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Abstract

Global gridded temperature data sets (GGTDs) vary in their information sources,
quality control procedures, generation techniques, and spatial-temporal resolutions,
introducing observational uncertainty. This uncertainty is critical not only for studies
on current climate conditions but also for future climate change projections, where
observational data sets are used for bias correction and downscaling of global climate
model (GCM) outputs. To minimize the impact of biases on current assessments and
future projections, it is essential to ensure that the reference data set accurately
represents the true climate state and spans a sufficiently long period to filter out
internal variability. The selection of appropriate GGTDs is hence a crucial yet often
overlooked factor in research that examines the impact of climate variability and change
on vector-borne diseases such as yellow fever (YF). YF, an arboviral disease endemic to
tropical regions of Africa and South America, has transmission dynamics that may be
significantly influenced by climate change. In this study, we evaluated four GGTDs,
namely the Berkeley Earth Surface Temperatures (BEST), the Climatic Research Unit
Time-Series (CRUTS) and the ERA5 and ERA5Land reanalysis data sets, for
health-related impact research, specifically examining YF transmission in South
America. Each dataset was evaluated via grid-based analysis and validated against
national weather station data, focusing on Brazil and Colombia, where YF outbreak risk
remains. Our findings show that substantial differences among GGTDs affect the
spatial representation of climate change indices, bioclimatic variables, and spatially
aggregated temperature estimates at the administrative unit level, which generally serve
as inputs for transmission models. In particular, while the reanalysis data sets generally
outperformed the lower-resolution products, ERA5 demonstrated a slight advantage
over ERA5Land despite the latter’s higher spatial resolution. Most importantly, our
results highlight that variations among GGTDs can lead to markedly different estimates
of key disease transmission parameters.

Introduction 1

Climate change has already aggravated the risk of various human pathogenic diseases, 2

including vector-borne diseases (VBDs; please see S1 Glossary for a list of abbreviations 3
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and acronyms), and could further increase these risks in the future [1–3]. To effectively 4

assess the impact of climate and, subsequently, future climate change on such diseases, 5

it is essential to use high-quality observational data that are homogeneous, meaning 6

they represent climate records that accurately reflect variations caused by climate 7

processes and harmonized into a common format or standard. These data should also 8

be continuous, have high spatial and temporal resolution, and have extensive temporal 9

coverage. Global and regional gridded data sets are often used as alternatives to 10

weather station data in disease-related climate impact studies. This is particularly 11

prevalent for studies in low- and middle-income countries (LMICs) where ground-based 12

networks typically face challenges such as sparse spatial and temporal coverage, limited 13

documentation, inconsistent quality control, and restrictive data-sharing policies [4–7]. 14

These gridded data sets, developed from diverse sources such as gauges, radar, satellite, 15

and reanalysis, can help address these challenges but come with their own limitations. 16

Each data set has specific strengths and weaknesses depending on the main applications 17

for which it is designed, and all are susceptible to errors and biases, leading to 18

observational uncertainty [8–10]. In climate impact modeling, observational data sets 19

serve as inputs for data-driven models, and uncertainties in these data sources can 20

significantly affect the outcomes of impact models across various fields, such as 21

hydrological and epidemiological analysis, throughout the observation period [11–13]. 22

Hence, the selection of observational data is suspected to also influence the outcomes of 23

the infectious disease transmission model. Furthermore, the choice of observational data 24

might strongly affect estimates of future simulated disease transmission, since 25

uncertainties in observational data directly contribute to uncertainties in climate change 26

projections [14–17]. This is because observational data sets serve as the reference 27

climatology in climate change impact assessments, providing a baseline for assessing 28

future changes and post-processing outputs from global climate models (GCMs) that 29

are typically applied to model both current and future climate change effects. 30

GCMs are essential tools for understanding the climate system and projecting its 31

evolution under different emissions scenarios. However, the output from GCMs remains 32

coarse compared to the high-resolution data required for most impact studies, and 33

systematic model errors introduce biases, observable as discrepancies between simulated 34

and observed climate conditions. As a result, bias correction and downscaling (BC&D) 35

are essential for applying GCM outputs to impact models. Downscaling methods can be 36

broadly categorized into statistical and dynamical approaches. Statistical (bias 37

correction) and downscaling techniques rely on hydrometeorological observations over a 38

historical reference period to adjust model biases and refine the spatial resolution, 39

ranging from simple methods accounting for changes in the mean of the quantity of 40

interest (e.g., delta change methods) to more sophisticated approaches correcting biases 41

in all quantiles of the distribution (e.g., quantile delta mapping) [18–20]. Dynamical 42

downscaling involves using the output of a GCM as boundary conditions for a 43

limited-area, higher-resolution regional climate model (RCM). RCM simulations are still 44

prone to regional biases that need to be adjusted for climate change impact 45

studies [19,21]. Consequently, any deficiencies in the reference based on the chosen 46

observational data source are typically transferred to future climate change projections, 47

regardless of the statistical or dynamical BC&D methods applied. 48

While several previous studies have projected an increase in transmission suitability 49

for VBDs under future climate change [22–25], most have relied on simple statistical 50

methods for the bias correction and downscaling of future climate change projections, 51

such as linear scaling and delta change approaches [18,19]. These methods, which are 52

straightforward, easy-to-implement, and widely adopted - for instance, by 53

WorldClim [26,27] - primarily account for changes in mean values, effectively capturing 54

broad climate change signals. However, they are too simplistic for modern climate 55
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impact studies as more comprehensive assessments, with the utilization of more 56

advanced BC&D methods, are needed to consider changes across the full distribution of 57

impact-driving climate variables, including extremes and shifts in seasonality. This is 58

critical because these factors often result in the most significant consequences of climate 59

change on VBDs and, therefore, are essential for research on future disease transmission 60

and burden [28–30]. This emphasizes the importance of selecting observational data sets 61

that accurately reflect the true state of the reference climate, including the distribution 62

tails of impact-relevant climate variables, and highlights the need to address 63

observational uncertainty in disease-related climate (change) impact modeling studies. 64

Therefore, observational data sets should be rigorously evaluated before being used 65

as input data for disease transmission models to simulate and project disease 66

transmission. This evaluation should ideally include comparative analyses, validation 67

against weather station data, and sensitivity assessments of the impact models to the 68

choice of data set. Moving beyond grid cell-based analysis is crucial, as epidemiological 69

data are typically attributed to administrative (AD) units rather than regular grids. 70

However, very few epidemiological studies have compared global gridded data sets with 71

weather station data in the context of environmental epidemiology and climate-related 72

health impact assessments [12, 31] or have moved beyond grid-scale analyses to consider 73

geographical units, with existing research focusing on high-income countries [32, 33]. In 74

this study, we assessed the utility and performance of widely used global gridded 75

temperature data sets (GGTDs), representing viable reference data sets for bias 76

correcting (and downscaling) climate model outputs in impact studies, and explored the 77

sensitivity of AD-level VBD transmission risk to input data in South America. Our 78

focus was on yellow fever (YF), a vaccine-preventable zoonotic arbovirus endemic to 79

tropical regions of the continent. We specifically examined thermal conditions, as 80

current and projected temperature has been identified as a key driver of YF 81

transmission intensity [25], and because most previous evaluations of gridded data sets 82

have primarily focused on precipitation [11,34,35]. We included an evaluation of the 83

accuracy of GGTDs through comparisons with ground-based weather stations in Brazil 84

