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Abstract 39 

Aim 40 

Spatially explicit paleoclimate reconstructions are widely used in macroecology, biogeography, and 41 

archaeology to infer past species ranges, refugia, and biodiversity dynamics. Three products, 42 

Oscillayers, Krapp et al. (2021), and PALEO-PGEM-Series, provide global bioclimatic variables across 43 

the Quaternary, yet rest on fundamentally different methodological foundations, and their mutual 44 

consistency remains unquantified. 45 

Methods 46 

This study provides the first joint comparison of all three reconstructions on a common bioclimatic grid 47 

across 79 time slices spanning 20–800 ka BP, focusing on mean annual temperature (BIO1) and total 48 

annual precipitation (BIO12). Agreement was assessed via raw-value and anomaly correlations, partial 49 

correlations controlling for latitude, root mean squared error, threshold-based agreement rates, and 50 

validation against 19 independent terrestrial proxy archives, including the first continuous time-series 51 

validation of Oscillayers. Inter-dataset consistency rather than absolute accuracy is quantified; proxy 52 

archives serve as the single external benchmark. 53 

Main conclusions 54 

The results reveal a clear contrast between variables. For temperature, all dataset pairs showed high 55 

spatial correlations (r = 0.98–0.99) and consistently positive cell-wise temporal correlations across 56 

virtually the entire terrestrial realm, with disagreement concentrated in high-latitude regions (northern 57 

North America, Siberia). For precipitation, spatial patterns remained correlated (r = 0.94–0.95), but 58 

anomaly correlations were near zero (r = 0.05–0.19), with large areas of negative temporal correlation 59 

across the Amazon Basin, Congo Basin, and South and Southeast Asia. Proxy validation yielded 60 

comparable performance across all three datasets (mean |r| ≈ 0.50). The three reconstructions are largely 61 

interchangeable for studies centred on broad-scale temperature gradients, but should not be treated as 62 

equivalent for analyses requiring past precipitation histories, particularly in tropical and monsoonal 63 

regions. Dataset choice should be treated as explicit uncertainty rather than an arbitrary background 64 

decision. 65 
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Introduction 70 

Across macroecology, biogeography, and archaeology, spatially explicit reconstructions of 71 

paleoclimate have become indispensable inputs for investigating past species ranges, biodiversity 72 

dynamics, and human prehistory (Willmes et al. 2020; Lawing 2021; Blois et al. 2025; Licht et al. 2026; 73 

Lomborg et al. 2026). Such reconstructions are used to identify (glacial) refugia, reconstruct the range 74 

dynamics of taxa from plants to hominins, quantify long-term niche evolution, and trace the climatic 75 

contexts of major biogeographic transitions (e.g. Kougioumoutzis et al. 2020; Beyer et al. 2021; 76 

Bergman et al. 2023; Folk et al. 2023; Lu et al. 2023; Timmermann et al. 2024; Gamboa et al. 2024; 77 

Schweickl et al. 2025; Jongsma et al. 2026). Yet the paleoclimatic datasets underpinning these 78 

inferences were built from fundamentally different assumptions, forcing data, and modelling 79 

frameworks and their agreement across space and time has not been systematically quantified. 80 

Among the currently available long-term reconstructions (summarized in Barreto et al. 2023; Lomborg 81 

et al. 2026), three products now provide spatially explicit bioclimatic variables at a global scale across 82 

the Quaternary: Oscillayers (Gamisch 2019), the reconstruction of Krapp et al. (2021), and PALEO-83 

PGEM-Series (Holden et al. 2019; Barreto et al. 2023). All three span at least the last 800 kyr and 84 

provide the bioclimatic variables routinely used in species distribution and niche modelling, yet they 85 

rest on fundamentally different methodological foundations (Table 1). Oscillayers is generated by 86 

statistically scaling present-to-LGM climate anomalies along a global temperature curve derived from 87 

benthic oxygen-isotope ratios (Hansen et al. 2013; Gamisch 2019), an approach that assumes the spatial 88 

structure of climate anomalies to remain constant through time, with only its amplitude varying in 89 

proportion to the global temperature curve. Krapp et al. (2021) instead derive transient climatologies 90 

from linear regressions between snapshots of the HadCM3 general circulation model and external 91 

forcings (atmospheric CO₂, orbital parameters, and surface type), bias-corrected against present-day 92 

observations. PALEO-PGEM-Series takes a third approach, statistically emulating PLASIM-GENIE, 93 

an intermediate-complexity atmosphere–ocean model that captures coupled climate dynamics at lower 94 

computational cost than a fully coupled GCM, before downscaling the emulated fields to a modern 95 

climatological baseline. These frameworks thus span a gradient from purely statistical rescaling to the 96 
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emulation of a coupled climate model, and each rests on simplifying assumptions whose consequences 97 

for the reconstructed bioclimatic variables remain incompletely understood (Gamisch 2019, 2020; 98 

Brown et al. 2020; Krapp et al. 2021; Barreto et al. 2023). 99 

Whether these methodological differences translate into meaningful disagreement in the reconstructed 100 

bioclimatic fields, and if so, where and when, is an open question with direct practical consequences. 101 

Paleoclimatic reconstructions do not enter ecological and archaeological analyses as raw climate fields: 102 

they are transformed into estimates of habitat suitability, connectivity, and niche overlap, and used to 103 

infer the timing and geography of range shifts, refugial persistence, and dispersal events. If inter-product 104 

disagreements are systematic, concentrated in particular regions, time periods, or climatic states, then 105 

studies relying on a single reconstruction may carry unacknowledged sensitivity to dataset choice 106 

(Varela et al. 2015; Rentier et al. 2025; Guevara et al. 2025), with potentially different inferences about 107 

the location of climatically suitable areas, the degree of population connectivity, or the persistence of 108 

glacial refugia (e.g. Kirschner et al. 2020; Guevara et al. 2025). 109 

Despite the growing reliance on these long-term reconstructions, systematic cross-dataset evaluation 110 

remains incomplete. First, Oscillayers has been assessed against bioclimatic snapshots at individual 111 

time slices (Gamisch 2019, 2020; Brown et al. 2020), but has not been validated against independent 112 

terrestrial archives in a continuous time-series framework. Second, PALEO-PGEM and the Krapp et al. 113 

reconstruction have each been evaluated against proxy records (Barreto et al. 2023; Krapp et al. 2021, 114 

their Table 4), but their mutual agreement at the level of gridded bioclimatic variables has not been 115 

quantified. Third, all three reconstructions have never been jointly compared on a common bioclimatic 116 

grid across their shared temporal range. In addition, concerns have been raised about the stationarity 117 

assumption underlying Oscillayers, that the spatial structure of climate anomalies remains invariant 118 

through time (Gamisch 2019, 2020; Brown et al. 2020; Barreto et al. 2023), leading to the expectation 119 

