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Abstract
Reanalyses such as the European Centre for Medium-Range Weather Forecasts
(ECMWF) Reanalysis Version 5 (ERA5) have long been foundational for weather
and climate science. They have also found a new use case, as training and ver-
ification data for machine-learnt weather prediction (MLWP) models. Here we
compare short-lead-time (6 h) forecasts from the MLWP model GraphCast against
ERA5. In doing so, we identify a recurrent, spatially coherent error in 2-m tem-
perature centred on the Ethiopian Highlands, which occurs predominantly at
0600 UTC. We find that the same error feature is present in other MLWP mod-
els trained on ERA5. We show that these error events arise from errors in ERA5
that are also present in the ECMWF operational analysis. They arise from the
two-dimensional (2D) optimal interpolation procedure, when surface reports that
are temporally displaced compared with the background forecast are assimilated.
This produces spuriously warm analysis increments over Ethiopia on approxi-
mately 7% of dates at 0600 UTC across the reanalysis record. The spread from the
ensemble of data assimilation partially flags these cases but is underdispersive. We
assess the impact on a MLWP system trained on ERA5. While the MLWP model
can largely ignore these unphysical error events, a small systematic degradation
in forecast skill over the region is observed. We discuss the implications for using
reanalysis as truth in machine-learning training and verification, and recommend
simple changes to reduce such artefacts in future analyses.

K E Y W O R D S

2-m temperature, data assimilation, ERA5, GraphCast, machine-learnt weather prediction
(MLWP), reanalysis error

1 INTRODUCTION

The European Centre for Medium-Range Weather
Forecasts (ECMWF) Reanalysis Version 5 (ERA5) is a
globally consistent, high-resolution reconstruction of past
atmospheric, land, and ocean-surface conditions from
1950 to the present (Hersbach et al., 2020). It is one of

the most widely used climate datasets: the ERA5 refer-
ence article (Hersbach et al., 2020) has received around
4000 citations per year since publication. ERA5 is used
for a diverse range of applications: it is used to assess
the severity of climate change by revealing long-term
shifts in temperature, precipitation, and extreme events
(Masson-Delmotte et al., 2021); it advances physical
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climate science through analysis of large-scale circulation
patterns, variability, and teleconnections (e.g., Kang
et al., 2024; O’Reilly et al., 2024); it is used to provide initial
conditions for model simulations (Roberts et al., 2025);
and, further, it serves as a benchmark, allowing com-
parison of model predictions with an observationally
constrained dataset (e.g., Strømmen et al., 2025).

Recent years have seen a new use case for ERA5 data:
its use as training data for machine-learnt weather pre-
diction (MLWP) models (Rasp et al., 2020, 2024). These
machine-learnt emulators are now positioned as powerful
substitutes for physics-based numerical weather predic-
tion (NWP) models (Bi et al., 2023; Lam et al., 2023). MLWP
models can produce forecasts up to 1000 times faster com-
pared with NWP (Pathak et al., 2022), and they also show
improved forecast skill compared with their dynamical
counterparts (Alet et al., 2025; Kochkov et al., 2024; Lam
et al., 2023; Price et al., 2024; Yuval et al., 2024). Arguably, it
is the availability of ERA5—including its spatio-temporal
coverage, comprehensive set of variables, and open-source
licence—that has made this machine-learning revolution
for weather prediction possible (Rasp et al., 2024).

While initial evaluation of MLWP models focused
on their skill compared with conventional numerical
weather prediction (NWP) models, subsequent studies
have considered their physical behaviour. This includes
whether they emulate well-known physical relationships
such as geostrophic balance (Bonavita, 2024) and the
Matsuno–Gill response to tropical heating perturbations
(Hakim & Masanam, 2024). Other studies have consid-
ered Kelvin and Rossby waves (Jalan & Sukhatme, 2025),
teleconnections (Diao & Barnes, 2025), extreme events
(Baño-Medina et al., 2025; Meng et al., 2025; Olivetti &
Messori, 2024), and error growth (Selz & Craig, 2023).

One approach to understand the behaviour of a model
better is to study the errors it makes. For example, the
Transpose–Atmospheric Model Intercomparison Project
(AMIP) experiment (Williams et al., 2013) used a reanal-
ysis product to initialise climate models. Comparing their
forecast errors over one- to two-day lead times high-
lighted fast-growing model errors that could be attributed
to the parametrised physics. Similarly, Rodwell and
Palmer (2007) used the error in short-term forecasts from
within the data-assimilation cycle to rule out certain
parameter perturbations as unphysical.

