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Abstract. Al weather models are commonly trained by climate reanalysis datasets that inevitably influence Al weather
forecasts. Given the importance of precipitation, it is essential to quantify how Al forecast errors respond to reanalysis errors.
This paper proposes the use of the analysis of covariance (ANCOVA) method to diagnose the responses. Specifically,
extreme precipitation events are identified from historical observations; both forecast and reanalysis errors are calculated
against observations during the evaluation period; and the ANCOVA method is fitted to separate the responses to reanalysis
errors from changes in response coefficients and additional offsets associated with extreme precipitation. A case study is
devised for GraphCast forecasts and European Centre for Medium-range Weather Forecasts (ECMWF) Reanalysis v5
(ERAS), using Daymet observations across 1426 catchments in the Catchment Attributes and MEteorology for Large-
Sample SPATially distributed analysis (CAMELS-SPAT) dataset. The results show that the responses of GraphCast forecast
errors to ERAS reanalysis errors weaken progressively with increasing lead time. Under non-extreme conditions, the median
response coefficient declines from 0.70 at the 1d lead time to 0.27 at 9d, indicating that each 1 mm/d increase in ERAS
precipitation errors leads to a median increase of 0.70 and 0.27 mm/d in GraphCast precipitation errors, respectively.
Extreme precipitation amplifies the underestimation by GraphCast forecasts, with the median additional offset across 1426
catchments decreasing from —1.75 to —10.43 mm/d when the lead time increases from 1d to 9d. Overall, the ANCOVA
method contributes to understandings of factors governing precipitation forecast errors and highlights the need to consider

inherent uncertainties in climate reanalysis when training and evaluating Al weather models.
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1 Introduction

Artificial intelligence (AI) weather models have advanced rapidly in recent years (Alet et al., 2026; Bodnar et al.,
2025; Lam et al., 2023). Rather than explicitly solving the equations of atmospheric dynamics and physics, these models
learn spatiotemporal relationships among atmospheric variables directly from historical climate reanalysis data (Rasp et al.,
2024; Zhao et al., 2025). Al weather models offer substantial computational advantages while achieving competitive forecast
skill (Chen et al., 2025; Bodnar et al., 2025). For example, Pangu-Weather (Bi et al., 2023) and GraphCast (Lam et al., 2023)
can generate 10-day deterministic weather forecasts within a few minutes, with the predictive accuracy comparable to that of
the Integrated Forecasting System (IFS) operated by the European Centre for Medium-range Weather Forecasts (ECMWF).
Despite these advances, precipitation forecasting remains particularly challenging because of the intermittency, nonlinearity
and spatial heterogeneity of precipitation (Huang and Zhao, 2025; Bafio-Medina et al., 2025a; Tan et al., 2024). Although Al
weather forecasts can reproduce large-scale precipitation patterns (Pan et al., 2025; Radford et al., 2025), substantial errors
persist for heavy and extreme precipitation, including underestimation of intensity, spatial displacement and increasing errors
with lead time (Li and Zhao, 2026a; Oh et al., 2026). These limitations underscore the importance of identifying the sources
and characteristics of precipitation forecast errors for the further improvements of Al weather models.

Precipitation forecast errors in Al weather models may arise from the combined effects of biases inherited from
training datasets, uncertainties accumulating with lead time and variations in performance across different climatic and
topographic regimes (Liu et al., 2024; Oh et al., 2026; Pan et al., 2025). For Al models, forecast skill is inherently
constrained by the information and errors embedded in the training data (Mu et al., 2026; Abel et al., 2026; Gupta et al.,
2026). When climate reanalysis products, such as the ECMWF Reanalysis v5 (ERAS) (Hersbach et al., 2020), are used as
training targets, reanalysis errors can be learned by Al weather models and subsequently propagated into their forecasts
(Abel et al., 2026; Yuval et al., 2026). Such errors are spatially and temporally heterogeneous because the precipitation
reanalysis is affected by observational constraints, physical parameterizations and data-assimilation procedures (Jiang et al.,
2021; Hersbach et al., 2020). Consequently, the extent to which reanalysis errors are inherited by Al precipitation forecasts
may vary with lead time as well as across climatic and topographic conditions (Bafio-Medina et al., 2025a; Nie et al., 2026;
Selz and Craig, 2023). It remains unclear whether reanalysis errors are amplified or attenuated in Al precipitation forecasts
(Gentile et al., 2026; Mu et al., 2025). This issue is particularly important for extreme precipitation, whose intensity is often
systematically underestimated in reanalysis products (Tang et al., 2020; Wang and Tian, 2025).