(BRA) and Colombia (COL) in our analysis. These two countries are at high risk for 85

YF and contain administrative (AD) areas with substantial differences in size, 86

population distribution, orography, and climate. 87

The objectives of this study were twofold: 88

1. to conduct a comprehensive comparison and evaluation of GGTDs covering a time 89

period long enough to define climate conditions 90

2. to assess the sensitivity of simulated AD area-level YF reproduction number for 91

human-to-human transmission to temperature input data 92

across heterogeneous regions. 93

The findings of this study can inform recommendations on the utility of GGTDs, 94

accounting for the regions of interest and their physiographic characteristics, and to offer 95

guidance for future studies assessing the impact of climate change on VBD transmission. 96

Materials and methods 97

Study domain 98

We focused our work on South American regions north of 40◦S, as this domain is 99

particularly relevant for VBD research, encompassing the main countries at risk for YF 100

in South America [36]. Specifically, both Colombia and Brazil have reported YF cases, 101

and there is a risk of outbreaks. Notably, Brazil experienced one of the most 102
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pronounced YF epidemics in recent years [37], with many YF cases emerging despite 103

high vaccination coverage in some areas. 104

The boundaries for Brazil and Colombia, used for country level and first level 105

administrative (AD1) areas, were extracted from the Global Administrative Area 106

Database (GADM), version 4.1 [38]. To illustrate the geographical distribution of 107

population and elevation across both countries and South America, we used the 108

Gridded Population of the World, Version 4 (GPWv4, Revision 11) for the year 2010 at 109

a resolution of 2.5 arc-minutes (approximately 5 km) [39] and acquired elevation data in 110

meters (m) with a spatial resolution of 0.1◦ using the R package elevatr [40]. 111

Global gridded temperature data sets 112

We first present GGTDs, highlighting their diverse sources, properties, and spatial 113

aggregation. Additionally, we introduce temperature extreme indices and bioclimatic 114

variables (BCVs), which are widely used in climate change and species distribution 115

modeling studies. 116

Data sources and aggregation 117

Table 1 provides a summary of the main characteristics of the selected observational 118

GGTDs. We selected global information from reanalysis data sets, specifically 119

ERA5 [41] and ERA5Land [42], as well as two additional gridded global data sets for air 120

temperature, namely the Climatic Research Unit Time-Series (CRUTS) (version 121

4.07) [43,44] and Berkeley Earth Surface Temperatures (BEST) data sets [45,46]. These 122

products were chosen because they represent three (excluding ERA5Land) of the five 123

main global data sets for air temperature in the Intergovernmental Panel on Climate 124

Change (IPCC) Atlas [47]. The IPCC Atlas emphasizes the importance of assessing 125

observational uncertainty when evaluating and attributing historical trends, and it 126

highlights that climate change impact assessments should rely on integrated analyses 127

from multiple data sets. We chose not to include either W5E5 [48], which is based on 128

the bias-adjusted ERA5 reanalysis over land (WATCH Forcing Data applied to ERA5, 129

WFDE5), or the Hadley Centre Climate Research Unit version 5 data set (HadCRUT5) 130

from the Climate Research Unit of the University of East Anglia [49]. This decision was 131

made because we aimed to focus on data sets that are as independent as possible and 132

derived from different sources. However, ERA5Land from the European Centre for 133

Medium-Range Weather Forecasts, which covers only land surfaces and is an enhanced 134

reprocessing of the land component using a higher resolution model version, with ERA5 135

as an input, was included to evaluate the impact of changing spatial resolution in 136

reanalysis. Similarly, we harmonized and re-gridded the original data sets to match a 137

medium resolution of 0.5◦. This approach was implemented to avoid unfairly penalizing 138

low-resolution data sets and, more importantly, to systematically account for the impact 139

of spatial resolution changes in our analysis of observational uncertainty. All chosen 140

data sets are regularly updated, well-established, and widely used in climate and 141

environmental sciences. 142

We temporally aggregated hourly temperature observations for reanalysis data and 143

calculated daily mean temperatures for all grid cells across the South American domain. 144

Next, we temporally aggregated gridded daily observations from BEST, ERA5Land, 145

and ERA5 to obtain gridded monthly averages. Additionally, we extracted or generated 146

gridded daily minimum and maximum temperatures (TN and TX) for BEST and 147

reanalysis, respectively. We spatially aggregated and estimated mean values across the 148

grid-specific daily mean temperatures of grid cells within or intersecting the boundaries 149

of the corresponding AD1 areas in Brazil and Colombia. As these area-level 150

temperature averages were calculated using data from a regular latitude-longitude grid, 151
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Table 1. Summary of the selected global gridded temperature data sets (GGTDs). All data sets were downloaded
at their native resolution and with a (sub-)daily time resolution, except for Climatic Research Unit Time-Series data set
(CRUTS), for which only monthly data were available. All data sets were accessed and extracted in 2023.

Product Provider &
Version

Native
Resolution
&
Coverage

Further Details Main
Reference

BEST Berkeley Earth
Global Daily Land

1◦ × 1◦

Land-only
BEST reconstructs global mean land-surface tempera-
tures using a mathematical framework that integrates
around 39000 spatially and temporally divers weather
station records of varying quality. The framework
employs a weighting process to assess the quality and
consistency of temperature station networks, enabling
short, fragmented timeseries to be incorporated into
the model.

[45]

CRUTS University of East
Anglia
Climatic Research
Unit
v.4.07

0.5◦ × 0.5◦

Land-only
CRUTS is produced by interpolating monthly climate
anomalies from a large network of weather stations
using angular-distance weighting. Incorporating data
from over 4000 weather stations, the data set is for-
matted consistently, though it is not entirely homo-
geneous despite efforts to homogenize many inputs.

[43]

ERA5 European Centre
for Medium-Range
Weather Forecasts

0.25◦ × 0.25◦ ERA5 is generated using a four-dimensional vari-
ational data assimilation system, which combines
model forecasts with observational data to produce
gridded historical estimates of atmospheric conditions
across the globe.

[41]

ERA5Land European Centre
for Medium-Range
Weather Forecasts

0.1◦ × 0.1◦

Land-only
ERA5Land is an enhanced version of ERA5 that
focuses on land surfaces, providing a higher resolution
reprocessing of the land component. It uses ERA5
as input but with improvements in the land surface
model to better capture processes specific to land
areas.

