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SC-PREC4SA: A serially complete 
daily precipitation dataset for 
South America
Adrian Huerta   1,2 ✉, Roberto Serrano-Notivoli   3 & Stefan Brönnimann1,2

This study introduces the serially complete precipitation dataset for South America (SC-PREC4SA), a 
daily precipitation dataset (1960-2015) designed to address observational gaps and ensure temporal 
consistency across diverse climates. The raw dataset underwent quality control, gap-filling, and 
homogenization procedures. Applied robust quality control highlighted common but also overlooked 
issues, enhancing data reliability. Gap-filling achieved a mean accuracy of 70 % (60 %) in the prediction 
on wet/dry days (wet-day magnitude). These metrics highlight the reliability of the gap-filling process, 
particularly in mixed climates, where station networks are sparse. The homogenization algorithm, 
focused primarily on wet days, effectively reduced inhomogeneities while preserving precipitation 
variability across South America. By integrating a unified framework and multiple outputs from 7794 
stations, SC-PREC4SA provides a robust dataset that captures daily precipitation patterns with high 
to moderate accuracy and consistency. It offers a valuable resource for climate research, hydrological 
modeling, and water resource management, addressing longstanding challenges in precipitation data 
availability and quality for South America.

Background & Summary
Precipitation is a fundamental climate parameter integral to the global water and energy cycles1,2, with appli-
cations across fields such as hydrology, agriculture, climate science, and water resource management. Access 
to long-term, high-quality precipitation data is essential for analysis and modeling in these areas. While some 
regions (e.g., Europe and North America) are covered by dense weather station networks, others (e.g., Africa and 
South America) have sparse and uneven coverage due to economic and geographical constraints. Gridded pre-
cipitation data, such as radar, satellite, reanalysis, and merged products3, are often preferred as they offer spatial 
continuity, particularly in data-sparse regions. However, these gridded datasets rely on precipitation station data 
for assimilation and bias correction to enhance their quality, as station data remains the most reliable source for 
precipitation measurement. Developing serially complete station datasets is therefore crucial, both to improve 
gridded datasets and to ensure long-term data quality and continuity4–7.

South America, a vast region with significant meridional reach and prominent orography, encompasses 
diverse climate and weather patterns, ranging from tropical to extra-tropical zones8,9. Its climate is shaped by the 
Andes Cordillera (the longest continental mountain with an average height  ≈ 4000 m) and the Amazon rain-
forest (the largest rainforest on earth), which play crucial roles in humidity supply and vapor transport across the 
continent10. This diversity is exemplified by the extreme contrast between Colombia’s equatorial regions-among 
the wettest globally11-and Chile’s Atacama Desert, the driest place on Earth12. Such complexity leads to strong 
spatial-temporal precipitation variability, with marked seasonal patterns in some areas and little to none in 
others13,14. South America is also highly susceptible to extreme events that profoundly impact socio-economic 
activities, energy demand, and public health. Intense rainfall can lead to flooding and landslides, especially in 
Andean regions, where lower-income communities in informal housing are particularly vulnerable15,16. Given 
these dynamics, it is essential to understand South America’s climate variability, yet South America’s precipi-
tation weather station data coverage is limited and inconsistent17–19. Differences in data density and manage-
ment practices across National Meteorological and Hydrological Services (NMHSs), combined with challenging 
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terrain, highlight the need for comprehensive continental datasets to better address cross-boundary climate and 
extreme weather events.

Developing serially complete datasets of daily precipitation for South America is a relatively under-researched 
area. Existing serial datasets are mostly limited to specific regions, such as the Central Andes20 (Bolivia and 
Peru) and Patagonia21 (Argentina and Chile), or have been developed as intermediate products for continental-22 
and country-scale gridded precipitation datasets, such as in Brazil23, Chile24, Ecuador25, and Peru25–27. Globally, 
while more serial datasets are available28–30, these are typically gridded products that often lack access to the 
underlying station time series data. Furthermore, few global datasets include serial station data alongside the 
gridded outputs7,31. While global initiatives exist, they frequently face limitations, including incomplete data 
collection and variable processing approaches. Built largely from international sources, global datasets may lack 
detailed local information, especially in countries with restricted data-sharing policies32,33. Additionally, most 
global and regional datasets apply only one or two of the essential steps, such as quality control, gap-filling, or 
homogeneity adjustments, rather than an integrated approach. Creating a unified framework that incorporates 
all these procedures is essential for fully supporting researchers and users with different needs. Thus, developing 
a high-quality, serially complete dataset with a comprehensive framework for South America is a critical chal-
lenge that remains to be addressed.

In this study, we present a serially complete dataset of daily precipitation for South America (SC-PREC4SA), 
spanning from 1960 to 2015. This dataset was developed through a consolidated framework that integrates four 
key processes: unification, quality control, gap-filling, and homogenization. This approach provides researchers 
and users with long-term, quality-controlled data, along with gap-filled and homogenized time series outputs 
(each process with its output). As the first dataset of its kind in the region, SC-PREC4SA offers an unprecedented 
opportunity to comprehensively study precipitation patterns in South America based on observational data.

Methods
Overview.  The methodology to produce SC-PREC4SA consists of four major procedures (Fig. 1): unifica-
tion, quality control, gap-filling, and homogeneity. First, we unified the obtained raw database because multiple 
stations may share the same data or location (raw_obs). We then used quality control processes to guarantee that 
the precipitation data was of the highest possible quality (qc_obs). This process employs both a regular process 
and an enhanced protocol. Next, the gap-filling process was carried out, which involved using auxiliary datasets 
in conjunction with statistical learning models to provide precipitation predictions (mod_pred and bc_pred) and 
associated errors (err) for each day and station location of qc_obs. In this step, we created two databases based 
on the type of prediction involved to fill the gaps (obs_mod and obs_bc). Following that, obs_mod and obs_bc 
are homogenized independently (detection and adjustment) to ensure temporal variability and reduce potential 
inhomogeneities of the previously applied process (hmg_obs_mod and hmg_obs_bc). At last, we generated mul-
tiple databases as outputs, each of which reflected the results of the key procedures. In the following sections, we 
present further information and specifics concerning these outputs, as well as the processes used.

Finally, due to the complex climate variability and topography in South America, instead of dividing the con-
tinent by countries (Fig. 2a), we used ecological regions (ecoregions) that depict a more accurate regionalization. 
The ecoregions were as follows (Fig. 2b): Northern Andes (NAS), Peruvian/Atacaman Deserts (PAD), Central 
Andes (CAS), Southern Andes (SAS), Amazonian-Orinocan Lowland (AOL), Eastern Highlands (EHL), Gran 
Chaco (GCH), Pampas (PPS) and Monte-Patagonian (MPN). We obtained this ecoregion classification from 
Griffith et al.34, although most of them belong to classification level I, we also decided to add one that belongs to 
classification level II (PAD). This was done to differentiate how extremely arid that region was12. In addition, we 
reclassified a small part of EHL within AOL to ensure better spatial discretization.