Quantitative methods are therefore in demand to assess how precipitation errors in Al weather forecasts respond to
errors in climate reanalysis (Mu et al., 2026; Abel et al., 2026; Sun et al., 2025). The analysis of covariance (ANCOVA)
method is well suited for this task because it can incorporate continuous covariates and categorical factors within a unified
regression model (Gupta et al., 2015; Gao et al., 2023), thereby allowing response coefficients to be estimated and compared
across different conditions (Faucheux et al., 2022; McEachran et al., 2021). In this paper, we propose the use of the

ANCOVA method to quantify the responses of Al precipitation forecast errors to reanalysis errors and to assess how these
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responses vary under extreme precipitation. For GraphCast forecasts and ERAS reanalysis, a case study is devised using
Daymet dataset across 1426 catchments in the Catchment Attributes and MEteorology for Large-Sample SPATially
distributed analysis (CAMELS-SPAT) dataset (Knoben et al., 2025). This analysis focuses on the catchment scale because it
provides the fundamental spatial unit for linking precipitation forecast errors to their impacts for potential hydrological
applications (Abbas et al., 2026; Meng and Zhao, 2025). As will be shown in the Methods and Results, the ANCOVA
method contributes to understandings of factors governing precipitation forecast errors, thereby providing useful information

for the further development and evaluation of Al weather models.

2 Methods
2.1 Overview of the analysis of covariance

There are three steps to quantify the responses of Al precipitation forecast errors to reanalysis errors, as shown in
Fig. 1. Prior to the analysis, precipitation forecasts, reanalysis data and observations are spatially and temporally aligned to
ensure consistency across these datasets. First, extreme precipitation events are identified separately for each catchment
using observations and the catchment-specific percentile threshold. Second, forecast and reanalysis errors are calculated
relative to the same observational reference and matched according to catchment, lead time and valid time. Third, the
ANCOVA method is fitted to quantify the responses of forecast errors to reanalysis errors while explicitly accounting for the
influence of extreme precipitation. The resulting model parameters characterize the responses coefficients under non-

extreme and extreme precipitation conditions.
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Figure 1. Schematic view of the ANCOVA method to quantify the responses of forecast errors to reanalysis errors.

80 2.2 Identification of extreme precipitation events

Precipitation observations from the training period of the specific Al weather model are used to calculate the
percentile threshold for identifying extreme precipitation events. Using the training period ensures that the threshold is
defined independently of the evaluation period, thereby avoiding information leakage from the evaluation data and
maintaining consistency with the precipitation climatology represented during model training (Zhang et al., 2026). Because

85 precipitation climatology varies substantially among catchments, the threshold is determined separately for each catchment
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rather than using a single value across all catchments (Olivetti and Messori, 2024; Zhao et al., 2025). This catchment-
specific definition accounts for spatial heterogeneity in precipitation regimes and avoids classifying the same precipitation
intensity as equally extreme events across regions with contrasting climate conditions.

The catchment-specific threshold derived from the training period is then applied to the evaluation period. For each

catchment, extreme precipitation event is defined as:

de = 1(0; > Og9) (1)
where o, represents the precipitation observation at time t; O is the 90th percentile of precipitation observations during the
training period; I(*) is the indicator function that equals 1 when the specified condition is satisfied and 0 otherwise. Thus,

d; = 1 denotes an extreme precipitation event, while d; = 0 denotes a non-extreme event.

2.3 Calculation of forecast and reanalysis errors

Forecast and reanalysis errors are calculated as the differences between precipitation forecasts and observations and
between reanalysis data and observations, respectively. Using the same observational reference ensures that the two error
terms are directly comparable and that their relationship is not confounded by differences in verification data. For each

catchment, the forecast error ef is calculated as:

efs,l = fs,l — Ot t=s+1 (2)
where f;; denotes the precipitation forecast initialized at time s with lead time [; o, is the precipitation observation at the

corresponding valid time t. The reanalysis error er; at the same valid time is calculated as:

ery =1 — 0t 3)
where 1, is the precipitation reanalysis at valid time t. Positive and negative values indicate overestimation and
underestimation relative to the observations, respectively. Signed errors are retained rather than converted to absolute errors
because the sign preserves information on the direction of the precipitation error, which is required to quantify how forecast
errors vary with reanalysis errors. For each forecast sample, ef; is paired with er; and the extreme precipitation indicator d,

at the corresponding catchment and valid time. The paired samples are then grouped by lead time for the subsequent analysis.

