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Introduction: Identifying the most reliable gridded temperature datasets for each 
region is crucial for supporting evidence-based decision-making.
Methods: This study evaluates the performance of gauge-based and reanalysis 
gridded temperature datasets, Daymet, PRISM, MERRA, and ERA5, in estimat-
ing means and extremes across the diverse climate zones of the Brazos River 
Basin in the United States. The evaluation spans 1998–2020 and examines the 
datasets’ ability to estimate maximum (Tmax) and minimum (Tmin) temperatures 
across daily, monthly, and annual scales. Additionally, the datasets’ ability to esti-
mate temperature extremes are assessed using 12 indices recommended by the 
Expert Team on Climate Change Detection and Indices (ETCCDI). The evalua-
tions were conducted using the Global Historical Climatology Network (GHCN) 
as the reference dataset. Four continuous statistical metrics were used to assess 
performance, and the overall ranking was determined using the Comprehensive 
Rating Index (CRI).
Results and discussion: The results indicate that dataset performance varies 
across climate zones, temporal scales, and specific temperature extremes. PRISM 
and Daymet demonstrated the highest accuracy in estimating daily Tmax and 
Tmin, respectively in most climate zones. For monthly and annual time scales, 
Daymet was most effective for estimating Tmax, and PRISM for Tmin. Conversely, 
MERRA showed the weakest performance for Tmax, and ERA5 for Tmin, across 
all temporal scales. In certain climate zones, reanalysis datasets are better than 
gauge-based datasets. For temperature extremes, PRISM outperformed the other 
datasets across most indices, while ERA5 showed the poorest performance for 
most of the indices. Thus, the study recommends selecting the highest-perform-
ing dataset for Tmax and Tmin separately, tailored to the temporal scale relevant 
to the study’s objectives.
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1 Introduction

Due to the logistical and financial challenges associated with 
installing a sufficient number of meteorological stations, particularly 
across both developed and developing regions, gridded temperature 
datasets have become indispensable tools for evidence-based decision-
making (Al-Sakkaf et al., 2024; Bodjrenou et al., 2023; Peng et al., 
2023; Lan et al., 2022). These datasets are extensively utilized in a wide 
range of applications, including hydrological modeling, climate pro-
jections, crop simulation, and various other environmental and agri-
cultural analyses (Smith et al., 2025; Tefera et al., 2025; Wang et al., 
2025; Gashaw et al., 2024; Araghi et al., 2022; Mihalevich et al., 2022). 
However, the performance of gridded temperature datasets can vary 
significantly across different geographic regions and temporal scales 
(Smith et al., 2025; Tadesse et al., 2025). Therefore, a comprehensive 
understanding of their spatiotemporal accuracy and reliability is 
essential to select the most appropriate dataset for specific decision-
making contexts.

Nevertheless, comprehensive evaluations of gridded temperature 
datasets remain limited both in the United States and globally. Most 
existing evaluations have primarily focused on gauge-based gridded 
temperature datasets, often using them as reference products in cli-
mate studies. Daymet (Tefera et al., 2025; Tefera et al., 2024) and 
PRISM are among the widely used temperature datasets in the United 
States (Newman et al., 2024). However, because these datasets are 
derived from observational station data through interpolation or sta-
tistical algorithms, their accuracy can be influenced by factors such as 
station density, topographic complexity, and the specific methodolo-
gies employed in their development (Mankin et al., 2025). 
Consequently, the performance of gauge-based gridded datasets is not 
uniform and may differ significantly by region and timescale (Tadesse 
et al., 2025; Tarek et al., 2020). Therefore, it is essential to rigorously 
evaluate these datasets themselves before applying them in research, 
modeling, and decision-making across diverse spatial and temporal 
contexts.

In several studies conducted globally, reanalysis datasets have 
been also employed either as benchmarks for evaluating gridded tem-
perature datasets, as inputs for modeling and too many other applica-
tions (Wang et al., 2025; Al-Sakkaf et al., 2024). For instance, ERA5 
was used to assess specific temperature datasets, temperature 
extremes, and as input for modeling studies worldwide (Al-Sakkaf et 
al., 2024; Almeida and Coelho, 2023; Alaminie et al., 2021). 
Additionally, MERRA have been widely applied for climate model 
evaluation, temperature extremes, and hydrological and climate mod-
eling across numerous watersheds worldwide (Gashaw et al., 2024; 
Valappil et al., 2023). However, as reanalysis datasets are not derived 
from direct observations but rather from a combination of model out-
puts and assimilated data, their accuracy and applicability can vary 
significantly across spatial and temporal scales. Thus, comprehensive 
validation of reanalysis datasets is essential before their use in scien-
tific and operational applications. Nevertheless, despite some evalua-
tion efforts in other parts of the world (Tadesse et al., 2025; McNicholl 
et al., 2022), studies assessing the performance of reanalysis tempera-
ture datasets within the United States remain notably limited.

Furthermore, previous evaluations of gridded temperature datas-
ets have often relied on areal averages over entire study domains, with-
out disaggregating performance by distinct climate regions. As a 
result, these studies have not adequately captured spatial variability in 
dataset performance. However, research conducted in North America 

(Smith et al., 2025; Tarek et al., 2020) and other global regions (Tadesse 
et al., 2025; Gashaw et al., 2023; McNicholl et al., 2022) has demon-
strated that the accuracy of gridded temperature datasets can differ 
significantly across climate zones. Additionally, many earlier evalua-
tions have focused on a single temporal scale, such as daily, monthly, 
or annual periods, without conducting a comprehensive assessment 
across multiple timeframes. Evidence from studies in diverse geo-
graphic settings indicates that the performance of temperature datas-
ets can vary considerably depending on the temporal resolution 
considered (Peng et al., 2023). Therefore, a multi-scale and climate-
region-specific evaluation is essential for accurately assessing the util-
ity of gridded temperature datasets.

Studies have largely overlooked the evaluation of gridded tem-
perature datasets in relation to temperature extremes (Bhattacharyya 
et al., 2025; Smith et al., 2025). The limited existing studies that have 
addressed extremes often failed to incorporate the full set of tempera-
ture extreme indices recommended by the Expert Team on Climate 
Change Detection and Indices (ETCCDI) (Tan et al., 2023; Lan et al., 
2022). Research has shown that the performance of gridded tempera-
ture datasets can vary significantly depending on the specific tempera-
ture extreme being considered. In addition, many prior evaluations 
have not assessed the datasets separately for maximum (Tmax) and 
minimum (Tmin) temperatures (Almeida and Coelho, 2023; Birkel et 
al., 2022). However, existing evidence highlights that the accuracy of 
gridded temperature products often differs between Tmax and Tmin 
(Tadesse et al., 2025), underscoring the importance of evaluating these 
variables independently to ensure robust and reliable analysis.

The Brazos River Basin is one of the largest and developed river 
systems (Lee and Singh, 2020; Damavandi et al., 2019; Vogl and Lopes, 
2009) in Texas and New Mexico. Studies conducted in parts of the 
river basin indicated that this area is experiencing hydrological 
changes such as a decrease in annual streamflow volume, declining 
peak flow during summer, and declining groundwater levels (Wolaver 
et al., 2024). Projection study also indicates an expected increase in 
temperature and temperature extreme indices across climate change 
scenarios (Tefera et al., 2024). Thus, reliable temperature data that 
estimates Tmax and Tmin across its diverse climate zones is vital for 
supporting evidence-based decision making. This study, therefore, 
evaluates the performance of both gauge-based and reanalysis gridded 
temperature products in estimating Tmax and Tmin at daily, monthly, 
and annual scales, as well as in capturing temperature extremes across 
the basin’s diverse climate zones. To the best of our knowledge, no 
previous study has comprehensively evaluated these datasets for esti-
mating Tmax and Tmin across multiple temporal scales and capturing 
temperature extremes across climate zones in this area. By identifying 
the top-performing products for each climate zone, our findings fur-
nish a crucial foundation for data-driven decision-making across the 
Brazos River Basin.