Data.  Precipitation raw data.  The raw precipitation database used in this study belongs to different sources 
that come from NMHSs of South America (Fig. 2a) and global databases such as Latin America as the Climate 
Assessment & Dataset (LACA&D)35 and Global Historical Climatology Network Daily (GHCNd)32. In particular, 
we collected stations from seven NMHSs (Argentina, Bolivia, Brazil, Chile, Colombia, Ecuador, and Peru). To fill 
the gap for other countries (Curacao, French Guiana, Guyana, Paraguay, Surinam, Trinidad and Tobago, Uruguay, 
and Venezuela), LACA&D and GHCNd were also used although some stations were also present for the other 
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Fig. 1  Schematic overview of the development of a serially complete dataset of daily precipitation for South 
America (SC-PREC4SA). Raw data, related processes, and main output files are specified.
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countries (Supplementary Table 1). Therefore, we compiled a large set of precipitation data representing 15161 
potential time series for the 1960 - 2015 period. Due to restrictions on South American NMHSs, the full raw data 
from some sources cannot be distributed with this publication. Readers who wish to obtain the primary data 
should contact each agency or institution previously mentioned. It is important to note that while a substantial por-
tion of the raw data is openly accessible, several data series remain restricted and can only be accessed upon request 
(see Data Records and Acknowledgments section). Researchers are referred to revise the data provided by each 
institution via their official webpage, and for further data requests, contact each agency or institution individually.

South America has a very sparse and uneven spatial distribution of stations. Most (fewer) stations are found 
in the western and eastern (central) parts of the continent. From an ecoregion perspective (Fig. 2b,c), the three 
highest (lowest) dense ecoregions were EHL, NAS, and CAS (MPN, GCH, and PAD). Regarding the temporal 
availability of observations (Supplementary Fig. 1), it is noticed that at the South American scale, the amount of 
data increased from the 1960s to the 1980s, followed by a decrease until 2015. This increase and decrease pattern 
was also seen at the ecoregion scale, particularly in NAS, AOL, EHL, GCH, PPS, and GCH. Only PAD, CAS, 
SAS, and MPN presented a continuous increase from the 1960s.

Auxiliary datasets.  In this study, we employed two auxiliary datasets: ERA5-Land precipitation and Digital 
Elevation Model (DEM)-derived topographic covariables. These were exclusively used for the gap-filling proce-
dure and are detailed below.

The ERA5-Land36 is an upgraded version of ERA5 designed specifically for land surface applications. It has 
a finer spatial resolution of 9 km compared to 31 km and 80 km for ERA5 and ERA-Interim, respectively. 
A triangular mesh-based linear approach is used to interpolate precipitation for ERA5-Land from ERA5. We 
downloaded the daily aggregated ERA5-Land precipitation (1960 - 2015) from https://developers.google.com/
earth-engine/datasets/catalog/ECMWF_ERA5_LAND_DAILY_AGGR (accessed 25 October 2024).

The DEM-derived topographic covariables were provided by Amatulli et al.37. They established a suite of top-
ographic covariables based on 7.5 arc-second Global Multi-resolution Terrain Elevation (GMTED201038) data at 
different spatial resolutions on a global scale. Here, we used the 1 km spatial derived variables such as elevation, 
slope, aspect cosine, aspect sine, aspect eastness, aspect northness, roughness, topographic position index, ter-
rain ruggedness index, vector ruggedness index, first-order partial derivative (E-W slope), second-order partial 
derivative (E-W slope), first-order partial derivative (N-S slope), second-order partial derivative (N-S slope), 
profile curvature and tangential curvature. DEM-derived topographic covariables were downloaded from 
https://www.earthenv.org/topography (accessed 25 October 2024). Furthermore, we determined other varia-
bles such as latitude, longitude, and distance to the ocean at the same spatial resolution. As a result, we used 19 
topographic covariables.

Methodology.  Unification.  The collected database is the result of merging many sources. As a consequence, 
duplicated or overlapped stations (similar locations or data) might be identified. Small location discrepancies 
among such stations may be due to differences in precision in reporting the latitude and longitude coordinates or 
may reflect different nearby measurement sites39. Therefore, some criteria must be applied to eliminate duplicated 
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Fig. 2  (a) Study area of contiguous South America displaying the elevation and countries as black lines.  
(b) Ecoregions of contiguous South America: Northern Andes (NAS), Peruvian/Atacaman Deserts (PAD), 
Central Andes (CAS), Southern Andes (SAS), Amazonian-Orinocan Lowland (AOL), Eastern Highlands 
(EHL), Gran Chaco (GCH), Pampas (PPS), and Monte-Patagonian (MPN). (c) The number of raw collected 
stations in a grid size of 0.9∘ from 1960 to 2015; black lines represent the ecoregions.
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stations in both the subsequent procedures and the final dataset. In this work, we used a similar unification 
approach from previously constructed datasets7, but with a few variations. 

•	 Criteria 1: If the distance between two stations (or more) is less than 10 m, we calculated the correlation and 
mean absolute error with the five nearby stations. The selected station is the one with the highest correlation 
and lower mean absolute error.

•	 Criteria 2: If the distance between two stations (or more) is larger than 10 m but smaller than 25 km, we cal-
culated the correlation, mean absolute error, and the percentage of similar data (excluding values below 0.5 
mm). If the correlation exceeds 0.999, the mean absolute error is less than 0.1, and the percentage of identical 
data exceeds 50%; the station with a longer period is kept. At least two of the conditions should be fulfilled in 
order to remove a station.

•	 Criteria 3: The station elevation values are replaced by the nearest grid cell of a 250 m resolution DEM. This 
process was made due to concerns regarding the accuracy of the raw elevation data. To ensure the station 
location, we examined the surrounding area. If a station has more than 50% negative DEM values within a 
500 m, it is removed. This is done to ensure that the stations are located above sea level (continental area).

The data generated at this stage represents the raw_obs (Fig. 1).

Quality Control.  After the station unification, stations are quality-controlled (QC) using two strategies: stand-
ard and enhanced QC. The first approach detects (mostly) single suspicious values, while the second addresses 
recurring data quality issues that may remain undetected by standard QC processes18,20.

Standard.  Previous precipitation QC research provided the basis for the automatic standard QC checks6,30,40. 
Although these QC checks were used globally (or in large regions) with no climate-specific criteria, we decided to 
establish one based on the percentage of wet days (>0.1 mm). This means that some QC steps were applied differ-
ently depending on the type of climate (arid or wet; Supplementary Fig. 2). The standard QC steps are as follows: 

•	 Repetition nonzero check (SQC-01): Daily records were flagged if constant values exceeding 10 mm/d persist 
for more than four days. If constant values were discovered within a month, all values were flagged.