2.4 Quantification of responses to reanalysis errors

The ANCOVA method is utilized to quantify the responses of forecast errors to reanalysis errors while accounting
for the influence of extreme precipitation. By incorporating the binary term of extreme precipitation and its interaction with
reanalysis error in a single regression, the ANCOVA enables both the baseline response and its change under extreme
precipitation to be estimated within a unified model (Gao et al., 2023; Faucheux et al., 2022). For each catchment and lead

time, the model is fitted using the ordinary least squares:
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efsi = ap + rery +yide + 0y (ery X dy) + €, “)
where «; is the intercept for non-extreme precipitation conditions; 8; represents the response coefficient of forecast errors to
reanalysis errors under non-extreme conditions; y; represents the offset in the intercept between extreme and non-extreme
precipitation conditions; 8, represents the interaction effect between reanalysis errors and extreme precipitation; and € is
the residual term.
The interaction term determines whether the responses of forecast errors to reanalysis errors differ between the non-

extreme and extreme precipitation conditions. Under non-extreme conditions (d; = 0), Eq. (4) reduces to:

efsy = ar+ Brery + €5 (5)
where the response coefficient is 5;. Under extreme conditions (d; = 1), the model becomes:

efsi = (ar+vy) + B+ 6)er; + € (6)
where the corresponding response coefficient becomes ; + 6;. The estimated coefficients are interpreted as measures of
how forecast errors respond to reanalysis errors rather than strictly causal evidence of error propagation.

To quantify the goodness-of-fit for the ANCOVA method, the coefficient of determination (R?) is calculated (Wang
et al., 2026; Over et al., 2025), as follows:

RZ—1— x(efsi— @,z)z %
(efsi —efi)?

where E]\Cs,z and ef; denote the fitted value and mean value of e fs1, respectively. Statistical significance of the estimated
coefficients is evaluated using two-sided t-tests at the significance level of 0.05 (Faucheux et al., 2022; McEachran et al.,
2021). Specifically, the significance of f; is tested to assess whether the response of forecast errors to reanalysis errors is
significant under non-extreme conditions. The significance of 0; is tested to determine whether extreme precipitation
significantly modifies the corresponding response coefficient. The significance of y; is tested to determine whether extreme

precipitation introduces a significant additional offset in forecast errors after accounting for reanalysis errors.

3 Case study
3.1 Forecast, reanalysis and observation data

The forecast, reanalysis and observation data used in this study are summarized in Table 1. Precipitation forecasts
are generated by running GraphCast autoregressively. GraphCast is an Al weather model based on the graph neural network
and trained by ERAS data from 1979 to 2017 (Lam et al., 2023). Initialized with ERAS data of the two preceding time steps,
GraphCast produces global forecasts of 6 atmospheric variables at 37 pressure levels and 5 surface variables. For the
evaluation period from 2020 to 2025, GraphCast is initialized once daily at 00:00 UTC to generate 10d forecasts at 6h
temporal resolution on two NVIDIA A800 GPUs, each with 80 GB of memory.

6
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Precipitation reanalysis data are obtained from the ERAS dataset (Hersbach et al., 2020). It combines observations
with numerical model simulations through data assimilation to provide the spatially and temporally complete representation
of the global atmospheric, ocean-wave and land-surface variables. In ERAS, precipitation is a diagnostic variable rather than
a directly assimilated quantity and is derived from the forecast model component of the reanalysis system. Its accuracy is
therefore influenced by the assimilated atmospheric state, model physics and parameterization schemes.

Precipitation observations are sourced from the Daymet dataset (Thornton et al., 2022). It provides long-term,
continuous, gridded estimates of daily meteorological variables over continental North America, Hawaii and Puerto Rico by
interpolating and extrapolating ground-based observations. With a spatial resolution of approximately 1km % 1km, Daymet
provides a high-resolution observation-based reference dataset that has been widely used for the calibration and evaluation of
weather and climate products (Eldardiry et al., 2025; Wootten et al., 2024; Kim et al., 2024).