[42]

we applied latitude-based weights (using the cosine of latitude) to account for meridian 152

convergence at higher latitudes. Overall, we produced eight daily temperature 153

timeseries for each AD1 area, corresponding to each selected GGTDs, available both at 154

their native resolutions and on a common 0.5◦ grid. We subsequently also temporally 155

aggregated the daily area-level temperature timeseries (BEST and reanalysis) into 156

monthly timeseries data, which serves as the primary temporal focus of our analysis. 157

For GGTD-only analyses, we defined a 30-year base period spanning from 1991 to 2020. 158

Extreme indices and bioclimatic variables 159

We used established extreme indices to assess how uncertainties in GGTDs affect the 160

derivation and detection of temperature extreme events, such as the frequency of 161

summer days or tropical nights. These indices were generated based on daily minimum 162

and maximum temperature data (excluding CRUTS), following the definitions provided 163

by the Expert Team on Climate Change Detection and Indices (ETCCDI) [50,51]. 164

Additionally, we used a selection of bioclimatic variables, calculated from climatological 165

monthly means of temperature, which are physiologically important and have been 166

frequently used for species distribution modeling and in VBD research [52,53]. Please 167
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refer to Table 2 for further details. We used the Climate Data Operators (CDO) 168

software [54] to derive ETCCDI and the function BIOVARS from the R package dismo 169

to produce BCV estimates. 170

Table 2. Definitions and calculations of temperature extremes, based on the Expert Team on Climate Change
Detection and Indices (ETCCDI), and of bioclimatic variables (BCVs). ETCCDI calculations utilized daily
maximum (TX) and minimum (TN) temperature timeseries; therefore, only data sets with daily resolution were selected
(excluding Climatic Research Unit Time-Series data set, CRUTS). BCVs were calculated from monthly climatological
averages and hence include all data sets. Indices and variables were computed using the global gridded temperature data sets
at their native spatial resolutions as well as on a common 0.5◦ grid to account for uncertainties across different data sets.

Abbreviation Full Name Unit Further Details

DTR Daily temperature range ◦C Monthly mean difference between TX and TN.
Here, the climatological monthly means aver-
aged across the base period were considered.
The DTR is exemplarily shown for January
and July.

SU Summer days index per time pe-
riod

- The number of summer days of a timeseries
of daily TX. Days with TX > 25.00◦C were
counted.

TR Tropical nights index per time pe-
riod

- The number of tropical nights of a timeseries
of daily TN. Days with TN > 20.00◦C were
counted.

BCV1 Mean annual temperature ◦C
BCV2 Mean diurnal range ◦C Mean of maximum temperature – minimum

temperature.
BCV3 Isothermality - (BCV2 / BCV7) × 100.
BCV4 Temperature seasonality - Standard deviation × 100.
BCV5 Maximum temperature of

warmest month

◦C

BCV6 Minimum temperature of
coldest month

◦C

BCV7 Temperature annual range ◦C BCV5 - BCV6.
BCV10 Mean temperature of warmest

quarter

◦C A quarter is defined as any consecutive 3
months.

BCV11 Mean temperature of coldest
quarter

◦C A quarter is defined as any consecutive 3
months.

Weather station data 171

Temperature data at daily resolution were obtained from the Brazilian National 172

Institute of Meteorology (INMET, available online at [55]). The Colombian Institute of 173

Hydrology, Meteorology, and Environmental Studies (IDEAM) originally reported and 174

provided temperature data at (sub-)hourly resolution (contacto@ideam.gov.co). We 175

standardized the data for both countries into a uniform format, removing unreliable 176

measurements based on extreme outliers (e.g., daily values above ¿ 55.00◦C), and 177

verifying date availability and completeness. For certain stations, especially those along 178

the coast, some GGTDs, in particularly ERA5Land, did not provide grid-based 179

information at native resolutions, leading to the exclusion of stations to address 180

discrepancies between station locations and grid points. To construct reliable daily 181

timeseries for Colombia, we aggregated (sub-)hourly data into daily values, requiring a 182

minimum of 70% data availability per day. To reduce the impact of missing values, we 183

March 17, 2025 6/24

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

mailto:contacto@ideam.gov.co
http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


selected only stations with over 70% daily coverage per month during the evaluation 184

period from 2011 to 2020 for both Brazil and Colombia. This evaluation period was 185

chosen to ensure consistent and adequate data coverage across the study domain, and 186

only stations with data available for each year within this period were included in the 187

analysis. 188

Yellow fever data and model 189

We utilized a previously described dynamic model of YF transmission estimated from 190

relevant epidemiological data sources [10]. The model is a dynamic compartmental 191

model of YF transmission in humans assuming both a risk of infection through spillover 192

(parametrized by the spillover force of infection or FOI) and a risk of infection through 193

the ‘urban’ cycle characterized through a human-human reproduction number, mediated 194

by mosquitoes. These epidemiological parameters are assumed to depend on 195

environmental covariates such as a) Ae. aegypti occurrence, b) middle infrared 196

reflectance, c) non-human primate species richness, d) Human population size, e) 197

Temperature suitability index (developed from Gaythorpe et al. 2021 [25]), and f) the 198

type of land cover. To estimate reproduction number, Fraser et al. used available 199

seroprevalence, case notification and death notification data within a Bayesian 200

framework. This characterized the relationship between epidemiological parameters and 201

environmental inputs. 202

In order to project time-varying values of reproduction number for this analysis, we 203

replaced the time-invariant temperature suitability index in the original analysis with 204

time-varying values calculated from GGTD temperature data (see next section for 205

details). 206

Validation areas 207

A GADM AD1 unit was designated as a validation area (ValAr) if it contained at least 208

one selected weather station. The evaluation of GGTDs, comparison of aggregated 209

area-level estimates, and assessment of YF human-to-human transmission were 210

conducted in selected ValAr in Brazil and Colombia, referred to as primary validation 211

areas (ValAr-P). These ValAr-P were selected based on specific criteria. We prioritized 212

regions with available weather station data that represented diverse climatic zones and 213

landscapes. Additionally, the ValAr exhibited a range of behaviors in terms of 214

seasonality, observational data set uncertainty, and reproduction number. The ValAr-P 215

included regions where the estimated reproduction number is consistently higher than 216

1.00 (giving the potential for self-sustaining outbreaks), regions where the estimated 217

reproduction number is consistently below 1.00, and regions where the estimated 218

reproduction number fluctuates above and below 1.00 depending on time of year, data 219

source, and/or parameter set. 220

Evaluation methods and metrics 221

The most common approach to compare ground-based observations with gridded data 222

products, such as satellite-based estimates and climate model outputs, is a 223

station-to-grid cell comparison. Accordingly, we compared individual station timeseries 224

with corresponding grid cell values by applying three standard statistical methods, 225

namely the Pearson correlation coefficient (PCC), the mean absolute error (MAE), and 226

the root mean square error (RMSE). PCC was reported only when statistically 227

significant at the 95% confidence level. Additional details on the metrics can be found 228

in S1 Methods in the Supplement. 229
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We assessed the overall performance and accuracy of each product across all ValAr 230

by taking the mean of the results of multiple individual station-to-grid cell comparisons 231

within each ValAr, providing an evaluation of how well each product performed across 232

the entire area during the evaluation period. Additionally, we evaluated the monthly 233

area-specific temperature distributions and the climatological annual temperature cycles 234

derived from the aggregated area-level timeseries for each GGTD in each ValAr-P. This 235

GGTD-only analysis allowed us to evaluate more in-depth data set biases, accounting 236

for underlying climatological differences, and to determine whether these biases followed 237

a specific seasonal pattern or remained relatively constant throughout the year over the 238

base period. 239

To assess the effect of different GGTDs on simulated YF transmission intensity, we 240

used the existing model for estimating YF reproduction number from environmental 241

covariates [10]. The time-varying (daily or monthly depending on data set) temperature 242

values from the GGTDs were substituted for the original mean temperature dataset 243

used when the model parameters were estimated. These temperature values were used 244

to calculate new values of temperature suitability [25], from which time-varying values 245

of YF reproduction number were calculated using the model. Monthly values of 246

reproduction number based on each GGTD were then compared. 247

Results 248

Observational data uncertainty 249

We present the results of our analysis of grid-based observational uncertainty. This 250

included assessing the variation among GGTDs in terms of the geographical distribution 251

of temperature and the derived ETCCDI and BCVs across the South American study 252

domain. Given that ERA5Land is often used in health-related climate impact 253

assessments [12,56] due to its enhanced spatial resolution for meteorological variables, it 254

is used here as a reference when comparing the different GGTDs. The validation of 255