•	 Repetition zero check (SQC-02): To detect suspicious zero values in the time series, we evaluated the annual 
frequency of zero precipitation days and compared it against the climatological frequency. A given year was 
flagged as suspicious if its zero-frequency exceeded the normal frequency by more than six times the inter-
quartile range, or fell below it by the same threshold. This check was only applied if two conditions were met: 
(i) at least 85% of the data for that year were available, and (ii) the overall percentage of wet days was greater 
than 5%.

•	 Subsequent month duplicated records check (SQC-03): Duplicated daily records in the subsequent months 
(up to eleven) were identified by calculating a correlation and the number of equal values (excluding values 
below 0.5 mm). The criteria for the temporal correlation coefficient and the number of days with equal val-
ues are set at 0.3 and 10, respectively. If the conditions are met, both the 10 days (target) and duplicates are 
flagged.

•	 Subsequent year-month duplicated records check (SQC-04): Duplicated daily records in the same month 
for the subsequent years (up to eleven) were identified by calculating a correlation and the number of equal 
values (excluding values below 0.5 mm). The criteria for the temporal correlation coefficient and the number 
of days with equal values are set at 0.3 and 10, respectively. If the conditions are met, both the 10 days (target) 
and duplicates are flagged.

•	 Z-score-based outlier check (SQC-05): Daily records were flagged if their difference from the daily-normal 
mean was larger than nine sample standard deviations in stations with a percentage of wet days above 5%. The 
daily-normal mean is calculated from data within a 15-day window centered on all available years (at least 
10 years). For stations with a percentage of wet days below 5%, the difference was set three times higher. This 
step was repeated three times.

•	 Spatiotemporally isolated value check (SQC-06): A daily record was flagged if it was extreme both in space 
and time. To meet these conditions, the percentile difference i) with the five nearby stations within a radius 
of 400 km (space) and ii) with the previous and next day (time) must be greater than the 99.99th percentile.

•	 Unique or full dry records check (SQC-07): Stations with fewer than 15 unique values or more than 99.5% 
dry records (<0.5 mm/d) are flagged. This step was only conducted in stations with a percentage of wet days 
above 5%.

After setting any standard QC-flagged observation as missing, we defined two criteria to select the best sta-
tions in terms of the amount of available data: time series i) with at least 10 years of data for each day of the year, 
and ii) with at least 5 years of continuous data (a year is full if it has 70% of data). The selected stations were used 
for the enhanced QC.

Enhanced.  The enhanced QC process was developed in Hunziker et al.18,20. They created a comprehensive set 
of tests that inspect often overlooked issues (truncations, small gaps, asymmetric rounding patterns, and meas-
urement precision inconsistencies, among others) through data visualization techniques that let users manually 
correct errors or remove specific periods of the dataset. Nevertheless, by increasing the number of weather sta-
tions and the size of the study area, the data visualization approach is impractical. In this regard, we automatized 
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the tests by proposing a classification level to describe how good a station was. Therefore, instead of flagging time 
series periods, we flagged the stations based on the enhanced QC test levels. The enhanced QC tests are as follows: 

•	 Truncation (EQC-01) refers to cases where extreme precipitation events are systematically missing or reduced 
above a certain threshold, often due to sensor or recording issues. Since no standard algorithm exists to detect 
truncation, we define it here as the condition where the maximum precipitation values in a series remain 
constant over a prolonged period (in years). To detect this, we computed a moving maximum value across the 
daily precipitation series. If this maximum remains unchanged over a predefined number of years, it is flagged 
as a potential truncation error. Thus, based on the length of years: 

•	 Level 0: no truncation (a constant maximum value lasts less than 3 years).
•	 Level 1: a constant maximum value lasts longer than 3 years but less than 5 years.
•	 Level 2: a constant maximum value lasts more than 5 years.

•	 Small gaps (EQC-02) can be seen as unreported precipitation events that result in a gap or a frequency reduc-
tion in values below a specific threshold. To define the small gaps, we calculated the total count of values in 
five precipitation ranges from 0-1, 1-2, 2-3, 3-4, and 4-5 mm (not including the values in the limits) for each 
year. Therefore, considering the percentage of years with zero counts: 

•	 Level 0: no small gaps (0%; years show at least one value in any range).
•	 Level 1: small gaps persist in at least 20% of consecutive years.
•	 Level 2: small gaps extend for more than 20% of consecutive years.

•	 Weekly cycles (EQC-03) are characterized by the occurrence of wet days that significantly differ between the 
days of the week. To compute the weekly cycles, first, for each day of the week, the probability of precipitation is 
calculated by dividing the total number of wet days by the total counts of values. Later, the number of wet days is 
tested by a two-sided binomial test (95% confidence level). Based on how many days were significant, we define: 

•	 Level 0: no atypical weekly cycle (similar probability between the days of the week).
•	 Level 1: at least two days present an atypical probability (significant test).
•	 Level 2: more than two days present an atypical probability (significant test) or one day presents an 

extremely different probability (more than 10%).

•	 Precision and rounding (EQC-04) patterns depict inconsistencies in the frequency of decimal values in the 
time series. As there is no absolute correct frequency of decimals, we decided to measure how similar the 
decimal patterns are in the time series. A decimal pattern is interpreted as the list of unique decimal values 
observed, sorted in descending order. In this way, the decimal pattern for each year is computed first, followed 
by the selection of the most dominant pattern (mode). Based on how much (in percentage) this dominating 
pattern represents the time series, we define: 

•	 Level 0: coherent precision and rounding pattern (similar decimal pattern in more than 70% of the time 
series).

•	 Level 1: a similar decimal pattern in less than 70% but more than 50% of the time series.
•	 Level 2: different decimal patterns (no dominant pattern).

Preliminary experiments showed that the automatic enhanced QC could characterize the described issues 
in both high- and low-quality time series (Supplementary Figures 3 and 4). However, some additions should 
be made before the application in South America as a whole. This is due to the variety of climates (from wet to 
extremely arid) and inherent issues with the precision (number of digits in a number)41 and scale (number of 
digits to the right of the decimal point in a number) of daily precipitation values (Supplementary Fig. 2). For that 
purpose, we set to level 0 the application of EQC-01, EQC-02, and EQC-04 (EQC-03) in stations with a percent-
age of wet days below 15% (5%). Additionally, EQC-02 can be impacted by the length of the decimal patterns 
(EQC-04), so it is more probable to find small gaps in time series with fewer decimals or with full integers; an 
issue that is usual in South America. Therefore, we also set level 0 for the application of EQC-02 if the dominant 
decimal pattern of fewer decimals (less than 5 decimals) is more than 25% in the time series.