2 Study area and datasets

2.1 Study area

The Brazos River Basin covers approximately 117,519 km2 across 
Texas and New Mexico (Figure 1). Elevation ranges from 4 meters 
below sea level to 1,457 meters above sea level (m a.s.l), with a mean 
elevation of 524 m a.s.l. The basin encompasses nine climate 
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zones-Edwards Plateau (EP), High Plains (HP), Northeastern Plains 
(NEP), Southeastern Plains (SEP), Low Rolling Plains (LRP), East 
Texas (ET), South Central (SC), North Central (NC), and Upper Coast 
(UC) (Figure 1). The long-term mean annual (1998–2020) precipita-
tion values computed for each climate zone using GHCN data show 
substantial spatial variability, ranging from 496 mm in the HP climate 
zone to 1,206 mm in the SC climate zone. Over the same period, mean 
annual Tmax ranged from 23.6 °C in the HP climate zone to 26.7 °C 
in the ET climate zone, while mean annual Tmin varied from 7.5 °C 
in the HP climate zone to 15.1 °C in the ET climate zone, underscor-
ing pronounced climatic variability across the basin.

2.2 Datasets

This study utilized five datasets: GHCN, Daymet, PRISM, ERA5, 
and MERRA. GHCN provides station-based observations, whereas 
Daymet and PRISM are gauge-based gridded datasets. In contrast, 
ERA5 and MERRA-2 are reanalysis products. The primary reason for 
evaluating the aforementioned gauge-based and reanalysis gridded 
datasets in this study is that these products are widely used as bench-
marks in climate modeling and gridded temperature evaluation stud-
ies, as well as serving as inputs for numerous modeling applications 
(Wang et al., 2025; Al-Sakkaf et al., 2024; Newman et al., 2024; 
Valappil et al., 2023).

The GHCN dataset provides long-term, ground-based meteoro-
logical observations collected from thousands of weather stations 
distributed across the globe. Despite its extensive spatial reach, the 
number of stations and the length of available records differ substan-
tially from one region to another, reflecting variations in monitoring 
infrastructure and historical data availability (Menne et al., 2012). 
Because the GHCN archive is composed solely of in-situ measure-
ments taken directly at meteorological stations, the dataset is consid-
ered to represent purely observed, rather than modeled or remotely 
sensed, climate information. As a result, the GHCN dataset is used as 
a reference for evaluating various climate datasets and other applica-
tions in North America (Wang et al., 2024; Lee and Singh, 2020; 
Walton and Hall, 2018) and globally (Lan et al., 2022; McNicholl et al., 

2022). In this study, we similarly employed version 3 of the GHCN’s 
Tmax and Tmin data as reference for assessing the performance of 
Daymet, PRISM, ERA5, and MERRA temperature datasets.

Daymet is a station-based gridded product for North America 
with 1 km spatial and daily temporal resolution (Thornton et al., 
2021), available for 1980–2023. It is widely used in recent studies 
(Tefera et al., 2025; Newman et al., 2024; Tefera and Ray, 2024; Tefera 
et al., 2024). PRISM, likewise derived from meteorological stations 
across the conterminous United States, employs an elevation-aware 
interpolation scheme (Buban et al., 2020). It provides 4 km spatial and 
daily temporal resolution for 1981 to present. Since both products 
originate from observed data, PRISM, like Daymet, is frequently 
adopted as a reference dataset in diverse research applications 
(Newman et al., 2024). In this study, Daymet version 4 R1 was used.

MERRA provides global coverage at 0.5 ° × 0.625 ° (~50 km) spa-
tial resolution (Gelaro et al., 2017). Daily and hourly fields are available 
from 1981 to the present and from 2001 to the present, respectively. 
Owing to its broad temporal span and physically consistent reanalysis 
framework, MERRA is widely employed both as model input and as a 
benchmark dataset in the United States and elsewhere (Gashaw et al., 
2024; Valappil et al., 2023). Like MERRA, ERA5 supplies global 
reanalysis data (Hersbach et al., 2020). ERA5 data are available from 
1950 onward at a daily temporal resolution, with a spatial resolution 
of 0.25° (~30 km). This dataset is widely used both as input for models 
as a reference for evaluating other climate datasets, and many other 
applications across the United States (Ahn et al., 2024) and globally 
(Al-Sakkaf et al., 2024; Almeida and Coelho, 2023; Alaminie et al., 
2021). The version of MERRA evaluated in this study is version 2.

3 Methodology

The screening of GHCN meteorological stations in this study was 
conducted in two stages. In the first stage, all stations located within the 
study area were downloaded, resulting in a total of 304 stations. The 
second stage involved screening these stations for the study period 

FIGURE 1

Location of the study area and its corresponding climate zones. The abbreviations used for the climate regions are as follows: ET, East Texas; HP, High 
Plains; LRP, Low Rolling Plains; NC, North Central; SC, South Central; EP, Edwards Plateau; NEP, Northeastern Plains; SEP, Southeastern Plains; UC, 
Upper Coast.
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(1998–2020), during which stations lacking data at either the beginning 
or the end of the period were excluded. Applying these criteria, 18 mete-
orological stations that span five climate zones were identified and con-
tained less than 1.5% missing data. These climate zones include ET, HP, 
LRP, NC, and SC. Consequently, four climate zones-EP, NEP, SEP, and 
UC-were excluded from this study due to insufficient data. Among the 
18 selected stations, 11 are located in HP, 3 in NC, and 2 in LRP. The ET 
and SC zones are each represented by a single station, as no additional 
stations met the screening requirements. Consequently, analyses for the 
ET and SC zones were conducted using the available single stations.

Missing Tmax and Tmin data were imputed using the Multivariate 
Imputation by Chained Equations (MICE) package in R software 
(Buuren et al., 2025). The MICE algorithm fills missing values at an 
individual station by using the complete observations from all other 
stations as predictors. It generates multiple estimates for each gap, 
incorporates the associated uncertainties, and reports the correspond-
ing standard errors. Consequently, the MICE package is a widely 
accepted method for handling missing climate data (Tadesse et al., 
2025; Lebeza et al., 2024; Mohammed et al., 2022).

Since this study utilized station-based Tmax and Tmin data from 
the GHCN, while the evaluated datasets are gridded, a point-to-pixel 
evaluation approach was employed. This method aligns with previous 
studies that have used station observations to assess gridded climate 
datasets (Tadesse et al., 2025; Bodjrenou et al., 2023; Tan et al., 2023). 
Specifically, values from each gridded product were extracted at the 
geographic coordinates corresponding to the meteorological stations. 
To facilitate zonal analysis across the study River Basin, the selected 
stations were grouped according to their respective climate zones. For 
each zone, the station values were averaged to evaluate the perfor-
mance of the gridded datasets in estimating Tmax, Tmin, and tem-
perature extremes over the 1998–2020 period. Thus, no interpolation 
was applied. The performances of the studied gridded datasets were 
evaluated in the original datasets and therefore did not apply any bias 
correction in the assessment, which is aligned with these kinds of 
studies (Tadesse et al., 2025; Gashaw et al., 2023).

The performance of the studied datasets in estimating daily, 
monthly, and annual Tmax and Tmin across different climate zones was 
evaluated using four widely adopted statistical metrics: the correlation 
coefficient (R), Root Mean Square Error (RMSE), Percent Bias (PBIAS), 
and the Kling-Gupta Efficiency (KGE) (Aniley et al., 2025; Andrade et 
al., 2024; Deng et al., 2024; Luo et al., 2024; Almeida and Coelho, 2023). 
The correlation coefficient (R) quantifies the strength and direction of 
the linear relationship between the observed and estimated values, rang-
ing from −1 to 1. An R value of ±1 indicates a perfect positive or negative 
correlation. RMSE assesses the amount of estimation errors relative to 
the reference data, with values ranging from 0 to ∞; a value of 0 indicates 
perfect accuracy. PBIAS evaluates the average tendency of the estimated 
values to be larger or smaller than their observed counterparts. Positive 
PBIAS indicates underestimation, while negative values indicate overes-
timation. The optimal value is 0, representing no bias. KGE integrates 
correlation, variability, and bias into a single metric, with values ranging 
from -∞ to 1; 1 represents perfect agreement with the observed data.