The original goal of our study was to analyse errors
made by a MLWP model over very short lead times to learn
about the physical consistency of the model. However, in
studying the characteristics of fast errors, we identified a
curious error pattern over the Ethiopian Highlands: on
7% of days, the forecasts validating at 0600 UTC have sur-
face temperature fields that are 5 K colder than ERA5.
We find that this error is not due to the MLWP method,

in this case GraphCast (Lam et al., 2023), but rather is a
feature of the verification dataset, ERA5. It arises because
a cluster of surface observations in this region are provided
at non-synoptic times. This leads to a large systematic
offset between the observations and the background fore-
cast. The observations involved are usually rejected by the
quality-control threshold; when they are included, they
lead to a jump in the analysis of the observed magnitude.
The presence of this error in ERA5 provides a novel test
for the physical behaviour of MLWP models trained using
ERA5: can they learn to ignore this clearly unphysical
feature in the training data?

This article is structured as follows. In Section 2, we
present the ERA5 dataset and the GraphCast model and
describe the error database we constructed for our anal-
ysis. In Section 3, we present the error and its character-
istics. In Section 4, we discuss the cause of the error in
ERA5. In Section 5, we discuss the implications for MLWP
forecasts trained using reanalysis data such as ERA5 data.
Finally, in Section 6, we reflect on the implications of the
article and present some conclusions.

2 METHODS

Several MLWP models have been developed in recent years
using the ERA5 reanalysis as their main (or exclusive)
training dataset. Among these MLWP models, we focus
our attention on GraphCast (Lam et al., 2023), which was
developed for medium-range weather forecasting. It is an
example of a broad class of MLWP models which use a
graph-based neural network architecture, first introduced
for meteorological forecast applications by Keisler (2022)
and since widely adopted (e.g., Alexe et al., 2024; Lang
et al., 2024).

GraphCast evolves the three-dimensional (3D) global
state of atmospheric temperature, winds, humidity, and
geopotential on 37 pressure levels, as well as the state
of five surface fields. It can produce a 10-day forecast in
under a minute on a single Google tensor processing unit
(TPU). Predictions are made at a spatial resolution of 0.25
deg latitude/longitude (approximately 25 km) and with a
six-hour timestep. It receives the two previous states of the
atmosphere as input—in other words, the atmospheric
state at 0 and −6 h is used to predict the state at +6 h. A
forecast is then made by calling GraphCast iteratively to
step forward the atmospheric state. GraphCast is trained
using a mean squared error loss. Training is autoregres-
sive out to lead times of three days, to improve the model’s
ability to predict the atmospheric evolution over several
timesteps. The loss function does not weigh all variables
equally: the single most important variable in the loss
function is the surface 2-m temperature (2mT) field. This
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variable receives a weighting in the loss function equal to
that of an entire 3D variable (on 37 pressure levels) such
as temperature (Lam et al., 2023).

Similarly to other MLWP models, GraphCast is trained
to emulate the training data, in this case ERA5 (Hersbach
et al., 2020) using data from 1979 to 2017. ERA5 is based
on the data assimilation system of the ECMWF Integrated
Forecasting System (IFS) Cy41r2, which became opera-
tional on March 8, 2016. The reanalysis is produced using
a four-dimensional variational (4D-Var) data assimilation
process, which blends observations taken over a period
of 12 hours with short-range (background) forecasts from
the previous analysis update. In 1979, these observations
numbered approximately 0.75 million per day, increasing
to around 24 million a day by 2019 (Hersbach et al., 2020).
ERA5 is produced at a horizontal resolution of 31 km,
with 12-hour cycling from 9 pm to 9 am and vice versa,
with hourly output saved. In addition to the main reanal-
ysis, uncertainty information is generated by producing a
lower resolution 10-member ensemble of 4D-Var reanaly-
ses. This ensemble provides background-error covariance
estimates for the high-resolution 4D-Var computation.

In this study we choose to focus on 2mT, because of
the high weighting given to this field in the GraphCast loss
function. This means that GraphCast assigns high impor-
tance to accurate forecasts of this field during training.
Errors in this field therefore have particular significance
when considering the possible limitations of GraphCast’s
forecasting ability. However, 2mT is not a prognostic vari-
able in the IFS. It is diagnosed by interpolating between the
temperature at the lowest model level and the temperature
at the surface, using the same assumed profiles as in the
surface flux calculations (ECMWF, 2024b). It is analysed
(alongside 2-m relative humidity) through an intermittent
two-dimensional optimal interpolation (2D-OI) scheme,
which combines screen-level observations with the back-
ground forecast diagnosed from the 4D-Var short-range
forecast as discussed above (ECMWF, 2024a).

