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ABSTRACT
Robust conclusions regarding changes in the temperature distribution rely on the accuracy and reliability of
the input datasets used. Differences between methodologies and datasets in previous studies add uncertainty
when comparing and quantifying findings. Here, the authors investigate the sensitivity of assessing global and
regional temperature variability and extremes over 1980–2014 in gridded datasets of daily temperature
anomalies. A gridded in situ–based dataset, Hadley Centre Global Historical Climatology Network–Daily
(HadGHCND), is compared against several commonly used reanalysis products by assessing both the entire
distribution and the tails of the distribution. Empirical probability distribution functions show sensitivity to the
input dataset when estimating aspects such as standard deviation and skewness, with the mean showing robust
results for most regions, irrespective of dataset choice. Standard deviation is especially sensitive, with larger
disagreements between datasets for some regions more than others, such as Africa and the Mediterranean
region, and with larger differences in minimum temperatures compared with maximum temperatures. Estimates
of extreme parameters also show sensitivity to dataset choice, particularly in the lower tails and for daily minimum temperature anomalies. Comparing changes in the means and the extremes of the temperature distributions, the cold extremes in the lower tails have been warming at a faster rate than the mean of the entire
distribution for much of the Northern Hemisphere extratropics, with warm extremes warming at a faster rate
than the mean in some subtropical regions. These documented sensitivities call for caution when assessing
changes in temperature variability and extremes, as dataset choice can have substantial effects on results.

1. Introduction
Temperature extremes represent one of the most
obvious impacts of climate change on society. For example, the impacts from heatwaves can range from increases in human mortality and morbidity to effects on
agriculture and infrastructure (IPCC 2012). Variability
within temperature can affect the probability and frequency of extreme events (Mearns et al. 1984; Katz and
Brown 1992; Rahmstorf and Coumou 2011; McKinnon
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et al. 2016), making it critical to understand how different aspects of the temperature distribution are
changing and how they might change in the future. For
this reason, many studies have investigated how extremes might be affected by changes in the distribution
of temperature due to climate change (e.g., Rahmstorf
and Coumou 2011; Donat and Alexander 2012; Hansen
et al. 2012; Rhines and Huybers 2013; McKinnon et al.
2016). Despite the abundance of such studies, there remain some contested issues regarding changes in temperature variability. Mainly, while some studies have
found increases in global temperature variability (e.g.,
Hansen et al. 2012), others have concluded that extremes are shifting toward hotter temperatures along
with the mean, with little or no change in global variability (e.g., Brown et al. 2008; Donat and Alexander
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2012; Huntingford et al. 2013; Rhines and Huybers 2013;
Tingley and Huybers 2013). This suggests that while
there is consensus in terms of changes in the mean
temperature, there remains considerable uncertainty in
changes of other aspects of the distribution.
The issues and uncertainties surrounding previous
studies are likely related to the different methods and
datasets used for investigating changes in the distribution of temperature, which make these studies difficult
to compare and quantify. Most studies to date have used
monthly or seasonal datasets (e.g., Hansen et al. 2012;
Coumou and Robinson 2013; Rhines and Huybers
2013). However, the temporal aggregation of these datasets can smooth out the individual events that can
occur on daily time scales. This makes it critical to use
daily data to detect changes in the temperature distribution, as it is the characteristics of extremes (such as the
frequency, intensity, and duration) that are most likely
to impact society (Alexander and Perkins 2013). This
requires long-term, continuous, and consistent highquality datasets (Klein Tank et al. 2009).
The limited studies that have used daily data to investigate changes in the temperature distribution have
predominantly used three main statistical methods. This
includes assessing statistical moments of the probability
density function (PDF), such as the mean, variance, and
skewness (e.g., Donat and Alexander 2012), using extreme value theory (EVT) to explicitly characterize the
tails of the distribution (e.g., Kharin and Zwiers 2005;
Brown et al. 2008; Christidis et al. 2011), and examining
changes in different percentiles (e.g., Robeson 2004;
Simolo et al. 2010; McKinnon et al. 2016). Some of these
studies (e.g., Brown et al. 2008; Donat and Alexander 2012)
have used Hadley Centre Global Historical Climatology
Network–Daily (HadGHCND) (https://www.metoffice.
gov.uk/hadobs/hadghcnd/), a quasi-global daily gridded
temperature dataset (Caesar et al. 2006). However, such
an in situ–based daily dataset still lacks data for certain
regions, such as parts of South America and Africa.
Reanalysis products that use assimilated observational
data for the globe are therefore commonly used to investigate global changes in variability and extremes (e.g.,
Huntingford et al. 2013; Donat et al. 2014). Additionally,
because of their global completeness and areal structure,
reanalyses might be considered advantageous when evaluating climate models against historical observation-based
data (e.g., Kharin et al. 2013; Sillmann et al. 2013; Donat
et al. 2016). However, it is still not clear if assessments of
changes in temperature variability and extremes are sensitive to these different types of input data, a factor that
might affect a study’s conclusions.
A crucial first step in gaining a more comprehensive
understanding of how temperature variability and
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extremes are changing requires a sensitivity analysis of
some of the most commonly used datasets of daily
temperatures. Further, a systematic and holistic approach would require a combination of assessing both
the PDFs and the tails of the distribution using EVT
(Katz et al. 2013; Sardeshmukh et al. 2015). Using both
methods in parallel can help address the uncertainties in
assessing the tail alone, as well as inferring changes in
extremes relative to the mean of the entire distribution
(Sardeshmukh et al. 2015). Here, we aim to use these
two approaches to compare commonly used reanalysis
products with the HadGHCND dataset. Our aim is not
to make any judgments about the quality of the observational data itself, but rather to determine if analyses
are sensitive to the input dataset. We use a mathematically consistent approach and consider both global and
regional temperature distributions, to provide critical
information for future studies that wish to use these
types of datasets to investigate changes in temperature
variability and extremes.