that Oscillayers may reconstruct systematically different bioclimatic conditions than the model-based 120 

products. Whether this is the case, and if so where and when it manifests, has not yet been empirically 121 

established. Critically, these evaluations have so far quantified inter-product consistency rather than 122 

absolute accuracy; the same framework is adopted here, treating proxy archives as the single external 123 

benchmark against which consistency can be partially evaluated. 124 
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This study addresses these gaps by comparing Oscillayers, PALEO-PGEM-Series, and the 125 

reconstruction of Krapp et al. across 79 time slices at 10 kyr resolution spanning 20–800 ka BP, using 126 

mean annual temperature (BIO1) and total annual precipitation (BIO12). Reconstruction agreement was 127 

quantified using four complementary approaches: (i) similarity in absolute climate patterns, assessed 128 

through Pearson correlation, partial correlation controlling for latitude, mean bias, and root mean 129 

squared error (RMSE); (ii) agreement in temporal climate anomalies relative to each dataset’s long-130 

term mean; (iii) the proportion of the terrestrial land surface for which climate estimates converged 131 

within ecologically meaningful uncertainty thresholds; and (iv) the ability of each reconstruction to 132 

reproduce temperature variability recorded in 19 independent terrestrial proxy archives spanning up to 133 

800 kyr BP, including the first time-series validation of Oscillayers. The first three analyses were 134 

conducted both for individual time slices and on a cell-wise basis across the full temporal record, 135 

enabling assessment of both the temporal and spatial dimensions of reconstruction agreement. 136 

Collectively, these analyses provide a quantitative framework for evaluating the conditions under which 137 

paleoclimatic reconstructions are interchangeable, that is, whether substituting one product for another 138 

is likely to alter the qualitative conclusions of a downstream ecological or biogeographic analysis, and 139 

for identifying regions and time periods where dataset choice warrants explicit sensitivity testing. 140 

 141 

Materials and Methods 142 

Data sources 143 

Three independent global paleoclimate reconstructions (i.e. Oscillayers (Gamisch 2019); HadCM3 144 

climate simulations extended via linear regression (Krapp et al. 2021; hereafter Krapp); PALEO-145 

PGEM-Series (Holden et al. 2019; Barreto et al. 2023; hereafter PGEM)) were compared across 79 time 146 

steps spanning the last 800 thousand years (kyr) (Table 1). Oscillayers provides bioclimatic 147 

reconstructions for the past 5.4 million years at a spatial resolution of 0.04° × 0.04° and a temporal 148 

resolution of 10 kyr (Gamisch 2019). In contrast, Krapp covers the last 800 kyr at 1 kyr intervals and a 149 

spatial resolution of 0.5° × 0.5°, whereas PGEM offers bioclimatic reconstructions spanning the past 5 150 

million years at 1 kyr intervals and a spatial resolution of 1° × 1°. The three paleoclimate  datasets were 151 
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downloaded from their respective repositories (Oscillayers: https://doi.org/10.5061/dryad.27f8s90, 152 

Krapp: https://doi.org/10.17605/OSF.IO/8N43X; PGEM: 153 

https://figshare.com/s/d45714f7212de7225fe2. All analyses focused on mean annual temperature 154 

(BIO1, °C) and total annual precipitation (BIO12, mm yr⁻¹).  155 

 156 

Data processing 157 

To facilitate comparisons among palaeoclimatic datasets differing in spatial and temporal resolution 158 

and extent, all analyses were conducted on a common 10 kyr time grid and a 0.5° × 0.5° spatial grid 159 

and common paleo-coastlines for each time step. The temporal resolution (10 kyr) was chosen to match 160 

Oscillayers, whereas the spatial resolution followed the 0.5° × 0.5° reference grid of Krapp et al. (2021). 161 

The temporal window of 20–800 ka BP was determined by the coverage of Oscillayers, which provides 162 

no reconstructions for time steps more recent than 20 ka. The upper bound of 800 ka BP was chosen to 163 

encompass the full shared temporal range of all three products. Oscillayers and PGEM were resampled 164 

to this grid using bilinear interpolation. To ensure consistency in land–sea distribution through time, 165 

the Krapp and PGEM datasets were subsequently masked using the corresponding Oscillayers land 166 

mask for each of the 79 time steps. For each dataset, the long-term mean climate at each grid cell was 167 

calculated as the arithmetic mean across all 79 time slices spanning 20–800 ka BP. Temporal anomalies 168 

were subsequently derived by subtracting this cell-specific mean from the reconstructed value at each 169 

time slice. Consequently, anomaly values represent the signed departure of climatic conditions from the 170 

long-term mean at a given grid cell and time step. To characterise agreement at two complementary 171 

analytical levels, pairwise metrics were computed both across space for each time step and across time 172 

for each grid cell. The time-step-level metrics, describing how spatial agreement varies over time, are 173 

presented first, followed by cell-wise metrics aggregated over all 79 time steps, which yield spatially 174 

explicit maps of where agreement is consistently high or low. Together, these two levels address when 175 

and where the reconstructions converge. 176 

 177 

 178 

 179 

https://doi.org/10.5061/dryad.27f8s90
https://doi.org/10.17605/OSF.IO/8N43X
https://figshare.com/s/d45714f7212de7225fe2
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Time-step-level inter-dataset comparison 180 

For each of the three comparison pairs, Oscillayers–Krapp, PGEM–Krapp, and Oscillayers–PGEM, and 181 

each time step, the following metrics were computed: Pearson absolute correlation (rₐbs); anomaly 182 

correlation (rₐnom); latitude-partial correlation (rₚₐrt); mean bias (data set 1, DS1 − data set 2, DS2); 183 

RMSE. Agreement percentages (%) were computed at four thresholds per variable (BIO1: ±1, 1.5, 3, 184 

5 °C; BIO12: ±50, 100, 200, 300 mm). Agreement percentages were compared against LGM inter-185 

model agreement values from Gamisch (2020) as a contextual reference. This benchmark reflects 186 

agreement between two GCMs at a single time slice and therefore represents a conservative lower bound 187 

rather than a direct methodological equivalent to the present multi-temporal, multi-framework 188 

comparison. For each pairwise comparison at each time step, only cells with simultaneously non-189 

missing values for the absolute values of both datasets, their respective temporal anomalies, and latitude 190 

were retained. Sequences of all 79 time steps for both variables are provided in the Supplement 191 