GraphCast forecasts and ERAS reanalysis are aggregated to daily temporal resolution and Daymet precipitation is
resampled to 0.25° x 0.25° grid using bilinear interpolation (Li and Zhao, 2026a; Price et al., 2025). Daymet daily
precipitation is defined over accumulation windows ending at approximately 7:00 local standard time for most stations
(Thornton et al., 2021). To achieve the closest temporal alignment, GraphCast and ERAS precipitation data are aggregated
over 24h periods ending at 12:00 UTC. Because each daily forecast requires a complete 24-h accumulation window, this
aggregation reduces the maximum lead time of GraphCast forecasts from 10 to 9 days. The gridded precipitation data are
subsequently averaged to catchment-mean values based on the 1426 catchments in the CAMELS-SPAT dataset (Knoben et
al., 2025). For each catchment, Daymet precipitation from 1980 to 2017 is used to determine the 90th percentile threshold
for identifying extreme precipitation events, whereas data from 2020 to 2025 serve as the observational reference for

calculating precipitation errors in GraphCast forecasts and ERAS reanalysis.

Table 1. Forecast, reanalysis and observation data used in the case study.

Data source Spatial resolution =~ Temporal resolution Coverage Time period Reference
GraphCast 0.25°%0.25° 6h Global 2020-2025 (Lam et al., 2023)
ERAS 0.25°%x0.25° 1h Global 1940-present  (Hersbach et al., 2020)
Daymet V4R1 1kmx1km 1d North America 1980-2025 (Thornton et al., 2022)

3.2 Experimental design

Experiment 1. Distribution of precipitation data and extreme events
The spatial patterns and statistical distributions of daily precipitation from GraphCast, ERAS5 and Daymet are

compared across the 1426 catchments. Mean precipitation and probability density distribution are examined to identify
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systematic differences among the three datasets. The intensity and frequency of extreme precipitation during the evaluation
are then analysed. This experiment provides the characterization of precipitation climatology and extreme precipitation.

Experiment 2. Relationship between forecast errors and reanalysis errors

Mean GraphCast forecast errors and ERAS reanalysis errors are compared across catchments and lead times. The
comparisons are performed for all precipitation samples and for extreme events to assess their spatial patterns and systematic
biases. Pearson correlation coefficients between forecast and reanalysis errors are then calculated for each catchment and
lead time. This experiment examines how their statistical association changes as lead time increases.

Experiment 3. Responses of forecast errors to reanalysis errors

To provide the catchment-scale interpretation of the ANCOVA method, the catchment USA 14137000 is selected
for detailed analysis. Time series of precipitation from GraphCast, ERAS and Daymet are compared across lead times to
examine their temporal correspondence under non-extreme and extreme precipitation conditions. The ANCOVA method is
then applied to quantify the response of forecast errors to reanalysis errors.

Experiment 4. Comparison across different lead times and catchments

The ANCOVA method is fitted separately for each of the 1426 catchments at each lead time from 1d to 9d. The
statistical and spatial distributions of the estimated coefficients are compared to assess how the responses vary with lead time
and across catchments. Differences between non-extreme and extreme precipitation conditions are also examined. This

experiment evaluates the consistency and applicability of the ANCOVA method across a range of lead times and catchments.

4 Results
4.1 Distribution of precipitation data and extreme events

The spatial and statistical distributions of daily precipitation across the 1426 catchments from 2020 to 2025 are
shown in Fig. 2. Overall, GraphCast forecasts, ERAS reanalysis and Daymet observations exhibit broadly consistent spatial
patterns. Higher mean precipitation occurs along the Pacific coast and across parts of the southeastern United States, whereas
drier conditions are observed over much of the interior western region. GraphCast forecasts reproduce these large-scale
spatial patterns at both 1d and 5d lead times, although deviations from Daymet become more pronounced when the lead time
increases. The probability density functions further reveal systematic discrepancies in precipitation intensity. All datasets
show similar distributions for low to moderate daily precipitation below 20 mm/d, but their differences increase toward the
upper tail. Daymet exhibits the highest probability density for daily precipitation exceeding 50 mm/d, while GraphCast
shows a lighter upper tail, particularly at the 5d lead time. ERAS generally lies between Daymet and GraphCast over much
of the high-intensity range. These results suggest that GraphCast captures the overall precipitation climatology but tends to

underestimate the frequency of heavy precipitation, with this discrepancy increasing with lead time.