As described in ECMWF (2024a), during 2D-OI the
background forecast at each analysis time (0000, 0600,
1200, and 1800 UTC) is first interpolated horizontally to
the location of the observations. There is usually a mis-
match between the altitude of the interpolated forecast and
the true observation, because of the smoothed represen-
tation of orography in the forecast model: the observation
is corrected to account for this discrepancy using a fixed
lapse rate of 4.5 K/km. A quality-control (QC) check is
then carried out and observations are rejected if they dif-
fer from the background forecast by more then 7.5◦C.
Background departure points, ΔXi, are calculated at each
observation site, i, as the difference between each corrected
observation and the interpolated background forecast. The
final analysis increment, ΔXa

p, at each model grid point

is computed as the weighted sum over the background
departure points from the N = 50 closest sites:

ΔXa
p =

N∑

i=1
Wi ⋅ ΔXi, (1)

where the weighting, Wi, is computed using the assumed
background and observation-error covariance matrices in
a standard Kalman filter update. In the weighting com-
putation, the horizontal structure function has a decor-
relation length-scale set to 300 km, which results in a
horizontal e-folding distance of 420 km, while the verti-
cal structure function has a length-scale of 800 m. If a
given site has no valid observation at the time of interest,
the departure point corresponding to the nearest in time
(and most recent) valid observation within a plus/minus
three-hour window is used instead. The standard devia-
tions of background and observation errors are taken to be
1.5 K and 2 K, respectively.

We initialise GraphCast from ERA5 every six hours
between 0000 UTC on January 1, 2014 and 1200 UTC on
December 31, 2016. For each initial condition, we produce
forecasts for one time step, corresponding to a lead time
of 6 hours. We compute the error in the GraphCast 2mT
forecast as

𝜀 = 2mTGraphCast − 2mTERA5. (2)

The recent period 2014–2016 was chosen for our analysis
to ensure the best observational data coverage and there-
fore constraint of ERA5. It also falls within the training
period for GraphCast. This is to assess GraphCast’s ability
to emulate the behaviour of ERA5 as observed in the train-
ing data, as opposed to its ability to generalise to unseen
data. Three years was found to be sufficient for robust
analysis.

3 ERRORS IN 2-M
TEMPERATURE

To summarise the error database, we first performed
an empirical orthogonal function (EOF) analysis of the
six-hour GraphCast errors for forecasts validating at
0600 UTC. EOFs 3, 4, and 5 all showed that a strong com-
ponent of 2mT error variability was localised over the
Ethiopian Highlands in central and northern Ethiopia
(Figure S1). This merited further investigation. We also
performed the EOF analysis for forecasts validating at
other times. Although they show some signal of an
error component over Ethiopia, the signal is strongest at
0600 UTC.

Figure 1 (bottom row) shows a sequence of 0600 UTC
error maps for six consecutive days in 2016. On January
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4 of 13 CHRISTENSEN et al.

F I G U R E 1 ERA5 2-m temperature (top row), ERA5 2-m temperature anomalies (centre row), and errors in 6-h lead-time GraphCast
forecasts (bottom row), all shown at 0600 UTC for six consecutive days in 2016. ERA5 anomalies are computed by subtracting the 0600 UTC
2014–2016 January mean from the instantaneous fields. Error maps are defined as the GraphCast forecast validating at 0600 UTC minus the
corresponding ERA5 field.

23 and 25, a large cold error of up to −5 K is observed
in the GraphCast forecast. We call these “error events”.
The error events are not observed on the other days in
the period. The error is approximately centred on Addis
Ababa, and is of order 1000 km in diameter. The top row of
Figure 1 shows the ERA5 2mT fields at 0600 UTC for the
same days. No unusual features are obvious on the days
corresponding to the error events. The centre row shows
ERA5 anomalies for the same days, computed by subtract-
ing the 2014–2016 January 0600 UTC mean from each raw
field. Here, we observe that ERA5 is warmer than average
over Ethiopia on the days with the error events, though the
anomaly is not out of the ordinary compared with anomaly
features in other regions. For example, there are strong
warm anomalies over both Saudi Arabia and Mozambique
on certain days within the selected period, but these other
warm anomalies do not correspond to an error feature in
GraphCast forecasts.