2. Data and methods
a. Observational data
We use HadGHCND as the base dataset to compare
against reanalysis products. Since it is quasi-global over
land and is based only on in situ daily maximum and
minimum temperatures, this gives mostly independent
information with which to compare against other products. It is available from 1950 and, at the time of analysis,
ended in 2014. HadGHCND uses approximately 2500
stations that are interpolated onto a 2.58 latitude 3 3.758
longitude grid using an angular distance weighting
technique (Shepard 1968; Caesar et al. 2006).

b. Reanalysis data
Four reanalysis products are selected for intercomparison: ERA-Interim (Dee et al. 2011), NCEP–DOE
Reanalysis-2 (NCEP2) (Kanamitsu et al. 2002), the Japanese 55-year Reanalysis (JRA-55) (Kobayashi et al. 2015),
and the Modern-Era Retrospective Analysis for Research
and Applications, version 2 (MERRA-2) (Bosilovich et al.
2015; Gelaro et al. 2017). These were chosen primarily
based on their prevalence in the literature for investigating
temperature variability and extremes, as well as their
comparability in terms of dataset length. We purposely did
not include some commonly used first-generation reanalyses, because for NCEP–NCAR Reanalysis-1 (NCEP1)
(Kalnay et al. 1996; Kistler et al. 2001) inhomogeneities in
the representation of warm extremes have been documented (e.g., Donat et al. 2014). Other products, such as
the Twentieth Century Reanalysis (20CR; Compo et al.
2011) and ERA-40 (Uppala et al. 2005), were excluded as

Unauthenticated | Downloaded 01/09/23 12:46 PM UTC

15 FEBRUARY 2018

1339

GROSS ET AL.

FIG. 1. The 26 regions specified in the IPCC SREX, and the spatial distribution of stations
used in HadGHCND at the time of interpolation. An asterisk (*) indicates regions that are used
for analysis of time series (i.e., Figs. 4–13). Regions 7, 8, 9, 15, and 16 are excluded from analyses
based on not fulfilling the completeness criteria specified in the methods section (section 2).

data for recent years covered by the chosen reanalyses are
not available.
To test the sensitivities of analyses to the different
input datasets, we focus on the common time period of
1980–2014. While this is a relatively short period of time
to investigate long-term climate changes, it is sufficient
for the purpose of assessing robustness between different datasets. All reanalysis products are regridded
using a bilinear remapping technique and masked to the
grid cell size and spatial coverage of HadGHCND.
Other regridding techniques were tested, such as conservative remapping techniques (Jones 1999), and results were not sensitive to the regridding method used.
We also only include grid cells that have at least 80% of
temporal completeness in HadGHCND, thereby excluding data-sparse regions. In addition to meeting this
criterion, analysis is only performed when there are at
least 50% of data available for both the first and last
10 years of HadGHCND data. This ensures there are
enough data points to robustly assess changes over a
35-yr period. While the regridding itself is likely to add
some uncertainty to the intercomparison of products, it
has been shown that this effect is small compared to the
structural differences between datasets (e.g., Loikith
et al. 2015). We use daily maximum and minimum
temperature anomalies that were calculated relative to
a mean annual cycle over the entire period of investigation (i.e., 1980–2014).

c. Statistical methods
Two approaches are used to assess dataset sensitivity
for investigating changes in temperature variability and
extremes. First, we examine PDFs for the entire temperature distribution over the period of record chosen,

and second, we use EVT for direct analysis of the tails of
the distribution and to understand how extremes are
changing relative to the mean of the distribution.
We analyze PDFs for the 26 regions specified in the
IPCC Special Report on Extremes (SREX) (IPCC 2012)
(Fig. 1). These were chosen for this study as they indicate regions of common climates and enable sufficient
data points for each region for reliable statistical analysis. Figure 1 shows the spatial distribution of all included 2500 stations used in the interpolation of
HadGHCND. Furthermore, we show the number of
stations per SREX region, and number of grid cells with
data in each region in Table 1. Empirical PDFs are
calculated by pooling all time steps and grid cells
within a region to produce a distribution of temperature
over the period 1980–2014. We note that different ways
of how grid cells are spatially aggregated may affect
estimates of distribution changes (Rhines and Huybers
2013; Director and Bornn 2015). The focus of our study,
however, is on dataset agreement, and we treat all datasets the same. Therefore, such sensitivities regarding
spatially averaged grid cells are less relevant here. We
used 140 equally spaced bins, ranging from 2458 to 458C,
to calculate the PDFs, as this choice most clearly captured the features of the dataset. We repeated our analyses for other bin width settings, but our conclusions
were not sensitive to bin size choices for calculating
the PDFs.
SREX regions are only included in the analysis if at
least three grid cells within that region fulfill the completeness criteria specified in section 2b. While this
criterion does not necessarily ensure spatial representativeness, it increases statistical power in terms of
sample size for estimating the regional PDFs. For the
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TABLE 1. Number of HadGHCND stations within each of the 26 SREX regions, and number of grid cells with observational data per
region for daily maximum and daily minimum temperature anomalies. Counts of stations only consider the number of used stations
available at the time of interpolation for HadGHCND, and so variations of stations over time are not considered. Counts of grid cells with
available data per region are calculated after a criterion is applied where grid cells must have at least 80% temporal completeness in
HadGHCND, as well as at least 50% of data available in the first and last 10 years of HadGHCND data.