(Additional File 1, Additional File 2) and at the Dryad digital repository [doi: 192 

https://doi.org/10.5061/dryad.qrfj6q5z8] to allow visual inspection of how spatial agreement evolves 193 

through the glacial–interglacial cycles. 194 

 195 

Cell-wise spatial analysis 196 

For each grid cell, the temporal Pearson (rts) correlation between two datasets’ 79-step value time series 197 

was computed. High positive rₜₛ indicates that both datasets reconstruct similar temporal trajectories at 198 

a given location; negative values indicate anti-phase temporal dynamics. For each cell, the mean bias 199 

was computed as the arithmetic mean of (DS1 − DS2) across all 79 time steps, and the mean RMSE as 200 

the square root of the mean squared difference. Temporal agreement percentages (%) were computed 201 

at four thresholds per variable (BIO1: ±1, 1.5, 3, 5 °C; BIO12: ±50, 100, 200, 300 mm). These cell-202 

wise aggregates reveal whether systematic or random disagreements are spatially uniform or 203 

concentrated in particular regions.  204 

 205 

 206 

 207 
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Proxy validation 208 

To evaluate temporal correspondence between the three reconstructions and geological temperature 209 

archives, BIO1 was validated against 19 terrestrial paleoclimate proxy records, following the 210 

methodology of Krapp et al. (2021) and Barreto et al. (2023). Site metadata and time series were 211 

obtained from Krapp et al. (2021) (DOI: 10.17605/OSF.IO/8N43X) (see Supplement Table S1). Each 212 

proxy time series was linearly interpolated to the 10 kyr grid and the temporal overlap between each 213 

proxy and each dataset was determined and rounded inward to the nearest 10 ka step. For each proxy 214 

site and dataset, BIO1 was extracted from the nearest grid cell at native spatial resolution, and Pearson 215 

r and p-values were computed over all valid overlapping time steps. Published Pearson r values from 216 

Krapp et al. (2021) and Barreto et al. (2023) (computed over the full 800 ka record at 19 terrestrial sites 217 

at steps of 1 kyr) were used as a reference benchmark. 218 

 219 

Software 220 

All analyses were conducted in R v. 4.5.3 (R Core Team 2026) using the functionalities of the following 221 

packages: “terra” v. 1.9-27 (Hijmans et al. 2026), “ncdf4” v. 1.24 (Pierce 2025), “readxl” v. 1.4.5 222 

(Wickham & Bryan 2025), “ggplot2” v. 4.0.3 (Wickham 2016), “dplyr” v. 1.2.1 (Wickham, François, 223 

et al. 2026), “tidyr” v. 1.3.2 (Wickham, Vaughan, et al. 2025), ”cowplot” v. 1.2.0 (Wilke 2025), 224 

“patchwork” v. 1.3.2 (Pedersen 2025), “scales” v. 1.4.0 (Wickham, Pedersen, et al. 2025), and “sf” v. 225 

1.1.1 (Pebesma 2018; Pebesma & Bivand 2023). Code available at the Dryad digital repository [doi: 226 

https://doi.org/10.5061/dryad.qrfj6q5z8]. 227 

 228 

Results 229 

Comparison of the three paleoclimate reconstructions across 79 time slices (20–800 ka BP) revealed a 230 

clear contrast between temperature (BIO1) and precipitation (BIO12) (Fig. 1). This contrast is 231 

illustrated for a single representative glacial time step (20 ka BP) in Figures 2 (BIO1) and 3 (BIO12), 232 

and quantified across the full record in the cell-wise summaries (Figs. 4, 5) and threshold analyses (Fig. 233 

6) described below. For BIO1, all dataset pairs showed very high absolute spatial correlations (rabs = 234 



11 

 

0.983–0.991; Table 2; Fig. 1a), indicating a consistent representation of global temperature gradients. 235 

Agreement in temporal anomalies was lower and temporally variable (mean ranom = 0.441–0.555; Table 236 

2, Fig. 1b), with negative values at isolated time steps in all pairs, most pronounced for Oscillayers–237 

PGEM (e.g. −0.762 at 230 ka BP; 14/79 steps negative) and PGEM–Krapp (−0.735 at 390 ka BP; 13/79 238 

steps negative). Despite this temporal variability, cell-wise temporal correlations (rts) for BIO1 were 239 

highly positive across virtually the entire terrestrial realm for all three dataset pairs (Fig. 4a), indicating 240 

that the long-term directional temperature signal is consistently reproduced across space. Mean RMSE 241 

values for BIO1 were lowest for Oscillayers–Krapp (3.37 °C) and Oscillayers–PGEM (3.41 °C), and 242 

highest for PGEM–Krapp (4.19 °C), consistent with these bias patterns (Table 2, Fig. 1c). Oscillayers 243 

and PGEM were systematically warmer than Krapp (mean biases +1.76 °C and +2.15 °C, respectively) 244 

(Table 2, Fig. 1d), with spatial disagreement concentrated in high-latitude continental regions, 245 

particularly northern North America and Siberia, where cell-wise mean RMSE values locally exceeded 246 

the ≥9 °C colour bar limit (Fig. 4a). At 20 ka BP (Fig. 2), a representative glacial time step, all three 247 

reconstructions reproduced a closely concordant global temperature structure (rabs = 0.979–0.991; Fig. 248 

2e), confirming that the high mean spatial agreement is already expressed at the level of an individual 249 

time slice. Consistent with the multi-step results, the residual disagreement was spatially structured 250 

rather than random, concentrated over the formerly glaciated and periglacial regions of northern North 251 

America, Greenland, and northern Eurasia (Fig. 2c), while tropical and subtropical temperatures were 252 

reconstructed almost identically across products. Partial correlations, computed after removing the 253 

linear latitudinal effect, remained consistently high for both variables and all pairs (BIO1: mean rpartial 254 

= 0.972, 0.952, 0.953; BIO12: mean rpartial = 0.922, 0.939, 0.921 for Oscillayers–Krapp, Oscillayers–255 

PGEM, and PGEM–Krapp, respectively), differing negligibly from the corresponding absolute 256 

correlations (mean |rabs − rpartial| ≤ 0.03 in all cases), confirming that the high spatial agreement reflects 257 

structural congruence rather than a latitudinal gradient artefact (Table 2, see Supplement Table S2). 258 

In contrast, BIO12 showed substantially weaker agreement in temporal variability. Although absolute 259 

spatial precipitation patterns remained highly correlated (rabs = 0.937–0.950, Fig. 1e), anomaly 260 

correlations were near zero (ranom = 0.051–0.193; Fig. 1f), indicating that the three products reconstruct 261 

largely independent precipitation histories through time (Table 2). The near-zero ranom for Oscillayers–262 
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PGEM (0.051) was not the result of cancellation between regions of positive and negative correlation, 263 

but reflected genuine spatial incoherence, with large contiguous areas of negative cell-wise temporal 264 

correlation (rts) across South and Southeast Asia, sub-Saharan Africa, and South America (Fig. 4b). 265 

Mean RMSE for BIO12 ranged from 223 mm (Oscillayers–PGEM) to 252 mm (PGEM–Krapp) (Table 266 

