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Abstract.  8 

Translating global climate projections into local risk assessments relies heavily on Bias Adjustment (BA). Yet, standard BA 9 

methods often distort historical observational baselines and modeled trends, suffer from significant inconsistency across 10 

different regions, variables and processed datasets, while imposing heavy computational costs. Driven by the need for credible, 11 

consistent and computationally efficient climate information, we propose Indicator Delta Scaling (IDS), a unified framework 12 

that generalizes the traditional concept of Change Factors for direct application to any type of climate indicator. IDS relies on 13 

three core principles: securing accurate historical baselines by anchoring climate indicator estimates strictly to observations; 14 

generating bias-adjusted future indicators by directly scaling these baselines with raw climate model-based deltas; and shifting 15 

any required adjustment from the underlying input data to the indicator computation itself. Beyond its conceptual and physical 16 

simplicity, a systematic evaluation across a multi-model ensemble and a wide spectrum of climate indicators shows that IDS 17 

consistently outperforms state-of-the-art methods (QM, QDM, and ISIMIP3b) by reducing their error in adjusted future 18 

projections by 23% on average across indicators and climate models. At the same time, IDS provides notably superior 19 

consistency, shrinking error variability to one-third of that observed in standard methods. This performance gap stems 20 

primarily from the failure of traditional approaches to eliminate historical biases, leaving behind roughly one-third of the initial 21 

raw model error alongside severe local outliers, whereas IDS always ensures zero historical errors. Furthermore, while 22 

conventional methods introduce unpredictable artifacts, including artificial reversals in model trends and compounding errors, 23 

the skill and uncertainty of IDS remain strictly tied to climate model performance. Ultimately, by avoiding the BA of the daily 24 

variable distribution, IDS delivers notable computational speedups ranging from x1.2 to x12, depending on benchmark. 25 

Overall, IDS offers a transparent and computationally efficient framework that preserves observational baselines and model 26 

projected changes, while improving indicator level performance and consistency across the evaluated applications, making it 27 

a promising approach for large-scale climate indicator production and climate risk applications. 28 
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1 Introduction 29 

Stakeholders across multiple economic sectors increasingly require ready-to-use and reliable climate information to support 30 

climate change adaptation and risk-informed decision-making. For these applications, it is essential that climate estimates are 31 

as realistic and precise as possible, characterizing accurately average conditions and complex climate extremes for both the 32 

historical baseline and future periods that underpin climate risk assessments. Bias adjustment (BA) methods represent a key 33 

processing step in the production of climate information derived from climate projections, aiming to reduce systematic model 34 

errors in selected climate models statistics and enhance the usability of climate simulations (Maraun, 2016). 35 

  36 

Many studies have, however, demonstrated that most commonly used BA approaches introduce severe physical and 37 

mathematical inconsistencies. These include the undesired alteration of known observed historical estimates, the distortion or 38 

even reversal of the climate change signal projected by climate models, artificial changes in the model uncertainty spread, and 39 

a strong sensitivity of BA method’s performance to the considered variable, climate indicator, region, and observational 40 

reference dataset (Casanueva et al., 2020; Chandel et al., 2024; Ehret et al., 2012; Iturbide et al., 2022; Lafon et al., 2013; 41 

Maraun, 2016; Padulano et al., 2025; Spuler et al., 2024). These limitations highlight the profound risks of applying BA 42 

techniques blindly as generic, black-box operations, without careful examination of their implications for each specific case. 43 

To address this, several publications have recommended the use of case-specific BA methods that aim to at least mitigate these 44 

issues for the specific statistical properties or physical processes relevant to a given application, though at the cost of 45 

methodological generality (Addor et al., 2016; Maraun, 2016; Maraun et al., 2017; Olschewski et al., 2023; Tootoonchi et al., 46 

2023). However, these two contrasting paradigms create a critical bottleneck: the consistency approach is broadly applicable 47 

but often unreliable, while the use-case-specific approach is more physically robust but lacks generalizability (Spuler et al., 48 

2026). Consequently, neither strategy fully satisfies the strong and urgent demand for a comprehensive provision of consistent, 49 

diverse and accurate global climate information required to support informed decision-making across sectors and stakeholders. 50 

 51 

A radical alternative approach involves the full avoidance of BA to focus on the analysis of raw model-projected trends and 52 

anomalies alone (i.e. the difference between future and historical estimates) to identify areas more exposed to substantial 53 

changes in the future (Spuler et al., 2026). A clear limitation of this simplistic approach is, however, the lack of realistic 54 

absolute values that are indispensable for any climate impact and risk assessment. A hybrid approach that aims to exploit the 55 

benefits of working directly with intact modeled trends under a no-BA post-processing while still producing calibrated future 56 

estimates is the use of Change Factors (Anandhi et al., 2011). In its simplest form, more commonly known as the Delta 57 

approach (Hay et al., 2000; Maraun, 2016; Räisänen and Räty, 2013), change factors simply represent the projected changes 58 

between future and historical climatological means and they are used to adjust the observational historical record producing 59 

future time series with bias-corrected climatological means. It is clear, however, that while this approach fully preserves 60 

projected changes in mean fields, any other modeled change signals beyond the mean are lost, as the resulting future 61 
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temperatures are simply an offset replica of the historical observations. A more effective version of this approach has typically 62 

been used in hydrology and urban drainage studies, where the change factors are computed from other aggregated derived 63 

indicators, not to adjust the continuous observational time series, but rather the corresponding observational indicator itself 64 

(Arnbjerg-Nielsen, 2012; Olsson et al., 2009; Willems and Vrac, 2011). (Willems, 2013), for instance, proposed extracting 65 

change factors for high percentiles or return levels of precipitation accumulations directly from raw climate projections. These 66 

are then directly applied to the corresponding observation-based estimates to obtain a model- and observation-consistent 67 

calibrated future indicator. However, the traditional Change Factor approach fails when computing threshold-based indicators 68 

(e.g., estimating the number of days exceeding a specific value), because these metrics require a bias-free time series to be 69 

valid. This specific requirement highlights, in fact, a broader distinction in the type of climate information ultimately required 70 

in different risk assessments, specifically, between the need of continuous bias-adjusted time series or calibrated derived 71 

climate indicators. While complex dynamic impact models require time series, climate indicators constitute by far the most 72 

commonly consumed format. By capturing the intensity, duration, or frequency of specific climate processes, aggregated 73 

climate indicators drive a much broader range of sectoral risk assessments. 74 

  75 

Here, we propose, to the best of our knowledge, the first generalization and comprehensive evaluation of the Change Factor 76 

BA paradigm directly applied to any type of climate indicator. The presented Indicator Delta Scaling (IDS) method operates 77 

at the indicator level by first anchoring historical indicator estimates to the observational baseline and then scaling this baseline 78 

directly using the indicator's raw model-based projected trend. IDS guarantees valid results for any type of indicator by adding 79 

indicator-specific adjustments to the indicator implementation itself, rather than distorting the underlying input data. To 80 

benchmark the framework, an exhaustive analysis is carried out based on eight highly diverse types of indicators computed on 81 

a CMIP6 multi-model ensemble of historical simulations, using the ERA5 reanalysis (Hersbach et al., 2020) as an observational 82 

reference against which the performance of IDS is analyzed and compared with three state-of-the-art BA methods. Comparing 83 

the different methods across the historical and future periods, together with their ability to reproduce modeled and observed 84 

trends, allows for a complete understanding of the benefits and limitations of the distinct approaches. The results demonstrate 85 

that prioritizing the integral preservation of the two independent sources of climate information, observations and climate 86 

projections, does not require sacrificing predictive skill; rather, IDS significantly outperforms standard methods across all 87 

indicators. In response to concerns highlighted in recent literature (Maraun, 2016; Spuler et al., 2026), IDS represents a 88 

paradigm shift in the role of the BA procedures: rather than attempting to physically compensate deficiencies in climate models, 89 

it provides a transparent, uncorrupted bridge between historical observations and climate projections that enhances the usability 90 

of climate information. The development of the IDS framework was supported by the European Centre for Medium-Range 91 