SREX region

Number of
stations per region

Number of grid cells
with data per region (Tmax)

Number of grid cells
with data per region (Tmin)

1. Alaska/northwest Canada
2. Canada/Greenland/Iceland
3. Western North America
4. Central North America
5. Eastern North America
6. Central America/Mexico
7. Amazon
8. North-East Brazil
9. West coast of South America
10. Southeastern South America
11. Northern Europe
12. Central Europe
13. Mediterranean
14. Sahara/North Africa
15. West Africa
16. East Africa
17. Southern Africa
18. Northern Asia/Russia
19. West Asia
20. Central Asia
21. Tibetan Plateau
22. East Asia
23. South Asia
24. Southeast Asia
25. Northern Australia
26. Southern Australia/New Zealand

79
142
1795
1976
1435
182
7
0
1
25
489
219
138
16
1
18
40
375
61
22
41
350
5
61
123
276

77
134
68
39
23
4
0
0
0
15
37
46
39
14
0
0
10
245
41
33
47
86
13
25
50
22

77
114
68
39
23
4
2
0
0
8
37
46
39
15
0
0
9
245
43
33
47
86
14
14
50
22

time series analysis in the main text, we only show selected regions that represent different levels of data
coverage and different climatic zones, those being regions 3 (western North America), 10 (southeastern
South America), 13 (Mediterranean region), and 18
(northern Asia/Russia). Figures for the remaining regions are included as online supplemental material
(https://doi.org/10.1175/JCLI-D-17-0243.s1). We also
include a global analysis, calculated by aggregating all
grid cells that fulfill the completeness criteria.
The sample mean, standard deviation, and skewness
are calculated for each region and dataset. To investigate temporal changes in these quantities, time series of annual statistics are plotted over the investigation
period (see Figs. 4–8). We calculated trends using both a
linear regression and Sen’s trend estimator (Sen 1968),
estimating trend significance using the Mann–Kendall
test (Kendall 1975). Autocorrelation in the time series
was accounted for by adjusting the sample size to the
equivalent number of independent values, or equivalent
sample size (Zwiers and von Storch 1995). Results were
found to be insensitive to the test used, and so we only

show linear regression trends, with significance calculated at the 5% level using a t test.
We use EVT to determine if analyses of the extremes
are sensitive to dataset choice and assess changes in the
extremes explicitly. In particular, a nonstationary point
process (PP) model is fitted to the data to describe annual exceedances above and below the upper and lower
1.5%, respectively, as in Brown et al. (2008). We additionally tested different thresholds, such as the upper
and lower 1% and 2% of data, and found the results
were not sensitive to the choice of threshold. This
model corresponds to a Poisson process for the interexceedance times, with a generalized Pareto distribution for the size of the exceedances (e.g., Coles 2001).
Similar to the methods of Brown et al. (2008), we model
nonstationarity of the process through a time-dependent
threshold and location parameter (explicitly, a linear
trend in the location parameter) over the period of investigation, as implemented in the ‘‘extRemes’’ package
in R (Gilleland and Katz 2011). Nonlinearity in scale
and shape parameters was also tested but found not to
be present, and the fidelity of the PP model to the data
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was assessed using standard goodness-of-fit procedures,
including quantile–quantile (QQ) plots. As in Brown
et al. (2008), we calculate the difference of this location
trend with the trend in the mean for all available grid
cells to investigate how the magnitude of the extremes
are changing relative to the mean, hereinafter referred
to as ‘‘excess trends.’’ Local significance of the excess
trends was calculated for each grid cell using a Mann–
Kendall test at the 5% level.
In addition, we plotted time series of the location,
scale, and shape parameters estimated from a stationary
PP model, as shown in section 3c. These are calculated
from decadal moving windows, starting in 1980 and
ending in 2014. Trends in the PP fit parameters are
similarly calculated using the same methods as those
used for the moments of the entire PDF.

3. Results
a. Global and regional PDFs
PDFs for SREX regions that adhere to our completeness criteria, as well as global PDFs, are shown
for maximum temperature anomalies (Tmax; Fig. 2)
and minimum temperature anomalies (Tmin; Fig. 3).
Dashed vertical lines of different colors represent the
threshold of the top and bottom 1.5% of the data
(‘‘extremes’’) for each dataset. Plots of the respective
standard deviation and skewness values are shown in the
online supplemental material (Fig. S1).
As expected, higher-latitude regions generally have
broader PDFs across all datasets, compared with lower
latitudes for both maximum and minimum temperature
anomalies, indicative of higher variability. For most regions, PDFs of the reanalyses are wider compared to the
HadGHCND-derived PDFs for both the globe and most
regions. This separation might be due to more spatial
smoothing in HadGHCND, where the correlation
length scale (CLS) used for interpolation is based on
monthly mean temperatures (Caesar et al. 2006). This
leads to search radii of several hundred to thousand kilometers for stations to include when calculating the
gridbox values. It is possible that this monthly CLS is
larger than the correlation of daily temperature values
would be, potentially causing overly strong smoothing in
the HadGHCND dataset. Broader PDFs in the reanalyses are especially apparent in the Mediterranean region (region 13) and some subtropical regions, such as
northern Africa (region 14) and southern Africa (region
17). PDFs for Northern Hemisphere extratropical regions are also wider in the reanalyses compared with
HadGHCND, although less so for parts of North
America (e.g., regions 3–5) and northern Asia/Russia