2, Fig. 1g), with highest values concentrated in tropical regions, particularly the Amazon Basin, the 267 

Congo Basin, and Southeast Asia (Fig. 4b). The contrast with precipitation is already evident at this 268 

single glacial time step (Fig. 3). Although the broad geography of wet and dry regions was reproduced 269 

consistently (rabs = 0.905–0.920; Fig. 3e), the pairwise difference maps revealed extensive and spatially 270 

incoherent disagreement throughout the humid tropics, most pronounced across Amazonia, the Congo 271 

Basin, and South and Southeast Asia (Fig. 3c), with anomaly correlations close to zero (ranom = 0.084–272 

0.229; Fig. 3e). Thus, even at the Last Glacial Maximum, the most intensively studied interval of the 273 

Quaternary, the three reconstructions disagree substantially on regional precipitation. Both Oscillayers 274 

and PGEM exhibited positive precipitation biases relative to Krapp (+16.9 mm and +21.6 mm, 275 

respectively; Table 2, Fig. 1h). Across the 800 ka record, cell-wise agreement rates were lowest in 276 

humid tropical and monsoonal regions, the Amazon Basin, tropical Africa, and South and Southeast 277 

Asia, whereas arid regions showed consistently high agreement (Fig. 4b). 278 

A closer examination of ecologically relevant thresholds reveals a more nuanced picture of inter-dataset 279 

concordance (Fig. 5). For BIO1, the Oscillayers–PGEM pair achieved cell-wise mean agreement rates 280 

across all timepoints of 50.3% at ±1.5 °C (Table 3), exceeding the contextual lower bound LGM 281 

benchmark of 40.7% (Gamisch 2020)  for 68/79 (c.86%) of time points (see Supplement Table S2, 282 

Table 3, Fig. 5a). Oscillayers–Krapp also exceeded the benchmark at this threshold (mean 44.9% across 283 

all timepoints) for 45/79 (c.56%) of time points, while PGEM–Krapp fell below it (mean 35.9% across 284 

all timepoints) for 26/79 (c.32%) of time points, identifying the latter as the most divergent pair at fine 285 

temperature thresholds (see Supplement Table S2). For BIO12, mean agreement rates at ±100 mm 286 

reached 64.7% (Oscillayers–PGEM), 62.1% (Oscillayers–Krapp), and 55.6% (PGEM–Krapp), 287 

indicating that across roughly half to two thirds of the global land surface absolute precipitation 288 

differences remained within this range on average. This threshold was exceeded in more than 50% of 289 

grid cells at nearly all time steps (≥74 of 79 time slices for all pairs), suggesting that the moderate global 290 
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mean agreement is not driven by a small number of outlier time steps but reflects a consistent pattern 291 

across the 800 ka record (Table 3, Fig. 5b). 292 

Across both variables and particularly for temperature and for absolute-pattern and RMSE-based 293 

metrics, Oscillayers consistently occupied the central position in the comparison triangle, agreeing 294 

better with each of the other two datasets than they agree with each other. Overall, the three 295 

reconstructions provide a largely consistent representation of temperature variability over the last 800 296 

kyr, whereas precipitation reconstructions diverge substantially, particularly in tropical and monsoon-297 

dominated regions. 298 

 299 

Proxy validation 300 

All three datasets showed comparable proxy validation performance across 19 terrestrial sites (mean 301 

|r| ≈ 0.50; Fig.6; see Supplemental Figure S1, see Supplement Table S3), closely matching both the 302 

Krapp et al. (2021) reference mean of 0.489 and the reference values reported by Barreto et al. (2023; 303 

mean |r| = 0.511; median |r| = 0.600; 13/19 sites with |r| ≥ 0.5). The sign of the proxy–temperature 304 

relationship was reproduced at 19/19 sites by Oscillayers and Krapp, and at 18/19 by PGEM. Strongest 305 

and most consistent agreement was found at Mediterranean speleothem sites (Peqiin: |r| ≈ 0.80; Soreq: 306 

|r| ≈ 0.78) and Chinese loess–palaeosol sequences (Xifeng, Chanwu, Yimaguan Luochuan: |r| = 0.58–307 

0.67). The largest inter-dataset spread in |r| occurred at Dead Sea (range 0.262), Clearwater (0.254), and 308 

Lake El‘gygytgyn (0.250), identifying regions where dataset choice materially affects proxy-based 309 

temperature reconstruction. Uniformly low agreement at Sanbao-Dongge (|r| ≤ 0.10) and Lake Baikal 310 

(|r| ≤ 0.22) across all three datasets is consistent with published reference values and reflects the limited 311 

sensitivity of these proxies to annual mean temperature. 312 

 313 

Discussion 314 

This study provides the first joint, spatially and temporally explicit comparison of three widely used 315 

global paleoclimate reconstructions, Oscillayers, Krapp et al. (2021), and PALEO-PGEM-Series,  316 

across their shared 800 kyr record on a common bioclimatic grid. The results reveal a clear and 317 
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consistent asymmetry between variables. Despite spanning a methodological gradient from statistical 318 

rescaling of present-to-LGM anomalies to regression-based GCM extrapolation and coupled-model 319 

emulation, all three products provide a broadly coherent representation of mean annual temperature 320 

structure across the terrestrial realm. Precipitation histories, by contrast, diverge substantially, 321 

particularly in their temporal evolution in humid tropical and monsoon-dominated regions. The proxy 322 

validation indicates that all three products capture major terrestrial temperature signals to a comparable 323 

degree, including Oscillayers, for which this study provides the first continuous time-series validation 324 

against independent terrestrial archives. Together, these findings suggest that long-term paleoclimate 325 

reconstructions are more interchangeable for questions centred on broad-scale thermal gradients than 326 

for questions requiring past hydrological dynamics. 327 

The high correspondence among temperature fields supports the view that the dominant thermal 328 

architecture of the Quaternary climate system is consistently captured regardless of the underlying 329 

methodological approach, a pattern also documented in previous multi-dataset comparisons of 330 

paleoclimate reconstructions (Varela et al. 2015; Fordham et al. 2017; Folk et al. 2023). Much of the 331 

spatial variation in mean annual temperature is governed by large-scale energy-balance constraints, 332 

including latitude, elevation, continentality and the distribution of ice sheets. The persistence of high 333 

partial correlations after accounting for latitude indicates that this agreement is not attributable to the 334 

shared latitudinal thermal gradient alone, but extends to major regional contrasts among continents, 335 

mountain systems and high-latitude landmasses. This consistency should not, however, be equated with 336 

accuracy. The three reconstructions are not fully independent: they share present-day climatological 337 

baselines and are anchored, directly or indirectly, to global benthic oxygen-isotope signal (Gamisch 338 