To assess the capability of the studied temperature datasets in cap-
turing temperature extremes, this study employed all 12 indices 
(Table 1) recommended by the ETCCDI, which were computed with 
the RClimDex (1.0) software (Zhang and Yang, 2004) based on the 
daily Tmax and Tmin records. Unlike many previous evaluations that 
focus on a limited subset of extreme temperature indices (Tan et al., 
2023; Lan et al., 2022), this study incorporates the complete set to 

provide a comprehensive assessment. The inclusion of all temperature 
extremes ensures a more robust evaluation, recognizing that different 
datasets may perform better for specific types of extremes.

The overall performance rankings of the datasets for estimating 
Tmax and Tmin across various temporal scales and capturing tem-
perature extremes were determined using the Comprehensive Rating 
Index (CRI), consistent with approaches adopted in previous climate 
model evaluation studies (Drisya and Al-Zubari, 2025; Lebeza et al., 
2024; Du et al., 2022; Rivera and Arnould, 2020). The CRI integrates 
the number of performance metrics employed (four in this study), the 
total number of datasets evaluated (also four), and the rank assigned 
to each dataset for each metric. For a detailed description of the CRI 
methodology, readers are referred to the cited scientific publications.

4 Results

4.1 Performances for simulating Tmax

Along with Tmin, the performance of the studied gridded tem-
perature datasets in estimating daily, monthly, and annual Tmax is 

TABLE 1  Temperature extremes considered in this study.

Indices Index 
name

Definition of the 
index

Unit

TXx Max Tmax/

warmest day

Maximum value of daily 

maximum temperature

°C

TXn Min Tmax/

coldest day

Minimum value of daily 

maximum temperature

°C

TNx Max Tmin/

warmest night

Maximum value of daily 

minimum temperature

°C

TNn Min Tmin/

coldest night

Minimum value of daily 

minimum temperature

°C

TN10p Cool nights Percentage of days when 

TN < 10th percentile

%

TN90p Warm nights Percentage of days when 

TN > 90th percentile

%

TX10p Cool days Percentage of days when 

TX < 10th percentile

%

TX90p Warm days Percentage of days when 

TX > 90th percentile

%

WSDI Warm spell 

duration 

indicator

Annual count of days 

with at least 6 

consecutive days when 

TX > 90th percentile

Days

CSDI Cold spell 

duration 

indicator

Annual count of days 

with at least 6 

consecutive days when 

TN < 10th percentile

Days

SU25 Summer days Annual count when TX 

(daily 

maximum) > 25 °C

Days

FD0 Frost days Annual count when TN 

(daily minimum) < 0 °C

Days
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presented in Figures 2–6. For daily Tmax estimation, PRISM performs 
best in the HP, LRP, and SC climate zones, but ranks lowest in ET and 
NC (Figure 2). Daymet demonstrates the highest accuracy in ET and 
NC, and ranks second in LRP and third in the SC region. Together 
with MERRA, Daymet is also ranked third in the HP climate zone. 
ERA5 outperforms MERRA in HP, LRP, and SC. In contrast, MERRA 
performs better than ERA5 in ET and NC (Figure 2). Overall, PRISM 
is identified as the most accurate dataset for daily Tmax estimation. At 
the same time, MERRA shows the weakest performance in most cli-
mate zones.

Regarding estimation bias, most datasets underestimated daily 
Tmax across the climate zones, with the exception of MERRA in HP; 
MERRA and ERA5 in LRP; and Daymet and MERRA in SC (Figure 3). 
MERRA exhibited the highest estimation bias in HP and LRP, while 
ERA5 showed the highest bias in ET and NC. In SC, all datasets except 
PRISM displayed comparable levels of bias. Conversely, the datasets 
with the lowest estimation bias were PRISM in SC, Daymet in ET and 
LRP, ERA5 and Daymet in HP, and MERRA in NC (Figure 3).

At the monthly temporal scale, except in SC zone, Daymet is the 
best-performing dataset for estimating monthly Tmax across the 
remaining four climate zones, while PRISM ranks second in these 
climate zones (Figure 2). In the SC zone, PRISM is the leading dataset, 
while Daymet is the second-best dataset. The results indicate the per-
formance differences of the datasets across climate zones. ERA5 out-
performs MERRA in the HP and SC zones, while MERRA performs 
better than ERA5 in NC. In the remaining two zones, both MERRA 
and ERA5 exhibit comparably low performance. Overall, Daymet and 
MERRA are identified as the best and poorest datasets, respectively, 
for monthly Tmax estimation in most climate zones.

With respect to estimation bias, most datasets underestimated 
observed monthly Tmax, except for MERRA and ERA5 in LRP, and 
Daymet and MERRA in SC (Figure 4). MERRA shows the highest 
estimation bias in SC, LRP, and HP. At the same time, ERA5 exhibits 
the greatest bias in NC and ET. In contrast, the lowest estimation bias 
is observed for Daymet in ET and LRP, ERA5 in HP, MERRA in NC, 
and PRISM in SC.

Similar to the performance difference of the studied gridded tem-
perature datasets for estimating monthly Tmax across climate regions, 
the performance variations of the studied datasets for estimating 
Tmax across climate zones is also exhibited in the long-term (1998–
2020) monthly mean Tmax values (Figure 5). Majority of the higher 
biases are demonstrated from May to October (Figure 5). In addition 
to these months, in LRP climate zone, ERA5 has also showed higher 
biases from January to March.

At the annual temporal scale, Daymet is the best-performing data-
set in the ET, HP, and NC climate zones, while PRISM ranked second 
in these areas (Figure 2). Conversely, in the LRP and SC zones, PRISM 
leads in performance, followed by Daymet. MERRA is the poorest-
performing dataset in HP, LRP, and SC, while ERA5 shows the weak-
est performance in ET and NC. Overall, Daymet consistently ranks as 
the most accurate dataset, whereas MERRA performs the poorest 
across most of the studied climate zones.

With regard to estimation bias, most datasets underestimated 
annual Tmax, except for MERRA in HP; MERRA and ERA5 in LRP; 
and Daymet and MERRA in SC. The highest estimation biases are 
observed for ERA5 in ET and NC and MERRA in HP, LRP, and SC. In 
contrast, the lowest estimation biases are recorded for Daymet in ET 
and LRP; Daymet and ERA5 in HP; MERRA in NC; and PRISM in SC 
(Figure 6).

4.2 Performances for simulating Tmin

Daymet is the best-performing dataset for estimating Tmin in 
the HP, LRP, and NC climate zones at the daily temporal scale, with 
PRISM ranking second in these areas. In SC, PRISM ranks highest, 
followed by Daymet. However, both Daymet and PRISM perform 
poorly in the ET zone, where they are the lowest-ranking datasets 
(Figure 2). In contrast, ERA5 is the poorest-performing dataset 
across the remaining climate zones. Overall, Daymet demonstrates 
the best performance, while ERA5 shows the weakest performance 
for estimating daily Tmin in the majority of the studied cli-
mate zones.

For monthly Tmin estimation, PRISM is the best-performing 
dataset in all climate zones except HP, where Daymet ranks first 
(Figure 2). Daymet is the second-best performer in LRP, NC, and 
SC. The poorest performance is observed for ERA5 in HP, LRP, NC, 
and SC, and Daymet in the ET zone. These findings indicate that the 
performance of the datasets for estimating monthly Tmin varies across 
climate zones. Thus, PRISM is identified as the most reliable dataset 
for estimating monthly Tmin, while ERA5 is the least reliable in most 
climate zones. The long-term (1998–2020) monthly mean Tmin values 
of the datasets also indicate the performances variations of the studied 
datasets across climate zones (Figure 5). For estimating the long-term 
monthly average Tmin, ERA5 and MERRA in HP, LRP and SC, ERA5 
in NC, and Daymet and ERA5 in ET showed higher biases compared 
to the observed dataset (Figure 5).