Each enhanced QC test indicates that level 0 represents the stations with the fewest quality issues. Ideally, we 
would select only those stations at level 0 after applying the enhanced QC process. However, allowing some qual-
ity issues in subsequent analyses to retain a greater number of stations is a reasonable trade-off. This approach 
can broaden spatial coverage, which is particularly beneficial in South America, where station density is limited, 
while still maintaining acceptable data quality. Based on this, we only flagged any station at level 2 in EQC-01, 
EQC-02, or EQC-03. Therefore, the selected stations in the enhanced QC that intersect the ones in standard QC 
represent the dataset (qc_obs) used for the following process (Fig. 1). Finally, it should be mentioned that we did 
not discard the other stations as they remain valid, particularly for the gap-filling process.

Gap-filling.  The key process for gap-filling is based on the concept of reference values (RVs) developed by 
Serrano-Notivoli et al.42,43. RVs are estimated independently for each day and location using the available data 
from nearby stations and topographic covariables (latitude, longitude, and elevation). This means that RVs are 
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local models in space and time. Thus, this framework enables the building of highly flexible models that can 
represent local precipitation conditions.

RVs employ a hybrid modeling approach to predict daily precipitation. The logic is to first use a classification 
model to predict whether a day is wet or dry, and then apply a regression model only to the wet days to estimate 
the amount of precipitation. As a result, for each location and day, the RV is based on two predicted values: (i) 
a binomial prediction (BP) of the probability of occurrence of a wet day and (ii) a magnitude prediction of pre-
cipitation (MP), in the case where a wet day is predicted. The combination of these two values (RV = MP if BP 
> 0.5, else RV = 0) produces the estimated RV and its associated uncertainty (standard error) for each day and 
location. Generalized linear models (glm) are used as the modeling foundation in RVs.

Previous research demonstrated the usefulness of RVs in dense-stations and moderately-challenging-terrain 
regions44–46. However, some additions and changes must be made before implementing the framework in South 
America: 

•	 Use of machine learning approaches as the modeling foundation in RVs. Besides glm, we tested support vec-
tor machines (svm), random forests (rf), extreme gradient boosting (xgboost), and neural network (nn) mod-
els. Preliminary experiments (Supplementary Fig. 5) in small areas evidenced that machine learning models 
were better than glm. In addition, it was found that glm, rf, and xgboost were more applicable over larger 
areas (arid to wet) without many fine-tuning adjustments. On the other hand, nn and svm required adjust-
ments to parameters for different areas, making them less generalizable. Although rf and xgboost yielded 
similar mean efficiency, we opted for xgboost due to the greater number of stations with higher efficiency. 
Hence, we used xgboost as the modeling foundation for the gap-filling process. It must be pointed out that 
we used the default xgboost model47,48 (nthread = 1, nrounds = 5) as the hyperparameter tuning only offered 
slight improvements.

•	 Use virtual stations to enhance the density of the original station network49,50. Virtual stations come from the 
ERA5-Land and were particularly useful for the early period of the dataset. These time series were not directly 
used, but a bias-correction version (quantile mapping) with the closest station to the grid point. Similarly, the 
topographic covariables were also obtained. So, we obtained a virtual station for each station, and they were 
fed into the gap-filling process as real stations.

•	 Use of more than three topographic covariables in the classification and regression modeling. Besides latitude, 
longitude, and elevation, we also employed 16 variables listed in section 3.1. To reduce both autocorrelation 
and dimensionality, we remove the autocorrelated (>0.8) variables first and then retain the first principal 
components. Based on Horn’s parallel analysis51, we noted that four components explained more than 65% of 
the variance (Supplementary Fig. 6). In this fashion, we used latitude, longitude, elevation, and the first four 
principal components as independent variables in the gap-filling process.

•	 Use of an iterative framework of RVs. This was done to take advantage of those stations that did not have 
a common period at the beginning of the gap-filling process49,50,52, particularly in the early period. For the 
gap-filling procedure, we employed up to three cycles in which we searched for nearby stations within i) 175 
km, ii) 275 km, and iii) 650 km. It should be noted that, despite the enormous distance ratio, we limited the 
number of stations to a minimum of 8 and a maximum of 16 stations for a target station.

From 1960 to 2015, we produced RVs for each station and day under the abovementioned settings. The RVs 
framework generated two primary outputs: the predicted RV (mod_pred) and standard error (err). However, 
we also obtained a bias-correction version of the predicted RV named bc_pred. This bias correction (quantile 
mapping) was conducted in the final stage (of the iterative framework), using the original time series to enhance 
the model estimation. Therefore, the gap-filling step produces two serially complete daily precipitation series for 
each station: obs_mod, based on the raw model predictions, and obs_bc, based on the bias-corrected (Fig. 1). 
These two versions serve as the input for the subsequent homogenization step, which aims to correct potential 
non-climatic inhomogeneities and generate the final datasets (hmg_obs_mod and hmg_obs_bc).

Evaluation metrics.  After calculating mod_pred and bc_pred, we compared them to days with avail-
able observations in qc_obs to assess the gap-filling framework’s efficiency. This evaluation is leave-one-out 
cross-validation because the RVs were predicted without using the station’s observations. For this purpose, we 
employed a variety of metrics that evaluate both the continuous and categorical nature of precipitation. The 
continuous metrics were: the refined index of agreement (dr), mean absolute error (mae), root mean squared 
error (rmse), normalized mae (nmae), and normalized rmse (nrmse). The categorical metrics were: accuracy, 
precision, recall, F-measure (f1), balanced accuracy (bcc), and G-mean (g_mean). Despite the amount of met-
rics, it should be stated that we focus the evaluation on two key metrics: dr and bcc (see Technical Validation 
section). These are defined as: 

•	 Refined index of agreement53:
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�where n is the number of observations, pi is the predicted precipitation on day i, yi� is the observed precipita-
tion on day i, and y  is the mean of yi�.
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•	 Balanced accuracy54:

bcc TP
TP FN

TN
TN FP

1
2

=


 +

+
+





 where TP denotes the number of days correctly classified as wet (≥ 0.1 mm), TN as days correctly classified as 
dry ( < 0.1 mm), FP as days incorrectly classified as wet, and FN as days incorrectly classified as dry.

Homogeneity.  Non-climatic factors (changes in station location, instrumentation, and observation techniques) 
can impact measurements. Time series must be homogenized to reduce inhomogeneities and provide more reli-
able observations55. The literature provides a range of homogenization algorithms, particularly for high-density 
networks with strongly correlated data55,56. As a result, homogenization performance worsens significantly when 
applied in sparse networks, with erroneous corrections likely due to the low signal-to-noise ratio57. In this view, 
the homogenization approach must be tailored to the characteristics of the study area and climate variable.