We define a region of interest over Ethiopia span-
ning 7.5◦N–13.5◦N, 35◦E–41◦E and compute the average
error in this region. Figure 2a shows a time series of
this 0600 UTC error over the first half of 2016. The error
events are clearly visible. We plot the ERA5 analysis and
the GraphCast 6-h forecasts in Figure 2b, demonstrating
that it is ERA5 and not GraphCast that shows abrupt
jumps for these error cases. Figure 2c plots the same time

series for the ECMWF operational analysis and the corre-
sponding background forecasts valid at 0600 UTC for each
date, and the error in the operational analysis is included
in Figure 2a. The ECMWF operational analysis shows
similar behaviour to ERA5, while the corresponding oper-
ational background forecasts show similar behaviour to
GraphCast.

There are two possible causes of the observed error.
Firstly, the error could point to a problem with GraphCast.
For example, there could be a short-lived weather phe-
nomenon that forecasting models struggle to predict, but
that is captured by the reanalysis. We note that, if this is
the case, Figure 2c indicates the same problem in forecasts
using the IFS. To identify what this phenomenon could be,
we consider the distribution of variables in ERA5 on days
with and without the error events. This includes skin reser-
voir content, total evaporation, cloud cover, various radia-
tive fluxes, precipitation, and humidity and temperature
at a range of vertical levels. We find no significant differ-
ence in distribution between error and non-error cases for
any of these variables (not shown). We also assess whether
related fields in ERA5 show similar fluctuations, including
temperature on pressure levels between 900 and 500 hPa
and skin temperature. These variables do not show the
same unusual behaviour (Figure S2). We finally compared
6-h forecasts from two additional MLWP models with
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CHRISTENSEN et al. 5 of 13

F I G U R E 2 (a) Time series of the error in GraphCast compared with ERA5 reanalysis (dark blue), and the difference between the
background forecast and the analysis from within the ECMWF operational data assimilation system (yellow). (b) GraphCast 6-h forecasts
compared with ERA5 reanalysis. (c) ECMWF background forecasts and analysis from the operational data assimilation system. All panels
show results for 2-m temperature, are averaged over 7.5◦N–13.5◦N, 35◦E–41◦E, and are valid at 0600 UTC on each date. The horizontal
dashed line in panel (a) shows the threshold used to define error events in GraphCast compared with ERA5. The vertical dashed lines in each
panel highlight the detected error cases.

T A B L E 1 Percentage of ERA5 2-m temperature fields with
error cases, as a function of time of day, for all dates within
different reanalysis years. Here, we define error events as points in
time for which the GraphCast error averaged over the rectangular
region 7.5◦N–13.5◦N, 35◦E–41◦E is below −1.5 K.

0000 UTC 0600 UTC 1200 UTC 1800 UTC

1980 1.1 8.0 0.3 0.0

1990 0.8 3.6 0.0 0.0

2000 0.3 0.5 0.0 0.0

2010 0.8 2.7 0.3 0.0

2014–2016 1.5 7.2 0.2 0.1

ERA5: FuXi (Chen et al., 2023) and Pangu (Bi et al., 2023).
Results are shown in the Appendix A (Figure A1): FuXi
and Pangu behave similarly to GraphCast and do not show
large fluctuations in 2mT. We therefore conclude that the
error is likely an issue with ERA5 that is also present in the
operational analysis.

To compute statistics of the error, we define error
events as points in time for which the GraphCast

error averaged over the rectangular region 7.5◦N–13.5◦N,
35◦E–41◦E is below−1.5 K. This is shown as the horizontal
dashed line in Figure 2a. A visual comparison of the maps
of errors on those days indicates that this approach was
effective at selecting error events, with very few false posi-
tives or missed events. Table 1 shows the number of error
events at each validation time for the 2014–2016 period.
To assess whether these errors are a recent phenomenon,
or whether they occur throughout the ERA5 record, we
perform additional GraphCast forecasts to compute the
statistics over 1980, 1990, 2000, and 2010, respectively. The
results are shown in Table 1. The error cases are strongly
confined to 0600 UTC and occur on around 7% of dates.
They are also present throughout the historical record.
Maps of example error cases in the earlier part of the record
are shown in Figures S3 and S4. For earlier years, the
error cases over Ethiopia have a similar spatial structure.
However, many additional error features are visible, which
could be worth investigating.

The ERA5 ensemble of data assimilation (EDA) aims to
represent uncertainty in the analysis due to the observing
system, boundary conditions, and forecast model. It
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accounts primarily for random observation and model
uncertainties, as opposed to systematic errors, but it can
still provide information about relative uncertainty in the
reanalysis. To assess whether the spread of the EDA cor-
rectly indicates higher uncertainty in the reanalysis for
the error cases, we compute spread–error scatter plots
(Leutbecher, 2010) for two point locations.