At the annual temporal scale, PRISM is the best-performing data-
set for estimating Tmin in the ET, LRP, and NC climate zones. It also 
ranks second in HP and, along with MERRA in SC (Figure 2). Daymet 
ranks first in HP and SC, and second in LRP and NC. Among the 
studied datasets, ERA5 in HP, LRP, NC and SC, and Daymet in ET 
exhibits the weakest performance. Overall, PRISM is the most reliable 
dataset for estimating annual Tmin, while ERA5 is the least reliable 
across most climate zones.

Regarding estimation bias, except ERA5 in ET, and MERRA and 
ERA5 in HP and LRP climate zones, the remaining datasets underes-
timated Tmin across daily, monthly, and annual temporal scales in ET, 
HP, and LRP climate zones. Conversely, in the SC zone, except 
Daymet, all datasets overestimated Tmin at the studied temporal 
scales. Likewise, except Dayemt for daily and monthly periods, and 
Daymet and ERA5 for annual time scales, the remaining datasets have 
overestimation bias in the NC climate zone (Figure 6). ERA5 exhibits 
the highest estimation bias for Tmin across daily, monthly, and annual 
scales in HP, LRP, NC, and SC. In contrast, Daymet shows the greatest 
bias in ET. In contrast, PRISM demonstrates the lowest estimation bias 
across these time steps in all climate zones except HP (Figure 3).

4.3 Performances for simulating 
temperature extremes

The performance of the evaluated datasets in estimating various 
temperature extremes is detailed in Figure 7 and Tables 2–7. Daymet 
consistently demonstrates superior accuracy for estimating TXx in the 
HP and LRP climate zones and ranks second in the NC and SC zones 
(Figure 7). In the ET zone, Daymet and PRISM are better than other 
gridded data. In contrast, ERA5 exhibits the poorest performance in 
the NC and ET zones, while MERRA is the lowest-performing dataset 
in the HP zone. Both ERA5 and MERRA show comparably weak per-
formance in the LRP and SC zones. Overall, Daymet stands out as the 
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FIGURE 2

Overall ranking of gridded temperature products for simulating Tmax (left) and Tmin (right) across daily, monthly, and annual temporal scales in different 
climate zones. The abbreviations used for the climate regions are given in Figure 1.
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best-performing dataset, whereas ERA5 performs the poorest in esti-
mating TXx.

Regarding estimation bias, except ERA5, all datasets tend to over-
estimate TXx in the SC, HP and LRP climate zones. Conversely, in the 
ET and NC zones, all datasets except MERRA demonstrate underes-
timation bias (Table 2). While ERA5 displays the highest estimation 
bias in the ET and NC climate zones, MERRA exhibits the greatest 
bias for TXx across the other three climate zones. The lowest estima-
tion biases are found in Daymet (ET, HP, and LRP), PRISM (NC), and 
both Daymet and PRISM in the SC region (Table 2).

For estimating TXn, Daymet demonstrated leading performance 
in the ET, HP, LRP, and NC climate zones, while PRISM was the top-
performing dataset in the SC area (Figure 7). PRISM ranked as the 
second-best dataset in the ET and HP climate zones. Alongside ERA5 
in the LRP and NC regions, PRISM consistently held the second posi-
tion in terms of performance. Conversely, the poorest-performing 
datasets for estimating TXn were ERA5 (ET, HP, and SC) and MERRA 

(LRP and NC). Overall, Daymet and ERA5 represent the best and 
poorest performing datasets, respectively, across most climate zones 
of the Brazos River Basin for estimating TXn (Figure 7).

Regarding estimation bias for TXn, all evaluated datasets in the 
SC zone exhibit an overestimation bias (Table 2). Except PRISM, the 
remaining datasets show overestimation bias in the ET zone. 
Conversely, in the HP and NC zones, Daymet, MERRA, and ERA5 
tend to underestimate TXn, while PRISM shows overestimation bias. 
In the LRP zone, both Daymet and PRISM overestimate observed 
TXn, whereas MERRA and ERA5 underestimate it. The largest esti-
mation biases are observed in ERA5 for the ET, HP, and SC zones, and 
in PRISM for the LRP and NC zones. Conversely, the lowest estima-
tion biases are associated with Daymet in the ET, HP, LRP, and NC 
zones, while PRISM exhibits the minimum estimation bias in the SC 
area (Table 2).

For TNx estimation, PRISM leads in the ET, LRP, and NC climate 
zones, while Daymet is the top-performing dataset in the HP zone 
(Figure 7). Both Daymet and PRISM perform equally well as the best 
datasets for estimating TNx in the SC area. In contrast, ERA5 ranks 
lowest in the NC and SC climate zones; ERA5 and Daymet show the 
poorest performance in the ET zone; and both MERRA and ERA5 
exhibit the lowest performance in the HP and LRP zones. Overall, 
PRISM and ERA5 represent the best and poorest performing datasets 
for estimating TNx (Figure 7).

The estimation bias and direction of the studied datasets for TNx 
vary across climate zones. In the HP, LRP, NC, and SC zones, MERRA 
and ERA5 show an overestimation bias, whereas Daymet and PRISM 
tend to underestimate TNx (Table 3). In the ET zone, all datasets 
except ERA5 display an underestimation bias. The greatest estimation 
bias is observed in ERA5 (HP, LRP, and NC), MERRA (SC), and 
Daymet (ET). Conversely, the lowest estimation bias is found in 
PRISM (LRP, NC, and SC), MERRA (ET), and Daymet (HP).

For estimating TNn, PRISM is the top-performing dataset in the 
ET, LRP, and SC climate zones (Table 3). PRISM ranks as the second-
best dataset in the NC zone. On the other hand, Daymet leads in the 
NC zone and ranks second in the SC, LRP, and ET climate zones. Both 
Daymet and PRISM are the best-performing datasets in the HP cli-
mate zone. ERA5 exhibits the poorest performance in the ET and SC 
zones, while MERRA is the lowest-performing dataset in the HP and 
LRP zones. In the NC zone, ERA5 and MERRA show comparable low 
performance. PRISM is the best dataset for estimating TNn, whereas 
ERA5 and MERRA are the poorest performers (Table 3).

Concerning estimation bias, in the ET, LRP, and SC climate zones, 
all datasets except Daymet underestimate the observed TNn, while all 
datasets exhibit underestimation bias in the NC climate zone (Table 3). 
In the HP zone, Daymet and PRISM display overestimation bias, 
whereas ERA5 and MERRA tend to underestimate TNn. With respect 
to the magnitude of estimation bias, the highest biases are observed in 
ERA5 (ET, NC, and SC) and MERRA (HP and LRP). Conversely, the 
lowest estimation biases are found in Daymet (HP, LRP, and NC), 
PRISM (SC), and MERRA (ET).

For TN10p estimation, PRISM is the best-performing dataset in 
the ET, LRP, and NC climate zones, while ranking second in the HP 
zone (Figure 7). Conversely, Daymet leads in the HP and ranks second 
in ET, LRP, and NC climate zones. In SC, both Daymet and MERRA 
have comparable best performance. ERA5 is the poorest-performing 
dataset in the ET, HP, and NC zones. In the SC zone, both ERA5 and 
PRISM demonstrate the lowest performance. Additionally, MERRA 
exhibits the poorest performance in the LRP zone. Overall, PRISM 

FIGURE 3

Performance of gridded temperature datasets in simulating daily 
Tmax (left) and Tmin (right) across different climate zones of the 
Brazos River Basin. The abbreviations used for the climate regions are 
given in Figure 1.
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and ERA5 represent the best and poorest datasets in most climate 
zones, respectively, for estimating TN10p.

Regarding estimation bias, all datasets exhibit overestimation bias 
for TN10p in the ET, LRP, and NC zones (Table 4). In the SC zone, all 
datasets except PRISM show overestimation. In the HP zone, Daymet 
and ERA5 exhibit overestimation bias, whereas PRISM and MERRA 
show underestimation issues. The maximum estimation bias is 
observed in ERA5 (ET and SC), PRISM (HP), Daymet and MERRA 

(LRP), and Daymet (NC) (Table 4). Conversely, with the exception of 
the HP climate zone, PRISM demonstrates the lowest estimation bias.