200

205

210

https://doi.org/10.5194/egusphere-2026-5557
Preprint. Discussion started: 29 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

(a) GraphCast for 1d lead time (b) GraphCast for 5d lead time (e) Probability distribution
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Figure 2. Spatial and statistical distributions of daily precipitation across 1426 catchments from 2020 to 2025. Spatial distribution
of mean daily precipitation from (a-b) GraphCast forecasts at 1d and 5d lead times, (c) ERAS and (d) Daymet. (e) Probability
density distributions of daily precipitation.

The spatial and statistical distributions of the catchment-specific 90th percentile thresholds and the numbers of
extreme precipitation events are illustrated in Fig. 3. The spatial patterns of the thresholds are generally consistent with those
of the mean precipitation climatology, with higher values in wetter coastal and southeastern regions and lower values across
many interior and northern catchments. The frequency distribution is positively skewed, with thresholds of most catchments
being approximately 5—15 mm/d and only 52 catchments exceeding 20 mm/d. Applying these catchment-specific thresholds
to the 2020-2025 evaluation period reveals clear spatial heterogeneity in the number of identified extreme precipitation
events. More extreme precipitation events are identified in parts of the Pacific Northwest, southeastern United States and
several coastal regions, while fewer events are observed in some interior and northern catchments. The frequency
distribution is relatively concentrated, with most catchments experiencing approximately 150-250 events and a peak around
200 events. These results indicate that the percentile-based approach retains regional differences in precipitation climatology

while providing a comparable criterion for identifying extreme precipitation across the 1426 catchments.

9
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Figure 3. Identification of extreme precipitation events across 1426 catchments. Spatial and statistical distributions of (a-b)
catchment-specific 90th percentile thresholds derived from Daymet precipitation during 1980-2017 and (c-d) the numbers of
extreme precipitation events identified during 2020-2025.

4.2 Relationship between forecast and reanalysis errors

The mean precipitation errors of GraphCast forecasts and ERAS reanalysis from 2020 to 2025 are shown in Fig. 4.
When all precipitation samples are considered, both ERAS and GraphCast exhibit relatively small mean errors across most
catchments. Specifically, GraphCast forecasts show a slight tendency toward positive bias and the overall spatial patterns
change little between 1d and 5d lead times. The median GraphCast error increases from 0.26 mm/d to 0.38 mm/d when lead
time increases from 1d to 9d, while the median ERAS error is 0.03 mm/d across the 1426 catchments. By contrast,
substantially larger negative errors are observed for extreme precipitation events, indicating systematic underestimation by
both ERAS and GraphCast. The spatial coverage and magnitude of negative GraphCast biases increase with lead time,
accompanied by a pronounced downward shift in the error distribution. The median GraphCast error decreases from —3.96

mm/d to —10.75 mm/d when lead time increases from 1d to 9d, whereas the median ERAS5 error is —3.31 mm/d. These

10
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results indicate that precipitation errors differ markedly between the full precipitation samples and extreme events, with the

underestimation of extreme precipitation becoming substantially larger for GraphCast as the lead time increases.

(a) ERAS for 1d lead time (b) GraphCast for 1d lead time (c) GraphCast for 5d lead time M?:\%?&I;UI’
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235 Figure 4. Mean precipitation errors of GraphCast forecasts and ERAS reanalysis during 2020-2025. Spatial distributions of mean
ERAS errors and mean GraphCast errors under (a—c) all precipitation samples and (d—f) extreme precipitation events only.
Statistical distributions of mean errors for ERAS and GraphCast across different lead times under (g) all precipitation samples
and (h) extreme precipitation.
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The relationships between GraphCast forecast errors and ERAS reanalysis errors across the 1426 catchments are
illustrated in Fig. 5. At the 1d lead time, the two errors are positively correlated across all catchments, with the median
Pearson correlation coefficient (r) of 0.84. As the lead time increases, the correlations weaken progressively and become
more spatially heterogeneous. Specifically, high correlations are widespread across catchments at 1d lead time, whereas
lower and more heterogeneous values are observed at 5d and 9d lead times. The median r across the 1426 catchments
declines to 0.52 and 0.38 at 5d and 9d lead times, respectively. The correlations remain statistically significant across all
catchments at 1d and 5d lead times. The correlations remain significant across 1408 catchments, while only 18 catchments
show nonsignificant relationships at the 9d lead time. The correlation coefficients are centered above zero across lead times
from 1d to 9d. The linear relationships between forecast errors and reanalysis errors weaken steadily with increasing lead

time. This result may be due to the increasing contribution of accumulated forecast uncertainty as lead time increases.