Weather Forecasts (ECMWF) to generate a new extensive and diverse dataset of cross-sectoral climate indicators for the 92 

Copernicus Climate Change Service (C3S), developed to address the climate risk assessment requirements of the European 93 

Investment Bank (EIB) for the EU hazard taxonomy regulation. 94 

 95 
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The paper is structured into four additional sections. Section 2 introduces the IDS methodology in full detail, including possible 96 

edge cases not considered in the present study. Section 3 describes the selected datasets, BA methods, and climate indicators 97 

together with an explanation of the evaluation experiment and corresponding metrics. Section 4 presents all the results, 98 

describing the performance of the different methods across diverse and complementary dimensions, ranging from local, climate 99 

model, and indicator-specific analyses to fully aggregated method evaluations covering the four components: historical, future, 100 

modeled, and observed trends. The paper closes with the Conclusion section, where a general review of the presented results 101 

is discussed, establishing clear relations to the well-known problems presented recently in the literature and demonstrating 102 

how the IDS addresses many of these issues. 103 

2 Indicator Delta Scaling (IDS) 104 

Two independent and essential sources of information must be combined to generate calibrated future climate information. On 105 

the one hand, high-quality observations offer the most accurate representation of the historical climate and should always be 106 

preserved as a solid baseline against which future changes are compared. On the other hand, future changes in the climate 107 

system are provided by climate projections, which should likewise be preserved as the sole source of information regarding 108 

the climate change signal, representing the primary value of climate modelling. 109 

 110 

The main goal of the Indicator Delta Scaling is to uphold these principles at every level when computing climate indicators. 111 

Furthermore, given the growing concerns highlighted in recent literature regarding common Bias Adjustment practices 112 

(Maraun et al., 2017; Spuler et al., 2026), a viable solution must also rely on a simple, transparent procedure. Its logic and 113 

impact on the final outputs should remain clear, controlled, and easy to interpret, avoiding the introduction of unexpected 114 

artifacts. Finally, to encourage broad adoption across the scientific community and climate services, the method should be 115 

computationally efficient, lightweight, and free of unnecessary overhead. 116 

 117 

A straightforward conceptual solution to these requirements is the already mentioned Change Factor approach, where 118 

calibrated future estimates are calculated by applying the model's climate change signal directly to observational data. Beyond 119 

the standard formulations that work with the delta change of climatological means only (Hay et al., 2000) or the change factors 120 

for a very concrete derived metric (Olsson et al., 2009),  IDS represents a generalization of this concept to any type of climate 121 

indicator. The procedure, sketched in Fig.1, follows three simple steps: 1) computing the corresponding climate indicator from 122 

both the historical observational reference and raw model data across historical and future periods, 2) estimating the delta 123 

change factors projected by the raw climate model and 3) scaling the observation-based historical indicator with these change 124 

factors to obtain the bias-corrected indicator for the future period. Because different indicator types involve different 125 

mathematical structures and physical processes, our approach requires checking whether an indicator needs specific 126 

adjustments to ensure consistent and reliable results, even when working with biased inputs. In essence, because each indicator 127 
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extracts only specific statistical or temporal characteristics of the underlying climate variable, instead of a generic adjustment 128 

applied broadly to the raw model data distribution, we propose applying required adjustments to each specific indicator, if 129 

needed, ensuring full consistency with the observational reference and project model change signal. 130 

 131 

     132 

 133 
Figure 1. Schematic description of the Indicator Delta Scaling procedure where observational data is directly used to compute 134 

historical indicators (top blue panel). Raw climate model data is processed to compute corresponding historical and future 135 

indicators as well as the corresponding delta change factor (yellow part of the middle panel). Purely observational and modeled 136 

estimates are combined to produce bias-adjusted future indicators (green part of the middle panel). Indicator-specific 137 

adjustments for each of the steps are described in the bottom grey panel. *Types of delta change factor might also include 138 

other more complex formulations such as hybrid or bounded deltas, see text. 139 

 140 

The first and systematic adjustment is deciding if the delta change factor of a specific indicator is better represented by an 141 

additive or a multiplicative change factor. This is a non-trivial question with likely no universal answer. As a general rule, we 142 

use multiplicative change factors for zero-based indicators with an open upper bound (such as RX1day; the maximum daily 143 

precipitation accumulation). Additive deltas are systematically used with interval variables or two-sided bounded indicators 144 
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(such as TXx; maximum daily maximum temperature or TX30; number of days above 30ºC). See Table 1 to check the delta 145 

factor used for each indicator. Although more sophisticated hybrid or bounded delta formulations exist (see (Lange, 2019) to 146 

prevent division by near-zero denominators or out-of-range values in bounded indicators, we intentionally restrict this study 147 

to strictly additive and multiplicative factors to demonstrate that maximizing the preservation of the original model change 148 

signal performs effectively across global domains. Nevertheless, advanced delta types remain a practical optional refinement 149 

that IDS users can select for specific edge cases. 150 

 151 

The most obvious adjustment when working with biased model data applies to threshold-based climate indicators (e.g., TX30 152 

or CDD, the number of consecutive dry days). Again, rather than bias-adjusting daily climate data and applying a fixed 153 

threshold everywhere, IDS shifts perspective by adjusting the threshold itself for each model and location. Following 154 

(Hoffmann et al., 2018), we use a quantile-based approach: first, we determine the observational quantile corresponding to the 155 

target threshold at each location (30ºC for TX30 or 1mm/day for instance for CDD); second, we extract the climate model 156 

local thresholds corresponding to those same quantiles from the historical simulation; and third, we use these spatially adjusted 157 

thresholds to compute the indicator across both historical and future periods. For threshold values falling outside the 158 

observational range, we offset the observational min/max by the difference from the original threshold. This method essentially 159 

simplifies standard Quantile Mapping by evaluating only the specific quantile associated with the fixed threshold. 160 

 161 

Other types of adjustments might be required on very specific indicators. As indicated above, the strict combination of 162 

independent observational baselines and model deltas can cause out-of-range values in bounded indicators. For instance, for 163 

indicator TX30, the number of days in a year must always lie within the interval [0, 360] for a ‘360-day’ calendar. Under 164 

specific conditions, IDS additive deltas can produce physically impossible values. To resolve this while preserving the exact 165 

model delta across valid ranges, the implementation of the IDS in this study applies physical boundary enforcement (hard 166 

clipping) as a final post-processing step. In specific cases, however, users might prefer using the bounded delta formulations 167 

mentioned earlier (Lange, 2019) that smoothly ensure correct bounded outputs while slightly modifying projected change 168 

signals. Another edge case, not included in this paper, occurs when computing extreme value indicators across multiple return 169 

periods. Computing return levels first to later obtain corresponding model deltas can lead to non-monotonic final return levels 170 

when scaling observations. This typically occurs when models project larger deltas for shorter return periods than for longer 171 

ones, combined with a relatively flat observational return level plot. Following a procedure similar to (Willems and Vrac, 172 

2011), this can be resolved by: 1) extracting annual maxima for observations alongside historical and future model runs, 2) 173 

ranking all annual maxima series, 3) calculating rank-specific deltas on the model data, 4) applying these deltas to the ranked 174 

observational maximas, and 5) applying Extreme Value Analysis to the scaled series to guarantee strictly monotonic return 175 

level outputs. 176 

 177 
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Finally, for indicators relying on complex highly non-linear formulations (e.g., FWI90p), input variable biases would 178 

expectedly propagate into strongly biased final outputs and correspondingly on biased delta signals. To mitigate this issue in 179 

IDS, we tested a linear mean-scaling preprocessing step on input variables, adjusting model climatological means to match 180 

observational reference before computing the indicators. However, this step yielded no consistent or noticeable performance 181 

gains overall for indicators considered in this study, so it is omitted by default. Yet, users may consider pre-scaling input 182 

variables for certain complex indicators to reduce mean input biases while still preserving projected delta change signals 183 