(region 18). For all regions and the globe, there are
fewer similarities between the PDFs of the different
datasets for Tmin compared to Tmax. Skewness differences are larger between datasets for Tmin, with NCEP2
showing a more negatively skewed PDF for most regions
compared with the other datasets.
The PDFs also show notable differences in the extremes of the distribution. That is, the 1.5% thresholds
that define the tails of the distribution occur at varying
temperatures depending on the dataset used, with
greater differences found between datasets for Tmin
compared to Tmax. For many regions, the thresholds in
the reanalysis products occur at more extreme temperatures compared to HadGHCND. For instance, in
western North America (region 3) the cold extremes
threshold for Tmin is just above 2188C for NCEP2,
while it is only just below 2128C for HadGHCND. For
most regions as well as the globe, NCEP2-derived
PDFs consistently show a bias toward more extreme
thresholds, compared with the other datasets. This is
particularly apparent in the cold tails compared with
the warm tails of the distribution. Although less obvious, PDFs for ERA-Interim, JRA-55, and MERRA-2
also show a bias toward more extreme temperatures thresholds compared with those shown in
HadGHCND.
In addition to the higher sensitivities found in Tmin
compared to Tmax, the tails of the PDFs show sensitivity
to the input dataset, particularly in the cold tails.
Overall, the NCEP2-derived PDFs are the most different from HadGHCND; however, the PDFs show sensitivity to all four reanalysis products, particularly for
assessing standard deviation and skewness.

b. Time series of the statistical moments
To explore temporal changes and trends in the datasets, Figs. 4–8 show time series of the annual mean,
standard deviation, and skewness for Tmax and Tmin
for the globe and for selected regions (regions 3, 10, 13,
and 18; see Fig. 1). The remaining regions and their respective trends are included in the supplemental material (Figs. S2–S7, Tables S1–S3). These time series
describe changes over 1980–2014. Decadal trends and
their significance for each dataset are shown for each
plot.
Results for the global mean are relatively robust,
irrespective of the dataset used (Fig. 4), with a significant
increasing trend found in all datasets for both Tmax and
Tmin. Aside from some small differences in NCEP2, the
most notable differences occur toward the end of the time
series, particularly in MERRA-2 from around 2007–09.
This discrepancy in MERRA-2 is a documented issue
(Sánchez-Lugo et al. 2016; Simmons et al. 2017).
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FIG. 2. Empirical PDFs of daily maximum temperature anomalies for all SREX regions that fulfill the completeness criteria, and for the
globe. The PDFs are calculated from the data that are pooled over the period 1980–2014, with different colored PDFs representing the
different datasets. Vertical long-dashed lines indicate the upper and lower 1.5% thresholds. An asterisk (*) indicates a different y-axis
scale used for regions 13, 14, 23, and 24.
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FIG. 3. As in Fig. 2, but for daily minimum temperature anomalies.
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FIG. 4. Time series of global average daily maximum and minimum temperature anomalies for the first three statistical moments
annually, that is, the mean, variance, and skewness. Decadal trends are shown for each dataset in respective colors. An asterisk (*)
indicates significant trends at the 5% level.

Unlike the mean, changes in global standard deviation
and skewness (Fig. 4) appear sensitive to the input
dataset for assessing trends over the past 35 years;
however, there is reasonable temporal correlation between the different time series. There is a noticeably
larger spread in standard deviation across the datasets,
compared with the mean or skewness. This is particularly apparent in Tmin and NCEP2, where NCEP2
shows a more substantial decreasing trend in global
standard deviation in Tmin of 20.168C per decade,
compared with 20.038C per decade in HadGHCND.
This difference in trends is likely a result of a step change
in NCEP2 that occurs around 1998 and is not evident in
the other datasets. This inhomogeneity is likely a signature of a step change related to only specific regions,
as discussed in subsequent paragraphs. The time series
for global skewness show variation, and display mostly
nonsignificant trends that are close to zero. Again, the
largest differences are shown in NCEP2 for Tmin, with
the discussed step change in NCEP2 likely contributing
to this.
While the global mean is similar across datasets, differences become apparent for certain regions more than

others. For instance, the mean for western North
America (region 3; Fig. 5) and northern Asia/Russia
(region 18; Fig. 8) is mostly robust regardless of dataset
choice, whereas in contrast southeastern South America
(region 10; Fig. 6) and the Mediterranean (region 13;
Fig. 7) display more sensitivity. This could be indicative
of greater uncertainty within data-sparse regions compared to those that are more data rich. For example,
regions 3 and 18 include 1795 and 375 station observations respectively; while regions 10 and 13 only have 25
and 138 observations respectively (see Table 1). With
regard to the Mediterranean region, most available
stations are located in southern Europe, with few stations in North Africa (see Fig. 1). Pooling the grid cells
within each SREX region allows us to include region 13
in our analysis; however, the sensitivity of the Mediterranean discussed above might be a reflection of the
unequal distribution of observations with data in this
region.
The differences in the mean between datasets for regions 10 and 13 are most notable in NCEP2. As for the
globe, variance and skewness show a greater sensitivity to
dataset choice compared with the mean. Regions 3 and
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FIG. 5. As in Fig. 4, but for SREX region 3, located in western North America.

