
Responses to comments from the reviewers 

We are thankful to the Editor and Associate Editor for handling this manuscript, and the 
anonymous reviewer for the comments and suggestions. We have carefully considered each of 
the comments when preparing the revised manuscript. We believe that all these comments are 
being addressed. Below we provide a response to each of the comments and describe in detail 
how the original manuscript was modified. Note that all the changes to the manuscript were 
implemented using Track Changes in Word. Furthermore, lines numbering is according to the 
manuscript under Simple Markup visualization of the changes. 

In this response letter, we have added comments from both reviewers with our detailed 
answers, a version of the modified manuscript without Tack Changes, as well as a version of the 
manuscript with Track Changes.  

 

Reviewer 1: 

This article presents a software package that consolidates multiple quantile mapping methods 

into one common interface, and makes it available in the three most common coding languages 

used by climate scientists and others who use climate projections. While limited to quantile 

mapping type approaches, this will be a useful software package for many people exploring 

climate impacts on a local or regional scale. My suggestions below are largely aimed at providing 

a more complete context for this package relative to available resources and methods. 

 

1) Line 34, following the sentence on RCMs, it might be worth mentioning that there are also 

hybrid methods (e.g., Walton et al., 2015, https://doi.org/10.1175/JCLI-D-14-00196.1) that 

combine dynamical and statistical downscaling. 

Response: We thank the reviewer for the comment; to address it we have added more detail and 

a description of hybrid methods. This has been done by dividing the first paragraph of the 

Introduction (Section 1) into three paragraphs to clearly differentiate between downscaling and 

bias correction methods (lines 28 to 45 in the updated manuscript). Also, we now mention that 

there are statistical, dynamic, and hybrid downscaling methods, including the proposed 

reference. 

 

2) Lines 34-36, While the software being presented is only for QM variations, the sentence listing 

“several bias correction (or bias adjustment) methods” should be a little more explicit in what 



these consist of (like analogues). You might also mention that analogues would not be amenable 

to the approach of this software, where all methods essentially work on point-to-point bias 

correction. Also, current development of machine-learning approaches to downscaling is 

emerging (e.g., Soares et al., 2024, https://doi.org/10.5194/gmd-17-229-2024) and should be 

noted. 

Response: We appreciate the comment; thanks to it we have strengthened the Introduction 

(Section 1). In the first three new paragraphs of the Introduction, we included a more detailed 

description of downscaling and bias correction methods to clarify that the climQMBC package 

only includes a set of bias correction methods. We also included the machine-learning approach 

and the proposed reference. Additionally, based on a new Appendix focused on execution times 

(Appendix B in the updated manuscript; line 709), we now included a brief discussion at the end 

of the Conclusions to acknowledge potential machine-learning contributions in execution time 

(line 605 in the updated manuscript).  

 

3) Lines 58-61, a little more discussion would help characterize the uncertainties. The Lafferty et 

al. (2023) reference would provide a good framing of this (https://doi.org/10.1038/s41612-023-

00486-0). 

Response: We appreciate the comment and have extended the paragraph of the Introduction 

(Section 1) to include more details about the uncertainties in the climate change impacts 

assessment and the contribution of downscaling and bias correction based on the proposed 

reference and complementary articles (lines 78 to 98 in the updated manuscript). This comment, 

with others, has helped strengthen the introduction and better frame the need for a package to 

easily compare different bias correction methods. 

 

4) Line 85, Add a short paragraph discussing the availability of downscaled data, which is 

increasingly being used by stakeholders to avoid having to do downscaling at all. A few examples 

of CMIP6 global downscaled data sets are those from the Climate Impacts Lab (Gergel et al., 2024, 

https://doi.org/10.5194/gmd-17-191-2024), School of Geography and Environmental Science 

(2022, https://doi.org/10.5285/c107618f1db34801bb88a1e927b82317) and the NASA-NEX 



archive (Thrasher et al., 2022, https://doi.org/10.1038/s41597-022-01393-4). At 

regional/continental scales there are many more data sets. Of course, each uses its own 

observational baseline data, training period, etc., to attributing differences to specific sources is 

not possible, which means there is still value in facilitating statistical downscaling. 

Response: We thank the reviewer for the comment; it has helped us to improve the Introduction 

(Section 1). We added a brief paragraph in the Introduction addressing the relevance and scope 

of available downscaled, both global and regional (lines 99 to 110 in the updated manuscript).  

 

5) Line 285, the example script (Figure 4) and the linked example notebook on github are helpful 

illustrations of how to use the package for a point. It may exist on the github site but I could not 

find an example of applying this to a gridded (e.g., netCDF) data set. Since that would be a 

relatively common application, developing an example of that would make this more complete. 

Response: We now included a working example and sample dataset for gridded products in the 

tester scripts available in the GitHub repository for each programming language 

(climQMBC_tester_Python.py, climQMBC_tester_R.R and climQMBC_tester_Matlab.m) and at 

the end of the Example_notebook which is available in the main page of the Github repository 

(https://github.com/saedoquililongo/climQMBC/blob/SA/Example_notebook.ipynb). This is now 

mentioned in lines 368 to 376 of updated manuscript. We thank the reviewer for the comment 

as now we have a more complete set of real examples that users and readers can explore.  

 

Reviewer 2: 

The manuscript introduces climQMBC, a coding package implemented in Python, R, and MATLAB 

that bundles five univariate quantile mapping bias correction methods (QM, DQM, QDM, UQM, 

SDM) for point-based daily, monthly, and annual climate series. The authors emphasize three 

contributions: a unified mathematical formulation of the methods, identical functionality across 

three languages, and a built-in summary report function that compares methods by their ability 

to preserve raw GCM trends in the mean and standard deviation. Performance is assessed using 

a synthetic exercise in which gamma-distributed precipitation series are perturbed by controlled 

biases in the mean and standard deviation across a range of coefficients of variation and 



projected-change magnitudes. The authors conclude that UQM and DQM are the most reliable 

methods overall, while acknowledging that QM remains useful for its simplicity.    

 

Major Comments: 

1) There is no real-world demonstration of bias correction. For a paper that motivates its tool by 

appealing to hydrology, wildfire, and heatwave applications, the complete absence of any 

application to actual GCM/RCM output paired with station or gridded observations is striking. 

Figure 4 shows a code snippet plotting a single monthly near-surface air temperature ('tas') series 

drawn from the package's bundled sample data; Figures 5 and 6 illustrate the report function on 

a precipitation example whose source, region, and driving model are not described. Neither 

constitutes a real-world application in the sense of documented climate-model output paired 

with observations for a stated location. 

Without a real case the reader cannot assess whether the package handles realistic complications 

such as elevation-dependent biases, monsoonal bimodality, drizzle-dominant tropical regimes, or 

arid regions where the random-near-zero replacement may dominate the corrected series. This 

omission also makes it impossible to evaluate computational scalability, which matters because 

the moving-window strategy multiplies the cost of each method substantially relative to the 

original single-window formulations. 

Response: We appreciate the comment; thanks to it we have better presented our package. First, 

to bring the reader to a real-world case of bias correction based on freely available datasets, we 

added the location of the point analyzed (Cocora Valle in Colombia) and both the observational 

(ERA5-5-Land) and modeled (CMIP6 MPI-ESM1-2-HR run by SSP 5-8.5) products used in Section 

3.2 (lines 356 to 362 in the updated manuscript). Additionally, we added a brief annotation that 

comes out of the example shown where the UQM and QM methods result in different 

temperature projections (lines 378 to 382 in the updated manuscript). 

The new version of Section 3.2 is now based on that dataset and example. As such, we updated 

Figures 4, 5 and 6 and the respective description to be consistent with the dataset used. We also 

updated the sample dataset of the repository to the one used in Section 3.2, so that any reader 



can verify the results. We have also added a grid-based application case to the repository, which 

is also mentioned now in Section 3.2 (lines 368 to 376 in the updated manuscript).  

Regarding the concerns of realistic complications, the article presents a unified notation of all 

methods and describes the different assumptions of each method, along with strategies to solve 

some of the methods problems, like the random near-zero replacement or the moving windows. 

The specific analysis of each of these procedures and method for all potential complications is 

out of the scope of this work, and we expect the climQMBC package to support these future 

efforts. To complement the Introduction (Section 1), we included references to works that have 

made explicit the use of the climQMBC (lines 142 to 143 in the updated manuscript). Regarding 

the computational scalability, we created an Appendix B (starting at line 709 of the updated 

manuscript) to include a summary of the performance of the methods in terms of execution time 

relative to the QM method. We also mention the comparison of execution times in lines 247 to 

250 of the updated manuscript. Additionally, we included a discussion on computational 

scalability and potential challanges in the Conclusions (Section 5; lines 601 to 607 of the updated 

manuscript).  

Please note that although the moving-window strategy has some computational cost, there are 

significant benefits in terms of properly capturing the GCM changes. We have added Appendix A 

to explain this in the new manuscript (from line 608 of the updated manuscript). We would like 

to thank the reviewer for highlighting this; it has helped us strengthen the manuscript in 

important issues.  

 

2) NSE and KGE are inappropriate as primary metrics for distribution-based bias correction. NSE 

and KGE measure point-by-point temporal agreement. Quantile mapping methods, by 

construction, do not aim at point-by-point reconstruction of the "true" observed projected series; 

they aim at distributional consistency and trend preservation. The bias-corrected series is 

sequenced according to the modeled time series, so a high NSE only arises when the model 

already has the correct temporal sequencing of values, which has nothing to do with the bias 

correction itself. The authors should justify why these metrics are appropriate at all, or replace 

them with metrics that directly probe distributional similarity (Wasserstein distance, integrated 



quantile difference, tail-weighted scoring rules). As presented, the cumulative NSE/KGE curves in 

Figure 9 conflate distributional skill with the trivial fact that, in the synthetic design, the modeled 

and observed series share the same underlying random draws. 

Response: 

We appreciate the comment; with it we have realized that some important parts of the 

manuscript were not clear enough in the previous version. As the reviewer properly mentions, 

neither the NSE, nor the KGE are appropriate metrics to assess Quantile Mapping methods in real 

life scenarios. One of the contributions of our manuscript is to propose a simple way to verify the 

performance of bias correction methods. For this, we have added bias to a synthetically generated 

time series (Section 4.1) and then performed the bias correction, hence we know beforehand the 

objective time series without bias. In other words, the synthetic exercise considers a “observed” 

historical and future series, while for the “modeled” series we added bias (i.e., in the mean and 

standard deviation) to these original series. As such, the modeled series has a consistent 

sequence of events with the objective series (i.e., the “observed” one). In those conditions, in 

lines 469-470 of the updated manuscript we made explicit that “As such, in this synthetic exercise 

the bias corrected series should be the same as the synthetic observed historical or future 

objective series”. In this context, the use of the NSE is appropriate as it is expected a point-by-

point reconstruction of the objective series and the KGE is also appropriate because it considers 

the bias in the first two statistical moments and if the sequence of events is consistent with the 

objective series. Note, that this approach allows objectively comparing which bias correction 

method is having a better performance in removing the "added bias” in the synthetic exercise. To 

avoid misunderstandings of the exercise and on the relevance of the used metrics, we 

restructured the explanation of the synthetic exercise in Section 4.1 aiming 1) for a better 

explanation of the construction of the series and clarifications of what is expected from the bias 

correction process and 2) to explicit the appropriateness of the NSE and KGE as metrics and the 

scope and limitations that these have in real life applications. Additionally, we included 

complementary notes on the applicability of these NSE and KGE in the Conclusions (Section 5; 

lines 587 to 592 in the updated manuscript). 



We thank Reviewer 2 for noting this aspect, which led us to include the synthetic example as a 

functionality in the climQMBC package to evaluate quantitatively the most suitable method for 

their specific conditions. This is mentioned in the Introduction (lines 138 to 140 of the updated 

manuscript), the Synthetic Example Section (lines 443 to 450 of the updated manuscript), the 

Conclusions (lines 581 to 592 of the updated manuscript) and the Abstract (lines 22 to 25 of the 

updated manuscript). 

 

3) The novelty claim is thin for a methods paper at GMD. The five implemented methods are all 

from prior literature. The unified notation and the report function are useful but incremental. The 

strongest selling point, multi-language availability with identical functionality, is a software-

engineering contribution rather than a scientific one. Major competing packages are dismissed in 

a single paragraph without quantitative comparison: xclim and ibicus are not benchmarked, and 

MBC is dismissed for lacking trend-preserving methods without acknowledging that it contributes 

the entire multivariate dimension that climQMBC lacks. A side-by-side benchmark on a common 

test case, demonstrating either superior accuracy, speed, or usability, would substantiate the 

contribution claim. Without it, the paper reads as documentation rather than as a research 

article. 

Response: We appreciate the comment and agree with the reviewer that the previous version of 

the manuscript needed to better highlight its contribution. Regarding the novelty of the work, 

despite all efforts on the development of bias correction methods, 1) recent works (for example, 

Lafferty et al. (2023); https://doi.org/10.1038/s41612-023-00486-0) show that the contribution 

of bias correction methods to uncertainty of the climate change assessment is highly 

heterogeneous and can contribute to around 30% of the total uncertainty, 2) recent works (for 

example, Fowler et al, 2025;  https://doi.org/10.1007/978-3-031-85542-9_18) still suggest the 

need for comparison of bias correction methods to discern the most appropriate for each 

analysis, and 3) there are no tools to allow users to do such a comparison of methods in a 

comparative framework. This work is a step to close this gap in terms of a tool to compare 

methods and two functions to do the comparison (report function and the synthetic example, 

https://doi.org/10.1038/s41612-023-00486-0


recently added thanks to reviewer two comments). We updated the Introduction to make these 

gaps clear and to better present climQMBC package contribution.  

Please note that this type of contribution is well within the scope of GMD journal. In particular, 

this work presents a novel tool and approach to compare bias correction methods (several 

methods in a unified framework and available in widely used programming languages, and both 

a report function and a synthetic comparison of controled conditions), alongside with a 

comparable description of the methods available in the climQMBC package. 

Regarding the comparison with other packages, while we ensured that every process is as 

numerical as possible instead of based on loops and conditionals, the objective of the climQMBC 

package does not rely on being the fastest, but the more useful for consultancy, academia and 

research so that users can evaluate the trade-offs that each method has. 

In terms of accuracy, there is a gap in understanding and measuring the impacts of different 

decisions on the implementation of bias correction methods. On the other hand, as the 

contribution of the bias correction process to uncertainty is highly heterogeneous, an extensive 

analysis would be a work on itself, considering that there is not yet a consensus on how this 

analysis should be performed. We expect that this work and tool will support the development 

of such types of studies in the future. Additionally, in the Introduction (Section 1) we already 

mention the scarcity of packages with several methods and available in more than one 

programming language, which needed to close the gap to make the comparison of bias correction 

methods and uncertainty analysis accessible to other studies. As such, a side-by-side benchmark 

on a common test case is beyond the scope and relevancy of the presented work. 

 

4) The package is strictly univariate and point-based, which limits its relevance for modern impact 

assessment. Compound events (for example hot-dry conditions, wind-fire coupling, and 

precipitation-temperature co-variation in snowpack modelling) are increasingly recognized as the 

dominant climate-risk pathway, and they require methods that preserve inter-variable and inter-

site dependence. The manuscript acknowledges this gap only obliquely. Users who adopt 

climQMBC and apply it independently to coupled variables risk introducing spurious decoupling, 



particularly in snow-rain transitions or fire-weather indices where multivariate consistency 

matters. This limitation deserves explicit discussion and a warning to users, not a passing remark. 

Response: 

We agree on the need for multi-variable bias correction methods as univariate point-based bias 

correction methods do not consider the local inter-site and inter-variable dependance. However, 

existing algorithms that aim bridging this gap, like the MBCn (Cannon, 2017) and ISIMIP3BASD 

(Lange, 2019), do not always correctly represent local conditions other than the correlations and 

fail to preserve the raw GCM trends (Aedo-Quililongo and Chong, 2024; Aedo-Quililongo and 

Chong, 2025). Unfortunately, this conclusion is hardly reported as articles tend to focus on new 

methods rather than comparisons of methods and raising limitations. 

We incorporated a paragraph in the Introduction (Section 1 lines 70 to 77 in the updated 

manuscript) and in the Conclusions (lines 573 to 580 in the updated manuscript) acknowledging 

this gap. Thank you for the comment, it has helped us acknowledge more explicitly that the 

climQMBC package in its current version works with univariate methods.  

 

5) Methodological choices in distribution selection and zero-precipitation handling are under-

justified. Fitting candidate distributions by the method of moments and then selecting among 

them by the Kolmogorov-Smirnov statistic is internally inconsistent. KS is insensitive to tail 

behaviour, which is precisely where the extremes most relevant to impact studies live. There is 

also no discussion of fit-quality reporting to the user, so a user could obtain a heavily biased 

correction without diagnostic information. The random-near-zero replacement procedure, while 

pragmatic, introduces stochasticity that breaks reproducibility and whose sensitivity is admitted 

but never quantified. For arid regions, where the fraction of zero-precipitation days can exceed 

90 percent, this procedure may govern the correction more than the actual distribution fitting. 

The moving-window design is not stress-tested. The authors recommend windows of 20 to 40 

years following Chadwick et al. (2023), but no sensitivity analysis is presented within this paper 

to validate that recommendation under the synthetic conditions explored. For long projections 

(for example to 2100), the window for the early decades of the projected period still contains 



historical data, which dampens any abrupt nonstationarity. The synthetic experiment, which uses 

stationary gamma distributions in the projected period, cannot detect this issue at all. 

Response: We appreciate the comment; it highlights several issues where improving our 

explanation of the method is required. We have significantly added more detail in several of these 

issues. Regarding the random near zero replacement, it is a procedure that has already been 

proposed in the literature (see Vrac et al., 2016; https://doi.org/10.1002/2015JD024511) by 

considering one threshold to define the values to be replaced and the range of the random values; 

however, in Chadwick et al. (2023) a variation with two parameters is presented, which is the 

variation implemented in the climQMBC package. The first parameter is a threshold that 

represents the physically zero precipitation value (defined as default as 1 mm, independently of 

the temporal scale). Every value below this threshold will be replaced. The second parameter is a 

factor to scale the physically zero precipitation value (1/100 as default) and defines the maximum 

possible replacement value. For example, considering the default values, every precipitation 

value below 1 mm will be replaced by random values between 0 and 1/100. If by any means, the 

projected change increases the value 10 times (change that would be unrealistic according to 

GCM projections), the maximum new value would be 1/10 (smaller than 1). As such, it would be 

removed at the end of the correction process. In Section 3.1.1 we indicate that these parameters 

should be analyzed as exceptional conditions resulting from observational data, or model results 

may require adjustments. However, we noted that the two parameters are not completely 

described in the article as in this response. We modified the last paragraphs in Section 3.1.1 to 

make the process clear (lines 218 to 242 in the updated manuscript). 

Regarding the applicability or success of the random near zero replacement, several studies have 

successfully worked with the climQMBC in semi-arid to arid regions in Chile. For example, Blin 

(2023; https://repositorio.uc.cl/server/api/core/bitstreams/acf55587-dc5f-41fa-8d7e-

e23cba55082d/content), Martínez et al. (2023; https://doi.org/10.1016/j.foreco.2023.121169), 

Vicuña et al. (2025; https://doi.org/10.1007/978-3-031-85040-0_16), Gonzáles-Leiva et al. (2026; 

https://doi.org/10.1080/02626667.2026.2625979) and Guzmán et al (2026; 

https://doi.org/10.2166/wcc.2026.267). We included these references in the Introduction 

https://doi.org/10.1002/2015JD024511
https://doi.org/10.1016/j.foreco.2023.121169


Section 1 of the updated manuscript (lines 142-143 in the updated manuscript). We thank the 

reviewer as this inclusion helped complement the manuscript. 

Regarding the concerns of the use of the Kolmogorov-Smirnov test, following other comments of 

Reviewer 2, we included a disclosure of the limitations of the test in lines 205 to 207 of the 

updated document. We also included in text that the package prints a message of the times that 

the test fails for all available distributions in the library; however, the bias correction procedures 

continue based on the best distribution (lines 210 to 213 in the updated manuscript). Additionally, 

we mention now that the user could also force or define the desired distribution function to be 

used and that the parameters are estimated with the method of moments.  

To clarify the logic behind using moving windows, we have included Appendix A (line 608 of the 

updated manuscript) with three sections analyzing different issues. These sections are based on 

synthetic examples to address the impacts of sample size on the accuracy of mean and standard 

deviation estimates, impacts on the trend estimates and pseudo-stationarity bias when 

considering moving windows of different lengths or considering a unique period for the analysis.  

Regarding the synthetic example presented in Section 4.1, it focuses solely on the method rather 

on the random near zero replacement or the moving windows capabilities. We modified the 

example description explaining how it was implemented and applied with the climQMBC 

package: the future period is duplicated (concatenation of historical, future and future) so that 

the moving windows of the second future period consider only information of the future period 

and omit any information of the historical period. Through this process the climQMBC package 

can evaluate a future without capturing the historical period. This clarification has been added in 

the current version of the manuscript in Section 4.1 (lines 476-480 in the updated manuscript). 

 

6) The conclusions overgeneralize. Statements such as "UQM and DQM are the more stable ones" 

and "there is always a trend-preserving method that is more stable than the QM method" are 

presented as general findings, but they are conditional on the specific synthetic design. Users in 

a region where the GCM bias is concentrated in extreme quantiles rather than in the mean may 

find QDM or SDM more appropriate, and nothing in the paper would warn them otherwise. The 

recommendation should be reframed as "in our synthetic exercise targeting moment biases, 



methods that target moments perform best," which is closer to a tautology than to a usable 

guideline. 

Response: We appreciate the comment; we have modified the text accordingly. In particular, to 

avoid a generalization outside the presented exercise, in Section 4.3, in the paragraph after Figure 

10 (lines 541 to 544 in the updated manuscript) we added a phrase to remind the reader that the 

exercise considers a bias in the first two moments. Additionally, in the paragraph after Figure 11 

(lines 557 to 559 in the updated manuscript) we reinforced that the exercise is based on adding 

bias in the first two statistical moments. In the Conclusions (Section 5), lines 593 to 597, we 

narrow the conclusons to the conditiions of the synthetic example. 

 

Minor Comments: 

7) Line 38: check the citation, like the "(Andres et al., 2014)" is inconsistent with the reference-

list year (Line 520, dated 2013), and some name misspelled, such as Hageman and Hagemann, in 

more than one place. 

Response: Thank you for your comment. We checked and updated the references and citations 

for consistency. 

 

8) Line 74: the statement "there used to be a research lab with a package available in two 

programming languages, but one of these is no longer available" is vague and unverifiable. Please 

specify the lab and the package, or remove this argument from the motivation. 

Response: As it is no longer available, we decided to remove the sentence. Thank you for the 

comment. 

 

9) Line 92: the report function is restricted to the monthly temporal scale, yet the package 

supports daily, monthly, and annual data. Please clarify why daily and annual scales are not 

covered by the report function, and whether this is a planned extension. 