GGTDs was conducted through a comparison of grid cell and station-based temperature 256

timeseries in Brazil and Colombia. 257

Study setting and differences in GGTDs 258

Fig 1 presents the geographical distribution of the population in 2010 (A), elevation (B) 259

as well as the multi-year monthly mean temperature (C), and temperature seasonality 260

(BCV4, D) derived from ERA5Land over the base period across South America. Panels 261

C and D also highlight the locations of the weather stations (C) and ValAr-P (D), 262

marked by red dots and purple boundaries, respectively. In total, 216 stations were 263

selected in Brazil, and 20 stations in Colombia, leading to a set of 23 and 12 ValAr, 264

respectively. The selected ValAr-P include Amazonas (BRA4), Rio de Janeiro (BRA19), 265

Rio Grande do Sul (BRA21), and Sergipe (BRA26) in Brazil (BRA) as well as Boyacá 266

(COL7) and Magdalena (COL20) in Colombia (COL). The figure reveals a clear pattern: 267

weather stations are predominantly located in or near densely populated areas, resulting 268

in a bias in the analysis toward regions with higher population densities in each country, 269

which were also more relevant for our health-related context. In Brazil, for example, 270

stations tend to cluster along coastal regions, representing areas of elevated population 271

density. This pattern strongly influenced the selection of ValAr. The figure also 272

highlights the diverse environmental conditions across Brazil and Colombia, emphasizing 273

the importance of considering regional diversity in environmental factors when selecting 274

ValAr. The selected ValAr-P demonstrated considerable variation in both size and 275

environmental characteristics, as shown, e.g., by temperature seasonality (D). 276
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Fig 1. The South American study domain. A: Population distribution in 2010
[inhabitants per grid cell based on a 2.5 arc-minute resolution] [39]. B: Elevation
[meters] [57]. C: Multi-year mean monthly temperature based on ERA5Land
[◦Celsius] [42]. D: Temperature seasonality [-] based on bioclimatic variable 4 (BCV4).
Panels C and D refer to for the base period (1991-2020) and additionally show the
locations of all selected weather stations (totaling 216 in Brazil and 20 in Colombia),
collected form the Brazilian National Institute of Meteorology (INMET, [55]) and the
Colombian Institute of Hydrology, Meteorology, and Environmental Studies (IDEAM,
contacto@ideam.gov.co), and ValAr-P (4 in Brazil and 2 in Colombia), respectively.
The boundaries of all areas are based on the Database of Global Administrative Areas,
GADM (version 4.1) [38]. All maps display values across the chosen study domain in
South America (north of 40◦ South).

S1 Figures provides a more detailed overview of the selected weather stations and 277

ValAr-P in Brazil and Colombia (A), also illustrating the variation in spatial resolution 278

across all GGTDs (B), using the example of the Brazilian ValAr-P, Rio de Janeiro 279

(BRA19). Furthermore, the clear influence of the land-sea mask on the selection of grid 280

cells for BRA19 along the coastline in ERA5Land becomes evident, with a similar 281

impact expected in all coastal AD areas. Additionally, S1 Table in the Supplement 282

provides an overview of all ValAr, including information on average population, area 283

size, elevation, and the number of grid cells selected for spatial aggregation per GGTD 284

for each ValAr, based on the respective gridded data sets. It also includes details on the 285

number of weather stations within each ValAr and the respective temperature 286

characteristics, derived from the timeseries data averaged across all stations in each 287

area. Station altitudes varied between about 2m and 1663m (mean 515m) across Brazil 288

and between 1m and 3510m (mean 1623m) across Colombia. In Colombia, the mean of 289

the stations’ average monthly temperature ranged from 8.38◦C in Cundinamarca (1 290

station), where temperatures varied between 3.01◦C and 10.53◦C, to 29.33◦C in Cesar 291

(2 stations), with temperatures ranging from 26.94◦C to 31.62◦C. In Brazil, the mean 292

monthly temperature across stations was between 18.57◦C in Rio Grande do Sul (26 293

stations), where the temperatures ranged from 11.35◦C to 24.05◦C, and 27.23◦C in 294

Piaúı (3 stations), with temperatures varying from 24.47◦C to 30.71◦C. 295

Differences in ETCCDI and BCVs 296

Differences in GGTDs might impact not only the average temperature conditions but 297

also the representation of spatial and temporal patterns and the calculation of extreme 298

indices and bioclimatic variables. Fig 2 presents the climatological mean annual 299

temperature (BCV1) derived from ERA5Land, alongside the differences between 300

ERA5Land and all other GGTDs, averaged over the base period (1991-2020), across the 301

South American study domain. To enable comparisons, the 0.5◦ resolution version of 302

each data set was used. The figure reveals that GGTDs exhibited varying degrees of 303

temperature differences across data sets and study domain, with pronounced 304

discrepancies in coastal areas and regions with complex terrain, such as the Andes. 305

Unsurprisingly, since ERA5 is the forcing input for ERA5Land, the analysis generally 306

showed smaller temperature differences between these two model-based data sets. More 307

specifically, BEST, and to a lesser extent CRUTS, showed a warm bias across large 308

parts of the study domain when compared with ERA5Land, while colder climatological 309

mean annual temperatures were observed in southern areas, particularly Argentina, 310

with a similar but less pronounced pattern in ERA5; additionally, CRUTS displayed 311

more patchy areas of colder temperatures in Brazil compared to the other data sets. 312

Given that maximum and minimum temperatures (including night-time conditions) 313
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Fig 2. Bioclimatic variable 1 (BCV1). A: Mean annual temperature [◦C] for
ERA5Land. B-D: For all other global gridded temperature data sets (GGTDs), the
difference [◦C] compared to ERA5Land is shown. All values represent averages over the
base period (1991-2020). The maps are presented on a common 0.5◦ grid.

are particularly important for mosquito survival [58], Fig 3 and Fig 4 exemplarily 314

illustrate our findings for BCV6 (minimum temperature of the coldest month based on 315

climatological monthly means) and TR (tropical nights based on TN). For BCV6, 316

differences among GGTDs were more pronounced in BEST and CRUTS, with a warm 317

bias when compared to ERA5Land evident in the Andes-dominated regions. CRUTS 318

showed a pronounced cold bias over large parts of Brazil. Regarding tropical nights, 319

differences in GGTDs in Fig 4 - especially in BEST - highlight a strong underestimation 320

(and some very localized overestimation) of tropical nights during the base period. 321

Inconsistencies across GGTDs affected the spatial representation of all other BCVs and 322

ETCCDI indices, also including those focusing on maximum (daily) temperatures. For 323

the visualization of respective results, see S2 Figures. 324

Fig 3. Bioclimatic variable 6 (BCV6). A: Minimum temperature of the coldest
month [◦C] for ERA5Land. B-D: For all other global gridded temperature data sets
(GGTDs), the difference [◦C] compared to ERA5Land is shown. All values represent
averages over the base period (1991-2020). The maps are presented on a common 0.5◦

grid.