All dates in 2014–2016 are first sorted according to the
EDA ensemble spread and grouped into 10 equally pop-
ulated bins. Ideally, we would compare the EDA spread
on each day with the reanalysis error, that is, the differ-
ence between the reanalysis and the real world, but this
is not available. We are interested primarily in whether
the EDA spread captures the uncertainty associated with
very large error cases. We therefore use GraphCast as a
proxy for the real world, since for these large error cases
the difference between GraphCast and ERA5 will be dom-
inated by the reanalysis error (as opposed to the forecast
error). Therefore, for each bin, the EDA root-mean-square
(RMS) spread is computed and compared with the RMS
error in GraphCast forecasts for those corresponding dates.
The results are shown in Figure 3. The two locations were
chosen as points close to international airports, to bene-
fit from the automated screen-level observations available
there. The spread–error plot for Addis Ababa, within our
region, shows a clear relationship between EDA spread
and GraphCast error. More error cases are typically found
in high-spread bins than in low-spread bins, giving rise
to differences in RMSE across those bins: the EDA spread
provides useful information about the possibility of large
error cases. However, the ensemble is underdispersive.
The spread is approximately half the observed RMSE and
does not reach an amplitude that reflects the true error. In
contrast, there is no clear relationship over Nairobi, which
is outside our region of interest. Errors between Graph-
Cast and ERA5 at this location are likely dominated by

random error growth, as opposed to uncertainties in the
reanalysis.

Finally, we assess whether there is a systematically
larger EDA spread associated with error cases compared
with non-error cases. This can be answered by sorting the
data by error instead of by spread and binning as above. If
we do this, the largest error bin has an RMS spread of 0.51,
compared with its RMSE of 3.0. The spread of all other
bins is approximately 0.45 and shows no relationship with
RMS error. Therefore there is a systematic, albeit modest,
increase in spread for error cases compared with non-error
cases.

4 THE CAUSE OF THE ERROR

An analysis product represents the average weather con-
ditions over the grid box, whereas a surface observation
is a measurement of the local weather conditions. This
philosophy underpins the 2D-OI approach. A mismatch
between the background forecast and the observation
is to be expected, because of the difference between the
grid-box average and local weather conditions. The QC
threshold is therefore set high to ensure that valid obser-
vations are retained and used to constrain the analysis.
To represent the grid-box average better and reduce com-
putational costs, the 2D-OI scheme uses the nearest 50
observations to constrain the analysis at any given point.
Regions with complex orography, such as Ethiopia, are
particularly challenging. ERA5 has a horizontal resolution
of 31 km, which is not sufficient to resolve small-scale sur-
face features or the resultant localised weather conditions.
This means there is often a very substantial mismatch
between a point observation and the corresponding
first-guess forecast. Since microclimates can vary over
short distances in such regions, pointwise observations

F I G U R E 3 Root-mean-square
(RMS) ensemble spread compared with
RMS error for (a) Addis Ababa,
Ethiopia (9◦N, 38.75◦E) and (b)
Nairobi, Kenya (1.25◦S, 37◦E). The
ensemble spread is taken from the
ERA5 ensemble of data assimilation,
whereas the error is computed between
GraphCast and ERA5.
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are very different from the grid-box average and averaging
over many observations becomes critical.

A further challenge in this region is that surface obser-
vations are relatively sparse. At each analysis time, 20–30
observations are typically used to constrain the analy-
sis across the Ethiopian region of interest; an area of
approximately 700 × 700 km2. For comparison, Figure S5
shows a typical global distribution of surface observations
assimilated into the 0600 UTC 2mT field, highlighting
substantially more observations in other global regions.
Because the nearest 50 observations are used to constrain
the analysis at a given point, in regions where surface
observations are sparse a single observation can influence
the analysis over a very large region, including at locations
with very different local weather effects and associated
model biases.

Initially, our assumption was that the reanalysis errors
were due to sparsity of observations in space; however,
on further investigation, we identified that the ultimate
source of the error is actually sparsity of observations
in time. We found that a cluster of stations in Ethiopia
have unusual reporting practices. These stations often miss
reporting observations at 0600 UTC (9 am local time), but
report instead at 0900 UTC (local noon). However, the
2D-OI scheme only has a background forecast valid at the
synoptic time of 0600 UTC. Since a report at 0900 UTC falls
within the acceptable plus/minus three-hour window, the
background at 0600 UTC is compared with the raw mea-
surement at 0900 UTC. The diurnal cycle shows very large
increases in temperature over this window, so the obser-
vation at 0900 UTC is always substantially warmer than
the background forecast at 0600 UTC and is usually QC
rejected. However, occasionally it slips below the thresh-
old, leading to a large jump in analysis temperature at
0600 UTC. Because a cluster of stations in the region has
this reporting practice, and because of the overall spar-
sity of stations, this leads to a Gaussian-shaped uplift in
the temperature over a large region centred on Ethiopia.
In addition to a measurement at 0900 UTC, a measure-
ment is also often available at 0300 UTC. However, the
2D-OI scheme always selects the nearest and most recent
(i.e., later) observation, such that the 0900 UTC measure-
ment is preferentially selected, and the errors always have
a positive sign.