Response: Effectively, as mentioned after Fig. 4 (lines 388 of the updated manuscript), the report 

function is only available on the monthly temporal scale. The report function has not been 

implemented for the annual temporal scale because its analysis is not expected to be a challenge 



for users. For the daily temporal scale, there are two main considerations: 1) the resulting figures 

of the report would be more cluttered as for monthly values, and 2) the answer to which are the 

minimum time series characteristics that need to be analyzed to consider a result robust and 

reliable both for general applications and for each line of analysis is not completely defined in the 

literature, and the possibilities are both extensive and depends on each area of analysis. However, 

the package has been and is still on continuous development both motivated by enabling complex 

methods to users in a comparative framework and by users request or need on their daily work 

on climate change impacts assessment. We consider that this explanation is not necessary to be 

included in the article and that disclosing the available capabilities is enough for the reader and 

user to understand the scope of the package. Please, if you consider this explanation should be 

in the manuscript let us know and we will add some clarification in this line.  

 

10) Line 157: "by default chooses the distribution considering the one with the lowest error in 

the Kolmogorov-Smirnov test" reads awkwardly; rephrase, for example, as "by default selects the 

distribution with the lowest Kolmogorov-Smirnov test statistic". The authors should also 

acknowledge that the KS test is insensitive to tail behaviour, which is the regime most relevant 

for climate-extreme assessment. 

Response: We thank the reviewer for the comment. We updated the sentence as proposed and 

added “...which is more sensitive to differences near the center of the distribution and less 

sensitive to differences in the tails” (lines 206 to 207 in the updated manuscript).  

 

11) Line 167: "1 mm as default" lacks a time unit, whereas the SDM description (around Line 242) 

specifies "< 1 mm/day". Please make the units explicit and consistent at first mention, and clarify 

how this threshold is applied at coarser (monthly, annual) temporal resolutions. 

Response: We appreciate the comment that was not clear enough in the previous version; we 

have improved this in the manuscript. The objective of this replacement is to avoid numerical 

problems in periods with large physically zero precipitation values. Typically, precipitation values 

of 1 mm/day are considered as a no-rain, but if is aggregated to monthly or annual scale, the 

values would be approximately 30 mm/month and 365 mm/year. If the threshold is fixed to 1 



mm/day and the process is applied at a monthly scale, it could remove data associated with rain 

day values. As such, considering the objective of the replacement, the package considers a 

threshold of 1 mm, independently of the temporal scale (i.e. 1 mm/day, 1 mm/month and 1 

mm/year for daily, monthly and annual precipitation, respectively). This also applies to the SDM 

method. We updated now the document with this explanation in the general description (lines 

220 to 222 of the updated version) and for the SDM method (lines 310 to 311 of the updated 

version). 

 

12) Equation (13): the subscript "RD_mh" is missing the comma separator and is inconsistent with 

"RD_{m,p}" used in the same equation. Please make subscript notation consistent throughout. 

Response: We appreciate the comment and have made improvements accordingly. We checked 

this inconsistency across the document and finally updated two cases in equation 13 and the line 

before equation 13 (line 316 in the updated manuscript). 

 

13) Equations (20)–(21): these are algebraically equivalent to the more transparent expression 

x^b = μ^o(1 + Δμ_bias) + (x^o − μ^o)(1 + Δσ_bias), which makes explicit that the perturbation 

scales the mean by (1 + Δμ_bias) and the standard deviation by (1 + Δσ_bias). Rewriting in this 

form would improve readability and would make the connection to Major Comment 1 

transparent. 

Response: We appreciate the comment; in effect this proposed change makes it more 

transparent. We replaced equations 20 and 21 with the proposed expression (line 468 in the 

updated manuscript). 

 

14) Figure 4 (move to the Supplement). The worked example is presented as a screenshot of 

source code (panel a) and a single illustrative time series (panel b). Embedding code as an image 

is poor practice: it is not selectable, searchable, accessible, or verifiable. I recommend moving the 

worked example to the Supplement, and, if any code is retained in the manuscript, typesetting it 

as a formatted code listing rather than a screenshot, with the plot rendered as a separate figure.  



Panel (b) is visually cluttered, with the QM, DQM, and observed lines overlapping heavily, so a 

shorter representative window or subplots would aid comparison.  

Response: We appreciate the comment and agree that the way in which Figure 4 was presented 

in the previous version could be improved and have implemented changes in this version. 

Following another work from GMD (Davies et al. (2022; 

https://gmd.copernicus.org/articles/15/5127/2022/gmd-15-5127-2022.pdf) as an example, we 

included the code lines into a Listing element (and uploaded the corresponding pdf file) and 

replaced Figure 4 with the base plot and two close-ups to compare a window in the reference 

period and in the future period. 

 

15) Figure 5: the "Future" header in the second column is not defined in the caption (it is 

explained only in the body text, around p. 15). Please define in the caption whether this column 

represents the ratio for the entire future period or for a specific centered period. 

Response: We included in the caption the explanation for both the “Future” header and the 

periods shown, as it is included in the body text. Thank you for the comment.  

 

16) Figure 6(a), right panel: the time-series figure is essentially unreadable because all five 

corrected series and the modeled series are overplotted as vertical bars in saturated colours. 

Please redesign using thin lines with transparency, or display only a representative subset.In 

panels (b) and (c), the legends obscure the curves to varying degrees. 

Response: Thank you for the comment; it has helped us improve the visualization and 

presentation of our Figures. We separated Figure 6a and duplicated it in Figure 6b to show only 

one method as an example for better visualization and to show another capacity of the report 

function. What used to be Figure 6b and 6c were incorporated now as Figure 7a and 7b with 

modifications in the legend for better visualization. 

 

17) Line 437: "the closer to the right the curve is, the better" is technically correct for the chosen 

cumulative-probability convention but may confuse readers; suggest rephrasing as "curves whose 



mass is concentrated near NSE = 1 (that is, shifted toward the right edge of the plot) indicate 

better performance". 

Response: We updated the sentence as proposed. Thank you, this helps with clarity and 

readability.  

 

18) Figure 7: the in-cell percentages are described as "the percentage of synthetic time series that 

have some negative values that were replaced with random values below 0.01," which is unclear 

given that the synthetic series are gamma-distributed (strictly positive). Please clarify that the 

negative values arise after applying the bias formula (Eqs. 20–21), and specify the units of the 

0.01 replacement threshold. Figure 7: the in-cell percentages are described as "the percentage of 

synthetic time series that have some negative values that were replaced with random values 

below 0.01," which is unclear given that the synthetic series are gamma-distributed (strictly 

positive). Please clarify that the negative values arise after applying the bias formula (Eqs. 20–21), 

and specify the units of the 0.01 replacement threshold. 

Response: Thank you for the comment. We modified text before Figure 7 (Now Figure 8; lines 494 

to 500 in the updated manuscript) to add an explanation to the negative values as proposed and 

specified that the negative values are associated to the biased synthetic series. This explanation 

was also included in the caption of Figure 7. For the synthetic example, we did not specify units 

to focus on the performance rather than on the variable. 

 

19) Sections 4.3 and 5: the conclusion that UQM and DQM are the most reliable methods is 

conditional on the synthetic design, in which the bias is a simple shift in the first two moments; 

UQM and DQM are constructed precisely to preserve those moments, so the result is partly 

tautological. This caveat should be stated explicitly in the conclusion so that readers do not over-

generalize the recommendation. 

Response: We appreciate the comment; we have modified the text accordingly. To avoid a 

generalization outside the presented exercise, in Section 4.3, in the paragraph after Figure 10 

(lines 541 to 544 in the updated manuscript) we added a phrase to remind the reader that the 

exercise considers a bias in the first two moments. Additionally, in the paragraph after Figure 11 



(lines 557 to 559 in the updated manuscript) we reinforced that the exercise is based on adding 

bias in the first two statistical moments. In the Conclusions (Section 5), lines 593 to 597, we 

narrow the conclusons to the conditiions of the synthetic example. 

 

 

20) Code-availability section: the expected input-data format is not stated in the manuscript. 

Please state briefly whether the input must be a flat array, a CSV with specific column headers, or 

a time-indexed series, so that potential users can assess compatibility without inspecting the 

repository. 

Response: Thank you for the comment. We have added specifications regarding the data type and 

format, independently of the file type it comes from, at the end of the Code Availability section. 
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Abstract. Climate change projections are studied using General Circulation Models (GCMs). GCMs simulate climate on a 

broad scale, hence they cannot be directly used in local impact studies, such as, hydrological studies. GCM results must be 

downscaled and bias corrected, to adjust their results in terms of spatial scale and reduce their bias before being used locally. 

However, downscaling and bias correction contributes to climate change impacts assessment uncertainty. Quantile Mapping 

(QM) is one of the most widely used approaches in bias correcting. However, standard QM assumes a time-invariant correction 15 

function, which might add bias. This has motivated the development of trend-preserving variations, which perform QM while 

aiming to preserve raw GCM changes. Unfortunately, choosing which variation to use is not straight-forward. We present the 

climQMBC package (https://github.com/saedoquililongo/climQMBC or https://doi.org/10.5281/zenodo.18392899) as an 

easy-to-use tool to compare point-to-point quantile mapping approaches. climQMBC is available in Python, R and MATLAB, 

and contains the standard QM method and four trend-preserving variations: Detrended Quantile Mapping (DQM), Quantile 20 

Delta Mapping (QDM), Unbiased Quantile Mapping (UQM) and Scaled Distribution Mapping (SDM). This package has a 

built-in summary report that allows comparing methods in terms of their capability of preserving raw GCM trends and a 

synthetic tester of bias correction methods. The synthetic tester develops times series to which bias is added allowing testing 

bias correction methods, given that one knows the objective time series before the bias correction. The synthetic tester showed 

that the UQM and DQM methods are the most reliable capturing statistical moments changes. 25 

https://github.com/saedoquililongo/climQMBC
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1 Introduction 

Results from General Circulation Models (GCMs) are often used to assess climate change impacts on water resources, crop 

productivity, heat waves, among others climate risks (Fowler et al., 2007; Cannon, 2017; Portalanza et al., 2024). However, 

GCMs spatial resolution is not suitable for local-scale analysis as these models have biases associated with the parametrization 30 

of sub-processes, and their results correspond to mean values over large area (~ hundreds of km) (Mauritsen et al., 2012; Yuval 

and O’Gorman, 2020). To fulfill the limitations of climate models and allow the assessment of climate change impacts at the 

local scale a downscaling and bias correction (or bias adjustment) process is required, where downscaling is most commonly 

associated with spatial disaggregation (Aboitiz et al., 2026) and other processes that allow using GCM information locally and 

bias correction is the process where climate model results are adjusted to be consistent with observations in terms of magnitude, 35 

variability, among other characteristics (Hakala et al., 2019). 

Downscaling methods are generally classified into dynamical and statistical methods (Fowler et al., 2025). Dynamical 

downscaling commonly use Regional Climate Models (RCMs), which are climate models with higher spatial resolution, better 

representing topography and physical processes than GCMs in a limited area (Christensen et al., 2008; Hakala et al., 2019; 

Bayissa et al., 2021; Petrovic et al., 2024), driven by GCM results as boundary conditions. Statistical downscaling consists of 40 

building empirical relationships between GCM or RCM results and local climate variables (Hakala et al., 2019; Fowler et al., 

2025), including transfer functions, weather typing, weather generators, among others. Bias correction can also be considered 

a statistical downscaling method as it, in some cases closes the spatial scale gap. It is worth noting the emergence of hybrid 

approaches, combining dynamical and statistical downscaling methods, and machine learning approaches (Walton et al., 2015; 

Slater et al., 2023; Soares et al., 2024) for downscaling.  45 
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Several bias correction methods of climatic variables have been developed to allow the assessment of climate change impacts 

at the local scale (e.g. Maraun et al., 2010; Teutschbein and Seibert, 2012; Gutiérrez et al., 2013; Maraun, 2016, Bedia et al., 

2020). Bias correction methods range from simply adjusting the mean to sophisticated adjustments of the distribution (aiming 

for several statistical moments), from univariate to multivariate, and from time-invariant to trend-preserving. One approach 

that stands out is that of quantile mapping, given its easy implementation, low need of calibration parameters, low 50 

computational cost, and applicability to several climate variables (e.g., temperature and precipitation) (Andres et al., 2014; 

Kim et al., 2016). 

The standard Quantile Mapping method (QM; Wood et al., 2002) removes the climate model bias by matching the historical 

model distribution to that of the observed climate. Then the same correction is applied to the projected period. This implies a 

time-invariant assumption where the transfer function obtained with information from the historical or reference period is valid 55 

for the projected periods (Christensen et al., 2008; Maraun, 2012; Themeßl et al., 2012; Brekke et al., 2013; Chen et al., 2013). 

Several studies have raised concerns towards this stationarity assumption of the QM method and its capability to preserve the 

climate models signal (Hagemann, 2011; Ehret et al., 2012; Maurer et al. 2013; Maurer and Pierce, 2014; Cannon et al., 2015; 

Pierce et al., 2015; Hnilica et al., 2017; Chadwick et al., 2018; Chadwick et al, 2023). As a response to this issue, several 

authors have developed trend-preserving versions of the quantile mapping approach focusing on preserving the raw changes 60 

or signals of the climate models (e.g. Bürger et al., 2013; Cannon et al., 2015; Switanek et al., 2017; Chadwick et al., 2023). 

Some of the trend-preserving methods are: the Detrended Quantile Mapping (DQM; Bürger et al., 2013), developed to preserve 

the projected changes in the mean; the Quantile Delta Mapping (QDM; Cannon et al., 2015), developed to preserve the 

projected changes in the quantiles; the Scaled Distribution Mapping (SDM; Switanek et al., 2017), developed to preserve the 

likelihood of events and changes in quantiles; and the Unbiased Quantile Mapping (UQM; Chadwick et al., 2023), developed 65 

to preserve the changes in statistical moments: mean and standard deviation. Several studies have shown that these modified 

versions outperform the standard QM method (e.g. Cannon et al., 2015; Switanek et al., 2017; Chadwick et al., 2023). 

Currently, the QM method and its trend-preserving variants are widely used in several areas of analysis (Fowler et al., 2007; 

Cannon, 2017; Portalanza et al., 2024). 

Another relevant dimension for bias correction methods is the capability to capture local interrelations or correlations between 70 

variables or in space like the MBCn (Cannon, 2017) and the ISIMIP3BASD (Lange, 2019), which are based on trend-

preserving variations of the QM, also incorporating the relationships between variables (or points in space). These approaches 

are relevant to account for compound events like hot-dry conditions, precipitation-temperature co-variations in snowpack 

modeling, interrelations that univariate methods do not (Meyer et al., 2019; Menapace et al., 2025). However, while 

successfully capturing local correlations between variables, multi-variable bias correction methods may fail to capture local 75 

conditions and raw GCM trends (Aedo-Quililongo and Chong, 2024), currently existing a trade-off in the representativity of 

these methods. 

Despite the efforts over the last decades, it has been challenging to determine the most robust bias correction strategy, with no 

consensus regarding the most adequate for each specific condition, adding a layer of uncertainty to the climate change impacts 
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assessment (Hakala et al., 2019; Lafferty and Sriver, 2023; Fowler et al., 2025). Other uncertainties in the climate change 80 

impacts assessment, before the assessment model (e.g., a hydrological model), include: 1) GCM structure, spatio-temporal 

resolution and parametrization, leading to different responses to the same radiative forcing; 2) RCM boundary conditions, 

which may be inherited from GCM results; 3) scenarios, which define a broad range of potential drivers of GCMs; 4) internal 

variability, related to the chaotic nature of climate and represented by small perturbations of the GCM or RCM initial 

conditions; and 5) downscaling, specifically in the spatial disaggregation. In many cases, downscaling and bias correction can 85 

be the main source of uncertainty, with heterogeneity across space, time and climate metrics (Lafferty and Sriver, 2023).  

Lafferty and Sriver (2023) compares uncertainty contribution of GCM, scenario, internal variability and downscaling and bias 

correction at the global scale and suggest that downscaling and bias correction contributes around 30% of total uncertainty for 

annual and extreme precipitations between 2020 and 2099, with higher contributions in areas with complex topographies. The 

higher uncertainty in complex topography is caused by atmospheric dynamics being not well represented by GCM due to 90 

coarse-resolution, while internal variability contributes around 50 to 60%. On the other hand, downscaling and bias correction 

contribution to uncertainty for temperatures contributes around 40% in the short term and decreases in time as GCM and 

scenario contribution increases. This means that choosing a bias correction method is not a simple decision and should be 

considered carefully to avoid leading to decisions that are not robust as different downscaled and bias correction methods can 

result in different products and, in consequence, different hazard characterizations (Hanel et al., 2017; Aedo-Quililongo, 2024; 95 

Aedo-Quililongo and Chong, 2024). Due to the complexity of these methods and application strategies, there is a need for 

development of benchmarks and comparison of different methods to discern the most appropriate for each specific condition 

(Fowler et al., 2025). 

Freely available global and regional downscaled datasets prevent users or stakeholders from performing a downscaling and 

bias correction process in their analysis. Examples of global downscaled products are the Global Downscaled Projections for 100 

Climate Impacts Research (GDPCIR; Gergel et al., 2024) or the NASA Globaly Daily Downscaled Projections CMIP6 (NEX-

GDDP-CMIP6; Thrasher et al., 2022), and examples of regional downscaled products are the Climate Change Dataset for 

Brazil (CLIMBra; Ballarin et al., 2023) or the High-resolution climate projection dataset based on CMIP6 for Perú and Ecuador 

(BASD-CMIP6-PE; Fernandez-Palomino et al., 2024). These products consider global or regional products as surrogate of 

observations and consider both a specific reference period and strategy for the downscaling and bias correction process. 105 

Additionally, even if validated, at local scale, the extent of the validation may not be appropriate for all uses and need to be 

analyzed with caution (Lanzante et al., 2018; Aedo-Quililongo and Chong, 2024). As such, these downscaled products are a 

good alternative for a preliminary or regional analysis, while for local studies both the analysis of different methods and the 

application of downscaling and bias correction must be part of the workflow to reduce the aforementioned biases and 

uncertainties. 110 

Several efforts have been made to provide users with different versions of the quantile mapping approach for their climate 

change impacts assessment workflow. The publicly available coding packages for bias correction of climatic variables based 

on the approach have the following characteristics: 1) the existing coding packages are available mainly in R (MBC, 
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https://github.com/cran/MBC; downscaleR, https://doi.org/10.5281/zenodo.5070432; snowQM, 

https://doi.org/10.5281/zenodo.10257951), Python (pyCAT, https://github.com/wegener-center/pyCAT; xclim, 115 

https://doi.org/10.5281/zenodo.18352200; ibicus, https://doi.org/10.5281/zenodo.8101842) and MATLAB (GCD, 

https://github.com/thomasmosier/GCD), and a few in Julia (ClimateTools.jl, https://doi.org/10.5281/zenodo.8047681), NCAR 

programming language (QQmap, https://doi.org/10.5281/zenodo.4009101), Excel (ClimateScenarioAnalysisToolbox, 

https://github.com/mxgiuliani00/ClimateScenarioAnalysisToolbox), among others; 2) at this moment, none of the explored 

tools is available in more than one programming language with the exact structure and functionality to allow a unique 120 

framework for different user needs or capabilities; 3) the more sophisticated packages are usually frameworks, like the xclim 

(Bourgault et al., 2023) and downscaleR (Iturbide et al., 2019), that aim for a more complete tool that escapes from the scope 

of users that only require the downscaling process in their workflow; thus, a deep understanding of the workflow and more 

structured inputs are needed, which could lead to avoid using that package; and 4) except for the MBC package, which includes 

several multivariate versions of quantile mapping, but not several trend-preserving bias correction methods, to the best of our 125 

knowledge, no package includes more than three contrasting trend preserving bias correction methods to systematically 

compare their performance in a simple and user-friendly framework, comparison needed to reduce uncertainties regarding bias 

correction (Fowler et al., 2025). Thus, there is the need for comprehensive coding packages that implement and allow 

comparing a wide range of quantile mapping methods to facilitate the obtention of local climatic projections and discern the 

most appropriate one for specific applications. 130 

This paper presents and assesses the climQMBC coding package (Aedo-Quililongo et al., 2026), an easy-to-use tool written 

in Python, R and MATLAB to perform point-to-point bias correction of climatic variables with the QM, DQM, QDM, UQM 

and SDM methods for daily, monthly and annual time series. This package aims to make available the QM and several trend-

preserving QM methods to facilitate the performance assessment of these methods, making it easier to incorporate the bias 

correction process as a standard part of climate change impact assessment of final users of local climatic projections that might 135 

not be directly related to climate sciences. The climQMBC package also includes a summary report utility to easily compare 

the performance of the implemented methods at the monthly temporal scale, allowing the user to identify the most appropriate 

method for their specific situation, along with a synthetic tester of bias correction methods. The synthetic tester develops times 

series to which bias is added (i.e., in the mean and standard deviation) allowing testing bias correction methods, given that one 

knows the objective time series before the bias correction.  140 

While application examples for all challenging climatic conditions for bias correction methods are extensive and considering 

that the climQMBC package has already been used in several studies (Blin, 2023; Martínez et al., 2023; Nguyen et al., 2024; 

Kassahun et al., 2025; Vicuña et al., 2025; Wang et al., 2025; González-Leiva et al., 2026; Guzmán et al., 2026), for 

demonstration purposes and as a proposed benchmark, we present an analysis based on the developed synthetic tester to show 

the capabilities of the climQMBC package to systematically bias correct climatic variables and to show the general 145 

performance of the implemented methods. Additionally, we show with a few lines of code how to bias correct real data with 

the climQMBC package and compare the performance of the implemented methods with the summary report utility. 
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2 Climate change impact assessment 

Climate change assessment at local scales based on projections from climate models (GCMs or RCMs) requires a downscaling 

and/or bias adjustment/correction process to overcome the differences in resolution and biases of climate models and local 150 

climate. The bias corrected climatic variables are then used to assess climate change impacts on water availability, crop 

productivity, wildfire, or heat waves occurrence, among many others. Figure 1 presents a general workflow of a typical 

assessment study of climate change impacts, highlighting in grey where the climQMBC package is involved. 

 

Figure 1: General workflow of a typical assessment study of climate change impacts. Green boxes indicate data or time series. Grey 155 
box shows where the climQMBC package is involved in the workflow. 

3 climQMBC package 

3.1 Package characteristics and functionalities 

The climQMBC package is a coding package available for Python, R and MATLAB that contains five point-to-point bias 

correction methods: QM, DQM, QDM, UQM, and SDM. These methods were implemented for variables associated to both 160 

relative (or multiplicative) and absolute (or additive) changes (e.g., precipitations and temperature, respectively). The package 

supports point or station-based data at daily, monthly or annual time step. The bias correction process and a unified description 

of methods implemented in the climQMBC package are summarized in the following subsections. 

3.1.1 Bias correction process in the climQMBC package 

The climQMBC package takes as input (1) an observed and modeled series at one specific point, (2) a flag indicating if the 165 

variable allows negative values, (3) a flag indicating if the variable is related to relative or absolute changes (does not apply 

for the QM method), and (4) a flag indicating if the series frequency is daily, monthly or annual. In the SDM method, a single 

flag is used to indicate if the variable allows negative values and is related to absolute changes or if the variable does not allow 
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negative values and is related to relative changes, as this method was built explicitly for temperature and precipitation. On the 

other hand, the modeled series is a single series that merges the historical and future projected periods starting on the same 170 

date as the observed series. In the climQMBC package, the trend-preserving bias correction methods capture the transient 

model changes by a continuum approach using moving windows, as recommended by Chadwick et al. (2018), to capture the 

non-stationary signals of the GCM. Hence, for each value x of the modeled future period, the climQMBC package considers 

moving windows with length equal to the number of observed years, ending in the value to be corrected (Fig. 2). The moving 

window strategy is an improvement implemented in Chadwick et al. (2023), as the original DQM, QDM and SDM consider 175 

future data as a single window. 