Fig 4. Tropical nights index per time period (TR). A: Number of tropical nights
[-] for ERA5Land (TR). B-C: For all other global gridded temperature data sets
(GGTDs), the difference in number [-] compared to ERA5Land is shown. All values
represent averages over the base period (1991-2020). The maps are presented on a
common 0.5◦ grid. Note that the Climatic Research Unit Time-Series data set (CRUTS)
was excluded from the analysis, as TR was calculated using daily values.

Comparison against weather station data 325

Table 3 presents the statistical evaluation of monthly temperature timeseries, showing 326

averaged results from multiple station-to-grid cell comparisons within each ValAr-P. 327

Additionally, the table provides means calculated across all 23 and 12 ValAR in Brazil 328

and Colombia, respectively. Comparisons between station data and GGTDs across 329

ValAr were conducted using data sets at their native resolution and on a common 0.5◦ 330

grid (values in brackets). 331

The evaluation revealed varying levels of agreement, with timeseries from individual 332

stations in Colombia, in general characterized by the influence of the Andes and a low 333

degree of seasonality across the country, generally showing greater divergence from 334

corresponding GGTD grid cells compared to those in Brazil. When considering 335

individual ValAr, agreement between data sets showed relatively small variations in 336

Brazil but varied noticeably in Colombia. Overall, across the ValAr-P, weaker 337

agreement was observed in remote areas, such as Amazonas (BRA4) in Brazil, and in 338

regions with complex topography, such as Boyacá (COL7) in Colombia, where stronger 339

differences between data sets were evident. Seasonality appeared to have a lesser impact 340

on the evaluation, as ValAr-P with greater temperature variability or more extreme 341

seasonal changes did not tend to show larger differences in metrics. 342
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On average, across all ValAr in both Colombia and Brazil, the mean values for all 343

metrics indicated higher agreement between station data and grid cells in Brazil, with 344

ERA5 emerging as the best-performing data set in both countries. Correlation values 345

suggested a weaker alignment in trends and patterns of temperature between station and 346

grid cell values, while RMSE and MAE metrics indicated more pronounced deviations of 347

gridded data sets from observed measurements for Colombia when compared to Brazil. 348

The influence of spatial resolution with GGTDs having coarser native resolutions 349

tending to show improved agreement when re-gridded to a finer grid was only strongly 350

evident in Boyacá (COL7) across the ValAr-P, where GGTDs with finer native 351

resolutions tended to exhibit a slightly weaker performance when evaluated on a 352

common 0.5◦ grid. In contrast, the impact of re-gridding was minimal in the ValAr-P of 353

Brazil and, on average, across all ValAr in both Brazil and Colombia, showing only 354

minor changes in metrics. 355

Fig 5 illustrates the spatial patterns of agreement between monthly station data and 356

grid cell-level estimates across Brazil and Colombia for ERA5Land. As expected, 357

weaker agreements between point and grid cell timeseries were more pronounced in 358

Colombia, particularly in terms of MAE and RMSE. Additionally, a few locations in 359

Brazil displayed relatively high MAE and RMSE values, while only a small number of 360

locations exhibited low, and occasionally negative, correlations. However, no distinct 361

spatial patterns were evident in either country. 362

Fig 5. Spatial maps of evaluation metrics. Comparison of grid cell and station
values based on A: Pearson correlation coefficient (PCC). B: Mean absolute error
(MAE). C: Root mean square error (RMSE) between ERA5Land and ground-based
observations at the corresponding station on a monthly time scale in Brazil and
Colombia.

Area-level temperature estimates and YF transmission 363

We now describe how the four GGTDs translated into varying spatially aggregated 364

temperature estimates and demonstrate how these deviations led to substantial 365

variations in simulated area-level YF human-to-human transmission. Our analysis 366

focused on ValAr-P. 367

Area-level temperature timeseries 368

For ValAR-P, we compared area-level temperature estimates from GGTDs at their 369

native resolution, see Fig 6 and Fig 7, with those interpolated to a common 0.5◦ grid, 370

see S3 Figures. We assessed differences in aggregated timeseries by examining monthly 371

area-specific temperature distributions and corresponding climatological annual cycles 372

across the base period. These results should be interpreted within the context of each 373

country’s specific characteristics, including the varying sizes and locations of AD1 areas, 374

as illustrated in Fig 1 and S1 Table. 375

As expected, the boxplots and annual cycles reveal minimal temperature fluctuations 376

and seasonality for both Colombian ValAr-P, with a clear increase in temperature 377

variability from northern to southern areas across all selected ValAr-P in Brazil. While 378

this trend is evident in the rise of the interquartile range (IQR) shown in Fig 6, from 379

the northernmost ValAr-P, the Amazon region (BRA4) with an IQR of 0.84◦C for 380

ERA5Land (BEST: 0.81, CRUTS: 0.71, ERA5: 0.82; in ◦C), to the southernmost area, 381

Rio Grande do Sul (BRA21) with an IQR of 7.22◦C for ERA5Land (BEST: 7.22, 382

CRUTS: 7.12, ERA5: 7.13; in ◦C), it is particularly demonstrated by the seasonal 383
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Table 3. Statistical evaluation of monthly temperature timeseries from grid cells against ground observations.
The evaluation presents the Pearson correlation (PCC), the mean absolute error (MAE), and the root mean square error
(RMSE) during the period 2011-2020 for each global gridded temperature data set (GGTD), averaged across each primary
validation area (ValAr-P). Mean values represent averages across all validation areas (ValAr). Note that the number of
weather stations evaluated varies across the different ValAr, as detailed in Tables S1 Table in the Supplement. Only stations
with correlations statistically significant at the 95% confidence level were included in the analysis. Results are provided for all
GGTDs at their native spatial resolution and on a common 0.5◦ grid (in brackets).

Country Primary Validation Area (ValAr-P) data set PCC MAE RMSE

Brazil

Amazonas (BRA4)

BEST 0.67 (0.68) 0.82 (0.83) 0.94 (0.95)
CRUTS 0.60 (0.61) 0.74 (0.74) 0.89 (0.89)
ERA5Land 0.67 (0.67) 1.11 (1.14) 1.20 (1.23)
ERA5 0.69 (0.69) 0.85 (0.86) 0.96 (0.97)

Rio de Janeiro (BRA19)

BEST 0.98 (0.97) 1.75 (1.81) 1.85 (1.93)
CRUTS 0.98 (0.98) 1.91 (2.12) 2.00 (2.19)
ERA5Land 0.98 (0.98) 2.02 (2.35) 2.10 (2.42)
ERA5 0.98 (0.98) 1.85 (1.88) 1.94 (1.97)

Rio Grande do Sul (BRA21)

BEST 0.99 (0.99) 1.59 (1.64) 1.74 (1.80)
CRUTS 0.99 (0.99) 1.51 (1.57) 1.66 (1.72)
ERA5Land 0.99 (0.99) 1.30 (1.30) 1.47 (1.47)
ERA5 0.99 (0.99) 1.36 (1.36) 1.52 (1.52)

Sergipe (BRA26)