The best dataset for estimating TN90p is PRISM in the ET, LRP, 
and NC zones, while Daymet leads in the SC zone (Figure 7). Both 
PRISM and Daymet rank first in the HP zone. Except for the ET cli-
mate zone, where MERRA is the lowest-performing dataset, ERA5 is 
the poorest performer across the remaining climate regions. Overall, 
PRISM is the best-performing dataset in most climate zones, whereas 

FIGURE 4

Monthly performance of gridded temperature datasets for Tmax (left) and Tmin (right). The abbreviations used for the climate regions are given in 
Figure 1.
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ERA5 is the least performing dataset for estimating TN90p in most 
climate zones (Figure 7).

Regarding estimation bias for TN90p, all datasets exhibit overes-
timation bias in the ET, LRP, NC, and SC zones, whereas they show 
underestimation bias in the HP zone (Table 4). The highest estimation 
bias is observed in Daymet for the ET, NC, and SC zones, while ERA5 
in HP and PRISM in LRP also exhibit significant estimation bias. The 
lowest estimation biases are found in PRISM (ET and HP), MERRA 
(LRP and NC), and ERA5 (SC).

PRISM is the best-performing dataset for estimating TX10p 
across all studied climate zones (Figure 7). Daymet ranks as the sec-
ond-best dataset in the ET, HP, NC, and SC regions and holds the 
third position in the LRP area. MERRA is the poorest-performing 

dataset in the ET, LRP, and NC climate zones. In the HP and SC zones, 
both MERRA and ERA5 exhibit comparably low performance. 
Overall, PRISM emerges as the best dataset, while MERRA is the 
poorest performer for estimating TX10p in most climate zones 
(Figure 7).

Regarding estimation bias for TX10p, all datasets exhibit overes-
timation bias in the ET, HP, LRP, and SC climate zones (Table 5). 
Conversely, in the NC zone, all datasets except ERA5 show underes-
timation bias. Except for the HP climate zone, where MERRA displays 
the greatest estimation bias, the highest biases in the remaining four 
climate zones are observed in ERA5. Conversely, the lowest estimation 
biases are found in PRISM (ET, LRP, and NC), ERA5 (HP), and 
MERRA (SC) (Table 5).

Concerning the performance of the datasets for estimating 
TX90p, PRISM is the best-performing dataset in the ET, LRP, and NC 
zones, while ranking second in the HP and SC climate zones 
(Figure 7). Conversely, Daymet leads in the HP and SC zones and 

FIGURE 5

Long-term monthly average Tmax (left) and Tmin (right) of GHCN 
(observed data) and other gridded precipitation products across 
different climate zones. The abbreviations used for the climate 
regions are given in Figure 1.

FIGURE 6

Performance of the temperature products in simulating annual Tmax 
(left) and Tmin (right). The abbreviations used for the climate regions 
are given in Figure 1.
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ranks second in the LRP zone. In the ET zone, Daymet and ERA5 
share a comparable second-place performance. In the NC zone, 
Daymet’s performance is lower than that of MERRA. The poorest-
performing datasets include MERRA (ET and LRP) and ERA5 (HP, 
NC, and SC). Overall, PRISM and ERA5 represent the best and poor-
est datasets, respectively, for estimating TX90p in most climate zones.

Regarding estimation bias for TX90p, all datasets exhibit overes-
timation bias in the ET, LRP, and SC climate zones (Table 5). In the 
HP zone, PRISM and MERRA have overestimation bias whereas the 
remaining two datasets contain underestimation bias. In the NC zone, 
Daymet and PRISM demonstrate overestimation bias, whereas 
MERRA and ERA5 exhibit underestimation bias. The highest estima-
tion biases are observed in Daymet and MERRA (ET), ERA5 (HP), 
MERRA (LRP), Daymet (NC), and both PRISM and MERRA (SC). 
Conversely, the lowest estimation biases are found in ERA5 (ET and 
SC), Daymet (HP), Daymet and ERA5 (LRP), and MERRA and 
ERA5 (NC).

PRISM outperforms other datasets for estimating WSDI in the ET 
and SC climate zones, whereas Daymet is the leading dataset in the 

NC zone (Figure 7). Both Daymet and PRISM share the top position 
in the LRP zone. In the HP zone, although both Daymet and PRISM 
perform below ERA5 and MERRA, Daymet’s performance surpasses 
that of PRISM. Thus, for WSDI estimation, PRISM and Daymet dem-
onstrate comparable, leading performance. The lowest-performing 
datasets include MERRA (ET, LRP, and SC), PRISM (HP), and ERA5 
(NC). Notably, in the HP zone, both ERA5 and MERRA outperform 
relative to the gauge-based datasets Daymet and PRISM. Overall, 
PRISM and Daymet exhibit similarly strong performance, while 
MERRA is the poorest-performing dataset for estimating WSDI 
across most climate zones.

Regarding estimation bias, all datasets in the ET climate zone, 
and Daymet, PRISM, and MERRA in the SC climate zone exhibit 
overestimation of WSDI, whereas all studied datasets show underes-
timation bias in the remaining three climate zones (Table 6). The 
highest estimation biases are observed in MERRA (ET, LRP, and SC) 
and PRISM (HP and NC). Conversely, the lowest estimation biases 
are exhibited by ERA5 (ET, HP, LRP, and SC) and Daymet (NC) 
(Table 6).

FIGURE 7

Overall performance of gridded temperature products in simulating temperature extremes across different climate zones. The abbreviations used for 
the climate regions are given in Figure 1.
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TABLE 2  Performance of the gridded datasets in estimating TXx and TXn across the climate zones of the study area.

Climate 
regions

Datasets TXx TXn

R RMSE PBIAS KGE R RMSE PBIAS KGE

ET

Daymet 0.96 0.65 1.1 0.96 0.97 0.82 −23.2 0.76

PRISM 0.97 0.74 1.6 0.97 0.91 1.15 27 0.7

MERRA 0.85 1.34 −2.2 0.83 0.85 1.44 −25.3 0.7

ERA5 0.64 1.71 2.6 0.51 0.71 1.44 −38.3 0.62

HP

Daymet 0.97 0.4 −0.3 0.97 0.96 0.86 1.2 0.93

PRISM 0.97 0.45 −0.4 0.92 0.98 0.86 −13.56 0.84

MERRA 0.95 1.66 −4 0.91 0.84 0.86 48.2 0.48

ERA5 0.95 1.19 2.7 0.93 0.71 0.86 49 0.49

LRP

Daymet 0.98 0.32 −0.2 0.96 0.87 1.47 −14.9 0.8

PRISM 0.95 0.59 −0.75 0.95 0.9 1.88 −55.8 0.42

MERRA 0.89 1.48 −3.1 0.87 0.75 2 29.6 0.52

ERA5 0.87 0.95 1.2 0.85 0.84 1.96 39.8 0.56

NC

Daymet 0.96 0.63 1.2 0.96 0.91 1.18 4.6 0.89

PRISM 0.97 0.38 0.3 0.96 0.91 1.22 −62.2 0.64

MERRA 0.85 1.41 −2.6 0.77 0.74 1.91 24 0.43

ERA5 0.84 1.71 3.7 0.78 0.95 1.22 26.9 0.22

SC

Daymet 0.89 0.91 −0.2 0.81 0.95 1.49 −85.1 0.44

PRISM 0.93 0.78 −0.2 0.81 0.99 0.44 −11.1 0.88

MERRA 0.77 1.95 −3.5 0.76 0.79 2.52 −96.4 0.46

ERA5 0.72 1.54 1.4 0.45 0.72 2.85 −99.2 0.55

TABLE 3  Performance metrics of gridded temperature datasets for estimating TNx and TNn.