 

Figure 2: Schematic illustration of the trend-preserving bias correction (i.e., all but the QM) continuum approach considered in the 

climQMBC package. Each projected period 𝒑 ends in the value 𝒙 which is corrected to a value 𝒙̃, considering the change rates 

between the projected and historical period of the modeled series. 180 

As an example of the moving window, if the observed period is 1985-2014, then the moving window will consider 30 years, 

and when correcting a future year, e.g., 2030, the moving window will cover 2001-2030. Each moving window is used to 

compute the change rates of the modeled series and the probability distribution function (if applies), and to modify the modeled 

value 𝑥 to a corrected value 𝑥̃. Periods of 20 to 40 years are recommended (see Appendix A for a brief analysis of the trade-

off of selecting larger or smaller windows). Shorter periods might not capture correctly the variable statistics, while longer 185 

ones might dampen the signal of the variable or induce a “pseudo-stationary bias” of the transient changes (Chadwick et al., 

2023). Note that during the historical period, DQM, QDM and UQM methods become the standard QM method as the change 

rates are 0 for additive changes and 1 for relative changes (Chadwick et al., 2023). 

When the frequency is set to monthly, the bias correction process is performed for each month of the year independently (e.g., 

each January is corrected based on the information of January in the historical and projected period). If the frequency is set to 190 

daily, the bias correction process is performed for each day of the year considering a centered moving window of length defined 

by the user (e.g., if the window is of 31 days, then the 16th of July uses the days between July 1st to July 31st to compute the 

required statistics for the bias correction). 



8 

 

The values of the historical period and each projected period are used to fit a probability distribution function. Furthermore, 

changes in the mean (𝛿𝜇), standard deviation (𝛿 𝜎) or quantiles (Δ), depending on each method, between the projected and 195 

historical period of the modeled series are computed with the following equations: 

𝛿𝜇 = {

𝑥𝑚,𝑝̅̅ ̅̅ ̅̅ ̅

𝑥𝑚,ℎ̅̅ ̅̅ ̅̅ ̅
              , relative change variable

𝑥𝑚,𝑝̅̅ ̅̅ ̅̅ − 𝑥𝑚,ℎ̅̅ ̅̅ ̅̅ , absolute change variable
,        (1) 

𝛿 𝜎 = {

𝑥𝑚,𝑝̂

𝑥𝑚,ℎ̂
              , relative change variable

𝑥𝑚,𝑝̂ − 𝑥𝑚,ℎ̂ , absolute change variable
,        (2) 

Δ =

{
 
 

 
 
𝐹𝑚,𝑝
−1 (𝜏𝑝)

𝐹𝑚,ℎ
−1 (𝜏𝑝)

                                      , relative change variable

𝐹𝑚,𝑝
−1 (𝜏𝑝) − 𝐹𝑚,ℎ

−1 (𝜏𝑝)              , absolute change variable (all but SDM)
𝑥𝑜,ℎ  ̂

𝑥𝑚,ℎ̂
(𝐹𝑚,𝑝

−1 (𝜏𝑝) − 𝐹𝑚,ℎ
−1 (𝜏𝑝)) , absolute change variable (SDM)

,     (3) 

with 200 

𝜏𝑝 = 𝐹𝑚,𝑝(𝑥),            (4) 

Subindexes 𝑜 and 𝑚 refer to the observed and modeled series, respectively, whereas subindexes ℎ and 𝑝 refer to the historical 

and projected period, respectively. Accents ̅  and ̃  denote mean and standard deviation, respectively. 𝐹 and 𝐹−1 are the 

cumulative distribution function (CDFs) and its inverse CDF (invCDFs), respectively; and 𝜏 is the non-exceedance probability. 

The climQMBC package assigns a probability distribution function for each day or month and period based on the method of 205 

moments and by default selects the distribution with the lowest Kolmogorov-Smirnov test statistic, which is more sensitive to 

differences in the center of the distribution and less sensitive to differences in the tails. The exception is the SDM method in 

which a gamma or normal distribution is fitted by the maximum likelihood method for variables associated with precipitation 

and temperature, respectively (Switanek et al., 2017). The available distribution functions in the climQMBC package are the 

Normal, Log-normal, Two-parameter Gamma, Three-parameter Gamma, Log-Gamma, Gumbel, and Exponential. If the 210 

Kolmogorov-Smirnov test fails for all the available distributions, the climQMBC package prints a warning and continues with 

the procedure. Additionally, the user can define the desired distribution function to be used, and the package will estimate the 

parameter with the method of moments, skipping the Kolmogorov-Smirnov test. 

For variables that do not allow negative values, the climQMBC package internally filters those distributions that allow negative 

values (Normal, Three-parameter Gamma, Gumbel and Exponential distributions). On the other hand, if the series has negative 215 

values, the climQMBC package discards those distributions that are strictly positive (Log-normal, Two-parameter Gamma and 

Log-Gamma distributions). 

To ensure stability when computing the invCDFs, τ values are constrained to 0.001<𝜏<0.999. Additionally, to improve the 

management of non-precipitation days, the climQMBC package follows the two parameters “random near zero replacement” 
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presented in Chadwick et al. (2023). The first parameter is a threshold that represents physically zero precipitation values (1 220 

mm as default, independently of the temporal scale. Hence, 1 mm/day, 1 mm/month and 1 mm/year for daily, monthly and 

annual precipitation, respectively) so that all values below this threshold are replaced with random numbers that are barely 

positive. The second parameter is a scaling factor (1/100 as default) of the physically zero precipitation values that defines the 

magnitude of the “barely positive” replacement values. After performing the bias correction methods, the corrected values 

below the physically zero precipitation values are replaced with zeros. 225 

As an example of the “random near zero replacement” considering the default values in the climQMBC package, all values 

bellow 1 mm/day (for daily values) would be replaced with random values between 0 and 1/100 mm/day. If as a result of the 

trend-preserving procedures one of these values is scaled by a factor of 5, the corrected value would be 5/100 mm/day and 

then would be replaced by a zero value at the end of the process. The two parameters scheme ensure that even for unrealistic 

changes with factors of 10, the replaced values will still be removed after the correction, avoiding these values to create false 230 

rain-day values. On the other hand, if all values are below the physically zero precipitation value (or only zero values), the 

correction would result in no precipitation values. 

As such, this procedure allows fitting distributions and performing bias correction to avoid numerical problems in periods with 

large number of physically zero precipitation values, or periods with only zero values. Nevertheless, the threshold and the 

magnitude of the random values should be analyzed to enhance the methods performance depending on the specific conditions. 235 

For daily data, the number of wet days is corrected as most models have a drizzling bias that generates rainy days but with 

intensity lower than observed (Chen et al., 2021). To correct the number of rainy days, in all methods but SDM, an internal 

threshold representing physically zero precipitation value for the modeled series is fitted to match the number of rainy days of 

the observed series in the reference period. Then, only rainy days are corrected (values above the physically zero precipitation 

threshold), but, if the number of rainy days to fit the distributions is less than 30, some of the near-zero replaced values are 240 

considered to complete 30 values (these would later be removed as physically zero precipitation values). The SDM has its own 

method of correcting rainy days, as described in Switanek et al. (2017). 

3.1.2 Description of the bias correction methods implemented in the climQMBC package 

The bias correction methods available in the climQMBC package are now briefly described using a unified mathematical 

notation. Their main objectives and corresponding considerations are summarized in Table 1, while Fig. 3 shows a schematic 245 

illustration of the procedure performed in the projected periods and the CDF involved, highlighting the main differences among 

methods. In terms of execution times, considering the implementation in the climQMBC package, the QM method is the 

fastest, followed by the DQM (twice the QM execution time for annual and monthly data, and 7 times for daily data), being 

the QDM, SDM and UQM the slowest (around 7 to 10 times the QM execution time for annual data, 22 to 27 times for monthly 

data and 32 to 39 times for daily data). Appendix B presents further details of the execution time comparison. 250 

Table 1: Summary of the bias correction methods available in the climQMBC package 
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Method Abbreviation Summary Reference 

Quantile 

Mapping 
QM 

Considers a transfer function built with information from the observed and 

modeled historical period and applies it to the modeled series. Corrected 

series values will match its CDF with the observed series, maintaining the 

model occurrence of the events and limiting future scenarios exceeding 

this range. 

Wood et al. 

(2002) 

Detrended 

Quantile 

Mapping 

DQM 

Considers the same transfer function as in the QM method but applies it to 

a detrended modeled series, to then reimpose the trends. Corrected series 

tends to preserve changes in the mean of the modeled series. 

Bürger et 

al. (2013) 

Quantile 

Delta 

Mapping 

QDM 

The QM method is applied to the modeled future to detrend the modeled 

values. Then, the change between the future value and its respective 

quantile in the modeled historical period is used to rescale the series. 

Corrected series tends to preserve changes in the quantiles of the modeled 

series. 

Cannon et 

al. (2015) 

Unbiased 

Quantile 

Mapping 

UQM 

The QM method is applied to the modeled future, and the changes of the 

moments (e.g. mean and standard deviation) are imposed in the observed 

CFD to scale the transfer function. Corrected series tends to preserve 

changes in the moments of the modeled series. 

Chadwick 

et al. 

(2023) 

Scaled 

Distribution 

Mapping 

SDM 

Scales the observed CDF by the ratio between the future and historical 

modeled CDFs to correct the recurrence interval. A scaling factor like in 

the QDM method is then applied to the scaled probability distribution. 

Finally, the corrected values are allocated accordingly to likelihood of 

events. For precipitation, the SDM method additionally adjusts rain-day 

frequency. Corrected series tends to preserve changes in quantiles (as in 

the QDM method) and likelihood of events. 

Switanek et 

al. (2017) 

Note: In the DQM, QDM, UQM and SDM methods the future period is divided in moving windows as an improvement 

implemented in Chadwick et al. (2023) to prevent pseudo-stationary biases. 
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Figure 3: Schematic illustration of the main processes computed in the (a) QM, (b) DQM, (c) QDM, (d) UQM and (e) SDM methods 255 
available in the climQMBC package, at each projected period for variables related to relative changes (e.g. precipitation). For 

variables related to absolute changes (e.g. temperatures) the deltas (𝜹 and 𝜟) are computed and applied additively, rather than 

multiplicatively. 
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Quantile Mapping (QM): 

The QM method (Fig. 3a) bias corrects the modeled series by evaluating the modeled values (𝑥) in the CDF of the modeled 260 

historical period (𝐹𝑚,ℎ) to get the associated probabilities of each value and then evaluates them in the invCDF of the observed 

historical period (𝐹𝑜,ℎ
−1) to obtain a vector of corrected values (𝑥̃). This method aims to correct each value of the modeled series 

by matching its quantile computed on its historical period with the quantile of the observed values, and is formulated as: 

𝑥̃ = 𝐹𝑜,ℎ
−1(𝐹𝑚,ℎ(𝑥)),           (5) 

The QM method assumes that the correction process is time-invariant and in some cases may result in distortion of the raw 265 

model projected change rates. In most cases distortions are caused by projected climate being outside the range of historical 

modeled climate. 

 

Detrended Quantile Mapping (DQM): 

The DQM method (Fig. 3b) detrends the modeled series by computing the projected change in the mean of the modeled series 270 

for each rolling window (𝛿𝜇, Eq. 1) and scaling the last value of each rolling window (𝑥) to a range within the historical values. 

Then, the same transfer function described in the QM method is applied to the detrended values. Finally, the bias corrected 

values are rescaled multiplicatively or additively to obtain the corrected value (𝑥̃). The procedure for each projected period is 

formulated as follows: 

𝑥̃ = {
𝐹𝑜,ℎ
−1 (𝐹𝑚,ℎ(𝑥/𝛿𝜇)) 𝛿𝜇 , relative change variable

𝐹𝑜,ℎ
−1 (𝐹𝑚,ℎ(𝑥 − 𝛿𝜇)) + 𝛿𝜇 , absolute change variable

,        (6) 275 

 

Quantile Delta Mapping (QDM): 

In the QDM method (Fig. 3c) the non-exceedance probability 𝜏𝑝 (Eq. 4) of each value x to be corrected is calculated based on 

its associated moving window. Then, 𝜏𝑝 is evaluated in the observed invCDF to obtain the modeled projected values after 

correction, 𝑥𝑚,𝑝→𝑜,ℎ, as follows: 280 

𝑥𝑚,𝑝→𝑜,ℎ = 𝐹𝑜,ℎ
−1(𝜏𝑝),           (7) 

given that 𝜏𝑝 depends on a moving window, 𝑥𝑚,𝑝→𝑜,ℎ does not have the model trend. Finally, the percentile change Δ (Eq. 3) 

of the projections is estimated as the ratio between the projected climate and its respective quantile in the historical modeled 

period. Then, Δ is applied to 𝑥𝑚,𝑝→𝑜,ℎ to obtain the corrected value 𝑥̃ as follows: 

𝑥̃ = {
𝑥𝑚,𝑝→𝑜,ℎΔ , relative change variable

𝑥𝑚,𝑝→𝑜,ℎ + Δ , absolute change variable
,         (8) 285 
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When Δ is estimated for relative changes, it can get indetermined as a result of a division by a near-zero value. To avoid this, 

the climQMBC package considers an upper limit for Δ when dividing by a physically no-precipitation value. This strategy 

mimics the implementation of the QDM method in the MBC package (Multivariate Bias Correction of Climate Model Outputs; 

Cannon, 2017), available in CRAN. 

 290 

Unbiased Quantile Mapping (UQM): 

In the UQM method (Fig. 3d) the projected change in the moments (i.e., mean and standard deviation) of the modeled series 

is first computed for each moving window (𝛿𝜇 and 𝛿𝜎, respectively; Eq. 2 and Eq. 3, respectively). Then, these change rates 

are used to project the observed historical mean (𝜇ℎ) and standard deviation (𝜎ℎ) into the future to obtain future values 𝜇∗ and 

𝜎∗ as follows: 295 

𝜇∗ = {
𝜇ℎ𝛿𝜇, relative change variable

𝜇ℎ + 𝛿𝜇, absolute change variable
,         (9) 

𝜎∗ = {
𝜎ℎ𝛿𝜎 , relative change variable

𝜎ℎ + 𝛿𝜎 , absolute change variable
,         (10) 

Subsequently, 𝜇∗ and 𝜎∗ are used to produce future projections of the selected distribution for the historical observed values, 

𝐹𝑜,ℎ
∗ , as follows: 

𝐹𝑜,ℎ
∗ = 𝑓(𝜇∗, 𝜎∗),            (11) 300 

Finally, the non-exceedance probability of the modeled values 𝑥 in each moving window (𝜏𝑝, Eq. 4) are evaluated in the 

inverse projected distribution invCDF, 𝐹𝑜,ℎ
∗−1, to obtain the bias corrected value 𝑥̃ as follows: 

𝑥̃ = 𝐹𝑜,ℎ
∗−1(𝜏𝑝),            (12) 

 

Scaled Distribution Mapping (SDM): 305 

The SDM method (Fig. 3e) considers several steps (Switanek et al., 2017; Chadwick et al., 2023). Note that they are presented 

in a sequence different than the originally depicted by Switanek et al. (2017), with the intention to better illustrate the 

implications and structure of the method. 

For temperatures, the first step is to linearly detrend both the observed and modeled series for each period. For precipitation, 

the first step is to remove all non-precipitation values (1 mm as default, independently of the temporal scale. Hence, 1 mm/day, 310 

1 mm/month and 1 mm/year for daily, monthly and annual precipitation, respectively) to account only for the rain values in 

each period. Then, the expected number of rain events for the corrected series ( 𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑 ) is calculated by scaling 

multiplicatively (linear scaling) the number of rain events of each moving window (𝑅𝐷𝑚,𝑝 ) with the ratio between the 
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frequency of rainy days in the observed historical period (𝑅𝐷𝑜,ℎ/𝑇𝐷𝑜,ℎ) and in the modeled historical period (𝑅𝐷𝑚,ℎ/𝑇𝐷𝑚,ℎ) 

as follows: 315 

𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑 = 𝑅𝐷𝑚,𝑝 ×
𝑅𝐷𝑜,ℎ/𝑇𝐷𝑜,ℎ

𝑅𝐷𝑚,ℎ/𝑇𝐷𝑚,ℎ
,          (13) 

where TD represents the total number of days, including rain and non-rain days. Hereafter, the SDM method is applied to a 

vector (bold notation) of sorted detrended temperature or non-zero precipitation values, to which the normal and gamma 

probability distribution functions are fitted by the maximum likelihood method, respectively. 

In the second step the sorted vectors of the observed historical (𝒙𝑜,ℎ), modeled historical (𝒙𝑚,ℎ) and modeled projected period 320 

or moving window (𝒙𝑚,𝑝) series are evaluated in their respective fitted CDF to obtain their associated probability vectors 

(𝐹𝑜,ℎ(𝒙𝑜,ℎ), 𝐹𝑚,ℎ(𝒙𝑚,ℎ), 𝐹𝑚,𝑝(𝒙𝑚,𝑝)). In the climQMBC package, each CDF is fitted considering a gamma distribution for 

positive precipitation and normal distribution for detrended temperature, using the maximum likelihood, following the SDM 

implementation in the pyCAT package. These probability vectors are used to estimate each recurrence intervals 𝑹𝑰𝑖,𝑗  as 

follows: 325 

𝑹𝑰𝑖,𝑗 = {

1

1−𝐹𝑖,𝑗(𝒙𝑖,𝑗)
           , for precipitation

1

0.5−|0.5−𝐹𝑖,𝑗(𝒙𝑖,𝑗)|
, for temperature 

     ;      𝑖 = {𝑚, 𝑜}, 𝑗 = {ℎ, 𝑝} ,     (14) 

In the third step, the recurrence interval of the observed historical series is linearly scaled by the ratio of the recurrence intervals 

of the model projected period and the model historical period (i.e., capturing the changes in recurrence intervals in the model) 

to build a scaled recurrence interval 𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 as follows: 

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 = max (1, 𝑹𝑰𝑜,ℎ ∘ 𝑹𝑰𝑚,𝑝  ∘
1

𝑹𝑰𝑚,ℎ
)   ,        (15) 330 

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 is built using the Hadamard product for vectors (i.e., multiplying element by element in a vector and preserving their 

dimensions), which requires equally sized vectors. Hence, prior to computing the precipitation recurrence intervals, the 

probability vectors are linearly interpolated to match the number of rain day events of the modeled projected period. The linear 

interpolation stretches or contracts the series to match the number of values in the modeled vector, keeping the original range 

and distribution of values. 335 

In the fourth step, 𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 is used to go back into a scaled probability vector 𝑭𝑜,ℎ
𝑠𝑐𝑎𝑙𝑒𝑑 , which represents the scaled distribution 

function vector of the observed historical period as follows: 

𝑭𝑜,ℎ
𝑠𝑐𝑎𝑙𝑒𝑑 = {

1 −
1

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑
                                                    , for precipitation

(1 −
1

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑
 ) × 𝑠𝑔𝑛(𝐹𝑜,ℎ(𝒙𝑜,ℎ) − 0.5) , for temperature 

,     (16) 
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In the fifth step, 𝑭𝑜,ℎ
𝑠𝑐𝑎𝑙𝑒𝑑  is sorted in descending order for precipitation, then, for both precipitation and temperature, it is 

evaluated in the invCDF of the observed historical period to get the associated value in the historical observed series domain 340 

𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ as follows: 

𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ = 𝐹𝑜,ℎ
−1(𝑭𝑜,ℎ

𝑠𝑐𝑎𝑙𝑒𝑑),          (17) 

In the sixth step, the vector with the projected change in the quantiles 𝚫 (Eq. 3. for SDM; similar to that of the QDM) is 

computed for all the values of the projected series and it is used to scale the vector computed in the previous step as follows: 

𝒙𝑡𝑒𝑚𝑝 = {
𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ𝚫, for precipitation

𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ +  𝚫, for temperature
,        (18) 345 

For precipitation, if the number of rainy days of the projected period (𝑅𝐷𝑚,𝑝) is greater than the expected number of rain events 

(𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑), the frequency of rain events is adjusted by linearly interpolating 𝒙𝑡𝑒𝑚𝑝 to a length equal to 𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑. 

As a final step for precipitation, each value of the 𝒙𝑡𝑒𝑚𝑝 is placed in the location of the rainy values of the modeled projected 

temporal series, from the highest to the lowest. In case where 𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑 is greater than 𝑅𝐷𝑚,𝑝, the remaining values are replaced 

with zeros. For temperatures the final step is to place back the 𝒙𝑡𝑒𝑚𝑝 values in the correct temporal location based on the 350 

modeled time series, process that is done in descending order. Then, the linear trend of the modeled projected temporal series 

is added back. Because the climQMBC package considers a continuum approach to capture transient changes from the models, 

the corrected value 𝑥̃ of the projected period corresponds to the value of the last year of the corrected series; then, the complete 

procedure is repeated for the following year. 

3.2 climQMBC package example and report function 355 

This section is based on an example that uses sample data available in the package repository 

(https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data). The sample data considers daily precipitation and 

mean temperature for the coordinate 4.64N and 75.48W, located near the Cocora Valley, Quindío, Colombia. The 

observational ERA5-Land reanalysis series was developed by the European Centre for Medium-Range Weather Forecasts 

(Muñoz-Sabater et al., 2021) and for the modeled series considers the GCM MPI-ESM1-2-HR (Müller et al., 2018), under the 360 

SSP 5-8.5 scenario of the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (Eyring et al., 2016). 

The observational and modeled time series were extracted with the nearest point method. 

As an easy-to-use tool, the climQMBC package requires familiarity with importing and processing arrays, matrices, or vectors. 

Four steps are needed for its use: (1) Import the climQMBC package and its functions; (2) load the observed and modeled 

series (the package assumes that both series begin in the same date and that the reference period corresponds to the period of 365 

the observed series); (3) define the type of variable (i.e. negative or strictly non-negative, and variable associated with additive 

or multiplicative changes) and data frequency (daily, monthly or annually); and (4) apply the selected bias correction method 

or methods. These steps can be applied to multiple locations or grids cells to systematically downscale a region of interest (this 

https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data
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example is included in the climQMBC tester scripts available in GitHub for Python, R and MATLAB at 

https://github.com/saedoquililongo/climQMBC/blob/main/Python/climQMBC_tester_Python.py, 370 

https://github.com/saedoquililongo/climQMBC/blob/main/R/climQMBC_tester_R.R and 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/climQMBC_tester_Matlab.m, respectively). Also, 

different bias correction methods can be used and compared to identify the better ones in preserving the changes from raw 

GCM/RCMs for the specific conditions under study. Detailed demonstration of the capabilities of the package is provided in 

an example notebook available in its repository 375 

(https://github.com/saedoquililongo/climQMBC/blob/main/Example_notebook.ipynb). 

Listing 1 illustrates a simple Python code to apply the five bias correction methods available in the climQMBC package to 

temperature sample data available in the repository and then plot the QM and UQM results. Figure 4 presents the plots of 

Listing 1 and a close-up to the reference period and to the period when QM and UQM diverge, showing how the corrected 

series match the magnitude and variability of the observed series (Fig. 4b) and the potential differences in their results (Fig. 380 

4c) which could lead to bias in a further climate change impacts assessment. More specifically, Fig. 4a shows the inability of 

the QM method to capture trends when the projected values are outside the range of the values of the reference period.  