To demonstrate this mechanism, Figure 4 shows the
available observations for the 0600 UTC analysis for all
stations within the Ethiopian region for January 21–26,
2016, compared with the area-mean ERA5 reanalysis over
the same domain. On January 21, 22, and 26, there are
many observations at 0600 UTC with which to constrain
the analysis. In contrast, relatively few stations report
at 0600 UTC on January 23, 24, and 25. For each sta-

tion, the 2D-OI procedure therefore selects the nearest
available observation in time at each station. For Jan-
uary 23 and 25, many stations report at 0900 UTC, data
that are then used to constrain the 0600 UTC analy-
sis, leading to the observed warm error. On January
24, only one station provided reports, at each of 0700,
0800, and 0900 UTC. The analysis at 0600 UTC was there-
fore constrained by the single closest observation, taken
at 0700 UTC: the warm error was less severe on Jan-
uary 24, such that this date was not classified as an
error event.

5 IMPLICATIONS FOR MLWP

Reanalyses provide the backbone of training datasets for
many modern AI weather prediction systems, including
GraphCast. While they are among the most thoroughly
evaluated geophysical datasets available, they are not free
from errors or deficiencies. The identification, documen-
tation, and correction of such issues are an integral part
of the reanalysis production and quality-assurance pro-
cess, with known issues routinely recorded and com-
municated through Copernicus Climate Change Service
quality-control and user-support frameworks. In this
section we explore the implications of reanalysis errors for
MLWP trained on reanalysis.

Firstly, we assess whether the presence of the error in
the training data has made forecasts in this region mea-
surably worse compared with other regions. We hypothe-
sise that GraphCast (and other MLWP models trained on
reanalysis) might show systematically warmer 2-m tem-
perature predictions over Ethiopia at 0600 UTC to hedge
against the error. This would be unphysical, but would
match the training distribution better.

We exclude all error cases from the database, leav-
ing only forecasts where we are confident in the ERA5
validation field. Figure 5 shows the 2mT GraphCast bias
at 0600 UTC. Points within our region of interest have a
slight warm bias. When averaged over our 6◦ × 6◦ region
(rectangle marked on Figure 5), the warm bias is +0.14 K.
However, other regions over Africa have similar magni-
tude biases. To assess the significance of the bias in the
region of interest, we randomly sample one million 6◦ × 6◦

boxes, where the lower left-hand corners of these boxes are
sampled from −90◦N–84◦N and 0–354◦E. Sample boxes
containing any ocean points are discarded, before the aver-
age 0600 UTC bias is computed for each of the remaining
∼ 186 000 samples. Figure 6 shows the distribution of
the resultant regionally averaged biases. GraphCast 2mT
forecasts over land are, on average, slightly too cold at
0600 UTC. The Ethiopian region has an average bias of
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F I G U R E 4 (a) Surface observations available to the 0600 UTC 2-m temperature analysis within the Ethiopian region (7.5◦N–13.5◦N,
35◦E–41◦E) for January 21–26, 2016. Individual observations are coloured according to their observation time (0600, 0700, 0800, or
0900 UTC), while the black line shows the corresponding area-mean ERA5 2-m temperature. (b) Number of observations available to the
0600 UTC analysis, separated by observation time (0600, 0700, 0800, and 0900 UTC).

0.14, which is 2.46𝜎 from the mean. This corresponds to
the 98.8th percentile, and is therefore a significant warm
bias at the 5% level, though we note that it is within
the distribution of biases for regions of this size. Fur-
thermore, an average bias of −0.14 K falls at the 9.3rd
percentile, such that biases of this magnitude are not
significant.

Secondly, we assess whether the presence of an error
case in the initial conditions impacts forecast skill sys-
tematically at subsequent times. We sort the data into

two groups according to the presence of an error case at
0600 UTC. We then compute the forecast bias at 1200 UTC
for each group of forecasts, averaged over all initial
conditions within the group, separately for each location.
Figure 7a shows the distribution of biases for each point
within the region of interest over Ethiopia, for the initial
conditions with and without the error cases. If Graph-
Cast were able to ignore the warm error in its starting
conditions, the bias distributions would be indistinguish-
able on error and non-error days. Instead, the forecasts
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F I G U R E 5 Bias in 6-h
GraphCast forecasts over Africa
validating at 0600 UTC for non-error
cases. The bias is computed over
2014–2016, compared with ERA5.