BEST 0.95 (0.95) 1.13 (1.14) 1.24 (1.24)
CRUTS 0.95 (0.94) 1.13 (1.14) 1.26 (1.28)
ERA5Land 0.98 (0.97) 1.11 (1.10) 1.19 (1.20)
ERA5 0.97 (0.98) 1.10 (1.11) 1.18 (1.18)

Mean

BEST 0.88 (0.88) 1.50 (1.50) 1.64 (1.64)
CRUTS 0.86 (0.86) 1.46 (1.49) 1.60 (1.63)
ERA5Land 0.88 (0.88) 1.42 (1.44) 1.57 (1.59)
ERA5 0.89 (0.89) 1.36 (1.35) 1.49 (1.49)

Colombia

Boyacá (COL7)

BEST 0.56 (0.58) 8.21 (6.36) 8.35 (6.57)
CRUTS 0.68 (0.70) 5.86 (5.70) 6.11 (5.96)
ERA5Land 0.61 (0.60) 3.95 (4.65) 4.50 (4.97)
ERA5 0.66 (0.67) 4.44 (4.97) 4.78 (5.22)

Magdalena (COL20)

BEST 0.77 (0.84) 0.58 (0.44) 0.72 (0.55)
CRUTS 0.83 (0.83) 1.07 (1.30) 1.19 (1.40)
ERA5Land 0.80 (0.83) 2.79 (2.94) 2.86 (3.00)
ERA5 0.84 (0.83) 1.80 (1.72) 1.87 (1.79)

Mean

BEST 0.69 (0.70) 5.64 (5.29) 5.72 (5.38)
CRUTS 0.69 (0.69) 4.88 (4.86) 4.98 (4.96)
ERA5Land 0.72 (0.71) 4.91 (4.90) 5.01 (4.99)
ERA5 0.74 (0.74) 4.74 (4.77) 4.83 (4.85)

Fig 6. Boxplots comparing the temperature distributions of monthly
timeseries based on different global gridded temperature data sets
(GGTDs), averaged across each primary validation area (ValAr-P) in Brazil
and Colombia, for the base period (1991-2020). The figures are organized as
follows: A: Amazonas (BRA4) B: Rio de Janeiro (BRA19) C: Rio Grande do Sul
(BRA21) D: Sergipe (BRA26) E: Boyacá (COL7) F: Magdalena (COL20) in Brazil
(BRA) and Colombia (COL), respectively. These boxplots are based on area-level
temperature timeseries derived from GGTDs at their native spatial resolution.
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Fig 7. Climatological annual cycles of monthly temperature (◦C) for the six
primary validation areas (ValAr-P) selected across Brazil and Colombia,
calculated over the base period (1991-2020). The figures are organized as follows:
A: Amazonas (BRA4) B: Rio de Janeiro (BRA19) C: Rio Grande do Sul (BRA21) D:
Sergipe (BRA26) E: Boyacá (COL7) F: Magdalena (COL20) in Brazil (BRA) and
Colombia (COL), respectively. These climatological annual cycles are based on
area-level temperature timeseries derived from global gridded temperature data sets
(GGTDs) at their native spatial resolution.

patterns depicted in Fig 7. Overall, all data sets, when compared to ERA5Land, showed 384

a tendency to shift towards warmer temperatures across all ValAr-P. 385

While area-level temperature timeseries for most ValAr-P areas in Brazil show 386

strong agreement across data sets, significant discrepancies were observed in Colombia, 387

particularly in the more mountainous region of Boyacá (COL7), and to a lesser extent 388

in Magdalena (COL20). Mean temperature values varied in Boyacá (COL7) from 389

ERA5Land (15.81◦C) to BEST (22.56◦C). In Brazil, aggregated temperature estimates 390

were generally more consistent, although slight differences were observed in the remote 391

Amazon region (BRA4), despite it being the largest Brazilian ValAr. Mean temperature 392

values varied in BRA4 from ERA5Land (25.53◦C) to BEST (27.08◦C). Notably, Sergipe 393

(BRA26), the smallest ValAr-P, exhibited minor differences between timeseries, mean 394

temperature values varying from ERA5Land (25.05◦C) to BEST (25.90◦C). Thus, the 395

spatial extent over which the GGTDs were aggregated was not a primary factor 396

influencing the observed differences in GGTDs and hence the associated observational 397

uncertainty. However, temperature estimates derived from GGTDs re-gridded to a 398

common 0.5◦ grid showed more consistent and closely aligned timeseries, both in terms 399

of monthly distributions and climatological annual cycles, in Boyacá (COL7). This area 400

also exhibited the most pronounced differences in our station-based evaluation of 401

GGTDs, with reanalysis showing the strongest agreement with station data (please refer 402

to section titled Comparison against weather station data). 403

Differences across data sets remained relatively consistent throughout the year for 404

most ValAr-P, with the strongest inconsistencies noted in Boyacá (COL7, Fig 6). 405

Aggregated area-level temperature estimates were thus largely unaffected or only 406

negligibly impacted by seasonality across the ValAr-P. 407

Temperature-yellow fever associations 408

Time-varying values of epidemiological parameters (reproduction number) were 409

calculated based on time-varying temperature data shown in Fig 6. This was done by 410

converting temperature to temperature suitability [25] and re-calculating parameter 411

values using the method described in [10]. The results are shown in Fig 8. The 412

magnitude of seasonal variation in parameter values and the degree of difference 413

between GGTDs varies between the selected regions. 414

The reproduction number threshold of 1.00 is critical, delineating the boundary 415

between declining (reproduction number below 1.00) and sustained or expanding 416

transmission (reproduction number above 1.00). The selected regions show different 417

regimes in terms of how seasonal variation affects the calculated reproduction number. 418

One region (Amazonas in Brazil) has the reproduction number consistently higher than 419

1.00, indicating that outbreaks can be sustained all year round. Two other regions 420

(Magdalena and Boyacá in Colombia) have the reproduction number consistently below 421

1.00, indicating that outbreaks cannot be sustained at any time of the year. The 422

remaining three regions show variation of the reproduction number between values 423

below 1.00 and values close to or above 1.00 at different times of the year, indicating 424
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that the sustainability of outbreaks in these regions may vary seasonally. 425

The numerically largest difference in epidemiological parameter values between 426

GGTDs is seen in Boyacá, due to that region having the largest temperature variation 427

between data sets. However, this difference is not substantial due to the low 428

temperatures in the region - the reproduction number is consistently the lowest among 429

the selected regions and remains consistently below 1.00. 430

Fig 8. Calculated values of reproduction number (B) for the six primary
validation areas (ValAr-P) selected across Brazil and Colombia, calculated
over the base period (1991-2020). Displayed values are monthly averages
calculated from daily values calculated from environmental covariates listed in Yellow
fever data and model, with temperature suitability calculated from daily temperature
values taken from the four GGTDs. For CRUTS, only monthly temperature values were
available, so reproduction number values were calculated directly on a monthly basis.