 

Listing 1: Python script showing the usage of the climQMBC package. 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/climQMBC_tester_Matlab.m
https://github.com/saedoquililongo/climQMBC/blob/main/Example_notebook.ipynb
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 385 

Figure 4: Example plot of the example Python code presented in Listing 1. a) Complete time series; b) close up to the reference 

period (note that, in the reference period, UQM is the same as QM); and c) close-up to the period when UQM and QM diverge. 

For monthly values, the climQMBC package has a summary report function to compare the performance or assess trade-offs 

between bias correction methods based on the preservation of the changes in the mean and standard deviation of the modeled 

series. This function outputs two reports: (1) a summary table with the overall performance of the bias correction methods in 390 

the historical period and in future periods for the mean and standard deviation (Fig. 5), and (2) a set of figures to visualize the 

main differences among methods in terms of monthly values and quantiles (Fig. 6 and Fig. 7). The report function requires the 

same inputs as the bias correction methods functions. Additional inputs of the report functions are the bias correction methods 

and future periods to be displayed in the summary tables and figures. 

The structure of the summary tables for the mean and standard deviation generated by the report function of the climQMBC 395 

package are the same (Fig. 5). The first row of the summary tables shows the ratio or difference in the mean value (or standard 

deviation) between the QM bias corrected and observed historical series. A perfect match between the corrected and observed 

value would result in a value of 1 for multiplicative change variables and 0 for the additive change variables. In the example 

shown in Fig. 5a (Mean Table) for precipitation, the ratio between the annual mean values of the QM method and the modeled 

series in the historical period is 1.000, showing a perfect match between the mean of the observations and corrected series in 400 

the reference period. 
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Figure 5: Example of the summary tables generated by the report function of the climQMBC package, applied to a precipitation 

case. The Mean and Standard Deviation Tables show the summary report for the annual mean and standard deviation, respectively. 

First row presents the performance based on the ratio between the annual mean of the bias corrected and modeled series in the 405 
historical period. Second row presents headers for different periods. Third row and below presents the ratio between the periods 

and the historical period for each series presented in the first column. Values under the header ‘Future, shows the ratio between the 

complete future period and the historical period, the third and following columns show the ratio between the projected period, 

centered in the year of the corresponding header (defined by the user), and the historical period. 

The second row of the summary table shows the header of the periods that are compared with the historical period. This 410 

comparison considers information exclusively of each series (e.g. projected period and historical information of the UQM 

corrected series). The third row and below shows the ratio or difference between the future period, based on the header, and 

the historical period. In these rows the first column indicates the series considered (modeled series, QM corrected series, DQM 

corrected series, …), the second column, under the header ‘Future, shows the ratio or difference between the complete future 

period and the historical period, the third and following columns show the ratio or difference between the projected period, 415 

centered in the year of the corresponding header (defined by the user), and the historical period. For a bias correction model 

to be good, its value (ratio or difference) should be close to the value of the “Modeled” row in each period, both for the mean 

and standard deviation. For the example shown in Fig. 5b (Standard deviation Table), the model ratio between the future 

centered in 2060 and historical is 0.888  (a change of -11.2 %) whereas the corresponding values for QM, DQM, QDM, UQM 

and SDM are 1.038, 1.081, 1.044, 1.083 and 1.128, respectively. Hence, all the methods show an increase in the standard 420 

deviation, rather than a decrease, being the SDM method with the greater discrepancy.. However, for the same future period, 

the ratio corresponding to changes in the mean for the SDM method is the closest to the modeled series (0.889 compared to 

0.892, Mean Table). 
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The report function also provides a second report with three different figures illustrated in Fig. 6 and Fig. 7. The first figure 

(Fig. 6) shows the cumulative distribution of the modeled and corrected series in the historical and future periods, and the 425 

cumulative distribution of the observed series (left side). This figure also shows the observed, modeled, and corrected time 

series (right side). The second figure (Fig. 7a) shows the seasonal monthly mean of each series in the historical and future 

projected periods (the same projected periods as in the summary tables). Finally, the third figure (Fig. 7b) shows the same 

monthly seasonality, but for the standard deviation. In the second and third figures, the objective series is the observed monthly 

mean or standard deviation, scaled by the raw projected change (scaling factor based on the projected and the historical period) 430 

of the uncorrected model. Note that, ideally, the corrected value should capture the projected changes; hence, match the 

objective value. 
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Figure 6: Example of the summary figures generated by the report function of the climQMBC package: cumulative distribution 

functions in the historical and future periods (left side) and time series (right side). (a) Default report function option displaying all 435 
methods at once. (b) Custom view using the optional argument fun=[‘UQM’] to display only the UQM method. 
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Figure 7: Example of the summary figures generated by the report function of the climQMBC package: (a) summary plots of the 

seasonal monthly mean, (b) summary plots of the seasonal monthly standard deviation. To display the user defined periods, the 

optional arguments y_init=1985 and y_wind=[2030, 2060] were set to define 1985 as initial year and to display the values in the 440 
windows centered in 2030 and 2060. 

4 Application examples with synthetic series 

In this section we assess the capabilities of the climQMBC package to systematically bias correct climatic variables of GCMs 

or RCMs. We compared the performance of the implemented bias correction methods in both the historical and projected 

periods based on the synthetic tester that is available as a function in the climQMBC package. A controlled bias was introduced 445 

into a synthetic time series, enabling a clear evaluation of each method-s ability to correct it. This example is designed to 

demonstrate the performance of bias correction methods under varying conditions, offering insights into their optimal use. 

Nevertheless, determining the most suitable method for each specific case lies beyond the scope of this study. The example 

highlights the importance of having an easy-to-use tool, such as the climQMBC package, to implement bias correction methods 

and discern the most adequate one to a specific case. 450 
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4.1 Description of the synthetic example and evaluation 

Extending the synthetic example presented by Maurer and Pierce (2014), Cannon et al. (2015), and Chadwick et al. (2023), 

gamma distributions were used to generate multiple synthetic precipitation time series. The gamma probability density function 

with shape parameter 𝑘 and scale parameter 𝜃 is given by: 

𝑓(𝑥; 𝑘, 𝜃) =
𝑥𝑘−1 exp(−𝑥/𝜃)

𝜃𝑘Γ(𝑘)
,     𝑥 > 0,     𝑘 > 0,     𝜃 > 0,       (19) 455 

where 𝛤(⋅) is the gamma function. Using the method of moments the mean (𝜇) and standard deviation (𝜎) can be used to 

estimate the parameters with 𝜇 = 𝑘𝜃 and 𝜎 = √𝑘𝜃. 

The example considers four observed historical series generated with 10,000 values, mean of 𝜇ℎ=1,000 and coefficients of 

variation (CV) ranging from 0.25 to 1.00 (Table 2). The future period is generated using a gamma distribution with 49 possible 

changes (i.e., the combination of Δ𝜇 and Δ𝜎 in Table 2) from the historical series. Note that the projected or future mean (𝜇∗) 460 

and future standard deviation (𝜎∗) are obtained from 𝜇∗ = 𝜇(1 + Δ𝜇) and 𝜎∗ = 𝜎(1 + Δ𝜎), respectively. Then, bias in the 

mean and standard deviation were added (Δ𝜇𝑏𝑖𝑎𝑠 and Δ𝜎𝑏𝑖𝑎𝑠, respectively), following Eq. (20). These range from -50 % to +50 

% (Table 2) for both the observed historical and future objective series, resulting in 49 combinations of bias. The same bias is 

added in the historical and in the future periods.  

To obtain the bias values (𝑥𝑖
𝑏), the generated historical or future series (𝑥𝑖

𝑜) goes through Eq. (20). Here, one can choose the 465 

specific bias being added in the mean (Δ𝜇𝑏𝑖𝑎𝑠) and standard deviation (Δ𝜎𝑏𝑖𝑎𝑠) independently, while preserving the original 

sequence of events.  

𝑥𝑖
𝑏 = 𝜇𝑜(1 + Δ𝜇𝑏𝑖𝑎𝑠) + (𝑥𝑖

𝑜 − 𝜇𝑜)(1 + Δ𝜎𝑏𝑖𝑎𝑠) ,        (20) 

where 𝜇𝑜 is the mean of the observed historical or future objective series. As such, in this synthetic exercise the bias corrected 

series, if perfectly done, should be the same as the synthetic observed historical or future objective series. 470 

Table 2: Coefficient of variation, projected changes in the mean and standard deviation, and bias in the mean and standard deviation 

considered in the synthetic example. 

Variable Values 

Coefficient of Variation (CV) 0.25, 0.50, 0.75, 1.00 

Projected change in mean (Δ𝜇) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

Projected change in standard deviation (Δ𝜎) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

Bias in mean (Δ𝜇𝑏𝑖𝑎𝑠) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

Bias in standard deviation (Δ𝜎𝑏𝑖𝑎𝑠) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

 

For the bias correction process, we evaluated all the implemented bias correction methods in the climQMBC package. The 

bias correction uses three of the four set of series, both modeled series (projected and historical) and the historical observed, 475 
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while the projected observed is kept for verification purposes, given that it is the “true series”. In terms of implementation, as 

the climQMBC package considers moving windows and this example does not consider progressive changes in the variables, 

the biased series considered a duplicated future period so that the correction of the second future period neglects the information 

of the historical period. This means that the continuous series are the concatenation of the historical period, the future period 

(first copy) and the future period (second copy), finally evaluating the historical and second future period.  480 

To assess the performance of each method, we considered (1) performance metrics based on statistical properties, measured 

as the ratio between statistics of the bias corrected series and those of the expected series, for which a value of 1 means a 

perfect agreement, and 2) goodness-of-fit metrics (i.e. Nash-Sutcliffe efficiency (NSE) proposed by Nash and Sutcliffe (1970), 

and Kling-Gupta efficiency (KGE) proposed by Gupta et al. (2009)) to evaluate the point-by-point agreement between the bias 

corrected and expected series. Values of 1 for NSE and KGE indicate perfect agreement. These metrics, their range and 485 

possible values are summarized in Table 3. Note that for this application, where the biased series share the exact sequence of 

events as its original series, the NSE and KGE metrics are appropriate, while this usually does not happen in real comparisons 

between GCM and observations. As such, these metrics are not proposed as metrics to evaluate bias correction performance 

in general, but only when the proposed synthetic tester is used. 

Table 3: Performance metrics considered. 490 

Variable Range Values 

Ratio between the corrected and 

expected mean, standard deviation 

and percentiles1 

[0, ) 

<1: Underestimation 

=1: Perfect agreement 

>1: Overestimation 

Ratio between the corrected and 

expected skewness2 
(-, ) 

<1: Underestimation 

=1: Perfect agreement 

>1: Overestimation 

Nash-Sutcliffe efficiency (NSE; 

Nash and Sutcliffe, 1970) 
(-, 1] 

<1: Bias among values 

=1: Perfect agreement among values 

<0: Worse than the mean 

Kling-Gupta efficiency (KGE; 

Gupta et al., 2009) 
(-, 1] 

<1: Bias among values, mean or 

standard deviation 

=1: Perfect correlation between values 

and perfect fit among mean and 

standard deviation 

<1-√2: Worse than the mean (Knoben 

et al, 2019) 

1 Percentiles 5 %, 10 %, 50 %, 90 %, and 95 % are considered 
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2 Negative values indicate change in the direction of the distribution asymmetry 

4.2 Bias correction comparison in the historical period 

Regarding the performance of the bias correction methods in the historical period, Fig. 8 shows the NSE values for each 

combination of coefficient of variation (CV), bias in mean (Δ𝜇𝑏𝑖𝑎𝑠) and bias in standard deviation (Δ𝜎𝑏𝑖𝑎𝑠). Despite the 495 

synthetic series were generated with a strictly positive distribution function, the procedure to add bias result in some negative 

values. These values were replaced with random values below 0.01, according to the implementation of the climQMBC 

package. The numbers in the grid of Fig. 8 indicate the percentage of negative values in the biased synthetic time series 

resulting from the procedure to add bias. Figure 8 shows only values for the QM and SDM methods because the DQM, QDM 

and UQM methods are equivalent to the QM method in the historical period (Chadwick et al., 2023). 500 

 

Figure 8: NSE values of the QM and SDM methods in the historical period for different combinations of the observations’ CV, 

𝜟𝝁𝒃𝒊𝒂𝒔 and 𝜟𝝈𝒃𝒊𝒂𝒔. Green color indicates a perfect fit between the corrected and observed values (NSE ~ 1), and red tones indicate 

a lower quality fit (NSE < 1). The numbers in the grid indicate the percentage of negative values in the biased synthetic time series 

resulting from the procedure to add bias (these negative values were replaced with random values below 0.01). 505 

Based on the NSE values (Fig. 8), the QM and SDM methods may fit differently to the observed values under different 

circumstances, with the QM method being the one with better fit when the bias in the standard deviation increases and the bias 

in the mean decreases to negative values (bottom right corner of each grid). On the other hand, when the bias in the mean 

increases and the bias in the standard deviation decreases to negative values (top left corner of each grid), NSE values for the 
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QM method tend to slightly decrease for high values of CV, tendency not observed for the SDM. Both methods perform well 510 

in terms of NSE values when the bias in the mean and standard deviation are similar. When performance is analyzed based on 

the mean, standard deviation, skewness, and percentiles, or based on the KGE values, results showed similar patterns (results 

not shown). 

Figure 9 presents boxplots of the performance metrics shown in Table 3 for the ratio between the corrected and observed mean, 

standard deviation, skewness, percentiles 5th, 10th, 50th, 90th and 95th, alongside the NSE and KGE values in the historical 515 

period. The boxplots consider the results after adopting all the CV and bias conditions depicted in Table 2. For all plots in Fig. 

9, a value of 1 indicates a perfect agreement between the corrected and observed statistics. Figure 9 shows only values for the 

QM and SDM methods because the DQM, QDM and UQM methods are equivalent to the QM method in the historical period 

(Chadwick et al., 2023). 

 520 

Figure 9: Performance comparison of QM and SDM in the historical period using the ratio between the bias corrected and observed 

mean (a), standard deviation (b), skewness (c), and percentiles (f to j), in addition to the NSE (d) and KGE (e) values. For all metrics, 

a value of 1.0 indicates a perfect agreement between the corrected and observed values, as depicted in Table 3. 

In all cases, both the QM and SDM have boxes centered in a value of 1.0. Although more stable in terms of a more constrain 

box (representing the middle 50 % of the data) than the QM method, the SDM method resulted also in more outliers. For the 525 

mean, standard deviation, NSE, KGE, percentiles 50 %, 90 % and 95 %, the SDM shows a smaller box than the QM, but the 

SDM have larger whiskers. For the skewness, the SDM shows a smaller box and whiskers than the QM, and for percentiles 5 

% and 10 %, the SDM shows a smaller box than the QM, and the QM shows whiskers for over and underestimation, while 

SDM only for underestimation. Hence, if the results of the SDM method are not properly analyzed, they may result in larger 

biases than QM. Having a tool to easily compute and compare among bias correction methods allows the analysis and facilitate 530 

the selection of the most adequate method depending on the case study under analysis. 
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4.3 Projected scenarios 

Regarding the performance of the bias correction methods in the future, Fig. 10 shows the cumulative probability of the NSE 

and KGE values, resulting from the synthetic exercise considering all the combinations of CV, added biases and projected 

changes shown in Table 2. The desired result, indicating that almost all cases have a perfect agreement with the expected 535 

values, is to have cumulative probabilities as close as possible to the value of 1.0; hence curves whose mass is concentrated 

near NSE = 1 (that is, shifted toward the right edge of the plot) have better performance. 

 

Figure 10: Cumulative probability of the NSE (a), and KGE (b) values of the synthetic example for each implemented method in the 

climQMBC package. 540 

Based on the NSE and KGE values, the QM, DQM, QDM, UQM and SDM methods result in different series which may differ 

in their performance. Results using the synthetic tester example, which consist of adding a bias in the two first statistical 

moments (i.e. the mean and standard deviation), show that the UQM method performs best in eliminating the bias from the 

modeled series, followed by the DQM method, being the QM method the one with the lowest performance quality. The SDM 

and QDM methods perform similarly in terms of the NSE values, but the SDM performs worse when evaluated with the KGE. 545 

The performance of a method may differ based on the performance metric and the objectives of the user. Figure 11 presents 

boxplots of the performance metrics depicted in Table 3 representing the ratio between the corrected and expected mean, 
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standard deviation, skewness, and percentiles 5, 10, 50, 90 and 95, and as well as the NSE and KGE values in the future 

scenario. Again, a value of 1 indicates a perfect fit between the corrected and expected statistics. 

 550 

Figure 11: Performance comparison of the QM, DQM, QDM, UQM and SDM in the future period evaluated by means of the ratio 

between the bias corrected and objective future mean (a), standard deviation (b), skewness (c), and percentiles (f to j), in addition to 

the NSE (d) and KGE (e) fitness metrics. For all metrics, a value of 1.0 indicates a perfect agreement between the corrected and 

expected values, as depicted in Table 3. 

Figure 11 shows that all the implemented methods might relate to the expected series based on different statistics; however, 555 

some methods are more stable in some statistics than others (e.g., UQM and DQM in the mean and percentiles, UQM in the 

standard deviation or the SDM, QDM and UQM in the skewness). Overall, in this exercise where bias was added in the first 

two statistics moments, the UQM, which aims at removing the bias in these moments, tends to be more stable than the other 

methods. Among the implemented methods in the climQMBC package, for this exercise, there is always a trend preserving 

method that is more stable than the QM method. This does not mean that the QM method should not be used. In fact, as 560 

mentioned above, all methods might perform well under certain circumstances, including the QM method. This is why an 

evaluation of the method for each specific situation is encouraged. 

5 Conclusions 

Quantile Mapping (QM) is one of the most widely used bias correction methods for climate change impacts, although it might 

distort raw GCM changes when future climate goes out of the range of the historical climate. Trend-preserving methods such 565 

as DQM, QDM, UQM, and SDM aim to address this limitation, each with its own advantages and disadvantages, although the 

QM method is still widely used because of its simplicity and ease of implementation. This paper presents the climQMBC 

package, a coding package written in Python, MATLAB and R that makes available all these point-to-point bias correction 

methods for daily, monthly and annual data. As such, the package enables incorporating several bias correction methods as a 
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standard component of climate change impact assessment, as well as the identification of the most adequate method for a 570 

specific case. Being available in several programming languages avoids users having to change between languages and include 

the bias correction analysis in their existing workflow. 

It is worth noting that several climate change impacts assessments are based on the analysis of compound events, which require 

methods that capture the inter-dependence of several variables or different points in space. The methods available in version 

1.1.0 of the climQMBC package are strictly univariate. As such, results from the climQMBC package must be evaluated 575 

carefully when analyzing compound events. To date, existing multi-variable methods succeed in capturing these inter-

dependences, but sometimes struggle on representing local climate and capturing raw GCM trends, leading to the user to 

consider a trade-off between the climate characteristics that are the most important for their analysis. Unfortunately, few works 

have focused on comparing methods or reporting these limitations (Aedo-Quililongo and Chong, 2024) and work is needed 

both in terms of method development and tools that provide these complex methods for easy and fair comparisons. 580 

This work also proposes a synthetic tester for bias correction and an example in which it is tested. Here, bias is added in the 

first two statistical moments (i.e. mean and standard deviation) to evaluate the performance of the methods implemented in 

the climQMBC package. The example is based on a set of synthetic observed historical series, future objective series (assumed 

as “true series” as if we knew already the future) and biased historical and future series. The future es built as an independent 

series based on assumptions of the projected change in the mean and standard deviation. The bias is then added to each series 585 

considering a methodology that explicitly shifts both the mean and variability of the series while preserving the sequence of 

events. As such, the bias corrected series should be the same as the synthetic observed historical or future objective series. The 

performance is measured using goodness-of-fit metrics like the NSE and KGE, and the capability of replicating other statistical 

properties. It is important to note that in this example, the NSE and KGE are valid because point-by-point agreement between 

the bias corrected and expected series is desired. However, such metrics are not suitable for real case applications where the 590 

GCM sequence of events is not consistent with observations. This example is also implemented in the package so that users 

can make a brief theoretical comparison of the performance of each method for their specific case. 

Based on the synthetic example, we demonstrate that all the methods implemented in the climQMBC package can successfully 

remove these biases in both the historical period and future scenarios; however, this performance cannot be guaranteed as a 

general rule. In general, among the methods, there is always one whose performance is more robust than the QM method. The 595 

UQM and DQM (methods that target statistical moments) resulted as the most stable methods capturing statistical moments, 

percentiles and recovering the original series in the synthetic example. Overall, we emphasize the need to assess the 

performance of the bias correction methods to avoid unwanted bias in the corrected series. However, there are cases where the 

best option among the available methods will not perform perfectly, and thus a tool like the climQMBC package will be useful 

to identify the most adequate method for each specific case. 600 

Despite all trend-preserving methods outperform the QM method, in some cases the QM method should not be discarded 

because it is simple, computationally faster than the trend preserving methods, and might perform well enough under certain 

conditions. In terms of execution times, trend-preserving methods can take up to around 10, 30 and 40 times the mean execution 
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time of the QM method for annual, monthly and daily frequencies, respectively. This may also be considered in the trade-off 

between methods as sometimes execution time can be restrictive. However, as machine learning approaches and applications 605 

are increasing over the years, these, based on synthetic results could develop methods with comparable results to the trend-

preserving methods, but with lower execution cost. 

Appendix A: Window length considerations to capture historical conditions and model trends 

The climQMBC package considers that the length of the projected periods (backwards moving windows) is the same as the 

user defined length of the historical period for consistency on the characterization of each period (see Section 3.1.1). While 610 

the World Meteorological Organization (WMO) recommends 30 years to characterize Climate Normals (WMO, 2017), there 

are trade-offs between choosing larger periods to better capture statistical moments and shorter periods to better capture trends 

and avoid pseudo-stationarity bias. Appendices A1, A2 and A3 present three sensitivity analysis to make visible these trade-

offs based on synthetic realizations using a gamma probability density function (eq. 19 in Section 4.1) and linear trend future 

scenarios, following Chadwick et al. (2023).  615 

It is worth noting that the linear trend example is an extreme condition that allows exploring different issues arising from bias 

correction decisions. However, real life examples usually have combinations of oscillating or gradual patterns, where it is 

challenging to identify or address the issues. 

Based on the results presented in Appendices A1, A2 and A3, there is no perfect condition in terms of window length to avoid 

biases in characterizing statistical moments while capturing the modeled trends and avoiding pseudo stationary bias. However, 620 

the importance of these potential biases are only relevant for time series with high coefficient of variations and strong trends. 