18, both located in the Northern Hemisphere extratropics, show a clear step change in NCEP2 in standard
deviation in Tmin occurring around 1998. After examination of all regions, the step change is found in most
regions in this latitude band, as well as in region 10. This
inhomogeneity in NCEP2 is dominant enough to have a
signature in the global standard deviation. We assume that
this step change is artificial, but a metadata search of NCEP2
around this time has not determined the cause. Further
discussion on this issue is provided in section 4. While
NCEP2 shows the largest differences across the regions,
disagreements with HadGHCND are also found in ERAInterim, JRA-55, and MERRA-2. For example, for Tmin
there is a decreasing trend of 20.048C in standard deviation
for region 10 in HadGHCND, while the other datasets, excluding NCEP2, indicate an increasing trend. In terms of
changes in skewness, trends are mostly nonsignificant and
centered around zero. While in region 3 skewness values are
similar between all datasets for Tmax, other regions show
distinctions, particularly in NCEP2 and for Tmin.
In summary, irrespective of dataset choice, changes in
mean Tmax and Tmin are robust for many regions, and a
significant increasing trend is found for the globe. For
the other statistical moments, a higher sensitivity to

dataset choice is clear. The degree of sensitivity, however, is shown to be dependent on the region, with regions of known high-quality data being more similar
between datasets, with the exception of NCEP2.

c. Time series of decadal extreme value fits
To investigate changes in the extremes, Figs. 9–13
show time series of the location, scale, and shape parameters that have been estimated from stationary PP
fits over 10-yr moving windows. The extremal point
process model is fitted to the high and low tails of both
daily maximum and minimum temperature anomalies
(Tmaxhigh, Tmaxlow, Tminhigh, and Tminlow). As before,
extreme values are defined as those data points that
exceed a threshold of 1.5% (in the upper or lower tail).
We use running decadal windows to ensure sufficient
data points are available for a robust statistical analysis.
For the globe (Fig. 9), significant increasing trends in
the location parameter are shown for the high tails of
both Tmax and Tmin across all datasets. Here, a trend
of 0.21 per decade (Tmaxhigh) and 0.31 per decade
(Tminhigh) is calculated for HadGHCND, with similar
trends in most reanalyses. Mostly significant decreasing
trends are found for the low tails of Tmax and Tmin,
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FIG. 6. As in Fig. 4, but for SREX region 10, located in southeastern South America.

excluding nonsignificant trends in HadGHCND and
MERRA-2 (Tmaxlow). The time series of NCEP2 for
Tminlow again shows a step change occurring around
1998, where the location parameter decreases substantially more than for the other datasets. Although
smoother than the step change in NCEP2 shown for
global variance (Fig. 4), because of the use of decadal
windows compared with annual data, this suggests that
the inhomogeneity in NCEP2 is related to the cold tail
of the distribution of minimum temperature anomalies.
Section 4 discusses this in more detail. Overall, the location parameter for the globe indicates increasing
trends in the high tails, along with decreasing trends
in the low tails. This indicates a shifting distribution
toward warmer conditions, with both and cold extremes
becoming warmer.
Trends in the global-scale parameter (Fig. 9) are close
to zero for all datasets and temperature variables, although slightly decreasing significant decadal trends in
HadGHCND are shown for all variables except
Tminhigh. There is some sensitivity in scale to the input
dataset, with Tminlow showing the most differences between datasets compared with the other temperature
variables. As for the location parameter, NCEP2

shows a sudden decrease in scale for Tminlow starting
with the 1994–2003 window that is not apparent in the
other datasets. This is also shown to a lesser extent in
Tmaxlow. Other notable differences include a steeper
decreasing trend in JRA-55 and MERRA-2 compared
with HadGHCND in both low tails, and a slightly increasing significant trend in ERA-Interim in Tminlow.
Trends in global shape are mostly nonsignificant and
close to zero, excluding a significant increasing trend
in ERA-Interim and MERRA-2 (Tmaxhigh). For all
temperature variables, the reanalyses show different
temporal patterns to HadGHCND. Again, this is particularly evident in Tmin, and in the low tails.
As shown for the statistical moments in the previous
subsection, the sensitivities in the time series analyses
differ between both region and temperature variable.
For the location parameter, NCEP2 consistently stands
out as being the most different across all regions (including those in the supplemental material; see Figs. S8–
S19 and Tables S4–S9). The step change shown in global
location for Tminlow is present for both western North
America (region 3; Fig. 10) and northern Asia/Russia
(region 18; Fig. 13), and most other Northern Hemisphere extratropical regions, but is not a feature in the
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FIG. 7. As in Fig. 4, but for SREX region 13, located in the Mediterranean region.