Climate 
regions

Datasets TNx TNn

R RMSE PBIAS KGE R RMSE PBIAS KGE

ET

Daymet 0.62 1.46 4.9 0.62 0.95 1.09 −15.09 0.82

PRISM 0.7 0.66 1.4 0.67 0.98 0.48 5.5 0.94

MERRA 0.41 0.83 0.3 0.41 0.84 1.18 1.8 0.61

ERA5 0.55 0.86 −2.1 0.5 0.82 2.01 31 0.62

HP

Daymet 0.97 0.23 0.2 0.96 1 0.24 −0.4 0.99

PRISM 0.97 0.81 3 0.9 1 0.22 −0.7 0.99

MERRA 0.75 2.53 −10.8 0.55 0.74 4.27 29 0.48

ERA5 0.82 2.92 −12.8 0.59 0.59 3.52 20.6 0.51

LRP

Daymet 0.97 0.81 3 0.9 0.98 0.44 −0.6 0.97

PRISM 0.94 0.42 0.8 0.93 0.99 0.31 0.7 0.99

MERRA 0.72 1.52 −4.9 0.66 0.76 2.74 22.5 0.51

ERA5 0.91 2.38 −9.1 0.76 0.75 2.47 18.4 0.68

NC

Daymet 0.63 1.05 2.2 0.53 0.98 0.55 2.8 0.92

PRISM 0.76 0.72 0.1 0.69 0.98 0.78 6.3 0.91

MERRA 0.73 1.27 −3.8 0.73 0.5 2.83 21.5 0.26

ERA5 0.63 1.99 −6.8 0.61 0.75 3.28 31 0.59

SC

Daymet 0.71 0.85 2.3 0.71 0.92 1.05 −6.8 0.83

PRISM 0.61 0.69 0.4 0.6 0.92 0.98 0.6 0.85

MERRA 0.61 0.98 −2.7 0.59 0.79 1.58 4.7 0.59

ERA5 0.41 1.65 −2.6 0.33 0.82 2.13 31.8 0.59
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TABLE 4  Performance metrics of the datasets for estimating TN10p and TN90p across different climate zones.

Climate 
regions

Datasets TN10p TN90p

R RMSE PBIAS KGE R RMSE PBIAS KGE

ET

Daymet 0.66 3.22 −11.3 0.59 0.69 3.75 −21.3 0.6

PRISM 0.97 1.27 −9.8 0.9 0.95 1.69 −12.1 0.87

MERRA 0.49 3.9 −11.8 0.43 0.64 4.17 −18.5 0.5

ERA5 0.44 3.9 −12.6 0.37 0.81 2.95 −14.9 0.69

HP

Daymet 0.96 0.97 −0.1 0.91 0.98 0.73 0.7 0.95

PRISM 0.96 0.94 1.3 0.94 0.97 0.85 0.3 0.95

MERRA 0.71 2.52 0.3 0.71 0.9 2.27 0.5 0.65

ERA5 0.59 2.89 −1 0.59 0.9 3 1.3 0.47

LRP

Daymet 0.86 1.82 −3.4 0.85 0.97 1.4 −4 0.88

PRISM 0.92 1.34 −1.4 0.91 0.98 1.14 −4.9 0.93

MERRA 0.73 2.37 −3.4 0.7 0.89 2.31 −3 0.88

ERA5 0.8 2.08 −1.8 0.79 0.92 2.46 −4.5 0.75

NC

Daymet 0.94 1.28 −1.7 0.84 0.88 2.74 −2.5 0.83

PRISM 0.96 0.96 −0.4 0.93 0.97 1.34 −1.5 0.95

MERRA 0.74 2.49 −1.5 0.72 0.93 1.88 −0.7 0.93

ERA5 0.51 3.39 −0.9 0.49 0.81 3.28 −1.8 0.8

SC

Daymet 0.75 2.82 −16 0.68 0.76 3.61 −19.1 0.69

PRISM 0.57 3.33 12.1 0.54 0.7 3.99 −13.3 0.6

MERRA 0.68 2.75 −15.9 0.6 0.65 3.94 −15.4 0.66

ERA5 0.63 2.97 −16.4 0.57 0.64 3.99 −13 0.6

TABLE 5  Statistical metrics indicating the performance of the studied datasets in estimating TX10p and TX90p across climate zones.

Climate 
regions

Datasets TX10p TX90p

R RMSE PBIAS KGE R RMSE PBIAS KGE

ET

Daymet 0.94 1.39 −9.2 0.87 0.98 2.54 −18.8 0.75

PRISM 0.98 0.98 −7.6 0.91 0.99 1.91 −16.7 0.82

MERRA 0.71 2.96 −7.9 0.5 0.94 3.19 −18.8 0.77

ERA5 0.78 2.26 −9.3 0.73 0.87 3.88 −16.3 0.79

HP

Daymet 0.97 0.66 −1 0.96 0.99 0.7 0.3 0.97

PRISM 0.98 0.56 −1.3 0.96 0.98 1.05 −0.46 0.92

MERRA 0.94 1.24 −1.7 0.75 0.95 1.73 −0.4 0.93

ERA5 0.82 1.81 −0.5 0.74 0.97 1.75 0.5 0.8

LRP

Daymet 0.84 1.8 −1.6 0.83 1.98 1.41 −0.9 0.95

PRISM 0.9 1.34 −1.1 0.88 0.99 0.89 −1 0.99

MERRA 0.69 2.52 −1.6 0.68 0.89 2.87 −2 0.89

ERA5 0.94 1.06 −1.8 0.93 0.96 1.79 −0.9 0.95

NC

Daymet 0.93 1.32 0.7 0.93 0.95 2.22 −1.9 0.95

PRISM 0.96 1.05 0.4 0.95 0.99 0.99 −1.2 0.96

MERRA 0.85 1.98 0.8 0.84 0.96 2.05 0.3 0.94

ERA5 0.91 1.49 −0.9 0.89 0.84 3.95 0.3 0.81

SC

Daymet 0.88 1.96 −7.66 0.85 0.92 3.79 −12.3 0.85

PRISM 0.94 1.42 −6.8 0.91 0.94 3.37 −12.8 0.84

MERRA 0.56 3.82 −4.6 0.52 0.8 5.57 −12.8 0.75

ERA5 0.69 2.86 −8.1 0.67 0.64 6.98 −10.8 0.56
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TABLE 6  Performance of the datasets in estimating WSDI and CSDI across climate zones.

Climate 
regions

Datasets WSDI CSDI

R RMSE PBIAS KGE R RMSE PBIAS KGE

ET

Daymet 0.98 7.65 −69.7 0.13 0.57 7.52 −85 0.24

PRISM 0.98 4.25 −41.2 0.54 0.63 2.19 −40 0.42

MERRA 0.93 9.87 −70.14 0.35 0.46 3.88 −90 0.24

ERA5 0.77 9.97 −32.8 0.49 0.34 3.41 −70 0.23

HP

Daymet 0.94 3.4 25.2 0.71 0.73 2.22 −3.2 0.68

PRISM 0.93 3.4 26.1 0.7 0.59 2.73 −6.5 0.56

MERRA 0.96 3.04 25.2 0.68 0.26 4.87 −32.3 0.21

ERA5 0.94 3.26 20.2 0.78 0.26 5.5 −51.6 0.18

LRP

Daymet 0.92 4.6 12 0.79 0.73 3.31 −99 0.42

PRISM 0.95 3.84 23.9 0.75 0.41 2.8 −111 0.3

MERRA 0.87 6.57 29.1 0.5 0.36 2.8 −89 0.25

ERA5 0.86 5.83 9.4 0.82 0.43 6.03 101.3 0.33

NC

Daymet 0.96 5 29.6 0.62 0.67 2.48 −32 −0.4

PRISM 0.97 5.25 44.2 0.52 0.67 2.29 76.5 0.44

MERRA 0.92 7.05 32.7 0.51 0.48 3.39 28 0.22

ERA5 0.83 8.78 43.1 0.39 0.43 5.93 −76 0.33

SC

Daymet 0.89 10.07 −54.8 0.39 0.52 2.91 −10.7 0.47

PRISM 0.93 6.49 −20.6 0.78 0.63 3.33 −39.3 0.46

MERRA 0.74 12.99 −61.9 0.32 0.54 3 −17.9 0.43

ERA5 0.6 13.19 9.7 0.48 0.55 2.42 25 0.47

TABLE 7  Performance of the datasets in estimating SU25 and FD0 across the climate zones.