2019; Krapp et al. 2021; Barreto et al. 2023), so part of their mutual agreement might reflect shared 339 

inputs rather than independent convergence on past temperature. With this caveat, the result remains 340 

important for macroecology and biogeography, because many applications of paleoclimate layers rely 341 

on the broad spatial arrangement of thermal environments to infer potential ranges, climatic 342 

connectivity or niche evolution (Lawing et al. 2016; Rodriguez et al. 2021; Hosfield 2022; Folk et al. 343 

2023). For such applications, the three datasets convey a broadly coherent signal. 344 
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At the same time, the lower and temporally variable anomaly correlations show that agreement in raw 345 

spatial patterns does not imply agreement in the timing or magnitude of local departures from long-term 346 

mean conditions. This distinction is consequential for studies of Quaternary range dynamics, in which 347 

species distribution models, demographic reconstructions, and phylogeographic inferences depend not 348 

only on whether a region is broadly warm or cold, but on whether it becomes relatively more or less 349 

suitable during particular glacial or interglacial intervals (Guevara et al. 2025). The strong cell-wise 350 

temporal correlations for temperature indicate that the long-term directionality of temperature change 351 

is broadly conserved across space, so that temperature-based inferences about glacial refugial 352 

persistence, climatic stability, or repeated exposure to cooling are likely to be relatively robust across 353 

reconstructions. The isolated negative anomaly correlations at individual time steps, most pronounced 354 

for Oscillayers–PGEM at 230 ka BP (ranom = −0.76) and for PGEM–Krapp at 390 ka BP (ranom = −0.74), 355 

most plausibly reflect minor chronological offsets in the placement of glacial–interglacial extrema 356 

rather than genuine climatic disagreement among reconstructions; visual inspection of the animated 357 

time-step sequences (Additional File 1) supports this interpretation, showing that periods of low spatial 358 

anomaly correlation typically coincide with rapid transitions (spikes) rather than with stable climatic 359 

states. This interpretation is consistent with the high cell-wise temporal correlations observed at these 360 

same locations and provides a concrete mechanistic basis for treating inferences tied to single 10 kyr 361 

slices with greater caution than those based on long-term trajectories. 362 

The concentration of temperature disagreement in high-latitude continental regions is consistent with 363 

known challenges in reconstructing Quaternary climates (Varela et al. 2015; Kageyama et al. 2021). 364 

Northern North America and Siberia experienced major changes in ice-sheet extent, albedo, sea level, 365 

vegetation cover and atmospheric circulation (Kageyama et al. 2021). These factors introduce strong 366 

nonlinearities that are difficult to capture consistently across statistical and model-based approaches, 367 

and relatively small differences in how reconstructions represent ice volume, surface type or the 368 

translation of global temperature curves into regional anomalies can generate large differences in mean 369 

annual temperature.  370 

Notably, this spatial pattern of temperature disagreement mirrors findings from fully coupled climate 371 

model ensembles: in both PMIP3 and PMIP4, inter-model spread in mean annual temperature is largest 372 
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precisely in the northern extratropics and over formerly glaciated regions, even as global mean cooling 373 

is reproduced consistently (Kageyama et al. 2021). This suggests that high-latitude temperature 374 

uncertainty is an inherent challenge of palaeoclimate reconstruction, not an artefact of the particular 375 

methodological approaches compared here. From a biogeographic perspective, these areas are also 376 

among the most consequential for reconstructing glacial refugia, postglacial colonization routes and 377 

high-latitude extinction dynamics. The observed spatial structure of disagreement therefore provides a 378 

practical guide: paleobiogeographic studies in formerly glaciated or periglacial regions should explicitly 379 

evaluate the sensitivity of conclusions to the choice of paleoclimate product, especially when thermal 380 

thresholds are ecologically meaningful (Varela  et al. 2015; Rentier et al. 2025). 381 

A more specific question motivating this comparison was whether the stationarity assumption 382 

underlying Oscillayers imposes a systematic disadvantage relative to the more physically explicit 383 

reconstructions (Brown et al. 2020; Gamisch, 2020; Barreto et al. 2023). For temperature, and for 384 

absolute-pattern and RMSE-based metrics, no such disadvantage was detected: Oscillayers agreed at 385 

least as closely with each model-based product as those products agreed with one another across the 386 

last 800 kyr. This result should nonetheless be read cautiously rather than as an endorsement: mutual 387 

agreement among partly dependent products is not a measure of accuracy, and the available proxy 388 

archives lack the power to discriminate among the three reconstructions. The appropriate conclusion is 389 

not that any product is superior but that the relevant question is one of fitness for purpose rather than of 390 

overall quality. 391 

The precipitation results reveal a more complex picture. Absolute precipitation patterns are still strongly 392 

correlated among datasets, indicating that the reconstructions agree on the broad geography of wet and 393 

dry regions. This is encouraging for analyses that depend mainly on large-scale aridity gradients, such 394 

as distinguishing deserts, savannas, temperate regions and humid tropical forests. However, the near-395 

zero anomaly correlations and extensive areas of negative cell-wise temporal correlation show that the 396 

temporal evolution of annual precipitation differs substantially among datasets. This pattern reflects a 397 

fundamental and well-documented property of paleoclimate modelling rather than a limitation specific 398 

to the products compared here. Analysing nine fully coupled GCMs for the Last Glacial Maximum, 399 

Varela et al. (2015) found that temperature variables (BIO1–BIO11) are highly correlated between 400 



17 

 

models, whereas precipitation variables (BIO12–BIO19) show consistently low inter-model 401 

correlations, with tropical regions displaying the greatest disagreement, a pattern they attribute to the 402 

nonlinear sensitivity of convective and monsoonal systems to orbital forcing, ice-sheet geometry and 403 

regional feedbacks. Our results extend this finding across the full 800 kyr record and across 404 

reconstructions that differ not only in their GCM heritage but in their fundamental methodological 405 

approach, providing the first systematic quantification of this asymmetry over the long Quaternary and 406 

establishing a baseline against which future improvements in paleo-precipitation reconstruction can be 407 

assessed. Part of this divergence is likely also inherited from the modern climatological baselines on 408 

which the reconstructions are anchored: WorldClim (Hijmans et al. 2005) and CHELSA (Karger et al. 409 

2017), the two primary baselines used across the three products, themselves disagree substantially for 410 

annual precipitation, with approximately 60% of global land cells differing by more than ±25 mm under 411 

present-day conditions alone (Gamisch 2020). Because these baseline differences are largest in the 412 

humid tropics and monsoon regions (Gamisch 2020), they are likely to amplify rather than merely add 413 

to the methodological divergence introduced by the paleo-scaling procedures. This caveat applies most 414 

directly to the Oscillayers–PGEM pair, which are built on WorldClim and CHELSA respectively; the 415 