F I G U R E 6 Distribution of regionally averaged 2-m
temperature biases in 6-h GraphCast forecasts at 0600 UTC. The
histogram contains only land regions sampled globally. The bias
measured for the Ethiopian region is marked by the red arrow.

initialised with the error cases show a systematic cold bias
(average of −0.15 K) at 1200 UTC compared with forecasts
initialised without the error cases (average of −0.045 K).
GraphCast forecasts are therefore systematically colder for
initial conditions with a warm error. However, we note
that, while there is a systematic shift, it is small compared
with the size of the error in the initial conditions, which
is typically approximately −3 K (see Figure 2). Figure 7b

shows the distribution of instantaneous errors, in both
space and time, for these two groups of forecasts. This
demonstrates further that the impact is small.

6 DISCUSSION AND
CONCLUSIONS

Here, we summarise and expand the principal conclusions
of this study and then offer practical recommendations
going forward.

6.1 The error is significant because 2-m
temperature is widely used

The 2mT field is one of the most widely downloaded
ERA5 fields. It is commonly used for impact studies,
climate-change trend analysis, and verification of weather
and climate models. The error we identify over the
Ethiopian highlands is pervasive throughout the dataset
and occurs at 0600 UTC on an appreciable fraction of dates
(approximately 7% in our sample). A limited-area EOF
analysis over the African continent identified similar error
features over Niger, Nigeria, Angola, Namibia, Congo,
and Chad (Supplementary Figure S1). These regions also
rely on relatively few, manual observations (Supplemen-
tary Figure S5), leaving them prone to this analysis error.
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F I G U R E 7 Distribution of
1200 UTC error in GraphCast
forecasts initialised with (blue)
and without (yellow) an error case
in the initial conditions. (a) Bias
distribution, defined as error
averaged in time over all start
dates, and (b) instantaneous errors
in both space and time. Both show
data for all locations within the
Ethiopian region of interest.

Consideration of samples from 1980 and 1990 indicates
that this may be a more widespread issue in the earlier
part of ERA5, with more geographical regions affected. It
is important to report such errors to users of ERA5, so they
can account for them in any use of ERA5 for impacts or
model evaluation.

6.2 Uncertainty estimates from ERA5
should be utilised better

Reanalysis products such as ERA5 blend observations
with background forecasts from a numerical model. They
inherit key benefits, but also limitations, from both these
data sources. ERA5 includes an ensemble of data assim-
ilation, which produces an uncertainty estimate used
within the data assimilation (DA) procedure and which
accounts for both model and observation error (Hersbach
et al., 2020). This uncertainty estimate is also available
to users of the reanalysis product. Despite its availabil-
ity, this uncertainty estimate is not used routinely. For
example, it was not included with WeatherBench (Rasp
et al., 2020, 2024) and is not widely used by the MLWP
community. Where possible, users and machine-learning
practitioners should make explicit use of the EDA (or other
uncertainty estimates) to reduce the weighting assigned
to uncertain analyses during training and verification, for
example, through including analysis uncertainty in the
loss function. Furthermore, a better understanding of the
DA process could guide how MLWP training objectives are
constructed. For example, weighting surface 2mT equally
with the 3D prognostic variables benefitted GraphCast’s
overall skill, but surface fields may contain artefacts due
to the 2D-OI algorithm and sparse surface observations,
whereas 3D fields are constrained relatively well by 4DVar.

6.3 MLWP in the Tropics requires
caution because of observation sparsity

MLWP methods are often promoted as promising for trop-
ical forecasting, where NWP models can have lower skill.
However, our study indicates that caution must be taken.
Tropical regions are often more sparsely observed than the
extratropics, and complex terrain can amplify the impact
of reporting practices or DA choices. However, the spar-
sity of surface observations means that end-to-end MLWP,
which takes observations as input and predicts the fore-
cast at station locations, would leave many users without
a forecast. We must therefore assess the observing system
and DA behaviour in regions of interest before relying on
MLWP outputs for operational or impact use.