time series for southeastern South America (region 10;
Fig. 11) and the Mediterranean (region 13; Fig. 12). This
suggests that the apparent inhomogeneity in the global
time series of NCEP2 is likely related to the cold extremes for Northern Hemisphere extratropical regions.
We note that we do not further discuss long-term trends
in NCEP2 due to this inhomogeneity. Overall, the location parameter shows sensitivity to all reanalysis
products for all regions, with more data-sparse regions
showing the least consistency between datasets. For
example, for region 10, HadGHCND shows a steeper
decrease in location toward the end of the time series for
Tmaxlow, compared to the other datasets. Region 23,
another data-sparse region located in South Asia,
shows a substantial step change in NCEP2 in location for
Tmaxlow that is not present in the other datasets (see
Fig. S10). Trends in scale and shape also differ between
datasets. For example, the reanalyses show clear deviances from HadGHCND in scale and shape in the cold
tails for region 10 and in more data-rich regions, such as
regions 3 and 18. JRA-55 shows a more substantial decreasing trend in scale for Tminlow, compared with the
other datasets (excluding NCEP2, which is affected by
the discussed inhomogeneity). Other key differences are
found for region 18 for Tmaxlow. Here, HadGHCND

increases in scale from 1988 to 1997, during which time
JRA-55 shows a decreasing trend in scale. ERA-Interim
and MERRA-2 capture the temporal pattern of
HadGHCND here, although to a lesser extent. However, differences between these products and HadGHCND
are apparent for other regions (e.g., changes in shape for
Tminlow in region 13). In general, the reanalyses are
distinct from HadGHCND in both scale and shape.
In summary, changes in the tails of the distribution
are sensitive to dataset choice. As for the analyses of
the entire distribution, more overall differences in the
datasets are shown for minimum temperature anomalies, with differences particularly evident in the scale and
shape parameters. Analyses of changes in the extremes
correspond with these findings and, more specifically,
show that the largest dataset inconsistencies occur in the
cold tails of the distribution of minimum temperatures.

d. Changes in extremes relative to changes in the mean
Using the above methods together (i.e., jointly
assessing both the entire distribution as well as the tails)
can provide insight into how extremes are changing with
respect to the mean. Figures 14 and 15 show the difference between the trend in the nonstationary PP fit of the
location parameter and the trend in the annual mean

Unauthenticated | Downloaded 01/09/23 12:46 PM UTC

1348

JOURNAL OF CLIMATE

VOLUME 31

FIG. 8. As in Fig. 4, but for SREX region 18, located in northern Asia/Russia.

temperature anomalies. NCEP2 is not included due to
the inhomogeneity present in the time series, making it
inappropriate to assess trends over a 35-yr period. The
trend differences (calculated per decade for the period
1980–2014) represent so-called excess trends and are a
useful way of describing regional differences in the rates
of warming between extremes and the mean (Brown
et al. 2008). As in the subsequent figures, when extremes
are warming faster (slower) than the mean, the excess
trend is positive (negative). Stippling indicates grid
boxes that are significant at the 5% level. For additional
robustness, we also calculated the difference between
the 98.5th quantile (1.5th quantile for the cold tails) and
the mean (see Fig. S20). These results are very similar
to the excess trends shown here.
For the warm extremes (Tmaxhigh; Fig. 14), most
Northern Hemisphere high-latitude regions indicate
that the mean has been warming faster than the extremes, irrespective of the product used. This is slightly
underestimated by JRA-55. The datasets agree that
warm extremes have been warming significantly faster
than the mean in the Mediterranean region, southwestern Asia, East Asia, South America, Africa, and
parts of Australia. For some of these regions, such as

the Mediterranean, the reanalyses show smaller magnitude excess trends in the extremes compared to
HadGHCND, with rates of around 0.18–0.28C (reanalyses) compared to 0.48–0.68C (HadGHCND). Other
regions, such as South America, show greater magnitude
positive excess trends in the reanalyses compared with
HadGHCND. Differences are also found for parts of
northern Canada, where a positive excess trend is shown
in HadGHCND. This same area is opposite in sign for
ERA-Interim, and smaller and nonsignificant in JRA-55
and MERRA-2.
Excess trends in Tminhigh (Fig. 14) are similar to those
of the warm extremes, in terms of both spatial patterns
and sign of trend, as well as dataset agreement, although
positive excess trends are generally of a smaller magnitude to those of the warm extremes. Some differences in
the datasets are shown for Australia, for example, where
ERA-Interim shows greater positive excess trends in
parts of eastern Australia compared with HadGHCND,
while MERRA-2 and JRA-55 tend to show smaller
magnitude excess trends than HadGHCND for much of
the country.
The datasets differ the most for excess trends in the low
tails (Fig. 15). Positive excess trends in extremes are shown

Unauthenticated | Downloaded 01/09/23 12:46 PM UTC

15 FEBRUARY 2018

GROSS ET AL.