Krapp et al. (2021) product, bias-corrected against observational data, introduces a third baseline 416 

framework, further compounding the sources of inter-product precipitation disagreement. Strikingly, 417 

within the PMIP4 ensemble alone, where all models share the same ice-sheet configuration, greenhouse 418 

gas concentrations and boundary conditions, individual simulations (i.e. 9 out 13 models) still disagree 419 

on the sign of LGM precipitation change across large areas of the tropics and monsoon domains 420 

(Kageyama et al. 2021, their Fig. 6). This intra-ensemble divergence under identical forcing 421 

demonstrates that tropical precipitation uncertainty is not primarily a function of differing boundary 422 

conditions or methodological choices, but reflects the chaotic and nonlinear sensitivity of atmospheric 423 

circulation to glacial forcing, a sensitivity that is expected to be at least as pronounced, if not greater, 424 

in reconstructions spanning 800 kyr of varying orbital and ice-volume configurations. This conclusion 425 

is reinforced by Kageyama et al. (2021), who show that even between successive generations of coupled 426 

climate models (PMIP3 vs. PMIP4), precipitation changes, particularly in the tropics, remain the most 427 
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heterogeneous and least reproducible component of LGM simulations, with large inter-model 428 

differences persisting despite substantial improvements in model physics. 429 

The strongest hydrological disagreement, concentrated in the Amazon Basin, Congo Basin, and South 430 

and Southeast Asia, is especially relevant for ecology and evolution. These regions contain the world's 431 

highest species richness and have been central to debates about rainforest stability, refugial 432 

fragmentation, biome shifts, and diversification under Quaternary climate change (Gamisch & Comes, 433 

2019; Schweickl et al. 2025). If reconstructions differ in whether tropical regions became wetter or drier 434 

during particular intervals, then models of past habitat suitability, biome turnover, or population 435 

connectivity may diverge accordingly, with contrasting implications for speciation, extinction, and the 436 

spatial accumulation of endemism (Blois et al. 2025; Schweickl et al. 2025; Guevara et al. 2025). The 437 

apparently high agreement in arid regions deserves a parallel caveat: because annual precipitation is 438 

low in deserts and semi-arid systems, absolute difference thresholds are easier to satisfy, and high 439 

agreement rates within ±100 mm may partly reflect the small magnitude of precipitation rather than 440 

close correspondence in hydrological dynamics. These findings reinforce the case for multi-dataset 441 

approaches in studies of tropical and monsoonal palaeoenvironments (Varela et al. 2015; Rentier et al. 442 

2025; Guevara et al. 2025). 443 

The proxy validation provides an independent perspective on reconstruction performance. Broadly 444 

comparable mean absolute correlations across all three datasets (mean |r| ≈ 0.50) indicate that no 445 

reconstruction is consistently superior across terrestrial temperature archives, shifting the interpretation 446 

from a simple ranking toward a context-dependent view of utility. Strongest and most consistent 447 

agreement was found at Mediterranean speleothem sites and Chinese loess–palaeosol sequences, where 448 

proxy systems are sensitive to mean annual temperature or closely related dimensions; uniformly weak 449 

agreement at Sanbao-Dongge and Lake Baikal likely reflects proxy-specific sensitivities,  these archives 450 

record a mixture of temperature, precipitation, seasonality, and source effects, rather than reconstruction 451 

failure alone (Beyer et al. 2021; Krapp et al. 2021; Barreto et al. 2023). Comparisons were conducted 452 

at each dataset's native spatial resolution, giving Oscillayers a theoretical advantage for point-level 453 

extraction at topographically heterogeneous sites. That this finer resolution does not translate into 454 

consistently higher proxy correlations is consistent with the hypothesis that temporal fidelity, rather 455 
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than spatial precision, is the primary determinant of proxy–model agreement at these timescales, though 456 

spatial mismatch, chronological uncertainty, and proxy seasonality effects cannot be fully excluded as 457 

confounding factors. 458 

Framed as a question of fitness for purpose, several practical implications follow for macroecology, 459 

biogeography and evolutionary biology. First, studies focused on thermal niche conservatism, broad-460 

scale range shifts, climatic exposure or continental-scale refugial dynamics may rest on a relatively 461 

solid basis when using any of the three reconstructions, provided that uncertainty in high-latitude 462 

regions is acknowledged. Second, studies focused on precipitation-driven biome dynamics, tropical 463 

forest stability, monsoon variability or hydrological corridors should avoid reliance on a single 464 

paleoclimate product. Third, and most generally, the results argue for treating paleoclimate 465 

reconstructions not as interchangeable background layers but as alternative hypotheses about past 466 

environmental conditions (Varela et al. 2015; Rentier et al. 2025); comparing biological conclusions 467 

across reconstructions helps distinguish robust signals from dataset-dependent artefacts (Guevara et al. 468 

2025). 469 

Several limitations should be acknowledged. Most fundamentally, the analyses quantify mutual 470 

consistency rather than accuracy: because the reconstructions share baselines and forcing signals, 471 

agreement may overstate genuine reliability. Resampling to a common 0.5° grid was necessary for 472 

comparability but smooths fine-scale climatic heterogeneity in topographically complex regions. The 473 

focus on BIO1 and BIO12 cannot capture the full climatic niche space relevant to organisms; 474 

temperature seasonality, drought indices, and moisture availability may show different agreement 475 

patterns. The proxy validation is limited to terrestrial temperature archives and provides no equivalent 476 

assessment of precipitation. Spatial and temporal autocorrelation in gridded climate fields and proxy 477 

series reduce effective degrees of freedom, so the correlation-based metrics are best interpreted as 478 

descriptive rather than as formal significance tests. Finally, agreement thresholds are necessarily 479 

general, since climatic tolerances vary widely across taxa, life stages, and ecological contexts. 480 

In conclusion, the three paleoclimate reconstructions examined here are broadly interchangeable, in the 481 

sense that substituting one for another is unlikely to alter the qualitative conclusions of a downstream 482 
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analysis, for studies centred on broad-scale temperature gradients, long-term thermal trajectories, or 483 

continental-scale refugial dynamics, provided that uncertainty in high-latitude regions is acknowledged. 484 

For studies centred on precipitation-driven biome dynamics, tropical forest stability, monsoon 485 

variability, or hydrological corridors, the reconstructions should not be treated as equivalent, and 486 

biological conclusions that depend on past precipitation histories should be explicitly evaluated across 487 

multiple products. More generally, the results support treating paleoclimate reconstructions not as 488 

unconditionally interchangeable background layers but as alternative hypotheses about past 489 

environmental conditions, comparing conclusions across reconstructions to distinguish robust signals 490 

from dataset-dependent artefacts (Varela et al. 2015; Rentier et al. 2025; Guevara et al. 2025). 491 