6.4 MLWP can learn climatology
shortcuts as well as physical relationships

Machine-learnt emulators are, by construction, statisti-
cal approximators of their training distribution. When
training data contain intermittent errors, ideally an emu-
lator could learn to ignore those samples. However, in
practice it is likely that the emulator will either learn to
reproduce those errors or hedge against them by shift-
ing their predictions toward the climatological mean.
Both behaviours are undesirable. Our analysis shows that
GraphCast exhibits a small but significant regional warm
bias at 0600 UTC consistent with the training distribution,
and initial conditions containing the ERA5 error produce
slightly different subsequent forecasts. This is evidence
that ML models do respond to, and partially internalise,
such errors. However, the biases are small. In the context of
MLWP, there is substantial discussion as to whether such
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models have “learnt the underlying physics”. In our
context, we phrase this as, “Can an MLWP model identify
that, on certain days, the 2mT field is inconsistent with
the remaining 3D temperature fields?” On the whole, our
results show that GraphCast has largely ignored the error,
despite its prevalence throughout the training data. We
note that this is despite the fact that the error is not purely
random—it is systematically more likely to occur on days
with a smaller diurnal cycle. This hints that GraphCast
has been able to identify and ignore this inconsistency to
some extent.

6.5 MLWP models can be valuable
for assessing reanalysis quality

An unexpected positive outcome of this work is method-
ological: we found that comparing MLWP short-lead-time
forecasts with their training analysis was an effective way
to detect intermittent errors in the reanalysis. Because
ML models learn the dominant spatio-temporal structure
of their training data, sudden, localised discrepancies
between a forecast and the analysis can highlight errors
that would otherwise be difficult to detect by eye. We
therefore recommend using MLWP verification as a
complementary diagnostic when validating reanalysis
products, for those for whom the background fore-
cast is not available. While NWP models could also be
used to detect such errors, the portability and speed
of MLWP models makes them particularly suitable for
this task.

6.6 Practical recommendations
for reanalysis practice

Finally, we consider recommendations for improving the
analysis and reanalysis in this region, and for other loca-
tions in space and time that suffer from sparsity of observa-
tions and unusual reporting practices. In the 2D-OI system
currently used to produce the 2mT analyses, we suggest
that it is important to make better use of observations in
time. The natural solution is to produce and use a back-
ground forecast that has a high time resolution, such that
observations could be compared with the background that
is valid at the time that the observation was made, as
in 4DVar. In addition, instead of using only the nearest
and most recent observation, it would be better (1) to use
observations symmetrically in time—for example, using
an observation at both 0300 UTC and 0900 UTC, should
0600 UTC be unavailable—and (2) moreover, to consider
using all observations available within the 6-h window,
suitably weighted according to their distance in time from

the target time. These two changes should enable the
system to perform better in regions with a rapidly chang-
ing diurnal cycle, as it would no longer be systematically
more likely to look ahead than behind to find a suitable
observation. In addition, making use of more observa-
tions in time will reduce random errors associated with
individual observation locations and also reduce jumpy
behaviour.

A more fundamental solution would be to let 4D-Var
produce the 2mT analyses. This would enable a more
extensive and dynamically consistent use of all available
2mT observations within the assimilation window, along-
side the large number of other observations that con-
strain near-surface conditions. Such a development would
also support ongoing efforts towards coupled data assim-
ilation. Since 2mT observations are already assimilated
in 4D-Var, the approach is expected to be cost-neutral.
However, achieving analyses that outperform the cur-
rent high-resolution 2D-OI system remains challenging.
Ongoing research is exploring improved observation-error
specification and enhanced 4D-Var resolution to represent
near-surface temperature variability better within a fully
four-dimensional framework.
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archive; data for additional machine-learning model
forecasts in 2022 are taken from the ECMWF experimental
machine-learning datasets (class=ml) in the ECMWF
MARS archive (ECMWF, 2018).
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APPENDIX A. BEHAVIOUR OF OTHER
MACHINE-LEARNT WEATHER PREDIC-
TION MODELS

To assess whether the behaviour identified for Graph-
Cast is specific to that model or is also exhibited by other
MLWP models trained on ERA5, we examined 6-h fore-
casts from the FuXi (Chen et al., 2023) and Pangu (Bi
et al., 2023) models. All forecasts validate at 0600 UTC and
were obtained from the MARS archive (ECMWF, 2018).
Figure A1 shows time series of area-mean 2-m temper-
ature over the Ethiopian region during 2022. All three
MLWP models exhibit behaviour similar to GraphCast:
their forecasts do not reproduce the intermittent warm
spikes present in ERA5. This suggests that the behaviour
identified for GraphCast is also exhibited by these two
independently developed MLWP models.

F I G U R E A1 Time series of area-mean 2-m temperature 6-h forecasts from three different machine-learnt weather prediction
models, GraphCast, FuXi, and Pangu, compared with ERA5. Results are averaged over 7.5◦N–13.5◦N, 35◦E–41◦E and are valid at 0600 UTC
during 2022.
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