3 Data & Methods 184 

3.1 Data 185 

To evaluate the different BA methods, following Spuler et al. 2024, we use historical climate projections together with 186 

overlapping observational records to test the performance of bias corrected simulations in representing diverse aspects of the 187 

climate change signal. In this study, the spatial domain is global and covers the period 1951-2010. For the evaluation, the 188 

timeframe is split into training (1951 to 1980) and validation period (1981 to 2010). However, and for clarity, we use the terms 189 

historical and future periods throughout the text to refer correspondingly to these respective periods. Although the validation 190 

period also falls within the historical record, in practical terms it effectively serves as an out-of-sample period analogous to a 191 

future projection period that can be evaluated. 192 

 193 

The observational reference is represented by the ERA5 reanalysis (Hersbach et al., 2020), while historical climate projections 194 

come from six CMIP6 models with realistic climate sensitivities (Hausfather et al., 2022): CMCC-ESM2, FGOALS-G3, 195 

GFDL-ESM4, MIROC6, MPI-ESM1-2-LR, MRI-ESM2-0. The spatial resolution of both datasets, ERA5 and CMIP6 models, 196 

has been homogenized to a common 4ºx4º grid, limiting the global domain to latitudes 60ºS–70ºN and longitudes 150ºW-197 

160ºE: First ERA5 0.25º grid resolution is coarsened to a 1º degree and now, with a similar resolution to CMIP6, both datasets 198 

are linearly resampled into the common grid. The goal of these geographical decisions is to reduce computational costs while 199 

having no impact on the main conclusions of this study. 200 

 201 

3.2 Reference BA methods 202 

We consider 3 widely used Bias Adjustment methods to benchmark the IDS. The non-parametric Quantile Mapping (QM, 203 

(Deque, 2007) represents a mid-complexity method that aims to adjust the modeled climate projection distribution to match 204 

the observed historical distribution. A major limitation of the QM method is that it does not impose any condition to preserve 205 

the change signal projected by the underlying climate model, which can lead to artificial and physically unjustified trends 206 

(Cannon et al., 2015). A major improvement on this type of approach was provided by Cannon et al., 2015) with the Quantile 207 

Delta Mapping (QDM) which is a simple yet effective modification of the standard QM. While historical bias correction 208 
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replicates standard QM output, QDM applies quantile-specific delta change factors to future projections to ensure modeled 209 

climate trends are explicitly preserved at each quantile. We follow Cannon et al., 2015) procedure for the correction of dry/wet 210 

frequency in precipitation for both the QDM and QM implementation: Values smaller than 0.05 mm/day are substituted by 211 

randomized values from a uniform distribution between 0 and 0.05 mm/day prior bias correction in both observational 212 

reference and model data. Later, bias corrected output values below 0.05 mm/day are substituted by 0 mm/day. Finally, we 213 

consider the ISIMIP3b method (Lange, 2019), which serves as the official data pipeline for the Inter-Sectoral Impact Model 214 

Intercomparison Project (ISIMIP). ISIMIP3b represents a complex, variable-specific bias correction framework based 215 

primarily on parametric quantile mapping. It enhances multi-variable consistency, enforces physical range boundaries, and 216 

smoothes extreme tails using theoretical distributions. 217 

 218 

While these three methods differ in their complexity, they all share one critical feature: modifying modeled time series to 219 

match historical observational statistics. Although this adjustment significantly reduces model biases, it can also alter temporal 220 

and distributional characteristics of the  model data that are relevant for  derived  climate indicators, such as heatwave durations, 221 

drought intensities or return periods extreme values. 222 

 223 

3.3 Climate indicators 224 

A set of eight distinct indicator types (Table 1) was selected to evaluate IDS against state-of-the-art BA methods. Each indicator 225 

represents an individual climate phenomenon or the combination of phenomena (including process intensity, threshold-based 226 

conditions, event frequency, spell duration, variability ranges and high non-linear formulations) covering both acute and 227 

chronic hazards using single or multiple essential climate variables. For indicator TX30, the evaluation domain has been limited 228 

to land to obtain more meaningful results since almost no ocean sites exceed 30ºC temperatures. As described in Section 2, 229 

IDS represents an indicator-specific bias adjustment approach, implying that certain indicators may require tailored 230 

adaptations. Nevertheless, we consider the selected set of indicators to be sufficiently representative of most commonly used 231 

climate indicators. The selected indicators have been chosen not only to span different hazard types and formulations, but also 232 

to sample distinct statistical characteristics of the underlying climate variables, including mean state, threshold exceedances, 233 

persistence, distribution tails, and extreme-value return levels. 234 

 235 

Table 1. Description of the different climate indicators used in the evaluation including the type of hazards and mathematical 236 

characteristics of the corresponding formulation. 237 

Short 

Name 

Description Type Input 

Variables 

Units Delta Type Bounds 

TXx Average maximum daily maximum temperature Process intensity, 

Acute 

Tasmax ºC Additive - 
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TDRx Average maximum temperature diurnal range obtained 

as the difference between daily maximum and 

minimum temperature 

Process intensity, 

Multi-variable, 

Acute 

Tasmax, 

Tasmin 

ºC Additive - 

TX30 Average number of days in a year with daily maximum 

temperature above 30ºC 

Threshold-based, 

Chronic 

Tasmax day Additive [0, 360] 

CoolDD Average Cooling Degree Days, following Spinoni et 

al. (2018), quantifies the excess of heat in degrees 

above specific thresholds across daily minimum, mean 

and maximum temperature 

Threshold-based, 

Variability range, 

Multi-variable, 

Chronic 

Tasmin, 

Tas, 

Tasmax 

Degree 

days 

Additive [0, - ] 

CDD Average number of Consecutive Dry Days, defining 

dry day one with daily precipitation accumulation 

below 1mm/day 

Threshold-based, 

Spell duration, 

Chronic 

Pr Day Additive [0, 360] 

PRCPTOT Average total precipitation accumulation considering 

wet days (daily precipitation threshold 1mm/day)  

Process intensity, 

Threshold-based, 

Chronic, 

Pr mm/day Multiplicative - 

RX1day_20yr Precipitation accumulation in a day for a 20 year return 

period event. A GEV distribution is fitted to climate 

period annual maxima time series through the PWM 

method. 

Process intensity, 

Event frequency, 

Acute 

Pr mm/day Multiplicative - 

FWI90p Average percentile 90th of the Fire Weather Index 

(FWI). The FWI is a wildfire risk indicator purely 

based on weather conditions 

Process intensity, 

High non-linear, 

Multi-variable, 

Acute 

Tas, Pr, 

sfcWind, 

Hurs 

- Additive [0, -] 

 238 

3.4 Evaluation approach 239 

A key novelty of our evaluation approach compared to (Spuler et al., 2024) and previous studies (Casanueva et al., 2020) is 240 

the assessment of all relevant components affecting the accuracy of bias-corrected future climate indicators. This includes not 241 

only assessing the preservation of the projected change signal and the accuracy of future period estimates but, equally 242 

important, the preservation of observational estimates during the historical period alongside the actual observed change signal. 243 

This addition is critical because BA methods might introduce errors into the historical representation of indicators compared 244 

to the observational reference. These errors can later be offset by additional errors in projected trends, ultimately leading to a 245 

future performance that looks better than it actually is. Moreover, errors in the representation of future period indicators do not 246 

depend only on the performance of the BA method, but also heavily on the skill of the climate models themselves, alongside 247 

the influence of natural variability. Although historical simulations used in this study are uninitialized, and thus are not 248 

synchronized with observed internal variability, the proposed evaluation setup is fully valid because our objective is not to 249 

quantify the absolute accuracy of the prediction system, but rather to isolate and compare how different BA methods transform 250 

both historical baselines and projected changes. Evaluating these involved components independently helps to disentangle the 251 
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actual added value of each BA method. Taking all of this into account, we evaluate errors across four main components: 1) 252 

historical estimates compared to the observational reference, 2) representation of observed trends, 3) the preservation of 253 

projected trends relative to raw climate projections, and 4) future estimates compared to the observational reference. 254 