It is worth noting that the distribution of the data, which depends on the climate variable, is also an important factor that should 

be considered. We recommend using periods of lengths between 20 to 40 years aims balancing between the WMO 

recommendation of 30 years, properly characterizing the statistical moments, adequately capturing the modeled trend and 

reducing the pseudo-stationarity bias.  625 

Appendix A1: Sample size (years) impacts on mean and standard deviation representativity 

This analysis aims to show the impact of the sample size on the mean and standard deviation sample estimation. The analysis 

considers four conditions with objective mean of 𝜇𝑜𝑏𝑗=1,000 and standard deviation 𝜎𝑜𝑏𝑗 of 250, 500, 750 and 1,000, resulting 

in coefficients of variation (CV) of 0.25, 0.50, 0.75 and 1.00, respectively. For each condition, the gamma function was used 

to generate cases with widow lengths from 10 to 60 values or years. Each case was repeated 10,000 times (realizations). 630 

Figure A1 shows the comparison of the sample mean and standard deviation of each realization with the objective value (𝜇𝑜𝑏𝑗 

and 𝜎𝑜𝑏𝑗) in terms of the ratio. The ratio is between each realization and the objective mean and standard deviation (Fig. A1a 

and Fig. A1c) and the variability among realizations (Fig. A1b and Fig. A1d). 
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Figure A1: Density distribution of the ratio between each realization and the objective mean (a) and standard deviation (c), for a 635 
CV value of 0.5 and different window lengths. Standard deviation of the ratio between each realization and the objective mean (b) 

and standard deviation (d), for different CV values. Dashed lines in (b) and (d) represent the 30 year window recommended by 

WMO (2017). 

Results show that, for a CV value of 0.5 and a window length of 10 years, the realizations mean is centered around the objective 

value, but some realizations can have an error of almost 40% (light colored lines in Fig. A1a). On the other hand, the 640 

realizations standard deviation is not centered around the objective, but some realizations present errors in standard deviation 

of almost 75% (light colored lines in Fig. A1c). When increasing the window length, this sample errors diminishes for both 

moments, and the standard deviation tends to be better centered around the objective standard deviation (dark colored lines in 

Fig. A1a and Fig. A1c). 

The reduction of the variability with increasing window length is represented in Fig. A1b and Fig. A1d in terms of the standard 645 

deviation of the realizations mean and standard deviation for each CV condition. While all CV conditions follow the decreasing 

pattern, high CV values have consistently a higher dispersion. As such, longer window lengths reduce the potential bias on 

characterizing the sample statistical moments; however, conditions with higher CV result in less representative values. 

Note that for centered distributions like normal distributions, the mean and standard deviation tend to be centered around the 

objective values with shorter window lengths than for skewed distributions like the gamma distribution. However, the potential 650 

errors or dispersion issue is not solved directly by changing the distribution. 

Appendix A2: Backwards moving window length impacts on capturing the trend in the mean 

This analysis aims to show the potential biases in capturing model trends of the mean when considering backwards moving 

windows (e.g. for a 30 years moving window, the value for 2029 represents the mean of the period 2000-2029). Backwards 
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moving windows are have been used in previous studies (Chadwick et al., 2018; Chadwick et al., 2023) as are more suitable 655 

to capture GCM trends and generate continuous time series over forward and centered moving windows, as the latter result in 

discontinuities between the historical and future periods, along to not being able to compute values for the last years of the 

projections. 

The analysis considers annual time series from 1955 to 2100 generated with the gamma function considering a mean of 

𝜇ℎ=1,000 and a CV of 0.1. Four scenarios were imposed on the time series where the historical period (1955-2014) has no 660 

trend and the future period (2015-2100) has a linear trend with projected changes of -50, -25, +25 and +50% between the 

historical period and year 2100. For each of these four scenarios, 10,000 realizations were generated. Figure A2a shows the 

trends in the annual mean. 

Each of the generated realizations were averaged considering backward moving windows of lengths from 10 to 60 years. 

Figure A2b presents the average of the 10, 30 and 50 years moving mean realizations for the scenario with 50% increase for 665 

2100, showing two potential biases that can arise from considering moving windows: trend lag and terminal error. Overall, the 

moving windows underestimate the magnitude of the change of the real linear trend; however, the difference between the real 

values and the moving mean increases in time until it remains constant. The trend lag is the lag between the real trend and the 

moving window trend, which is equal to half of the moving window length, while the terminal error is the maximum difference. 

Both the trend lag and the terminal error increase with larger window lengths, but the terminal error also increases with the 670 

magnitude of the trend, as shown in Fig. A2c. 

 

Figure A2: a) Mean of the linear trend realizations, divided by the historical mean; b) Comparison of real trend and the moving 

window with different window lengths; and c) Terminal error of for different window length for the four linear trend scenarios. 

Dashed lines in (c)represent the 30 year window recommended by WMO (2017). 675 

Appendix A3: Moving windows and pseudo-stationarity bias 

Pseudo stationary bias arises when the model biases are assumed constant over an analyzed period where climate is changing 

(Chadwick et al., 2023). This condition can be observed on increasing temperatures scenarios where the values at the end of 

the period are considerably higher than at the beginning of the period, resulting on a probability distribution where the values 



32 

 

at the end of the period are on one of the distribution tails, while the initial values are in the other tail. Considering moving 680 

windows for each year analyzed allows reducing the pseudo stationary bias. 

This analysis presents how using moving windows reduces the pseudo-stationarity bias. The analysis is based on the scenario 

with increase in 50% in 2100 generated on Appendix A2. Figure A3a shows the mean of the realizations and the future values 

of realization 1. Figure A3b (middle column of Fig. A3) shows the values in terms of percentiles of realization 1 and the 

percentiles linear trend, while Figure A3c (right column of Fig. A3) shows the linear trends of all realizations. Figure A3b1 685 

and A3c1 (first row of Fig. A3) considers the period 2015 – 2100 as a unique period (i.e., no moving window is used here, this 

considers the traditional fix window approach). Figure A3b2 and A3c2 (second row of Fig. A3) considers a backwards moving 

window of 50 years for each year to define the corresponding percentile. Figure A3b3 and A3c3 (third row of Fig. A3) shows 

the same information as Fig. A3b2 and A3c2, but for moving windows of 10 years. Figure A4 shows the mean values and the 

slope of the percentile time series for different moving window values, along to the case where a unique period is considered. 690 

Results show that considering a unique period in a linear trend scenario result in percentiles where the extreme values are 

located at the beginning and at the end of the period, with a clear increasing trend (Fig. A3b1). On the other hand, when moving 

windows are considered, the slope of the trend in the probability domain decreases with the moving window length (Fig. A3b2, 

Fig. A3b3 and Fig. A4b). On the other hand, when a unique period is considered, the mean is centered in a percentile of 0.5, 

while for moving windows the mean is above 0.5 with a decreasing trend with decreasing window lengths (Fig. A3c2, Fig. 695 

A3c3 and Fig. A4b). 

This analysis shows a trade-off in terms of the pseudo-stationary bias, where reducing the window length results in a reduction 

in this bias. On the other hand, considering the complete period may capture correctly the mean but have a tendency to 

overestimate percentiles at the end of the period and underestimate them at the beginning of the period. While these results are 

related to trends with monotonic increase, each analyzed area should explore this kind of conditions. 700 
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Figure A3: a) Realization 1 and mean of the realizations for the scenario with linear increase of 50%, normalized by the historical 

mean. b) Realization 1 values in terms of percentiles and linear trend of the percentile probability values: b1) considering a unique 

period to build the distribution; b2) and b3 considering moving windows of 50 and 10 years for each year, respectively, to build the 

distribution. c) Same as b), but only the linear trend for all realizations. 705 
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Figure A4: a) Mean of the percentiles of the realizations for the scenario with linear increase of 50% when a unique period is 

considered (UP) and when moving windows (MW) of different lengths are considered. b) Slope of the percentiles linear trend. 

Appendix B: climQMBC package methods execution time comparison 

To compare the different execution times of the bias correction methods available in the climQMBC package, this appendix 710 

presents a synthetic example using a gamma probability density function (eq. 19 in Section 4.1). The example is based on 

10,000 realizations considering a fixed historical mean of 1,000, a historical period of 30 years and a future period of 60 years. 

Each realization considers a different standard deviation with values of 250, 500, 750 and 1,000, sampled randomly, a random 

bias in the mean and standard deviation (Δ𝜇𝑏𝑖𝑎𝑠 and Δ𝜎𝑏𝑖𝑎𝑠, respectively) ranging from -50 % to +50 %, and a random projected 

change in the mean and standard deviation (Δ𝜇 and Δ𝜎, respectively) ranging from -50 % to +50 %. The same bias was added 715 

in the historical and in the future periods, following the same procedure as in the synthetic example presented in Section 5 (eq. 

20). The example was replicated for annual, monthly and daily values, following the same procedure, and considering 

multiplicative values and strictly non-negative series. 
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This example aims for a general reference of the execution time rather than a detailed performance comparison. As such, the 

execution times are analyzed relative to the mean execution time of the QM method (Table B1) and considering only the 720 

package implementation in Python. 

Results show that the QM method is the fastest among the implemented in the climQMBC package. The second fastest method 

is the DQM, with execution times close to 2.1 times the QM method for annual and monthly frequency, and 6.8 times for daily 

frequency, explained by the additional calculation of the projected changes in the mean and its application to detrend and 

reimpose the trend to the corrected series. The slowest methods are the QDM, UQM and SDM, with execution times between 725 

7 and 10 times the QM method for annual frequency, 22 to 27 times for monthly frequency and 32 to 39 times for daily 

frequency. While QDM, UQM and SDM are the slowest methods, QDM tends to be slightly faster than the UQM method. 

While both methods consider a new transform function for each value to be corrected, the QDM computes only the projected 

change of the quantile of the value to be corrected, and the UQM computes the projected change of the mean, standard deviation 

and skewness (if applicable) of the associated moving windows, resulting in a longer execution time. On the other hand, the 730 

SDM method considers several detrending, projected changes and interpolation steps that demand additional times. 

While the three temporal frequencies consider the random near-zero replacement and moving windows, the daily frequency 

also considers the daily moving windows (to capture seasonality) and the calculation of the threshold to match the modeled 

number of rain days in the historical period to the observed number of rain days. These differences explain the additional 

execution times difference of the daily frequency compared to the annual and monthly frequencies. 735 

Table B1: Execution times for the bias correction methods available in the climQMBC package, relative to the mean execution time 

of the QM method. 

 Annual Monthly Daily 

Method Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

QM 1.0 0.2 1.0 0.4 1.0 0.2 

DQM 2.2 0.5 2.0 0.4 6.8 4.6 

QDM 8.8 2.0 22.6 0.7 32.6 6.0 

UQM 9.8 2.1 24.8 0.7 33.4 6.1 

SDM 7.1 1.6 26.5 1.1 38.7 5.9 

Code availability 

The source code of the climQMBC package for Python, R and MATLAB are openly available at GitHub 

(https://github.com/saedoquililongo/climQMBC) and has been archived in Zenodo with the DOI 740 

https://doi.org/10.5281/zenodo.18392899 (Aedo-Quililongo et al., 2026). Instructions to import the library can be found at 

https://github.com/saedoquililongo/climQMBC/blob/main/Python/README.md for Python, 

https://github.com/saedoquililongo/climQMBC/blob/main/R/README.md for R and 
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https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/README.md for MATLAB. Examples for testing the 

package can be found at https://github.com/saedoquililongo/climQMBC/blob/main/Python/climQMBC_tester_Python.py for 745 

Python, https://github.com/saedoquililongo/climQMBC/blob/main/R/climQMBC_tester_R.R for R and 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/climQMBC_tester_Matlab.m for MATLAB. Data for the 

tester codes can be found at https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data. Both the observed and 

modeled series must be a column vector of daily, monthly or annual data, without considering leap days, starting on the same 

date, and be continuous until the ending date. If daily frequency is specified, the length of the column vector should be a 750 

multiple of 365 and for monthly frequency, it should be a multiple of 12. 
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Abstract. Climate change projections are studied using General Circulation Models (GCMs). GCMs are models that simulate 

climate on a broad scale, hence they cannot be directly used in local impact studies, such as, for example, hydrological studies. 

GCMs results must bego through a process of downscaleding and bias corrected, to adjust their results in terms of spatial scale 

and reduce their bias before being used at the locally scale. However, downscaling and bias correction contributes a non-

negligible contribution to climate change impacts assessment uncertainty.  Quantile Mapping (QM) is one of the most widely 15 

used approaches for in bias correcting GCM climate outputs. However, in its conventional formulationclassicstandard QM 

assumes a time-invariant correction function, which potentially results inmight additional biases. This has motivated the 

development of trend-preserving variations, which perform QM while accounting for a non-stationary correction function and 

aiming to preserve the raw GCM signalchanges. Unfortunately, choosing which variation to use is not straight-forward. We 

present the climQMBC package (https://github.com/saedoquililongo/climQMBC or 20 

https://doi.org/10.5281/zenodo.18392899) as an easy-to-use tool to compare point-to-point quantile mapping approaches. 

climQMBC is available in Python, R and MATLAB, and contains the classic standard QM method and four trend-preserving 

variations: Detrended Quantile Mapping (DQM), Quantile Delta Mapping (QDM), Unbiased Quantile Mapping (UQM) and 

Scaled Distribution Mapping (SDM). This package has a built-in summary report that allows comparing methods in terms of 

their capability of preserving raw GCM trends and a synthetic tester of bias correction methods. The synthetic tester develops 25 

times series to which bias is added allowing testing bias correction methods, given that one knows the objective time series 

afterbefore the bias correction. analysis to complement the comparison based on the climate characteristics, where bias is 

added in the first two statistical moments (i.e. mean and standard deviation). An exercise based on  synthetic exercise the 

synthetic analysis functionThe synthetic tester showed that the UQM and DQM methods (methods that target statistical 

moments) are the most reliable capturing statistical moments changes, percentiles and recovering the objective series.most 30 

reliable methods are the UQM and DQM. 

https://github.com/saedoquililongo/climQMBC
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1 Introduction 

Results from General Circulation Models (GCMs) or Regional Climate Models (RCMs) are often used to assess climate change 

impacts on water resources, crop productivity, heat waves, among others climate risks (Fowler et al., 2007; Cannon, 2017; 35 

Portalanza et al., 2024). However, GCMs spatial resolution is not suitable for local-scale analysis as these models have biases 

associated with the parametrization of sub-processes, and their results correspond to mean values over large area (~ hundreds 

of km) (Mauritsen et al., 2012; Yuval and O’Gorman, 2020). On the other hand, RCMs are climate models with higher spatial 

resolution, driven by GCMs results, allowing for a higher topography detail and sub-processes representation; however, RCMs 

results are also biased with respect to observations at the local scale (Christensen et al., 2008; Hakala et al., 2019; Bayissa et 40 

al., 2021; Petrovic et al., 2024).  To fulfill the limitations of climate models and allow the assessment of climate change impacts 

at the local scale a downscaling and bias correction (or bias adjustment) process is required, where downscaling is the 

procedure transferring large-scale information from GCM to a local scale most commonly associated with spatial 

disaggregation (Aboitiz et al., 2026) and other processes that allow using GCM information locally and bias correction is the 

process where climate model results are adjusted to be consistent with observations in terms of magnitude, variability, among 45 

other characteristics (Hakala et al., 2019). 

Downscaling methods are generally classified into dynamical and statistical methods (Fowler et al., 2025). Dynamical 

downscaling commonly consists on the use of Regional Climate Models (RCMs), which are climate models with higher spatial 

resolution, better representing topography and physical processes subprocesses than GCMs in a limited area (Christensen et 

al., 2008; Hakala et al., 2019; Bayissa et al., 2021; Petrovic et al., 2024), driven by GCM results as boundary conditions. 50 

Statistical downscaling consists ofn building empirical relationships between GCM or RCM results and local climate variables 

(Hakala et al., 2019; Fowler et al., 2025), including transfer functions, weather typing, weather generators, among others. Bias 
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correction can also be considered a statistical downscaling method as it, in some cases inherently closes the spatial scale gap. 

It is worth noting the emergence of hybrid approaches, combining dynamical and statistical downscaling methods, and machine 

learning approaches (Walton et al., 2015; Slater et al., 2023; Soares et al., 2024) for downscaling.  55 

Several bias correction methods of climatic variables have been developed to (or bias adjustment) methods have been 

developed to fulfill the limitations of climate models and allow the assessment of climate change impacts at the local scale 

(e.g. Maraun et al., 2010; Teutschbein and Seibert, 2012; Gutiérrez et al., 2013; Maraun, 2016, Bedia et al., 2020).  Bias 

correction methods range from simplye adjustingtments to the mean to sophisticated through adjustments to of the distribution 

(aiming for several statistical moments), from univariate to multivariate, and from time-invariant to trend-preserving. One 60 

approach that stands out is that of quantile mapping, given its easy implementation, low need of calibration parameters, low 

computational cost, and applicability to several climate variables (e.g., temperature and precipitation) (Andres et al., 2014; 

Kim et al., 2016). 

The classical standard Quantile Mapping method (QM; Wood et al., 2002) removes the climate model bias by matching the 

historical model distribution to that of the observed climate. Then the same correction is applied to the projected period. This 65 

implies a time-invariant assumption where the transfer function obtained with information from the historical or reference 

period is valid for the projected periods (Christensen et al., 2008; Maraun, 2012; Themeßl et al., 2012; Brekke et al., 2013; 

Chen et al., 2013). Several studies have raised concerns towards this stationarity assumption of the QM method and its 

capability to preserve the climate models signal (HagemannHageman, 2011; Ehret et al., 2012; Maurer et al. 2013; Maurer and 

Pierce, 2014; Cannon et al., 2015; Pierce et al., 2015; Hnilica et al., 2017; Chadwick et al., 2018; Chadwick et al, 2023). As a 70 

response to this issue, several authors have developed trend-preserving versions of the quantile mapping approach focusing on 

preserving the raw changes or signals of the climate models (e.g. Bürger et al., 2013; Cannon et al., 2015; Switanek et al., 

2017; Chadwick et al., 2023). 

Some of the trend-preserving methods are: the Detrended Quantile Mapping (DQM; Bürger et al., 2013), developed to preserve 

the projected changes in the mean; the Quantile Delta Mapping (QDM; Cannon et al., 2015), developed to preserve the 75 

projected changes in the quantiles; the Scaled Distribution Mapping (SDM; Switanek et al., 2017), developed to preserve the 

likelihood of events and changes in quantiles; and the Unbiased Quantile Mapping (UQM; Chadwick et al., 2023), developed 

to preserve the changes in statistical moments: mean and standard deviation. Several studies have shown that these modified 

versions outperform the classical standard QM method (e.g. Cannon et al., 2015; Switanek et al., 2017; Chadwick et al., 2023). 

Currently, the QM method and its trend-preserving variants are widely used in several areas of analysis (Fowler et al., 2007; 80 

Cannon, 2017; Portalanza et al., 2024). 

Another relevant dimension for bias correction methods is the capability to capture local interrelations or correlations between 

variables or in space like the MBCn (Cannon, 2017) and the ISIMIP3BASD (Lange, 2019), which are based on trend-

preserving variations of the QM, also incorporating the relationships between variables (or points in space). These approaches 

are relevant to account for compound events like hot-dry conditions, precipitation-temperature co-variations in snowpack 85 

modeling, interrelations that univariate methods do not (Meyer et al., 2019; Menapace et al., 2025). However, while 
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successfully capturing local correlations between variables, multi-variable bias correction methods may fail to capture local 

conditions and raw GCM trends (Aedo-Quililongo and Chong, 2024), currently existing a trade-off in the representativity of 

these methods. 

Despite the efforts over the last decades, it has been challenging to determine the most robust bias correction strategy, with no 90 

consensus regarding the most adequate for each specific condition, adding a layer of uncertainty to the climate change impacts 

assessment (Hakala et al., 2019; Lafferty and Sriver, 2023; Fowler et al., 2025). Other uncertainties in the climate change 

impacts assessment, before the assessment model (for exampleexamplee.g., a hydrological model), include: 1) GCM structure, 

spatio-temporal resolution and parametrization, leading to different responses to the same radiative forcing; 2) RCM boundary 

conditions, which may be inherited from GCM results; 3) scenarios, which define a broad range of potential drivers of GCMs; 95 

4) internal variability, related to the chaotic nature of climate and represented by small perturbations of the GCM or RCM 

initial conditions; and 5) downscaling, specifically in the spatial disaggregation.the big number of methods to achieve  In many 

cases, downscaling and bias correction can be the main source of uncertainty, with heterogeneityously distributed relevance 

across space, time and climate metrics (Lafferty and Sriver, 2023).  

Lafferty and Sriver (2023) work compares uncertainty contribution of GCM, scenario, internal variability and downscaling 100 

and bias correction at the global scale and suggest that downscaling and bias correction contributes around a 30% of total 

uncertainty for annual and extreme precipitations between 2020 and 2099, with higher contributions in areas with complex 

topographies. where The higher uncertainty in complex topography is caused by atmospheric dynamics may not being not 

wsell represented because of by GCM due to coarse-resolution, while internal variability contributes around 50 to 60%. On 

the other hand, downscaling and bias correction contribution to uncertainty for temperatures contributes around 40% in the 105 

short term and decreases in time as GCM and scenario contribution increases. This means that choosing a bias correction 

method is not a simple decision and should be considered carefully to avoid leading to decisions that are not robust as different 

downscaled and bias correction methods can result in different products and, in consequence, different hazard characterizations 

(Hanel et al., 2017; Aedo-Quililongo, 2024; Aedo-Quililongo and Chong, 2024). It is worth noting that there is no consensus 

regarding the quantile mapping method that is the most adequate for each specific condition. However, as Hakala et al. (2019) 110 

detail, the climate change impacts assessment is surrounded by uncertainties in each of the assessment steps, including the 

GCMs drivers and construction, the downscaling process (RCMs and/or bias correction), and the tool to assess the specific 

risk (e.g. hydrological models). Thus, choosing a bias correction method should not be a simple decision as it could add 

additional uncertainty or bias to the related assessment (Hanel et al., 2017; Aedo-Quililongo, 2024; Aedo-Quililongo and 

Chong, 2024). Due to the complexity of these methods and application strategies, there is a need for development of 115 

benchmarks and comparison of different methods to Hence, there is the need for tools to implement several quantile mapping 

methods to compare their results and discern the most appropriate for each specific condition (Polasky et al., 2023Fowler et 

al., 2025). 