(a) r (efs,;, ery) for 1d lead time (b) r (efs,), ert) for 5d lead time (c) r (efs,), ery) for 9d lead time
7 S P
60°N %09*‘005 1426§ P&%"MO% 1426§ 0p<005 1408{
od Q
. Jp>005 0 9 op=0.05:0 S op=0.05: 18

30°N

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

(d) Comparison of r (efs,, ert)

1.0 1
0.8 - T T i 1 N
5 0.6 - I I
T 0.4 - I I I
b -
0.2 1 E 1
0.0_'__________________________________;_____; _____ R ————— L

Lead time (d)

Figure 5. Pearson correlation coefficients (r) between GraphCast forecast errors and ERAS reanalysis errors. (a-c) Spatial
distribution of r for 1d, 5d and 9d lead times. (d) Comparison of r across lead times from 1d to 9 d. Filled and open circles indicate
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statistically significant (p<0.05) and nonsignificant correlations, respectively; inset values show the numbers of corresponding
catchments.

4.3 Responses of forecast errors to reanalysis errors

The time series of daily precipitation from GraphCast forecasts, ERAS reanalysis and Daymet observations for
catchment USA 14137000 are shown in Fig. 6. At the 1d lead time, GraphCast forecasts generally reproduce the temporal
variations observed in ERA5 and Daymet, capturing many precipitation peaks. Discrepancies become more pronounced for
events exceeding the 90th percentile threshold of 17.88 mm/d. Both GraphCast forecasts and ERAS reanalysis frequently
underestimate the magnitude of the extreme precipitation identified from Daymet observations. Specifically, the mean ERAS
reanalysis error is —5.32 mm/d for extreme precipitation, while the corresponding mean GraphCast errors are —6.62 mm/d
and —6.59 mm/d at lead times of 1d and 3d, respectively. As the lead time increases, the underestimation of extreme
precipitation by GraphCast forecasts becomes progressively larger. The mean forecast error decreases to —8.65, —11.73 and
—14.63 mm/d at 5d, 7d and 9d lead times, respectively. In addition to the increasing intensity errors, isolated GraphCast
precipitation peaks occur when only little precipitation is observed in Daymet. These results show that the deterioration of
GraphCast forecasts with increasing lead time reflects both increasing errors in precipitation magnitude and weakening

temporal correspondence in event occurrence.
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Figure 6. Time series of daily precipitation from GraphCast forecasts, ERAS reanalysis and Daymet observations for catchment
USA_14137000 at lead times of 1d, 3d, 5d, 7d and 9d. The Mean ef s, represents the mean forecast error for extreme precipitation

from 2020 to 2025 and the Mean er, represents the corresponding mean reanalysis error.

The responses of GraphCast forecast errors to ERAS reanalysis errors for catchment USA 14137000 are quantified

using the ANCOVA method, as shown in Fig. 7. Overall, the responses weaken as lead time increases, accompanied by

increasing negative bias associated with extreme precipitation. At the 1d lead time, the ANCOVA method explains 80% of

the variance in forecast errors, with the fitted values closely following the 1:1 line. The goodness-of-fit generally declines

with increasing lead time, with R? decreasing from 0.80 at 1d to 0.29 at 8d and 9d lead times. Under non-extreme

precipitation conditions, the response coefficient (f5;) remains positive and statistically significant (p<0.01) across lead times.

This coefficient generally decreases from 0.81 at 1d to 0.47 at 9d lead time, indicating that the responses of forecast errors to

14



https://doi.org/10.5194/egusphere-2026-5557
Preprint. Discussion started: 29 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

reanalysis errors weaken with increasing lead time. By contrast, the direct effect of extreme precipitation (y;) is negative and
statistically significant. Its magnitude decreases from —1.78 at 1d to —12.28 at 9d lead time, showing an increasingly negative
285 offset in forecast errors during extreme precipitation events. The interaction coefficient (6;) is generally positive, indicating

steeper response to reanalysis errors under extreme precipitation, although its statistical significance varies across lead times.
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Figure 7. Quantified responses of forecast errors to reanalysis errors for catchment USA_14137000 at lead times from 1d to 9d.
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4.4 Comparison across different lead times and catchments

The R? values of the ANCOV A method and response coefficients to reanalysis errors under non-extreme conditions

across lead times from 1d to 9d and 1426 catchments are shown in Fig. 8. Overall, both the proportion of variance explained

by the ANCOVA method and the estimated response coefficients decrease with increasing lead time. At the 1d lead time, R?