 255 

To do so, we consider four different metrics. Errors for the historical and future periods are always presented in absolute terms 256 

as the difference between the estimate and the observational ground truth at each location for every model. Changes, however, 257 

are expressed in either absolute or relative terms (i.e., percentage change relative to the historical baseline) depending on the 258 

indicator (Table 1). Correspondingly, their errors are also represented in absolute or relative (%) terms.  To compare 259 

performance across diverse indicators, we normalize the errors by dividing them by a representative reference value. For 260 

absolute errors, this reference is the corresponding climatological Global Spatial Variability (cGSV), defined as the standard 261 

deviation across all grid locations during the historical period. Thus, a normalized error greater than 1, or 100% expressed as 262 

a percentage, means the local error exceeds the indicator's global spatial variability. For relative errors, the reference value is 263 

the historical cGSV divided by the indicator’s historical global mean. We then aggregate these normalized location-based 264 

errors per model by computing the Normalized Root Mean Squared Error (𝑁𝑅𝑀𝑆𝐸) for a global summary. Finally, we evaluate 265 

the 𝑁𝑅𝑀𝑆𝐸	𝑆𝑘𝑖𝑙𝑙	𝑆𝑐𝑜𝑟𝑒 (𝑁𝑅𝑀𝑆𝐸𝑆𝑆), which directly compares the error of a given BA method against the biased raw model 266 

error: 267 

 268 

𝑁𝑅𝑀𝑆𝐸!" = 1	 −	 #$%&'!"
#$%&'#"$

	 (1)	269 

 270 

A 𝑁𝑅𝑀𝑆𝐸𝑆𝑆 above 0 means the BA method alone improves raw model skill, while a negative value shows it degrades skill. 271 

A perfect score of 1 occurs only when 𝑁𝑅𝑀𝑆𝐸!" reaches zero, i.e. the bias-adjusted estimate perfectly reproduces the ground 272 

truth. In short, the NRMSESS represents the proportion of the initial error in the raw climate model that the corresponding BA 273 

method removes. 274 

4 Results 275 

4.1 Evaluation at local level 276 

To evaluate IDS against standard BA methods, we begin with a representative example: the extreme temperature indicator, 277 

TXx, for the CMCC-ESM2 model. As established in Section 3.4, relying on uninitialized historical simulations, despite their 278 

inherent deviation from observed internal variability, which contributes to larger prediction errors, still allows us to fully isolate 279 

how each BA method transforms the different components of the climate model data. Figure 1 shows how the raw model run 280 

and its bias-adjusted counterparts capture the historical (1951–1980) and future, i.e. pseudo-future, period (1981–2010) 281 

compared to the ERA5 reference. 282 
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 283 

The CMCC-ESM2 historical simulations display severe cold and warm biases (Fig. 2b,h). The largest warm biases relative to 284 

historical observations, reaching above +3°C, are concentrated in continental regions such as Europe, Western Asia, and central 285 

North and South America. Conversely, the strongest cold biases are located primarily over oceans, especially in the North 286 

Atlantic, Eastern Indian, and South Pacific basins. On the other hand, observed trends over the 60-year period show widespread 287 

global warming, with a few regional hotspots like Europe and Northern Canada already experiencing a warming of +2°C (Fig. 288 

2m). Some regions also present localized, minor cooling, such as central South and North America. CMCC-ESM2 replicates 289 

the observed global warming pattern, albeit with certain regional differences (Fig. 2s, n), for instance, a weaker warming over 290 

most of Europe and northern North America but an overestimation of future extreme temperatures in central South and North 291 

America. 292 

Regarding the performance of the BA methods, we first examine the historical period (Fig. 2c-f). Standard methods already 293 

display striking errors relative to the observational reference, with significant differences also emerging between the individual 294 

methods. QM and QDM show the same pattern, since they differ only in their procedure for estimating future periods, with 295 

warm biases exceeding +1°C remaining in central South America and South Africa, the latter not even present in the raw 296 

historical simulation. ISIMIP3B displays more homogeneous biases, also reaching around +1°C in several regions; it 297 

reproduces spatial patterns similar to CMCC-ESM2, but with smaller errors. IDS, in stark contrast, shows no error by 298 

construction because it simply replicates observations.  299 

Trend distortions introduced by the BA methods are considerably smaller (up to four times lower) than baseline historical 300 

biases (Fig. 2u-x), showing that all methods acceptably preserve the raw CMCC-ESM2 change signal with deviations typically 301 

well below 0.5°C. However, distinct differences between methods re-emerge, now also between QM and QDM, where the 302 

latter exhibits, as expected, the smallest errors, close to 0 in most regions. QM modifies projected trends, particularly in Eastern 303 

Europe and central US, leading to cooler-than-modeled changes. Differences in ISIMIP3B appear less well defined and more 304 

scattered overall but still not negligible. Once again, IDS replicates by construction the delta change from the raw model and 305 

thus exhibits no error. 306 

The strong preservation of modeled trends across these four methods leads to an almost identical error representation of 307 

observed trends also when compared to raw CMCC-ESM2 (Fig. 2n-r). However, it is the differing performance during the 308 

historical period that explains why errors in the future period diverge across methods (Fig. 2h-l). First, differences are minimal 309 

between QM and QDM, arising solely from the small modification of projected trends by both methods as previously noted. 310 

The substantial remaining biases in the historical representation of ISIMIP3B, combined with its non-negligible alteration of 311 

the projected change, lead to large errors in future estimates across regions similar to those of the raw climate simulation. A 312 

revealing case of error interaction occurs in central Europe, where ISIMIP3B presents large warm historical biases around 313 

+1°C alongside a preserved colder-than-observed trend projected by the CMCC-ESM2 model. These two opposite errors end 314 
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up cancelling out when combined for the future period estimate, yielding almost no error. However, this accurate estimate is 315 

merely a mathematical coincidence rather than a true physical representation of projected processes or physically corrected 316 

biases. Once more in contrast, the error in the future estimate for IDS is straightforward: it simply equals the error of the raw 317 

model's projected change owing to its exact representation of both historical observations and modeled deltas, thereby ensuring 318 

clear interpretability and confidence in the outcomes.  319 

 320 
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Figure 2. Spatial evaluation of the TXx indicator [°C] for historical (1951–1980) and future (1981–2010) periods. The top row 321 

shows ERA5 reference historical (a) and future (g) representations together with the corresponding observed changes (m) and 322 

raw CMCC-ESM2 model projected changes (s). Corresponding absolute differences [ºC] for raw CMCC-ESM2 model (b,h, 323 

n, t), QM (c, i, o, u), QDM (d, j, p, v), ISMIP3B (e, k, q, w) and IDS (f, l, r, x) bias-adjusted outputs relative to respective 324 

reference historical bias are shown. 325 

Extending this same analysis to all other evaluated indicators reveals a similar pattern throughout, with important differences 326 

depending on location, indicator, method and climate model (Figs. 3 and 4. See also supplementary material Figs. S1 to S8 for 327 

map versions for each indicator). The first striking result from Figure 3 is that, in general, standard BA methods are unable to 328 

fully remove biases in historical estimates, ranging from 5–10% (PRCPTOT, TXx) to 30–50% (FWI90p, CDD, DTRx) of the 329 

cGSV, which is notably concerning. A particularly worrying case arises for the bias-adjusted, frequency-based indicator 330 

RX1day_20yr, which shows a systematic underestimation relative to the cGSV of 10% for QM and QDM and 25% for 331 