Recognizing this temperature–precipitation asymmetry allows paleoclimate data to be used more 492 

effectively: with confidence where reconstructions converge and are corroborated by proxies, with 493 

caution where they diverge, and with explicit uncertainty where biological conclusions depend on 494 

climatic histories that remain difficult to reconstruct. 495 
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Tables 624 

 625 

Table 1. Overview of the three global paleoclimatic reconstructions compared in this study. 626 

Feature Oscillayers Krapp et al. (2021) PALEO-PGEM-Series 

Methodological 

approach 

Statistical scaling of 

interpolated present–

LGM anomalies 

Linear regression of GCM 

snapshots on external 

forcings 

Statistical emulation of an 

intermediate-complexity 

AOGCM 

Underlying 

climate source 

Present-day and LGM 

(CCSM) climate 

layers 

72 HadCM3 simulation 

snapshots 

PLASIM-GENIE 

emulator 

Scaling / 

forcing 

Benthic δ18O global 

temperature curve 

CO2, orbital parameters, 

surface type 

CO2, orbital parameters, 

ice volume 

Bias correction 

/ baseline 

Present-day 

WorldClim 

Present-day 

observations(CRU) 

Modern CHELSA 

baseline 

Temporal 

coverage 

5.4 Myr (Plio-

Pleistocene) 

Last 800 kyr ≈5 Myr (Plio-Pleistocene) 

Temporal 

resolution 

10 kyr 1 kyr 1 kyr 

Spatial 

resolution 

0.04° × 0.04° 0.5° × 0.5° 1° × 1° 

Variables 

19 bioclimatic 

variables 

Monthly/annual T, P, 

cloud cover; 17 

bioclimatic variables 

Monthly T, P, 17 

bioclimatic variables 

AOGCM, atmosphere–ocean general circulation model; CRU, Climatic Research Unit; GCM, general circulation model; 627 

LGM, Last Glacial Maximum; T, temperature; P, precipitation. 628 

 629 
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Table 2. Mean pairwise agreement metrics for annual mean temperature (BIO1) and total annual 630 

precipitation (BIO12), averaged across 79 time slices (20–800 ka BP). rabs: Pearson correlation of raw 631 

values across all land grid cells; rpartial (in parentheses): partial correlation after removing the linear 632 

latitudinal effect; ranom: Pearson correlation of anomalies (deviations from the long-term temporal 633 

mean); Bias: mean difference DS1 − DS2; RMSE: root mean square error. 634 

 635 

Bio1  rabs (rpartial) ranom Bias (°C) RMSE (°C) 

Oscillayers vs. Krapp 0.99 (0.97) 0.56 1.76 3.37 

Oscillayers vs. PGEM 0.98 (0.95) 0.48 -0.38 3.41 

PGEM vs. Krapp 0.98 (0.95) 0.44 2.15 4.19 

Bio12 rabs (rpartial) ranom Bias (mm) RMSE (mm) 

Oscillayers vs. Krapp 0.94 (0.92) 0.15 16.93 249.13 

Oscillayers vs. PGEM 0.95 (0.94) 0.05 -7.13 222.97 

PGEM vs. Krapp 0.94 (0.92) 0.19 21.56 251.66 

 636 

 637 
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Table 3. Mean temporal agreement rates for annual mean temperature (BIO1) and total annual 638 

precipitation (BIO12), expressed as the percentage of grid cells within a specified absolute difference 639 

threshold, averaged over all 79 time slices (20–800 ka BP). Values represent the global mean of the 640 

cell-wise agreement rate (see Fig. 3) across the full temporal record. NA: no reference value available 641 

for this threshold in Gamisch (2020). 642 

 643 

Bio1 ±1°C ±1.5°C ±3°C ±5°C 

Oscillayers vs. Krapp 31.08 44.90 73.22 88.19 

Oscillayers vs. PGEM 36.70 50.33 73.58 87.42 

PGEM vs. Krapp 24.22 35.85 62.17 80.28 

MIROC vs. CCSM1  28.40 40.70 67.30 85.10 

Bio12 ±50mm ±100mm ±200mm ±300mm 

Oscillayers vs. Krapp 39.78 62.13 82.43 90.14 

Oscillayers vs. PGEM 43.05 64.74 83.57 90.47 

PGEM vs. Krapp 34.55 55.57 77.72 86.92 

MIROC vs. CCSM1 30.10 NA 67.10 78.20 

1The MIROC vs. CCSM reference row (Gamisch 2020) is based on a single LGM time slice and two GCMs, and is included 644 

as a conservative contextual benchmark. 645 

 646 

 647 
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Figures 648 

 649 

Figure 1. Time-step-level comparison of three paleoclimate reconstructions across 79 time slices (20–650 

800 ka BP) for annual mean temperature (BIO1; panels a–d) and total annual precipitation (BIO12; 651 

panels e–h). Shown are pairwise absolute spatial correlation (rabs; a, e), anomaly correlation (ranom; b, f), 652 

root mean square error (RMSE; c, g), and mean bias (d, h) between Oscillayers vs. Krapp (blue, solid), 653 

PGEM vs. Krapp (orange, solid), and Oscillayers vs. PGEM (green, dashed). Each metric is computed 654 

across all land grid cells for each time step independently. Bias is defined as DS1 − DS2, where DS1 655 

and DS2 correspond to the first and second dataset in each pair as listed in the legend. The dashed 656 

horizontal line in panels b, f, d, and h indicates zero. 657 

 658 

 659 

 660 

 661 

 662 

 663 

 664 

 665 
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 667 

Figure 2. Comparison of mean annual temperature (BIO1) among the three paleoclimate 668 

reconstructions, Oscillayers, PGEM, and Krapp, at a single representative glacial time step (20 ka BP), 669 

on the common 0.5° grid using the Oscillayers land mask. (a) Global temperature anomaly curve of 670 

Hansen et al. (2013) across the last 800 kyr, with alternating shaded bands denoting Marine Isotope 671 

Stages (MIS 2–18, labelled); the red dashed line marks the time step shown. (b) Reconstructed BIO1 672 

for each dataset. (c) Pairwise difference maps (Oscillayers − PGEM, Oscillayers − Krapp, PGEM − 673 

Krapp); red indicates that the first dataset is warmer, blue that it is cooler. (d) Proportion of terrestrial 674 

grid cells for which the two datasets of each pair agree within ±1, ±1.5, ±3, and ±5 °C. (e) Summary of 675 

pairwise agreement metrics for this time step: raw-value spatial correlation (rabs), anomaly correlation 676 