Discussion 431

This study evaluated four GGTDs to serve as data inputs for impact models and as 432

reference data sets for bias correcting (and downscaling) climate model outputs to 433

assess the impacts of climate and climate change on YF transmission. We assessed 434

whether differences in spatially aggregated temperature estimates derived from the 435

different GGTDs translated into variations in the estimated YF reproduction number. 436

Our analysis focused on Brazil and Colombia, not only due to their diversity in size, 437

population density, orography, and temperature patterns, but also because both 438

countries have a history of reported yellow fever cases. 439

Grid-based differences and station-based validation of GGTDs 440

While the GGTD-only analysis showed no clear seasonal pattern in differences between 441

datasets, similarly, seasonality did not strongly influence station-to-grid cell comparisons, 442

as ValAr-P, despite varying temperature variability throughout the year, did not show a 443

clear and consistent impact on differences in metrics. However, remote areas and 444

regions with complex terrain in both countries showed lower agreement between GGTDs 445

and station data, as well as between the data sets themselves. Spatial resolution proved 446

crucial when validating GGTDs, especially in areas with complex terrain. 447

Our grid-based analysis of geographic distributions, extreme temperature indices, 448

and bioclimatic variables revealed distinct regional variations in grid-based 449

GGTD-estimated temperatures, with pronounced differences in mean temperature 450

patterns observed in Andes-dominated and coastal areas. Regions with notable 451

differences in ETCCDI and BCVs estimates often coincided with areas of pronounced 452

differences between GGTDs in mean temperature patterns but also shifted or extended 453

to other parts of South America. The observed variations in GGTDs, such as differences 454

of over 5.00◦C in diurnal and annual temperature ranges or in the number of tropical 455

nights equivalent to over six years, could strongly impact the simulated distribution and 456

occurrence of disease-transmitting vectors. 457

Validation of GGTDs against weather station data confirmed that temperature is 458

generally more predictable than precipitation, as rainfall is well known to be highly 459

variable due to its dependence on complex atmospheric dynamics, local topography, and 460

short-term weather events. Hence, in contrast to rainfall, data set performance for 461

temperature is more consistent and more dependent on the spatial resolution of a 462

GGTD. For instance, higher-resolution GGTDs such as reanalysis, namely ERA5 and 463
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ERA5Land, consistently outperformed lower-resolution ones such as CRUTS and BEST. 464

Spatial interpolation of BEST did not notably improve accuracy in most validated areas, 465

as it failed to add meaningful spatial information to improve data set precision. 466

Re-gridded reanalysis data sets, with their initial finer native spatial resolution and 467

detail, showed minimal variations in metrics and consistently outperformed 468

lower-resolution GGTDs when compared with CRUTS and BEST on a 0.5◦ grid. 469

However, in regions with complex terrain (Boyacá, COL7), where the temperature 470

varied over smaller spatial scales, the increased resolution had a more pronounced 471

impact on station-to-grid cell validations (see Table 3). For instance, BEST, re-gridded 472

to a 0.5◦ grid, while not adding new spatial information, showed especially increased 473

MAE and RMSE values in these areas, likely because it then better captured conditions 474

near weather stations. Thus, there is evidence that increasing spatial resolution 475

enhanced performance for lower-resolution data sets but slightly reduced it for 476

higher-resolution ones, which still performed better. However, the general observation 477

that ERA5 (0.25◦) slightly outperformed ERA5Land (0.1◦) in our station-to-grid cell 478

analysis highlights the critical importance of data set accuracy over spatial resolution, 479

which must be carefully considered. 480

Translation into spatially aggregated area-level temperature 481

estimates 482

Our findings regarding area-level temperature estimates aligned with our grid-based 483

observational uncertainty analysis and showed that differences in GGTDs at the grid 484

level translated into spatially aggregated averages. The spatial resolution of data sets 485

must be particularly considered in remote areas and regions with complex terrain, even 486

when evaluating temperature estimates spatially aggregated over extensive areas. The 487

seasonality of the temperature and the size of the AD unit had little effect on the 488

deviations of the data set, as shown by the Brazilian ValAr-P of varying seasonality and 489

size, which did not consistently influence the differences of the GGTD in unit-specific 490

temperature estimates. 491

These conclusions were drawn from our main results, which demonstrated that while 492

the selection of GGTDs and their spatial resolution had minimal impact on aggregated 493

timeseries in most ValAr-P, higher-resolution data sets were generally preferable in 494

remote and topographically complex regions. Similarly, for most ValAr-P, the 495

comparison of timeseries derived from GGTDs on a common 0.5◦ grid or their native 496

resolution exhibited negligible differences. However, in areas like the Andes-dominated 497

mountainous region of Boyacá (COL7), spatially aggregated temperature timeseries 498

exhibited greater variability. In COL7, where also the accuracy of both lower- and 499

higher-resolution data sets varied with interpolation to a higher or lower grid, a stronger 500

alignment of timeseries data was observed when comparing aggregated information 501

derived from GGTDs on a common grid to those at their native resolution. 502

Impact of observational uncertainty on simulated YF 503

reproduction number 504

Our findings showed that data set choice can have substantial impacts on YF 505

reproduction number estimates, particularly in regions with distinct characteristics, 506

such as Amazonas (BRA4) in Brazil and the ValAr-P in Colombia (COL7 and COL20), 507

where noticeable differences in spatially aggregated area-level temperature estimates 508

were observed (see previous section). Notably, in Boyacá (COL7), pronounced variations 509

in both the magnitude and temporal variations of the reproduction number became 510

evident. While reproduction number values in Colombia remained well below 1.00, our 511

March 17, 2025 15/24

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


results suggest that in regions where reproduction number approaches 1.00, data set 512

differences could lead to substantial variations, with estimates shifting above or below 513

the threshold depending on the selected GGTD. The shown critical sensitivity of the 514

reproduction number to data input is not only important under current climate 515

conditions but also in climate change impact studies assessing future outbreak potential 516

due to human-to-human transmission, as we are confident that the underlying and 517

observed mechanisms hold true for other regions with similar characteristics. To provide 518

an example, a regional temperature increase based on GCM outputs downscaled using a 519

simple delta change method might predict a higher reproduction number, potentially 520

shifting from below 1.00 to above 1.00 in some areas when using BEST instead of 521

ERA5Land, if ERA5Land provides cooler estimates, as observed in northern areas of 522

South America. 523

Observational uncertainty is particularly critical in climate change impact studies 524

when it matches or even exceeds uncertainties from other sources, such as variations 525

among Representative Concentration Pathways (RCPs) and BC&D methods. Most 526

important, it is especially relevant when variability across multiple observational data 527

sets is comparable to or even surpasses that across GCMs. However, previous research 528

suggests that observational uncertainty tends to be more significant for precipitation 529

than for temperature in the context of future climate change projections [14,16,59,60]. 530

For temperature, observational uncertainty is often smaller compared to uncertainties 531

arising from the choice of BC&D methods, models, or scenarios. Nonetheless, we argue 532

that observational uncertainty also in the context of temperature is neither negligible 533

nor inconsequential in climate change studies due to the following reasons. First, it 534

remains critical in applications such as the validation, ranking, and selection of RCMs 535

and GCMs. Second, while prior research on VBD transmission and risk has often relied 536

on oversimplified future climate change projections (see Introduction), future studies 537

must integrate advanced BC&D methods that account for the entire distribution of 538

climate variables. Reassessing and understanding the differences between data sets is 539

essential, as we observed variations not only in mean responses but also in climate 540

change-relevant extreme indices and bioclimatic variables, which current research has 541

yet to fully explore in terms of their impact on the accuracy of both current and future 542