Climate 
regions

Datasets SU25 FD0

R RMSE PBIAS KGE R RMSE PBIAS KGE

ET

Daymet 0.95 4.36 −0.8 0.87 0.71 9.98 −62 0.26

PRISM 0.98 3.15 1 9.2 0.95 3.71 −24.7 0.75

MERRA 0.83 10.23 2.9 0.72 0.67 5.92 −24.7 0.59

ERA5 0.83 10.23 3 0.77 0.64 7.82 46.8 0.32

HP

Daymet 0.98 2.23 −0.3 0.93 0.98 2.44 −0.5 0.98

PRISM 0.97 2.6 0.5 0.88 0.98 3.25 −2 0.95

MERRA 0.89 7.05 −2.7 0.79 0.86 7 24.46 0.68

ERA5 0.9 6.42 1.6 0.68 0.64 9.61 49 0.51

LRP

Daymet 0.93 6.57 −2.6 0.91 0.96 6.23 −9.5 0.68

PRISM 0.95 4.15 −1.1 0.94 0.95 6.7 −11 0.74

MERRA 0.7 11.88 −4.4 0.69 0.85 8.64 12 0.63

ERA5 0.86 10.78 −4.6 0.85 0.85 23.68 44.9 0.61

NC

Daymet 0.91 5.12 0.6 0.91 0.91 4.21 2.6 0.88

PRISM 0.94 4.05 0 0.94 0.93 3.74 −1.6 0.92

MERRA 0.81 7.46 0.6 0.81 0.79 8.83 13.8 0.75

ERA5 0.75 8.91 1.7 0.75 0.79 9.18 21.3 0.74

SC

Daymet 0.92 8.9 −2.9 0.84 0.86 4.33 −14.5 0.77

PRISM 0.92 7.24 −1.7 0.82 0.81 5.02 −14.8 0.76

MERRA 0.69 12.44 −1.6 0.68 0.67 5.8 13.3 0.59

ERA5 0.67 12.34 1.9 0.65 0.67 10.94 50.96 0.54
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For estimating CSDI, Daymet is the leading dataset in the HP and 
LRP climate zones. It ranks as the second-best performing dataset in 
the SC zone (Figure 7). Alongside ERA5, Daymet is also the second-
best performing dataset in the ET zone. Together with PRISM, 
Daymet ranks as the top dataset in the NC zone. The lowest-perform-
ing datasets are MERRA (ET), ERA5 (HP and NC), PRISM and ERA5 
(LRP), and PRISM and MERRA (SC) (Figure 7). In the SC zone, 
ERA5 is the leading dataset and holds a comparable second-place 
ranking with Daymet in the ET zone. Similarly, MERRA outperforms 
PRISM in the LRP zone. These results underscore that, in certain cli-
mate zones, reanalysis datasets demonstrate better or comparable 
performance relative to gauge-based datasets. Overall, Daymet 
emerges as the best-performing dataset, while ERA5 is the poorest 
performer across most climate zones (Figure 7).

Regarding estimation bias for CSDI, all datasets exhibit overesti-
mation bias in the ET and HP climate zones (Table 6). Similarly, in the 
LRP and SC zones, all datasets except ERA5 show overestimation bias. 
In the NC zone, Daymet and ERA5 display overestimation bias, 
whereas the other two datasets exhibit underestimation bias. The 
highest estimation biases are observed in PRISM (LRP, NC, and SC), 
MERRA (ET), and ERA5 (HP). In contrast, the lowest estimation 
biases are found in Daymet (HP and SC), MERRA (LRP and NC), and 
PRISM (ET) (Table 6).

For SU25 estimation, except for the HP zone, PRISM is the lead-
ing dataset in four climate zones, whereas Daymet is the second-per-
forming dataset in these zones (Figure 7). In the HP zone, Daymet is 
the top-performing dataset, whereas PRISM is situated second. The 
poorest-performing datasets include MERRA in the HP and LRP 
zones, and ERA5 in the NC and SC zones. Both MERRA and ERA5 
exhibit similarly low performance in the ET zone. Overall, PRISM 
emerges as the best dataset across most studied climate zones, while 
MERRA and ERA5 are equally the poorest performers (Figure 7).

Regarding estimation bias for SU25, all studied datasets display 
overestimation bias in the LRP zone (Table 7). Additionally, except for 
ERA5, the other datasets exhibit overestimation bias in the SC zone. 
In the NC zone, all datasets except PRISM, which shows no bias, have 
underestimation bias. Similarly, in the ET zone, all datasets except 
Daymet tend to underestimate SU25. In the HP zone, Daymet and 
MERRA exhibit overestimation bias, while the remaining datasets 
show underestimation bias (Table 7). The highest estimation biases are 
observed in ERA5 (ET, LRP, and NC), MERRA (HP), and Daymet 
(SC). In contrast, the lowest estimation biases are found in Daymet 
(ET and HP), PRISM (LRP and NC), and MERRA (SC).

The performance of datasets for estimating FD0 varies notably 
across the Brazos River Basin climate zones (Figure 7). Daymet dem-
onstrates superior performance in the HP, LRP, and SC zones, yet 
ranks lowest in the ET zone, highlighting zonal differences in its effec-
tiveness. In contrast, reanalysis datasets such as MERRA and ERA5 
outperform Daymet-a gauge-based dataset-in the ET zone. PRISM 
consistently ranks as the best dataset in the ET and NC zones and 
holds second place in the remaining three climate zones. ERA5 per-
forms poorly in the HP, LRP, NC, and SC zones. Overall, Daymet 
emerges as the most reliable dataset for FD0 estimation, while ERA5 
generally underperforms across most zones (Figure 7).

Regarding estimation bias, Daymet and PRISM tend to overesti-
mate FD0 in the HP, LRP, and SC zones, whereas MERRA and ERA5 
exhibit underestimation bias in these areas (Table 7). In the NC zone, 
all datasets except PRISM underestimate FD0. Conversely, in the ET 
zone, all datasets except ERA5 tend to overestimate. This variation 

underscores that the direction and magnitude of estimation bias are 
region-dependent. The highest bias occurs with Daymet in the ET 
zone, while ERA5 exhibits the greatest bias in the other zones. 
Conversely, the lowest estimation biases are associated with PRISM in 
the NC zone, Daymet in HP and LRP, MERRA in SC, and both PRISM 
and MERRA in ET.

5 Discussion

The performance of the evaluated temperature datasets varies 
notably across distinct climate zones. For instance, PRISM demon-
strated the highest accuracy in estimating daily Tmax in the HP, LRP, 
and SC climate zones; however, it exhibited the poorest performance 
in the ET and NC zones. Similarly, ERA5 was the most accurate data-
set for estimating WSDI in the HP climate zone, but it is the poorest 
dataset in the NC climate zone. These spatial inconsistencies in dataset 
performance across climate zones observed in our study align with 
findings reported in other studies conducted in North America (Smith 
et al., 2025; Tarek et al., 2020) and globally (Gashaw et al., 2023; 
McNicholl et al., 2022). For example, Smith et al. (2025) reported that 
the performance of the dataset varies across different regions in the 
United States.

The variations in dataset performance across climate regions 
and temperature indices have important implications for climate 
studies, impact assessments, and decision-making processes 
(Bhattacharyya et al., 2025; Smith et al., 2025; Schreiner-McGraw 
and Ajami, 2022). First, the findings underscore the need for zonal-
specific validation before selecting a dataset for applications such as 
hydrological modeling, agricultural planning, or extreme weather 
analysis (Tadesse et al., 2025; Gashaw et al., 2023). Relying on a 
single dataset without considering its spatial performance may lead 
to biased or unreliable outcomes, particularly in areas where the 
dataset underperforms (Xie et al., 2025). Additionally, the observed 
inconsistencies highlight the importance of multi-dataset 
approaches or ensemble methods to improve reliability and reduce 
uncertainty in climate-related analyses.