ISIMIP3B. In some regions, this underestimation exceeds 50 mm/day, representing approximately 150% of the cGSV, raising 332 

serious doubts about the practical use of these standard methods for specific indicators. The only exceptions occur with QM 333 

and QDM for the threshold-based indicators TX30 and CoolDD, where historical errors are virtually negligible. These two 334 

methods also consistently center errors around 0 across indicators, with the exception of RX1day_20yr. In contrast, ISIMIP3B 335 

clearly struggles more to systematically avoid both over- or underestimation of the historical reference. This is likely due to 336 

the use of parametric distributions in the quantile mapping correction of ISIMIP3B which makes a perfect fit to the data 337 

difficult. It is important to note that beyond the bulk of the distribution, specific locations present extreme outliers across most 338 

indicators with errors exceeding 50%, or even 100%, of the cGSV even for the training and historical period (Fig. S9). Future 339 

estimates display error ranges similar to that of historical estimates across most indicators, with the exception of PRCPTOT 340 

and CoolDD which show small errors for the historical. This similar error range is intriguing considering the additional error 341 

involved in future estimates linked to the skill on the predicted change signal. In this line, the IDS presents systematically 342 

smaller errors for the future, as no error is introduced during the historical period. A specific notable case for the IDS is the 343 

FWI90p indicator, which relies on a highly non-linear parameterization of four interacting variables. Strikingly, computing 344 

the delta change using raw, uncalibrated inputs and applying it to the observational baseline produces future estimates with 345 

lower errors than standard BA methods that explicitly calibrate those inputs (Fig. 3h). This demonstrates the profound 346 

advantage of anchoring to a perfect historical baseline, indicating that errors inherent to the uncalibrated delta change have a 347 

much weaker impact on final future estimates than the residual historical biases left by standard methods. We return to the 348 

broader significance of this finding in the discussion.  349 

 350 

Regarding the distortion of projected climate change signals, a distinction must be made for threshold-based indicators. 351 

Because shifting the historical distribution directly alters threshold exceedance rates, any bias adjustment of these indicators 352 

(TX30, CoolDD, CDD, and PRCPTOT) inevitably, and correctly, modifies the raw model trends. Consequently, such 353 
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modifications should not be interpreted as method failure. Nonetheless, deviations from raw projected changes are generally 354 

small across all indicators, though subtle distortions remain present across most indicator–method combinations, with QM and 355 

QDM applied to PRCPTOT and RX1day_20yr standing out as notable exceptions (Fig. 4). Once again, ISIMIP3B's handling 356 

of RX1day_20yr stands out as an exception, systematically amplifying trends on average by 20% and yielding errors that reach 357 

up to 60% of the cGSV. Because methods largely preserve the model's underlying change signal for most indicators, their 358 

performance in capturing observed trends is nearly identical, including IDS, effectively mirroring the inherent skill of the raw 359 

climate simulations. Remarkably, while errors in representing observed trends are expectedly larger than the distortions 360 

introduced into the change signal itself, the residual errors remaining in historical estimates after bias correction are of a similar 361 

order of magnitude. As a result, both error sources, in historical estimates and observed trends, contribute comparably to the 362 

total errors observed in future period estimates. Figures S9 and S10 replicate Figures 3 and 4 while including extreme outliers 363 

to provide a complete description of these issues. 364 

 365 
Figure 3. Absolute errors considering all locations and CMIP6 models between bias-adjusted estimates and observational 366 

reference for the four BA methods are shown for both historical (left) and future (right) periods across the eight climate 367 

indicators: TXx (a), DTRx (b), TX30 (c), CoolDD (d), CDD (e), PRCPTOT (f), RX1day_20yr (g) and FWI90p (h). Boxplots 368 

indicate the 25, 50 and 75th percentiles together with whiskers covering up to the 5 and 95th percentiles of the samples Outliers 369 

are not shown, for this see Fig. S9. The right vertical axis shows the normalized error obtained by dividing the absolute error 370 

by the cGSV. Median error for each of the climate models is shown with a white dot. 371 

 372 
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 373 
Figure 4. Absolute and relative errors [%] considering all locations and CMIP6 models between bias-adjusted estimates and 374 

model projected (left) / observed (right) trends are shown for the four BA methods across the eight climate indicators: TXx 375 

(a), DTRx (b), TX30 (c), CoolDD (d), CDD (e), PRCPTOT (f), RX1day_20yr (g) and FWI90p (h). Boxplots indicate the 25, 376 

50 and 75th percentiles together with whiskers covering up to the 5 and 95th percentiles of the samples Outliers are not shown, 377 

for this see Fig. S10. The right vertical axis shows the normalized error obtained by dividing the absolute error by the cGSV. 378 

See text for relative error normalization. Median error for each of the climate models is shown with a white dot. 379 

 380 

 381 

4.2 Reversal of projected change 382 

A critical issue regarding the modification of projected changes occurs when model trends are reversed after bias adjustment.      383 

Such reversals are particularly relevant for climate-service applications, as they can materially alter the projected climate-384 

change signal delivered to users, while purely statistical BA methods generally provide no physical basis for interpreting the 385 

reversed signal as more plausible. To demonstrate the relevance of this issue, Figure 5 compares bias-corrected trends to raw 386 

climate model projections across three distinct indicators exhibiting both positive and negative trends. 387 

 388 

Once again, different methodologies yield diverse results depending on the indicator. For DTRx and CDD, all standard 389 

methods produce strict trend reversals in 10% to 18% of all samples, with a "strict reversal" defined as a bias-adjusted change 390 

simply having the opposite sign of the modeled one. This proportion drops sharply to around 1% for significant reversals, 391 

where the shift originates from a non-negligible projected change (defined here as falling outside the central quintile). A special 392 
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case emerges for the RX1day_20yr indicator: while QM and QDM show negligible reversals, ISIMIP3B exhibits strict 393 

reversals in one-third of samples and significant reversals in 15% of samples with values significantly distinct from 0. 394 

 395 

To evaluate whether these reversals are in some manner valid or justified, we compare the performance of the reversed samples 396 

in capturing historical observed trends against the full sample set (Fig. S11). The results indicate that samples with strict trend 397 

reversals show in general similar skill than the overall dataset for all three standard methods. However, for those cases with a 398 

significant reversal of the projected change, a noisier signal emerges with different patterns in the three methods. While QDM 399 

yields a skill reduction (NRMESS < 0) for most models in these samples, QM achieves the largest multi-model median skill 400 

gain, exceeding 0.5, though it still severely underperforms for certain models. Parametric ISIMIP3B, by contrast, presents a 401 

similar but highly robust skill gain across all indicators. However, because these significant reversals represent such a tiny 402 

fraction of samples (~1%, excluding RX1day_20yr at 14.6%), and because the more frequent strict reversals contrast these 403 

results which also aligns with the negligible skill observed across the complete data distribution beyond reversals, we cannot 404 

draw definitive conclusions from these localized skill improvements. In summary, the frequent occurrence of these reversals, 405 

without a systematic gain in skill, indicates they behave more like mathematical artifacts rather than true physical corrections, 406 

which poses serious risks for downstream climate applications. 407 

 408 
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 409 
Figure 5. Scatter plots representing all locations for all CMIP6 models (light grey dots) observed changes (x-axis) against the 410 

bias-adjusted projected trends (y-axis) for DTRx (a-d), RX1day_20yr (e-h) and FWI90p (i-l) indicators for the four BA 411 

methods: QM (left), QDM (middle left), ISIMIP3B (middle right) and IDS (right). Samples with opposite signs (strict 412 

reversals) of projected trends relative to observations are shown with yellow dots. Samples with significant reversals are shown 413 

in red. Samples with correct trend signs out of the thresholds used for defining significant reversals are shown with dark grey 414 

dots. The percentage of yellow / red dots relative to the number of light grey / dark grey dots is shown for each case with 415 

yellow / red numbers. Threshold values used are ±1ºC for DTRx, ±20% for RX1day_20yr and ±2 for FWI90p 416 