1349

FIG. 9. Global time series using running decadal windows of the extreme value parameters, including location, scale, and shape,
calculated for the high tails of maximum and minimum temperature anomalies (Tmaxhigh and Tminhigh, respectively), and for the low tails
of maximum and minimum temperature anomalies (Tmaxlow and Tminlow, respectively). The x axis shows years, starting with the 1980–89
window, and ending with 2005–14, and parameter estimates are indicated on the y axis. Decadal trends are indicated in the respective
dataset colors for each parameter and temperature variable. An asterisk (*) indicates significant trends at the 5% level.
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for much of the Northern Hemisphere extratropics, particularly in North America. Negative excess trends are
found for parts of Europe and Asia, while small negative
excess trends are shown for some tropical and Southern
Hemisphere regions. For Tmaxlow, most regions with
positive excess trends show larger magnitude trends in the
reanalyses than for HadGHCND. Conversely, regions
showing negative excess trends in HadGHCND show
smaller magnitude excess trends in the reanalyses, such as
in parts of Europe and western Asia. Broadly, JRA-55
shows the most differences to HadGHCND, with larger
significant positive excess trends for much of the Northern
Hemisphere extratropics and smaller negative trends in
Europe. For example, positive excess trends greater than
0.78C per decade are shown for some parts of Russia in
JRA-55, with the same area showing negative excess
trends between 20.28 and 20.38C in HadGHCND. ERAInterim and MERRA-2 also differ from HadGHCND in
this area, showing mixed excess trends.
For the cold extremes (Tminlow; Fig. 15), the largest
disagreements occur over Russia and the European
continent. As for Tmaxlow, JRA-55 shows greater positive excess trends over Russia, and smaller negative
excess trends over western Asia and central Europe,
compared to the other datasets.
Overall, for the warm extremes, some subtropical
regions show that the extremes have been warming at a
faster rate than the mean over 1980–2014, while for the
cold extremes positive excess trends are found for much
of the Northern Hemisphere extratropics. Spatially, all
datasets tend to agree on this; however, the magnitude
of the excess trend differs. The warm tails of the distribution tend to be similar between datasets across the
globe compared with the cold tails, which show greater
sensitivity to dataset choice.

4. Discussion
The choice of dataset for investigating changes in
temperature variability and extremes can affect conclusions regarding changes in the temperature distribution. The use of different datasets in previous work
along with some differences in conclusions provides
motivation for a systematic approach to determining the
sensitivities of an analysis to the input datasets used. We
acknowledge that nonclimatic artifacts can potentially
affect a spatially averaged dataset such as HadGHCND,
including changes to the station network, data quality,
and homogeneity issues, and gridding uncertainties in
terms of spatial averaging of point data, particularly for
analyzing extremes (Donat et al. 2014; Dunn et al. 2014;
Director and Bornn 2015). In addition, HadGHCND
uses a large CLS and is gridded using a relatively coarse
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resolution, so resultant values tend to be spatially
smoothed (Caesar et al. 2006), further adding to the
inherent uncertainties of using this type of dataset.
However, given that it is interpolated using long-term
in situ–based data, we are more willing to assume that
there are fewer inhomogeneities than those introduced
from assimilation using a highly variable network of
data in the reanalyses.
Irrespective of what product is used, trends in the
mean temperature are mostly robust. This suggests that
changes in the mean are not particularly sensitive to
dataset choice. However, some datasets show more
differences in the mean than others, depending on the
region, for example, in the Mediterranean region, and in
more data-sparse regions such as parts of South America. Differences in the mean for these regions might be
due to uncertainties in the observational data itself,
rather than the ability of reanalysis data to reproduce
the observations. It is also possible that the assimilation
is poorly constrained by observations. Other statistical
parameters aside from the mean, including the standard
deviation and skewness, as well as those related explicitly to the extremes, show more sensitivity to the input
dataset. As in the mean, regions with higher data uncertainty due to sparse observations, such as South
America, show more disagreement between datasets
than regions that are known to have high-quality data, as
in North America.
Much of the recent literature regarding changes in
temperature variability has highlighted the importance
in understanding differences in regional changes in
temperature compared with the global mean. It is already clear that some regions are warming at different
rates compared to the global average (e.g., Seneviratne
et al. 2016; Sutton et al. 2016). Here, we show that the
globally averaged (where data are sufficiently complete) maximum temperature trend in HadGHCND is
0.368C per decade over 1980–2014, whereas, for example, southeastern South America shows a trend of
0.678C per decade (Figs. 4 and 6, respectively). In addition to the mean, we also see regional differences in
the trend of extremes relative to the local mean. We
show, for example, that cold extremes are warming
faster than the mean for much of the Northern Hemisphere, consistent with Arctic amplification (Screen
2014; Rhines et al. 2017). For the warm extremes, some
subtropical regions show a faster trend in the extremes
compared with the mean. Additionally, excess trends in
the cold extremes are generally greater in magnitude
over North America and parts of northern Asia/Russia
than they are for warm extremes, consistent with
studies that have found stronger increases cold extremes
compared with warm extremes (e.g., Donat et al. 2013).
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FIG. 10. As in Fig. 9, but for SREX region 3 (western North America).
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FIG. 11. As in Fig. 9, but for SREX region 10 (southeastern South America).
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FIG. 12. As in Fig. 9, but for SREX region 13 (Mediterranean).
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FIG. 13. As in Fig. 9, but for SREX region 18 (northern Asia/Russia).
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FIG. 14. Excess trends, that is, the difference between the trend in the location parameter and the trend in the
annual mean for HadGHCND and the reanalyses, for the high tails of maximum and minimum temperature
anomalies (Tmaxhigh and Tminhigh, respectively). Positive excess trends represent regions where the extremes are
warming faster than the mean, while negative excess trends show regions where the mean is warming faster than the
extremes. Decadal trends (8C) are calculated over the period 1980–2014. Stippling indicates grid boxes that are
significant at the 5% level.