The findings of our study also reveal that the most suitable 
dataset for estimating temperature varies across daily, monthly, 
and annual temporal scales. For example, PRISM best estimated 
daily Tmax, while Daymet outperformed at monthly and annual 
scales. Conversely, Daymet was most accurate for daily Tmin, 
while PRISM performed better at monthly and annual temporal 
scales across most climate zones. The results also indicated that 
the widely used reanalysis datasets, such as ERA5 and MERRA are 
neither good nor poor for both Tmax and Tmin. In our study, 
MERRA exhibits the poorest performance for Tmax, while ERA5 
performs the worst for Tmin. These findings are consistent with 
Tadesse et al. (2025)‘s evaluations of ERA5 and MERRA, who 
reported that the most effective datasets for estimating Tmax and 
Tmin at the daily scale in Ethiopia are not identical. Given the 
widespread use of ERA5 and MERRA globally, applying the same 
dataset for both Tmax and Tmin may introduce greater uncer-
tainty compared to using the most suitable dataset for each vari-
able separately.

Our findings also demonstrate that although PRISM is better than 
Daymet for estimating most temperature extreme indices, Daymet 
outperforms PRISM in computing certain temperature extremes. 
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These results highlight the importance of selecting datasets based on 
their intended application. Consistent with our findings, other studies 
have also reported similar conclusions (Smith et al., 2025; Walton and 
Hall, 2018). For instance, Smith et al. (2025) evaluated PRISM and 
MERRA with other gridded datasets in the United States, indicating 
the superior performance of some datasets for specific hazards. In 
addition, a study in India also indicated that no single gridded tem-
perature dataset is better for estimating all temperature extremes 
(Bhattacharyya et al., 2025).

The results of this study also reveal that reanalysis datasets gener-
ally outperform gauge-based gridded datasets in specific contexts. 
For instance, both MERRA and ERA5 demonstrate superior perfor-
mance compared to Daymet and PRISM in estimating daily Tmin in 
the ET zone. Similarly, for estimating WSDI in the HP zone, ERA5 
and MERRA also outperformed the gauge-based counterparts. The 
finding suggests that reanalysis products may offer a more reliable 
alternative in regions with sparse or unevenly distributed ground 
observations (Yilmaz, 2023; Zandler et al., 2020). The findings also 
highlight the importance of evaluating dataset performance region-
ally rather than assuming universal applicability, thereby supporting 
more informed and context-specific dataset selection in climate-
related studies.

Comparisons of the evaluated reanalysis datasets revealed that 
ERA5 for Tmax and MERRA for Tmin at daily, monthly, and annual 
temporal scales are performing better in most climate zones. Aligned 
to this finding, ERA5 is better than MERRA for estimating monthly 
Tmax in the Upper Blue Nile Basin of Ethiopia (Alaminie et al., 2021). 
Similar to our finding, MERRA is better than ERA5 for estimating 
Tmin at daily, monthly, and annual temporal scales in most agro-eco-
logical zones (AEZs) of Ethiopia (Tadesse et al., 2025). However, 
another finding in the Bale eco-regions of Ethiopia indicated that 
MERRA is better than ERA5 for both Tmax and Tmin at two AEZs at 
daily, monthly, and annual temporal scales, but in the other AEZ, 
ERA5 has better performance (Gashaw et al., 2023). In addition, unlike 
our finding, ERA5 is better than MERRA for estimating temperature 
both at daily and monthly scales in Turkey (Hasan Karaman and 
Akyürek, 2023). The results from our study and others indicated that 
either ERA5 or MERRA may not show consistently better performance 
in simulating both Tmax and Tmin at all temporal scales and regions.

In our study, MERRA is also the best dataset for estimating most 
of the temperature extreme indices in most climate zones of the study 
area. In addition, similar to the better performance of MERRA com-
pared to ERA5 for estimating most of the temperature extremes in our 
study, other studies also reported the better performance of MERRA 
compared to ERA5 for estimating temperature extremes (Ullah et al., 
2024). Unlike our findings, ERA5 is better than MERRA for estimating 
most of the temperature extreme indices in India (Bhattacharyya et al., 
2025). The finding also indicates that the performance of the reanalysis 
products for estimating temperature extremes is region-specific.

The findings also indicate that the direction and magnitude of 
estimation bias vary across climate zones. Most of the studied datasets 
for Tmax in the five climate zones at daily, monthly, and annual tem-
poral scales, and for Tmin in ET, HP and LRP climate zones demon-
strate underestimation bias. Conversely, most of the datasets in the SC 
zone demonstrate overestimation bias for daily, monthly, and annual 
Tmin. Consistent with these observations, several studies have 
reported that the estimation bias of datasets differs by geographic 
region (Smith et al., 2025; McNicholl et al., 2022; Tarek et al., 2020). 
These variations may stem from limitations in the algorithms used to 

generate the datasets, which may perform differently depending on 
the regional characteristics. Additionally, discrepancies in estimation 
bias across climate zones are likely influenced by the density and dis-
tribution of meteorological stations (Mankin et al., 2025; Yin et 
al., 2014).

6 Conclusion

This study evaluated the performances of four gridded tempera-
ture datasets in simulating daily, monthly, and annual Tmax and 
Tmin values as well as temperature extremes across the climate zones 
of the Brazos River Basin. Performance, benchmarked against GHCN 
observations, varied across climate zones, temporal scales, and 
extreme indices. For Tmax, PRISM delivered the highest accuracy at 
the daily scale, while Daymet showed marginally better skill at 
monthly and annual scales across most climate zones. For Tmin, 
Daymet was superior at the daily scale, whereas PRISM dominated 
at monthly and annual scales. MERRA for Tmax and ERA5 for Tmin 
consistently ranked lowest across most climate zones and all studied 
temporal scales. In estimating temperature extremes, PRISM outper-
formed the other datasets for estimating most indices, whereas ERA5 
generally proved least reliable in most of them. However, reanalysis 
products occasionally surpassed gauge-based datasets in cer-
tain zones.

Because PRISM performs best for daily Tmax and Daymet for 
daily Tmin, using a single dataset for both variables in daily climate 
and meteorological studies may introduce uncertainty relative to 
applying the optimal dataset for each variable separately. Similar 
uncertainties arise in monthly and annual analyses when either 
PRISM or Daymet is used exclusively for both Tmax and Tmin, 
rather than selecting the most suitable dataset for each variable. 
Moreover, reliance on Daymet for analyses of all temperature 
extremes may increase uncertainty compared to PRISM. These 
uncertainties have important policy implications, as they can affect 
the reliability of climate risk assessments, water resource planning, 
infrastructure design standards, and adaptation strategies that 
depend on accurate characterization of temperature variability and 
extremes. Accordingly, the study recommends selecting the top-
performing dataset for Tmax and Tmin separately, tailored to the 
study’s temporal focus. As neither Daymet nor PRISM consistently 
demonstrates superior performance across all temporal scales, it is 
recommended to revisit and enhance their underlying algorithms 
for Tmax and/or Tmin to ensure more consistent accuracy from 
daily to annual resolutions.

This study can play an important role in climate and meteorologi-
cal research, particularly for regions with sparse observational net-
works. However, the study contains certain limitations. First, the 
number of meteorological stations used to represent each climate zone 
is relatively small, as few stations meet the selection criteria outlined 
in the methodology. In addition, the distribution of stations across 
climate zones is not uniform. As a result, limited gauge availability 
(station density) in certain zones may influence the results, particu-
larly bias. Therefore, future research is recommended to evaluate these 
datasets using a more balanced and comparable number of meteoro-
logical stations within each climate zone. Moreover, although under-
standing the reasons why certain datasets perform better or worse, 
such as the influence of topography, climate zone characteristics, and 

https://doi.org/10.3389/fclim.2026.1731069
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org


Tarkegn et al.� 10.3389/fclim.2026.1731069

Frontiers in Climate 16 frontiersin.org

data assimilation methods, is important, such analyses are beyond the 
scope of this study. Future research addressing these factors is there-
fore strongly encouraged.
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