Freely available global and regional downscaled datasets prevent avoid users or stakeholders tofrom performing a downscaling 

and bias correction process in their analysis. Examples of global downscaled products are the Global Downscaled Projections 120 
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for Climate Impacts Research (GDPCIR; Gergel et al., 2024) or the NASA Globaly Daily Downscaled Projections CMIP6 

(NEX-GDDP-CMIP6; Thrasher et al., 2022), and examples of regional downscaled products are the Climate Change Dataset 

for Brazil (CLIMBra; Ballarin et al., 2023) or the High-resolution climate projection dataset based on CMIP6 for Perú and 

Ecuador (BASD-CMIP6-PE; Fernandez-Palomino et al., 2024). These products consider global or regional products as 

surrogate of observations and consider both a specific reference period and strategy for the downscaling and bias correction 125 

process. Additionally, even if validated, at local scale, the extent of the validation may not be appropriate for all uses and need 

to be analyzed with caution (Lanzante et al., 2018; Aedo-Quililongo and Chong, 2024). As such, these downscaled products 

are a good alternative for a preliminary or regional analysis, while for local studies both the analysis of different methods and 

the application of downscaling and bias correction must be part of the workflow to reduce the aforementioned biases and 

uncertainties. 130 

 

Several efforts have been made to provide users with different versions of the quantile mapping approach for their climate 

change impacts assessment workflow. The publicly available coding packages for bias correction of climatic variables based 

on the approach have the following characteristics: 1) the existing coding packages are available mainly in R (MBC, 

https://github.com/cran/MBC; downscaleR, https://doi.org/10.5281/zenodo.5070432; snowQM, 135 

https://doi.org/10.5281/zenodo.10257951), Python (pyCAT, https://github.com/wegener-center/pyCAT; xclim, 

https://doi.org/10.5281/zenodo.18352200; ibicus, https://doi.org/10.5281/zenodo.8101842) and MATLAB (GCD, 

https://github.com/thomasmosier/GCD), and a few in Julia (ClimateTools.jl, https://doi.org/10.5281/zenodo.8047681), NCAR 

programming language (QQmap, https://doi.org/10.5281/zenodo.4009101), Excel (ClimateScenarioAnalysisToolbox, 

https://github.com/mxgiuliani00/ClimateScenarioAnalysisToolbox), among others; 2) there used to be a research lab with a 140 

package available in two programming languages, but one of these is no longer available; hence, at this moment, none of the 

explored tools is available in more than one programming language with the exact structure and functionality to allow a unique 

framework for different user needs or capabilities; 3) the more sophisticated packages are usually frameworks, like the xclim 

(Bourgault et al., 2023) and downscaleR (Iturbide et al., 2019), that aim for a more complete tool that escapes from the scope 

of users that only require the downscaling process in their workflow; thus, a deep understanding of the workflow and more 145 

structured inputs are needed, which could lead to avoid using that package; and 4) except for the MBC package, which includes 

several multivariate versions of quantile mapping, but not several trend-preserving bias correction methods, to the best of our 

knowledge, no package includes more than three contrasting trend preserving bias correction methods to systematically 

compare their performance in a simple and user-friendly framework, comparison needed to reduce uncertainties regarding bias 

correction (Fowler et al., 2025). Thus, there is the need for comprehensive coding packages that implement and allow 150 

comparing a wide range of quantile mapping methods to facilitate the obtention of local climatic projections and discern the 

most appropriate one for specific applications. 

This paper presents and assesses the climQMBC coding package (Aedo-Quililongo et al., 2026), an easy-to-use tool written 

in Python, R and MATLAB to perform point-to-point bias correction of climatic variables with the QM, DQM, QDM, UQM 
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and SDM methods for daily, monthly and annual time series. This package aims to make available the QM and several trend-155 

preserving QM methods to facilitate the performance assessment of these methods, making it easier to incorporate the bias 

correction process as a standard part of climate change impact assessment of final users of local climatic projections that might 

not be directly related to climate sciences. The climQMBC package also includes a summary report utility to easily compare 

the performance of the implemented methods at the monthly temporal scale, allowing the user to identify the most appropriate 

method for their specific situation, along towith a synthetic tester of bias correction methods. The synthetic tester develops 160 

times series to which bias is added (i.e., in the mean and standard deviation) allowing testing bias correction methods, given 

that one knows the objective time series afterbefore the bias correction. a synthetic analysis to complement the comparison 

based on the climate characteristics, where bias is added in the first two statistical moments (i.e. mean and standard deviation). 

While application examples for all challenging climatic conditions for bias correction methods are extensive and considering 

that the climQMBC package has already been used in several studies (Blin, 2023; Martínez et al., 2023; Nguyen et al., 2024; 165 

Kassahun et al., 2025; Vicuña et al., 2025; Wang et al., 2025; González-Leiva et al., 2026; Guzmán et al., 2026),  

Ffor demonstration purposes and as a proposed benchmark, we present an synthetic example analysis based on the developed 

synthetic analysis tester to show the capabilities of the climQMBC package to systematically bias correct climatic variables 

and to show the general performance of the implemented methods. Additionally, we show with a few lines of code how to bias 

correct real data with the climQMBC package and compare the performance of the implemented methods with the summary 170 

report utility. 

2 Climate change impact assessment 

Climate change assessment at local scales based on projections from climate models (GCMs or RCMs) requires a downscaling 

and/or bias adjustment/correction process to overcome the differences in resolution and biases of climate models and local 

climate. The bias corrected climatic variables are then used to assess climate change impacts on water availability, crop 175 

productivity, wildfire, or heat waves occurrence, among many others. Figure 1 presents a general workflow of a typical 

assessment study of climate change impacts, highlighting in grey where the climQMBC package is involved. 
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Figure 1: General workflow of a typical assessment study of climate change impacts. Green boxes indicate data or time series. Grey 

box shows where the climQMBC package is involved in the workflow. 180 

3 climQMBC package 

3.1 Package characteristics and functionalities 

The climQMBC package is a coding package available for Python, R and MATLAB that contains five point-to-point bias 

correction methods: QM, DQM, QDM, UQM, and SDM. These methods were implemented for variables associated to both 

relative (or multiplicative) and absolute (or additive) changes (e.g., precipitations and temperature, respectively). The package 185 

supports point or station-based data at daily, monthly or annual time step. The bias correction process and a unified description 

of methods implemented in the climQMBC package are summarized in the following subsections. 

3.1.1 Bias correction process in the climQMBC package 

The climQMBC package takes as input (1) an observed and modeled series at one specific point, (2) a flag indicating if the 

variable allows negative values, (3) a flag indicating if the variable is related to relative or absolute changes (does not apply 190 

for the QM method), and (4) a flag indicating if the series frequency is daily, monthly or annual. In the SDM method, a single 

flag is used to indicate if the variable allows negative values and is related to absolute changes or if the variable does not allow 

negative values and is related to relative changes, as this method was built explicitly for temperature and precipitation. On the 

other hand, the modeled series is a single series that merges the historical and future projected periods starting on the same 

date as the observed series. In the climQMBC package, the trend-preserving bias correction methods capture the transient 195 

model changes by a continuum approach using moving windows, as recommended by Chadwick et al. (2018), to capture the 

non-stationary signals of the GCM. Hence, for each value x of the modeled future period, the climQMBC package considers 

moving windows with length equal to the number of observed years, ending in the value to be corrected (Fig. 2). The moving 
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window strategy is an improvement implemented in Chadwick et al. (2023), as the original DQM, QDM and SDM consider 

future data as a single window. 200 

 

Figure 2: Schematic illustration of the trend-preserving bias correction (i.e., all but the QM) continuum approach considered in the 

climQMBC package. Each projected period 𝒑 ends in the value 𝒙 which is corrected to a value 𝒙̃, considering the change rates 

between the projected and historical period of the modeled series. 

As an example of the moving window, if the observed period is 1985-2014, then the moving window will consider 30 years, 205 

and when correcting a future year, e.g., 2030, the moving window will cover 2001-2030. Each moving window is used to 

compute the change rates of the modeled series and the probability distribution function (if applies), and to modify the modeled 

value 𝑥 to a corrected value 𝑥̃. Periods of 20 to 40 years are recommended (see Appendix A for a brief analysis of the trade-

off of selecting larger or smaller windows). Shorter periods might not capture correctly the variable statistics, while longer 

ones might dampen the signal of the variable or induce a “pseudo-stationary bias” of the transient changes (Chadwick et al., 210 

2023). Note that during the historical period, DQM, QDM and UQM methods become the standard QM method as the change 

rates are 0 for additive changes and 1 for relative changes (Chadwick et al., 2023). 

When the frequency is set to monthly, the bias correction process is performed for each month of the year independently (e.g., 

each January is corrected based on the information of January in the historical and projected period). If the frequency is set to 

daily, the bias correction process is performed for each day of the year considering a centered moving window of length defined 215 

by the user (e.g., if the window is of 31 days, then the 16th of July uses the days between July 1st to July 31st to compute the 

required statistics for the bias correction). 

The values of the historical period and each projected period are used to fit a probability distribution function. Furthermore, 

changes in the mean (𝛿𝜇), standard deviation (𝛿 𝜎) or quantiles (Δ), depending on each method, between the projected and 

historical period of the modeled series are computed with the following equations: 220 

𝛿𝜇 = {

𝑥𝑚,𝑝̅̅ ̅̅ ̅̅ ̅

𝑥𝑚,ℎ̅̅ ̅̅ ̅̅ ̅
              , relative change variable

𝑥𝑚,𝑝̅̅ ̅̅ ̅̅ − 𝑥𝑚,ℎ̅̅ ̅̅ ̅̅ , absolute change variable
,        (1) 
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𝛿 𝜎 = {

𝑥𝑚,𝑝̂

𝑥𝑚,ℎ̂
              , relative change variable

𝑥𝑚,𝑝̂ − 𝑥𝑚,ℎ̂ , absolute change variable
,        (2) 

Δ =

{
 
 

 
 
𝐹𝑚,𝑝
−1 (𝜏𝑝)

𝐹𝑚,ℎ
−1 (𝜏𝑝)

                                      , relative change variable

𝐹𝑚,𝑝
−1 (𝜏𝑝) − 𝐹𝑚,ℎ

−1 (𝜏𝑝)              , absolute change variable (all but SDM)
𝑥𝑜,ℎ  ̂

𝑥𝑚,ℎ̂
(𝐹𝑚,𝑝

−1 (𝜏𝑝) − 𝐹𝑚,ℎ
−1 (𝜏𝑝)) , absolute change variable (SDM)

,     (3) 

with 

𝜏𝑝 = 𝐹𝑚,𝑝(𝑥),            (4) 225 

Subindexes 𝑜 and 𝑚 refer to the observed and modeled series, respectively, whereas subindexes ℎ and 𝑝 refer to the historical 

and projected period, respectively. Accents ̅  and ̃  denote mean and standard deviation, respectively. 𝐹 and 𝐹−1 are the 

cumulative distribution function (CDFs) and its inverse CDF (invCDFs), respectively; and 𝜏 is the non-exceedance probability. 

The climQMBC package assigns a probability distribution function for each day or month and period based on the method of 

moments and by default selects the distribution with the lowest Kolmogorov-Smirnov test statistic, which is more sensitive to 230 

differences in near the center of the distribution and less sensitive to differences in the tailsby default chooses the distribution 

considering the one with the lowest error in the Kolmogorov-Smirnov test. The exception is the SDM method in which a 

gamma or normal distribution is fitted by the maximum likelihood method for variables associated with precipitation and 

temperature, respectively (Switanek et al., 2017). The available distribution functions in the climQMBC package are the 

Normal, Log-normal, Two-parameter Gamma, Three-parameter Gamma, Log-Gamma, Gumbel, and Exponential. If the 235 

Kolmogorov-Smirnov test fails for all the available distributions, the climQMBC package prints a warning and continues with 

the procedure. Additionally, the user can define the desired distribution function to be used, and the package will estimate the 

parameter with the method of moments, skipping the Kolmogorov-Smirnov test. 

For variables that do not allow negative values, the climQMBC package internally filters those distributions that allow negative 

values (Normal, Three-parameter Gamma, Gumbel and Exponential distributions). On the other hand, if the series has negative 240 

values, the climQMBC package discards those distributions that are strictly positive (Log-normal, Two-parameter Gamma and 

Log-Gamma distributions). 

To ensure stability when computing the invCDFs, τ values are constrained to 0.001<𝜏<0.999. Additionally, to improve the 

management of non-precipitation days, the climQMBC package follows the two parameters “random near zero replacement” 

presented in Chadwick et al. (2023). The first parameter is a threshold that represents physically zero precipitation values 245 

values below a threshold representing physically zero precipitation value  (1 mm as default, independently of the temporal 

scale. Hence, 1 mm/day, 1 mm/month and 1 mm/year for daily, monthly and annual precipitation, respectively) so that all 

values below this threshold are replaced with random numbers that are barely positive. The second parameter is a scaling factor 

(1/100 as default) of the physically zero precipitation values that defines the magnitude of the “barely positive” replacement 
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values. After performing the bias correction methods, the corrected values below the physically zero precipitation values are 250 

replaced with zeros. 

As an example of the “random near zero replacement” considering the default values in the climQMBC package, all values 

bellow 1 mm/day (for daily values) would be replaced with random values between 0 and 1/100 mm/day. If as a result of the 

trend-preserving procedures one of these values is scaled by a factor of 5, the corrected value would be of 5/100 mm/day and 

then would be replaced by a zero value at the end of the process. The two parameters scheme ensure that even for unrealistic 255 

changes with factors of 10, the replaced values will still be removed after the correction, avoiding these values to create false 

rain-day values. On the other hand, if all values are below the physically zero precipitation value (or only zero values), the 

correction would result in no precipitation values. 

As such, This procedure, referred to as “random near zero replacement” (Chadwick et al., 2023)  this procedure allows fitting 

distributions and performing bias correction to avoid numerical problems in periods with large number of physically zero 260 

precipitation values, or periods with only zero values. Nevertheless, the threshold and the magnitude of the random values 

should be analyzed to enhance the methods performance depending on the specific conditions. For daily data, the number of 

wet days is corrected as most models have a drizzling bias that generates rainy days but with intensity lower than observed 

(Chen et al., 2021). To correct the number of rainy days, in all methods but SDM, an internal threshold representing physically 

zero precipitation value for the modeled series is fitted to match the number of rainy days of the observed series in the reference 265 

period. Then, only rainy days are corrected (values above the physically zero precipitation threshold), but, if the number of 

rainy days to fit the distributions is less than 30, some of the near-zero replaced values are considered to complete 30 values 

(these would later be removed as physically zero precipitation values).  The SDM has its own method of correcting rainy days, 

as described in Switanek et al. (2017). 

3.1.2 Description of the bias correction methods implemented in the climQMBC package 270 

The bias correction methods available in the climQMBC package are now briefly described using a unified mathematical 

notation. Their main objectives and corresponding considerations are summarized in Table 1, while Fig. 3 shows a schematic 

illustration of the procedure performed in the projected periods and the CDF involved, highlighting the main differences among 

methods. In terms of execution times, considering the implementation in the climQMBC package, the QM method is the 

fastest, followed by the DQM (twice the QM execution time for annual and monthly data, and 7 times for daily data), being 275 

the QDM, SDM and UQM the slowest (around 7 to 10 times the QM execution time for annual data, 22 to 27 times for monthly 

data and 32 to 39 times for daily data). Appendix B presents further details of the execution time comparison. 

Table 1: Summary of the bias correction methods available in the climQMBC package 

Method Abbreviation Summary Reference 

Quantile 

Mapping 
QM 

Considers a transfer function built with information from the observed and 

modeled historical period and applies it to the modeled series. Corrected 

Wood et al. 

(2002) 
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series values will match its CDF with the observed series, maintaining the 

model occurrence of the events and limiting future scenarios exceeding 

this range. 

Detrended 

Quantile 

Mapping 

DQM 

Considers the same transfer function as in the QM method but applies it to 

a detrended modeled series, to then reimpose the trends. Corrected series 

tends to preserve changes in the mean of the modeled series. 

Bürger et 

al. (2013) 

Quantile 

Delta 

Mapping 

QDM 

The QM method is applied to the modeled future to detrend the modeled 

values. Then, the change between the future value and its respective 

quantile in the modeled historical period is used to rescale the series. 

Corrected series tends to preserve changes in the quantiles of the modeled 

series. 

Cannon et 

al. (2015) 

Unbiased 

Quantile 

Mapping 

UQM 

The QM method is applied to the modeled future, and the changes of the 

moments (e.g. mean and standard deviation) are imposed in the observed 

CFD to scale the transfer function. Corrected series tends to preserve 

changes in the moments of the modeled series. 

Chadwick 

et al. 

(2023) 

Scaled 

Distribution 

Mapping 

SDM 

Scales the observed CDF by the ratio between the future and historical 

modeled CDFs to correct the recurrence interval. A scaling factor like in 

the QDM method is then applied to the scaled probability distribution. 

Finally, the corrected values are allocated accordingly to likelihood of 

events. For precipitation, the SDM method additionally adjusts rain-day 

frequency. Corrected series tends to preserve changes in quantiles (as in 

the QDM method) and likelihood of events. 

Switanek et 

al. (2017) 

Note: In the DQM, QDM, UQM and SDM methods the future period is divided in moving windows as an improvement 

implemented in Chadwick et al. (2023) to prevent pseudo-stationary biases. 280 
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Figure 3: Schematic illustration of the main processes computed in the (a) QM, (b) DQM, (c) QDM, (d) UQM and (e) SDM methods 

available in the climQMBC package, at each projected period for variables related to relative changes (e.g. precipitation). For 

variables related to absolute changes (e.g. temperatures) the deltas (𝜹 and 𝜟) are computed and applied additively, rather than 

multiplicatively. 285 
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Quantile Mapping (QM): 

The QM method (Fig. 3a) bias corrects the modeled series by evaluating the modeled values (𝑥) in the CDF of the modeled 

historical period (𝐹𝑚,ℎ) to get the associated probabilities of each value and then evaluates them in the invCDF of the observed 

historical period (𝐹𝑜,ℎ
−1) to obtain a vector of corrected values (𝑥̃). This method aims to correct each value of the modeled series 

by matching its quantile computed on its historical period with the quantile of the observed values, and is formulated as: 290 

𝑥̃ = 𝐹𝑜,ℎ
−1(𝐹𝑚,ℎ(𝑥)),           (5) 

The QM method assumes that the correction process is time-invariant and in some cases may result in distortion of the raw 

model projected change rates. In most cases distortions are caused by projected climate being outside the range of historical 

modeled climate. 

 295 

Detrended Quantile Mapping (DQM): 

The DQM method (Fig. 3b) detrends the modeled series by computing the projected change in the mean of the modeled series 

for each rolling window (𝛿𝜇, Eq. 1) and scaling the last value of each rolling window (𝑥) to a range within the historical values. 

Then, the same transfer function described in the QM method is applied to the detrended values. Finally, the bias corrected 

values are rescaled multiplicatively or additively to obtain the corrected value (𝑥̃). The procedure for each projected period is 300 

formulated as follows: 

𝑥̃ = {
𝐹𝑜,ℎ
−1 (𝐹𝑚,ℎ(𝑥/𝛿𝜇)) 𝛿𝜇 , relative change variable

𝐹𝑜,ℎ
−1 (𝐹𝑚,ℎ(𝑥 − 𝛿𝜇)) + 𝛿𝜇 , absolute change variable

,        (6) 

 

Quantile Delta Mapping (QDM): 

In the QDM method (Fig. 3c) the non-exceedance probability 𝜏𝑝 (Eq. 4) of each value x to be corrected is calculated based on 305 

its associated moving window. Then, 𝜏𝑝 is evaluated in the observed invCDF to obtain the modeled projected values after 

correction, 𝑥𝑚,𝑝→𝑜,ℎ, as follows: 

𝑥𝑚,𝑝→𝑜,ℎ = 𝐹𝑜,ℎ
−1(𝜏𝑝),           (7) 

given that 𝜏𝑝 depends on a moving window, 𝑥𝑚,𝑝→𝑜,ℎ does not have the model trend. Finally, the percentile change Δ (Eq. 3) 

of the projections is estimated as the ratio between the projected climate and its respective quantile in the historical modeled 310 

period. Then, Δ is applied to 𝑥𝑚,𝑝→𝑜,ℎ to obtain the corrected value 𝑥̃ as follows: 

𝑥̃ = {
𝑥𝑚,𝑝→𝑜,ℎΔ , relative change variable

𝑥𝑚,𝑝→𝑜,ℎ + Δ , absolute change variable
,         (8) 
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When Δ is estimated for relative changes, it can get indetermined as a result of a division by a near-zero value. To avoid this, 

the climQMBC package considers an upper limit for Δ when dividing by a physically no-precipitation value. This strategy 

mimics the implementation of the QDM method in the MBC package (Multivariate Bias Correction of Climate Model Outputs; 315 

Cannon, 2017), available in CRAN. 

 

Unbiased Quantile Mapping (UQM): 

In the UQM method (Fig. 3d) the projected change in the moments (i.e., mean and standard deviation) of the modeled series 

is first computed for each moving window (𝛿𝜇 and 𝛿𝜎, respectively; Eq. 2 and Eq. 3, respectively). Then, these change rates 320 

are used to project the observed historical mean (𝜇ℎ) and standard deviation (𝜎ℎ) into the future to obtain future values 𝜇∗ and 

𝜎∗ as follows: 

𝜇∗ = {
𝜇ℎ𝛿𝜇, relative change variable

𝜇ℎ + 𝛿𝜇, absolute change variable
,         (9) 

𝜎∗ = {
𝜎ℎ𝛿𝜎 , relative change variable

𝜎ℎ + 𝛿𝜎 , absolute change variable
,         (10) 

Subsequently, 𝜇∗ and 𝜎∗ are used to produce future projections of the selected distribution for the historical observed values, 325 

𝐹𝑜,ℎ
∗ , as follows: 

𝐹𝑜,ℎ
∗ = 𝑓(𝜇∗, 𝜎∗),            (11) 

Finally, the non-exceedance probability of the modeled values 𝑥 in each moving window (𝜏𝑝, Eq. 4) are evaluated in the 

inverse projected distribution invCDF, 𝐹𝑜,ℎ
∗−1, to obtain the bias corrected value 𝑥̃ as follows: 

𝑥̃ = 𝐹𝑜,ℎ
∗−1(𝜏𝑝),            (12) 330 

 

Scaled Distribution Mapping (SDM): 

The SDM method (Fig. 3e) considers several steps (Switanek et al., 2017; Chadwick et al., 2023). Note that they are presented 

in a sequence different than the originally depicted by Switanek et al. (2017), with the intention of to better illustrate the 

implications and structure of the method. 335 

For temperatures, the first step is to linearly detrend both the observed and modeled series for each period. For precipitation, 

the first step is to remove all non-precipitation values (1<  mm as default, independently of the temporal scale. Hence, 1 

mm/day, 1 mm/month and 1 mm/year for daily, monthly and annual precipitation, respectively1 mm/day as default) to account 

only for the rain values in each period. Then, the expected number of rain events for the corrected series (𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑) is calculated 

by scaling multiplicatively (linear scaling) the number of rain events of each moving window (𝑅𝐷𝑚,𝑝) with the ratio between 340 
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the frequency of rainy days in the observed historical period ( 𝑅𝐷𝑜,ℎ/𝑇𝐷𝑜,ℎ ) and in the modeled historical period 

(𝑅𝐷𝑚,ℎ𝑚ℎ/𝑇𝐷𝑚,ℎ) as follows: 

𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑 = 𝑅𝐷𝑚,𝑝 ×
𝑅𝐷𝑜,ℎ/𝑇𝐷𝑜,ℎ

𝑅𝐷𝑚,ℎ𝑚ℎ/𝑇𝐷𝑚,ℎ
,         

 (13) 

where TD represents the total number of days, including rain and non-rain days. Hereafter, the SDM method is applied to a 345 

vector (bold notation) of sorted detrended temperature or non-zero precipitation values, to which the normal and gamma 

probability distribution functions are fitted by the maximum likelihood method, respectively. 