In this study, we used a similar homogenization strategy based on previously applied approaches on global 
and continental scales58,59. Therefore, we used an automatic algorithm for both detection and adjustment with-
out the use of metadata information. In addition, relative and absolute approaches are combined for situations 
in which relative homogenization can not be performed. The absolute test, which has a lower power of detection 
than the relative tests55, is thus intended as a backup test for when a relative test is hardly possible59.

Detection.  To ensure high confidence in breakpoint detection, we used a combination of different statistical tests 
and intercomparison of their results. Five univariate breakpoint tests were applied60: Student’s, Mann-Whitney, 
Buishand-R, Pettit, and Standard Normal Homogeneity Test. We opted for univariate rather than multivariate 
tests because they are more straightforward to apply and are less likely to include spurious break detections61. 
Depending on the availability of nearby stations for a target time series: 

•	 Relative: The algorithm searches for up to eight well-correlated (correlation  > 0.6) nearby stations within 
a 1000 km radius. Later, the five tests are applied to difference series (target minus nearby) created with 
three different temporal aggregations (annual, April-to-September, and October-to-March) and two indices 
(PRCPTOT: total precipitation; R1mm: number of wet days). Overall, we applied up to 54 different com-
binations of the approach. Finally, the breakpoint is assigned using the pairwise comparison approach62: a 
breakpoint is set to a certain year if it is found in at least the 7% of the number of difference time series that 
are significant (p-value < 0.05), using a tolerance of  ± 1 years.

•	 Absolute: The absolute approach is used if the algorithm detects fewer than four nearby stations or none at 
all. As a result, the five tests are only used in the actual PRCPTOT and R1mm series at the three temporal 
aggregations. Here, it is used up to nine distinct combinations. Finally, the breakpoint is assigned similarly to 
the relative approach.

Adjustment.  We adapted the quantile-matching technique outlined in Squintu et al.58 to correct the inhomo-
geneous time series. This method applies adjustments of varying magnitudes based on the value being corrected. 
Particularly, this approach offers a more robust correction for extreme records, as it tailors adjustments to reflect 
the intensity of the observed values rather than applying a uniform correction across all dates63. It should be 
mentioned that this algorithm was created for temperature data, therefore, we made some changes to be used for 
precipitation. Dry values (<0.1 mm) are not corrected, and wet values were transformed twice (square root and 
log) before the algorithm execution to force a normal distribution. Following the correction, values were reversed 
to provide the actual precipitation values. Based on this consideration, the correction was applied in two ways: 

•	 Relative: The adjustment factor was computed using the target and nearby time series of the detection stage. 
It is assumed that the data after the break is correct; thus, the correction is backward. The correction is per-
formed if there is a detected break year, otherwise, the original data is kept.

•	 Absolute: The adjustment factor was computed using the target time series. This can be seen as an application 
of quantile mapping, as there are no nearby stations. Data before the break year is corrected based on the 
quantiles of the sample after the break year. Similarly, the correction is only if there is a detected break year.

The homogeneity framework was applied after gap-filling to: (i) detect inhomogeneities caused by the 
gap-filling approach, and (ii) because the method was more reliable when there were no gaps in the time 
series5,49,50,64. We apply the homogenization to each ecoregion only once. In addition, adjusted values were set 
to not exceed one unit difference of the root cubic difference with the raw data. This was done to decrease the 
influence of the adjustment in the extreme tails65,66. It still keeps the extreme adjustment while preventing the 
creation of extremely excessive values, especially in extremely arid and wet areas. Finally, two new databases 
have been created: hmg_obs_mod and hmg_obs_bc (Fig. 1), which are homogenized versions of the gap-filled 
databases obs_mod and obs_bc, respectively.
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Data Records
The set of data generated in SC-PREC4SA consists of three key components. For rapid access, the data are divided 
into different repositories and are stored in a figshare collection67 (https://doi.org/10.6084/m9.figshare.c.7588178.v4). 

•	 SC-PREC4SA metadata: A file (.csv) that provides information about each station. The file contains the fol-
lowing information (headers): station code (ID), name (NAME), longitude in decimal degrees (LON), latitude 
in decimal degrees (LAT), elevation from sources (ALTs), elevation from DEM in meters sea above level 
(ALT), country (COUNTRY), source (SOURCE), ecoregion (ECOREGIONS).

•	 SC-PREC4SA data: Files (.csv) for each station that include the nine daily precipitation (mm/day) outputs 
(Fig. 1) from 1960 to 2015. Each file contains the following information (headers): time step (time_step), 
raw time series (raw_obs), quality-controlled time series (qc_obs), gap-filling model prediction (mod_pred), 
gap-filling model prediction with a bias correction (bc_pred), error of gap-filling model prediction (err), qual-
ity-controlled time series plus mod_pred (obs_mod), quality-controlled time series plus bc_pred (obs_bc), 
homogenized time series of obs_mod (hmg_obs_mod); and, homogenized time series of obs_bc (hmg_obs_
bc). Due to the number of stations, files are subdivided by ecoregions into compressed folders (.zip).

•	 SC-PREC4SA gap-filling metrics: A file (.csv) provides information about each station’s gap-filling evaluation 
metrics. The file contains the following information (headers): station code (ID), station ecoregion (ECORE-
GIONS), type of gap-filling model (mod_pred or bc_pred; MOD), pairwise number of dates used to calcu-
late the metrics (n_data), refined index of agreement (dr), mean absolute error (mae), root mean squared 
error (rmse), normalized mean absolute error (nmae), normalized root mean squared error (nrmse), accuracy 
(accuracy), precision (precision), recall (recall), F-measure (f1), balanced accuracy (bcc), G-mean (g_mean). In 
addition, the percentage of wet days was added (wet_day).

It should be pointed out that we can not share raw data from Bolivia due to data-sharing restrictions. 
Therefore, we set as missing data (NA) the raw_obs and qc_obs columns in each file that belongs to these coun-
tries in the SC-PREC4SA data repository.

Finally, we uploaded the data generated with the other RV foundation models tested in the gap-filling proce-
dure (glm and rf). Those will also be available in the main repository. The purpose of providing these different 
versions is for further research (see Usage Notes section).

Technical Validation
We report the suitability of SC-PREC4SA by exploring three key procedures: quality control, gap-filling, and 
homogenization. First, we summarise the results of the applied quality control. Second, we use statistical indica-
tors to evaluate the gap-filling model’s efficiency. Lastly, we assess the impact of homogenization by measuring 
the magnitude of breaks/adjustments as well as the temporal variability of PRCPTOT and R1mm.

Quality control.  Following the unification process, we obtained a total of 14624 stations that underwent both 
standard and enhanced quality control (QC) procedures.