295 is relatively high across most catchments, with the median value of 0.74, indicating that the ANCOVA method explains a
substantial proportion of the variance in forecast errors. The median R? declines rapidly to 0.41 by the 5d lead time and then
changes slightly, reaching to 0.38 at 9d lead time. Under non-extreme precipitation conditions, the response coefficient (;)

is positive and statistically significant across all catchments at 1d and 5d lead times, indicating consistent positive responses

of forecast errors to reanalysis errors. The median coefficient decreases steadily from 0.70 at 1d lead time to 0.27 at 9d,

300 indicating that, under non-extreme conditions, a 1 mm/d increase in ERAS precipitation errors leads to a median increase of

0.70 mm/d and 0.27 mm/d in GraphCast precipitation errors across the 1426 catchments, respectively.
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Figure 8. Responses of precipitation forecast errors quantified by the ANCOVA method across 1426 catchments. (a-c) R? of the
ANCOVA method and (d-f) response coefficients to reanalysis errors under non-extreme conditions across lead times from 1d to
9d.

The effects of extreme precipitation on the responses of GraphCast forecast errors to ERAS reanalysis errors are
illustrated across lead times from 1d to 9d and 1426 catchments, as shown in Fig. 9. Overall, extreme precipitation modifies
both the magnitude of forecast errors and their responses to reanalysis errors. Under extreme precipitation, the response
coefficient (f; + 6;) remains predominantly positive but decreases with increasing lead time. Its median value decreases
from 0.76 to 0.45 when the lead time increases from 1d to 9d, indicating that a 1 mm/d increase in ERAS errors leads to
median increases of 0.76 mm/d and 0.45 mm/d in GraphCast errors, respectively. The increasing spread of ; + 6, across the
1426 catchments further indicates larger spatial heterogeneity with lead time. The median interaction coefficient (6,)
increases from 0.04 to 0.16, suggesting that extreme precipitation generally steepens the responses of forecast errors to
reanalysis errors relative to non-extreme conditions. This effect varies across catchments and is not always statistically
significant. The direct effect of extreme precipitation (y;), representing the offset in intercept relative to non-extreme
conditions, is negative. The median decreases from —1.75 mm/d at 1d lead time to —10.43 mm/d at 9d. For a given reanalysis
error, the increasingly negative offsets indicate that the underestimation of extreme precipitation by GraphCast is amplified

with lead time.
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Figure 9. Effects of extreme precipitation events on the responses of GraphCast forecast errors to ERAS reanalysis errors. (a-c)
Response coefficients, (d-f) interaction effects and (g-i) direct effects of extreme precipitation across different lead times.
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5 Discussion

Precipitation forecast errors generally increase and become more spatially heterogeneous with increasing lead time,
particularly for extreme events (Oh et al., 2026; Li and Zhao, 2026a; Zhang et al., 2026). This paper shows that the estimated
responses of GraphCast forecast errors to ERAS reanalysis errors weaken progressively with increasing lead time. These
responses are consistent with the fact that the general large-scale atmospheric relationships represented in ERAS are learned
by GraphCast (Gentile et al., 2026), together with systematic discrepancies relative to reference data (Jin et al., 2024; Gupta
et al., 2026). As the lead time increases, other sources of forecast errors, including accumulated atmospheric uncertainty,
displacement of precipitation systems and errors in event timing, become more important (Radford et al., 2025; Selz and
Craig, 2023). Their increasing contribution can reduce the proportion of GraphCast forecast errors explained by ERAS
reanalysis errors. Under extreme precipitation, the increasingly negative offsets persist in forecast errors after accounting for
reanalysis errors, indicating amplified underestimation by GraphCast with increasing lead time (Zhao et al., 2025; Oh et al.,
2026). Such additional underestimation is related to the limited representation of localized convective and orographic
processes, the scarcity of extreme precipitation events in the training dataset and the spatial smoothing inherent in Al
weather models (Bafio-Medina et al., 2025a; Liu et al., 2024; Gentile et al., 2026).