VBD assessments. Lastly, in this context, the importance of observational uncertainty 543

might vary depending on the specific research question or task at hand. For example, 544

research on YF disease burden might prioritize emergency preparedness and worst-case 545

scenarios. This could involve focusing on SSP585, a combination of the fossil-fueled 546

development-based Shared Socioeconomic Pathway (SSP5) and the high-emission 547

scenario RCP8.5, while also selecting extreme climate change scenarios based on 548

disease-relevant indices or the tails of the temperature distribution. In such studies, 549

areas where the reproduction number shifts, and whether future levels fall below or 550

above the critical threshold of 1.00, could strongly depend on the choice of observational 551

data source, leading to substantially different assessments of outbreak potential. 552

Limitations 553

We note and discuss several limitations that may have influenced our findings. Multiple 554

uncertainties exist regarding the grid-based evaluation, validation of GGTDs, and their 555

spatial aggregation. In the following, we outline how some results may have been 556

influenced by challenges in the study design, first concerning our station-to-grid cell 557

analysis and subsequently with respect to our aggregation. 558
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Station-to-grid cell analysis 559

Weather station data is often included in the generation of various GGTDs, such as 560

reanalysis, although their inclusion is neither consistent over time nor uniform across all 561

data sets. Any overlap between our selected stations and those used to develop the 562

GGTDs could limit the independence and statistical validity of our analysis. In this 563

context, we need to point out that our findings might have been generally influenced by 564

temporal and spatial inconsistencies within the GGTDs, such as variations in the 565

station data included over time in certain data sets. We acknowledge these 566

inconsistencies could affect the reliability and accuracy of GGTDs, which are essential 567

for long-term climate analysis and impact assessments. 568

Ground-based observations are limited to specific points in space and time, and data 569

set performance might vary in locations where site-specific information was unavailable. 570

Nonetheless, we argue that our focus on evaluating GGTD performance for 571

health-related climate impact assessments, typically targeting inhabited regions, 572

mitigated this issue. We leveraged the fact that weather stations in Brazil and 573

Colombia were situated in or near densely populated areas, thereby limiting the impact 574

of uneven station distribution on the validity of our results. In this context, it is 575

important to note that both ERA5 and ERA5Land are known to underestimate 576

temperature extremes in urban areas. This bias stems from the data assimilation 577

schemes, which primarily rely on observations from official network stations. These 578

stations are often not directly installed in urban locations, leading to a reliance on data 579

from rural stations instead. This fact also needs to be considered when future research 580

work evaluates the impact of temperature extremes on VBDs. 581

It is important to note that, in general, the values of the evaluation metrics 582

indicated comparatively lower agreement between GGTDs and station data when 583

compared to similar analyses conducted in high-income countries (similar findings have 584

been reported in other studies, such as [12]), where station networks and data 585

record-keeping are typically better maintained or have already been established over a 586

longer period of time. Despite the quality checks and data preparation in our work, we 587

highlight that the limitations of the weather station data should be considered when 588

interpreting our findings. 589

Spatial aggregation 590

Spatial aggregation of GGTDs often involves averaging grid cells that may represent 591

very different conditions within AD areas, influenced by factors such as size, orography, 592

and climate. As a result, averaging these cells may not provide meaningful 593

interpretations and could diminish the representativity and utility of the data. However, 594

this method of spatial aggregation remains essential for certain applications, particularly 595

in VBD research, which often relies on area-level epidemiological data that lack the 596

spatial resolution needed to align with precise, more localized temperature information. 597

The impact of lakes and other water bodies was not evaluated, which is particularly 598

relevant in regions with mixed land and water surfaces; while ERA5 includes data over 599

lakes and water bodies, ERA5Land excludes them due to its land-sea mask, which 600

considers only land areas. However, in most health-related climate research studies, 601

gridded data sets are downloaded and spatially aggregated without further processing or 602

corrections. Therefore, we also decided not to further account for respective differences. 603

Conclusion 604

This study evaluated the uncertainty associated with observational global gridded 605

temperature data sets, representing viable candidates for use as reference climatology in 606
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the bias correction and downscaling of global climate model simulations. The study 607

focused on their impact on area-level temperature estimates and simulated yellow fever 608

transmission. The findings highlight the critical need to account for differences in data 609

sets, which vary across contexts, time frames, and regions, and emphasize the sensitivity 610

of yellow fever transmission to input data. Our work underlines the importance of 611

selecting appropriate data sets to ensure robust climate (change) impact assessments in 612

the context of disease transmission and outbreak potential. 613

Supporting information 614

S1 Figures Maps of validation areas (ValAr) and weather stations. A: 615

Presentation of the selected ValAr in Brazil and Colombia, with secondary areas shown 616

in pink and primary areas in green and additionally labeled. The locations of the 617

weather stations used in this study are highlighted with red dots. B: An example of the 618

spatial resolution differences across all global gridded temperature data sets (GGTDs), 619

illustrated for one primary validation area (ValAr-P) in Brazil, Rio de Janeiro (BRA19). 620

The temperature values represent the long-term annual climatological average, 621

calculated by averaging monthly temperatures across all years within the base period 622

(1991-2020). 623

S2 Figures Differences in bioclimatic variables (BCVs) and metrics based 624

on the Expert Team on Climate Change Detection and Indices (ETCCDI). 625

The results are shown for further temperature-based BCVs (variables 2–5, 7, and 10–11) 626

and indices defined by ETCCDI, including the daily temperature range (DTR) and the 627

summer days index for specific time periods (SU). ERA5Land is used as the reference 628

data set, and deviations are calculated for all other global gridded temperature data 629

sets (GGTDs). 630

S3 Figures Comparison of temperature distributions and climatological 631

annual cycles across primary validation areas (ValAr-P) in Brazil and 632

Colombia. The comparison is based on monthly timeseries from various global gridded 633

temperature data sets (GGTDs). The ValAr-P include Amazonas (BRA4), Rio de 634

Janeiro (BRA19), Rio Grande do Sul (BRA21), Sergipe (BRA26) in Brazil, and Boyacá 635

(COL7) and Magdalena (COL20) in Colombia. All analyses are based on area-level 636

timeseries derived from GGTDs on a common 0.5◦ grid. 637

S1 Glossary. Glossary. Overview of all in the paper used abbreviations and 638

acronyms. 639

S1 Methods. Further details and equations on evaluation methods and 640

metrics. The text provides a more detailed description of the three standard statistical 641

methods, namely the Pearson correlation coefficient (PCC), the mean absolute error 642

(MAE), and the root mean square error (RMSE), used to evaluate each individual 643

global gridded temperature data set (GGTD) based on grid cell-based values (P) 644

against station observations (O), quantifying the degree of deviation from the reference 645

(weather stations serving as ground truth). 646

S1 Table. Overview of the validation areas (ValAr) in Brazil and Colombia, 647

with primary areas marked by an asterisk. The table provides additional details 648

on the average population in 2010, area size, elevation, and the number of grid cells 649

selected for spatial aggregation per global gridded temperature data set for each ValAr, 650
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based on the respective gridded data sets. It also includes information on the number of 651

weather stations, the mean station elevation across all stations, and the elevation of the 652

highest and lowest stations within each area. Additionally, descriptive statistics of 653

temperature (mean, minimum and maximum values) for the evaluation period 654

(2011-2020) are shown, based on timeseries data averaged across all stations within each 655

ValAr. 656
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