The results of the standard QC process, summarized in Table 1 by ecoregion, are expressed in terms of the 
number of flagged daily records and their corresponding percentages. Overall, flagged data accounted for less 
than 0.15% of the total dataset in South America, indicating a minimal portion of flagged values. Most issues 
stemmed from suspected zero values, duplicate records, and outliers, as identified in steps SQC-02, SQC-03, 
SQC-04, and SQC-05. At the ecoregion level, MPN exhibited the highest percentage of flagged data, despite 
having fewer stations (Supplementary Table 2). However, as expected, ecoregions with a higher station density 
showed greater flagged daily data.

From a temporal perspective (Fig. 3), the proportion of flagged data per year was consistent with the overall 
average, with minor fluctuations across QC steps. However, pre-1965 data showed elevated percentages, peaking 
at 0.3-0.4% in 1960 and 1963. This can be attributed to the frequent use of repeated zero values (SQC-02), indi-
cating that early South American precipitation data may include a substantial number of false zeros.

To address systematic data quality issues undetected by standard QC, we implemented enhanced QC 
procedures. Table 2 presents results from Level 2 of EQC-01 to EQC-04, considered the “worst-case” scenario in 
terms of quality issues. On average, about 30 % of stations exhibited previously undetected issues, primarily due 
to small gaps (EQC-02) and precision/rounding patterns (EQC-04). These issues affected more than 15 % of the 
time series across South America (Supplementary Fig. 7).

At the ecoregion level, every region except PAD exhibited at least  ≈ 20 % of stations with undetected issues. 
Regions such as SAS and GCH (and to a lesser extent CAS, EHL, and PPS) had over 40 % (30 %) of stations 
affected. The PAD region showed no issues due to its specific wet-day percentage conditions. Overall, the 
enhanced QC results underscore the presence of significant quality issues in South American precipitation data, 
potentially impacting processes like gap-filling, homogenization, and previous analyses.

The automatic enhanced QC findings for CAS align closely with previous research. For example, Hunziker 
et al.20 reported that approximately 40 % of observations were unsuitable for calculating monthly temperature 
means and precipitation sums due to quality issues. Our study identified similar problems in 34.79 % of precip-
itation time series. The discrepancy may be due to differences in methods; Hunziker et al.20 manually applied 
additional tests beyond the four primary tests developed here. These additional tests, which often require visual 
inspection, were excluded due to challenges in automating such analyses.

The thresholds for the enhanced QC (and standard QC) were designed to account for South America’s 
diverse climates. For example, in extremely arid areas, the lack of wet days poses challenges for reliably identi-
fying patterns in the time series. While Hunziker et al.20 did not encounter such issues in CAS (where wet-day 
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percentages range from 10-70%), these challenges are more pronounced in other parts of South America 
(Supplementary Fig. 7).

To balance data quality and spatial coverage, we flagged only time series classified as Level 2 in EQC-01, 
EQC-02, or EQC-03. This approach prioritized retaining a larger number of stations while ensuring adequate 
spatial representation across South America (Supplementary Fig. 7). As a result, 7794 stations (qc_obs) were 
retained, providing comprehensive coverage in the region. While this represents a reduction in the number of 
stations, the improvement in data quality significantly outweighs the drawback of fewer observations. Notably, 
this number of stations is still greater than those in existing global datasets7,28,29.

Gap-filling.  The results of the gap-filling framework were evaluated using statistical metrics computed for 
each output: mod_pred (model prediction) and bc_pred (bias-corrected prediction). The evaluation focused on 
the metrics dr (continuous) and bcc (categorical), as these metrics provide a standardized and intuitive measure 
of model performance (in both  > 0.5 means good results). The dr metric was chosen for its broad applicability 
and resistance to counterbalanced errors, as noted in a previous study68. The bcc metric was selected to ensure fair 
representation of imbalanced and balanced classification classes54, particularly critical for South America, where 
extremely arid and wet regions coexist with semi-arid, semi-wet, and mixed climates. By using dr and bcc, the 
framework effectively addresses both continuous and categorical aspects of precipitation modeling.

The summarized results for dr and bcc by ecoregion (Table 3) revealed that the gap-filling framework per-
formed relatively well across South America, with both metrics exceeding 0.5 on average. This indicates the 
model’s capability to capture general precipitation patterns and reliably classify wet and dry days, despite the 
climatic diversity. Among the ecoregions, the SAS region exhibited the highest performance, with dr and bcc 
values consistently above 0.75, while NAS, AOL, and PAD demonstrated the lowest performance, with metric 
values approaching 0.5 for dr and 0.7 for bcc.

On average, the bias-corrected predictions (bc_pred) improved regression performance, as indicated by 
higher dr values compared to mod_pred. However, this improvement was not uniform, with the MPN ecore-
gion showing no evident enhancement. The classification results remained consistent between mod_pred and 
bc_pred, as the bias correction only altered wet day estimates. Despite improving overall agreement, the bias 
correction introduced larger errors, as reflected in higher mae and rmse values (Supplementary Table 3). This 
suggests that while the bias correction reduces systematic bias, it may overcorrect certain high-precipitation 
days, leading to larger variability in errors. The observed disparity between mod_pred and bc_pred underscores 
the rationale for providing two gap-filling outputs, allowing users to balance overall accuracy (dr) against preci-
sion in individual predictions (mae and rmse).

Visual analysis of dr and bcc at the station level (Fig. 4a) further validated these findings. The framework 
performed better in semi-arid, semi-wet, and mixed environments compared to extremely arid or wet regions 
(Fig. 4b). This trend was more pronounced in the classification (bcc) than in regression (dr), particularly in sta-
tions with wet day percentages ranging from 10-50% in bcc or 5-30% in dr. Notably, the bias correction aligned 
with these patterns, as dr values improved within the 5-30% wet-day range. However, some stations in extreme 
climates (arid) fell below acceptable regression performance thresholds (dr  < 0.5).

When compared to previous gap-filling studies on a South American scale, similar patterns were observed. 
Albeit not from a climate diversity perspective (arid to wet), Tang et al.7 reported better performance in regions 