Reanalysis datasets are indispensable for training and evaluating Al weather models, yet errors inherent in these
datasets can complicate the attribution and interpretation of forecast errors (Abel et al., 2026; Mu et al., 2026; Rasp et al.,
2024). The ANCOVA method provides a computationally efficient method to separate the response of forecast errors to
reanalysis errors under non-extreme conditions, the intercept offset under extreme precipitation and the corresponding
change in the response coefficient. This decomposition enables to quantify how Al precipitation forecast errors respond to
reanalysis errors under different conditions. Compared with initial-condition perturbation experiments (Guo et al., 2026;
Bafio-Medina et al., 2025b; Biilte et al., 2026) and retraining Al models using alternative datasets (Mu et al., 2026; Sun et al.,
2025; Yuval et al., 2026), the ANCOVA method is more computationally efficient because it does not require repeated
forecast integrations or model retraining. Although the estimated coefficients of the ANCOVA method do not by themselves
establish strict causality (Gao et al., 2023; McEachran et al., 2021; Faucheux et al., 2022), they provide quantitative evidence
consistent with the inheritance and propagation of reanalysis errors into Al weather forecasts (Gentile et al., 2026). In

addition, the assumption of linear responses may not fully capture the behaviors (Gupta et al., 2015; Gao et al., 2023).

6 Conclusions

This paper has quantified the responses of precipitation errors in Al weather forecasts to errors in climate reanalysis
using the ANCOV A method. Specifically, extreme precipitation events are first identified using percentile thresholds derived
from historical observations over the training period of the specific Al weather model; forecast and reanalysis errors are then

calculated against the observations during the evaluation period; and the ANCOVA method is fitted to quantify the
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responses of forecast errors to reanalysis errors under non-extreme and extreme precipitation conditions. For GraphCast
precipitation forecasts and ERAS reanalysis, a case study is devised using Daymet dataset across 1426 catchments from the
CAMELS-SPAT dataset. The results show that GraphCast forecasts increasingly underestimate extreme precipitation with
lead time and the median of the bias decreases from —3.96 mm/d at 1d lead time to —10.75 mm/d at 9d. The responses of
GraphCast errors to ERAS errors weaken with lead time and the median response coefficients under non-extreme conditions
decrease from 0.70 at 1d lead time to 0.27 at 9d. When the lead time is 1d, the median coefficient of 0.70 indicates that a 1
mm/d increase in ERAS precipitation errors leads to a median increase of 0.70 mm/d in GraphCast precipitation errors across
the 1426 catchments. Under extreme precipitation, GraphCast forecasts exhibit additional underestimation after accounting
for reanalysis errors, with the median offset decreasing from —1.75 mm/d at 1d lead time to —10.43 mm/d at 9d. Overall, the
ANCOVA method contributes to understandings of factors governing Al precipitation forecast errors, highlighting the need

to consider inherent uncertainties in climate reanalysis when training and evaluating Al weather models.

Code and data availability

The code and scripts used in this paper are archived in Zenodo under https://doi.org/10.5281/zenodo.22699488 (Li
and Zhao, 2026b). This archive contains the configuration files and scripts used to prepare the GraphCast forecasts,
aggregate precipitation to the catchment scale, identify extreme precipitation, calculate forecast and reanalysis errors, fit the
ANCOVA method and reproduce all figures. These files are licensed under the Creative Commons Attribution 4.0
International (CC BY 4.0). This archive also contains a frozen copy of the exact GraphCast version used in this study,
including its source code, model weights and normalization statistics. The original GraphCast code is available from the

project website https://github.com/google-deepmind/weathernext under the Apache License, Version 2.0 (Apache 2.0). The

model weights and normalization statistics are licensed under the CC BY 4.0.
The GraphCast precipitation forecasts, ERAS reanalysis, Daymet observations and catchments shapefiles used in

this paper are archived in Zenodo under https://doi.org/10.5281/zenodo.22686404 (Li and Zhao, 2026¢). The GraphCast

forecasts generated by running the model autoregressively are licensed under the CC BY 4.0. The ERAS5 dataset is under the

Copernicus data licence (https://climate.copernicus.eu/sites/default/files/2025-04/licence-to-use-copernicus-products.pdf, last

access: 10 September 2026). The Daymet V4 R1 dataset is openly shared, without restriction, in accordance with the NASA
Earth Science Data and Information System (ESDIS) Project Data Use Policy (https://www.earthdata.nasa.gov/learn/use-
data/data-use-policy, last access: 10 September 2026). The shapefiles of the 1426 catchments in the CAMELS-SPAT are in

the U.S. Public Domain (https://www.usgs.gov/information-policies-and-instructions/copyrights-and-credits, last access: 10

September 2026) and available under the Open Government License—Canada (https://open.canada.ca/en/open-government-

licence-canada, last access: 10 September 2026).
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