 417 

4.3 Evaluation at global level 418 

To obtain a clearer general picture of the performance of the different methods, we aggregate errors by computing the NRMSE 419 

for each indicator and climate model (Fig. 6). Performance varies greatly, up to two orders of magnitude, across different 420 

dimensions. As also already revealed in Fig. 3, for the historical period significant errors remain, even though the three standard 421 
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BA methods significantly reduce climate model biases. After bias correction, the historical NRMSE averages 15% of the cGSV 422 

for empirical quantile-based methods, whereas it increases to 19% for ISIMIP3B. Two contrasting exceptions emerge: TX30, 423 

for which all QM and QDM completely eliminate model bias, and RX1day_20yr, which exhibits almost no error correction 424 

compared to the raw climate models in any of the methods and with NRMSE remaining on the order of 100%, i.e. errors after 425 

bias correction are as large as the observed global spatial variability of historical RX1day_20yr. IDS completely avoids this 426 

ineffective bias removal, consistently replicating observations for every indicator. Preservation of projected trends, only 427 

expected for non-threshold-based indicators, is mostly achieved with the clear exception again of RX1day_20yr in ISIMIP3B 428 

which yields an NRMSE of 30%. In general QM and QDM clearly outperform ISIMIP3B in the preservation of model signal, 429 

with the latter more than doubling the NRMSE of the former and reaching up to 10% of the cGSV. It is also interesting to note 430 

that although QM is not a trend-preserving method, it performs very similarly to QDM for these specific non-threshold-based 431 

indicators. Once again, IDS demonstrates full consistency with climate models, except, for threshold-based indicators where 432 

threshold adjustment is mandatory for valid results. 433 

 434 
Figure 6. Top panel: Radial plots of the NRMSE for each of the eight indicators are shown for both the raw climate models 435 

(grey) and the four BA methods (in color) considering the Historical (a), Projected Change (b), Observed Change (c) and 436 

Future (d) estimates. The circular lines represent the median of the multimodel ensemble and the vertical radial segments the 437 

minimum and maximum error within the ensemble. Note the radial axis is in logarithmic scale. Bottom panel: Bar plots with 438 

the multimodel ensemble median NRMSE averaged across all indicators for the four considered estimates and four different 439 
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methods. Vertical segments represent the minimum and maximum error within the ensemble. *For Projected Change error, 440 

only non-threshold-based indicators are considered. Note that the smaller the NRMSE, the more accurate the method is. 441 

 442 

Given the generally minimal trend distortion introduced by BA methods, errors in representing observed trends are virtually 443 

identical across methods and closely align with the performance of raw climate models. Performance in projecting trends 444 

therefore depends primarily on the intrinsic skill of the underlying climate model rather than on the chosen BA method. For 445 

future projections, however, errors stem from a combination of two a priori independent sources: climate model accuracy in 446 

representing observed trends and residual biases remaining in historical after bias correction. Nonetheless, QM, QDM, and 447 

ISIMIP3B exhibit a pattern of future errors across indicators that closely mirrors that of observed trends, achieving comparable 448 

mean future NRMSE around 22%, a substantial reduction compared to raw climate models (~50%) due to the mitigation of 449 

historical biases. IDS outperforms all candidate methods with a lower average future error (17% NRMSE, this is a 23% relative 450 

improvement compared to other methods), showing particularly sharp error reductions for indicators such as TXx, DTRx, and 451 

CDD. 452 

 453 

An interesting feature becomes evident when examining the error propagation in Fig 6e: errors do not add linearly. According 454 

to the error propagation theory, errors of independent sources combine in quadrature (root sum of squares). For instance, in 455 

the raw model data, future errors are nearly identical to historical errors, even when trend errors are non-negligible, because 456 

the larger historical bias quadratically dominates the smaller trend error. For the standard BA methods, however, the 457 

combination of remaining historical biases and trend errors leads to even smaller total future error than quadratic propagation 458 

predicts. This yields a small gap relative to IDS that is somewhat artificial, given that IDS future error is governed by a single 459 

error source: the model's trend accuracy. To further examine this feature, we evaluate the possible presence of systematic error 460 

compensation between historical and trend errors. Note that we already described a clear example of error compensation in 461 

TXx (Fig. 2) for the ISMIP3B method in Central Europe. Two sources of error combine independently (in quadrature) only 462 

when they are uncorrelated; if correlated, their combined error becomes smaller or larger than the expected quadrature sum 463 

depending on whether the correlation is negative or positive. Figure 7 shows that significant spatial anti-correlations exist 464 

across a large number of indicators, models, and BA methods, leading to substantial and systematic error compensation and 465 

thus a notable reduction in total future errors. The most pronounced case is once again the RX1day_20yr indicator, where the 466 

actual future error is 20% to 35% smaller than the independent combination of errors, presenting an anti-correlation ranging 467 

between -0.2 and -0.4. Other indicators exhibiting significant anti-correlation and error compensation are DTRx, CDD, and, 468 

for certain climate models, TX30, with error reductions on the order of 10%. There are also some cases featuring positive 469 

correlation, and thus constructive error propagation, producing larger than expected biases, although these appear only for 470 

isolated model-indicator-method combinations: for instance for CoolDD for one single model under QM method. Interestingly, 471 

all these correlations are already present in the raw model data and do not appear to be systematically amplified by BA methods. 472 

Nevertheless, this mechanism appears differently on different methods, models and indicators introducing unjustified 473 
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uncertainty into the final estimates. Regardless of the underlying cause, the presence of this fortuitous error interference 474 

represents an additional vulnerability that the direct approach of the IDS avoids entirely having one single source of error, 475 

model skill in predicting trends. 476 

 477 

     478 

 479 
Figure 7. Scatter plot representing the spatial correlation between Historical and Observed Change errors (x-axis) versus the 480 

Relative Error Compensation [%] for the eight indicators (different colors), the raw climate models together with four 481 

different BA methods (distinct symbols) and the six climate models (repeated colors and symbols). Error compensation is 482 

estimated as the difference between the actual obtained error and the expected error estimated from the root sum of squared 483 

errors. Negative values indicate smaller than expected errors. Errors are relative to the expected error. Red area highlights 484 

where error compensation occurs due to the existence of systematic anticorrelation between Historical and Observed Change 485 

errors. 486 

 487 

https://doi.org/10.5194/egusphere-2026-5966
Preprint. Discussion started: 30 October 2026
c© Author(s) 2026. CC BY 4.0 License.



21 
 

4.3 Added value of BA methods 488 

When assessing the performance of post-processing techniques, such as bias adjustment, it is paramount to isolate and quantify 489 

the added value that each method brings compared to uncorrected climate model outputs. The NRMSESS effectively accounts 490 

for this, where values below or above zero indicate a degradation or improvement in performance, respectively, relative to raw 491 

model estimates. A complete elimination of baseline errors corresponds to a skill score of 1.0. In this context, Fig. 8a reinforces 492 

the aforementioned findings: while standard methods effectively reduce historical biases, they consistently fail to bring residual 493 

errors down to a negligible level. In fact, only three out of eight indicators (37.5%) exhibit an almost complete removal of 494 

initial historical bias (>90% error reduction), while an equal proportion of indicators achieve only a modest reduction (≤50%). 495 

On average across indicators, standard methods leave approximately 30% of the original historical bias remaining in the 496 

corrected historical estimates, a notably high value given that observational data are explicitly used during training. Among 497 

standard methods, ISIMIP3B performs slightly worse (35% residual bias) than QM and QDM. This is exemplified by indicator 498 

RX1day_20yr, where the negative NRMSESS values in some models after ISIMIP3B adjustment indicate performance worse 499 

than that of the uncorrected simulations. The skill of standard BA methods in representing the baseline period also depends 500 

heavily on the underlying climate model, particularly for indicators such as TXx, DTRx, CDD, and RX1day_20yr, which 501 

exhibit an inter-model skill variability ranging from 25% to 60%. It is precisely here that IDS demonstrates one of its main 502 

advantages, it provides historical estimates fully anchored to observations independently of indicator and underlying climate 503 

model. A critical requirement for reliable downstream risk assessments that standard methods fail to guarantee. 504 

 505 

The skill in representing observed trends (Fig. 8b) is ruled by the replication of most of the modeled changes by BA methods; 506 

thus, no added value is expected (NRMSESS = 0) for non-threshold-based indicators. For threshold-based indicators, the 507 

modification of the model trends adds some skill (~20% bias reduction) only for the TX30 indicator across all methods. 508 