In the second step the sorted vectors of the observed historical (𝒙𝑜,ℎ), modeled historical (𝒙𝑚,ℎ) and modeled projected period 

or moving window (𝒙𝑚,𝑝) series are evaluated in their respective fitted CDF to obtain their associated probability vectors 

(𝐹𝑜,ℎ(𝒙𝑜,ℎ), 𝐹𝑚,ℎ(𝒙𝑚,ℎ), 𝐹𝑚,𝑝(𝒙𝑚,𝑝)). In the climQMBC package, each CDF is fitted considering a gamma distribution for 350 

positive precipitation and normal distribution for detrended temperature, using the maximum likelihood, following the SDM 

implementation in the pyCAT package. These probability vectors are used to estimate each recurrence intervals 𝑹𝑰𝑖,𝑗  as 

follows: 

𝑹𝑰𝑖,𝑗 = {

1

1−𝐹𝑖,𝑗(𝒙𝑖,𝑗)
           , for precipitation

1

0.5−|0.5−𝐹𝑖,𝑗(𝒙𝑖,𝑗)|
, for temperature 

     ;      𝑖 = {𝑚, 𝑜}, 𝑗 = {ℎ, 𝑝} ,     (14) 

In the third step, the recurrence interval of the observed historical series is linearly scaled by the ratio of the recurrence intervals 355 

of the model projected period and the model historical period (i.e., capturing the changes in recurrence intervals in the model) 

to build a scaled recurrence interval 𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 as follows: 

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 = max (1, 𝑹𝑰𝑜,ℎ ∘ 𝑹𝑰𝑚,𝑝  ∘
1

𝑹𝑰𝑚,ℎ
)   ,        (15) 

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 is built using the Hadamard product for vectors (i.e., multiplying element by element in a vector and preserving their 

dimensions), which requires equally sized vectors. Hence, prior to computing the precipitation recurrence intervals, the 360 

probability vectors are linearly interpolated to match the number of rain day events of the modeled projected period. The linear 

interpolation stretches or contracts the series to match the number of values in the modeled vector, keeping the original range 

and distribution of values. 

In the fourth step, 𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑 is used to go back into a scaled probability vector 𝑭𝑜,ℎ
𝑠𝑐𝑎𝑙𝑒𝑑 , which represents the scaled distribution 

function vector of the observed historical period as follows: 365 

𝑭𝑜,ℎ
𝑠𝑐𝑎𝑙𝑒𝑑 = {

1 −
1

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑
                                                    , for precipitation

(1 −
1

𝑹𝑰𝑠𝑐𝑎𝑙𝑒𝑑
 ) × 𝑠𝑔𝑛(𝐹𝑜,ℎ(𝒙𝑜,ℎ) − 0.5) , for temperature 

,     (16) 
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In the fifth step, 𝑭𝑜,ℎ
𝑠𝑐𝑎𝑙𝑒𝑑  is sorted in descending order for precipitation, then, for both precipitation and temperature, it is 

evaluated in the invCDF of the observed historical period to get the associated value in the historical observed series domain 

𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ as follows: 

𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ = 𝐹𝑜,ℎ
−1(𝑭𝑜,ℎ

𝑠𝑐𝑎𝑙𝑒𝑑),          (17) 370 

In the sixth step, the vector with the projected change in the quantiles 𝚫 (Eq. 3. for SDM; similar to that of the QDM) is 

computed for all the values of the projected series and it is used to scale the vector computed in the previous step as follows: 

𝒙𝑡𝑒𝑚𝑝 = {
𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ𝚫, for precipitation

𝒙𝑠𝑐𝑎𝑙𝑒𝑑→𝑜,ℎ +  𝚫, for temperature
,        (18) 

For precipitation, if the number of rainy days of the projected period (𝑅𝐷𝑚,𝑝) is greater than the expected number of rain events 

(𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑), the frequency of rain events is adjusted by linearly interpolating 𝒙𝑡𝑒𝑚𝑝 to a length equal to 𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑. 375 

As a final step for precipitation, each value of the 𝒙𝑡𝑒𝑚𝑝 is placed in the location of the rainy values of the modeled projected 

temporal series, from the highest to the lowest. In case where 𝑅𝐷𝑠𝑐𝑎𝑙𝑒𝑑 is greater than 𝑅𝐷𝑚,𝑝, the remaining values are replaced 

with zeros. For temperatures the final step is to place back the 𝒙𝑡𝑒𝑚𝑝 values in the correct temporal location based on the 

modeled time series, process that is done in descending order. Then, the linear trend of the modeled projected temporal series 

is added back. Because the climQMBC package considers a continuum approach to capture transient changes from the models, 380 

the corrected value 𝑥̃ of the projected period corresponds to the value of the last year of the corrected series; then, the complete 

procedure is repeated for the following year. 

3.2 climQMBC package example and report function 

This section is based on an example that uses the sample data available in the package repository 

(https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data). The sample data considers daily precipitation and 385 

mean temperature for the coordinate 4.64N and 75.48W, located near the Cocora Valley, Quindío, Colombia. The 

observational ERA5-Land reanalysis series was developed by corresponds to the ERA5-Land reanalysis from the European 

Centre for Medium-Range Weather Forecasts (Muñoz-Sabater et al., 2021) and for the modeled series considers the GCM 

MPI-ESM1-2-HR (Müller et al., 2018), run by under the SSP 5-8.5 scenario of the Sixth Assessment Report of the 

Intergovernmental Panel on Climate Change (Eyring et al., 2016). For both tThe observational and modeled time series were 390 

extracted with, the nearest point method was used to extract the time series. 

As an easy-to-use tool, the climQMBC package requires familiarity with importing and processing arrays, matrices, or vectors. 

Four steps are needed for its use: (1) Import the climQMBC package and its functions; (2) load the observed and modeled 

series (the package assumes that both series begin in the same date and that the reference period corresponds to the period of 

the observed series); (3) define the type of variable (i.e. negative or strictly non-negative, and variable associated with additive 395 

or multiplicative changes) and data frequency (daily, monthly or annually); and (4) apply the selected bias correction method 

https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data
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or methods. These steps can be applied to multiple locations or grids cells to systematically downscale a region of interest (this 

example is included in the climQMBC tester scripts available in GitHub for Python, R and MATLAB at 

https://github.com/saedoquililongo/climQMBC/blob/main/Python/climQMBC_tester_Python.py, 

https://github.com/saedoquililongo/climQMBC/blob/main/R/climQMBC_tester_R.R and 400 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/climQMBC_tester_Matlab.m, respectively). Also, 

different bias correction methods can be used and compared to identify the better ones in preserving the changes from raw 

GCM/RCMs for the specific conditions under study. Detailed demonstration of the capabilities of the package is provided in 

an example notebook available in its repository 

(https://github.com/saedoquililongo/climQMBC/blob/main/Example_notebook.ipynb). 405 

Listing 1 illustrates a simple Python code to apply the five bias correction methods available in the climQMBC package to the 

temperature sample data available in the repository and then plot the QM and UQM results for the results of the QM and UQM 

methods. Figure 4 presents the plots of Listing 1 and a close-up to the reference period and to a the period where when the QM 

and UQM methodsdiverge, showing how the corrected series match the magnitude and variability of the observed series (Fig. 

4b) and the potential differences in their results (Fig. 4c) which could lead to bias in a further climate change impacts 410 

assessment. More specifically, Fig. 4a shows the inability of the QM method to capture trends when the projected values are 

outside the range of the values of the reference period.  Figure 4 illustrates a simple Python code with an example, and the 

corresponding plotted results, based on the sample data available in the package repository 

(https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data). Detailed demonstration of the capabilities of the 

package is provided in an example notebook available in its repository 415 

(https://github.com/saedoquililongo/climQMBC/blob/main/Example_notebook.ipynb). 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/climQMBC_tester_Matlab.m
https://github.com/saedoquililongo/climQMBC/blob/main/Example_notebook.ipynb
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Listing 1: Python script showing the usage of the climQMBC package. 
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 420 

Figure 4: Example plot of the example Python code presented in Listing 1. a) Complete time series; b) close up to the reference 

period (it is worth noting note that, in the reference period, the UQM method is the same as the QM method); and c) close-up to a 

the period where when the UQM and QM method show different resultsdiverge.Python script showing the usage of the climQMBC 

package (a) and plotted results (b). 

For monthly values, the climQMBC package has a summary report function to compare the performance or assess trade-offs 425 

between bias correction methods based on the preservation of the changes in the mean and standard deviation of the modeled 

series. This function outputs two reports: (1) a summary table with the overall performance of the bias correction methods in 

the historical period and in future periods for the mean and standard deviation (Fig. 5), and (2) a set of figures to visualize the 

main differences among methods in terms of monthly values and quantiles (Fig. 6 and Fig. 7). The report function requires the 

same inputs as the bias correction methods functions. Additional inputs of the report functions are the bias correction methods 430 

and future periods to be displayed in the summary tables and figures. 

The structure of the summary tables for the mean and standard deviation generated by the report function of the climQMBC 

package are the same (Fig. 5). The first row of the summary tables shows the ratio or difference in the mean value (or standard 

deviation) between the QM bias corrected and observed historical series. A perfect match between the corrected and observed 

value would result in a value of 1 for multiplicative change variables and 0 for the additive change variables. In the example 435 

shown in Fig. 5a (Mean Table) for precipitation, the ratio between the annual mean values of the QM method and the modeled 

series in the historical period is 1.000, showing a perfect match between the mean of the observations and corrected series in 

the reference period. 1.002, showing an overestimation of the mean in 0.2 %. 
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 440 

Figure 5: Example of the summary tables generated by the report function of the climQMBC package, applied to a precipitation 

case. The Mean and Standard Deviation Tables show the summary report for the annual mean and standard deviation, respectively. 

First row presents the performance based on the ratio between the annual mean of the bias corrected and modeled series in the 

historical period. Second row presents headers for different periods. Third row and below presents the ratio between the periods 

and the historical period for each series presented in the first column. Values under the header ‘Future, shows the ratio between the 445 
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complete future period and the historical period, the third and following columns show the ratio between the projected period, 

centered in the year of the corresponding header (defined by the user), and the historical period. 

The second row of the summary table shows the header of the periods that are compared with the historical period. This 

comparison considers information exclusively of each series (e.g. projected period and historical information of the UQM 

corrected series). The third row and below shows the ratio or difference between the future period, based on the header, and 450 

the historical period. In these rows the first column indicates the series considered (modeled series, QM corrected series, DQM 

corrected series, …), the second column, under the header ‘Future, shows the ratio or difference between the complete future 

period and the historical period, the third and following columns show the ratio or difference between the projected period, 

centered in the year of the corresponding header (defined by the user), and the historical period. For a bias correction model 

to be good, its value (ratio or difference) should be close to the value of the “Modeled” row in each period, both for the mean 455 

and standard deviation. For the example shown in Fig. 5b (Standard deviation Table), the model ratio between the future 

centered in 20602065 and historical is 0.888  0.830 (a change of -11.2 % -17 %) whereas the corresponding values for QM, 

DQM, QDM, UQM and SDM are 1.038, 1.081, 1.044, 1.083 and 1.128 0.841, 0.874, 0.857, 0.865 and 0.887, respectively. 

Hence, all the methods show an increase in the standard deviation, rather than a decrease, being the SDM method with the 

greater discrepancy.underestimate the decrease in the standard deviation, being the QM method the closest one to the modeled 460 

series. However, for the same future period, the ratio corresponding to changes in the mean for the QM SDM method is the 

closest largest as compared to the modeled series (0.6860.889 compared to 0.7490.892, Mean Table). 

The report function also provides a second report with three different figures illustrated in Fig. 6 and Fig. 7. The first figure 

(Fig. 6a) shows the cumulative distribution of the modeled and corrected series in the historical and future periods, and the 

cumulative distribution of the observed series (left side). This figure also shows the observed, modeled, and corrected time 465 

series (right side). The second figure (Fig. 7a6b) shows the seasonal monthly mean of each series in the historical and future 

projected periods (the same projected periods as in the summary tables). Finally, the third figure (Fig. 7b6c) shows the same 

monthly seasonality, but for the standard deviation. In the second and third figures, the objective series is the observed monthly 

mean or standard deviation, scaled by the raw projected change (scaling factor based on the projected and the historical period) 

of the uncorrected model. Note that, ideally, the corrected value should capture the projected changes; hence, match the 470 

objective value. 
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Figure 6: Example of the summary figures generated by the report function of the climQMBC package: cumulative distribution 

functions in the historical and future periods (left side) and time series (right side). (a) Default report function option displaying all 475 
methods at once. (b) Custom view using the optional argument fun=[‘UQM’] to display only the UQM method.. (a) cumulative 

distribution functions in the historical and future periods (left side), and time series (right side); (b) summary plots of the seasonal 

monthly mean, (c) summary plots of the seasonal monthly standard deviation. 
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Figure 7: Example of the summary figures generated by the report function of the climQMBC package: (a) summary plots of the 480 
seasonal monthly mean, (b) summary plots of the seasonal monthly standard deviation. To display the user defined periods, the 

optional arguments y_init=1985 and y_wind=[2030, 2060] were set to define 1985 as initial year and to display the values in the 

windows centered in 2030 and 2060. 

4 Application examples with synthetic series 

In this section we assess the capabilities of the climQMBC package to systematically bias correct climatic variables of GCMs 485 

or RCMs. We compared the performance of the implemented bias correction methods in both the historical and projected 

periods based on a synthetic examplethe synthetic tester that is available as a function in the climQMBC package. A controlled 

bias was introduced into a synthetic time series, enabling a clear evaluation of each method-s ability to correct it. This example 

is designed to demonstrate the performance of bias correction methods under varying conditions, offering insights into their 

optimal use. Nevertheless, determining the most suitable method for each specific case lies beyond the scope of this study. 490 

The example highlights the importance of having an easy-to-use tool, such as the climQMBC package, to implement bias 

correction methods and discern the most adequate one to a specific case. 
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4.1 Description of the synthetic example and evaluation 

Extending the synthetic example presented by Maurer and Pierce (2014), Cannon et al. (2015), and Chadwick et al. (2023), 

gamma distributions were used to generate multiple synthetic precipitation time series. The gamma probability density function 495 

with shape parameter 𝑘 and scale parameter 𝜃 is given by: 

𝑓(𝑥; 𝑘, 𝜃) =
𝑥𝑘−1 exp(−𝑥/𝜃)

𝜃𝑘Γ(𝑘)
,     𝑥 > 0,     𝑘 > 0,     𝜃 > 0,       (19) 

where 𝛤(⋅) is the gamma function. Using the method of moments the mean (𝜇) and standard deviation (𝜎) can be used to 

estimate the parameters with 𝜇 = 𝑘𝜃 and 𝜎 = √𝑘𝜃. 

The example considers four observed historical series generated with 10,000 values, mean of 𝜇ℎ=1,000 and coefficients of 500 

variation (CV) ranging from 0.25 to 1.00 (Table 2). To account for a knownThe future seriesperiod, for each observed  is 

generated using a gamma distribution with 49 possible changes (i.e., the combination of Δ𝜇 and Δ𝜎 in tableTable 2) from the 

historical series., 49 future objective series were generated with the gamma function (independently from the observed 

historical series) considering combinations of changes in the mean and standard deviation (Δ𝜇 and Δ𝜎, respectively) ranging 

from -50 % to +50 % (Table 2). Note that the projected or future mean (𝜇∗) and future standard deviation (𝜎∗) are obtained 505 

from 𝜇∗ = 𝜇(1 + Δ𝜇) and 𝜎∗ = 𝜎(1 + Δ𝜎), respectively. Then, bias in the mean and standard deviation waswere added 

(Δ𝜇𝑏𝑖𝑎𝑠 and Δ𝜎𝑏𝑖𝑎𝑠, respectively), following Eq. (20). These rangeing from -50 % to +50 % (Table 2) for both the observed 

historical and future objective series, resulting in 49 combinations of biasfor each observed historical - future objective 

combination. The same bias is added in the historical and in the future periods.  

To obtain the bias values (𝑥𝑖
𝑏), the generated historical or future series (𝑥𝑖

𝑜) goes through Eq. (20). Here, one can choose the 510 

specific  add the desired bias with components both in the being added in the mean (Δ𝜇𝑏𝑖𝑎𝑠) and in the standard deviation 

(Δ𝜎𝑏𝑖𝑎𝑠) independently, while preserving the original sequence of events. , the following procedure was applied to each value 

𝑥𝑖
𝑜 of the generated observed historical or future objective series to get biased values 𝑥𝑖

𝑏: 

𝑥𝑖
𝑏 = 𝜇𝑜(1 + Δ𝜇𝑏𝑖𝑎𝑠) + (𝑥𝑖

𝑜 − 𝜇𝑜)(1 + Δ𝜎𝑏𝑖𝑎𝑠) ,        (20) 

where 𝜇𝑜 is the mean of the observed historical or future objective series. This methodology ensures adding the desired bias 515 

by shifting both the mean and variability of the series while preserving the sequence of events. As such, in this synthetic 

exercise the bias corrected series, if perfectly done, should be the same as the synthetic observed historical or future objective 

series. 

 

Each generated series has an observed historical and future projected period. The future or projected period considers a 520 

multiplicative change compared to the historical period. Then we added bias to both period (historical and future or projected) 

to obtain a model synthetic series, which allows testing if the bias correction methods can remove the added bias. In this 

synthetic exercise the projected bias corrected climate should be the same as the synthetic observed projected climate. 
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We defined observed scenarios with a mean of 𝜇ℎ=1,000 and coefficients of variation (CV) ranging from 0.25 to 1.00 (Table 

2). For each observed scenario we generated several objective future scenarios with combinations of changes in the mean and 525 

standard deviation (Δ𝜇 and Δ𝜎, respectively) ranging from -50 % to +50 % (Table 2). Note that the projected or future mean 

is obtained from 𝜇∗ = 𝜇Δ𝜇, while an analogous process is used to obtain the future standard deviation. For each scenario 

10,000 values were generated. 

To each value 𝑥𝑖
𝑜 of the generated observed or objective future series, we added bias Δ𝑏𝑖𝑎𝑠, with components both in the mean 

(Δ𝜇𝑏𝑖𝑎𝑠) and in the standard deviation (Δ𝜎𝑏𝑖𝑎𝑠), to get biased values 𝑥𝑖
𝑏 by the following procedure, which shifts the mean and 530 

variability of the series: 

Δ𝑏𝑖𝑎𝑠(𝑥𝑖
𝑜) = (1 + Δ𝜇𝑏𝑖𝑎𝑠) +

(𝑥𝑖
𝑜−𝜇𝑜)(Δ𝜎𝑏𝑖𝑎𝑠−Δ𝜇𝑏𝑖𝑎𝑠)

𝑥𝑖
𝑜 ,       (20) 

𝑥𝑖
𝑏 = 𝑥𝑖

𝑜 ⋅ Δ𝑏𝑖𝑎𝑠(𝑥𝑖
𝑜),          (21) 

where 𝜇𝑜 is the mean of the observed or objective future series. This methodology ensures adding the desired bias in the mean 

(Δ𝜇𝑏𝑖𝑎𝑠)) and standard deviation (Δ𝜎𝑏𝑖𝑎𝑠). We considered several combinations of bias in the mean and standard deviation with 535 

values ranging from -50 % to +50 % (Table 2). 

Table 2: Coefficient of variation, projected changes in the mean and standard deviation, and bias in the mean and standard deviation 

considered in the synthetic example. 

Variable Values 

Coefficient of Variation (CV) 0.25, 0.50, 0.75, 1.00 

Projected change in mean (Δ𝜇) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

Projected change in standard deviation (Δ𝜎) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

Bias in mean (Δ𝜇𝑏𝑖𝑎𝑠) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

Bias in standard deviation (Δ𝜎𝑏𝑖𝑎𝑠) -50 %, -25 %, -10 %, 0 %, 10 %, 25 %, 50 % 

 

For the bias correction process, we evaluated all the implemented bias correction methods in the climQMBC package. 540 

considering each original synthetic series as observed and those with added bias as the modeled series. There are four sets of 

synthetic series: historical observed, projected observed, historical modeled and projected modeled. The bias correction uses 

three of the four set of series, both modeled series (projected and historical) and the historical observed, while the projected 

observed is kept for verification purposes, given that it is the “true series”. In terms of implementation, as the climQMBC 

package considers moving windows and this example does not consider progressive changes in the variables, the biased series 545 

considered a duplicated future period so that the correction of the second future period neglects the information of the historical 

period. This means that the continuous series are the concatenation of the historical period, the future period (first copy) and 

the future period (second copy), finally evaluating the historical and second future period.  
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 To assess the performance of each method, we considered (1) performance metrics based on statistical properties, measured 

as the ratio between statistics of the bias corrected series and those of the expected series, for which a value of 1 means a 550 

perfect agreement, and 2) goodness-of-fit metrics (i.e. Nash-Sutcliffe efficiency (NSE) proposed by Nash and Sutcliffe (1970), 

and Kling-Gupta efficiency (KGE) proposed by Gupta et al. (, 2009)) to evaluate the point-by-point agreement between the 

bias corrected and expected series. Values of 1 for NSE and KGE indicate perfect agreement. These metrics, their range and 

possible values are summarized in Table 3. Note that for this application, where the biased series share the exact sequence of 

events as its original series, the NSE and KGE metrics are appropriate, while this usually does not happen in real comparisons 555 

between GCM and observations. As such, these metrics are not proposed as metrics to evaluate bias correction methods 

performance in general, but only when the proposed synthetic tester is used. 

Table 3: Performance metrics considered. 

Variable Range Values 

Ratio between the corrected and 

expected mean, standard deviation 

and percentiles1 

[0, ) 

<1: Underestimation 

=1: Perfect agreement 

>1: Overestimation 

Ratio between the corrected and 

expected skewness2 
(-, ) 

<1: Underestimation 

=1: Perfect agreement 

>1: Overestimation 

Nash-Sutcliffe efficiency (NSE; 

Nash and Sutcliffe, 1970) 
(-, 1] 

<1: Bias among values 

=1: Perfect agreement among values 

<0: Worse than the mean 

Kling-Gupta efficiency (KGE; 

Gupta et al., 2009) 
(-, 1] 

<1: Bias among values, mean or 

standard deviation 

=1: Perfect correlation between values 

and perfect fit among mean and 

standard deviation 

<1-√2: Worse than the mean (Knoben 

et al, 2019) 

1 Percentiles 5 %, 10 %, 50 %, 90 %, and 95 % are considered 

2 Negative values indicate change in the direction of the distribution asymmetry 560 

4.2 Bias correction comparison in the historical period 

Regarding the performance of the bias correction methods in the historical period, Fig. 7 8 shows the NSE values for each 

combination of coefficient of variation (CV), bias in mean (Δ𝜇𝑏𝑖𝑎𝑠) and bias in standard deviation (Δ𝜎𝑏𝑖𝑎𝑠). Despite the 
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synthetic series were generated with a strictly positive distribution function, the procedure to add bias result in some negative 

values. These values were replaced with random values below 0.01, according to the implementation of the climQMBC 565 

package. The numbers in the grid of Fig. 7 8 indicate the percentage of negative values in the biased synthetic time series 

resulting from the procedure to add biasthat have some negative values and were replaced with with random values below 

0.01, according to the implementation of the climQMBC package. Figure 7 8 shows only values for the QM and SDM methods 

because the DQM, QDM and UQM methods are equivalent to the QM method in the historical period (Chadwick et al., 2023). 