Standard Quality 
Contro

Ecoregions South 
AmericaNAS PAD CAS SAS AOL EHL GCH PPS MPN

SQC-01
154 0 62 22 57 90 0 9 0 394

0 0 0 0 0 0 0 0 0 0

SQC-02
9134 730 1461 1460 4382 18266 0 365 366 36164

0.02 0.03 0.01 0.03 0.05 0.04 0 0.02 0.05 0.03

SQC-03
15538 0 1102 852 2450 3066 62 0 60 23130

0.04 0 0.01 0.02 0.03 0.01 0.01 0 0.01 0.02

SQC-04
22220 56 2658 1038 3890 6529 118 62 60 36631

0.06 0 0.02 0.02 0.05 0.01 0.02 0 0.01 0.03

SQC-05
7915 681 6717 3319 1143 19196 323 205 725 40224

0.02 0.03 0.06 0.07 0.01 0.04 0.05 0.01 0.1 0.04

SQC-06
448 24 136 33 125 700 10 26 15 1517

0 0 0 0 0 0 0 0 0 0

SQC-07
1819 196 1445 235 440 849 64 74 520 5642

0 0.01 0.01 0 0.01 0 0.01 0 0.07 0

SQC
57228 1687 13581 6959 12487 48696 577 741 1746 143702

0.16 0.07 0.13 0.14 0.15 0.1 0.08 0.03 0.24 0.13

Table 1.  Summary of standard quality control (SQC) process. The number of flagged data and percentage 
(compared to the total daily data) are displayed for each quality control step by ecoregion.The last column (row) 
shows the same, but encompassing the entire South America area (SQC steps). The bottom right corner displays 
the unified results.
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with dense station networks and lower performance in sparse networks. This study also identified higher metric 
values in dense areas such as SAS and southern EHL. However, significant differences emerged regarding the 
Andes Cordillera (CAS), where Tang et al.7 reported lower performance. This discrepancy may arise from differ-
ences in the frameworks: Tang et al.7 relied heavily on the temporal correlation of ERA5 for gap-filling, whereas 
this study employed flexible local models that relax the need for spatiotemporal correlation, addressing known 
issues with ERA5 precipitation in complex terrains like the Andes69.

Overall, the gap-filling framework demonstrated strong performance across diverse climates and terrains in 
South America, effectively addressing challenges related to station sparsity and climatic variability. Nevertheless, 
limitations remain, particularly in capturing extreme precipitation events, highlighting the need for further 
refinement and improvement.

Homogeneity.  Following the gap-filling process, two datasets were constructed: obs_mod and obs_bc, rep-
resenting observations filled with model predictions and bias-corrected predictions, respectively. These datasets 
underwent a homogenization procedure, resulting in two additional datasets: hmg_obs_mod and hmg_obs_bc.
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Fig. 3  Flagged daily data (%) by each standard quality control step from 1960 to 2015 in South America.

Enhanced Quality 
Control

Ecoregions South 
AmericaNAS PAD CAS SAS AOL EHL GCH PPS MPN

EQC-01
58 0 91 20 10 39 8 2 8 236

2.02 0 11.68 5.13 1.27 0.83 13.56 0.89 12.9 2.34

EQC-02
249 0 144 40 170 1340 17 63 3 2026

8.66 0 18.49 10.26 21.66 28.42 28.81 28 4.84 20.09

EQC-03
46 0 6 7 20 26 1 3 2 111

1.6 0 0.77 1.79 2.55 0.55 1.69 1.33 3.23 1.1

EQC-04
261 0 124 158 79 848 9 38 13 1530

9.08 0 15.92 40.51 10.06 17.99 15.25 16.89 20.97 15.17

EQC
560 0 271 186 225 1678 26 79 18 3043

19.47 0 34.79 47.69 28.66 35.59 44.07 35.11 29.03 30.18

Table 2.  Summary of enhanced quality control (EQC) process. The number of stations (Level = 2) and 
percentage (compared to the total stations) are displayed for each quality control step by ecoregion. The last 
column (row) shows the same, but encompassing the entire South America area (EQC steps). The bottom right 
corner displays the unified results.

Statistical 
Metrics Model output

Ecoregions South 
AmericaNAS PAD CAS SAS AOL EHL GCH PPS MPN

dr
mod_pred 0.53 0.61 0.61 0.74 0.53 0.63 0.64 0.68 0.63 0.62

bc_pred 0.58 0.63 0.64 0.75 0.57 0.66 0.65 0.7 0.63 0.65

bcc
mod_pred 0.7 0.68 0.73 0.81 0.71 0.74 0.73 0.76 0.68 0.73

bc_pred 0.7 0.68 0.72 0.81 0.71 0.74 0.72 0.76 0.68 0.72

Table 3.  Summary of gap-filling evaluation metrics: refined index of agreement (dr) and balanced accuracy 
(bcc). The mean value is displayed for each metric by model output (model prediction without [mod_pred] and 
with bias-correction [bc_pred]) and ecoregion. The last column displays the mean value at the South American 
scale. In bold when the statistical metric is best depending on the model output.
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The Table 4 displays the main results of the applied homogenization procedure: detection and adjustment. At 
the South American scale, approximately 75 % of the time series employed a relative detection approach, lever-
aging correlations with nearby stations, while the remaining 25 % relied on the absolute approach due to sparse 
station networks or challenging terrain. Ecoregions such as SAS, EHL, and PPS showed higher applicability of 
the relative approach, while areas like CAS and GCH required the absolute method. This reliance on the abso-
lute approach in some regions underscores its utility in sparsely populated or complex terrains where relative 
detection methods struggle.

Breakpoints were detected in nearly all time series, with more than 95 % of the series presenting statistical 
significance. PAD exhibited slightly lower rates of breakpoints (≈90%). The temporal distribution of break-
points varied across ecoregions (Supplementary Fig. 8), with substantial distribution between 1970 and 2010. 
However, some regions, such as NAS and AOL, displayed frequent breakpoints in the 1970s, whereas GCH 
and PPS showed peaks in the 2000s. The prominence of breakpoints in indices like PRCPTOT and R1mm 
suggests that certain inhomogeneities were introduced during the gap-filling stage that may not have been fully 
accounted for in the gap-filling evaluation. Approximately 48 % of the daily data in both obs_mod and obs_bc 
datasets is synthetic, contributing to these patterns.

The adjustments applied through the quantile-matching method varied based on precipitation deciles, with 
mean values ranging between 2 and 4.5 mm across South America. Most adjustments fell within a -0.5 to 0.5 
range (difference between roots of cubic), though extreme values near  ± 1 were observed (Supplementary 
Fig. 9), particularly in stations that belong to extremely arid or wet ecoregions. Despite the similarity in the mean 
adjusted magnitude, we observed slightly higher peaks on the adjusted distribution in PAD, EHL, AOL, PPS, and 
MPN in obs_mod. The evidence that there were fewer adjusted values in obs_bc could be attributed to the fact 
that it was bias-corrected (quantile mapping) before the adjustment. This outcome is also supported by a slightly 
higher number of breakpoints in obs_mod rather than obs_bc (Supplementary Fig. 8).

Homogenization impacts on PRCPTOT and R1mm indices were explored at both ecoregional and conti-
nental scales (Figs. 5 and 6). As expected, we noted a higher impact in PRCPTOT rather than R1mm due to 
the homogeneity focused on (magnitude) wet days rather than on dry days. Although significant breakpoints 
were detected in the R1mm indices in the precipitation time series, these were not adjusted. So, in general, the 
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Fig. 4  (a) Spatial distribution gap-filling evaluation metrics: refined index of agreement (dr) and balanced 
accuracy (bcc). (b) Relationship between evaluation metrics versus the percentage of wet days (wet days). The 
blue line in (b) represents the trend line between both variables computed using splines. The dotted line in  
(b) displays the 0.5 value in both metrics. Statistical metrics are divided by model output (model prediction 
without [mod_pred] and with bias correction [bc_pred]).
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adjusted wet day magnitude was done to follow the wet day distribution. Ecoregions like PAD and SAS exhibited 
similar patterns in both gap-filled and homogenized datasets, while AOL and EHL demonstrated notable dif-
ferences. The variability of PRCPTOT demonstrates not only the impact of homogenization and gap-filling but 
also the distribution of missing data (Supplementary Fig. 1).