(ranom), latitude-partial correlation (rpartial), mean bias (°C), and RMSE (°C); cell shading indicates the 677 
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degree of agreement (green = stronger, red = weaker). Note that the metrics in (e) refer to this single 678 

time step and therefore differ from the multi-step means reported in the main text and Table 2; anomaly 679 

correlations at the Last Glacial Maximum are higher than the long-term average, reflecting the spatially 680 

coherent cooling signal of full glacial conditions. Residual disagreement is concentrated over formerly 681 

glaciated and periglacial regions of northern North America, Greenland, and northern Eurasia, while 682 

tropical and subtropical temperatures are reconstructed almost identically across products. Sequences 683 

of all 79 time steps are provided in the Supplement (Additional File 1; see also Dryad repository (doi: 684 

https://doi.org/10.5061/dryad.qrfj6q5z8)). 685 
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 696 

Figure 3. Comparison of total annual precipitation (BIO12) among the three paleoclimate 697 

reconstructions, Oscillayers, PGEM, and Krapp, at a single representative glacial time step (20 ka BP), 698 

on the common 0.5° grid using the Oscillayers land mask. (a) Global temperature anomaly curve of 699 

Hansen et al. (2013) across the last 800 kyr, with alternating shaded bands denoting Marine Isotope 700 

Stages (MIS 2–18, labelled); the red dashed line marks the time step shown. (b) Reconstructed BIO12 701 

for each dataset. (c) Pairwise difference maps (Oscillayers − PGEM, Oscillayers − Krapp, PGEM − 702 

Krapp); red indicates that the first dataset is wetter, blue that it is drier. (d) Proportion of terrestrial grid 703 

cells for which the two datasets of each pair agree within ±50, ±100, ±200, and ±300 mm yr⁻¹. (e) 704 

Summary of pairwise agreement metrics for this time step: raw-value spatial correlation (rabs), anomaly 705 

correlation (ranom), latitude-partial correlation (rpartial), mean bias (mm yr⁻¹), and RMSE (mm yr⁻¹); cell 706 
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shading indicates the degree of agreement (green = stronger, red = weaker). As in Figure 2, the metrics 707 

in (e) refer to this single time step and differ from the multi-step means reported in the main text and 708 

Table 2. In contrast to temperature, the broad geography of wet and dry regions is reproduced 709 

consistently (high rabs), whereas anomaly correlations are close to zero and the difference maps reveal 710 

extensive, spatially incoherent disagreement throughout the humid tropics, most pronounced across 711 

Amazonia, the Congo Basin, and South and Southeast Asia, demonstrating that even at the Last Glacial 712 

Maximum the reconstructions diverge substantially on regional precipitation. Sequences of all 79 time 713 

steps are provided in the Supplement (Additional File 2; see also Dryad repository (doi: 714 

https://doi.org/10.5061/dryad.qrfj6q5z8)). 715 
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 719 

Figure 4. Cell-wise spatial maps of temporal agreement metrics for annual mean temperature (BIO1; 720 

panel a) and total annual precipitation (BIO12; panel b), computed across all 79 time slices (20–800 ka 721 

BP) for three dataset pairs. Rows show, from top to bottom: cell-wise Pearson correlation of the 79-step 722 

time series (rts), mean bias (DS1 − DS2), and mean RMSE. All metrics are aggregated over the full 800 723 

ka record per grid cell. Positive bias values indicate that DS1 is warmer or wetter than DS2. Colour 724 

scales are shared across dataset pairs within each variable: Pearson r ranges from −1 to +1 (purple–725 

white–green); mean bias is shown on a diverging scale centred at zero (brown–white–teal); mean RMSE 726 

uses a sequential scale from zero to the upper limit (yellow–red), with values exceeding the colour bar 727 

maximum (>9 °C for BIO1, >500 mm for BIO12) shown in the darkest shade. 728 

 729 



36 

 

 730 

Figure 5. Cell-wise temporal agreement rates for annual mean temperature (BIO1; panel a) and total 731 

annual precipitation (BIO12; panel b), shown for three dataset pairs and four agreement thresholds. 732 

Colours indicate the percentage of the 79 time slices (20–800 ka BP) for which the absolute difference 733 

between two reconstructions fell within the specified threshold at each grid cell (red: low agreement; 734 

blue: high agreement). Thresholds for BIO1 are ±1 °C, ±1.5 °C, ±3 °C, and ±5 °C; thresholds for BIO12 735 

are ±50 mm, ±100 mm, ±200 mm, and ±300 mm.  736 
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 737 

Figure 6. Proxy validation of BIO1 reconstructions against 19 terrestrial paleoclimate archives. (a) 738 

Geographic distribution of proxy sites (as compiled by Krapp et al. 2021). (b) Pearson correlation 739 

coefficients between each reconstruction and the corresponding proxy time series at each site, grouped 740 

by region. Symbol shape and colour indicate the dataset (blue circles: Oscillayers; orange triangles: 741 

PGEM; green squares: Krapp); symbol size reflects the number of overlapping time steps; open symbols 742 

indicate sites where the correlation is not statistically significant (p ≥ 0.05). Reference values from 743 

Krapp et al. (2021; ×) and Barreto et al. (2023; +) are shown for comparison. Dashed vertical lines mark 744 

r = ±0.50. Proxy archives are grouped by region (N. Am.: North America; Mid. East: Middle East; S. 745 
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Asia: South Asia; C. Asia: Central Asia; SE. Asia: Southeast Asia; E. Asia: East Asia). Proxy type is 746 

indicated in parentheses after each site name (δ¹⁸O: stable oxygen isotopes; Mag. susc.: magnetic 747 

susceptibility; ODL: organic dust layer; Arb. pollen: arboreal pollen; Bio. sil.: biogenic silica; MAT: 748 

mean annual temperature estimate; Fed/Fet: pedogenic iron ratio; Rainfall: rainfall reconstruction). 749 

 750 

 751 

 752 

 753 

 754 

 755 

 756 

 757 

 758 

 759 

 760 

 761 

 762 

 763 

 764 

 765 

 766 

 767 

 768 

 769 

 770 

 771 

 772 

 773 



39 

 

Supplement 774 

 775 

Temperature converges, precipitation diverges: a systematic evaluation of 776 

three Quaternary paleoclimate reconstructions over the last 800,000 years 777 
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Supplemental Figure 780 

 781 

 782 

Supplemental Figure S1. Site-level comparison of BIO1 reconstructions and proxy time series across 783 

19 terrestrial palaeoclimate archives. Each panel shows z-score standardised time series for Oscillayers 784 

(blue, solid), PGEM (orange, dashed), and Krapp (green, dotted) alongside the corresponding proxy 785 

record (black, dotted), plotted against age (ka BP). Marine Isotope Stages are indicated by alternating 786 

grey shading (odd stages: white; even stages: grey) with stage numbers shown along the upper axis. 787 

Site name and proxy type are given above each panel. All time series were z-score standardised prior 788 

to plotting to facilitate visual comparison across proxy types with different units and value ranges. See 789 

also the following page. 790 
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 792 

Supplemental Figure S1. Continued. 793 
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