 570 

Figure 87: NSE values of the QM and SDM methods in the historical period for different combinations of the observations’ CV, 

𝜟𝝁𝒃𝒊𝒂𝒔 and 𝜟𝝈𝒃𝒊𝒂𝒔. Green color indicates a perfect fit between the corrected and observed values (NSE ~ 1), and red tones indicate 

a lower quality fit (NSE < 1). The numbers in the grid indicate the percentage of negative values in the biased synthetic time series 

resulting from the procedure to add biaspercentage of synthetic time series that have some negative values (that these negative values 

were replaced with random values below 0.01). 575 

Based on the NSE values (Fig. 78), the QM and SDM methods may fit differently to the observed values under different 

circumstances, with the QM method being the one with better fit when the bias in the standard deviation increases and the bias 

in the mean decreases to negative values (bottom right corner of each grid). On the other hand, when the bias in the mean 

increases and the bias in the standard deviation decreases to negative values (top left corner of each grid), NSE values for the 

QM method tend to slightly decrease for high values of CV, tendency not observed for the SDM. Both methods perform well 580 

in terms of NSE values when the bias in the mean and standard deviation are similar. When performance is analyzed based on 

the mean, standard deviation, skewness, and percentiles, or based on the KGE values, results showed similar patterns (results 

not shown). 
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Figure 8 9 presents boxplots of the performance metrics shown in Table 3 for the ratio between the corrected and observed 

mean, standard deviation, skewness, percentiles 5th, 10th, 50th, 90th and 95th, alongside the NSE and KGE values in the 585 

historical period. The boxplots consider the results after adopting all the CV and bias conditions depicted in Table 2. For all 

plots in Fig. 89, a value of 1 indicates a perfect agreement between the corrected and observed statistics. Figure 8 9 shows only 

values for the QM and SDM methods because the DQM, QDM and UQM methods are equivalent to the QM method in the 

historical period (Chadwick et al., 2023). 

 590 

Figure 98: Performance comparison of QM and SDM in the historical period using the ratio between the bias corrected and observed 

mean (a), standard deviation (b), skewness (c), and percentiles (f to j), in addition to the NSE (d) and KGE (e) values. For all metrics, 

a value of 1.0 indicates a perfect agreement between the corrected and observed values, as depicted in Table 3. 

In all cases, both the QM and SDM have boxes centered in a value of 1.0. Although more stable in terms of a more constrain 

box (representing the middle 50 % of the data) than the QM method, the SDM method resulted also in more outliers. For the 595 

mean, standard deviation, NSE, KGE, percentiles 50 %, 90 % and 95 %, the SDM shows a smaller box than the QM, but the 

SDM have larger whiskers. For the skewness, the SDM shows a smaller box and whiskers than the QM, and for percentiles 5 

% and 10 %, the SDM shows a smaller box than the QM, and the QM shows whiskers for over and underestimation, while 

SDM only for underestimation. Hence, if the results of the SDM method are not properly analyzed, they may result in larger 

biases than QM. Having a tool to easily compute and compare among bias correction methods allows the analysis and facilitate 600 

the selection of the most adequate method depending on the case study under analysis. 

4.3 Projected scenarios 

Regarding the performance of the bias correction methods in the future, Fig. 9 10 shows the cumulative probability of the NSE 

and KGE values, resulting from the synthetic exercise considering all the combinations of CV, added biases and projected 

changes shown in Table 2. The desired result, indicating that almost all cases have a perfect agreement with the expected 605 
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values, is to have cumulative probabilities as close as possible to the value of 1.0; hence curves whose mass is concentrated 

near NSE = 1 (that is, shifted toward the right edge of the plot) indicate have better performance.the closer to the right the 

curve is, the better. 

 

Figure 109: Cumulative probability of the NSE (a), and KGE (b) values of the synthetic example for each implemented method in 610 
the climQMBC package. 

Based on the NSE and KGE values, the QM, DQM, QDM, UQM and SDM methods result in different series which may differ 

in their performance. Results of using the synthetic tester example, which consist onof adding a bias in the two first statistical 

moments (i.e. the mean and standard deviation), show that the UQM method performs best in eliminating the bias from the 

modeled series, followed by the DQM method, being the QM method the one with the lowest performance quality. The SDM 615 

and QDM methods perform similarly in terms of the NSE values, but the SDM performs worse when evaluated with the KGE. 

The NSE and KGE indexes give an overall goodness-of-fit; nevertheless, other performance metrics commonly used to assess 

a bias correction method in terms of how certain statistics are preserved (e.g. mean, standard deviation, skewness, and 

percentiles) might be adopted. The performance of a method may differ based on the performance metric and the objectives 

of the user. Figure 10 11 presents boxplots of the performance metrics depicted in Table 3 representing the ratio between the 620 

corrected and expected mean, standard deviation, skewness, and percentiles 5, 10, 50, 90 and 95, and as well as the NSE and 

KGE values in the future scenario. Again, a value of 1 indicates a perfect fit between the corrected and expected statistics. 
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Figure 110: Performance comparison of the QM, DQM, QDM, UQM and SDM in the future period evaluated by means of the ratio 

between the bias corrected and objective future mean (a), standard deviation (b), skewness (c), and percentiles (f to j), in addition to 625 
the NSE (d) and KGE (e) fitness metrics. For all metrics, a value of 1.0 indicates a perfect agreement between the corrected and 

expected values, as depicted in Table 3. 

Figure 10 11 shows that all the implemented methods might relate to the expected series based on different statistics; however, 

some methods are more stable in some statistics than others (e.g., UQM and DQM in the mean and percentiles, UQM in the 

standard deviation or the SDM, QDM and UQM in the skewness). Overall, in this exercise where bias was added in the first 630 

two statistics moments, the UQM, which aims at removing the bias in these moments,  UQM tends to be more stable than the 

other methods. Among the implemented methods in the climQMBC package, for this exercise, there is always a trend 

preserving method that is more stable than the QM method. This does not mean that the QM method should not be used. In 

fact, as mentioned above, all methods might perform well under certain circumstances, including the QM method. This is why 

an evaluation of the method for each specific situation is encouraged. 635 

5 Conclusions 

Quantile Mapping (QM) is one of the most widely used bias correction methods for climate change impacts, although it might 

distort raw GCM changes when future climate goes out of the range of the historical climate. Trend-preserving methods such 

as DQM, QDM, UQM, and SDM aim to address this limitation, each with its own advantages and disadvantages, although the 

QM method is still widely used because of its simplicity and ease of implementation. This paper presents the climQMBC 640 

package, a coding package written in Python, MATLAB and R that makes available all these point-to-point bias correction 

methods for daily, monthly and annual data. As such, the package enables incorporating several bias correction methods as a 

standard component of climate change impact assessment, as well as the identification of the most adequate method for a 
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specific case. Being available in several programming languages avoids users having to change between languages and include 

the bias correction analysis in their existing workflow. 645 

It is worth noting that several climate change impacts assessments are based on the analysis of compound events, which require 

methods that capture the inter-dependence of several variables or different points in space. The methods available in version 

1.1.0 of the climQMBC package are strictly univariate. As such, results from the climQMBC package must be evaluated 

carefully when analyzing compound events. To date, existing multi-variable methods succeed oin capturing these inter-

dependences, but sometimes struggle on representing local climate and capturing raw GCM trends, leading to the user to 650 

consider a trade-off between the climate characteristics that are the most important for their analysis.. Unfortunately, few works 

have focused on comparing methods or reporting these limitations (Aedo-Quililongo and Chong, 2024) and work is needed 

both in terms of method development and tools that provide these complex methods for easy and fair comparisons. 

This work also presentsproposes a synthetic tester for bias correction and an example in which it is tested. Here, where bias is 

added in the first two statistical moments (i.e. mean and standard deviation) to evaluate the performance of the methods 655 

implemented in the climQMBC package. The example is based on a set of synthetic observed historical series, future objective 

series (assumed as “true series” as if we knew already the future) and biased historical and future series. The future es built as 

an independent series based on assumptions of the projected change in the mean and standard deviation. The bias is then added 

to each series considering a methodology that explicitly shifts both the mean and variability of the series while preserving the 

sequence of events. As such, the bias corrected series should be the same as the synthetic observed historical or future objective 660 

series. To address performance of the implemented method, performance metrics basedThe performance is measured using on 

statistical properties and on goodness-of-fit metrics like the NSE and KGE, and the capability of replicating other statistical 

properties were considered. It is important to note that in this example, the NSE and KGE are valid because point-by-point 

agreement between the bias corrected and expected series is desired. However, such metrics are not suitable for real case 

applications where the GCM sequence of events is not consistent with observations. This example is also implemented in the 665 

package so that users can make a brief theoretical comparison of the performance of each method for their specific case. 

Using a synthetic exampleBased on the synthetic example, we demonstrate that all the methods implemented in the climQMBC 

package can successfully correct remove these biasesthe modeled series in both the historical period and future scenarios; 

however, this performance cannot be guaranteed as a general rule. In general, among the methods, there is always one whose 

performance is more robust than the QM method, being UQM and DQM the more stable ones. Nonetheless, in some cases the 670 

QM method should not be discarded because it is simple, computationally faster than the trend preserving methods, and might 

perform well enough under certain conditions. The UQM and DQM (methods that target statistical moments) resulted in as 

the most stable methods capturing statistical moments, percentiles and recovering the original series in the synthetic example 

(example that targets statistical moments). Overall, we emphasize the need to assess the performance of the bias correction 

methods to avoid unwanted bias in the corrected series. However, there are cases where the best option among the available 675 

methods will not perform perfectly, and thus a tool like the climQMBC package will be useful to identify the most adequate 

method for each specific case. 
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Despite all trend-preserving methods outperform the QM method, Nonetheless, in some cases the QM method should not be 

discarded because it is simple, computationally faster than the trend preserving methods, and might perform well enough as 

the trend-preserving methods specific under under certain conditions. In terms of execution times, trend-preserving methods 680 

can take up to around 10, 30 and 40 times the mean execution time of the QM method for annual, monthly and daily 

frequencies, respectively. This may also be considered in the trade-off between methods as some times execution time can be 

restrictive. However, as machine learning approaches and applications are increasing over the years, these, based on synthetic 

results could develop methods with comparable results to the trend-preserving methods, but with lower execution cost. 

Appendix A: Window length considerations to capture historical conditions and model trends 685 

The climQMBC package considers that the length of the projected periods (backwards moving windows) is the same as the 

user defined length of the historical period for consistency on the characterization of each period (see Section 3.1.1). While 

the World Meteorological Organization (WMO) recommends 30 years to characterize Climate Normals (WMO, 2017), there 

are trade-offs between choosing larger periods to better capture statistical moments and shorter periods to better capture trends 

and avoid pseudo-stationarity bias. Appendices A1, A2 and A3 present three sensitivity analysis to make visible these trade-690 

offs based on synthetic realizations using a gamma probability density function (eq. 19 in Section 4.1) and linear trend future 

scenarios, following Chadwick et al. (2023).  

It is worth noting that the linear trend example is an extreme condition that allows exploring different issues arising from bias 

correction decisions. However, real life examples usually have combinations of oscillating or gradual patterns, where it is 

challenging to identify or address the issues. 695 

Based on the results presented in Appendices A1, A2 and A3, there is no perfect condition in terms of window length to avoid 

biases in characterizing statistical moments while capturing the modeled trends and avoiding pseudo stationary bias. However, 

the importance of these potential biases decreasesare only relevant for time series with high with the  coefficient of variations 

of the data and the magnitude of the and strong trends. It is worth noting that the distribution of the data, which depends on 

the analyzedclimate variable, is also an important factor that should be considered. In this context, aWe recommendation of 700 

using periods of lengths between 20 to 40 years aims for a balancinge between the WMO recommendation of 30 years and, 

properly characterizing the statistical moments, adequately captureing the modeled trend and reducinge the pseudo-stationarity 

bias.  

Appendix A1: Sample size (years) impacts on mean and standard deviation representativity 

This analysis aims to show the impact of the sample size on the mean and standard deviation sample estimation. The analysis 705 

considers four conditions with objective mean of 𝜇𝑜𝑏𝑗=1,000 and standard deviation 𝜎𝑜𝑏𝑗 of 250, 500, 750 and 1,000, resulting 

in coefficients of variation (CV) of 0.25, 0.50, 0.75 and 1.00, respectively. For each condition, the gamma function was used 
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to generate cases with widow lengths from 10 to 60 values or years, representing the window length in years. Each case was 

repeated 10,000 times (realizations). 

Figure A1 shows the comparison of the sample mean and standard deviation of each realization with the objective value (𝜇𝑜𝑏𝑗 710 

and 𝜎𝑜𝑏𝑗) in terms of the ratio. The ratio is between each realization and the objective mean and standard deviation (Fig. A1a 

and Fig. A1c) and the variability among realizations (Fig. A1b and Fig. A1d). 

 

Figure A1: Density distribution of the ratio between each realization and the objective mean (a) and standard deviation (c), for a 

CV value of 0.5 and different window lengths. Standard deviation of the ratio between each realization and the objective the mean 715 
(b) and standard deviation (d), for different CV values. Dashed lines in (b) and (d) represents the 30 year window recommended by 

WMO (2017) recommendation of windows length of 30 years. 

Results show that, for a CV value of 0.5 and a window length of 10 years, the realizations mean is centered around the objective 

value, but some realizations can be biased from have an error of the objective mean in almost a 40% (light colored lines in Fig. 

A1a). On the other hand, the realizations standard deviation is not centered around the objective, andbut some realizations are 720 

biased from the objectivepresent errors in standard deviation inof almost 75% (light colored lines in Fig. A1c). When increasing 

the window length, the this sample errors diminishes biases decreas both for the realizations mean and standard deviationfor 

both moments, and the realizations standard deviation also tends to be better centered around the objective standard deviation 

(dark colored lines in Fig. A1a and Fig. A1c). 

The reduction of the variability with increasing window length is represented in Fig. A1b and Fig. A1d in terms of the standard 725 

deviation of the realizations mean and standard deviation for each CV condition. While all CV conditions follow the decreasing 

pattern, high CV values have consistently a higher dispersion. As such, longer window lengths reduce the potential bias on 

characterizing the sample statistical moments; however, conditions with higher CV result in less representative values. 
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Note that for centered distributions like the normal distributions, the mean and standard deviation tend to be more centered 

around the objective values with shorter window lengths than for skewed distributions like the gamma distribution. However, 730 

the potential biaserrors or dispersion issue is not solved directly by a changechanging  in the distribution. 

Appendix A2: Backwards moving window length impacts on capturing the trend in the mean 

This analysis aims to show the potential biases in capturing model trends of the mean when considering backwards moving 

windows (e.g. for a 30 years moving window, the value for 2029 represents the mean of the period 2000-2029). Backwards 

moving windows are have been used in previous studies (Chadwick et al., 2018; Chadwick et al., 2023) as are more suitable 735 

to capture GCM trends and generate continuous time series over forward and centered moving windows, as the latter result in 

discontinuities between the historical and future periods, along to not being able to compute values for the last years of the 

projections. 

The analysis considers annual time series from 1955 to 2100 generated with the gamma function considering a mean of 

𝜇ℎ=1,000 and a CV of 0.1. Four scenarios were imposed toon the time series where the historical period (1955-2014) has no 740 

trend and the future period (2015-2100) has a linear trend with projected changes of -50, -25, +25 and +50% between the 

historical period and year 2100. For each of these four scenarios, 10,000 realizations were generated. Figure A2a shows the 

trends in the annual mean of the realizations for each scenario. 

Each of the generated realizations were averaged considering backward moving windows of lengths from 10 to 60 years. 

Figure A2b presents the meanaverage of the 10, 30 and 50 years moving mean realizations for the scenario with 50% increase 745 

for 2100, showing two potential biases that can arise from considering moving windows: trend lag and terminal error. Overall, 

the moving windows underestimate the magnitude of the change of the real linear trend; however, the difference between the 

real values and the moving mean increases in time until it remains constant. The trend lag is the lag between the real trend and 

the moving window trend, which is equal to half of the moving window length, while the terminal error is the maximum 

difference. Both the trend lag and the terminal error increase with larger window lengths, but the terminal error also increases 750 

with the magnitude of the trend, as shown in Fig. A2c. 
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Figure A2: a) Mean of the linear trend realizations, normalizeddivided by the historical mean; b) Comparison of real trend and the 

moving window with different window lengths; and c) Terminal error of for different window length for the four linear trend 

scenarios. Dashed lines in (c)represent the 30 year window recommended by WMO (2017) recommendation of windows length of 30 755 
years. 

Appendix A3: Moving windows and pseudo-stationarity bias 

Pseudo stationary bias arises when the model biases are assumed constant over an analyzed period where climate is changing 

(Chadwick et al., 2023). This condition can be observed on increasing temperatures scenarios where the values at the end of 

the period are considerably higher than at the beginning of the period, resulting on a probability distribution where the values 760 

at the end of the period are on one of the distribution tails, while the values at the end of the periodinitial values are in the other 

tail. Considering moving windows for each year analyzed allows detrending the probabilities, reducing the pseudo stationary 

biass. 

This analysis aims to show the trade-offs ofpresents how recurring using to moving windows to reduces the pseudo-stationarity 

bias. The analysis is based on the scenario with increase in 50% in 2100series  generated on Appendix A2 and considering the 765 

scenario with increase in 50% in 2100. Figure A3a shows the mean of the realizations and the future values of realization 1. 

Figure A3b (middle column of Fig. A3) shows the values in terms of percentiles of realization 1 and the percentiles linear 

trend, while Figure A3c (right column of Fig. A3) shows the linear trends of all realizations. Figure A3b1 and A3c1 (first row 

of Fig. A3) considers the period 2015 – 2100 as a unique period (i.e., no moving window is used here, this considers the 

traditional fix window approach)., while Figure A3b2 and A3c2 (second row of Fig. A3) considers a backwards moving 770 

window of 50 years for each year to define the corresponding percentile. Figure A3b3 and A3c3 (third row of Fig. A3) shows 

the same information as Fig. A3b2 and A3c2, but for moving windows of 10 years. Figure A4 shows the mean values and the 

slope of the percentile time series for different moving window values, along to the case where a unique period is considered. 

Results show that considering a unique period in a linear trend scenario result in percentiles where the extreme values are 

located at the beginning and at the end of the period, with a clear increasing trend (Fig. A3b1). On the other hand, when moving 775 

windows are considered, the slope of the trend in the probability domain decreases with the moving window length (Fig. A3b2, 
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Fig. A3b3 and Fig. A4b). On the other hand, when a unique period is considered, the mean is centered in a percentile of 0.5, 

while for moving windows the mean is above 0.5 with a decreasing trend with decreasing window lengths (Fig. A3c2, Fig. 

A3c3 and Fig. A4b). 

This analysis shows a trade-off in terms of the pseudo-stationary bias, where reducing the window length results in a reduction 780 

in this bias. On the other hand, and considering the complete period may capture correctly the mean, but have a tendency to 

overestimate percentiles at the end of the period and underestimate them at the beginning of the period. While these results are 

related to trends with monotonic increase, each analyzed area should explore this kind of conditions.g 
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Figure A3: a) Realization 1 and mean of the realizations for the scenario with linear increase of 50%, normalized by the historical 785 
mean. b) Realization 1 values in terms of percentiles and linear trend of the percentile probability values: b1) considering a unique 

period to build the distribution; b2) and b3 considering moving windows of 50 and 10 years for each year, respectively, to build the 

distribution. c) Same as b), but only the linear trend for all realizations. 
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Figure A4: a) Mean of the percentiles of the realizations for the scenario with linear increase of 50% when a unique period is 790 
considered (UP) and when moving windows (MW) of different lengths are considered. b) Slope of the percentiles linear trend. 

 

Appendix B: climQMBC package methods execution time comparison 

To compare the different execution times of the bias correction methods available in the climQMBC package, this appendix 

presents a synthetic example using a gamma probability density function (eq. 19 in Section 4.1). The example is based on 795 

10,000 realizations considering a fixed historical mean of 1,000, a historical period of 30 years and a future period of 60 years. 

Each realization considers a different standard deviation with values of 250, 500, 750 and 1,000, sampled randomly, a random 

bias in the mean and standard deviation (Δ𝜇𝑏𝑖𝑎𝑠 and Δ𝜎𝑏𝑖𝑎𝑠, respectively) ranging from -50 % to +50 %, and a random projected 

change in the mean and standard deviation (Δ𝜇 and Δ𝜎, respectively) ranging from -50 % to +50 %. The same bias was added 

in the historical and in the future periods, following the same procedure as in the synthetic example presented in Section 5 (eq. 800 
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20). The example was replicated for annual, monthly and daily values, following the same procedure, and considering 

multiplicative values and strictly non-negative series. 

This example aims for a general reference of the execution time rather than a detailed performance comparison. As such, the 

execution times are analyzed relative to the mean execution time of the QM method (Table B1) and considering only the 

package implementation in Python. 805 

Results show that the QM method is the fastest among the implemented in the climQMBC package. The second fastest method 

is the DQM, with execution times close to 2.1 times the QM method for annual and monthly frequency, and 6.8 times for daily 

frequency, explained by the additional calculation of the projected changes in the mean and its application to detrend and 

reimpose the trend to the corrected series. The slowest methods are the QDM, UQM and SDM, with execution times between 

7 and 10 times the QM method for annual frequency, 22 to 27 times for monthly frequency and 32 to 39 times for daily 810 

frequency. While the QDM, UQM and SDM are the slowest methods, the QDM tends to be slightly faster than the UQM 

method. While both methods consider a new transform function for each value to be corrected, the QDM computes only the 

projected change of the quantile of the value to be corrected, and the UQM computes the projected change of the mean, 

standard deviation and skewness (if applicable) of the associated moving windows, resulting in a longer execution time for the 

UQM method. On the other hand, the SDM method considers several detrending, projected changes, and interpolation steps 815 

that demand additional times. 

While the three temporal frequencies consider the random near-zero replacement and moving windows, the daily frequency 

also considers the daily moving windows (to capture seasonality) and the calculation of the threshold to match the modeled 

number of rain days in the historical period to the observed number of rain days. These differences explain the additional 

execution times difference of the daily frequency compared to the annual and monthly frequencies. 820 

Table B1: Execution times for the bias correction methods available in the climQMBC package, relative to the mean execution time 

of the QM method. 

 Annual Monthly Daily 

Method Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. 

QM 1.0 0.2 1.0 0.4 1.0 0.2 

DQM 2.2 0.5 2.0 0.4 6.8 4.6 

QDM 8.8 2.0 22.6 0.7 32.6 6.0 

UQM 9.8 2.1 24.8 0.7 33.4 6.1 

SDM 7.1 1.6 26.5 1.1 38.7 5.9 

Code availability 

The source code of the climQMBC package for Python, R and MATLAB are openly available at GitHub 

(https://github.com/saedoquililongo/climQMBC) and has been archived in Zenodo with the DOI 825 
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https://doi.org/10.5281/zenodo.18392899https://doi.org/10.5281/zenodo.18392900 (Aedo-Quililongo et al., 2026). 

Instructions to import the library can be found at 

https://github.com/saedoquililongo/climQMBC/blob/main/Python/README.md for Python, 

https://github.com/saedoquililongo/climQMBC/blob/main/R/README.md for R and 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/README.md for MATLAB. Examples for testing the 830 

package can be found at https://github.com/saedoquililongo/climQMBC/blob/main/Python/climQMBC_tester_Python.py for 

Python, https://github.com/saedoquililongo/climQMBC/blob/main/R/climQMBC_tester_R.R for R and 

https://github.com/saedoquililongo/climQMBC/blob/main/Matlab/climQMBC_tester_Matlab.m for MATLAB. Data for the 

tester codes can be found at https://github.com/saedoquililongo/climQMBC/tree/main/Sample_data. Both the observed and 

modeled series must be a column vector of daily, monthly or annual data, without considering leap days, starting inon the same 835 

date, and be continuous until the ending date. If daily frequency is specified, the length of the column vector should bybe a 

multiple of 365 and for monthly frequency, it should be a multiple of 12. 
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