Interestingly, for CoolDD and CDD, corrected trends neither improve nor degrade the skill, meaning correct local updates are 509 

offset by incorrect updates. For PRCPTOT, however, only the direct application of modeled indicator-specific trends used by 510 

IDS, after adjusting the 1 mm/day dry-day threshold, adds 20% skill. In contrast, the distortion of projected trends in ISIMIP3B 511 

for this indicator leads to negative skill for most models, increasing errors by almost 25%, and exceeding 50% for one specific 512 

model. Conversely, in the case of multi-variable FWI90p, ISIMIP3B is the only method in which the little distortion of modeled 513 

trends by variable-specific parametric quantile mapping leads to a non-negligible skill gain (+5%). Another isolated but 514 

striking case is the negative skill, NRMSESS < -0.5, for one single model representing FWI90p observed trends after bias 515 

adjusted with QDM. All of this highlights once again the need for caution when using standard BA methods without prior 516 

verification. 517 

 518 

Finally, evaluating skill scores for the future period (Fig. 8c) demonstrates that all BA methods deliver net added value relative 519 

to raw climate simulations (NRMSESS > 0). Skill for standard methods largely depends on their ability to reduce biases in the 520 
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historical period, and thus they exhibit a similar performance pattern for future estimates. Apart from the RX1day_20yr 521 

indicator, for which skill is close to 0 for standard methods, future NRMSESS spans a wide range, from 25 to 75% bias 522 

reduction, with large variability for indicator specific estimates within the model ensemble (up to 60%). IDS presents a much 523 

more consistent skill score (between 65 and 81% of future error reduction, one third of other methods’ standard deviation) 524 

across these same indicators, with also much smaller inter-model variability (less than 25%). RX1day_20yr is also challenging 525 

for IDS, resulting in reduced skill for the future, but it still outperforms the other methods, with an NRMSESS of 0.2 vs 0.05 526 

for QM/QDM. Averaging across all indicators, IDS clearly outperforms state of the art methods, with an NRMSESS of 0.68 527 

compared to 0.54, representing a 25% improvement in skill or a 30% reduction in remaining error. 528 

 529 

 530 
Figure 8. Top panel: Radar plots of the NRMSESS for each of the eight indicators are shown for the four BA methods (in 531 

color) considering the Historical (a), Observed Change (b) and Future (c) estimates. The circular lines represent the median of 532 

the multimodel ensemble and the vertical radial segments the minimum and maximum error within the ensemble. Bottom 533 

panel: Bar plots with the multimodel ensemble median NRMSESS averaged across all indicators for the three considered 534 

estimates and four different methods. Vertical segments represent the minimum and maximum error within the ensemble. Note 535 

that the larger the NRMSESS, the more accurate the method is. 536 

 537 
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4.4 Computational cost 538 

An additional benefit of the IDS approach is the reduction in computational cost, both in terms of resources and time. Rather 539 

than applying heavy BA procedures to the daily distribution of every input variable, IDS relies on light additional steps: it 540 

always requires the estimation of delta change factors and their application to the historical baseline, while some indicators 541 

might also require specific adjustments, such as the correction of indicator thresholds. This structural shift means that while 542 

IDS scales computationally only with the number and type of indicators considered, the resource requirements for standard 543 

methods also depend critically on the number of input variables to be adjusted. To better understand the computational burden 544 

for diverse types of indicators, we quantify the cost of these different steps in Fig. 9.  545 

 546 

IDS presents the largest speedup factors (between 4.5x to 172x) compared to standard methods for simpler indicators, like 547 

TXx, where BA cost in standard methods represent several times the duration of the indicator’s calculation itself. For threshold-548 

based indicators like TX30, IDS requires a threshold adjustment, but this represents only 2% of the total processing time. For 549 

complex, computationally heavy indicators like FWI90p, the bias correction of input variables becomes secondary to the metric 550 

computation when using empirical quantile mapping methods like QDM. However, for the complex ISIMIP3B, the adjustment 551 

of input variables still represents by far the most significant part of the computation (13 times more than the indicator’s 552 

calculation itself). Bypassing this BA step makes IDS 30% faster than QDM and consequently 13 times faster than ISMIP3B. 553 

Finally, when evaluating a collection of indicators, such as the eight analysed in this study where several bias-corrected input 554 

variables are reused across multiple indicators, IDS still maintains a clear advantage, reducing computational costs by 20% 555 

compared to QDM and by a factor of 12 compared to ISIMIP3B. 556 

 557 

Another relevant consideration of the IDS approach is the flexibility it offers when the observational reference is updated with 558 

a different dataset. While standard methods require a computationally heavy re-adjustment of all climate models based on the 559 

new reference, along with the recalculation of all indicators, IDS avoids this bottleneck for non-threshold-based indicators. In 560 

this case, only the indicators corresponding to the new historical reference need to be computed. The bias-corrected future 561 

indicators are then efficiently updated by simply scaling this new baseline with the already established change factors. This 562 

same flexibility applies when updating climate indicators to consider new historical baselines or future periods. Once an 563 

indicator and its corresponding change factors are computed at a yearly or sub-annual scale covering the entire temporal 564 

extension, they can easily be aggregated into new timeframes at negligible cost. A common application of this efficiency 565 

occurs when working simultaneously with climate indicators represented in standard monotonic future periods and in Global 566 

Warming Levels (GWL). 567 
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     568 

 569 
Figure 9. Slowdown factors computed as the ratio between the total computational times for calculating four different types of 570 

indicators with three methods (QDM, ISMIP3B and IDS) relative to total IDS times. The collection case represents the 571 

calculation of the eight indicators considered in this study. Total computation times ratios are represented by grey bars while 572 

the diverse computational steps required are shown with different colors and are always relative to total IDS times. The QM 573 

method is not shown in this figure since it presents almost equal performance to QDM. To reduce the impact of the different 574 

computational efficiency of each method implementation, we only consider a single pixel and climate model for each climate 575 

indicator. 576 

5 Conclusions 577 

In the present study, a generalization of the Change Factor approach applied to diverse climate indicators is proposed and 578 

systematically evaluated to directly address the broad set of issues associated with current bias adjustment procedures 579 

repeatedly described in the literature (Maraun et al., 2017; Spuler et al., 2026). Moving the adjustment from the daily variable 580 

distributions to the indicator level, the proposed IDS represents a methodological shift toward a simpler, yet more robust and 581 

consistent solution based on three core principles that address key mechanisms underlying the issues identified in our 582 

evaluation: First, historical observations must be strictly preserved to guarantee the most realistic baseline upon which future 583 
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risk estimates are built. A future risk assessment grounded in an already flawed bias-adjusted historical baseline might lead to 584 

inaccurate projections. Second, in the absence of an explicit physical or process-based justification for modifying the projected 585 

change signal, future climate-change information should remain anchored to the change simulated by the underlying climate 586 

model. Any deficiency in the change signal should remain the responsibility of the model itself, as purely statistical BA does 587 

not aim to correct structural deficiencies in the underlying climate model. If an issue-specific correction is feasible, it should 588 

fall under the expertise and responsibility of the corresponding practitioner, but never become the unintended artifact of a 589 

generic unsupervised post-processing method. Third, to satisfy the first two principles simultaneously, adjustments must be 590 

shifted from the underlying input data directly to the indicator computation itself. This use of indicator-specific adjustments 591 

ensures the integrity of climate model data while deriving robust estimates from biased inputs. An example of this is the 592 

adjustment of the corresponding indicator thresholds or the selection of a specific type of Delta Change Factor. These principles 593 

allow IDS to directly avoid two critical and widespread problems: the misuse of BA to overcalibrate unrealistic climate models 594 

representations (Chandel et al., 2024; Maraun et al., 2017) together with the distortion of observational baselines and projected 595 

trends after BA (Casanueva et al., 2020; Dosio, 2016).  596 

Beyond its conceptual benefits, IDS produces significantly more accurate estimates, systematically outperforming the three  597 

benchmark methods across the evaluated indicators and models (QM, QDM, and ISIMIP3b) with a 23% smaller average error 598 

