

extending back to the early 1700s. In contrast, the δ¹⁸O chronology is most useful for placing 955 

MJJA rainfall variability within a longer-term hydroclimatic context rather than identifying 956 

individual extreme years. 957 

Beyond methodological evaluation, these reconstructions also provide an extended 958 

hydroclimatic baseline relevant to drought risk assessment and long-term water resource 959 

planning in eastern Ireland. The reconstructions provide the basis for placing recent droughts 960 

within a longer-term hydroclimatic context and for identifying periods and extremes that are 961 

not fully represented within the short instrumental record. Such information may support 962 

hydrological modelling, stress-testing of water-resource systems, and assessment of historical 963 

droughts. The differing strengths of the reconstruction approaches are also important 964 

operationally, as confidence in reconstructed hydroclimatic variability depends on season, 965 

period, and intended application. 966 

 967 

 968 
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5 Conclusion 969 

This study presents a multi-method reconstruction of precipitation variability for the Greater 970 

Dublin Area, integrating documentary, instrumental, circulation-based indices, and tree-ring 971 

isotope evidence. Independent monthly reconstructions were developed for lowland and upland 972 

water-resource domains using the Jenkinson rainfall dataset and a statistical ensemble based 973 

on Lasso and Random Forest models, while an oak cellulose δ¹⁸O chronology was used to 974 

extend May-August rainfall back to 1200 CE. Across the observational overlap period, both 975 

the Jenkinson reconstruction and the statistical ensemble reproduce broad rainfall variability, 976 

but the Jenkinson reconstruction shows the strongest agreement with observations at monthly, 977 

seasonal, annual, and event scales, given that this series integrates the earliest observations in 978 

Ireland. The statistical ensemble provides a physically interpretable, circulation-based 979 

reconstruction, although it tends to smooth variability and under-represent extremes. The δ¹⁸O 980 

reconstruction shows weaker interannual agreement with observed MJJA rainfall but provides 981 

an independent perspective on longer-term summer hydroclimatic variability. 982 

Reconstruction performance over the instrumental overlap does not imply uniform reliability 983 

through time. Prior to the mid-nineteenth century, winter and spring divergence between the 984 

Jenkinson and weighted ensemble mean reconstructions is consistent with possible snow- and 985 

sleet-related undercatch in early precipitation sources. Summer rainfall during the eighteenth 986 

century is also uncertain, with differences among the Dublin reconstructions, the δ¹⁸O 987 

chronology, and the long-term UK rainfall series and other seasonal reconstructions suggesting 988 

genuine regional hydroclimatic heterogeneity. Used together, these reconstructions provide a 989 

stronger basis for contextualising droughts, pluvials, and seasonal rainfall variability affecting 990 

the Greater Dublin Area. For water-resource and climate-risk applications, the reconstructions 991 

extend the range of hydroclimatic variability available for stress-testing beyond the 992 

instrumental period and hydrological evaluation of reconstructed drought and pluvial episodes. 993 

 994 

 995 

 996 
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