This is robust for all datasets; however, the magnitude of
excess trend differs substantially depending on the variable and region. This is a significant finding, as regions
are disproportionately impacted by extremes due to differences in socioeconomic factors that can increase a region’s vulnerability to extreme events (IPCC 2012). The
consequences of higher-magnitude extremes can potentially further exacerbate the unequal distribution of impacts on regional scales.
Overall, ERA-Interim appears to most closely resemble HadGHCND. This is consistent with other
studies. For example, Donat et al. (2014) found that

ERA-Interim closely resembled trends and interannual
variations in temperature extremes shown in interpolated observational datasets for the period 1980–
2010, noting the higher dataset consistency in the most
recent three decades, in contrast with the large disagreements between datasets in the presatellite era.
Excluding an inhomogeneity in MERRA-2 in the global
mean for the most recent years (see Fig. 4), MERRA-2
and JRA-55 resemble mean trends in the observations
reasonably well, even for more data-sparse regions (see
Fig. 6). However, when assessing aspects of temperature
other than the mean, there are still distinct differences
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FIG. 15. As in Fig. 14, but for the low tails of maximum and minimum temperature anomalies (Tmax low and
Tmin low , respectively).

between the observation-based product and the reanalyses, so caution should be exercised if using these
products to investigate changes in variability and
extremes.
NCEP2 is clearly the most different from the other
datasets, caused partly by the inhomogeneity shown to
occur around 1998, but also shown in more short-term
variations, such as in the mean for southeastern South
America (Fig. 6). Previous studies have noted the differences in NCEP2 compared with other reanalyses
(e.g., Kharin et al. 2007; Kharin et al. 2013; Sillmann
et al. 2013). Being a low-resolution, first-generation
product (Kanamitsu et al. 2002; NCAR 2016), this might
be expected, but perhaps not to the extent shown here.
While many errors were rectified from the original
NCEP1 product, some suggest a poor representation of

the Southern Hemisphere in NCEP2 (NCAR 2016).
Here, we show large differences in many regions around
the globe. For example, the step change around 1998
shown for the globe is particularly noteworthy in some
Northern Hemisphere high-latitude regions. Although
we have attempted to explain this, we have yet to discover any documented reason. However, potential explanations could be related to changes in the assimilated
data affecting snow cover, as these step changes are inconsistent with other datasets and are particularly notable for the cold extremes. Further investigation is
warranted here.
The similarities or differences between the reanalysis
products themselves as well as with HadGHCND are
affected by their independence of in situ–based measurements. For example, NCEP2 does not incorporate
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any screen-level data to assimilate near-surface temperature (Simmons et al. 2004), unlike the other reanalyses used here. ERA-Interim and JRA-55 both
interpolate between in situ data at the screen level, and
the atmospheric levels of the reanalysis model (Dee
et al. 2011; Kobayashi et al. 2015). As such, ERAInterim and JRA-55 are not independent of surface
measurements, and so it may be expected that they are
more similar to one another than to NCEP2. As in
NCEP2, MERRA-2 does not assimilate using near-surface
temperatures (Bosilovich et al. 2015). Despite MERRA-2
being the latest product used in this study, ERA-Interim
and JRA-55 show more overall consistency between
themselves as well as HadGHCND in many instances, as is
similarly found in other comparison studies (e.g., Simmons
et al. 2017). However, short-term variations, especially in
the mean for MERRA-2, show close similarities to both
ERA-Interim and HadGHCND.

5. Conclusions
Global daily maximum and minimum temperatures
are increasing. This conclusion is robust regardless of
the dataset used. Regional increases in the mean are
mostly robust to the dataset; however, there is a slightly
greater sensitivity to the input dataset than for global
assessments. Other characteristics of the temperature
distribution show substantial sensitivity to the dataset
used, highlighting some of the uncertainties involved in
addressing changes in temperature variability. Assessing temperature extremes also displays sensitivity to
the dataset choice, with results showing sometimes
substantially different magnitude changes in extremes.
Irrespective of the approach used, differences between datasets regarding distribution changes are the
greatest in the cold tails of the distribution and for daily
minimum temperature anomalies. This suggests potentially greater uncertainties for this part of the distribution that need to be considered for future work
investigating changes in the distribution of temperature.
Further investigation is required to understand why
greater sensitivities are shown in the cold tails. For all
temperature variables, NCEP2 has the largest inconsistencies, compared with the gridded in situ–based
observational dataset, HadGHCND. However, the
‘‘higher generation’’ reanalysis products, that is, ERAInterim, JRA-55, and MERRA-2, also still show distinct
differences in the higher-order moments. Dataset disagreement is generally largest for regions that are more
data sparse, such as southeastern South America and
southern Africa, while better agreement between datasets is found for regions that are data rich and known to
have higher-quality data, such as North America.

Despite inconsistencies in the results depending on
the dataset, all products show that cold extremes have
been warming at a faster rate than the mean for much
of the Northern Hemisphere extratropics, while warm
extremes have been warming faster for many subtropical regions. We must be able to make robust
conclusions regarding the regional differences in rates
of warming of extremes and the local mean, as future
planning and local adaptation strategies rely on it.
Future work in this field would benefit from using
datasets of longer time scales to provide more robust
trend estimates.
This paper provides a first step in documenting the
inconsistencies regarding changes in temperature variability and extremes and, for example, will help in
making the best dataset choices for model evaluation
moving forward. In addition, by understanding these
preliminary data issues, more confident and robust
conclusions can be made to understand changes in the
characteristics of the temperature distribution, and
therefore provide critical information for future planning for extremes.
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