(17% vs 22% NRMSE) and a 25% higher average skill (0.68 vs. 0.54 NRMSESS) for future period estimates. Furthermore, 599 

IDS also provides markedly superior consistency, showing a performance variability across climate models and indicators 600 

about three times smaller than other methods. A major contributor to this performance gap is the residual bias of the historical 601 

baseline. Although complex standard methods calibrate the statistical historical distribution of each variable, they struggle to 602 

actually replicate each specific climate indicator historical representation. Our results show standard methods leave behind, 603 

after adjustment, roughly one third of the initial raw model historical bias with large variability across indicators, models and 604 

methods. For instance, for indicator RX1day_20yr, the remaining historical bias after BA exceeds 75% for QM and QDM 605 

methods, whereas it reaches 100% for ISIMIP3B, i.e. historical bias correction is negligible. Moreover, across most indicators, 606 

locations with extreme outliers are present within the historical period with errors exceeding 50%, or even 100%, of the 607 

corresponding indicator’s global spatial variability, a severe usability problem for downstream risk assessments. In contrast, 608 

IDS simply anchors to the observational baseline, ensuring systematic zero historical error independent of location, indicator 609 

and climate model with respect to the observational reference.  610 

The reproduction of model trends also reveals critical limitations in standard methods, in agreement with previous studies 611 

(Casanueva et al., 2020; Spuler et al., 2024). Although all methods perform generally well preserving general trends for no 612 

threshold-based indicators, they still fail to completely preserve model trends at local scale. The most striking representation 613 

of this is the reversal of projected trends in several indicators, with standard methods presenting between 10 and 18% of 614 

samples with a bias-adjusted projected change of the opposite sign compared to the raw simulation. Further analysis 615 
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demonstrates that these reversals generally provide no overall skill improvement, indicating they largely act as random 616 

mathematical noise. A revealing exception occurs for the samples with largest reversals of the projected change, about ~1% 617 

of all samples. While QDM lead to a strong degradation of model skill in representing trends for these samples, QM and the 618 

parametric ISIMIP3B shows a significant gain in general but not for all models. The reduced number of samples for this 619 

specific case, which contrasts with the neglectable improve in skill of general reversals of projected trends, avoids extracting 620 

meaningful conclusions. Regarding the ability of standard BA to improve the representation of actual observed trends, their 621 

trend-preserving nature makes they simply tend to inherit model errors adding no significant improvement. Yet, IDS adds 622 

some minimal skill (5% average across indicators) due to the more precise correction of delta change factors on threshold-623 

based indicators (for PRCPTOT and TX30 indicators). 624 

Therefore, the performance of standard BA methods in generating future estimates depends on two ostensibly independent 625 

sources of error: the remaining biases in the historical estimate and the errors in reproducing the observed trends, which are 626 

mostly driven by the skill of the climate models. However, our results show that these errors are not fully independent; rather, 627 

they exhibit significant systematic correlation across specific indicators, models, and methods. This implies that historical and 628 

trend errors can actually compensate for one another, or constructively compound, when combined to yield future estimates, 629 

consequently leading to artificially smaller or larger errors than expected. Our dataset reveals a significant anticorrelation for 630 

certain indicators, yielding up to an artificial 30% reduction in future estimate error. This introduces an additional source of 631 

uncontrollable uncertainty in standard methods that, regardless of the underlying cause, leads to increased unreliability in 632 

climate risk assessments. In contrast, in our evaluation and given an observational reference, the sole source of error in IDS 633 

corresponds to the climate model's skill in projecting trends, ensuring that this uncertainty is fully identified, understood and 634 

controlled. 635 

Building on these results, IDS addresses the two main competing demands of the current “usability gap” of BA procedures 636 

described by (Spuler et al., 2026): credibility and salience. Regarding scientific credibility, the fundamental design of IDS 637 

provides a physically interpretable basis, straightforward interpretation, exact agreement with the observational baseline by 638 

construction e, transparent uncertainty tracking, and simple standardization across diverse indicators. Furthermore, the 639 

simplicity of IDS avoids the conventional assumption of stationarity of climate models’ biases, as these biases are entirely 640 

bypassed in the delta approach. As a consequence, the remaining error in future estimates is more directly attributable to the 641 

climate model's own deficiencies in projecting trends. This contrasts with standard methods, where violations of the stationarity 642 

assumption can introduce additional, artificial and unexpected distortions to the projected trends. At the same time, IDS 643 

achieves practical salience for users through its robustness across hazards, greater methodological transparency, and high 644 

computational efficiency. Ultimately, by operating at the indicator level and avoiding the heavy processing of variable 645 

distribution bias adjustment across decades of daily data, IDS provides massive computational gains, avoiding the x1.2 to x12 646 

https://doi.org/10.5194/egusphere-2026-5966
Preprint. Discussion started: 30 October 2026
c© Author(s) 2026. CC BY 4.0 License.



27 
 

slowdown factors imposed by standard methods. This efficiency is complemented by accessible implementations fully 647 

compatible with standard climate indicator libraries. 648 

Despite these conceptual and empirical advantages, a primary limitation of IDS is its bounded scope: it is designed strictly to 649 

scale climate indicators, not to generate the continuous, multivariate daily weather time series required for impact modeling. 650 

In practice, however, climate indicators represent the vast majority of climate information processed in risk assessments and 651 

decision-making. Furthermore, our results show that deriving future changes even for complex multivariate indicators, like 652 

CoolDD and the highly non-linear FWI90p, from raw uncalibrated model inputs produced comparable or even lower future 653 

errors than standard methods that meticulously calibrated the daily multivariate inputs first. This result can only be explained 654 

by the fact that the compounding errors introduced throughout the standard BA pipeline exceed the error inherent in extracting 655 

a change signal from uncalibrated inputs. In fact, initial tests showed that linearly pre-scaling raw models time series with the 656 

historical observational reference to remove biases in models climatological mean values before indicator computation via 657 

IDS did not lead to noticeable improvements in future error estimates, reinforcing the idea that biases in raw delta factors are 658 

small. This suggests that a broader "impact delta" approach, where raw climate model outputs drive complex downstream 659 

hydrological or agricultural impact models, with the resulting delta applied to observational impact baselines, may perform as 660 

well as, or even outperform, the traditional pipeline of feeding bias-adjusted inputs into impact models, all while benefiting 661 

from the aforementioned significant usability gains. Another important distinction and crucial requirement of the IDS approach 662 

is the need for indicator-specific adjustments, which could theoretically pose challenges for certain highly concrete types of 663 

indicators. While we cannot definitively rule out the existence of such cases, our extensive testing across dozens of diverse 664 

indicators has not yet revealed any fundamental limitations where the IDS framework fails to provide a robust solution. 665 

Finally, the versatility and transparency of the IDS approach suggest significant potential beyond climate projections. The 666 

mathematical simplicity of extracting a pure change signal and scaling it against a robust baseline makes IDS a promising 667 

candidate for seasonal-to-decadal climate predictions. In these forecasting contexts, correcting severe model drift and 668 

accurately scaling forecasted anomalies to observed climatologies are critical challenges. By cleanly separating the physical 669 

change signal from the baseline representation, this paradigm provides a transparent and operational pathway at these scales 670 

as well. At climate projections scales, the results presented here demonstrate the practical applicability of the approach across 671 

a diverse set of climate indicators. The framework has indeed been applied in the development of dedicated C3S climate 672 

indicator datasets designed to address climate risk assessment requirements relevant to the EIB. These characteristics make 673 

the framework relevant for large-scale indicators production, offering a practical and scalable solution for climate services 674 

seeking to bridge the usability gap between complex climate modeling and robust, user-focused indicator data. 675 
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7 Code availability 676 

A python-based implementation of the IDS framework used in this study is currently available at https://github.com/Lobelia-677 

Earth/xids. Upon publication of the public preprint, we will make it accessible via Zenodo with a corresponding DOI. 678 
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