Regardless of the variability in PRCPTOT (and R1mm) in the different datasets, these revealed important 
climatological features, such as high and low precipitation years associated with extreme El Niño or La Niña 
events70. Evidence of a climate shift in the 1970s was particularly pronounced in NAS and AOL71,72, where a 
marked increase in precipitation was observed. Some regions, such as PAD and EHL, displayed clear fluctu-
ations, implying increasing or decreasing trends, although detailed trend analysis was not performed. These 
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Fig. 5  Mean time series of the total precipitation (mm/year) by ecoregions and South America after 
(observed data plus model prediction without [hmg_obs_mod] and with bias-correction [hmg_obs_bc]) 
and before (observed data plus model prediction without [obs_mod] and with bias-correction [obs_bc]) the 
homogenization process.

Homogenization process Database

Ecoregions South 
AmericaNAS PAD CAS SAS AOL EHL GCH PPS MPN

Relative detection (%)
obs_mod 55.36 51.81 44.1 82.21 70.95 95.47 41.03 98.09 56 74.69

obs_bc 63.94 54.92 50.52 86.81 71.28 96.1 41.03 98.09 56 78.51

Significative detection (%)
obs_mod 99.05 90.16 97.57 100 99.16 99.46 97.44 100 96 98.94

obs_bc 99.01 88.6 95.83 98.47 99.66 99.22 92.31 100 96 98.6

Mean adjustment (mm)
obs_mod 3.32 3.27 1.92 3.09 3.56 3.09 3.94 3.61 1.43 3.19

obs_bc 3.37 3.42 2.15 3.08 4.35 4.2 4.03 4.19 2.06 3.73

Table 4.  Summary of the homogenization process for database and ecoregions: percentage of stations where 
the relative detection test was performed (relative detection), percentage of stations where a significant break 
detection was found (significant detection), and the mean value of the applied adjustment (mean adjustment). 
The last column (row) shows the same, but encompasses the entire South American area.
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results suggest that some important features found in previous work are present in the reconstructed data. 
Nevertheless, more in-depth analysis is required for a better understanding.

In summary, the homogenization process primarily impacted wet days, aligning the datasets with known 
climatological features. Despite its limitations, including challenges in dry/wet day corrections and variations 
in PRCPTOT and R1mm, the results provide a robust foundation for understanding precipitation variability in 
South America. The availability of multiple datasets reflects the inherent uncertainty in a complex region such 
as South America. The plurality of datasets is an advantage as they provide different views of the same variable

Usage Notes
The SC-PREC4SA database is a very useful dataset for a variety of applications. The single database would sim-
plify access to various datasets, hence improving research. Combining data from several sources into a single 
repository simplifies analysis, maintains consistency, and facilitates regional study and decision-making. This 
dataset not only provides different outputs targeted to researchers and practitioners, but it also shares the proce-
dures used to create them. This results in a more consistent, traceable, and reproducible resource, increasing its 
usefulness for scientific and practical purposes.

Despite rigorous quality control, discrepancies in observation time continue to be an issue. Stations fre-
quently have inconsistent or shifting reporting timings18, and most databases, including this one, lack the hourly 
data and metadata required to solve this. While existing methods provide possible solutions30, they might alter 
precipitation intensities. Users should be cautious when interpreting results.

The gap-filling process in this dataset primarily relies on ERA5-Land data. Other gridded precipitation data-
sets, such as satellite-based products, could also be used. Satellite products were not used in this study because 
they have been mostly available since the 2000s, but their potential to improve precipitation estimation repre-
sents an important opportunity. This challenge will be investigated in future studies to improve the accuracy of 
gap-filled data, particularly in the past and sparse areas.

The dataset was developed using the xgboost model for gap-filling. However, other versions based on glm and 
rf are also available, allowing users to combine the best estimations from different models using a multi-strategy 
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merge technique. Although this method has been used in previous datasets6,7, we chose not to employ a 
multi-strategy merging framework, in this case, to ensure uniformity in error and estimation over the entire 
region utilizing a single model foundation. This results in a more consistent approach to the dataset’s application.

The homogenization process used on the dataset may affect the gap-filling results (regression part), particu-
larly for extreme precipitation indices. Although no abrupt changes were seen in the homogenized PRCPTOT 
and R1mm mean time series. It is worth noting, however, that we did not test other extreme indices, which 
may be more sensitive to homogenization processes. Homogenization is especially difficult in locations with 
sparse station data, where a lack of nearby stations might restrict the detection of inhomogeneities and result 
in non-larger (or too large) adjustments in time series. In locations with low station density, the uncertainties 
imposed by homogenization may be more noticeable57. These problems highlight the importance of careful 
interpretation of homogenized data, particularly when working with sparse datasets.

Furthermore, uncertainty values were also calculated in the created dataset, which can be important for 
improving precipitation data analysis. These uncertainty estimations allow for more robust results since they 
account for spatial and temporal variations. This approach is consistent with prior efforts that employed uncer-
tainty quantification to improve the reliability of precipitation analyses and extreme event evaluations43,44. Users 
can improve their interpretations of precipitation patterns by incorporating these uncertainty estimates, espe-
cially in areas with scarce or inconsistent data.

In line with our philosophy of transparency and flexibility, we provide two versions of the homogenized 
series: hmg_obs_mod and hmg_obs_bc. While quantile-quantile mapping methods have known limitations, 
particularly in extreme values, we applied the corrections conservatively to minimize distortions in higher quan-
tiles. Given the complex nature of daily precipitation and its sensitivity to homogenization methods, we recom-
mend that users consider both versions of the dataset. Users are encouraged to explore both versions and assess 
sensitivity, especially for analyses involving extremes or uncertainty. Alternative gap-filling model outputs (rf, 
glm) are also available to support this.

Finally, it is crucial to note that an update to SC-PREC4SA is not currently planned. Nonetheless, because 
the development of SC-PREC4SA is part of the ANDEX program, there are some initiatives73. ANDEX proposes 
solutions to make high-quality information available throughout all Andean countries that meet their objectives. 
Policies and strategies for collecting data and establishing observational networks are proposed.

Code availability
SC-PREC4SA was constructed using the R (v4.5.0) programming language. The entire code used is freely 
available at GitHub (https://github.com/adrHuerta/sc-prec4sa) under the GNU General Public License v3.0.
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